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INFLUENCE OF METEOROLOGICAL PARAMETERS ON PM,.;
AND ASSOCIATED AIR POLLUTION EPISODES
IN KARAGANDA, CENTRAL KAZAKHSTAN (2017-2024)

Karaganda, one of the most heavily polluted industrial cities worldwide, experiences severe air
quality challenges due to emissions from coal mining, metallurgical industry and coal-fired power plants.
This study investigates the influence of meteorological parameters on PMz2.s concentrations and
associated air pollution episodes in Karaganda, Central Kazakhstan, using a monthly dataset spanning
2017-2024. The meteorological parameters including temperature (°C), relative humidity (%),
atmospheric pressure (hPa), wind speed (m/s) and pollutant concentrations including suspended
particulate matter (dust, mg/m3), PMz2.s (mg/m?), PM1o (mg/m?3), sulfur dioxide (SO2, mg/m3), carbon
monoxide (CO, mg/m?3), nitrogen dioxide (NO2, mg/m3), ozone (O3, mg/m?), ammonia (NH3, mg/m?3),
and formaldehyde (HCHO, mg/m®) were analyzed to explore meteorology-driven variability in air
pollution. Time series analyses and correlation assessments were conducted, and three complementary
regression approaches, Multiple Linear Regression (MLR), Random Forest Regression, and Gradient
Boosting via LightGBM were applied to robustly characterize the relationships between meteorological
conditions and PMz.s levels. Results indicate persistently high pollution levels, with exceedances of
daily average concentrations observed for PMz2.s, PM1o, dust, phenol, formaldehyde, and ozone, with
PMa2.s showing the most pronounced exceedances. Air pollution episodes were particularly severe
during the cold season, driven by emissions from thermal power plants and residential heating. Multi-
year trends revealed increasing occurrences of high-concentration events, primarily due to PM2.s, PM1o,
SOz, and CO, highlighting the significant contribution of industrial and energy-related emissions to the
urban atmosphere. Meteorological conditions, particularly calm or low-wind periods (0-3 m/s), further
exacerbated pollutant accumulation during episode periods, with 106 such days recorded in 2024 alone.
These findings underscore the critical role of both emission sources and weather conditions in shaping
air quality in Karaganda and provide a basis for targeted mitigation strategies.

Keywords: Karaganda, PM2.s, meteorological parameters, air pollution episodes.
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Kaparanapl, OpTtaabik, KasakcraHaafbl PM2.5 KOHUeHTpauusacbiHa
)KoHe OHbIMEeH 6alAAHbICTbI ayaHblH, AACTaHY 3MU30ATapbiHa
METEOPOAOTUSIAbIK, MapaMeTpPAepAiH acepi (2017-2024)

OAEMAETi eH, AaCTaHFaH eHepKaCINTiK KararapAbiH 6ipi KaparaHabl kemip eHepkacibiHeH, 6oAaT

OHAIPICIHEH >K8He KOMIPMEH >KYMbIC iCTEMTIH SAeKTP CTaHLUMSAApPblHAH LUbIFATbIH 3USHABI 3aTTapFra
6aiAQHbICTbI aya CarnacbiHbIH, KYPAEAI MaceAeAepiHe Tan GoAbIN oTbip. bya 3epTTeyae 2017 xbiaaaH
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2024 XblAFa AEMIHTI arAbIK, AepekTepAai narmaasaHa otblpbin, OpTanblk, KasakcrtaHaarbl KaparaHAbl
KaAacblHAaFbl PM25 KOHUEHTpaUMSCbiHA XKaHe OHbIMEH GalMAaHbICTbI ayaHblH AaCTaHy 3MM30ATapbiHa
METEOPOAOTUSIAIK, MapamMeTPAEPAIH acepi 3epTTeaeai. MeTeopOAOTMSAbIK >KaFAaAapFa GaiAaHbICTbI
ayaHblH AACTaHYbIHbIH ©3reprilwTirii 3epTrey yuwiH Temnepatypa (°C), CaAbICTbIPMAAbI bIAFAAABIABIK,
(%), atmocdepanbik, KbicbiM (hPa), >keA >XbiIAAaMAbIFbI (M/C) >KoHe acrnaabl 6eAwexkTep (waH, Mr/m?),
PM2.0 (Mr/m3), PM1o (Mr/m3), kykipT amokcuai (SO2, mr/m®), kemipteri ToTbirbl (CO, Mr/m3), asor
amokenai (NOz2, Mr/m?), o3oH (O3, mr/m?), ammmak (NH3s, mr/m3) skeHe dpopmasbaermna (HCHO, mr/m3)
CUSKTbI AacTayllbl 3aTTapAblH KOHUEHTPALMIChI CUSKTbl METEOPOAOTUSIAbIK, MAapaMeTpAEpP TAaAAAHADI.
YaKkpbIT KaTapAapbiH TaAAQy >KOHE KOPPEAIUMSAbIK, 6araray >KYPri3iAAi, COHAAM-aK, Yl TOAbIKTbIPYLUbI
perpeccmst TaCiAi KOAAAHBIAABI: KOMTiK CbI3bIKTbIK, perpeccus (MLR), ke3aencok, opMaH perpeccmsichbl
>KOHE METEOPOAOIMSABIK, >KaFAanAap MeH PM2.5 AeHremaepi apacbiHAaFbl 6aNAaHbICTbI CEHIMAI TYpAe
cunarTay ywiH LightGBM kemerimeH rpaameHTTi KyweinTty. HaTtuxkeaep PMa2.s, PM1o, waH, deHoa,
opMarbaernA >KOHE O30HHbIH TOYAIKTIK OpTalla KOHLEHTpauMsCbiHAaH acbil TYCETIH AaCTaHy
AEHTeMiHiH, TypakTbl XKOFapbl €KeHiH KOpCeTeAl, eH ankbIH acbin KeTyAep PM2a.s ywiH 6ankasaspl.
AyaHbIH, AACTaHy 3MU30ATapbl 8Cipece CyblK, ME3MAAE XKbIAY IAEKTP CTaHUMSIAAPbl MEH TYPFbIH Y
>KbIABITY >KYMEAepiHeH WibiFaTbiH LibiFapblHAbIAAPFa OaAaHbICTbI GOAABI. ¥3aK Mep3iMAi ypaicTep
HerisiHeH PM2.0, PM1o, SO2 xaHe CO caapapblHaH >XOFapbl KOHUEHTPALMSIAbl OKMFAAAP CaHbIHbIH
apTyblH KepceTTi, 6yA Kara aTMocdepacbiHa OHEPKACIMTIK XKOHE SHEPreTUKAADIK, WbIFapbIHAbIAAPAbIH
aNTapAbIKTah YAECIH KepceTeai. MeTeopOAOrUsAbIK, >KaFAarAap, acipece TbIHbIW HEMECE BACI3 XKeA
keseHAepi (0-3 M/C), MyHAQM OKMFaAap Ke3iHAE AacTayllbl 3aTTapAbIH XXMHAAYbIH OAQH 8Pi KYLLEATTI,
Tek 2024 XbiAbl ocblHAaM 106 kyH Tipkeaai. bya aepektep KaparaHablAafbl aya canacbiH
KAAbINTACTbIPYAQFbl LUbIFapbIHABIAAD KO3AEPIHIH A€, aya parbl XKarAaMAapblHbIH, AQ MaHbI3Abl POAIH
KOPCETEAI )XOHE MaKCaTTbl a3alTy CTpaTermMsAapblHbIH, HETi3iH KaAalAbl.

