
AIRBORNE PARTICULATE MATTER
IN ASTANA, KAZAKHSTAN:

POTENTIALLY TOXIC ELEMENTS,
LUNG BIOACCESSIBILITY, AND

RISK ASSESSMENT

by
Akmaral Agibayeva

Submitted in partial fulfillment
of the requirements for the degree of Doctor

of Philosophy in Civil Engineering

February, 2024



AIRBORNE PARTICULATE MATTER IN ASTANA, KAZAKHSTAN:
POTENTIALLY TOXIC ELEMENTS, LUNG BIOACCESSIBILITY, AND RISK

ASSESSMENT

by
Akmaral Agibayeva

Submitted in partial fulfillment of the requirement for the degree of

Doctor of Philosophy in Civil Engineering

School of Engineering and Digital Sciences

Civil and Environmental Engineering Department

Nazarbayev University

February, 2024

Supervised by

Prof. Mert Guney

Prof. Ferhat Karaca

Prof. Egemen Avcu

2



Declaration
I declare that the research contained in this thesis, unless otherwise formally

indicated within the text, is the author’s original work. The thesis has not been
previously submitted to this or any other university for a degree and does not
incorporate any material already submitted for a degree.

Signature:

Date:

3



BLANK

4



Abstract
The degradation of air quality remains one of the most critical environmental concerns.

Exposure to airborne pollutants is extensively associated with various health conditions,

including respiratory and cardiovascular diseases, and premature death. The health risks of air

pollution have been linked to particulate matter (PM) and its constituents. Potentially Toxic

Elements (PTEs) in atmospheric PM are a critical factor contributing to its toxicity. This

doctoral thesis addresses multiple aspects of air quality in Astana, Kazakhstan, offering a

holistic understanding of the local air pollution situation through (1) analysis of PM and gaseous

pollutant concentration; (2) proposing a modification to the toxicity assessment of PM-bound

PTEs via in vitro lung bioaccessibility; (3) the assessment of health risk due to inhalation

exposure to PM using bioaccessible concentration of PTEs; (4) morphological characterization

of PM; (5) source identification; (6) studying precipitation chemistry and its role in air pollution;

and (7) assessment of the public knowledge, perception and attitude towards local air quality in

Astana. The methodological framework involved primary data analysis (342 PM samples

collected in Astana, Kazakhstan from 2021 to 2023) and air pollution data obtained from

monitoring stations located in the city (S1-S6) in 2018-2020. Annual and 24-hour mean

concentrations of PM2.5, PM2.5-10, and gaseous pollutants (SO2, CO, NO2, NO, and HF) were, in

general, higher than established national and international (World Health Organization (WHO))

maximum permissible levels (e.g., for PM2.5 annual mean of 29.7 μg/m3 in 2018-2019; and

24-hour mean of 28.7 μg/m3 (maximum: 534 μg/m3) for PM2.5 and 226 μg/m3 (maximum: 1,564

μg/m3) for PM2.5-10, respectively, in 2021-2023). To simulate real-life inhalation exposure to

PM-bound PTEs, the assessment was conducted through optimization of in vitro lung

bioaccessibility testing in simulated lung fluids (SLF) (i.e., modified Gamble’s solution (GS)

and Artificial Lysosomal Fluid (ALF)). For a modification of commonly established

methodology, a large set of PTEs (Cd, Co, Cr, Cu, Mn, Ni, Pb, Sb, V, and Zn) has been

investigated using seven distinct formulations of GS, one ALF on two reference materials (SRM

2691 and BGS 102). The bioaccessibility of the selected PTEs generally increased in modified

GS with the incorporation of 5% DPPC (phospholipid) (e.g., from 2.87% to 8.35% for V in BGS

102), 0.25% cholesterol (e.g., from 27.3% to 31.5% for Cr in SRM 2691), and 5% DPPC + 0.5%

cholesterol (e.g., from 43.5% to 51.5% for Cu in BGS 102). Therefore, using DPPC +

cholesterol may be recommended for routine bioaccessibility testing. The effect of the tested

solid-to-liquid ratio (S/L) was sample and element-specific. Overall, a lower S/L led to a higher
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bioaccessibility % in ALF. For all PTEs, the peak bioaccessibility was reached at a 4-week

extraction, suggesting a longer testing duration when feasible. The optimized parameters for in

vitro bioaccessibility were later applied for inhalation bioaccessibility of selected PTEs (i.e., Cd,

Co, Cr, Cu, Fe, Mn, Ni, Pb, V, and Zn) in PM2.5 collected in Astana, Kazakhstan. The highest

bioaccessible concentration was observed for Fe (mean: 16,229 mg/kg, range: (906-30,419

mg/kg) and V (mean: 10,725 mg/kg, range: (687-27,092 mg/kg). The inhalation Health Risk

Assessment (HRA) using a bioaccessible concentration of PTEs in PM2.5 revealed acceptable

carcinogenic and non-carcinogenic risks for adult and children exposure, although the maximum

Cancer Rate (CR) for adults was slightly higher (1.01 × 10-6) than the established United States

Environmental Protection Agency (U.S. EPA) threshold (HIc > 1 × 10-6). Scanning Electron

Microscopy (SEM) analysis determined several major PM particle groups, including

bioaerosols, coal fly ash (CFA), dust (natural or construction), and soot particles. Irregularly

shaped, small-sized particles of CFA are associated with respiratory conditions and

neurodevelopmental disorders, while soot particles of complex shapes can penetrate deeply into

the respiratory system. In precipitation analysis, the mean concentration of major ions (i.e., F-,

Cl-, NO2
-, NO3

-, SO4
2-, PO4

3-, K+, Na+, NH4
+, Ca2+, Mg2+) remained within permissible levels for

groundwater, drinking, and surface water. However, in April, the highest F- concentration (1.82

mg/L) exceeded the WHO limit for drinking water (1.5 mg/L). The concentration of most heavy

metals (i.e., Cd, Co, Cr, Cu, Mn, Pb) was below WHO's maximum permissible levels, except for

V, which exhibited the highest average concentration of 108 µg/L in precipitation samples across

four seasons. The chemical analysis of PM and precipitation revealed common sources,

including coal/liquid fuel combustion and vehicular exhaust. PM2.5 concentration modeling via

Multiple Linear Regression (MLR) and Machine Learning (ML) Random Forest (RF)

algorithms revealed PM10 and CO as major predictors of PM2.5 concentration. A real-life

pollution scenario using Conditional Bivariate Probability Function (CBPF) analysis also

suggested a substantial contribution of coal-heated power plant activity (CHPPs) and coal

combustion from residential heating, coupled with emissions from internal combustion engine

vehicles. Structural equation modeling (SEqM) was employed to investigate the causal

relationship between perceived air quality, environmental literacy, and willingness to pay (WTP)

for environmental protection. The age, education, and health status of the participants

significantly affected (p < 0.001) their level of environmental knowledge and awareness. The

SEqM analysis indicates that knowledge is the major determinant in improving public awareness

and perception of local air pollution (path value = 0.626). The findings of the current research
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work can assist healthcare professionals and environmental researchers in public health-related

decision-making and establishing feasible air quality guidelines.
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CHAPTER 1: INTRODUCTION

1.1. Research background and novelty

Atmospheric particulate matter (PM) can be described as an aerosol comprised of

small solid or liquid particles of varying sizes and chemical compositions. It is widely

accepted that PM quantity and quality are critical indicators of the air pollution problem.

The presence of PM in the air may compromise human health and ecosystem stability,

induce changes in weather patterns and the climate, and impair atmospheric visibility

(IPCC, 2013). Depending on the formation mechanism, PM can be categorized as either

primary (directly emitted by a source) or secondary (formed in the atmosphere through

chemical reactions) and may experience additional changes in their physicochemical

properties. The critical parameter that influences its fate in the atmosphere and during

human exposure is the particle size, which is often characterized by aerodynamic

diameter (d) corresponding to the actual diameter of a perfect sphere particle with unit

density exhibiting the same aerodynamic properties. U.S. Environmental Protection

Agency (U.S. EPA, 1999b) defines airborne particles with d less than 100 μm as total

suspended particles (TSP), which can be further classified as PM10 (d less than 10 μm),

coarse PM (d in the range of 2.5-10 μm), PM2.5 or fine PM (d less than 2.5 μm), and

PM0.1 or ultra-fine PM (d less than 0.1 μm) (de Kok et al., 2006).

Many countries put an upper limit on the allowable PM mass concentration levels,

including both PM10 and PM2.5, as a response to public concerns and numerous literature

confirming the adverse health effects of PM. According to the estimates presented by

Chuang et al. (2011), approximately 2.1 million deaths are a direct result of exposure to
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fine PM. The list of human health effects caused by airborne PM includes but is not

limited to, chronic lung and cardiovascular diseases, nonlethal heart attacks, asthma,

limited lung function, and breathing difficulties (Kim et al., 2015). In 2015, the

International Agency for Research on Cancer (IARC) expert board on outdoor air

pollution unanimously decided to include PM in the group of carcinogenic air pollutants

(Loomis et al., 2013). Though the direct correlation between PM levels and adverse

health impact is established, the knowledge of the exact ways atmospheric particulate

matter affects human health is still limited.

One of the major determinants of PM toxicity is the physicochemical

characteristics of the particles. Physical characteristics, including particle size, shape,

surface area, and solubility, determine the toxicity level induced by PM exposure. Finer

PM fractions have shown more significant deposition in the respiratory tract and the

ability to penetrate deeper into the alveoli (Farina et al., 2011; Kelly & Fussell, 2012),

resulting in accumulation of reactive oxygen species (ROS) and induction of oxidative

stress. PM can also cause systemic inflammation by increasing the number of

inflammatory markers and inflammatory cells (e.g. lymphocytes and macrophages)

(Pardo et al., 2020; Ren et al., 2020; Wu et al., 2018; Yang et al., 2018). Chemical

composition is another critical parameter contributing to PM toxicity. Potentially toxic

elements (PTEs) (e.g. heavy metals) in the PM matrix reduce cell viability (Feng et al.,

2020; Figliuzzi et al., 2020; Pardo et al., 2020) by disrupting cellular functions and

inducing inflammatory response and apoptotic mechanisms (Figliuzzi et al., 2020; Jan et

al., 2020; Könczöl et al., 2011).
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When assessing the health risks associated with PM-bound PTEs health assessors

traditionally rely on total PTEs concentrations which can lead to an overestimation of

health impact (Guney et al., 2017; Liu et al., 2019). Recent methodology, commonly

known as in vitro bioaccessibility, involves the estimation of the bioavailable fraction of

a contaminant accessible for uptake in the respiratory system which can provide a more

accurate risk evaluation (Guney et al., 2017). Physiologically based conditions in the

human body are reproduced using simulated lung fluids (SLFs), such as Gamble's

solution (GS) and artificial lysosomal fluid (ALF) (Ren et al., 2020). The wide range of

SLF composition, applied physiological parameters and contaminant mobilization

factors emphasize the need for a standardized lung bioaccessibility protocol for

measuring elemental solubility in SLFs.

In Kazakhstan, rapid population growth, fast economic development, and resource

exploration have led to the deterioration of air quality. In 2019, Kazakhstan was ranked

29th among the world's most polluted countries. Moreover, the National Air Quality

Monitoring System lacks publicly available air monitoring data for the majority of

Kazakhstani cities. Most cities in Kazakhstan exceed the annual air pollution

permissible level established by the World Health Organization's (WHO) guidelines

(Assanov et al., 2021). Astana, the capital city of Kazakhstan, is characterized by severe

climate conditions with prolonged and harsh winters, resulting in a six-month-long

heating season. Elevated levels of air pollutants (e.g., PM, SO2, NO2, CO) are frequent

during the heating period. For instance, PM2.5 concentrations can reach between 100-200

µg/m3 on winter days (Assanov et al., 2021). The estimated annual premature mortality

rate related to PM exposure in Kazakhstan is 8,134 cases (Kerimray et al., 2020).
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The prior studies conducted in Kazakhstan on air quality include

transportation-related air emissions in Almaty (Carlsen et al., 2018); tropospheric NO2

concentrations based on satellite measurements (Darynova et al., 2018); benzene,

toluene, ethylbenzene, and xylene (BTEX) concentrations and ratios in Almaty

(Baimatova et al., 2016); availability and quality of air pollution data in Kazakhstan

(Russell et al., 2018); and, general pollution characterization in Almaty (Nazhmetdinova

et al., 2017). Kerimray et al. (2018) established the relationship between the recent

increase in the population of Astana. Baimatova (2014) studied the concentrations of 16

priority Polycyclic Aromatic Hydrocarbons (PAHs), selected heavy metals, and

inorganic salts on the PM in Almaty. Adil'bayeva et al. (2016) estimated the prevalence

of air pollution using data from geochemical snow surveys. Lyu et al. (2018) determined

the main indicators of atmospheric air pollution in different districts of Almaty.

Kerimray et al., 2020 addressed the impact of COVID-19 restrictions on the air

pollution levels of Almaty. The current research work is a comprehensive analysis of air

quality in Astana, Kazakhstan, investigating multiple aspects in air pollution, that have

not been done in prior literature. Moreover, modifications to the proposed in vitro lung

bioaccessibility will assist in a more accurate estimation of PM toxic potential.

1.2 Aim and objectives

The objectives of this thesis project include:

1) to evaluate spatial and temporal variations of PM2.5, PM2.5-10, PM10, SO2,

HF, CO, NO, and NO2 in Astana, Kazakhstan (October 2018 – May 2023)

and suggest MLR and RF-based pollutant concentration prediction models.
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2) to enhance in vitro method for the estimation of lung bioaccessibility of

selected PTEs by conducting in vitro experiments using modified SLFs (GS

and ALF) and two SRMs (SRM 2691 and BGS 102);

3) to assess human health risks associated with PM exposure through

analysis of the link between health risk and PM morphology; calculation of

DALYs and application of U.S. EPA framework for inhalation risk

assessment due to PM2.5 exposure using bioaccessible concentration of

PTEs;

4) to evaluate the dispersion patterns of pollutant levels and suggest

potential air pollution emission sources via CBPF, morphological

characterization, and precipitation analysis;

5) to evaluate the relationship between knowledge, perception, and attitude

of Astana’s general public towards local air quality via structural equation

modeling (SEqM) approach.

The major research questions of the thesis are “What is the current state of air quality in

Astana and is it associated with any adverse health effects?”

1.3 Research significance

The current dissertation is an interdisciplinary analysis of air quality in Astana,

Kazakhstan. While prior local studies provided valuable insights into PM mass

concentration, pollutant distribution, and potential emission sources, this work extends

beyond by comprehensively addressing multiple dimensions of air pollution in the

region. Due to the large dependence on coal combustion in energy production of
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Kazakhstani cities coupled with the issue of limited air quality monitoring and

management framework, it is imperative to conduct a comprehensive PM

characterization and health risk assessment in the region. Moreover, the current

dissertation covers the topic of elemental solubility of PM-bound in lung fluids and

suggests potential modifications to the existing in vitro bioaccessibility method. The

available literature on PM bioaccessibility from various emission sources remains

limited, and lacking in Kazakhstan, emphasizing the significance of further research in

this area. The bioaccessibility data was further utilized for inhalation health risk

assessment which will aid health professionals, policymakers, and governmental

institutions in making informed decisions for proactive air pollution mitigation

strategies. Moreover, the current work includes the forecasting of PM concentration in

Astana, Kazakhstan, and source apportionment, which is valuable for the region of

limited publicly available air monitoring data. Lastly, the focus is driven not only to the

estimation of the level of ambient air pollutants and related environmental effects but

also to the social aspect of air pollution-related topics which is usually neglected. In

Kazakhstan, the level of knowledge and awareness among the general public about air

pollution may remain considerably low. The findings of the current dissertation are

expected to assist healthcare professionals, environmental researchers, and

governmental institutions in evaluating the decision-making process concerning

healthcare, disease prevention, and health promotion in Astana’s urban population.

1.4 Outline

Chapter 1 consists of the background of the research, objectives, and significance of the

Thesis. The rest of the thesis is organized as follows:
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Chapter 2 consists of a literature review on the physicochemical characteristics of PM

and selected PM characterization techniques and toxicological analysis.

Chapter 3 describes the applied methodology including in vitro lung bioaccessibility,

human health risk assessment (HHRA), PM morphological analysis, PM source

identification, and population survey on local air quality.

Chapter 4 presents the results and discusses the findings of the particulate air pollution

analysis. It includes findings on the solubility of PTEs in lung fluid, analysis of

carcinogenic and non-carcinogenic health risks utilizing bioaccessible PTEs

concentration, Scanning Electron Microscopy (SEM) micrographs of PM particles

and source identification, PM concentration forecasting results, and findings from

Structural Equation Modeling (SEqM) analysis for. The identification of leading

factors in population awareness about air pollution.

Chapter 5 includes conclusions of the current thesis, as well as limitations and

recommendations for future research.
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CHAPTER 2: LITERATURE REVIEW

2.1 Physicochemical characteristics and common sources of PM

Contemporary epidemiological research faces the challenge of establishing causal

relationships between the elemental composition of PM, cellular processes, and the

progression of related health conditions (Vargas Buonfiglio & Comellas, 2020).

Consequently, toxicological investigations can complement these studies by offering

insights into the mechanisms that underlie observed health effects (Akhtar et al., 2011).

Studies on PM toxicity suggest that airborne particles have the capacity to induce a

cellular response by elevating the levels of reactive oxygen species (ROS), disrupting

cellular oxidative potential, and inducing oxidative stress (Pardo et al., 2020; Ren et al.,

2020; Wu et al., 2018; Yang et al., 2018) (Figure 2.1).

Furthermore, exposure to PM is associated with increased production of

inflammatory markers and the buildup of inflammatory cells (e.g., eosinophils,

neutrophils, macrophages, and lymphocytes) (Cáceres et al., 2020; Chan et al., 2019).

The health hazard posed by atmospheric particulates is linked to both their physical

attributes and chemical makeup (Bakand et al., 2012). Although the chemical toxicity of

PM has been thoroughly studied, less emphasis has been put on the effect of the physical

properties on the biological response to the exposure.

2.1.1 Cytotoxic and inflammatory potential of different size fractions of PM

Fine fractions of PM (e.g., PM2.5, PM0.1) are suggested to exhibit a higher toxic

potential due to their ability to deeply penetrate the pulmonary alveoli and persist in the
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Figure 2.1: The cellular response model to PM exposure entails that PTEs bound to PM trigger

the generation of free radicals through the Fenton reaction. This leads to the initiation of cellular

signaling pathways, ultimately resulting in damage to both cellular and mitochondrial structures.

The free radical defense mechanism involves the activation of NAD(P)H quinone

oxidoreductase 1 (NQO1) and cytochromes P450 (CYPs) proteins (adapted from Yadav &

Phuleria, 2020)

respiratory system (Farina et al., 2011; Kelly & Fussell, 2012). Additionally, although

smaller particles increase the overall particle count, they do not contribute substantially

to the total particle mass. This characteristic is more associated with larger particulates

(Cassee et al., 2013; Kelly & Fussell, 2012). Exposure to fine PM increases plasma

viscosity leading to acute cardiovascular events (e.g., myocardial infarction)

(Aztatzi-Aguilar et al., 2018; Farina et al., 2011). Finer particles also induce greater
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inflammatory response per unit particle mass due to larger surface area, higher

reactivity, content of organic carbon and s, and high surface area to volume ratio

(Aztatzi-Aguilar et al., 2018; Xue et al., 2019). The formation of particle aggregates

results in phagocytic dysfunction of alveolar macrophages, and infiltration into the

lower respiratory tract (Bakand et al., 2012). Extensive research has consistently

highlighted the increased inflammatory potential of PM2.5 in comparison to larger size

fractions (Cassee et al., 2013; Feng et al., 2020; Kelly & Fussell, 2012). The study by

Thomson et al. (2015) documented an inflammatory response triggered by PM0.5-2.5 in

macrophage-like J774 cell lines. Furthermore, both short-term and prolonged exposure

to PM2.5 and PM0.1 can activate the Nrf2 molecular pathway, signifying the presence of

oxidative stress, which was not evident for coarse PM fractions (Aztatzi-Aguilar et al.,

2018).

The lower toxic potential of larger particles can be explained by general

unresponsiveness due to the clearance mechanisms (Aztatzi-Aguilar et al., 2018) and

deposition in the upper portion of the respiratory tract (e.g., bronchial tree) (Guney et

al., 2016). However, investigation of PM-induced cytotoxic effects revealed that

accumulation of tumor necrosis factor-α (TNF-alpha) (an inflammatory mediator) after

PM10 exposure was notably higher than PM2.5, indicating greater inflammatory response

(Farina et al., 2011; Jan et al., 2020). Moreover, a study conducted by Aztatzi-Aguilar et

al. (2018) found an association between the highest expression of heme oxygenase 1

(HO-1), an antioxidant enzyme serving as a cellular oxidative stress marker, with PM10

exposure. Additionally, Huang et al. (2011) reported that exposure to PM2.5-10 resulted in
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a more distinctive gene expression pattern, whereas patterns observed with PM2.5 and

PM0.1 exposures showed similarities.

2.1.2 Relation of particle morphology to the toxic potential of PM

Morphological features of PM particles are among the crucial determinants of

PM-induced cytotoxic effect. Primary particles are classified into the following

structures: (i) shell-core structure with multiple spherical nuclei concentrically oriented

making up the "outer core" and "inner core" with randomly oriented layers; (ii)

turbostratic structure with nonaligned basal planes; (iii) purely turbostratic structures

and (iv) fullerenoid (onion-shaped) structures (Ghadikolaei et al., 2020; Wang et al.,

2020) (Figure 2.2). The ability of particulates to exhibit not only distinct morphologies

but also assemble into chain-like or grain-like structures has been well documented in

the literature (e.g., soot from diesel exhaust) (Ault et al., 2012; Qian et al., 2020; Wang

et al., 2020).
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Figure 2.2: Simplified diagram depicting the internal structure of primary particles and TEM

images of selected structures (Reproduced from Zhou et al., 2015 with permission from Applied

Energy; Reproduced from Zhou et al., 2015 with the permission of The Journal of Geophysical

Research; Gritti et al., 2010 with the permission of The Journal of Chromatography A;

Ghadikolae et al., 2020 with the permission of Fuel).

Typically, anthropogenic combustion processes at high temperatures, such as industrial

combustion, generate spherical particles (González et al., 2017). A recent review, Wang

et al., 2020, explored the interactions of barrel-, disk-, and rod-shaped particles with

cellular structures. The review highlighted that barrel- and disk-shaped

micro/nanoparticles can interfere with the structure of the

1,2-dipalmitoyl-sn-glycero-3-phosphocholine (DPPC) monolayer, the primary

phospholipid of pulmonary surfactant (Figure 2.3). Barrel-shaped particles, due to their

larger contact area, can induce more structural damage to the lung surfactant. In

contrast, rod-shaped particles disrupt alveolar structure by penetrating more effectively,

attributed to their higher length-to-diameter Figure 2.3: The internal structure of alveolar

Type II cells. The primary function of Type II cells is the synthesis of protein and lipid

molecules for pulmonary surfactant, with DPPC being the major phospholipid. The interaction
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between lung surfactant and PM particles is influenced by the physical and chemical attributes

of the particles, including their morphology, size, and chemical composition. PM can infiltrate

alveoli either as singular particles or in aggregated form, leading to the disruption of cellular

structure through direct penetration or the formation of a particle–bilayer vesicle complex.

Following penetration, PM may further invade capillaries (Adapted from Wang et al., 2020).

ratio. Moreover, capillary force is proposed as a determinant of particle dynamics and

disruption to pulmonary surfactant. Morphological features, such as sharp edges, surface

defects, and fractures, enhance capillary force, influencing particle reactivity and

potential toxicity (Fubini et al., 2007). Cylindrical or cubical particles, with their pinned

air–water interface line at the edges, tend to exert higher capillary force (Chatterjee et

al., 2013). Particulate-induced mechanical action contributes to mitochondrial damage,

initiating cellular pathways that disrupt metabolic activity and inhibit ATP synthesis.

Irregularly shaped particles further compromise cellular structure by damaging

membranes and organelles (Wu et al., 2020). Particle accumulation disrupts pulmonary

clearance, potentially causing indirect toxicity through prolonged contact with PM's

toxic components and the subsequent cellular response.

2.1.3 Elemental composition as a factor influencing PM toxicity

The cytotoxic potential of PM fractions is associated not only with size and

morphological characteristics but also with the chemical composition of particulates.

2.1.3.1 Potentially toxic elements (PTEs)

It has been proposed that PM exposure leads to cellular inflammation mediated by

PTEs (Li et al., 2018; Niu et al., 2019; Vargas Buonfiglio & Comellas, 2020). PTEs

penetrate cell membranes through mechanisms such as facilitated diffusion and

transport, inducing an inflammatory response characterized by elevated
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pro-inflammatory markers such as Interleukin-6 (IL-6), Interleukin1β (IL-1β), TNF-α,

and Interleukin 8 (CXCL8) (Feng et al., 2020; Michael et al., 2013; Niu et al., 2019; Ren

et al., 2020). Metal-induced oxidative stress is indicated by decreased antioxidant

capacity, including superoxide dismutases (SODs), catalase, and glutathione peroxidase

(Gpx) (Chan et al., 2019; Michael et al., 2013; Pardo et al., 2020).

Several studies report a negative correlation between cell viability and

metal(-loid)s. For example, Pb disrupts cell function by mimicking Ca, inhibiting

enzyme activity, and showing a significant positive correlation with increased nitric

oxide radical (NO⋅) that triggers cell toxicity (Könczöl et al., 2012; Feng et al., 2020;

Pardo et al., 2020; Niu et al., 2019). Ni toxicity is attributed to its higher binding

capacity in enzymes and proteins, impairment of mitochondrial function, and induction

of cell apoptotic mechanisms (Jan et al., 2020). Cu in PM2.5 increases the expression of

pro-inflammatory cytokine genes, indicating a cellular response to ROS accumulation

(Figliuzzi et al., 2020), and Ni and Cu are linked to the accumulation of HO-1 (Heme

oxygenase 1) (Li et al., 2018). Fe-containing particles exhibit cytotoxic and genotoxic

effects by disrupting DNA and mitochondrial function, producing NO and OH radicals

in lung epithelial cells (Jan et al., 2020; Ma et al., 2015). V, Cr, Mn, Cd, and Sb are

reported to damage DNA plasmids (Michael et al., 2013; Xiao et al., 2014), while As

and Zn are associated with the production of IL-8, indicating a pro-inflammatory

response (Michael et al., 2013). Disruption in Zn homeostasis is proposed to contribute

to endosomal membrane destabilization and cell apoptosis (Könczöl et al., 2012).
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2.1.3.2 Toxic organic compounds in airborne particles

Organic compounds (e.g., PAHs, phenols, and atmospheric humic-like substances)

constitute a substantial portion of PM (Pardo et al., 2020). PAHs, along with their

atmospheric oxidation products (NPAHs and OPAHs), are recognized for their

carcinogenic and mutagenic properties (Kitanovski et al., 2020; R. Li et al., 2015;

Michael et al., 2013; Pehnec et al., 2020). The U.S. EPA designates 16 priority PAHs,

including naphthalene (NAP), acenaphthylene (ACY), acenaphthene (ACE), fluorene

(FLU), phenanthrene (PHEN), anthracene (ANTH), fluoranthene (FLTH), pyrene

(PYR), benzo[a]anthracene (B[a]A), chrysene (CHRY), benzo[b]fluoranthene (B[b]F),

benzo[k]fluoranthene (B[k]F), benzo[a]pyrene (B[a]P), benzo[g,h,i]perylene (B[ghi]P),

indeno[1,2,3-c,d]pyrene (IND), and dibenz[a,h]anthracene (D[ah]A) (Akhbarizadeh et

al., 2021; R. Roy et al., 2019). Benzo[a]pyrene (B[a]P), in particular, exhibits potent

mutagenic activity (Michael et al., 2013; D. Wu et al., 2018). PAHs originate from both

natural (e.g., volcanic eruption, biomass burning) and anthropogenic sources (e.g.,

vehicle exhaust, industrial activity, oil manufacturing, domestic heating, waste

incineration, coal burning, etc.) (Pehnec et al., 2020). Low-temperature processes like

biomass burning emit low molecular weight PAHs, while high-temperature

anthropogenic activities, including thermal power plants and fuel combustion, generate

high molecular weight PAHs (Ari et al., 2020; Pehnec et al., 2020).

The toxicity of PAHs is associated with the reduction of mitochondrial membrane

potential, disruption of cellular metabolic processes, genotoxic potential, and induction

of oxidative stress through ROS generation (R. Li et al., 2015). Due to their lipophilic

nature, PAHs can permeate the cell membrane, undergoing metabolism into quinones
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and subsequently semiquinones as part of the cellular defense mechanism. Redox

cycling, wherein semiquinones are reduced back into quinones, leads to increased

accumulation of ROS. PAH exposure induces the buildup of pro-inflammatory markers,

including Interleukin-6 (IL-6), Interleukin1β (IL-1β), TNF-α, and HO-1. Furthermore,

PAH-induced activation of Nrf2 suggests oxidative stress. In vivo studies also report

increased proliferation of proinflammatory T cells and dendritic cells (Pardo et al.,

2020).

Chromatography-based techniques are commonly employed for PAH

quantification (Akhbarizadeh et al., 2021; R. Roy et al., 2019), while Nuclear Magnetic

Resonance spectroscopy (NMR) and Fourier-transform infrared spectroscopy (FTIR)

spectroscopy are applied for composition analysis. However, these techniques require

large sample amounts and offer limited time and size resolution. A combined approach

involving gas/liquid chromatography and mass spectrometry is recommended for

comprehensive PAH characterization (Maceira et al., 2020).

2.2 Source analysis of PTEs in PM

Source apportionment (SA) are technique applied to determine the contribution of

a particular pollution source to the level of ambient air pollution (Belis et al., 2014). It is

a valuable quantitative method that enables the implementation of air quality

management strategies. According to Hopke et al. (2020), major source types for PM

include secondary inorganic species, natural soil and desert dust, sea salt, traffic

emissions, industry, biomass burning, fossil fuel, coal, and oil combustion, and others.

Mathematical modeling techniques for the identification of specific sources of airborne

pollutants have been thoroughly used in numerous studies (Jan et al., 2020; Landis et al.,
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2017; Ramírez et al., 2020; Sharma & Mandal, 2017). The most commonly applied

modeling equations include enrichment factor (EFс), principal component analysis

(PCA), positive matrix factorization (PMF), and chemical mass balance (CMB)

(Popoola et al., 2018).

Identifying enriched PTEs in PM may assist in providing a more accurate risk

assessment for human exposure. The EFс method identifies potential anthropogenic

impact from contaminants by comparing the atmospheric concentration of a specific

pollutant with its expected background proportions (Bern et al., 2019).EFс>1.5 can be an

indication of anthropogenic influence (Barbieri, 2016). Multivariate models that allow

the estimation of the number of sources, the composition profile, and source

contribution estimations of measured PM are commonly referred to as factor analysis.

These include PCA and the more recent method of PMF (Mircea M et al., 2020). PCA

identifies principal components or the direction of maximal data variation. This

mathematical algorithm gives a visual representation of the samples and allows group

categorization based on their similarities and differences (Ringnér, 2008). PMF is a

receptor model that identifies the contribution of a particular source to the measured

ambient pollutant concentration. Source profile and estimates of source contribution are

determined by the elemental concentration of the sample and associated uncertainties

(Hopke et al., 2006). Equations for PMF calculations are provided in various literature

(Almeida et al., 2020; Alves et al., 2020; Landis et al., 2017). Finally, the CMB is a

multiple regression model that estimates the individual contribution of a source to the

total mass of a particular contaminant and total pollutant load by inputting individual

pollutant concentration and source profiles (Coulter, 2004).
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The source apportionment of PTEs is a complicated task due to various reasons.

This is because the identification of anthropogenic influence for an individual pollutant

is hindered by various combinations of contaminants from the same source. It is possible

to track to an extent the sources of the majority of the PTEs:

- Zn, Pb, and Ni-dominated PM are suggested to be attributed to vehicle

emissions. Moreover, Cu, Ba, Sb, Mn, Br, and Mo are also commonly established

markers of vehicle exhaust (Almeida et al., 2020; Landis et al., 2017; Ramírez et

al., 2020; Sharma & Mandal, 2017). Vehicle emissions are also the contributor to

the high elemental concentration of As, Cd, Si, and Sb in the coarse and fine PM

(de Miranda et al., 2018; Jaiprakash & Habib, 2017; Pant & Harrison, 2013;

Soleimani et al., 2018; Zhang et al., 2018).

- Tracers of the road dust resuspension include Zn, Mn, and Cu (Ramírez et al.,

2020; Soleimanian et al., 2019). Moreover, Al, Si, K, Ca, Ti, Mn, Ba, Cr, and Fe

have been denoted as the chemical tracers of road salt emissions (de Miranda et

al., 2018; Ramírez et al., 2020; Zannoni et al., 2016).

- Chemical elements that originate from industrial activity include As, Ni, Cr, Se,

Pb, Cu, Ni (de Miranda et al., 2018; Popoola et al., 2018; Sharma & Mandal,

2017; Soleimani et al., 2018; Soleimanian et al., 2019). Zn is also considered one

of the major tracer elements from industrial emissions (e.g., steel production, zinc

smelting industry) (Jan et al., 2020; Ramírez et al., 2020).

- Contamination from tire wear and brake abrasion is commonly associated with

Cu and Zn (Čabanová et al., 2019; Jan et al., 2020; Landis et al., 2017; Ye et al.,

2017). Cu is used as a component of tire wear, and zinc oxide is used in the tire
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vulcanization process (Alves et al., 2020; Esmaeilirad et al., 2020). Moreover,

elements including Fe, Pb, Mo, Sb can also originate from tire wear contamination

(de Miranda et al., 2018; Jan et al., 2020; Ramírez et al., 2020; Sharma & Mandal,

2017).

- Elements associated with soil emission and mineral dust include Al, Ti, Li, Fe,

Si, Ca, Na, Mg (Sharma & Mandal, 2017; Soleimanian et al., 2019).

- Coal and oil combustion is one of the major sources of ambient pollution. It is

mainly dominated by Zn, Ni, Co, and As (Jan et al., 2020; Ramírez et al., 2020). V

has also been suggested as a byproduct of the oil combustion process in numerous

studies (Almeida et al., 2020; Landis et al., 2019; K. Zhang et al., 2018).

- Combustion of fossil fuels is also associated with a high concentration of V (Hao

et al., 2018; Landis et al., 2019; Ramírez et al., 2020). Moreover, Pb, Fe, Zn, Cr,

Ba, Sb are found in PM coming from fossil fuel combustion sources (de Miranda

et al., 2018; X. Liu et al., 2019; Peltier et. al., 2011; Pulles et al., 2012).

- Ni and V are elements associated with power plant emissions (Arhami et al.,

2017; Esmaeilirad et al., 2020; Soleimani et al., 2018). Moreover, Cd, Pb, Cr are

suggested markers of coal-heated power plants (K. Zhang et al., 2018).

2.3 Analytical techniques for PM characterization

Throughout the years of research on air pollution, numerous laboratory methods

have been developed to investigate the elemental composition and morphological

characteristics of atmospheric PM. These laboratory methods are typically categorized

as either destructive or non-destructive, depending on whether they destroy/consume the

material during the analysis. This section concentrates on off-line (laboratory) analytical
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methods commonly utilized for PM characterization and addresses the following issues:

(1) the type of data provided by these methods (e.g., images, spectra, composition, etc.);

(2) specific technical features; (3) strengths and weaknesses; and (4) the procedure for

sample preparation.

2.3.1 Destructive techniques for PM analysis

2.3.1.1 Inductively coupled plasma analysis (ICP)

ICP is an analytical technique commonly used in environmental research for trace

element analysis. ICP is considered a hard ionization method, leading to the complete

atomization of the majority of analyzed sample molecules. This process involves

introducing the sample into the ICP instrument through a nebulizer and spray chamber,

transforming it into a fine aerosol. The ICP system also consists of an ICP torch and an

argon plasma-generating radiofrequency (RF) coil (ion source). The argon plasma,

which contains positively charged ions and unbound electrons, ionizes the analyte

(Wilschefski & Baxter, 2019). Ions in the sample are quantified according to their

mass-charge (m/z) ratio (Thomas, 2019).

Two major types of ICP instruments include inductively coupled plasma-atomic

emission spectroscopy (ICP-AES or sometimes named as optical emission spectroscopy

due to multiple emissions from atoms, ions, and molecules (ICP-OES)) and inductively

coupled plasma mass spectrometry (ICP-MS). Selection between the two depends on the

sample matrix and regulatory limits. ICP-MS excels in precision for samples with low

regulatory limits, resulting in lower detection limits (DL) (U.S. EPA, 2014). Moreover,

the ICP-MS instrument coupled with collision cell technology can also reduce
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polyatomic spectral interference. Regulatory methods for trace element determination in

PM by ICP-MS include EPA 6020 and Method IO-3.5.

In contrast, ICP-OES is more robust for samples with higher regulatory limits and

applicable for the analysis of soil, solid waste, groundwater, and wastewater. It is a more

cost-effective option when low DLs are not essential but is less suitable for identifying

elements with low regulatory limits (e.g., As, Hg). Regulatory methods for metal

identification in PM by ICP-MS include EPA 6010 and Method IO-3.4 (U.S. EPA,

1999a, 2014). Internal standards employed for ICP analysis include 6Li, 45Sc, 89Y, 103Rh,

115In, 159Tb, 165Ho, and 209Bi. Certain elements should be avoided in cases where the

sample matrix contains a high concentration of the recommended standard, as this

would lead to bias in the internal standard recovery bias (U.S. EPA, 2014).

The primary advantage of the ICP instrument lies in its capability to conduct a

multi-element analysis with low detection limits (DL). This enables the determination of

elemental concentrations in the sub-µg/L range for a wide set of elements, all in a single

run. However, the cost of the ICP instrument may be suitable for low-volume

laboratories, prompting to consider more cost-effective alternatives (e.g., flame atomic

absorption instruments).

In air pollution studies prior to ICP analysis samples are collected on filters (e.g.,

PTFE or quartz fiber filters). A critical consideration is the extraction of samples from

the filter since ICP instruments analyze liquid samples. Various extraction methods,

such as methanol or ultra-sonication in organic solvents, present certain challenges.

Dissolving PM in aqueous solvents can alter its properties and should be carried out

with caution. Some studies propose cutting the filter using a ceramic blade for ICP
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analysis, assuming homogeneous PM deposition. Alternatively, solid samples can be

analyzed without extraction using ICP instruments equipped with electrothermal

vaporization or laser ablation. When neither is feasible, sample digestion with

concentrated acids (e.g., nitric (HNO3), hydrochloric (HCl), hydrofluoric acid (HF), and

perchloric acid (HClO4)) is a well-established sample preparation method, despite the

associated toxicity risks (U.S. EPA, 2014).

Analyzing aerosols collected on filters poses challenges due to low analyte

concentrations and limited sample mass (Kumar et al., 2020). Proper selection and

combination of digestion acids are crucial to minimize interference and achieve low DL.

Aqua regia (HNO3 and HCl, 1:3 molar ratio) is commonly used for environmental

analysis, but specific elements may require specific acid mixtures, such as HF for

aluminosilicate matrices or HCl for platinum group elements (PGE). Employing a

closed vessel system for wet digestion is preferred to reduce sample loss and prevent

airborne contamination (Odman, 2004). Matusiewicz (2003) provides comprehensive

information on wet digestion methods.

2.3.1.2 Ion chromatography (IC)

Ion chromatography (IC) is an analytical technique employed for assessing the

atmospheric concentration of gaseous pollutants, and anionic/cationic species (Paull,

2005). The principle of separation in the IC lies in the electrostatic interactions between

the ions with an opposite or similar charge. The separation column that contains

negatively charged functional groups attracts positively charged cations. Similarly,

anions are separated by competitive ionic binding to positively charged functional

groups (Bhattacharyya, 2012). Ions that can be identified by the IC include SO4
2− , NO3

−,
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NH4
+, Ca2+, Cl−, Mg2+, Na+, K+, and F−. IC allows the identification of several ions

simultaneously in a short period of time. In addition, IC allows for the identification of

different oxidation states of an element (Michalski, 2016). The water-soluble fractions

of PM, containing ionic species, are crucial for understanding the potential health effects

linked to PM. Furthermore, it includes water-soluble variations of PTEs that can easily

pass through the air-lung fluid interface (Kogianni et al., 2020).

Therefore, IC is a valuable tool to characterize the toxicity of PM exposure.

Moreover, IC is used in source apportionment studies. Ionic concertation and statistical

analysis allow the identification of potential pollution sources. Oxidation of SO2 to form

secondary SO4
2-, is the indicator of contribution from coal or biomass burning (Guo et

al., 2020). Agricultural activity produces a high concentration of NH4
+ that results from

the reaction between NH3 and acidic species (Yiyun Wu et al., 2016). SO4
2- and NH4

+

also can originate from vehicle exhaust (W. Wang et al., 2018). A high Ca2+ to Mg2+

ratio suggests that ions come from the soil dust (Guo et al., 2020; Jusino-Atresino et al.,

2016). Ions such as Cl- and K+ can originate from biomass burning, coal combustion,

and sea salt (Agarwal et al., 2020).

For IC analysis, it is necessary to dissolve ambient samples collected on the filter

in deionized water and subject them to ultrasonication. This process facilitates the

extraction of water-soluble inorganic species. Subsequently, the leachate is filtered

through a chosen filter medium, such as PTFE or nylon (Chithra & Shiva Nagendra,

2013; Choung et al., 2016; Murari et al., 2016; W. Wang et al., 2018; S. Zhou et al.,

2014).
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2.3.2 Non-destructive techniques for PM analysis

2.3.2.1 Scanning electron microscopy (SEM)

Electron microscopy-based techniques can be used for the analysis of a single

particle to investigate the physicochemical and morphological features of individual

particles. Scanning Electron Microscopy (SEM) and Transmission Electron Microscopy

(TEM) are among the most widely utilized instruments in this category. The application

of SEM and TEM for the characterization of PM has been well documented (Elmes &

Gasparon, 2017; Laskin et al., 2019; Sielicki et al., 2011).

In SEM, a raster scan pattern directs high-energy electron beams onto the

particle's position. These beams capture signals that provide information about the

particle's surface topography, electrical conductivity, and other characteristics (Elmes &

Gasparon, 2017). Figure 2.4 illustrates an example of a SEM micrograph of atmospheric

particles.

Figure 2.4: Examples of SEM micrographs and EDS spectra of (a) single particle and particle

agglomerates of coal fly ash, (b) particles associated with CHPPs emission, and (c) PbO
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particles (Reproduced from Oliveira et al. (2017) with permission of Environmental Research;

Gonzalez et al. (2017) with permission of Atmospheric Research).

Various SEM instruments and their diverse operation modes offer an advanced

approach to characterize PM particles. One example is the computer-controlled SEM

(CC-SEM), which conducts quantitative analysis, yielding statistically significant data

for sampled particles (Laskin et al., 2019; Y. Li et al., 2020). In this operational mode,

approximately 50-100 images per substrate are captured at random locations across the

sample at fixed magnifications followed by using software to categorize and quantify

particles based on their morphology and elemental composition (Y. Li et al., 2020).

While automated SEM proves effective in rapidly examining particle surface data

(~10,000 particles/hour), its application is limited when characterizing PM particles

smaller than 0.1 μm (Laskin et al., 2019; Y. Li et al., 2020). Additionally, SEM provides

only two-dimensional images of particle surfaces, making it inadequate for investigating

internal structures or determining particle volume and, consequently, particle mass

(Elmes & Gasparon, 2017). The use of a high-energy electron beam for higher

magnification imaging can alter or damage the analyzed particles (Laskin et al., 2019;

Wagner et al., 2019), as well as the substrate. Furthermore, SEM analysis under vacuum

conditions hinders the reliable analysis of volatile components (Laskin et al., 2019).

Before conducting SEM analysis, it is essential to coat non-conductive samples

with a thin layer (around 15-20 nm) (Li et al., 2020) of a conductive material, such as

Au (Agarwal et al., 2020; Y. Li et al., 2020), C (RTI protocol), or Pt (Silva et al., 2020).

However, this practice poses challenges if the samples are intended for subsequent

analyses. Nevertheless, SEM analysis of PM collected on non-conductive and

non-coated substrates like Teflon has been reported (Wagner et al., 2019). Despite these
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drawbacks, SEM coupled with EDS remains the most widely utilized technique for

single-particle characterization and is highly recommended for routine PM monitoring

procedures as a rapid and straightforward tool to investigate the morphological features

of PM.

2.3.2.2 Transmission electron microscopy (TEM)

Transmission electron microscopy (TEM) is a useful technique for toxicity

assessment of airborne particulates as it provides insights on particle morphological

structures, size distribution, and mixing state on a nano-sized scale (Figure 2.5)

(Brostrøm et al., 2019; Salem et al., 2015; W. Zhou et al., 2016). TEM equipped with

EDS can also provide information on the chemical composition of individual particles

(Zhai et al., 2012).
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Figure 2.5: Examples of TEM micrographs coupled with EDS spectra of PM particles

containing (a), (b) amorphous sulfate and silicate, (c), (h) Fe, (e), (f) crystalline silicate, (d)

minerals, and (j) Pb (reproduced from Salem et al., 2015, with the permission from Air Quality,

Atmosphere, and Health and Zhou et al., 2014, with the permission from Journal of

Environmental Science).

The main concept of TEM is based on the wave-like nature of electrons as they

traverse the sample, generating a high-resolution image. An electron gun produces a

high-voltage electron beam that passes through the TEM column, which is equipped

with parallel electromagnetic lenses to focus the electrons.

The sample thickness should be limited to around 100 nm to enable electron

passage. Characteristics including sample density may hinder the transmission of
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electrons, particularly in high-density materials. TEM functions in a high vacuum

environment (ranging from <10-6-106 Torr in conventional and environmental TEM

instruments, respectively) due to electrons being incapable of traversing air molecules

(C. Y. Tang & Yang, 2017). However, this condition can result in the evaporation of

volatile PM components (Freedman et al., 2010). Additionally, the voltage should be

kept under 400 kV to prevent sample damage (Kamšek & Kamšek, 2020).

While TEM analysis offers high magnification capabilities, reaching up to

1,000,000X (Mahmoud & Tan, 2017), obtaining statistically robust data on particle

morphology and size distribution in air samples can be time-consuming. A resolution in

the range of a few tens of nanometers is generally sufficient for airborne sample

characterization. Despite being a comprehensive method for visualizing the internal

structures of individual particles, TEM is limited by its high magnification, allowing

only a partial view of the sample (Kamšek & Kamšek, 2020). Additionally, detecting

secondary aerosol species and distinguishing species within homogeneous particles

present certain challenges (W. Li et al., 2016).