Tyiin ce3aep: KaparaHAbl, PMa2.5, MeTEOpPOAOIrMsIAbIK —MapaMeTpAep, ayaHblH, —AacTaHy
3MMU30ATapbI.

I.I. OpmaHoBa' ", A.A. PaxumbepamntaZ, A.A. Aaekcees?,
K. Kacceim!, A. LLax*, H. Hypaxn' 4>

Yy «HaumoHaAbHas AabGopatopus Actanbl» (HAA), ActaHa, KasaxcraH
2LLIkoAa MCKYCCTBEHHOTO MHTEAAEKTA M HAyKM O AaHHbIX, Astana IT University, ActaHa, KasaxcraH
3SHAO «HaumoHaAbHbIN LIEHTP TMIMEHbl TpyAa M NpodeccnoHaAbHbIx 3ab6oaeBaHminy, KaparaHaa, KasaxcraH
“Kacbeapa XMMMUECKON 1 MaTEPUAAOBEAUECKOM MHXKEHEPUH,
LLIkoAa nH>KeHepHbIX 1 LuncpoBbix Hayk, Hazap6aes YHusepcuTeT, ActaHa, KasaxcraH
STEQNOVATE TOO, ActaHa, KasaxcraH
*e-mail: gulden.ormanova@nu.edu.kz

BAusiHne meteopoAornyeckmx napameTpoB Ha KOHUeHTpauun PMa.s
1 CBSI3aHHbIE 3MU30AbI 3arpsi3HEHUSI aTMOCChepHOro Bo3Ayxa
B r. Kaparanaa, LleHTpaabHbiii Kazaxcran (2017-2024 rr.)

KaparaHaa, OAMH M3 caMbIX 3arpsi3HEHHbIX MPOMbIWAEHHbIX FOPOAOB MMPA, CTAAKMBAETCS C
cepbesHbiMM npobAeMaMu KauecTBa BO3Ayxa M3-3a BbIBPOCOB OT YrOAbHOM MPOMbILLAEHHOCTH,
METAAAYPrMyeckoro npom3BOACTBA M YTOAbHbBIX SIAEKTPOCTaHUMA. B AQaHHOM MCCAeAOBaHMM M3yYaeTcs
BAMSHME METEOPOAOrMYECKMX MapaMeTpoB Ha KOHLUeHTpaumio PMa2.5 1 cBY3aHHble C 3TUM 3MU30AbI
3arpa3HeHus Bo3ayxa B KaparaHae, LleHTpaabHbi KasaxcTaH, C MCMOAb30BaHMEM eXeMeCauHbIX
AaHHbIX 3a nepuop 2017-2024 ropoB. AAS M3YyYEHUS M3MEHUMBOCTM 3arpsi3HEHMS BO3AYXaQ,
006YCAOBAEHHOW METEOPOAOrMYECKMMM YCAOBUSIMM, ObIAM MPOAHAAM3MPOBAHbI METEOPOAOTMUECKUE
napameTpbl, BKAloyasi Temriepatypy (°C), OTHOCUTEAbHYIO BAQXXHOCTb (%), atMocdepHoe AaBAeHue
(rf1a), ckopocTb BeTpa (M/C) M KOHUEHTpauMM 3arpsA3HSIOLMX BELLECTB, B TOM UMCAE B3BELUEHHbIX
yactumy, (NblAb, Mr/m3), PM2.s (Mr/m3), PM1o (Mr/m3), anokcunaa cepbl (SO2, Mr/m®), MOHOOKCHAQ YTAEPOAQ
(CO, mr/m?), amokcmnaa asota (NO2, mr/m?), o3oHa (O3, Mr/m?), ammmaka (NH3, Mr/m?) 1 hopmanbaermaa
(HCHO, mr/m3). Bbian NpoBeAeHbl aHAaAU3 BPEMEHHbIX PSAOB UM KOPPEASLIMOHHbBIE OLEHKM, a TakxKe
NpYMeHeHbl TPU B3aUMOAOMOAHSIOWMX PErpecCUOHHbIX MOAXOAQ: MHOXKECTBEHHAs AMHerHas
perpeccust (MLR), perpeccusi CAy4aHOro Aeca v rpaAMEeHTHbI GYCTUHE € ucrnoab3oBaHuem LightGBM
AAS HQAE>KHOM XapaKTepUCTUKM B3aUMOCBSI3eM MeXAY METEOPOAOTMYECKMMM YCAOBUSIMU W YPOBHAMM
PM2.5. Pe3yAbTaTbl yKa3blBalOT Ha MOCTOSIHHO BbICOKMIA YPOBEHb 3arpsi3HeHWs, C MNpeBblLEHNEM
CPeAHECYTOUHbIX KOHLEeHTpauui PM2.s, PM1o, nbiav, deHoAa, popManbaermaa M 030HA, MpUYEM
HanboAee BbiPa>keHHbIE MPEBbILLEHUs HAOAIOAAAUCH AAS PM2.5. Dnn3oabl 3arpsi3HeHUs BO3Ayxa OblAn
OCOGEHHO CUABbHbIMM B XOAOAHOE BpEMSl T0OAQ, YTO OblAO BbI3BAHO BblOpOCaMM  TEMAOBbIX
SAEKTPOCTAHLMI N CUCTEM OTOMAEHNS XKMABIX AOMOB. MHOFOAETHNE TEHAEHLMN BbISIBUAN YBEAUYEHWNE
UMCAQ CAy4YaeB BbICOKMX KOHLEHTpaumii, B OCHOBHOM u3-3a PMa2.s5, PMio, SO2 n CO, uTt0
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MOAYEPKMBAET 3HAUUTEAbHbIA BKAQA MPOMBIWAEHHbIX U DHEPreTUUEeCKMX BbIOPOCOB B FOPOACKYIO
atMocdepy. MeTeopoAornyeckme yCAOBMs, 0COOEHHO MEPUOADI LITUASI MAM cAaboro BeTpa (0-3 m/c),
ele 60AbLIE YCYryOASIAM HAaKOMAEHUE 3arps3HSIOWMX BELECTB B MEPUOAbl TakMX SBAEHWI, MpUUem
TOAbKO B 2024 roay 6biA0 3adpmkcmpoBaHo 106 Takmx AHER. DTU AaHHbIE MOAYEPKMBAIOT PeLLatoLLyto
POAb Kak MCTOYHMKOB BbIOPOCOB, TakK M MOFOAHbBIX YCAOBMI B (DOPMMPOBAHMM KauyecTBa BO3Ayxa B
KaparaHae 1 cAy>aTt OCHOBOWM AAS LIeA€HANPaBAEHHbIX CTPATErMiA MO CMIrYeHUIO MOCAEACTBUI.
KaroueBble caoBa: KaparaHaa, PM2.s, meTeopoAormyeckme napameTpbl, 3MM30Abl 3arpsi3HEHUS

BO3AyXa.

Introduction

Kazakhstan is among the world’s top ten
countries in terms of proven coal reserves, most of
which are located in Central Kazakhstan. The
Karaganda coal basin represents one of the
country’s largest and most strategically important
coal-bearing regions (Kopobayeva et al., 2024;
Kopobayeva et al., 2024; Safaei-Farouji et al.,
2025). Major metallurgical companies in the region
play a significant role in industrial activity and are
key sources of atmospheric pollutant emissions due
to their large-scale production processes. As a result,
the region hosts extensive coal mining, processing,
and coal-fired power generation activities, which
significantly contribute to atmospheric emissions
and make it one of the most polluted industrial areas
in the country (Safaei-Farouji et al.,, 2025; U.S.
Environmental  Protection = Agency, 2013;
Junussov& Mustapayeva, 2024). In particular, these
activities are major sources of primary PM,.5 and
gaseous precursors such as SO, and NOx, which
promote secondary aerosol formation, leading to
elevated fine particulate matter concentrations,
frequent air pollution episodes, and contributing to
global warming (Asif et al., 2025).

In Karaganda, urban air quality is influenced not
only by pollutant emissions but also by
meteorological and climatic factors. Periods of calm
weather, characterized by low wind speeds, promote
the accumulation of pollutants, leading to the
formation of air pollution episodes. Temperature,
wind, and precipitation directly affect pollutant
dispersion and removal, while broader climate
patterns such as shifts in prevailing winds, reduced
overall wind activity, and increased frequency of
calm periods can further contribute to the buildup of
suspended particles in the urban atmosphere.