A major drawback of TEM analysis lies in sample preparation. The sample

preparation process may also include drying, freezing, or the application of conductive

coating (Brostrøm et al., 2019). However, individual aerosol particles can be directly

collected on carbon-coated TEM grids to avoid the effects of sample preparation (W. Li

et al., 2016; Salem et al., 2015; W. Wang et al., 2018). It should be noted that aerosol

particles collected on a grid may not be uniformly distributed (W. Li et al., 2016).

Additionally, careful consideration of sampling time is crucial; longer sampling times

may result in particle agglomerates rather than individual particles, while shorter
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sampling times may not yield statistically significant data (Brostrøm et al., 2019). Given

the specific limitations of TEM analysis, it is advisable to use it as a supplementary

technique for PM characterization.

2.3.2.3 Energy-Dispersive X-ray Spectroscopy (EDS)

EDS is an instrument utilized to examine the bulk elemental composition of

particles with an atomic mass equal to or greater than that of carbon. Its preference lies

in its simplicity, convenience, and duration (30 seconds - 2 minutes analysis). Moreover,

the tool often comes with pre-installed software for instant peak identification, and in

many cases, electron microscopy equipment is equipped with an EDS device, allowing

for the simultaneous investigation of particle morphology and chemistry (Sielicki et al.,

2011). This simultaneous examination allows to establish correlations between the

morphological characteristics of a specific group of particles and their chemical

composition.

However, when investigating small or lower-density particles, EDS may provide

the chemical composition of the substrate or background. Notably, background

interferences, especially for elements such as C, O, and F originating from Teflon/PTFE

filters (Wagner et al., 2019), hinder the quantification of elemental data from EDS

analysis, resulting in relative abundance reports. Additionally, the inhomogeneity of

particles at a certain point can sometimes lead to false spectra, as the chemistry at a

specific location may not accurately represent the bulk chemistry. Enhancing accuracy

involves studying a larger number of particles from the sampled aerosol and subjecting

the acquired results to statistical analysis (Sielicki et al., 2011). While the outcomes are

typically presented as elemental spectra for individual particles, one can also generate
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elemental maps of the scanned region for major constituents. Comparing these maps

helps to identify correlations between certain elements, suggesting the presence of

specific compounds or common pollution sources (Hamdan et al., 2018).

2.3.2.4 X-ray-based techniques

X-ray Diffraction (XRD) is vital for determining the chemical speciation of

mineral PM in air quality research (Kumar et al., 2020). It identifies major compounds

based on peak characteristics and offers insights into both natural and anthropogenic

sources (Hamdan et al., 2018). Qualitative and semi-quantitative analyses compare

diffractogram peak values against mineral databases and employ the reference intensity

ratio method, respectively (Jeong, 2008; Ahmady-Birgani et al., 2015; Engelbrecht et

al., 2017; González et al., 2016; Satsangi & Yadav, 2014; Song & Yang, 2011). A

quantitative XRD involves determining the weight proportions of minerals, however, is

considered a complicated procedure (Jeong, 2008; Lu et al., 2007; De Berardis et al.,

2007).

Two main sample handling approaches are the following: transferring material to a

supporting surface or direct analysis of loaded substrates. The former minimizes issues

related to sample placement and background interference (Jeong, 2008; De Berardis et

al., 2007; González et al., 2016). However, direct analysis of sampled filters simplifies

handling and prevents sample losses during transfer (Ahmady-Birgani et al., 2015;

Smith, 1997).

XRD's accuracy is influenced by crystallinity, relative abundance, sample mass,

and particle size. Crystallinity impacts peak visibility, affecting the detectability of

partially crystalline and amorphous materials (Engelbrecht et al., 2017; Neupane et al.,
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2020). XRD is recommended as a complementary tool due to limitations, and in cases of

small particles, micro-XRD or two-dimensional XRD may be preferred (Bontempi et al.,

2008; Kumar et al., 2020).

X-ray fluorescence (XRF) is a rapid and non-destructive technique for quantifying

the elemental composition of PM, offering comparable results to more

resource-intensive methods such as ICP-MS (Hamdan et al., 2018; Kumar et al., 2020).

Its flexibility allows the simultaneous targeting of specific elements, trace elements, and

PTEs (Atzei et al., 2019; Mazzei et al., 2008; Mazzei & Prati, 2009). XRF provides a

quick analysis of PM composition due to its simplicity and speed (Canepari et al., 2009).

Quantitative XRF output, expressed in elemental concentrations (ng/m³), is

derived through sensitivity factor calculations using standard reference materials

(SRMs), mass concentration (mass/area), filter area, and sampling volume rate (Do

Nascimento et al., 2011; Dourado et al., 2020; Espinosa et al., 2019; Gunchin et al.,

2019; Hamdan et al., 2018; Kchih et al., 2015; Lanzaco et al., 2019; Mazzei & Prati,

2009; Orogade et al., 2016; Owoade et al., 2016; Sara et al., 2013; Song & Yang, 2011).

Uncertainties typically range from 5-15% for most elements (Mazzei et al., 2008;

Ogundele et al., 2017; Owoade et al., 2016).

Crucial steps in quantitative XRF include instrument calibration and routine

checks via SRMs (Atzei et al., 2019; Cuccia et al., 2013; Cuccia et al., 2010; Espinosa et

al., 2019; Gunchin et al., 2019; Hamdan et al., 2018; Mazzei et al., 2008; Federico

Mazzei & Prati, 2009;). Various XRF types, including energy dispersive XRF

(ED-XRF), wavelength dispersive XRF (WD-XRF), and synchrotron radiation XRF

(SR-XRF), have been applied in PM chemical characterization (Atzei et al., 2019;
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Canepari et al., 2009; Cuccia et al., 2013; Cuccia et al., 2010; Kchih et al., 2015; Liang

et al., 2018; Mazzei et al., 2008; Mazzei & Prati, 2009; Ogundele et al., 2017; Orogade

et al., 2016; Owoade et al., 2016; Sara et al., 2013; Song & Yang, 2011; Do Nascimento

et al., 2011; Franzin et al., 2020; Malandrino et al., 2013; Dourado et al., 2020; Lanzaco

et al., 2019). XRF's advantage lies in minimal or no sample preparation, enabling

analysis of atmospheric particulates in their original state, and allowing samples to be

stored for re-analysis or measured using other techniques (Dourado et al., 2020; Kumar

et al., 2020; Malandrino et al., 2013). Teflon filters are recommended substrates for XRF

analysis, particularly in official standard operating procedures (SOPs) (IAEA, 1997;

Sielicki et al., 2011; Research Triangle Institute International, 2009; U.S. EPA, 1999b).

X-ray spectrometry (XPS) is a valuable tool for the surface characterization of

atmospheric particulates, providing chemical composition within a small particle area

(detection depth <10 nm) (Elmes & Gasparon, 2017; Song & Peng, 2009; Zhang et al.,

2018). Unlike bulk chemistry, surface composition is vital from a toxicological

perspective, as these components interact first with body fluids after inhalation exposure

(D. Atzei et al., 2019).

XPS generates energy spectra revealing intensity versus binding energy, offering

semi-quantitative data on both elemental and chemical state composition with up to

0.1% accuracy (Cheng et al., 2013; Elmes & Gasparon, 2017; Xu et al., 2015). Its high

sensitivity allows detection and quantification of elements including low-Z elements

such as C, N, and O, at concentrations as low as 0.1% (González et al., 2017; Jilani et

al., 2018; Xu et al., 2015). The method enables the study of functional groups of carbon

at the particle's surface, though precautions are needed to avoid background interference
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when using collection substrates containing carbon (Cheng et al., 2013; Guascito et al.,

2015).

XPS does not require extensive sample preparation, and direct examination of samples

is possible (Davide Atzei et al., 2014; Elmes & Gasparon, 2017; Jilani et al., 2018).

However, it operates under high or ultrahigh vacuum conditions, leading to the

evaporation of semi-volatile organic compounds (Atzei et al., 2019; González et al.,

2017; Jilani et al., 2018; Rella & Malitesta, 2015). Therefore, XPS serves as a

complementary technique, providing speciation capabilities, and is recommended for

use with bulk chemistry analysis methods, such as XRF, to achieve comprehensive

chemical characterization (Atzei et al., 2014). The flowchart for selecting the most

suitable analytical methods and methods’ classification are presented in Figures 2.6 and

2.7.

2.3.3 Determination of Intracellular and Mitochondrial ROS Production

Various techniques and assays are employed to assess the cytotoxic effects of PM

exposure, with the choice depending on the toxicity mechanism. The most widely used

method involves detecting cellular ROS levels using Dichlorodihydrofluorescein

diacetate (DCFH-DA), a cell-permeable ester (Cáceres et al., 2020; Jan et al., 2020; Niu

et al., 2019; Vattanasit et al., 2014; Wu et al., 2018; Yang et al., 2018). DCFH-DA is

hydrolyzed by esterases within the cell, forming a stable fluorescent product (DFC) in

the presence of ROS (Könczöl et al., 2012). While widely used and cost-effective,

DCFH-DA has limitations, such as potential interference from increased superoxide

radical formation and susceptibility to oxidation by other oxidizing species (Dikalov &

Harrison, 2014).
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An alternative method for mitochondrial ROS detection involves the use of the

dihydroethidium fluorescent probe, which exhibits strong red fluorescence upon

oxidation and is highly sensitive to superoxide (Dikalov & Harrison, 2014). Combining

dihydroethidium with its derivative MitoSOX Red is suggested to enhance specific

mitochondrial localization and indicate both cytosolic and mitochondrial superoxide

levels (C. Yang et al., 2014). Flow cytometry is commonly employed to cell culture

models, particularly the human lung adenocarcinoma cell line A549, serve as effective

tools to investigate the mechanisms of particle-cell interaction following PM inhalation

exposure (Figliuzzi et al., 2020; Jan et al., 2020; Lenz et al., 2013; Mitkus et al., 2013;

Niu et al., 2019; Vattanasit et al., 2014). A549 cells, resembling alveolar type II cells

responsible for surfactant production, offer insights into PM’s cellular impact.

Additionally, other cell models, such as the murine macrophage cell line RAW 264.7

and human bronchial epithelial cell lines (HBE and BEAS-2B), are used to study PM

exposure effects (Cáceres et al., 2020; N. Li et al., 2018; Künzi et al., 2015).

2.3.4 Assessment of PTE Bioavailability via Bioaccessibility Testing

PM has a strong potential for the adsorption of PTEs (Niu et al., 2019; Vargas

Buonfiglio & Comellas, 2020). Conventionally, the evaluation of the health impact of

PM exposure is conducted by estimating the total concentrations of PTEs, which often

leads to an overestimation of the potential health risk (Guney et al., 2017; Liu et al.,

2019). To accurately assess the risk to human health, it is imperative to estimate not only

the total amount of a contaminant but also the amount accessible for absorption. In this

regard,
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Figure 2.6: Flowchart for selecting the most appropriate PM characterization technique
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researchers have developed an in vitro method to estimate the fraction of metal readily

available for absorption in human physiological fluids (e.g., gastrointestinal, lung fluid,

synthetic sweat). This concept is referred to as in vitro bioaccessibility (Guney et al.,

2016).

In earlier studies, in vitro lung bioaccessibility that simulates inhalation exposure

was based on extraction techniques with simple chemical solutions (e.g., water, sodium

chloride, ammonium acetate, ammonium citrate solutions) (Ren et al., 2020). However,

the development of physiologically based techniques for lung bioaccessibility allowed

maintaining the conditions as close as possible to those in the human body by using

simulated lung fluids (SLFs). A variety of SLFs have been used during the development

of in vitro bioaccessibility experiments (e.g., Gamble’s solution (GS), Artificial

Lysosomal Fluid (ALF), Hatch solution, and Simulated Epithelial Lung Fluid (SELF)).

The most commonly used SLFs include GS (pH=7.4) and ALF (pH=4.5) which

represent the interstitial fluid in the deep lung (GS) and lysosomal fluid in the alveolar

macrophage (ALF) (Ren et al., 2020).

The current challenge in bioaccessibility research is the lack of a unified protocol

creating a disparity in the result comparison. Moreover, external and internal factors

(e.g., the composition of SLFs, solid–to–liquid ratio (S/L ratio), extraction time,

agitation type/speed, particle size, and sample type) can affect the release

bioaccessibility of pollutants in SLFs. The physiological parameters used in recent

studies are presented in Table 2.1.

The original GS contains cations (e.g., Mg2+, Na+, Ca2+, K+) and anions (e.g.,

HCO3
-, SO4

2-, Cl-, H2PO4
-), proteins, amino acids, and glucose. However, numerous
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studies have established that modifying the original composition of GS can considerably

affect the release of certain PTEs. The modification with amino acids (e.g., glycine,

L–cysteine), and proteins (e.g., bovine serum albumin, mucin), as well as the addition of

lung surfactant, have been attempted in various bioaccessibility studies (Boisa et al.,

2014; Ren et al., 2020). Modification of GS with a lung surfactant is a relatively new

concept suggested in prior literature (Julien et al., 2011; Boisa et al., 2014; Coufalík et

al., 2016; Pelfrêne et al., 2017; Deary et al., 2021). A pulmonary surfactant contains

protein and lipid components secreted by alveolar epithelial type II cells (Bernhard,

2016). DPPC is the major phospholipid (~40–80% by composition) present in the lung

surfactant (Davies & Feddah, 2003). Several studies suggested different concentrations

of DPPC for in vitro bioaccessibility experiments: 200 mg/L (Boisa et al., 2014); 100

mg/L (Coufalík et al., 2016; Pelfrêne et al., 2017); 0.02 wt% (Mbengue et al., 2015;

Deary et al., 2021). Ren et al., (2020) argue that DPPC also acts as a weak chelating

agent, significantly affecting the contaminant release (both metal (–loid) and organic)

from atmospheric particles. Similarly, cholesterol is an essential component of lung

surfactant (~10% by composition) that is critical to normal lung physiology (Gowdy &

Fessler, 2013).

Few studies have attempted to investigate the effect of physiological parameters

on the bioaccessibility of PTEs in PM (Julien et al., 2011; Boisa et al., 2014; Guney et

al., 2017; Pelfrêne et al., 2017; Expósito et al., 2021; Tomašek et al., 2021). However,

the available data on the bioaccessibility values of PTEs in Standard Reference

Materials (SRMs) are very scarce. The present research, as well as existing literature

(Boisa et al., 2014; Wiseman, 2015; Guney et al., 2016; Ren et al., 2020; Mishra et al.,
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2021) emphasize the need to establish a standardized in vitro lung bioaccessibility

protocol to further

Table 2.1: Experimental conditions used in recent bioaccessibility studies.

Reference Sample type Particle size Contaminants analyzed Lung solution S/L ratio Agitation method/
Speed

Extraction
time

Haque et al.
(2022)

Residential
dust

1.1-2.7 μm Pb ALF, GS, SELF 1:1000 N/A 1 h, 4 h, 1 d,
1 w

Jia et al.
(2022)

APM(1) PM2.5

PM2.5-10

As, Cd, Co, Cr, Mn, Ni,
Pb, V

SELF N/A 100 rpm (a
thermostatic oscillator)

24 h

Sun et al.
(2022)

APM PM2.5 Cd, Pb ALF, GS, Modified GS
(with DPPC)

N/A 100 rpm 24 h

Zhou et al.
(2022)

APM PM2.5 PAHs SELF, SELF modified with
DPPC (200 and 400

mg/L), BSA2 (520 and
1040 mg/L), and HA3 (200

and 400 μg/L)

1:1000-1:300
0

100 rpm 24 h

Levesque et
al. (2021)

Urban dust <1.8 µm

1.8–10 µm

Al, B, Ba, Co, Cr, Fe, La,
Mn, Mb, Sb, Sr, Ti, V, Zn

GS 1:3000 40 rpm (orbital shaker) 24 h

Schiavo et
al. (2021)

School dust <20 μm Mn ALF 1:1000 40 rpm (orbital shaker) 24 h

Gosselin &
Zagury
(2020)

Chromated
copper

arsenate
(CCA)-

contaminated
soils

PM20 As, Cr, Cu, Fe, Mn, Ni,
Pb, Zn

ALF, GS 1:100 100 rpm (an incubator) 24 h

Y. Li et al.
(2020)

Pb–contami
nated

alkaline
urban soil

50–250 μm,
5–50 μm, 1–5 μm,

<1 μm

As, Ba, Co, Cr, Cu, Ni,
Mn, Pb, Zn

ALF, GS 1:5 N/A 4 h, 24 h,
100 h

Morais et
al. (2019)

Fine surface
dust Surface

dust

≤10 μm

≤250 μm

As GS 1:20 33 rpm (an incubator) 24 h

Luo et al.
(2019)

APM PM2.5 Cd, Ni, Mn, Pb, GS Not specified 200 rpm 24 h

1 Atmospheric Particular Matter

2 Bovine Serum Albumin

3 Hyaluronic acid
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elaborate on the PM toxicity in human cells. The flowchart for selecting the most

appropriate PM toxicity method is presented in Figure 2.8.

Figure 2.8: Flowchart for selecting the most appropriate PM toxicity assessment

2.4 Risk assessment as a tool to characterize human health risks

HHRA is a valuable strategy to identify hazardous substances, understand

inhalation exposure, and propose effective management plans to mitigate health risks

(Ren et al., 2020). The accurate estimation of risks associated with different levels of

inhalable substances is crucial. The U.S. EPA has developed a tool to assess inhalation

exposure and associated health risks, offering a framework that can be adopted directly

or with modifications for assessing both carcinogenic and non-carcinogenic effects of

contaminants (EPA & Risk Assessment, 2009). The detailed information on the HRA

framework is outlined in Manual Part F: Supplemental Guidance for Inhalation Risk

Assessment and Guidelines for Exposure Assessment EPA/600/Z-92/001. This approach

involves risk estimation based on hazard identification, dose-response assessment,
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exposure assessment, and risk characterization. Exposure assessment entails numerical

estimation of exposure/dose, considering factors such as magnitude, duration, and

frequency of exposure. The final step, risk characterization, utilizes cumulative hazard

information obtained from previous stages to inform policy implementation (U.S. EPA,

2019).

The average daily dose (ADD) of the contaminant following inhalation exposure is

estimated using the following equations:

(2.1)𝐴𝐷𝐷
𝑖𝑛ℎ

= (𝐶×𝐼𝑅 ×𝐸𝐷×𝐸𝐹)
𝐴𝑇×𝐵𝑊,

Where C is contaminant concentration in the air (mg/kg), IR is Inhalation rate (m3/hour),

EF is exposure frequency (day/annual), ED is exposure duration (annual), AT is the

average time (lifetime in years×365 day/annual× 24 hour/day) and BW is body weight

(kg) (U.S. EPA, 1992).

Non-carcinogenic and carcinogenic risks are estimated via hazard quotient (HQ), hazard

index (HI), and lifetime cancer risk (LCR) using the following equations:

, (2.2)𝐻𝑄 =
𝐴𝐷𝐷

𝑖𝑛ℎ

𝑅𝑓𝐶

where ADDinh is an average daily dose (mg/kg/day), and RfC is the US EPA reference

dose for non-carcinogenic pollutants (mg/kg/day). HQ≥1 suggests a non-carcinogenic

health effect on the exposed population (Fallahzadeh et al., 2018).

, (2.3)𝐻𝐼 =
𝑖=1

𝑛

∑ 𝐻𝑄

where HQ is Hazard Quotient (no units) (Liu et al., 2019).

, (2.4)𝐿𝐶𝑅 = 𝐴𝐷𝐷
𝑖𝑛ℎ

× 𝐶𝐹𝑆
𝑖𝑛ℎ
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where ADDinh is an average daily dose (mg/kg/day), and CFS is the cancer slope factor

(mg/kg-bw/day).

The U.S. EPA typically aims for a risk range of one-in-a-million (10−6 risk) or

one-in-ten-thousand risk (10−4 risk) for individuals exposed to airborne pollutants (U.S.

EPA, 1992). Most studies assessing health risks associated with airborne pollutants

primarily rely on estimating the potential dose or the quantity of inhaled chemicals,

assuming that the potential dose equals the applied dose reaching target organs. This

approach may lead to overestimation because the absorbed and bioavailable contaminant

may only represent part of the potential dose. Thus, incorporating bioaccessibility,

which considers the contaminant's bioavailability, can enhance the risk assessment

framework (U.S. EPA, 2019).

While the toxicity of many contaminants is linked to solubility and the ability to

cross cell boundaries, recent research suggests that even insoluble fractions, particularly

redox-active metals such as Cu and Fe in PM, can induce oxidative stress and toxicity

(Tacu et al., 2021). Insoluble PM fractions contribute to cell membrane disruption by

forming particle agglomerates and generating phagocytic vesicles (Zou et al., 2016).

Investigating the toxicity profiles of both soluble and insoluble PM fractions is crucial

for a comprehensive understanding of health risks. Additionally, physical characteristics

such as particle size, shape, and deposition mechanisms are often overlooked in

estimating inhalation risks (Ren et al., 2020), highlighting the need for extensive

research to comprehend the mechanisms underlying PM toxicity for better risk

prediction.
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The traditional deterministic method used in the described framework involves

selecting a single-point value for each variable, disregarding uncertainties in

contaminant concentrations and exposure parameters. On the other hand, probabilistic

risk assessment estimates the likelihood and extent of adverse health outcomes due to

inhalation exposure, incorporating uncertainties. Sensitivity analysis identifies variables

with the most impact on risk assessment outcomes, while Monte Carlo simulation

(MCS), a computational technique, performs random sampling and statistical modeling

to simulate population behavior. MCS, typically running 10,000 or more trials, presents

risk factors with uncertainties as a probability distribution, commonly setting the

benchmark for health risk at the 95th percentile (Harrison, 2009; Fakhri et al., 2018;

Ganyaglo et al., 2019; Kaur et al., 2020; Verdonck et al., 2002).

2.5 Chapter summary

The chapter focuses on the determinants of particulate matter PM-induced

cytotoxic effects and presents analytical techniques for studying the physicochemical

toxicity of airborne particles. Notable findings highlight the influence of PM

characteristics, such as size, morphology, and elemental composition, on associated

health outcomes. The efficient and resource-friendly nature of SEM, especially when

combined with EDS is emphasized, making it a strong recommendation for routine PM

monitoring. Complementary techniques such as TEM and X-ray-based methods are

suggested for more detailed analysis. This chapter emphasizes the need to incorporate

bioaccessibility data and physicochemical characteristics into health risk assessments,

stressing the importance of a comprehensive analytical approach for a comprehensive

understanding of PM-related health risks.
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CHAPTER 3: METHODOLOGY
This extensive research focuses on comprehensive air quality analysis covering

the period from 2018 to 2023, and utilizing primary data collected between 2021 and

2023, along with air pollution monitoring data provided by relevant agencies. The thesis

comprises six major components (Figure 3.1): first, modification of the in vitro lung

bioaccessibility method; second, the chemical analysis of PM toxicity (PM samples

collected in Astana, Kazakhstan) via PM bioaccessible concentration and health risk

assessment, third, the characterization of PM morphology, with samples collected in

Astana, Kazakhstan; forth, characterization of precipitation chemistry and its role in air

quality; fifth, source identification utilizing both morphology data and secondary data on

PM and gaseous pollutants concentrations; sixth, a population survey targeting adult

urban residents of Astana to assess their knowledge and perception of air quality and the

perceived air pollution situation in the region.