PM,.5 originates from both primary sources—
direct emissions like coal combustion, industrial
processes, and vehicle exhaust-and secondary
formation, which occurs in the atmosphere through
chemical reactions involving gaseous precursors

such as SO,, NOx, and Volatile Organic Compounds
(VOCs) (Jiang et al.,, 2025; Hsu et al.,, 2025;
Ormanova et al.,, 2025). Many studies have
investigated the influence of meteorological
parameters on PM,.5 concentrations and associated
air pollution episodes (Martinez-Soto et al., 2025;
Wei & Sobrino, 2025; Rakhimberdina et al., 2025).
For example, analyses of meteorological factors
such as wind speed, temperature, humidity, and
atmospheric pressure have been used to quantify
their correlations with PM,.5 levels in urban
environments, demonstrating how  weather
conditions modulate pollutant accumulation and
dispersion (Wabinyai et al., 2026; Wang et al.,
2025). Research across China has shown that
temperature, humidity, and wind exert strong
influences on PM,.5 variability, with significant
spatial and seasonal heterogeneity (Gao et al., 2023;
Chen et al., 2020). In addition, studies focusing on
high pollution episodes in regional basins have
identified key meteorological factors such as
atmospheric boundary layer height, temperature
inversions, and wind patterns that contribute to the
onset and persistence of PM,.5 pollution episodes
(Shi et al.,, 2020; Zhang et al., 2020). PM,.5
pollution episodes are defined as multi-day events
during which fine particulate matter concentrations
substantially exceed daily air quality standards,
frequently associated with enhanced emissions,
secondary particle formation, and unfavorable
dispersion conditions (Wang et al., 2018).

However, before this study, there has been a
significant knowledge gap in understanding the
influence of meteorological parameters on PM,.5
concentrations and associated air pollution episodes
in Karaganda region. Addressing this gap is
essential for characterizing the city's air quality
dynamics and for providing a scientific basis for the
development of targeted mitigation strategies.

This study aims to quantitatively assess the
influence of meteorological parameters on PM,.5
concentrations and associated air pollution episodes
in Karaganda from 2017 to 2024.
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Materials and methods

Study area. Karaganda, located in Central
Kazakhstan, originated in 1857 with the
establishment of the Ivanovsky coal mine, marking
the beginning of the city’s development around coal
mining. The region hosts large industrial enterprises
involved in coal mining, machinery manufacturing,
metal processing, and the food industry. Currently,
Karaganda experiences some of the most severe
environmental conditions in the region. According
to data from the Department of Ecology of the
Karaganda Region, in 2024 there are 332 enterprises
in the region that emit pollutants into the
environment. The total annual emissions from
stationary sources amount to 585,000 tons. The
major sources of air pollution include motor
vehicles, solid waste landfills, combined heat and
power plants (CHPs), a foundry and mechanical
plant, railway enterprises, and motor transport
companies. The main sources of pollution include
the enterprises “Kazakhmys” Corporation LLC,
“ArcelorMittal Temirtau” JSC, and “TEMK”
(KhMZ) JSC which are among the major mining and
metallurgical enterprises operating in the area as
well as road transport, municipal solid waste
landfills, the combined heat and power plant, the
foundry and mechanical plant, railway transport
facilities, and other wvehicle-related enterprises
(Environmental Status Bulletin of the Karaganda
Region, 2017-2024).

The residential sector also contributes
significantly to urban air pollution, particularly in
areas affected by emissions from household stoves
and small boilers. The highest contributions are
observed in the (districts of Maikuduk,
Prishakhtinsk, and Kirzavod-1 and -2, where low
chimney heights in private households limit
pollutant dispersion. In contrast, industrial facilities,
schools, hospitals, and combined heat and power
(CHP) plants are equipped with taller stacks,
allowing pollutants to disperse at higher altitudes.
Another concern is the lack of control over fuel
quality; many residents use low-grade coal that does
not meet certified standards, and some rely on
‘Nedelka’ stoves, which are believed to emit more
soot than conventional household stoves.

The climate in Karaganda is sharply continental,
characterized by harsh winters, hot summers, and
relatively low annual precipitation, with snowstorms
and blizzards common during winter.
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Data collection and assessment. In this study,
monthly meteorological and air quality data for
Karaganda for the period 2017-2024 were obtained
from RSE “Kazhydromet” (Republican State
Enterprise ~ “Kazakhstan =~ Hydrometeorological
Service”) https://www.kazhydromet.kz/en/. The
meteorological parameters included temperature
(°C), relative humidity (%), atmospheric pressure
(hPa), and wind speed (m/s). Air quality
measurements comprised suspended particulate
matter (dust, mg/m?®), PM,.5 (mg/m?®), PM,
(mg/m?), sulfur dioxide (SO,, mg/m?®), carbon
monoxide (CO, mg/m?), nitrogen dioxide (NOg,
mg/m?®), ozone (Os, mg/m®), ammonia (NHjs,
mg/m?®), and formaldehyde (HCHO, mg/m?). Air
quality monitoring in Karaganda is conducted at 7
observation stations, including 4 manual sampling
posts and 3 automatic monitoring stations [19]. The
dataset provided monthly observations over this
eight-year period, which were used to assess
temporal trends, seasonal variations, and
relationships between meteorological conditions
and pollutant concentrations. These data allowed for
a comprehensive analysis of air pollution patterns in
Karaganda and the identification of factors
influencing atmospheric quality in both industrial
and residential areas.