Figure 3.1: The major component of applied methodology

43



The methodology for this thesis project includes the following (Figure 3.2):

1) Data collection:

Primary data contains (a) mass concentrations of PM2.5 and PM2.5-10 collected in

Astana, Kazakhstan; (b) bioaccessible concentration of major PTEs in PM2.5 and PM2.5-10

samples; (c) data on PTEs and ionic concentrations in snow/rainwater samples collected

in Astana, Kazakhstan; (d) survey responses on knowledge, perception, and attitude

towards air quality among adult urban residents in Astana, Kazakhstan (Figure 3.2).

Secondary data contains (a) data on PM2.5, PM10, TSP, SO2, NO2, and HF

concentrations provided by the National Air Quality Monitoring Network (NAQMN) of

the National Hydrometeorological Service of Kazakhstan, “Kazhydromet” (Air

pollution monitoring stations 1-6), and (b) PM2.5 concentration data provided by US

Embassy
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2) Data processing and analysis:

This step involved (a) evaluation of existing lung bioaccessibility methods, which

was later applied for (b) lung bioaccessibility of PM2.5-bound PTEs; (c) characterization

of PM morphological features via SEM; (d) characterization of snow/rainwater via

ICP-MS and IC; and (e) SEqM analysis to determine major factors influencing public

perception and attitude towards air pollution.

Secondary data on PM and gaseous was used for (a) source identification via

CBPF and (b) construction of the PM prediction model.

3) Result interpretation and conclusions.

3.1 Study area

Astana (51°10’N latitude, 71°26’ E longitude) is the capital city of Kazakhstan,

located on a flat dry steppe zone with an area of 722 km2 and 347 m above sea level

(Figure 3.3). Astana belongs to a humid continental climate according to the Köppen

climate classification system with long cold winters and warm dry summers and an

average annual temperature of 4.2 ºC. The prevailing wind directions are south and

southwest with an average wind speed of 3.9 m/sec. The average annual rainfall is 295

mm (Climate Data, 2023).

The city’s population was estimated at 1,239,744 people at the start of 2022, with

594,742 male and 645,002 female residents, respectively. The average age of Astana

residents was 30.1 years in 2021. At the beginning of 2022, 795,969 adults (≥20 years)

were registered in Astana
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(National Bureau of Statistics, 2022). The population of Astana has experienced

continuous and rapid growth since 2001 e.g., an 11.2% increase in 2021 compared to

2020 (National Bureau of Statistics, 2022).

Figure 3.3: Locations of the study area, coal-heated power plants (CHPP-1 and CHPP-2), and

air pollution monitoring stations (S1-S6), US embassy, Monitoring Station (Nazarbayev

University).

3.2 Data collection

3.2.1 Primary data

3.2.1.1 PM2.5 and PM2.5-10 sampling

Seasonal PM2.5 and PM2.5-10 samples were collected in the urban area of

Nazarbayev University Campus (51°5’N latitude, 71°23’ E longitude) (Figure 3.3). The

details of the sampling periods are presented in Table 3.1. The PM2.5 and PM2.5-10

samples were collected via Partisol 2025i-D Dichotomous Sequential Air Sampler
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(ThermoFisher Scientific Inc.) that simultaneously collects two types of PM. The

sampler installation was performed according to U.S. EPA 40 CFR Part 58, Appendices

D and E siting criteria. The virtual impactor of the air sampler separates the airflow to

maintain 15.0 L/min and 1.67 L/min for PM2.5 and PM2.5-10, respectively. The PM

samples were collected for 24 h over 16 days on 47 mm diameter, 2 µm pore size PTFE

filters. This resulted in 171 samples of PM2.5 and 171 samples of PM2.5-10. Each filter was

pre-conditioned before and after collection in the equilibration room for at least 24 h at

30-40% humidity and 20°C-23°C. The gravimetric analysis of particle mass was

performed via analytical balance (RadWag, XA 220.3Y.A) The particle mass

concentration was calculated in μg/m3. The filters were stored in a Petri dish at 4°C

before use.

Table 3.1: Overview of PM2.5 and PM2.5-10 sampling periods.

Season Sampling period Number of samples
PM2.5 PM2.5-10

Winter
February 2, 2022, to February 16, 2022, December 9,

2022, to December 23, 2022, January 1, 2023, to
February 2, 2023

41 41

Spring
March 3, 2022, to March 17, 2022, April 8, 2022, to

April 21, 2022, May 22, 2023, to May 31, 2023, March
3, 2023, to March 4, 2023

47 47

Summer
June 1, 2022, to June 3, 2022, June 21, 2022, to June 28,
2022, July 16, 2022, to July 29, 2022, August 24, 2022,

to August 31, 2022, May 31, 2023, to June 13, 2023
46 46

Fall

October 15, 2021, to October 21, 2021, October 24,
2021, to November 5, 2021, November 11, 2021, to

November 11, 2021, September 9, 2022, to September
9, 2022

37 37

3.2.1.2 Precipitation sampling

The sampling site was located at Nazarbayev University Campus (51°5’N latitude,

71°23’ E longitude). The sampling campaign was carried out from March 2022 to

March 2023. The Palmex RS-2i rain sampler (Palmex Itd, Croatia) equipped with a 3 L
47



polyethylene bucket was set on the sampling site. The sampling bucket was cleaned with

deionized water (DI) and dried each time before use. The sampling occurred after the

precipitation event. The sampling bucket was taken out from the sampler, closed by the

plastic cover to void contamination, and carried to the laboratory for further analysis. If

several precipitation events happened in one day, the sample was taken on the next day.

In total, 30 snow/rainwater samples were collected. The details of the sampling period

are provided in Table 3.2. Rainwater samples were filtered with a 20 mL syringe and

0.45 μm PVDF filter.

Table 3.2: Overview of snow/rainwater sampling periods.

Season Sampling period Number of samples

Winter December 13, 2022; December 22, 2022; January 4,
2023; January 20, 2023; January 23, 2023; February

10, 2023, February 24, 2023

7

Spring March 18, 2022; March 24, 2022; April 6, 2022;
April 19, 2022; April 21, 2022; April 22, 2022; May
22, 2022; May 31, 2022; March 10, 2023; March 14,

2023; March 15, 2023

12

Summer June 1, 2022; June 5, 2022; June 13, 2022; June 25,
2022; July 5, 2022; August 11, 2022

6

Fall September 11, 2022; September 27, 2022; October 9,
2022; October 22, 2022; November 15, 2022

5

3.2.1.3 KAP of air pollution among adult residents of Astana

The survey responses were collected during May and June of 2022. Two rounds of

pre-testing with 20 respondents were conducted to ascertain the correct and rational

interpretation of the survey questions. The link to the anonymous survey was distributed

through social media platforms and the university’s mail services. A total of 870

responses were collected. Incomplete, “straight-line”, and inconsistent survey responses

were excluded from further analysis, leading to a total of 782 responses being included
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in the final analysis. The present research received prior approval from the International

Research Ethics Committee of Nazarbayev University (NU IREC).

3.2.2 Secondary data

The secondary data were obtained from the NAQMN of the National

Hydrometeorological Service of Kazakhstan, “Kazhydromet” and the US embassy air

pollution monitoring station. The 4-hour (S1), and 3-hour measurements (S2-S4) of

TSP, SO2, CO, NO2, and HF (October 2018-September 2020) (Sampler aspirator

OP-824TTs), hourly PM2.5 concentrations (the US embassy) (GAIA A12 Air Quality

Sensor), and average daily concentrations of PM10, SO2, CO, NO2, and NO (S5 and S6)

(2019) have been utilized (Figure 3.3). The meteorological parameters used for the

analysis include temperature (T), atmospheric pressure (P), relative humidity (RH),

wind direction (WD), and wind speed (WS). Data for the analysis were divided into

heating (October–April) and non-heating (May–September) periods.

3.3 Data processing and analysis

3.3.1 Evaluation of existing bioaccessibility testing methods

3.3.1.1 Standard reference materials (SRM)

In the present research, lung bioaccessibility was carried out with two SRMs: BGS

102, ironstone soil (particle size < 40 µm), collected from naturally contaminated soil in

North Lincolnshire, UK; SRM 2691, coal fly ash (particle size < 45 µm), collected from

a coal-heated power plant (Iatan Power Station, Iatan, MO, by Kansas City Power and

Light Co., Kansas City, MO). These SRMs were selected for the experimental procedure

to replicate the exposure to atmospheric particles from geogenic and industrial emission

sources.
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3.3.1.2 Modification of in vitro bioaccessibility method

To simulate human physiological conditions and examine the impact of various

chemical compositions of lung fluids on the PTEs release, we formulated eight distinct

lung solutions: original GS (adapted from Colombo et al., 2008); GS/2% DPPC (pH

7.4±0.1), GS/5% DPPC (pH 7.4±0.1), GS/0.25% cholesterol (pH 7.4±0.1), GS/0.5%

cholesterol (pH 7.4±0.1), GS/2% DPPC+0.25% cholesterol) (pH 7.4±0.1), GS/5%

DPPC+0.5% cholesterol) (pH 7.4±0.1) (pH 7.4±0.1), and ALF (pH 4.5±0.1) (chemical

composition of the SLFs given in Table 3.3). The pH of the simulated lung fluids was

adjusted to requirements when needed with NaHCO3 and HCl.

About 0.2 g of SRMs were carefully weighted (4 digits) and added to 20 mL

(37°C) of SLF in a 50 mL–PP centrifuge tube (Teflon with PTFE caps), representing a

1/100 S/L. Samples with lung fluid were placed horizontally in a laboratory orbital

shaker incubator (IKA KS 4000 i Control) previously set to 37 °C and then were

agitated at 100 rpm. A procedure blank was included in each batch. Briefly, 15 mL

(37°C) of GS or ALF were carefully added into a 50 mL-PP centrifuge tube. The

procedure for blanks was replicated as for SRM-containing samples. After the

incubation period, blanks were carefully poured into a 20 mL syringe, and filtered with a

0.45 μm pore size hydrophilic PVDF membrane filter into a 50 mL tube. Blank samples

were digested with 3:1 HNO3/HCl mixture following microwave digestion in TFMTM

PTFE pressure vessels. and stored at 4°C until analyses.

The collection of samples was initially performed after 2 h, after which the tubes

were centrifuged at 3,250 g for 10 min. The supernatant was carefully poured into a 20

mL syringe and then filtered with a 0.45 μm pore size hydrophilic PVDF membrane

50



filter into a 50 mL tube. 1 mL 70% HNO3 was added to each tube for sample

preservation. All samples were kept at 4°C until analyses. Experiments were also

conducted at longer time intervals (1 d (24 h), 1 w (168 h), 4 w (336 h)), at lower

agitation (20 rpm), and with lower S/L (1/500, corresponding to 0.04 g of SRMs).

Table 3.3: Chemical composition of SLF (adapted from Colombo et al., 2008).

Chemicals (g) in 1 L of solution GS ALF
Magnesium chloride hexahydrate (MgCl2.6H2O) 0.203 0.107
Sodium chloride (NaCl) 6.019 3.210
Potassium chloride (KCl) 0.298 —
Disodium hydrogen phosphate (Na2HPO4) 0.126 0.071
Sodium sulfate (Na2SO4) 0.063 0.039
Calcium chloride dehydrate (CaCl2.2H2O) 0.368 0.128
Sodium acetate (C2H3O2Na) 0.574 —
Sodium hydrogen carbonate (NaHCO3) 2.604 —
Sodium citrate dihydrate (C6H5Na3O7.2H2O) 0.097 0.077
Sodium hydroxide (NaOH) — 6.000
Citric acid (C6H8O7) — 20.80
Glycine (H2NCH2COOH) — 0.059
Sodium tartrate dihydrate (C4H4O6Na2.2H2O) — 0.090
Sodium lactate (C3H5NaO3) — 0.085
Sodium pyruvate (C3H3O3Na) — 0.086
1,2-dipalmitoyl-sn-glycero-3-phosphocholine (DPPC) (C37H74NO8P) 5%: 0.517 —

2%: 0.207 —
Cholesterol (C27H46O) 0.5%: 0.052 —

0.25%: 0.026 —

3.3.1.3 Elemental analysis

Samples were analyzed using ICP–MS (Thermo Fisher Scientific®, The iCAP™

RQ) to determine the bioaccessible concentration of Cd, Co, Cr, Cu, Mn, Ni, Pb, Sb, V,

and Zn (detection limits [DL] in GS (ppm): 0.0005, 0.0023, 0.0140, 0.0485, 0.0122,

0.0211, 0.0019, 0.0063, 0.0317, 0.0253 respectively; DL in ALF: 0.0002, 0.0052,

0.0283, 0.5056, 0.0049, 0.0344, 0.0146, 0.0293, 0.0914, 0.2818, respectively). Prior to

ICP analysis samples were digested in 3:1 HNO3/HCl mixture following microwave

digestion in TFMTM PTFE pressure vessels. A procedure blank was included in each

digestion batch. Digestion was performed by adding 3 mL of HNO3 and 1 mL of HCl to
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the digestion vessel. Digested samples were carefully poured into a 20 mL syringe,

filtered (0.45 μm PVDF filter) into a 50 mL tube, and made to a 25 mL volume with

deionized water. The samples were stored at 4°C until the analyses.

The bioaccessible fraction (%bio) was calculated for each contaminant using the

following formula (Guney et al., 2017):

, (3.1)%
𝑏𝑖𝑜

=
𝐶

𝑏𝑖𝑜
×𝑉

𝐶
𝑡𝑜𝑡𝑎𝑙

×𝑚 ×100

where Ctotal is the concentration of a contaminant in SRM (mg/kg); m is the mass of the

sample (g), Cbio is the bioaccessible concentration of a contaminant (mg/L) and V is the

volume of a lung fluid (mL).

3.3.1.4 QA/QC

Procedure blanks were included in each experimental batch. For most of the in

vitro bioaccessibility experiments, the results for the procedure blank were close to the

instrumental detection limit. An internal standard (103Rh) was used for all calibration

standards, samples, and blanks. The variability between duplicates for in vitro

bioaccessibility experiments was estimated by the relative standard deviation (RSD). To

assess the effectiveness of the analytical procedure and calculate metal recovery, a

bioaccessibility experiment was performed with ALF with and without SRM samples

and with a spiking solution containing 1 mg/L of Co, Ni, Pb, and Zn (Table 3.4). Briefly,

15 mL of ALF was added into a 50 mL-PP centrifuge tube. 1 ml of a multi-element

IV-ICPMS-71A solution (10 μg/ml) was used for spiking. For samples containing SRM,

0.2 g of SRM 2691 was added to five 50 mL-PP centrifuge tubes. Spiking was done at 2

h, 1 d, 3 d, 1 w, and 2 w test duration. Spiking samples were digested with a 3:1
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HNO3/HCl mixture following microwave digestion in TFMTM PTFE pressure vessels

and analyzed via ICP-MS.

Table 3.4: Recovery % of Co, Ni, Pb, and Zn in ALF.

Recovery (%)
Co Ni Pb Zn

Spike (no sample) –2 h 82 89 80 77
Spike – 1 d 87 88 77 74
Spike – 3 d 93 46 115 83
Spike – 1 w 91 95 83 83
Spike – 2 w 91 97 80 82

Spike (SRM 2691) – 2 h 69 55 60 5
Spike – 1 d 74 66 54 19
Spike – 3 d 57 50 25 –2
Spike – 1 w 74 72 21 24
Spike – 2 w 79 77 21 30

3.3.2 Bioavailability of PM-bound PTEs

3.3.2.1 In vitro lung bioaccessibility of PM-bound PTEs

The ALF was employed to estimate the bioaccessible concentration of PTEs in

PM2.5. The composition of lung fluid is specified in Table 3.3. Briefly, 41 PTFE filters

were put into 15 mL–PP centrifuge tubes (Teflon with PTFE caps) and mixed with 10

mL of ALF (37 °C). The PM2.5 samples with ALF were placed horizontally in a

laboratory orbital shaker incubator (IKA KS 4000 i Control) set to 37 °C and 100 rpm

agitation for 1 week. The extracted lung fluid was carefully poured into a 20 mL syringe

following the filtration with a 0.45 μm pore size hydrophilic PVDF membrane filter. For

the sample preservation, 0.5 mL of 70% HNO3 was added to each tube. All samples

were kept at 4°C (maximum duration is ten weeks) until the analysis. For the elemental

analysis samples were digested in a microwave digestor (speedwave® ENTRY,

BERGHOF) in TFMTM PTFE pressure vessels using a 3:1 HNO3/HCl mixture. A
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procedure blank was included in each digestion batch. A mixture of 1.5 mL of HNO3

and 0.5 mL of HCl was added to each digestion vessel. All digested samples were

filtered with a 20 mL syringe and 0.45 μm PVDF filter into a 50 mL tube and stored at

4°C until elemental analysis.

Samples were analyzed using ICP–MS (Thermo Fisher Scientific®, The iCAP™

RQ) to estimate the bioaccessible concentration (mg/kg) of Cd, Co, Cr, Cu, Fe, Mn, Ni,

Pb, Sb, V, and Zn (detection limits [DL] in ALF (ppm): 0.0002, 0.0052, 0.0283, 0.5056,

0.0049, 0.0344, 0.0146, 0.0293, 0.0914, 0.2818).

The bioaccessible concentration for each PTE was calculated using the following

formula:

, (3.2)𝐶
𝑏𝑖𝑜

= 𝑚
𝑏𝑖𝑜

×1000/𝑚

where Cbio is the bioaccessible concentration of a contaminant (mg/kg) and mbio is

bioaccessible mass (mg).

3.3.3 Inhalation HHRA via bioaccessible concentration of PTE

HHRA was conducted using the Inhalation Dosimetry Methodology outlined by

the U.S. EPA (U.S. EPA, 2009). This methodology incorporates the assessment of

exposed populations, exposure conditions, and the quantification of potential doses or

chemical intake. Based on these considerations, evaluation of environmental exposure to

adults and children was performed in the present research. Exposure concentration (EC,

µg/m3), carcinogenic risk (CR), and hazard index (HI) were calculated for HHRA of

PTEs in PM2.5. 

EC for chronic exposure for each PTE was calculated using the following formula (U.S.

EPA, 2009):
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EC= , (3.3)
𝐶

𝑏𝑖𝑜
×𝐸𝑇×𝐸𝐹×𝐸𝐷

𝐴𝑇

where Cbio is the bioaccessible concentration of each PTEs (µg/m3), ET is the exposure

time (hours/day) (ET = 24 hours/day for adults and children), EF is exposure frequency

(days/year) (ET = 350 days/year for adults and children), ED is exposure duration

(years) (ED = 20 years for non-carcinogenic risk, and ED = 70 years for carcinogenic

risk), and AT is averaging time (ED in years 365 day/year 24 hours/day) (AT = ED ×

365 × 24 h for non-carcinogenic PTEs and AT = 70 × 365 × 24 h for carcinogenic PTEs)

(Sánchez-Piñero, et al., 2021; Novo-Quiza et al., 2023).  

CR was estimated using the following formula (U.S. EPA, 2009): 

CRi = IURi × EC, (3.4)

where IURi is inhalation unit risk (μg/m3)-1.

, (3.5)𝐻𝑄
𝑖

= 𝐸𝐶
𝑅𝑓𝐶

𝑖
×1000

where RfCi is is the reference concentration of chronic inhalation exposure (mg/m3). 

IURi of each PTE (1.8 ×10–3, 8.4 ×10–2, 9.0 ×10–3, and 2.6 ×10–4 for Cd, Cr (VI), Co, and

Ni, respectively) (U.S. EPA 2009); and RfCi is the reference concentration of chronic

inhalation exposure (mg m–3) of each PTE (1.0 ×10–5, 1.0 ×10–4, 6.0 ×10–6, 5.0 ×10–5, 1.4

×10–5, 2.0 ×10–4, and 1.0 ×10–4 for Cd, Cr (VI), Co, Mn, Ni, Sb, and V, respectively)

(U.S. EPA 2019a,b).

HIc and HInc were calculated as follows (U.S. EPA, 2009): 

HIc = ΣCRi, (3.6)

HInc = ΣHQi, (3.7).

3.3.3 Investigation of PM morphology
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Ten PM2.5 and PM2.5-10 sample filters collected during the summer (July) and

winter (January) seasons were selected for source identification based on morphological

features. Each filter paper was cut into 1 mm2 sized squares, mounted on carbon tape,

and coated with a 15 nm Au layer using a sputter coater (Q150T) to improve sample

conductivity. Samples were analyzed via Field-Emission SEM (FE-SEM) (ZEISS

Crossbeam 540) operated using ORS Dragonfly Pro software. PM samples were

analyzed under high-vacuum conditions (10-5 mbar sample chamber pressure), at a

working distance of 3.6 mm with an accelerating voltage of 5 kV, scan speed 3, and 117

pA probe current. Specified instrumental settings enabled the successful identification of

PM particles with a geometric diameter <100 nm. The percent distribution for particle

types was estimated manually, by calculating a number of particles of a specific type

(based on morphological characteristics) relative to a total number of particles on the

SEM image.

3.3.4 Characterization of snow and rainwater

Snow and rainwater samples were filtered using 20 mL syringes and 0.45 μm pore

size PVDF filters. Some samples (n = 5) were filtered twice to remove solid particles.

The pH of precipitation samples was measured using a pH meter (METTLER

TOLEDO™ SevenCompact™). Three standard buffer solutions at pH 10.01, 7.00, and

4.01 were used before measurement for calibration. The electric conductivity of the

samples was measured via a conductivity meter (WTW inoLab® Multi 9310 IDS).

Samples were then preserved at 4°C.

The ICP-MS (Thermo Fisher Scientific®, The iCAP™ RQ) was used to estimate

the concentration (µg/L) of Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb, Sb, V, and Zn. Prior to
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elemental analysis samples were digested with 3 mL HNO3 and 1 mL of HCl in a

microwave digestor (speedwave® ENTRY, BERGHOF) and filtered with 0.45 μm pore

size PVDF filters. Digested samples were stored at 4 °C before the analysis.

The soluble fractions of samples were analyzed for seven major anions (F−, Cl−,

NO2
−, SO4

2−, Br−, NO3
−, PO4

3−) and six major cations (Li+, Na+, NH4
+, K+, Ca2+, Mg2+) by

using Ion Chromatography (IC, Dionex™ ICS-6000 Ion Chromatography System). The

instrument had a built-in eluent generator (ultrapure water mixed with KOH for anions

and methane sulfonic acid for cations) and was operated using Chromeleon™

Chromatography Data System (version 7.2.9) software. The injection volume and flow

rate during instrument operation were set at 2.5 μL and 0.38 mL/min, respectively. The

ultrapure water used during cleaning, blank preparation, and calibration was produced

using a Milli-Q® Direct Water Purification System (15.0 MΩ/cm resistivity).

The IC instrument was calibrated prior to analysis using separate anion and cation

standard solutions with six concentration values ranging from 0.05 to 10 mg/L. The

standard solutions were prepared using Sigma-Aldrich TraceCERT® Certified

Reference Materials (Multi Anion Standard 2 for IC (Product No. 53798), Multi Anion

Standard 3 for IC (55698), Nitrite Standard for IC (67276), and Multi Cation Standard 2

for IC (93159)). The detection limit (DL) for ionic concentrations was calculated as the

sum of the average and three standard deviations of the blank values.