Modelling framework. Prior to modelling, the
dataset underwent systematic preprocessing to
ensure numerical consistency and temporal
coherence. Numeric formatting was standardized by
converting decimal commas into decimal points,
followed by type casting of all predictor variables to
continuous numeric form. A unified temporal index
was reconstructed by combining month and year
fields into a single datetime variable, enabling
chronological ordering and time-series operations.
To capture cyclical seasonal behavior, temporal

features were encoded using trigonometric
transformations:
th . (an)
monthg;, = sin|———),
sin 12
2
month,,s = cos (%) (1)
This representation preserves continuity

between calendar boundaries and avoids artificial
discontinuities inherent in categorical encoding.
Because particulate matter exhibits temporal
persistence,  autoregressive  predictors  were
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introduced to account for carryover effects,
including a one-month lag of PM,.5 to capture short-
term memory and a twelve-month lag to represent
seasonal recurrence patterns. Observations with
undefined lag values were excluded to maintain
modelling integrity.

To robustly characterize relationships between
meteorological ~ conditions and  particulate
concentrations, three complementary regression
approaches were implemented. The selection
reflects a balance between interpretability, nonlinear
modelling capacity, and predictive performance.
The modelling task was formulated as a supervised
regression problem where PM,.5 concentration
(mg/m®) serves as the response variable.
Meteorological predictors were selected based on
established atmospheric transport and dispersion
theory and include air temperature (°C), relative
humidity (%), atmospheric pressure (hPa), wind
speed (m/s). These variables represent key
mechanisms governing pollutant accumulation,
vertical mixing, hygroscopic growth of aerosols, and
horizontal transport.

Multiple Linear Regression. A standardized
multiple linear regression model was adopted as a
transparent baseline. After feature scaling, the
model estimates relationships of the form:

PM; 5 = B, + Zil(ﬂiXi +¢) ()

where:

PM,s — observed concentration of fine
particulate matter (mg/m?) at a given time step;

Bo — intercept term, representing the baseline
PM,.5 concentration when all predictors are equal to
Zero;

?=1 — summation operator indicating that the
model aggregates contributions from all predictors,
where ppp denotes the total number of independent
variables;

B; — regression coefficient associated with the
iii-th predictor, quantifying the magnitude and
direction of its influence on PM,.5 concentration;

X; — the i-th predictor variable (e.g.,
temperature, relative humidity, atmospheric
pressure, wind speed);

p — total number of predictors included in the
model;

€ — stochastic error term capturing unexplained
variability, measurement noise, and the influence of
omitted factors.

This approach enables direct interpretation of
coefficient magnitudes and directional influence of
predictors. Although limited in capturing nonlinear
interactions, it provides an essential reference for
assessing added value of more complex algorithms.

Random Forest Regression. A Random Forest
ensemble was employed to model nonlinear
relationships and feature interactions without
imposing parametric assumptions. This method
constructs multiple decision trees via bootstrap
resampling of observations, randomised feature
selection, and ensemble averaging. Such an
architecture effectively captures threshold behavior
and multivariate dependencies commonly observed
in atmospheric systems.

2 _ 1 _ Zim0i-9)?
R*=1 Z?:l(Yi—y)z (3)

where:

y; — observed PM,.5 concentration;

¥, — predicted concentration;

y — mean of the observed concentration;

n — number of observations.

Gradient Boosting via LightGBM. To achieve
high predictive accuracy, a gradient boosting model
based on LightGBM was implemented. This algo-
rithm iteratively minimizes residual error by seque-
ntially fitting weak learners to gradient updates:

Fry1(x) = Fe(x) + yehe(x) 4)

where:

F;(x) — the current ensemble prediction function
at iteration ttt; it represents the aggregated output of
all previously constructed weak learners;

F;41(x) — the updated ensemble function after
incorporating the new weak learner at iteration
tH1tH1t+1;

x — the vector of input features (meteorological
variables, seasonal encodings, and lagged PM,.5
values);

h:(x) — the weak learner fitted at iteration ttt,
typically a decision tree trained to approximate the
negative gradient of the loss function (i.e., the
residuals);

Y — the learning rate (or step size) applied to the
weak learner, controlling the magnitude of its
contribution to the ensemble model.

LightGBM’s histogram-based optimization and
leaf-wise growth strategy provide computational
efficiency and enhanced modelling capacity for
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structured environmental datasets. Within the
modelling hierarchy, this approach functions as the
primary performance-oriented learner.

Forecasting methodology. Model assessment
followed a temporally consistent validation protocol
to reflect real-world forecasting deployment. Data
were split along the time axis, reserving the final
twelve months for testing. This approach prevents
information leakage and evaluates model
generalization under forward-prediction conditions.
To further assess robustness, expanding-window
cross-validation was applied using TimeSeriesSplit.
In each fold, the training horizon grows while
validation advances chronologically, providing
stability estimates across temporal regimes.

Model accuracy and explanatory strength were
evaluated using complementary measures, including
Root Mean Square Error (RMSE), which
emphasizes large deviations; Mean Absolute Error
(MAE), which measures the average magnitude of
error; the coefficient of determination (R?), which
captures explained variance; and Mean Absolute
Percentage Error (MAPE). Together, these metrics
quantify predictive precision, stability, and
descriptive adequacy.

Future PM,.5 concentrations for 2025-2026
were estimated using recursive multi-step
prediction. Since meteorological observations for
future periods are unavailable, a climatological
scenario was adopted whereby monthly mean
meteorological values derived from historical
records were assigned to corresponding forecast
months. This procedure approximates expected
seasonal atmospheric conditions without reliance on
external climate projections. Lagged pollutant
features were updated iteratively using model-
generated  predictions,  allowing  dynamic
propagation of temporal dependencies throughout
the forecast horizon.

Uncertainty quantification. To account for
predictive uncertainty, interval estimates were
constructed using the cross-validated RMSE of the
best-performing model. Assuming approximate
normality of residuals, bounds were computed as:
¥y, + 1.96 * RMSE. While ensemble models do not
inherently produce probabilistic outputs, this
pragmatic approximation provides interpretable
confidence envelopes suitable for applied
environmental forecasting contexts. Interpretation
of model behavior was conducted through
complementary analyses. Feature importance
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rankings derived from ensemble methods identify
dominant meteorological drivers, while
standardized linear coefficients reveal directional
relationships between predictors and pollutant
levels. Together these perspectives enhance
transparency and support environmental inference
beyond predictive accuracy alone.

Results and discussion

Between 2017 and 2024, pollution levels in
Karaganda have remained consistently high. The
descriptive  statistics indicate clear seasonal
variability in both meteorological parameters and air
pollutant concentrations across the sampling period
(Table-1). The mean air temperature was
4.44 + 12.33 °C, ranging from —18.1 to 23.9 °C,
reflecting strong seasonal contrast between winter
and summer months. Lower temperatures were
observed during the winter months (approximately
December—February), accompanied by higher
relative humidity (63.54 = 11.41%, range: 41-82%)
and reduced atmospheric mixing conditions. The
mean wind speed was 2.68 = 0.41 m/s (1.9-4.2 m/s),
and the mean atmospheric pressure was
954.12 + 5.53 hPa (942.4-966.0 hPa), indicating
relatively stable synoptic conditions during certain
periods (Figure 1). These meteorological factors
favor pollutant accumulation near the surface due to
temperature inversions, a shallow planetary
boundary layer, and limited dispersion.

Elevated concentrations of particulate matter
and combustion-related pollutants were primarily
associated with the cold season. The mean
concentration of PM,.5 was 0.136 = 0.136 mg/m?
(0.000-1.200 mg/m?®), while PM,, averaged
0.132 £ 0.107 mg/m* (0.000-0.790 mg/m?).
Suspended particulate matter (dust) showed a mean
of 0.125 £ 0.063 mg/m* (0.010-0.330 mg/m?). The
relatively high maximum values suggest episodic
pollution events, most likely occurring during
winter. Combustion-related gaseous pollutants also
showed substantial variability: CO averaged
1.25 £ 0.60 mg/m* (0.03-4.00 mg/m?®), SO,
averaged 0.024 = 0.006 mg/m* (0.010-0.046
mg/m?®), and NO, averaged 0.041 £ 0.019 mg/m?3
(0.014-0.150 mg/m3). These elevated
concentrations during colder months are consistent
with increased coal-based heating, thermal power
generation, and residential solid fuel combustion,
combined with unfavorable dispersion conditions.
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Table 1
Descriptive statistics for parameters (N=96)

Variable Mean Std Min 25% Median 75% Max
Date 6.702 3.47 1.202 3.952 6.702 9.452 12.202
Temperature (°C) 4.441 12.331 -18.1 -7.125 6.05 16.95 23.9
Relative Humidity (%) 63.542  11.407 41.0 54.0 64.5 73.0 82.0
Atmospheric Pressure (hPa) 954.119  5.533 942.4  950.575 954.9 958.325 966.0
Wind Speed (m/s) 2.683 0.412 1.9 2.4 2.6 2.9 4.2
Suspended particulate matter (dust), mg/m? 0.125 0.063 0.01 0.087 0.122 0.153 0.33
PM,.5, mg/m? 0.136 0.136 0.0 0.05 0.12 0.187 1.2
PM; ¢, mg/m? 0.132 0.107 0.0 0.048 0.12 0.18 0.79
Sulfur dioxide (SO2), mg/m? 0.024 0.006 0.01 0.02 0.021 0.027 0.046
Carbon monoxide (CO), mg/m? 1.249 0.602 0.03 0.915 1.155 1.411 4.0
Nitrogen dioxide (NO3), mg/m? 0.041 0.019 0.014 0.03 0.038 0.042 0.15
Ozone (O3), mg/m? 0.035 0.068 0.0 0.018 0.03 0.041 0.68
Ammonia (NH3), mg/m? 0.009 0.008 0.0 0.005 0.01 0.01 0.057
Formaldehyde (HCHO), mg/m* 0.013 0.01 0.0 0.01 0.01 0.013 0.1

In contrast, warmer months (approximately
May—September) were characterized by higher
temperatures and improved atmospheric mixing,
resulting in generally lower concentrations of
primary combustion pollutants such as PM,.s,
PM;,, CO, and SO,. However, O3 exhibited a mean
concentration of 0.035 = 0.068 mg/m? (0.000-0.680
mg/m?), with higher levels expected during warmer
periods due to enhanced photochemical activity
driven by stronger solar radiation and elevated
temperatures. Photochemical reactions involving
NOx and VOCs promote secondary ozone formation
under these conditions. Additional reactive
pollutants included NH; with a mean of 0.009 +
0.008 mg/m* (0.000-0.057 mg/m?*) and HCHO at
0.013 £ 0.010 mg/m? (0.000-0.100 mg/m?), which
may contribute to secondary aerosol and
photochemical processes.