3.3.5 Source apportionment via CBPF

The identification of air pollutant sources was achieved through the application of

CBF and CBPF modeling, incorporating mathematical calculations based on (Eq. 3.8):

, (3.8)𝐶𝐵𝐹 ∆θ =
𝑚

∆θ
|𝐶≥𝑥

𝑛
∆θ
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where is the number of samples within the wind sector with concentration C ≥𝑚
∆θ

∆θ

x, and is the total number of ambient samples in the wind sector , X is a threshold𝑛
∆θ

∆θ

for the episodes of ambient pollutant concentrations (e.g., the 75th or 90th percentiles)

(Uria-Tellaetxe & Carslaw, 2014).

CBPF is based on ambient pollutant concentrations exceeding a specific threshold

for a particular wind speed and direction sector. This enables a comparison of directional

information about major pollution sources with a spatial map to assess consistency with

pollution levels from significant emission sources at monitoring stations. Unlike CBF,

CBPF relies on probability calculation employing wind speed, defined as (Eq. 3.9):

, (3.9)𝐶𝐵𝑃𝐹 ∆θ,   ∆𝑢 = 𝑚∆θ, ∆𝑢|𝐶≥𝑥
𝑛∆θ, ∆𝑢

where is the number of samples in the wind sector and wind speed interval𝑚∆θ ∆θ ∆𝑢

with the concentration C ≥ threshold x; is the total number of ambient samples𝑛∆θ,  ∆𝑢

in the wind sector and wind speed interval (Jeričević et al., 2019; Sooktawee et∆θ ∆𝑢

al., 2020).

Bivariate polar plots use wind speed (r) and wind direction (θ) to display statistical

information (e.g., mean pollutant concentrations). The data are segmented into bins

based on wind conditions, and a Generalized Additive Model (Eq. 3.10) is applied for

surface fitting to capture non-linear relationships and variable interactions in air

pollution studies (Sooktawee et al., 2020).

, (3.10)𝐶
𝑖

= β
0

+ 𝑠 𝑢
𝑖
, ˅

𝑖( ) + ε
𝑖

where is pollutant concentration (µg/m3), is the overall mean of response,𝐶
𝑖

β
0

𝑠 𝑢
𝑖
, ˅

𝑖( )
is isotropic smooth function of the ith value of wind covariates (𝑢

𝑖
 𝑎𝑛𝑑 ˅

𝑖
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and , is mean with speed (m/sec), and𝑢 = 𝑢. sin 𝑠𝑖𝑛 (2π /θ) ˅ = 𝑢. cos 𝑐𝑜𝑠 (2π /θ)) 𝑢

is the ith residual (Uria-Tellaetxe & Carslaw, 2014).ε
𝑖

CBPF can incorporate not only individual pollutant concentration points

exceeding a specified threshold but also an interval of pollutant concentrations, defined

as:

, (3.11)𝐶𝐵𝑃𝐹 ∆θ, ∆𝑢 𝑖( ) = 𝑚∆θ,∆𝑢|𝑦≥𝐶≥𝑥
𝑛∆θ,∆𝑢

where is the number of samples in the wind sector at the wind speed𝑚∆θ,  ∆𝑢 ∆θ

interval (that have a concentration C between threshold interval y and x), and∆𝑢

is the total number of ambient samples at that particular wind direction and𝑛∆θ, ∆𝑢

wind speed interval.

Unlike the bivariate CBF model, CBPF considers concentration intervals in

addition to individual values above a threshold, offering more detailed insights into both

prominent and 'hidden' pollution sources (Sooktawee et al., 2020). The CBF and CBPF

analysis was performed with 'R' programming language with the Openair package

(Carslaw and Beevers, 2012) (Carslaw, 2012).

3.3.6 PM2.5 concentration prediction modeling

3.3.7.1 Statistical analysis

The Spearman's correlation test was applied to non-normally distributed datasets

to determine the correlation coefficient (r) between PM2.5 concentration and independent

variables (i.e., PM10, SO2, CO, NO2, NO, T, P, RH, WD, and WS). MLR was then

executed to assess the relationship between the dependent variable (PM2.5) and

independent variables, with pre-regression assumptions verified. Model validation
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employed statistical methods such as VIF, RMSE, MAE, NME, IA, PA, and R2

(Thongthammachart & Wanida, 2019). Stata 14.2 software by StataCorp® was used for

statistical analysis.

3.3.7.2 Machine Learning (ML) approach

The RF algorithm was employed for an ML model to predict PM2.5 concentrations.

The MLR dataset was divided into training (80%) and testing data (20%) due to the

substantial number of predictor variables (10) and the dataset size (n = 7,912 for S5, n =

6,931 for S6). Python was utilized for RF model development and performance

evaluation, using the same indices employed for MLR model validation. Furthermore,

10-fold cross-validation (CV) was conducted to assess training set performance,

involving ten iterations of dividing it into training and validation subsets, followed by

model performance analysis (Park et al., 2020; Kulkarni et al., 2022).

3.3.7.3 HHRA
The AIRQ+ software was used to estimate the impact of air pollution and

associated health burdens for specific pollutants. The “Life Table Evaluation module”

was utilized for HHRA to quantify DALY, a combination of YLL and YLD associated

with PM2.5 inhalation exposure in Astana (Eq. 3.12).

DALY = YLL + YLD, (3.12)

where YLL is Years of Life Lost due to premature death and YLD is Years of Life Lost

due to Disability.

Data on respiratory and cardiovascular mortality and morbidity were used for

YLD calculation, while YLL data were obtained from the national socio-economic
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status database of the Republic of Kazakhstan. The RR was calculated using the mean

PM2.5 concentration and β from previous studies. AIRQ+ then employs RR to determine

YLL for different age groups (Eq. 3.13).

RR = , (3.13)𝑒β×∆𝑥

where Δx denotes the difference between the observed PM2.5 concentrations and the

threshold PM2.5 concentration assumed to cause adverse health effects.

YLD values were calculated based on mortality cases, disability weights, and PAF

for each disease or disability group. PAF accounts for the fraction of the population

exposed to elevated PM2.5 concentrations (Eq. 3.14).

YLD = ∑(Mortality cases× Disability weight× PAF), (3.14)

where, Disability weight is the specific disability level for each disease or disability

group and PAFi,g is the population attributable fraction of disease or disability group i for

a population group g, which is calculated as (Jung et al., 2019; Yang et al., 2019):

PAF = , (3.15) 
𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛

𝑔
×(𝑅𝑅

𝑖.𝑔
−1)

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛
𝑔
× 𝑅𝑅

𝑖,𝑔
−1( )+1

where Population proportion g is the fraction of the population exposed to elevated

PM2.5 concentrations in a population group g (Jung et al., 2019; Yang et al., 2019).

3.3.7 KAP of air pollution among residents of Astana

3.3.8.1 Instrumentation

The framework of the survey instrument was adapted from Chin et al. (2019). The

32-item questionnaire was created via an online research software, Qualtrics (Qualtrics

LLC, UT, US), in the form of a self-administered questionnaire. The snowballing

sampling technique has been used. The online questionnaire was designed in three
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languages: English, Kazakh, and Russian, to guarantee that respondents could

comfortably respond to questions in their preferred language. A sample of the survey in

English is provided in Appendix A. The survey response collection was approved by the

institutional research ethics committee (Nazarbayev University Institutional Research

Ethics Committee (NU IREC)) (NU IREC approval number: 564/28042022).

The survey questionnaire was divided into three sections. The first part contained

seven questions on the sociodemographic parameters of the studied population (age,

gender, education, employment status, work environment, average household income,

and chronic health conditions). The second part contained three questions to assess the

awareness of the studied population about air pollution. This section had three

multiple-choice questions to understand the perception of the general public on air

quality in the region, knowledge about potential sources of air pollution, and the sources

of information regarding air pollution-related topics. The second part also contained six

true/false questions further evaluating participants’ knowledge of air pollution

monitoring systems, sources of gaseous pollutants, air pollution-related indicators (e.g.,

API), and health effects related to air pollution. The third part evaluated the participants’

attitudes toward environmental protection and was composed of sixteen statements on a

5-point Likert scale. Statements covered the attitude of the studied population toward

economic cost and governmental pollution management prices as well as

Willingness-to-pay (WTP for environmental protection.

3.3.8.2 Statistical analysis

With regard to the assessment of knowledge of potential sources of air pollution in

Section 2a of the questionnaire, each correct answer was given 1 point, leading to a total
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of 8 maximum points. In Section 2b, 1 point was given for a correct answer, -0.2 for an

incorrect response, and 0 points when answered ‘I don’t know’ (leading to a total of 6

points). In Section 3 of the questionnaire, a higher score on a 5-point Likert scale

indicated more positive attitudes in Statements 17, 19, 21, 25, 27, 28, 29, 31, and 32;

whereas statements 20, 22, 23, 26, and 30 were scored in reverse i.e., a higher score

indicating a negative attitude toward environmental protection.

Four statements (#17, 23, 26, and 30) represent the affective component of the attitude

scale whereas five statements (#18, 25, 27, 28, and 32) denote the cognitive element.

The conative component of the attitude scale is reflected in the five statements related to

WTP for environmental protection (statements #19, 21, 24, 29, and 31).

The statistical analyses including descriptive analysis, t-tests, and chi-square

association tests have been conducted via Stata 14.2 by StataCorp. 2015 (TX, US) to

assess the relationships between knowledge about air pollution, concerns about air

quality, attitudes towards environmental protection, and demographic characteristics.

3.3.8.3 Structural Equation Modeling (SEqM) and Model Validity

The SEqM tool was used to evaluate the proposed model’s reliability and validity and to

test the hypotheses set. SEqM allows multivariate analysis of the relationships between

the variables (Hair et al., 2018). Table 3.5 and Figure 3.4 represent the SEqM’s latent,

observable variables, related questions, and the model itself. First, the partial-least

squares technique was used to identify the path loadings. Each latent variable was

described through a minimum of two observable variables. Then, to check the

hypothesis, bootstrapping was used to derive heterotrait-heteromethod correlation

statistics, thus, calculating the standard error, which helps to identify the bootstrap
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confidence interval (95% limit). The model validity was then checked through statistical

values such as outer loadings, Cronbach’s Alpha, average variance extracted,

Dillon-Goldstein’s rho, and composite reliability. The acceptance criteria were the

following: outer loadings > 0.7, Cronbach’s Alpha > 0.7, Average variance extracted >

0.5, Dillon-Goldstein’s rho (rho_A) > 0.7, and composite reliability > 0.7.

Table 3.5: Latent, observable variables and their corresponding questions.

Latent variable Observable
variable Question

Environmental
Attitude

EA1 Educating the younger generation about the knowledge of
environmental protection is important.

EA2 Taking care of the environment is something I really care about.
EA3 Air pollution caused by cars is extremely dangerous to health.
EA4 To protect the environment, Kazakhstan needs economic growth.

EA5 I do not mind paying more money to use better-quality gasoline,
which leads to less pollution.

EA6 Protecting the environment should be given priority, even if it
causes slower economic growth.

Perception of
national air

pollution and
economy

P1 Air pollution is a fair price to pay for economic development.

P2 The economic growth of Kazakhstan is currently more important
than environmental protection.

P3 There is no point in doing what I can for the environment unless
everyone does the same.

P4 Kazakhstani worry too much about industrial development
polluting the atmosphere and degrading human health.

P5 Nothing can be done by me or my family/friends to improve the
current atmospheric situation.

P6 The air quality in Kazakhstan is getting better because of modern
science and technology.

P7 Kazakhstan’s government has to reduce atmospheric pollution, but
it should not cost me any money.

WTP

WP1 I do not mind an increase in taxes if the extra money is used to
prevent further atmospheric pollution.

WP2 I am willing to accept cuts in my standards of living to protect the
environment.

WP3 I would contribute part of my income if I were certain that the
money would be used to prevent atmospheric pollution.

Institutional
knowledge

KoI1 Sulfur dioxide (SO2), which is a serious air pollutant, mainly comes
from coal-heated power plants and residential heating.

KoI2 Air pollution is a fair price to pay for economic development.

Knowledge of
local air quality

KoLAQ1 The air quality in Kazakhstan is getting better because of modern
science and technology.

64



KoLAQ2 Kazakhstani worry too much about industrial development
polluting the atmosphere and degrading human health.

Figure 3.4: Proposed SEqM model.

3.4 Chapter summary

This chapter describes the methodological framework utilized in the current

research. A comprehensive air quality analysis using air pollution data from 2018 to

2023 as well as research findings from experimental procedures were employed for (1)

morphological characterization of PM particles collected in Astana; (2) identification of

major local emission sources; (3) characterization of PM toxicity via in vitro lung

bioaccessibility and health risk assessment; (4) investigation of precipitation chemistry;

(5) modeling of PM concentration and (6) assessment of knowledge, perception, and

attitude of the local population about air pollution.
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Effect of SLF composition on lung bioaccessibility

4.1.1 Bioaccessibility of PTEs in GS and ALF

Overall, higher bioaccessibility (%) in ALF than in GS was present for all PTEs

after testing for 1 w (Table 4.1). The bioaccessibility in ALF was the highest for Ni

(SRM 2691) and Cd (BGS 102) (61.9% and 91.0%, respectively). Only for selected

PTEs (e.g., Cr, Cu, V in SRM 2691 and Cu, Mn, V in BGS 102) the bioaccessible

concentration was above the DL when using GS. Vanadium in SRM 2691 showed the

highest bioaccessible concentration (50.1 mg·kg−1) in GS. For BGS 102, dissolved in

GS, the highest bioaccessibility fraction of 43.9% was observed for Cu.

Table 4.1: Bioaccessible concentrations (Cbio-cumul, mg·kg−1 ± RSD (relative standard deviation in

%)) and fractions (%bio) of Cd, Co, Cr, Cu, Mn, Ni, Pb, Sb, V, and Zn for a 1 w extraction in GS

and ALF and an S/L ratio of 1/100 (n = 4) for selected PTEs in SRM 2691 and BGS 102.

SRM 2691 BGS 102

PTEs GS ALF GS ALF

Cbio-cumul %bio Cbio-cumul %bio Cbio-cumul %bio Cbio-cumul %bio

Cd <0.06 ± —* —** 1.02 ± 8.42 — <0.06± — <22.0 ± — 0.25 ± 14.3 91.0 ± 14.3

Co <3×10-4 ± — <1.11 ± — 0.01 ± 7.23 54.6 ± 7.23 <0.29 ± — <0.72 ± — 18.7 ± 4.11 46.9 ± 4.11

Cr 18.6 ± 19.6 27.3 ± 19.6 41.7 ± 1.86 61.4 ± 1.86 <1.74 ± — <0.78 ± — 26.5 ± 0.18 11.8 ± 0.18

Cu 9.86 ± 11.7 — 94.1 ± 1.00 — 11.4 ±3.71 43.9 ± 3.71 <63.2 ± — —

Mn <1.52 ± — <0.76 ± — 108 ±6.07 54.1 ± 6.07 12.6 ± 21.0 0.17 ± 21.0 4.51 ± 1.03 61.5 ± 1.03

Ni <2.64 ± — <4.98 ± — 32.8 ± 3.40 61.9 ± 3.40 <2.64 ± — <3.30 ± — 0.02 ± 1.17 24.1 ± 1.17

Pb <0.23± — <0.80 ± — 13.0 ± 1.11 44.9 ± 1.11 <0.23 ± — <0.29 ± — 0.03 ± 1.18 36.5 ± 1.18

Sb <0.79 ± — — <3.66 ± — — <0.79 ± — — 10.5 ± 4.15 —

V 50.1 ± 19.0 — 172 ± 6.13 — 10.2 ± 2.93 2.87 ± 2.93 0.03 ± 1.81 7.57 ± 1.91

Zn <3.16 ± — <2.64 ± — 61.0 ± 0.74 50.8 ± 0.74 <3.16 ± — <1.65 ± — 0.05 ± 3.31 25.8 ± 3.31

* RSD not present

** Bioaccessibility value (%) not present
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The difference in pH of GS and ALF is the major parameter affecting the PTEs release

resulting in different bioaccessibility measurements as PTEs mobility is generally

inversely proportional to pH constituents (McLean & Bledsoe, 1992). Moreover, the

presence of citrate in ALF accelerates the metal release by forming metallic complexes,

increasing the chelating capability of ALF (Hedberg et al., 2010; Hillwalker &

Anderson, 2014). This overall outcome is also in line with literature suggesting that

PTEs tend to be more bioaccessible in the acidic environment of ALF (Julien et al.,

2011; Guney et al., 2016; Pelfrêne et al., 2017; Verougstraete et al., 2022).

4.1.2 Bioaccessibility of PTEs in GS modified with DPPC and cholesterol

For the one-week extraction period, the presence of DPPC and cholesterol had a

bidirectional effect, increasing and decreasing the bioaccessibility of certain PTEs i.e.,

the ones with concentrations above DLs (e.g., Cu, Mn, and V in BGS 102, and Cr, Cu,

and V in SRM 2691) (Table 4.2).

For BGS 102, the bioaccessibility of Cu and Mn in BGS 102 remained similar

when testing in modified GS. However, a formulation with a combination of 5%

DPPC+0.5% cholesterol resulted in an increase in Cu bioaccessibility from 43.5% to

51.5%. When 5% DPPC only was present, the bioaccessibility of V in BGS 102

increased from 2.87% to 8.35%.

For SRM 2691, the bioaccessible fraction of Cr increased with individual

incorporation of 0.25% cholesterol or 5% DPPC, rising from 27.3% to 31.5% and

33.2%, respectively. In contrast, the formulations containing DPPC + cholesterol in the

two tested concentrations resulted in a decrease in Cr bioaccessibility: to 22.4% in the
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2% DPPC + 0.25% cholesterol, which further decreased to 16.7% in the 5% DPPC +

0.5% cholesterol. Moreover, the individual addition of 0.5% cholesterol slightly

decreased Cr bioaccessibility from 27.3% to 22.0%. The bioaccessible concentration of

V (original: 50.1 mg·kg−1) in modified GS also increased, with a higher bioaccessible

concentration in the formulation with 0.25% cholesterol (61.2 mg·kg−1) and 5% DPPC

(57.5 mg·kg−1) concentration. Similarly, the bioaccessible concentration of V slightly

decreased when tested in GS modified with DPPC + cholesterol (e.g., 41.8 mg·kg−1 in

2% DPPC + 0.25% cholesterol and 33.1 2% mg·kg−1 in 5% DPPC + 0.5% cholesterol).

The bioaccessible concentration of Cu in SRM 2691 showed a slight increase in all

modifications employed. The 5% DPPC + 0.5% cholesterol resulted in the highest

bioaccessible concentration of Cu (original: 9.86 mg·kg−1 and modified: 12.4 mg·kg−1).

The combination of DPPC and cholesterol in the solution can promote the

formation of hydrophobic lipid bilayers or micelles favoring the solubilization of

hydrophobic compounds. Moreover, they can act as the stabilizing ligand, interacting

with metal ions (e.g., Cu2+) and preventing the formation of metal aggregates. The

findings indicate that the effect of SLF modification is highly sample and

element-specific. The results also suggest that for a more effective in vitro dissolution of

V, it is recommended to use GS with DPPC in higher concentrations. Moreover, for

Cu-containing samples, it is feasible to employ a combination of DPPC and cholesterol

in higher concentrations when testing with GS. However, the findings also suggested

that using a higher concentration of cholesterol in GS can lead to the formation of

lipid-rich complexes or aggregates that can act as salting–out agents, decreasing the

solubility of metal ions (e.g., Cr).
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Table 4.2: Bioaccessible concentrations (Cbio-cumul, mg·kg−1 ± RSD (relative standard deviation in

%)) and fractions (%bio ± RSD (relative standard deviation in %)) of selected PTEs in SRM 2691

and BGS 102 for a 1 w extraction and an S/L ratio of 1/100 in modified GS (n = 12).
SRM 2691

PTEs Not modified Low
Cholesterol

High
Cholesterol

Low DPPC High DPPC Low
Cholesterol/Lo

w DPPC

High
Cholesterol/
High DPPC

Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio

Cd <0.06
± —*

—** <0.06±
—

— <0.06
± —

— <0.06
± —

— <0.06
± —

— <0.06
± —

— <0.06
± —

—

Co <3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

<3×10-

4 ± —
<1.11
± —

Mn <1.52
± —

<0.76
± —

<1.52
± —

<0.76
± —

<1.52
± —

<0.76
± —

15.7 ±
6.61

7.83
±

6.61

<1.52
± —

<0.76
± —

<1.52
± —

<0.76
± —

<1.52
± —

<0.76
± —

Ni <2.64
± —

<4.98
± —

<2.64
± —

<4.98
± —

<2.63
± —

<4.97
± —

<2.63
± —

<4.97
± —

<2.64
± —

<4.98
± —

<2.64
± —

<4.98
± —

<2.64
± —

<4.97
± —

Pb <0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

<0.23±
—

<0.80
± —

Sb <0.79
± —

— ≤0.81±
—

— <0.79
± —

— <0.79
± —

— ≤0.86
± —

— <0.79
± —

— <0.79
± —

—

Zn <3.16
± —

<2.64
± —

<3.16
± —

<2.64
± —

≤3.92
± —

<3.26
± —

<3.16
± —

<2.64
± —

<3.16
± —

<2.64
± —

≤26.5
± —

≤22.1
± —

<3.16
± —

<2.64
± —

BGS 102

PTEs Not modified Low
Cholesterol

High
Cholesterol

Low DPPC High DPPC Low
Cholesterol/Lo

w DPPC

High
Cholesterol/
High DPPC

Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio Cbio-cum

ul

%bio

Cd <0.06±
—

<22.0
± —

<0.06±
—

<22.0
± —

<0.06±
—

<22.0
± —

<0.07±
—

<26.6
± —

<0.06±
—

<22.0
± —

<0.06±
—

<21.9
± —

<0.06±
—

<21.9
± —

Co <0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

<0.29
± —

<0.72
± —

Cr <1.74
± —

<0.78
± —

<1.74
± —

<0.78
± —

<1.74
± —

<0.78
± —

11.8±
20.0

5.26
±

20.0

<1.74
± —

<0.78
± —

<1.74
± —

<0.77
± —

<1.74
± —

<0.77
± —

Ni <2.64
± —

<3.30
± —

<2.64
± —

<3.30
± —

<2.64
± —

<3.30
± —

<2.64
± —

<3.29
± —

<2.64
± —

<3.30
± —

<2.63
± —

<3.29
± —

<2.63
± —

<3.29
± —

Pb <0.23
± —

<0.29
± —

≤0.30
± —

<0.38
± —

<0.23
± —

<0.30
± —

<0.23
± —

<0.29
± —

<0.23
± —

<0.29
± —

<0.23
± —

<0.29
± —

<0.23
± —

<0.29
± —

Sb <0.79
± —

— <0.79
± —

— <0.79
± —

— <0.79
± —

— <0.79
± —

— <0.79
± —

— <0.79
± —

—

Zn <3.16
± —

<1.65
± —

<3.16
± —

<1.66
± —

<3.16
± —

<1.66
± —

<13.2
± —

<6.89
± —

<3.72
± —

<1.95
± —

<3.16
± —

<1.65
± —

<3.16
± —

<1.65
± —

* RSD not present.
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** Bioaccessibility value (%) not present.