Figures 1 and 2 present a time series analysis of
meteorological parameters alongside pollutant con-
centrations, providing a comprehensive understand-
ding of temporal variations in air quality in
Karaganda.

The correlation matrix reveals structured
relationships between meteorological conditions
and pollutant concentrations, indicating that

atmospheric variability plays a measurable role in
shaping air quality patterns (Figure-3).

Temperature  shows moderate negative
correlations with particulate matter fractions (PM,.5
and PM;,) and several gaseous pollutants,
suggesting that lower temperature regimes are
associated with increased pollutant accumulation.
This behavior is consistent with reduced
atmospheric mixing and more stable boundary layer
conditions that limit dispersion.

Relative  humidity demonstrates moderate
positive correlations with particulate matter
(r = 0.29-0.33) and several gaseous species, while
showing inverse association with temperature.
These relationships may reflect the contribution of
moisture-driven processes such as hygroscopic
particle growth or secondary aerosol formation,
which can influence measured concentrations under
humid conditions.

Atmospheric pressure exhibits one of the more
consistent associations across pollutant groups, with
positive correlations observed for PM,.5 (r = 0.41),
PMjg (r= 0.45), SO, (r = 0.48), and CO (r = 0.46).
Such patterns suggest that stable pressure systems
may favor pollutant retention by limiting vertical air
exchange, thereby increasing concentration
persistence near the surface.
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Figure 1
Time series of meteorological parameters
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Figure 2
Time series of pollutant concentrations (PM3.5, PM 1, SO5, NOx, and CO)
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Figure 3
The Pearson correlation of all parameters
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Wind speed generally shows weak to moderate
negative relationships with several pollutants,
particularly SO, and CO, supporting its role as a
dispersion mechanism. However, the overall
magnitude of these correlations remains limited,
indicating that wind-driven transport effects may be
episodic or nonlinear rather than strongly reflected
through simple linear dependence.

Collectively, these findings confirm that
meteorological variables are not merely background
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descriptors but active drivers influencing pollutant
variability. Their inclusion in predictive modeling
frameworks is therefore justified, as they capture
environmental dynamics directly linked to pollutant
transport, transformation, and accumulation
processes.

Model Performance Evaluation (MAE). The
predictive performance of the evaluated models was
assessed using walk-forward cross-validation, with
the results summarized in Table 2.
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Table 2

Predictive performance comparison of regression models evaluated using walk-forward cross-validation

Model RMSE (mean =+ std) MAE (mean = std) R? (mean = std) MAPE % (mean = std)
Random Forest 0.107 +£0.116 0.062 +0.041 0.185+0.468 110.94 + 132.15
LightGBM 0.132+0.109 0.087 +0.035 —0.563 +£0.416 168.91 £ 193.41
Linear Regression 0.239+0.179 0.141 +£0.058 —22.30+46.71 193.04 + 181.55

Among the three approaches, the Random
Forest model demonstrated the strongest overall
performance. It achieved the lowest mean RMSE of
0.107 mg/m?, indicating the smallest average
deviation between predicted and observed PM;.s5
concentrations. This model also produced the lowest
mean MAE (0.062 mg/m?®) and the most favorable
coefficient of determination (R? = 0.185 £ 0.468),
reflecting limited but positive explanatory capacity.
In contrast, the LightGBM model exhibited higher
prediction error, with a mean RMSE of
0.132 mg/m?, and reduced explanatory capability
(R* = —0.563 + 0.416), suggesting inconsistent
alignment with observed variance patterns. The
linear regression model showed substantially
weaker performance, yielding a mean RMSE of
0.239 mg/m* and strongly negative R? wvalues
(—22.30 £ 46.71), indicating an inability to capture

Figure 4

the underlying data structure. Additionally, elevated
MAPE values for both the linear and boosting
models (193% and 169%, respectively) highlight
instability in relative error magnitude.

Overall, these quantitative comparisons
suggest  that the relationship  between
meteorological variables and PM,.5

concentrations cannot be adequately described
using linear assumptions. Instead, nonlinear
ensemble methods appear more suitable for
capturing threshold effects and complex
multivariate interactions inherent in the data.

Test-Period Prediction Behavior. Figure 4
illustrates the comparison between observed PM,.5
concentrations and model predictions for the 2024
hold-out  period. Observed values ranged
approximately between 0.13 and 0.24 mg/m?,
reflecting moderate seasonal variability.

Observed versus predicted PM. s concentrations during the test period (monthly resolution)

PM2.5 — Observed vs Predicted on Test Set (Monthly)
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The Random Forest model tracked seasonal
dynamics closely, particularly reproducing the late-
year increase toward ~0.24 mg/m3. Linear
regression consistently underestimated concen-
trations, producing values near 0.00-0.15 mg/m?,
including unrealistic near-zero predictions during
mid-year months. LightGBM showed greater
responsiveness but also generated oscillatory
behaviour and local overestimations (e.g., exceeding

Figure 5

0.22 mg/m*® during transitional periods). These
observations visually reinforce the numerical
performance metrics and demonstrate the superior
temporal stability of the Random Forest approach.
Forecasting Analysis PM 5. ; concentrations for
2025-2026. Based on the validated models, PM,.5
concentrations were projected for 2025-2026 under
climatological meteorological conditions. The
forecast trajectories are presented in Figure 5.

Multi-model PM. s forecast for 2025-2026 using climatological meteorological inputs

PM2.5 Forecast 2025-2026 (Monthly) — Model Comparison
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The Random Forest forecast suggests seasonal
oscillations within a range of approximately 0.10—
0.35 mg/m?, maintaining amplitude comparable to
historical behavior. Linear model projections remain
smoother and confined to a narrower interval
(~0.03-0.22 mg/m?®), reflecting their limited
dynamic sensitivity. LightGBM produces the largest
variability, including transient spikes approaching
0.40 mg/m?, consistent with its higher variance
observed during validation. Despite differences in
magnitude, all models preserve the annual periodic
pattern, indicating that cyclical encoding and lag
features successfully propagate seasonal structure
into forward predictions.
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It should be emphasized that forecasts are
scenario-based and assume average meteorological
conditions. Consequently, they represent expected
seasonal tendencies rather than deterministic future
pollution events.

Uncertainty quantification. Prediction
uncertainty was evaluated for the best-performing
model (Random Forest) using cross-validated
RMSE as an error proxy. The mean RMSE of 0.107
mg/m* was used to construct approximate 95%
confidence bounds: ¥y, + 1.96 * RMSE resulting in
an uncertainty width of roughly +0.21 mg/m?
(Figure-6).



G.G. Ormanova et al.

Figure 6

Random Forest forecast with approximate 95% uncertainty envelope
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The uncertainty band indicates that projected
concentrations near 0.20 mg/m* may realistically
vary between approximately 0.0 and 0.41 mg/m?,
reflecting inherent atmospheric variability and
modelling limitations. While this interval does not
represent a fully probabilistic estimate, it provides
valuable contextual interpretation of forecast
reliability. The comparative modelling results
provide insight into atmospheric processes
governing particulate variability. The inability of
linear regression to represent observed dynamics
supports the hypothesis that PM,.5 concentrations
respond nonlinearly to meteorological drivers.
Ensemble methods capture interaction effects
between humidity, temperature, and transport
mechanisms more effectively, consistent with
established aerosol formation theory.

Conclusion

This study demonstrated pronounced seasonal
variability in both meteorological parameters and air
pollutant concentrations during the sampling period,
indicating that air quality dynamics in Karaganda
are strongly influenced by seasonal changes in
temperature, atmospheric stability, and dispersion
conditions.

Winter conditions, characterized by low air
temperatures, elevated relative humidity, and limi-
ted atmospheric mixing, promoted the accumulation
of primary pollutants. Elevated concentrations of
PM,.5, PM,, suspended particulate matter, CO,

2023 2024 2025 2026 2027

SO,, and NO, were observed during the cold sea-
son, reflecting the dominant contribution of com-
bustion-related sources such as coal-based heating,
thermal power plants, and residential solid fuel use.
Reduced wind speeds and stable synoptic conditions
further enhanced pollutant buildup near the surface,
leading to frequent air pollution episodes.

In contrast, warmer months were associated
with improved dispersion conditions and generally
lower levels of primary combustion pollutants. Ho-
wever, O3 concentrations increased during this pe-
riod, highlighting the enhanced role of photoche-
mical processes driven by higher temperatures and
stronger solar radiation. This seasonal shift unders-
cores the transition from primary emission domi-
nance in winter to secondary pollutant formation in
summer.

Exceedances of daily average concentration
standards were observed for suspended particles
(PM;.5, PMyy, dust), phenol, formaldehyde, and
ozone, with the most pronounced exceedances noted
for PM;.s. Such pollution is typical during the cold
season, associated primarily with emissions from
thermal power plants and residential heating. Over
the years, increases in the “highest frequency”
indicator have been largely attributed to PM,.s,
PMjq, hydrogen sulfide, and carbon monoxide,
reflecting the significant contribution of industrial
and thermal power plant emissions to urban air
pollution and the persistent accumulation of these
pollutants in the city’s atmosphere.
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Furthermore, the persistence of seasonal
oscillations in particulate concentrations across
forecast horizons using Multiple Linear Regression,
Random Forest Regression, and Gradient Boosting
via LightGBM indicates that climatic forcing
remains a dominant regulator of particulate behavior
in the region.

Overall, the findings confirm that winter air
pollution in coal-mining regions is primarily
governed by anthropogenic combustion emissions,
including those from residential heating and coal-
fired power plants, combined with unfavorable
meteorological conditions. In contrast, summer air
quality is more strongly influenced by atmospheric
chemistry and photochemical reactions. These
results emphasize the need for season-specific air
quality management strategies, such as reducing
emissions from coal combustion and residential
heating during winter, and controlling ozone
precursors and secondary pollutants during warmer
months. These findings underscore the importance
of implementing seasonally adaptive mitigation
strategies, rather than applying uniform air quality
policies throughout the year.
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