To formulate a solution that closely emulates the composition of fluids naturally

present in human lungs, it may be viable to substitute a lung surfactant with DPPC or

cholesterol. DPPC plays a critical role in facilitating the release of contaminants from

particulates, serving as a mild chelating agent, thereby enhancing the wettability of

hydrophobic particles, and preventing particle agglomeration. Recent studies have

investigated the impact of DPPC on metal release. Pelfrêne et al. (2017) demonstrated

that the incorporation of DPPC did not exert a substantial impact on the bioaccessibility

of most PTEs they examined. However, they suggested that a concentration of

approximately 100 mg/L of DPPC should be employed in SLFs. W. Li et al. (2016)

reported a 5.6–18% reduction in Pb bioaccessibility in GS upon the exclusion of DPPC,

as investigated across various environmental settings. This further underscores the

importance of lung surfactants in the in vitro dissolution of selected PTEs.

4.2 Effect of S/L ratio on lung bioaccessibility

Lower particle load resulted in a higher bioaccessibility in ALF for Co, Ni, Pb, V,

and Sb (BGS 102) and Co, Cr, Mn, Ni, and Pb (SRM 2691) (Figure 4.1). The average

bioaccessibility values for lower S/L ratio (BGS 102) decreased in the following order:

Pb (94.8%) > Co (90.8%) > Ni (59.8%) >Sb (20.5%) >V (19.5%). In a higher S/L ratio

(BGS 102), however, Co was the most bioaccessible metal (46.9%), followed by Pb

(36.5%), Ni (24.1%), Sb (10.5%), and V (7.57%). In SRM 2691, Cr showed the highest

solubility in ALF in both S/L ratio values (61.9% and 86.0% in 1/100 and 1/500 S/L

ratio, respectively). In a 1/100 particle loading, Pb was the least bioaccessible element in

ALF (44.8%), while in a 1/500 S/L ratio, Mn was the least soluble (54.1 %). The
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extraction in GS showed a similar trend, but lower bioaccessibility values. In BGS 102,

the bioaccessibility of V was 5 times higher in a lower S/L ratio (2.87% and 14.5%,

respectively). In SRM 2691 the bioaccessibility value of Cu increased from 9.9% to

58.0% for a lower S/L ratio value in GS.

Several studies examined the effect of different S/L ratios on the bioaccessibility

of PTEs in SLFs ranging from 1/20,000 to 1/2 (Pelfrêne et al., 2017). A study by Julien

et al. (2011) suggested that metal release in SLFs decreases with the increase in particle

loading. The same author argues that the S/L ratio of >1/500 increases the probability of

solution saturation and competition between soluble PTEs. Similarly, a study by

Tomašek et al. (2021) compared S/L ratios of 1:10, 1:20, 1:100, 1:500, and 1:1000 for

volcanic ash samples and found that a lower S/L ratio resulted in higher in vitro lung

bioaccessibility for Al, Co, Cr, Cu, Fe, Mn and V. However, a study by Pelfrêne et al.

(2017) suggested that the bioaccessibility of Ba, Cd, Co, Cr, Cu, Mn, Ni, Pb, Sr, and Zn

in three SRMs (BCR-723, NIST 2710a, and NIST 1648a) remains consistent regardless

of the S/L ratio (i.e., range of 1:1,000 to 1:10,000) in ALF.

≤One of the replicate values is less than DL.

Figure 4.1: The comparison of solid–to–liquid ratio (1/100; 1/500) and bioaccessibility of

selected PTEs in (a) BGS 102 and (b) SRM 2691 in ALF extraction for 1w.
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Although an S/L ratio of 1/100 is the most employed for in vitro bioaccessibility

experiments (Kastury et al., 2017), it can result in particle agglomeration and chelator

saturation which disrupts the dissolution of PTEs in SLF (Kastury et al., 2018).

However, a higher particle load can provide a more accurate simulation of human PM

exposure that ranges from 20 µg/m3 to 500 µg/m3 relative to 5–20 mL of lung fluid

(Julien et al., 2011). The effect of the S/L ratio on bioaccessibility is also sample and

metal-specific, which was supported by the findings of the present research. Moreover,

other physiological parameters used for in vitro experiments can impact as well

(Gosselin & Zagury, 2020). The number of particle loads should also be practical for

researchers to handle, while still accurately reflecting the conditions of the system being

studied (Julien et al., 2011).

4.3 Effect of extraction time on lung bioaccessibility

The solubility rate of Co, Cr, Mn, Ni, and Pb (BGS 102) in ALF showed a

consistent increase up to 4 w (672 h) (Figure 4.2). As a result, for Co, Cr, Mn, Ni, and

Pb, the cumulative bioaccessible fraction (%) was the highest at 4 w (52.2%, 16.6%,

62.4%, 35.2%, and 41.1%, respectively).

The effect of extraction time on PTEs bioaccessibility in ALF was highly

element-specific for SRM 2691. The bioaccessibility of Mn and Cr in SRM 2691

exhibited a similar pattern to that observed in BGS 102 when tested in ALF. At a 4 w

(672-hour) extraction period, both PTEs showed the highest bioaccessibility, reaching

58.6% and 73.4%, respectively. However, Pb and Zn were soluble in ALF at the highest

rate at the beginning of the experiment (2h) (73.3% and 76.3%, respectively), followed

by a sharp decline and gradual growth over time. For Co (SRM 2691), specifically, the
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solubilization rate decreased within 1d (24 h) extraction and increased with longer test

durations.

Selected PTEs (e.g., Cu, Cr, and V) in both SRMs generally showed poor

solubility in GS and no apparent dependency on test duration. However, for Cu and V in

BGS 102, the highest bioaccessibility value in GS was reached at 1 d (24 h) (51.7% and

3.23%, respectively), followed by a subtle drop and increase at 4 w (672 h) extraction.

The solubility of Cr and V in SRM 2691, similar to the extraction in ALF, showed a

gradual solubility growth with longer test times.

The extraction times used in bioaccessibility studies range from several minutes to

360 d in the literature (Twining et al., 2005; Ren et al., 2020). However, no consensus

has been reached on the optimal extraction time for lung bioaccessibility testing, and the

selection of test duration was based on the specific research question and the material

being tested. Lima et al. (2013) investigated the effect of rapid and slow dissolution

rates (10 min–360 days) on bioaccessibility

Figure 4.2: The comparison of cumulative bioaccessibility (%) of selected PTEs in (a) BGS 102

and (b) SRM 2691 in ALF vs time (h) (1/100 S/L ratio, 100 rpm).
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measurements of Ni, Cd, and Zn compounds in GS. Rapid dissolution of these PTEs is

proposed to be highly affected by the presence of soluble sulfur compounds (Lima et al.,

2013). Zereini et al. (2012) explain that a steady solubility decrease following the

highest dissolution time of selected PTEs is most likely caused by either the

reabsorption of dissolved PTEs onto the surfaces of the atmospheric particles or sticking

onto the surface of the centrifuge tube after a certain period. A study by Tang et al.

(2019) investigated the bioaccessibility of As, Cr, Ni, Cu, Zn, Pb, Cd, Co, and V in

airborne PM after 8 h, 24 h, 48 h, and 72 h extraction with solubility equilibrium

reached after 24 h-72 h. According to Julien et al. (2011), the optimal time to estimate

the bioaccessibility of PTEs in SRMs at the upper limit is 24 h. However, the findings of

the present research do not support these recommendations suggesting longer test

duration (> 4 w) for particles of geological origin and coal ash samples.

4.4 Effect of agitation on lung bioaccessibility

Agitation is a mechanical step commonly applied for experimental procedure on

in vitro lung bioaccessibility (Ren et al., 2020). Agitation represents a mechanical force

that occurs in the lungs during normal breathing. A spontaneous particle agglomeration

in SLFs, when no agitation is employed, can reduce the available surface area affecting

the interaction between contaminants and chelators (Ansoborlo et al., 1990), decreasing

elemental solubility. In the present work, the solubility of most PTEs in ALF (e.g., Cd,

Co, Cr, Mn, Ni, Pb, Sb, and Zn in BGS 102 and Co, Cr, and Ni in SRM 2691) increased

with a higher agitation speed (Figure 4.3). However, bioaccessibility of Pb and Zn

(SRM 2691) in ALF showed a slightly higher value when 20 rpm agitation was

employed (45.0 % vs 46.1%, and 61.0% vs 63.7%, respectively). In ALF, Ni (SRM
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2691) and Cd (BGS 102) were the most bioaccessible element at 100 rpm, with 61.9%

and 91.0% solubility, respectively (compared to 54.6% and 79.7% at 20 rpm,

respectively). Increasing agitation speed yielded a 25% increase in the bioaccessibility

of Mn (BGS 102) in ALF. The solubility of selected PTEs (e.g., Cu and Mn in BGS 102,

and Cr, Cu, and V in SRM 102) followed a similar pattern in GS with higher

bioaccessibility values at 100 rpm.

Lower agitation speed can increase the probability of particle clogging reducing

the bioaccessibility of PTEs, however, it might more accurately represent lung

physiology. Although a higher agitation speed (e.g., 100 rpm) yielded higher

bioaccessibility values for selected PTEs, we are hesitant to recommend it for a routine

bioaccessibility procedure, unless supported by in vivo validation. Future research can

dive more into understanding the effect of different agitation methods (e.g.,

end–over–end rotation, orbital shaking, magnetic stirring, occasional stirring) on

bioaccessibility measurements.

Figure 4.3: Effect of agitation on bioaccessibility of selected PTEs in (a) BGS 102 and (b) SRM

2691 in ALF (1 w, 1:100 S/L ratio).

4.5 Reproducibility, uncertainty, and limitations of the lung

bioaccessibility method
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The optimization of parameters for the in vitro lung bioaccessibility experiments

was followed by the estimation of reproducibility and uncertainty regarded the studied

SRMs and PTEs. The average bioaccessibility values and RSD were obtained for the

two SRMs in 36 replicates. The RSD values of the selected PTEs in the SRMs were, on

average, less than 20%, indicating good reproducibility in assessing metal

bioaccessibility. The RSD values of > 20% are primarily associated with possible

contamination.

For the present dissertation, the estimation of the metal recovery was carried out

by the addition of a spiking solution containing Co, Ni, Pb, and Zn into the ALF with

and without SRM 2691 (Table 3.4). The recovery percentage for Co, Ni, Pb, and Zn in

ALF without samples was somewhat satisfactory. The sorption for spiked metals in

SRM 2691 decreased in order: Co > Ni > Zn > Pb. For in vitro tests containing SRM

2691 the recovery percentage for Pb and Zn were, in general, lower than for other

spiking metals. Moreover, after 2h the percent recovery of Zn was 5%, reaching the

highest value of 30% after 2 w extraction. A low percent recovery of certain spiking

metals can be attributed to several factors including the matrix effect, analyte loss,

instrumental sensitivity, and contamination during sample handling and analysis. It is

crucial to account for the sample losses for the result interpretation step. One approach

is to correct for low recovery by averaging the recovery observed when analyzing

spiked samples. Alternatively, calibrators should consider the same pre-treatment

process as the samples to address this issue (Mateos et al., 2020).

4.6 Total PM mass concentration
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The average concentration of collected PM2.5 samples was 28.7 µg/m3 (range: 0 -

543 µg/m3) which exceeds the WHO annual air quality guidelines by 5.75 times (5

µg/m3). It should be noted that dust incursions were not considered for the calculation of

mean PM values. In terms of the mean concentration of PM2.5, fall was the most polluted

season (mean: 38.5 µg/m3), followed by winter (mean: 34.3 µg/m3), summer (mean:

23.5 µg/m3), and spring (mean: 21.6 µg/m3) (Figure 4.4a). The highest 24-h PM2.5

concentration of 543 µg/m3 was observed in November and was 36.2 times higher than

WHO’s 24-h air quality guideline level (15 µg/m3). The second-highest concentration

was detected in February (531 µg/m3) (Figure 4.5a). The AQI for PM2.5 ranged from

good to hazardous throughout the sampling period, mostly falling within a good or

moderate category (Figure 4.6a). However, the number of days that are classified in

terms of AQI as unhealthy for sensitive individuals, unhealthy, and hazardous out of the

whole sampling period were 9, 10, and 3, respectively.

Similarly, the average PM2.5-10 concentration of 226 µg/m3 (range: 0 - 1,564 µg/m3)

exceeds WHO’s annual permissible level by 15.1 times (15 µg/m3). The highest 24-h

PM2.5-10 concentration was observed in June (1,564 µg/m3) which exceeds WHO’s 24-h

standards by 34.8 times (Figure 4.4b). In the present work, the concentration of PM2.5-10

across four seasons was the highest in summer (mean: 272 µg/m3), followed by spring

(mean: 268 µg/m3), fall (mean: 158 µg/m3), and winter (mean: 135 µg/m3) (Figure 4.5b).

The PM2.5-10 concentration concerning AQI varied substantially throughout the sampling

period. Out of 171 sampling days, 17 and 13 days fell within the hazardous and very

unhealthy categories, respectively (Figure 4.6b).
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The evaluation of air pollution levels in Astana from 2017 to 2021, based on API

(Air Pollution Index) and calculation of GR (greatest repeatability) criteria, points out a

Figure 4.4: Total mass concentration (µg/m3) (24 h) of (a) PM2.5 and (b) PM2.5-10

consistent classification of Astana’s air quality level as the 3d degree, indicating a high

level of air pollution. Furthermore, according to Beisenova et al. (2023), the annual

average concentration of PM2.5 exceeded the WHO maximum permissible level of 5

µg/m3 for the years 2017-2021, with recorded values of 0.70 mg/m3, 0.88 mg/m3, 1.27

mg/m3, 3.17 mg/m3, and 1.39 mg/m3, respectively, indicating a substantial deviation

from the recommended air quality standards. This is predominantly attributed to the

emissions of pollutants from various sources such as CHPPs, transportation, and the

private sector
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Figure 4.5: Mean and median mass concentration (µg/m3) of (a) PM2.5 and (b) PM2.5-10 in four

seasons.

Figure 4.6: The mass concentration (µg/m3) of (a) PM2.5 and (b) PM2.5-10 with respect to AQI

category

(Beisenova et al., 2023). Moreover, fossil fuel combustion remains the primary

contributor to air pollution in Kazakhstan accounting for 66% of electricity and heat

production through coal burning. In the household sector, the coal consumption is

estimated at 157 kg per person, which is the second highest coal consumption per capita,

globally.

4.7 In vitro lung bioaccessibility of PM-bound PTEs

Inhalation bioaccessible concentrations (mg/kg) of selected PTEs (i.e., Cd, Co, Cr, Cu,

Fe, Mn, Ni, Pb, V, and Zn) are presented in Figure 4.7. A considerable variation in

bioaccessible concentrations of PTEs was observed, which suggests the chemical Figure
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4.7: Bioaccessible concentration (mg/kg) of PTEs (Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb, V, and Zn) in

PM2.5 in ALF

heterogeneity of atmospheric particles (Sánchez-Piñero et al., 2021). The mean

bioaccessible concentration of PTEs increased in the following order: Co <Cd< Mn < Pb

< Zn < Ni < Cr < Cu < V < Fe. Cumulative bioaccessibility (mg/kg) was high for most

PTEs (e.g., Cr, Cu, Fe, Mn, Ni, Pb, V, and Zn), which indicates the high potential of

those PTEs to be solubilized in phagocytes once inhaled (Guney et al., 2017).

Especially, for Fe (mean: 16,229 mg/kg, range: (906 - 30,419 mg/kg) and V (mean:

10,725 mg/kg, range: (687-27,092 mg/kg) the bioaccessible concentrations were the

highest in PM2.5 samples, which indicates the contribution from soil emission,

combustion of fossil fuels (Peltier et al., 2011; Pulled et al., 2012;  Sharma et al., 2017),

and power plant emissions (Geiger & Cooper, 2010; Landis et al., 2017; Sharma et al.,

2017; Soleimani et al., 2017; Arhami et al., 2017; Esmaeilirad et al., 2020). Among

studied PTEs, Cd, Cr, and Ni are classified as human carcinogens, and exposure to those

metals is linked to lung and nasal cancer (U.S. EPA, IRIS, 2023). In the present

research, the mean bioaccessible concentrations of Cd, Cr, and Ni were 10, 736, and 724

mg/kg, respectively. The elevated bioaccessible concentration of Cr (mean: 736, range:

(46.0-1,546) mg/kg), Cu (mean: 781, range: (42.0-1,326) mg/kg), Ni (mean: 724, range:

(52.0-3,039) mg/kg), and Zn (mean: 665, range: (32.9-1,788) mg/kg) can indicate that

collected PM2.5 originates from coal-heated power plants activity and vehicle emission

(Geiger & Cooper, 2010; Sharma et al., 2017). Although not classified as a human

carcinogen, animal studies revealed that exposure to high concentrations of Cu can

induce DNA damage (U.S. EPA, IRIS, 1988). Exposure to Zn and its compounds is
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reported to induce metal fume fever in humans, however, the exposure level is not

available (U.S. EPA, IRIS 2005).

4.8 Inhalation risk assessment using the bioaccessible concentration of

PTEs

The bioaccessible concentration of PTEs is widely applied for the calculation of

carcinogenic and non-carcinogenic health risks instead of total contaminant

concentration in prior literature (Sánchez-Piñero, et al., 2021; Novo-Quiza et al., 2023;

Liu et al., 2019; Wang et al., 2021). In the present dissertation, the carcinogenic and

non-carcinogenic risks were evaluated for PM2.5-associated PTEs (Table 4.3). The U.S.

EPA suggests threshold lifetime cancer risk of 1.0× 10−6 and 1.0× 10−4 for risks

associated with single and multiple carcinogens, respectively (U.S. EPA, 2019b).

Table 4.3: Mean and maximum (Max) HQ, CR for selected PTEs (Cd, Cr, Co, Mn, Ni, V) and

Hazard Index (HInc and HIc) estimated for adults and children.

PTE Adults Children

HQ CR HQ CR

Mean Max Mean Max Mean Max Mean Max

Cd 2.96×10-5 1.95×10-4 1.52×10-10 1.01×10-9 8.87×10-6 5.86×10-5 4.56×10-11 3.02×10-10

Cr 2.20×10-4 4.56×10-4 5.21×10-7 1.09×10-6 6.51×10-5 1.37×10-4 1.56×10-7 3.28×10-7

Co 3.30×10-5 7.23×10-5 5.09×10-10 1.12×10-9 9.90×10-6 2.17×10-5 1.53×10-10 3.35×10-10

Mn 7.39×10-5 2.84×10-4 N/A N/A 2.12×10-5 8.52×10-5 N/A N/A

Ni 1.52×10-3 6.40×10-3 1.59×10-9 6.66×10-9 4.57×10-4 1.92×10-3 4.76×10-10 2.00×10-9

V 3.16×10-3 7.99×10-3 N/A N/A 9.49×10-4 2.30×10-3 N/A N/A
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HIc N/A N/A 5.23×10-7 1.10×10-6 N/A N/A 1.57×10-7 3.31×10-7

HInc 5.04×10-3 1.54×10-2 N/A N/A 1.51×10-3 4.62×10-3 N/A N/A

In the present investigation, all mean CRs estimated for adult and children

exposure are below the proposed U.S. EPA threshold of 1.0×10−6. Both mean HIc

estimated for adults and children (5.23×10-7 and 1.57×10-7, respectively) do not exceed

the cumulative cancer risk of 1.0×10−4. However, the maximum CR for adults of

1.10×10-6 was slightly above the suggested U.S. EPA threshold. Moreover, in the sample

collected in January, the individual cancer risk for Cr (1.09×10-6) also exceeded a risk

value of 1.0×10−4.Regarding the non-carcinogenic health risk, HQ values for Cd, Cr, Co,

Mn, Ni, and V, as well as mean and maximum HI for both adult and children exposure

(5.04×10-3, 1.54×10-2 for adults, 1.51×10-3, 4.62×10-3 for children) were within U.S. EPA

acceptable threshold value (HQ < 1), suggesting no non-carcinogenic risk via inhalation

exposure.

The HHRA in the present research, however, does not consider mechanisms other than

PTEs dissolution in the lung fluid, such as PM deposition and clearance rates and

absorption of PTEs in the alveolar barrier. Moreover, carcinogenic and non-carcinogenic

risk values for Cr were estimated using total Cr concentration (Cr(III) + Cr(VI)) and

RfC ad IUR values for Cr(VI), which can lead to the overestimation of the risk.

4.9 Morphological characterization of PM particles from different

emission sources

During the analysis of SEM images, several distinct groups of PM were observed

including bioaerosols, coal fly ash (CFA), dust (classified as either natural or
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construction), and soot particles. PM2.5 and PM2.5-10 collected in the summer and winter

seasons were used for SEM analysis. The distribution of PM particles during the

summer was as follows: 48.2% of particles were identified as natural dust (ND), 32.5%

construction dust PM, 14.5% CFA, 1.8% vehicular traffic generated PM, and 3% PM of

biological origin. In winter construction dust, CFA, ND, and road dust exhaust particles

accounted for 32.5%, 31.6%, 31.1%, and 4.9% of all observed particles, respectively.

Spring and summer, characterized by minimal snow coverage, facilitate strong winds

that lift ND, increasing coarse PM concentrations. Additionally, the ongoing heating

period in spring leads to elevated fine PM levels compared to summer. The blossoming

flora in spring may also generate unique pollen-related particles, distinctly observed in

SEM micrographs during this season. The findings illustrate expected seasonal

distribution patterns with elevated concentrations of PM2.5 (e.g., CFA) observed during

the winter and fall periods, coupled with lower PM2.5-10 (e.g., ND) concentrations from

the start of the heating season and subsequent increases in CHPP output.

Moreover, the occurrence of rainfall in September-October immediately followed by

snowfall can affect overall concentrations of coarse PM, particularly ND. Construction

activities are rarely affected by seasons, thus having close to zero change in year-round

concentrations.

4.9.1 Bioaerosols 

Bioaerosols (e.g., pollen, bacteria, viruses, and spores) are airborne solid

particles of biological origins that are the crucial component of the

biosphere-atmosphere interaction and climate (Kolpakova, 2017). Bioaerosols,

specifically fungi spores, are closely linked to respiratory diseases such as allergic
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rhinitis, and allergic asthma (Priyamvada et al., 2017). In the present research work,

SEM images of PM samples collected in the summer season revealed distinctive

bioaerosol particles, particularly spores (e.g., Chaldosporium fungi spore), characterized

by an irregular, heavily textured surface with an elongated, disk-like morphology

(Figure 4.8e). The fungus spores, specifically the Chaldosporium species, of

cosmopolitan distribution are regularly observed on all kinds of plants, animals, soils,

and all other organic matter (Bensch et al., 2012). In the present work, bioaerosols

account for a small fraction (~3%) of PM particles.

4.9.2 CFA

CFA is another example of a common pollutant observed in the present research.

CFA is a byproduct of coal combustion often containing heavy metals, such as As, Pb,

and Hg (Chen et al., 2004). CFA is closely associated with adverse health outcomes

(e.g., aggravation of respiratory conditions, neurodevelopmental disorders, sleep

problems) (Zierold et al., 2020). In general, CFA particles are spherical or irregularly

shaped with smooth surfaces and a high surface area-to-volume ratio (Chen et al., 2004).

The typical size range of inhalable CFA fraction varies between 1.98 µm to 5.64 µm

(Brown et al., 2011). However, the morphology of CFA can vary depending on the type

of coal combusted (Chen et al., 2004). The CFA particles are more typical for the winter

and fall seasons. Most CFA particles observed in January were spherically shaped and <

2.5 µm in size (Figure 4.8a-d). Moreover, some particles exhibited irregular morphology

(e.g., dents and cracks) (Figure 4.8d).  

The physical attributes of CFA (e.g., particle, size, shape, internal

microstructures, stiffness, surface area) govern cellular entry mechanisms and
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subsequent interaction and, hence, determine their biological toxicity (Kisku et al.,

2018). Larger CFA particles (> 10 µm) may adhere to the nasal mucosa or nasopharynx

and can be expelled from respiratory system via clearance mechanisms (e.g., sneezing),

while smaller particles (< 5 µm) can directly infiltrate the bronchi, potentially causing

lung damage (e.g., chronic lung tissue fibrosis) (Xie et al., 2021). Moreover, CFA

particles can enter the bloodstream through skin contact or oral intake. In the

bloodstream, CFA micro particles can be phagocytized across various tissues (especially

spherical CFA particles) causing cellular damage (Chen et al., 2024).

4.9.3 Dust particles 

Dust particles are byproducts of soil erosion and mineral crushing (Sairanen et

al., 2019; Katra, 2020). Depending on the emission source, the morphology ranges from

highly angular to moderately angular with rounded corners. Typically, mineral dust

particles are irregularly shaped (e.g., of anthropogenic origin or mineral crushing),

ranging in size between several microns to hundreds of microns (Adamiec et al., 2016).

Particles originating from minerals are bigger compared to other dust particles and tend

to form large aggregates. In the present research, single particle or particle agglomerates

originating from mineral crushing were observed in January (Figure 4.8a-b). Potential

emission sources include construction activity and degradation of pavement (Adamiec et

al., 2016).

ND comprises smaller, angular PM compared to clustered crushed mineral

particles. Although both types are classified as coarse, ND particles are notably smaller.

Wind and water erosion produce Si and Ca-rich airborne particles and mid-air collisions

break them into smaller, angular PM (Iordandis et al., 2007). ND particles do not
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typically form large aggregates. In the present research, July samples contained ND

particles (Figure 4.9c-d) with sharp edges, and a small amount of surface debris,

possibly due to mid-air collisions.

Road dust PM is a collection of particles generated by vehicular traffic,

comprising emissions from car exhaust, tire abrasion, road surface deterioration, and

metal brake dust. Among these, brake wear-derived particles are highly prevalent. They

exhibit complex morphologies and size variations (Figure 6c), which makes

identification challenging.

4.9.4 Soot particles 

Soot is formed from the incomplete combustion of biomass, organic matter, and

especially fossil fuels. It consists of tiny particles of carbon and other chemicals that are
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clustered Figure 4.8: SEM images of PTFE filters with PM2.5 collected in (a, b) winter

(January) and (c, d) summer (July) in Astana, (e) Chladosporium spores, ~7µm size, observed in

the summer period, and (f) soot particles observed in winter (January)

together in complex shapes. Soot particles can penetrate deep into the lungs due to their

extremely irregular and complex shapes. Continuous exposure of the respiratory

epithelia to soot particles can lead to disruptions in lung functions increasing the cancer

risk. The biological toxicity includes direct contact-mediated dysfunctions (e.g., ROS

production, cell hyperplasia, lung cell apoptosis). Additionally, clinical and animal

studies revealed the systemic immune response to soot exposure that contributes to

tissue remodeling and

Figure 4.9: SEM images of PTFE filters with PM2.5-10 collected in (a, b) winter (January) and (c,

d) summer (July) in Astana
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fibrosis, leading to breathing difficulties (Niranjian & Thakur, 2017). Soot particles can

also contribute to climate change by absorbing sunlight and warming the atmosphere.

Soot is a major component of air pollution in metropolitan areas, particularly in regions

with heavy traffic (China et al., 2014). Soot particles include a wide range of sizes and

shapes, however, overall, most particles share similar patterns of complex structure

(Figure 4.8a and Figure 4.9d). The size of observed soot particles ranged from ~4 μm to

~8.5 μm. 

4.10 Characterization of snow and rainwater

The interaction between precipitation and PM leading to changes in their

physico-chemical properties has piqued the interest of multiple researchers (e.g., Han et

al. 2020, Gonzalez and Aristizabal, 2012, Zeng et al. 2021). This interaction is

characterized by PM removal from the atmosphere, i.e. wet deposition or “scavenging”,

which happens when PM becomes nuclei for condensation and subsequent cloud

formation or when particles are caught during rainfall (Gonzalez and Aristizabal, 2012).

Precipitation episodes were confirmed to significantly lower SO4
2- levels in PM10, with a

positive correlation between scavenging ratio and rainfall intensity as well as particle

diameter due to high water solubility of sulfates (Gonzalez & Aristizabal, 2012).

Moreover, concentrations of metallic cations in rainwater such as Ca2+ and Mg2+ were

linked to PM2.5 and PM10, which contribute to acid buffering (Zeng et al., 2021). Han et

al. (2019) further underline the significance of airborne particles in rainwater

alkalinization, hinting at possible exacerbation of acid rain issues if air pollution

mitigation strategies target only PM levels without considering rainwater chemistry.
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3.10.1 pH and conductivity of snow and rainwater 

The variation in pH of snow and rainwater samples as well as precipitation (mm)

are presented in Figure 4.10. The highest pH value of 8.51 was detected in February

2023, whereas the lowest pH of 6.47 was recorded in May 2022. The average pH value

was 7.11 which can be attributed to the higher alkaline content of snow and rainwater

samples. A typical rainwater pH value is close to 5.60 due to the acidic characteristics of

the CO2 that dissolves in the atmosphere (Payus et al., 2020). The pH level of rainwater

observed in Kazakhstan is primarily influenced by the high concentration of PM in the

atmosphere rich in CaCO3 and Ca(HCO3)2, leading to buffering acidity of rainwater.

Figure 4.10: (a) Physical parameters (conductivity (µS/cm) and pH) and (b) precipitation (mm)

The average ion conductivity of snow and rainwater samples was 224.2 μS/cm

(Figure 4.10a). Peaks in conductivity are prominent in mid-summer and early spring,

suggesting elevated air pollution levels, as reflected by the high ionic conductivity. Prior

studies have also demonstrated the association of higher conductivity with the increased

total ion concentrations (Zhong et al., 2022). The increase in conductivity during
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summer can be attributed to the intensified use of fertilizers and pesticides for

agricultural purposes, as it mainly arises from salt particle dissolution in rainwater.

Furthermore, high wind activity in Astana city during spring and summer elevates

suspended dust particles, influencing salt content and increasing conductivity values

(Omogbehin and Oluwatimilehin, 2022).

4.10.2 PTEs content

The present research analyzed the PTE content in snow and rainwater samples

(Table 4.4). The PTEs (e.g., Cr and Cd) can dissolve in both terrestrial and aquatic

surroundings followed by adverse environmental impact (Majumdar et al., 2020). The

average concentration of most PTEs (e.g., Cd, Co, Cr, Cu, Mn, and Pb) was below the

WHO’s maximum permissible concentration of heavy metals in drinking water. The

lowest average concentration of 0.15 µg/L (range: 0.04 - 0.36 µg/L) was observed for

Cd, whereas the V showed the highest average concentration (108 µg/L, range: 63.1-159

µg/L) in precipitation samples during all seasons (Figure 4.11). Emissions from

non-ferrous and ferrous metallurgy, as well as fuel combustion, are related to Cd

emissions (Pacyna et al., 2009). A potential source of V in the snow and rainwater

samples is vehicular traffic, notably emissions from diesel-powered vehicles. Diesel fuel

exhibits a higher V content relative to other fuels, and as diesel engines undergo

combustion, V may be released into the atmosphere (Li et al., 2020).

The average concentration of Ni (84.0 µg/L, range: 5.20 - 612 µg/L) exceeded

WHO permissible level (70 µg/L).  The use of coal and liquid fuels is among the main

sources of atmospheric Ni, however, the highest proportion of Ni was observed during
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non-heating seasons (e.g., summer and fall seasons) (Figure 4.11). In addition, the

production of glass, bricks, non-ferrous metals, and cement also contributes to the

release of Ni into the atmosphere (Tian et al., 2012). The Cr concentration of 77.4 µg/L

observed in one sample collected in spring was also higher than the WHO drinking

water threshold of 30 µg/L. The presence of Co is directly linked to coal combustion,

industrial emissions, traffic, and mining processes (Mihajlidi-Zelić et al., 2006).

Table 4.4: Range (Max-Min), mean, standard deviation (SD), and median for PTEs (Cd, Co, Cr,

Cu, Fe, Mn, Ni, Pb, and V) in snow and rainwater samples and recommended threshold values

(µg/L).

PTE
s

Range
(Min-Ma

x)

Mea
n

SD Media
n

WHO
limits1

AA-EQS
Inland Surface Water

limits2

MAC-EQS Inland
Surface

Water limits3

Cd (0.04-0.36
)

0.15 0.0
7

0.13 3.00 ≤0.08 (Class 1) ≤0.45 (Class 1)

Co (0.10-6.90
)

1.70 1.6
5

1.20 N/A N/A N/A

Cr (4.20-77.4
)

16.7 14.
1

13.8 30.0 N/A N/A

Cu (2.57-41.3
)

10.2 9.0
6

7.17 2,000 N/A N/A

Mn (0.50-212
)

63.2 57.
1

55.9 80.0 N/A N/A

Ni (5.20-612
)

84.0 134 30.2 70.0 20 N/A

Pb (0.10-14.1
)

2.39 3.7
2

0.62 9.00 7.2 N/A

Sb (0.38-3.00
)

1.39 0.9
9

1.86 20.0 N/A N/A

V (63.1-159
)

108 24.
6

106 N/A N/A N/A

1. WHO guidelines for drinking water quality

2. Annual average for Inland surface water limits according to EU Directive 2008/105/EC

3. Maximum allowable concentration for Inland surface water limits according to EU Directive 2008/105/EC
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Figure 4.11: Average concentration of PTEs (µg/L) (Cd, Co, Cr, Cu, Mn, Ni, Pb, Sb, and V)

in precipitation in four seasons 

4.10.3 Ion content 

The temporal variation of major ions in precipitation is shown in Table 4.5. 

Overall, the mean concentration of major ions did not exceed the available permissible

levels for groundwater, drinking, and surface waters. However, the highest concentration

of F- (1.82 mg/L) observed in April, exceeded the WHO limit for drinking water (1.5

mg/L). The highest mean ion concentration was recorded for SO4
2- (17.8 mg/L, range:

0.02 - 77.5 mg/L).

Table 4.5: pH, electric conductivity (EC) (µS/cm), precipitation (mm), major ion concentration

(mg/L), and total anion and total cation concentrations (meq/L) from the soluble fraction of

snow and rainwaters

Range
(Min-Max)

Mea
n

SD Media
n

WHO limits1 EU environmental
guidelines2

pH (6.48-8.51) 7.15 0.46 7.09 no health-based guidelines;
optimal range for treatment and

distribution: 6.5-8.5

N/A

EC (20.1-492) 142 110 116 N/A N/A
Precipitation (0.20-14.0) 4.09 3.80 3.15 N/A N/A

F- (0.01-1.82) 0.31 0.39 0.14 1.5 N/A
Cl- (0.01-55.5) 14.3 12.8 8.15 no health-based guidelines;

taste: 200-300 for NaCl, KCl,
CaCl2

N/A

NO2
- (0.02-3.97) 1.47 1.02 1.23 3.0 N/A

NO3
- (0.01-32.6) 6.01 8.30 3.61 50 groundwater: 50

SO4
2- (0.02-77.5) 17.8 20.6 10.1 no health-based guidelines;

taste: 250
N/A

PO4
3- (0.03-1.27) 0.39 0.41 0.27 N/A N/A

Br- <DL <DL <D
L

<DL N/A N/A

Li+ <DL <DL <D
L

<DL N/A N/A

K+ (0.01-45.6) 11.9 11.1 8.16 N/A N/A
Na+ (0.01-16.3) 3.46 4.86 1.97 no health-based guidelines;

taste: 200
N/A

NH4
+ (0.0-16.4) 3.46 4.68 1.55 no health-based guidelines;

odor: 1.5; taste: 35
N/A

Ca2+ (0.02-50.8) 14.9 13.8 10.3 N/A N/A
Mg2+ (0.00-3.87) 0.84 0.89 0.52 N/A N/A

∑anions (0.06-3.36) 1.10 0.97 0.80 N/A N/A
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∑cations (0.00-4.49) 1.43 1.24 0.96 N/A N/A

1. WHO guidelines for drinking water

2. EU environmental guidelines for groundwater and surface water

The mean concentration for major ions increased in the following order: F- > PO4
3- >

Mg2+ > NO2
-> Na+ = NH4

+ > NO3
- > K+ > Cl- > Ca2+ > SO4

2-. Three major peaks for ion

concentrations were observed in April (F-, Cl-, NO3
-, SO4

2-, K+, Na+, NH4
+, Ca2+, Mg2+),

July (F-, Cl-, NO2
-, NO3

- , SO4
2- , K+, Na+, NH4

+, Ca2+, Mg2+), and December (F-, Cl-,

NO2
-, K+, Na+, NH4

+) (Figure 4.12). 

The high concentrations of alkaline substances (e.g., Na+, K+, Mg2+, Ca2+, NH4
+, NH3,

and CaCO3) in areas with significant emissions of SO2 and NOx can result in the

neutralization of rainwater (Mihajlidi-Zelić et al., 2006). Moreover, high correlation

coefficients between SO4
2-, NO2

-, and NO3
- (0.61 and 0.8, respectively) (Figure 4.13)

suggest a common source. Ca is a prevalent constituent of the Earth’s crust and is

consequently abundant in soil bases, as well as being disseminated through agricultural
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activities. A high correlation coefficient between Ca2+ and Mg2+ (0.93) indicates the

possible contribution of material of crustal origin (Colon-Santos et al., 2016). The

rainwater samples collected in spring are influenced by intensive application of

ammonium-based fertilizers for agricultural purposes. This practice further underscores

the impact of CaCO3 on the acidity of rainwater (Güllü et al., 2005; Koçak et al., 2009).

Moreover, NH4
+, SO4

2-, and NO2
- showed a moderate and high correlation (0.53 and

0.93, respectively), suggesting a common anthropogenic source or/and emphasizing the

significance of HNO3 and H2SO4 neutralization by NH3 to form NH4
+ salts in aerosols

and cloud water (Colon-Santos et al., 2016). Additionally, NH3 and CaCO3 may be

introduced into rainwater through the deposition of aerosols. Aerosols can also

contribute to the generation of SO4
2- in the atmosphere, although primary sources of

these ions are combustion activities and the transformation of gas particles in reactions

involving H2SO4 and  NH3 or other alkaline compounds.

Figure 4.12: Concentrations of water-soluble ions (mg/L) (F-, Cl-, NO2
-, NO3

-, SO4
2-, PO4

3-, K+,

Na+, NH4
+, Ca2+, Mg2+) in snow and rainwater samples by date collected in Astana from March

2022 to March 2023

Figure 4.13: Pearson correlation matrix of measured concentrations of soluble fractions as well

as total sums of all anions (including HCO3
-) and cations (including H+)

4.11 Source apportionment via CBPF

4.11.1 Pollution profile of PM2.5

The annual (2018-2019 and 2019-2020) and seasonal (heating and non-heating

periods) variations in PM2.5 concentrations in Astana are presented in Table 4.6. The

annual average PM2.5 concentrations notably decreased in 2019-2020 (16.5 µg/m3)

compared to 2018-2019 (29.7 µg/m3), both exceeding WHO standards of 5 µg/m3
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(annual mean). Elevated fine PM concentrations were observed during heating periods

(44.8 µg/m3 in 2018-2019 and 20.8 µg/m3 in 2019-2020), while non-heating period

concentrations were similar (13.0 µg/m3 and 12.0 µg/m3, respectively) in two study

cycles. A notable 54% reduction in PM2.5 during the 2019-2020 heating period, possibly

linked to COVID-19 lockdowns, aligns with findings in Almaty, reporting a 34%

reduction during the same period (Kerimray et al., 2020). Prior literature also highlights

different air pollution patterns during lockdowns, with Tudu et al., 2022 reporting

reductions in PM10, NO2, and SO2 in Kolkata, India, and Briz-Redón et al., 2021

reporting decreased NO2 concentrations in eleven Spanish cities.

The diurnal and monthly variations in PM2.5 concentrations are depicted in Figure

4.14(a, b). Notably, recurrent peaks are observed on Thursday (Figure 4.14(a) and

Monday (Figure 4.14b)), indicating pollutant accumulation during working days,

possibly linked to increased energy consumption early in the week. However, in the

2019-2020 cycle, PM2.5 concentrations increased toward the end of the week, potentially

due to heightened traffic (Ji et al., 2019). Throughout the day, PM2.5 concentrations

decrease until 18:00, attributed to reduced heating needs and increased atmospheric

dispersion during daylight. A peak around 23:00 indicates nighttime pollutant

accumulation, possibly influenced by temperature drop and inversion conditions

(Bathmanabhan et al., 2010). The elevated concentration could also be affected by foggy

conditions and icing through particle trapping, secondary PM formation, and surface

deposition. December (Figure 4.14(a) and March (Figure 4.14b)) mark the periods with

the highest PM2.5 concentrations.

95



Table 4.6: Periodic variations in the hourly concentration of PM2.5 (µg/m3) (S5) in 2018-2019

and 2019-2020.

Wind and

pollution rose

diagrams for

PM2.5 show the

relationship between meteorological parameters and PM2.5 concentrations at the receptor

(Figure 4.15a, b). The predominant wind direction was generally from west to south,

with higher wind speeds recorded in the south-south-west and south-west directions

(Figure 4.15a)). The prevailing direction of elevated concentrations of PM2.5 (Figure

4.15b)) was also evident, with episodes of very high PM2.5 (> 300 µg/m3) concentrations

observed in the east and east-north-east directions. These findings indicate that the wind

profile aligns with the city's ventilation characteristics, suggesting that PM2.5 sources are

primarily situated in the downwind direction.
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2018-2019 2019-2020

Annual Heating Non-heating Annual Heating

Mean 29.7 44.8 13.0 16.5 20.8

Standard Deviation 50.0 64.2 12.7 29.2 34.6

Range (25th-95th) 8.8-87.1 19.0-136 5.80-38.4 5.70-51.1 6.20-66.4

Missing data (%) 3.8 6.2 1.6 7.1 6.2



Figure 4.14: Diurnal and monthly variations of PM2.5 concentrations for 2018-2019 (a) and

2019-2020 (b).
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Figure 4.15: Diagrams of wind rose (a) and of pollution rose for PM2.5 (b).

4.11.2 Pollution profile of TSP, SO2, CO, NO2, HF

An analysis of the annual (study cycles 2018-2019 and 2019-2020) and periodic

variations (heating (October to April) and non-heating periods (May to September)) of

TSP and gaseous pollutants was conducted to evaluate the meteorological factors

influencing the increase in pollutant concentrations in Astana, utilizing data from air

pollution monitoring stations S1, S2, S3, and S4 (Table 4.7 and Table 4.8). The

prevailing wind direction at most monitoring stations (S1, S3, and S4) was influenced

by southern winds, while station S2 experienced a prevailing wind from the

west-north-west direction (Figure 4.16a-d).

4.11.3 Study cycle: 2018-2019

In the study cycle of 2018-2019, monitoring station S4, located in the city's busiest

traffic area, recorded the highest annual average concentration of pollutants (excluding
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Figure 4.16: Wind rose diagrams for S1 (a), S2 (b), S3 (c), and S4 (d).

TSP) (Table 4.7). This site showed notably elevated levels of TSP and CO compared to

other measured pollutants, suggesting a significant contribution from exhaust emissions.

Despite larger TSP particles having limited respiratory tract penetration, prolonged

exposure to high concentrations may lead to cytotoxic effects due to PTEs (e.g., Cu, Pb,

As, Cd), increasing the risk of airway inflammation (Shim et al., 2021).

The S3, also influenced by traffic, recorded the highest TSP levels, with readings

peaking at 1,500 µg/m3 and with an average concentration of 347 µg/m3, exceeding the

nationally accepted maximum allowable TSP concentration of 150 µg/m3 (Assanov et

al., 2021). In comparison to data from 2016 (Kerimray et al., 2018), the average annual

TSP concentration during 2018-2019 showed a slight decrease across all four stations

(400 µg/m3 in 2016). However, the study cycle of 2018-2019 recorded a maximum TSP

concentration of 1,700 µg/m3, exceeding the maximum of 1,614 µg/m3 in 2016.

The concentrations of CO fluctuated from 600 to 2,800 µg/m3, with a high mean

value of 1,157 µg/m3, drastically exceeding the daily maximum allowable concentration

of 60 µg/m3 according to Kazakhstani standards (Kazhydromet, 2021). When inhaled,

CO transforms into carboxyhemoglobin (COHb) in the bloodstream, impeding cellular

oxygen uptake (American Lung Society, 2020). Specific social groups consistently

exposed to high CO levels, including public transportation workers, traffic wardens, and

garage/tunnel personnel, face potential health risks (WHO, 2000). A study among

autoworkers documented elevated COHb concentrations in their blood serum (Bol et al.,

2018). Chronic CO exposure can lead to various health conditions, from acute coronary

syndrome, such as myocardial infarction, to noticeable brain damage (Lee et al., 2015).
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Elevated levels of NO2 were observed during this study cycle, primarily associated

with vehicular emissions, highlighting it as a key indicator of traffic-related pollution

(Atkinson et al., 2018). Prolonged exposure to NO2 has been linked to increased

mortality from respiratory and cardiovascular diseases (Atkinson et al., 2018; Huang et

al., 2021). NO2 concentrations varied from 16.6 µg/m3 (S2) to 211 µg/m3 (S4).

Importantly, S4 exceeded the WHO air quality guideline value of 40 µg/m3 for NO2

(WHO, 2006), possibly due to higher traffic volumes in that area. The annual average

NO2 concentration at S4 (211 µg/m3) drastically exceeded the reported average in 2016

(80 µg/m3) (Kerimray et al., 2019), emphasizing the localized impact of traffic on NO2

levels.

Anthropogenic sources (e.g., CHPPs and industrial facilities such as aluminum

production and phosphate fertilizer plants) contribute to the ambient HF emissions level.

Occupational exposure to HF can occur through inhalation or skin contact. Chronic

inhalation exposure to HF can lead to nose, throat, and lung irritation, skeletal fibrosis,

liver, and kidney damage (US EPA, 2016).

In 2018-2019, the concentrations of selected pollutants (TSP, SO2, CO, NO2, HF)

doubled, on average, during the heating season compared to the non-heating period

(Figure 4.17). This pattern, similar to PM2.5 trends, is attributed to increased fuel

consumption in colder weather coupled with adverse meteorological conditions.

Notably, during the heating season, TSP concentrations peaked at 416 µg/m3 (S1), and

CO reached 1,321 µg/m3 (S4). In the non-heating period, S4 recorded the highest mean

concentrations of CO and TSP at 291 µg/m3 and 914 µg/m3, respectively. Interestingly,

NO2 levels in S4 were notably higher during the non-heating period (257 µg/m3) than
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the heating period (179 µg/m3), highlighting the pronounced impact of traffic-related

emissions in S4 during warmer months.

4.11.4. Study cycle: 2019-2020

During the 2019-2020 study cycle, there was a noticeable decrease in the concentrations

of various ambient pollutants compared to the 2018-2019 period (Figure 4.18). Notably,

CO and TSP were marked by the highest average annual concentrations among the

studied pollutants. TSP concentrations showed minimal variation across stations,

reaching 150 µg/m3 at S1, which is the upper limit of national air quality standards.
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Considering the residential location of S1, domestic heating emissions could be a

significant contributor. S4 recorded the highest average annual CO concentration at 963

µg/m3 (range: 570 to Figure 4.17: Average monthly concentrations (µg/m3) of TSP, SO2,

sulfates, CO, NO2, and HF (S1, S2, S3, S4) in 2018-2019.

102



2,030 µg/m3), suggesting a potential influence from traffic-related sources. In

2019-2020, Figure 4.18: Average monthly concentrations (µg/m3) of TSP, SO2, sulfates, CO,

NO2, and HF (S1, S2, S3, S4) in 2019-2020.

S4 also registered the highest NO2 concentration (237 µg/m3), exceeding WHO

guideline values (WHO, 2006). Similar to the 2018-2019 study cycle, these findings

highlight the exposure of the general population to elevated concentrations of ambient

pollutants, potentially associated with adverse health effects.
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Pollutant concentrations increased by 35% during the heating period compared to

the non-heating season. The S4 recorded mean concentrations of 1,232 µg/m3 for CO

and 191 µg/m3 for TSP during the heating period. Conversely, in the non-heating period,

S4 exhibited a mean CO concentration of 585 µg/m3 (range: 440 - 871 µg/m3) and TSP

peaked at 217 µg/m3 (range: 100 - 400 µg/m3). This consistent trend of higher

concentrations during the heating period is most likely due to slower air movement,

increased air density, trapping ambient air pollutants, and increased residential heating

activities (Manisalidis et al., 2020).

4.11.5 Pollution profile of SO2

The concentration of SO2 during the two study periods, in general, did not exceed

WHO air quality guidelines. Results also revealed that the SO2 concentration was higher

during the heating period compared to the non-heating period. Moreover, the difference

between the two periods was small (Figure 4.17 and Figure 4.18). The highest mean

annual concentration was recorded in 2019-2020 (S1) (1.45 µg/m3) (Table 4.8).

Episodes of SO2 concentrations exceeding 100 µg/m3 were observed in S1 during

November 2019 and February 2020 (Figure 4.18). The peak monthly mean

concentrations were predominantly recorded in February for S1, S2, and S3 across both

study periods. In contrast, S4 exhibited its highest monthly mean concentration in March

(Figure 4.18).

The diurnal patterns of SO2 concentration indicated peak concentration on specific

workdays: Monday (S1), Saturday (S2), Sunday (S3), and Tuesday (S4) (Figure 4.19).

The second highest SO2 concentration was noted on Thursday (S1, S3, S4). Notably,
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elevated concentrations were observed in the evening (19:00) for S1 and S4, in the

morning (7:00) for S2, and in the afternoon (13:00) for S4.

Figure 4.19: Diurnal and monthly variations of SO2. (a): S1, (b): S2, (c): S3, and (d): S4

concentrations for 2018-2020.

105



Table 4.7: Periodic variations of ambient pollutant concentrations (µg/m3) (S1, S2, S3, S4) in

2018-2019.
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S1

Pollutant
Annual Heating Non-heating

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

TSP 305 579 0.00-1
400 18.4 416 719 0.00-1

900 19.4 178 315 0.00-8
00 17.2

SO2 0.51 1.05 0.00-2
.00 18.4 0.61 1.21 0.00-3

.00 19.4 0.39 0.82 0.00-2
.00 17.2

CO 271 419 108-6
50 18.4 348 640 95.0-8

03 19.4 238 275 110-5
17 17.2

NO2 20.3 28.6 0.00-7
0.0 18.4 20.8 30.7 0.00-6

0.0 19.4 19.7 26.0 0.00-7
0.0 17.2

HF 1.35 8.28 0.00-5
.00 18.4 2.28 11.2 0.00-1

4.5 19.4 0.30 1.52 0.00-1
.00 17.2

S2

Pollutant
Annual Heating Non-heating

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

TSP 66.7 557 0.00-1
400 18.4 398 704 0.00-1

935 19.4 175 255 0.00-7
00 17.2

SO2 0.38 0.76 0.00-2
.00 18.4 0.42 0.85 0.00-2

.00 19.4 0.33 0.65 0.00-2
.00 17.2

CO n/a n/a n/a 18.4 n/a n/a n/a 19.4 n/a n/a n/a 17.2

NO2 16.5 38.1 0.00-6
0.0 18.4 16.4 45.6 0.00-7

3.5 19.4 16.5 27.3 0.00-5
0.1 17.2

HF 1.23 7.45 0.00-4
.00 18.4 1.89 8.81 0.00-8

.00 19.4 0.49 5.45 0.00-2
.00 17.2

S3

Pollutant

Annual Heating Non-heating

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range

(25th-
95th)

Missing
data
(%)

TSP 347 605 0.00-1
500 18.8 142 711.15 0.00-1

700 20.8 232 351 0.00-8
95 17.2



Table 4.8: Periodic variations of ambient pollutant concentrations (µg/m3) (S1, S2, S3, S4) in

2019-2020.
S1

Pollutant
Annual Heating Non-heating

Mean St.
Dev

Range
(25th-95th

)

Missing
data (%) Mean St.

Dev

Range
(25th-95th

)

Missing
data (%) Mean St. Dev

Range
(25th-95th

)

Missin
g data
(%)

TSP 150 126 0.00-400 18.8 132 141 0.00-400 19.3 117 0.78 0.00-2.00 18.0

SO2 1.45 9.0
0

0.00-4.0
0 18.8 2.17 11.7 0.00-6.00 19.3 0.45 0.78 0.00-2.00 18.0

CO 469 324 260-960 18.8 433 382 227-1098 19.3 519 519 360-855 18.0

NO2 12.8 12.
8

0.00-40.
0 18.8 15.6 24.5 0.00-50.0 19.3 8.92 8.92 0.00-30.0 18.0

HF 0.27 2.3
3

0.00-0.0
0 18.8 0.47 3.03 0.00-1.00 19.3 0.00 0.00 0.00-0.00 18.0

S2
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SO2 0.42 0.87 0.00-2
.00 18.3 0.43 0.86 0.00-2

.00 20.8 0.41 0.90 0.00-2
.00 17.2

CO 286 377 0.00-9
20 18.3 236.00 390 0.00-1

000 20.8 364 341 158-9
00 17.2

NO2 37.7 37.7 0.00-1
70 18.3 51.53 70.2 0.00-1

90 20.8 16.1 25.7 0.00-7
0.0 17.2

HF 0.96 6.32 0.00-2
.50 18.3 1.40 7.97 0.00-5

.00 20.8 0.28 1.51 0.00-0
.00 17.2

S4

Pollutant

Annual Heating Non-heating

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

Mean St.
Dev

Range
(25th-
95th)

Missing
data
(%)

TSP 329 568 0.00-1
400 18.5 365 681 0.00-1

600 19.3 291 331 0.00-8
00 17.7

SO2 0.57 1.05 0.00-2
.00 18.4 0.54 1.05 0.00-2

.00 19.3 0.61 1.06 0.00-2
.00 17.3

CO 1157 856 600-2
800 18.4 1321 996 658-3

400 19.3 914 508 560-1
759 17.3

NO2 211 211 40.0-5
44 18.4 179 164 20.0-4

70 19.3 257 208 110-6
00 17.3

HF 2.53 21.8 0.00-4
.00 18.4 4.02 28.2 0.00-1

0.5 19.3 0.34 2.41 0.00-1
.00 17.3



Pollutant Annual Heating Non-heating

Mean St.
Dev

Range
(25th-95th

)

Missing
data (%) Mean St.

Dev

Range
(25th-95th

)

Missing
data (%) Mean St. Dev

Range
(25th-95th

)

Missin
g data
(%)

TSP 122 114 0.00-300 18.8 102 124 0.00-400 19.3 152 90.8 100-300 18.1

SO2 0.35 1.0
0

0.00-2.0
0 18.8 0.39 1.19 0.00-2.00 19.3 0.30 0.63 0.00-2.00 18.1

NO2 12.2 15.
6

0.00-40.
0 18.8 11.7 16.0 0.00-40.0 19.3 13.0 15.1 0.00-30.0 18.1

HF 0.23 1.7
5

0.00-0.0
0 18.8 0.39 2.27 0.00-0.00 19.3 0.00 0.00 0.00-0.00 18.1

S3

Pollutant Annual Heating Non-heating

Mean St.
Dev

Range
(25th-95th

)

Missing
data (%)

Mean St.
Dev

Range
(25th-95th

)

Missing
data (%)

Mean St. Dev Range
(25th-95th

)

Missin
g data
(%)

TSP 146 131 0.00-400 18.8 133 150 0.00-400 19.8 164 95.8 100-300 16.7

SO2 0.41 0.9
5

0.00-2.0
0 18.8 0.47 1.07 0.00-2.00 19.8 0.34 0.74 0.00-2.00 16.7

CO 727 534 400-150
0 18.8 896 621 500-1920 19.8 490 216 300-800 16.7

NO2 10.4 10.
4

0.00-30.
0 18.8 11.59 16.7 0.00-40.0 19.8 8.67 10.8 0.00-30.0 16.7

HF 0.39 2.5
0

0.00-0.0
0 18.8 0.67 3.24 0.00-2.20 19.8 0.00 0.00 0.00-0.00 16.7

S4

Pollutant Annual Heating Non-heating

Mean Std Range
(25th-95th

)

Missing
data (%)

Mean Std Range
(25th-95th

)

Missing
data (%)

Mean Std Range
(25th-95th

)

Missin
g data
(%)

TSP 203 161 100-400 18.8 191 190 0.00-600 19.2 217 170 100-400 18.1

SO2 0.79 1.2
8

0.00-3.0
0

18.8 0.90 1.48 0.00-4.00 19.2 0.64 0.90 0.00-2.00 18.1

CO 963 720 570-203
0

18.9 1232 828 780-2478 22.3 585 194 440-871 18.1

NO2 237 237 160-533 18.8 254 178 210-622 19.2 213 85.7 230-410 18.1

HF 0.60 5.2
1

0.00-0.0
0

18.8 1.02 6.78 0.00-1.00 19.2 0.00 0.00 0.00-0.00 18.1

The pollution roses (Figure 4.20) indicate that elevated SO2 concentrations at S1

originated from potential sources in the north, northeast, west-south-west, and south
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directions. For S2, a significant SO2 source was identified in the south-south-eastern

part of Astana. Similarly, for S3, high SO2 concentrations were observed in the south,

north-north-east, east, and east-south-east directions. Furthermore, at S4, directions with

notable SO2 concentrations included south-south-east, south, east-south-east, east, and

west.

Figure 4.20: Pollution rose diagrams of SO2 concentrations for S1 (a), S2 (b), S3 (c), and S4 (d).

4.11.6 Potential emission sources of PM2.5

The bivariate polar plots (Figure 4.21) depicting monthly PM2.5 concentrations and

meteorological data offer insights for pollutant source identification. The elevated PM2.5

levels (red color) were observed at S5 during the winter season (December, January, and
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February) in the north and east-north-east directions. Although potential PM2.5 sources

are Figure 4.21: Bivariate polar plots of monthly mean PM2.5 concentrations.

distant from the monitoring station, the positioning aligns with coal-heated power plants

(CHPP-1 and CHPP-2) and residential coal combustion in that direction. The heightened

PM2.5 concentrations during colder months also suggests power plant emissions

contribute to the observed increase.

The CBPF plots showing PM2.5 concentrations for the 75th (Figure 4.22a) and 95th

percentiles (Figure 4.22b) were generated to assess the likelihood of elevated PM2.5

concentrations relative to specific wind speed and direction sectors. Figure 5(a)

highlights the influence of CHPP-2 on PM2.5 emissions in the northeastern region of
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Astana. Additionally, the highest concentration of fine particles (95th percentile) is

centered in the polar coordinate (Figure 4.22b), which supports that, during periods of

low wind speed, the pollutants tend to accumulate or persist at the monitoring stations

rather than dispersing or being transported by the wind (Sooktawee et al., 2020).

Potential sources may include vehicular exhaust (Askariyeh et al., 2020), possibly linked

to heavy traffic in this city area.

Figure 4.22: CBPF plots of PM2.5 concentrations for 75th percentile (a) and 95th percentile (b).

While CBPF plots offer insights into the spatial distribution of PM2.5, they lack

information on its temporal variation. To address this, hourly CBPF plots were

generated to examine the diurnal changes in PM2.5 concentrations (Figure 4.23). The

probabilities of

95th percentile PM2.5 concentrations were noted at 8:00, 22:00, and 23:00. Higher PM2.5

concentration during nocturnal periods can be attributed to stable atmospheric
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conditions and a reduced boundary layer, limiting the vertical dispersion of pollutants

(Sooktawee et al., 2020).

Figure 4.23: CBPF plots of PM2.5 concentrations for the 95th percentile (hourly).

4.11.7 Potential sources of SO2

In Astana, both CHPP-1 and CHPP-2 surpassed the permissible SO2 emissions

level in 2019, amplified by the absence of a functional dry desulfurization system in

certain boiler units, such as the No. 7 power boiler (Azhigaliyev, 2019). This led to

inconsistent SO2 concentration patterns, with the highest annual mean concentrations

recorded in 2014 (31 µg/m3) and 2016 (40 µg/m3). Although these readings complied

with Kazakhstani standards for maximum permissible concentration, they exceeded the
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WHO annual limit of 20 µg/m3 (WHO, 2006). Maximum concentrations reached 1,653

µg/m3 in 2014 and 1,614 µg/m3 in 2016 (Kerimray et al., 2018).

CBPF plots were employed to pinpoint the potential source of SO2 emissions

(Figure 4.24). The CBPF analysis indicates a probability (> 20%) of SO2 concentrations

exceeding the 75th percentile (> 1 µg/m3) in the eastern, east-southeastern, and

southeastern regions of Astana (S3 and S4) (Figure 4.24). Potential sources may include

a residential district to the south-southeast or the concrete plant. Surprisingly, peak SO2

concentrations are also observed in the southwestern direction, suggesting an

unidentified emission source (Figure 4.24a). Given the absence of residential or

industrial facilities nearby, the potential source could be sulfur-polluted water bodies in

that area. Additionally, S1, located in a heavy traffic network, contributes to the local air

quality.

Figure 4.24: CBPF plots of SO2 concentration for 75th percentile at S1 (a), S3 (b), and S4 (c).

For S3 and S4, elevated SO2 concentrations are linked to CHPP-2 activity in the

northeastern area and coal heating in private districts to the east, east-southeast, and

southeast of Astana.
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4.12 PM2.5 concentration modeling via MLR and ML

4.12.1 PM2.5 pollution profile

In 2019, PM2.5 concentrations (Table 4.9) exhibited both annual and seasonal

variations (during heating, October–April, and non-heating periods, May–September).

The S6 recorded a higher annual average PM2.5 concentration (58.0 µg/m3) compared to

S5 (14.5 µg/m3). This discrepancy may be attributed to the proximity of S6 to CHPPs

and areas with heavy traffic. Notably, both S5 and S6 exceeded the WHO's permissible

annual mean concentration of 5 µg/m3 (WHO, 2020).

Table 4.9: Annual and seasonal variations in the concentration of PM2.5 (µg/m3) in 2019.

S5 S6
Annual Heating Non-Heating Annual Heating Non-Heating

Mean 14.5 18.1 10.4 58.0 77.2 38.7
SD 26.1 33.7 11.1 75.1 93.6 41.8

Range (25th-95th) (5.60–43.6) (5.90–54.2) (5.30–29.5) (21.8-186) (26.6-242) (19.7–107)
Min 0 0 0 5.7 5.7 7.1
Max 824 824 126 1086 1086 985

During the heating period, the average concentrations of PM2.5 at both monitoring

stations exceeded those observed during the non-heating period. The peak concentration

of PM2.5 was observed in January, reaching 1,086 µg/m3 at S6 (Figure 4.25b). At each

monitoring station, a two-fold increase in average PM2.5 concentrations was noted during

the heating period. This elevation is most likely attributed to increased emissions from

residential heating, higher rates of particulate resuspension, and atmospheric reactions

leading to PM2.5 formations (Cichowicz, 2017).

The PM2.5 levels exhibited weekly variations at S5 and S6, reaching peaks of 70

µg/m3 on Saturday (S5) and 20 µg/m3 on Thursday (S6). Similar patterns have been
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observed in previous studies (Meng et al., 2020; Kerimray et al., 2018; Assanov et al.,

2021). Examining hourly concentrations, both stations showed a characteristic trend

with peaks around midnight, followed by a gradual decrease until approximately 16:00

(Figure 4.25c). The midnight peak could be attributed to a temperature decrease,

potentially coupled with inversion conditions, leading to pollutant accumulation

(Bathmanabhan et al., 2010). This hourly pattern, resembling a "W-shape," has been

documented in other studies (Chen et al., 2015; Yao et al., 2015; Huan et al., 2018),

indicating a potential link with atmospheric stability during nighttime hours (Yao et al.,

2015).

Figure 4.25: Time series plot of PM2.5 concentrations for S5 (a) and S6 (b), and diurnal (c),

weekly, and monthly variations of PM2.5 for S5 and S6 in 2019.
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4.12.2 Pollution Profiles of PM10, CO, NO, NO2, and SO2

In the study year, the annual mean PM10 concentration at S5 complied with the

WHO annual limit of 15 µg/m3, while S6 exceeded this threshold (Table 4.10). S6

exhibited a twofold increase in average PM10 concentrations during the heating season

compared to the non-heating period (79.1 µg/m3 vs. 41.4 µg/m3). High PM10 levels are

an environmental concern due to their association with increased cardiorespiratory

hospital admissions among the elderly and the aggravation of chronic bronchitis (Kelly

& Fussel, 2012; Kerimray et al., 2018). In 2019, at both S5 and S6, the annual mean NO

concentration remained below the EU maximum permissible limit for NOx of 30 µg/m3.

Additionally, the average annual NO2 concentrations at both stations did not

exceed WHO air quality guidelines (40 µg/m3). During the heating period at S6, the

highest average NO2 concentration was recorded at 40.7 µg/m3 (range: 20.6-77.6

µg/m3). Nevertheless, the annual average SO2 concentration at S6 exceeded the

maximum permissible limit for residential areas established by the National Air Quality

Standards (60 µg/m3) (NAAQS, 2018), with a mean of 125 µg/m3 and a range of 2.90 to

949 µg/m3. During the heating period, a high SO2 concentration was observed at S6,

with a mean of 239 µg/m3 and a range of 7.70 µg/m3 to 1114 µg/m3. The S6 recorded an

increase in SO2 levels in November and December, reaching concentrations up to 1000

µg/m3. These findings raise concerns as SO2, being highly soluble, can be readily

absorbed in the respiratory tract, leading to airway inflammation and associated health

risks for vulnerable populations such as the asthmatic group (WHO, 2006; WHO 2000).

The S6 recorded the highest annual mean CO concentration, reaching 630 µg/m3

(range: 323 µg/m3 - 1,553 µg/m3) (Table 4.10). Meanwhile, S5 exhibited a lower annual
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average CO concentration, ranging from 35 to 931 µg/m3, with a mean of 338 µg/m3.

The mean at both S5 and S6 drastically exceeded the daily maximum permissible CO

level according to Kazakhstani standards (annual average of 60 µg/m3) (Kazhydromet,

2021).

Table 4.10: Periodic variations in ambient pollutant concentrations (µg/m3) in 2019.

S5
Annual Heating Non-Heating

Air
Pollutant Mean SD Range

(25th–95th) Mean SD Range
(25th–95th) Mean SD Range

(25th–95th)
PM10 3.12 3.8 (1.5–7.3) 2.73 2.23 (1.4–5.7) 3.80 3.82 (1.9–9.5)
CO 485 3,006 (34.1–931) 250 549 (35.2–1,011) 745 4,330 (33.2–838)
NO 29.9 33.8 (2.4–88.2) 25.3 32.0 (1–83.9) 35.1 35 (12.5–94.7)
NO2 25.8 25.8 (1.2–32.4) 10.3 26.7 (1.2–37.1) 9.60 24.7 (1.6–23.5)
SO2 19.7 18.6 (7.9–58.1) 20.9 20.7 (8.00–63.7) 18.3 15.8 (7.8–45)

S6
Annual Heating Non-Heating

Air
Pollutant Mean SD Range

(25th–95th) Mean SD Range
(25th–95th) Mean SD Range

(25th–95th)
PM10 60.3 75.9 (23.4–190) 79.1 94.5 (27.9–244) 41.4 43.4 (21.3–114)
CO 630 495 (323–1,553) 742 540 (405–1726) 518 416 (269–1245)
NO 9.01 21.0 (1.10–41.1) 9.17 18.9 (1.10–42.5) 8.86 22.8 (1.10–37.1)
NO2 39.7 27.1 (17.2–81.0) 40.7 23.9 (20.6–77.6) 38.7 30.0 (15.1–88.5)
SO2 125 320 (2.90–949) 239 422 (7.70–1114) 10.3 10.9 (2.90–28.0)

Notably, S6 recorded episodes of extremely high CO concentrations in September,

peaking at 30,000 µg/m3. Chronic CO poisoning can lead to adverse neurological

symptoms, including cognitive impairments, movement disorders, speech impairment,

and mood disturbances. This poses a particular risk to population groups employed in

the transportation sector, traffic wardens, and garage/tunnel workers (WHO, 2000).

4.12.3 Correlation between PM2.5, conventional atmospheric pollutants, and

meteorological parameters

Table 4.11 shows a correlation between PM2.5 and various atmospheric pollutants

and meteorological parameters, revealing positive correlations with PM10, SO2, CO,

NO2, NO, P, and RH, along with negative correlations with WS and T. At S6, a robust
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correlation (r = 0.99) between PM2.5 and PM10 was evident during both heating and

non-heating periods, while S5 displayed a similar strong correlation (r = 0.76) only

during the non-heating period. Additionally, a high correlation (r = 0.87 for S5 and S6)

between PM2.5 and CO was noted, along with a moderate correlation (0.30 < r < 0.80)

between PM2.5 and nitrogen gases during the heating period at both stations.

Furthermore, moderate negative correlations with PM2.5 were observed for T, WS, and

WD during the heating period. These outcomes suggest potential common origins for

PM and other air pollutants, aligning with expectations that more severe air pollution

events may coincide with lower temperatures (indicating increased heating activity) and

weaker wind dispersion. This pattern is consistent with prior research reporting similar

correlation coefficients between PM (PM2.5 and PM10), gaseous pollutants (e.g., CO,

NO2, and SO2), and meteorological parameters such as atmospheric and dew point

temperatures and WD (e.g., Thongthammachart et al., 2019; Dutta et al., 2021).

Table 4.11: Correlation coefficients (r) between PM2.5, selected atmospheric pollutants, and

meteorological parameters.

S5 S6
Heating Non-Heating Heating Non-Heating

Parameters
correlated with

PM2.5

r Significance
 

Sampl
e Size r Significance

 
Sampl
e Size r Significance

 
Sampl
e Size r Significance

 
Sample

Size

Pollutant
concentration

PM10 0.12 0.096 188 0.76 <0.001 165 0.99 <0.001 160 0.99 <0.001 157
SO2 0.03 0.716 188 0.23 0.003 165 −0.09 0.239 160 −0.02 0.758 157
CO 0.87 <0.001 188 −0.17 0.025 165 0.87 <0.001 160 0.62 <0.001 157
NO2 0.48 <0.001 188 0.17 0.031 165 0.55 <0.001 160 0.18 0.023 157
NO 0.49 <0.001 188 0.47 <0.001 165 0.48 <0.001 160 0.28 <0.001 157

Meteriologica
l parameters

T −0.45 <0.001 188 0.23 0.003 165 −0.47 <0.001 160 0.01 0.868 157
P 0.23 0.002 188 0.05 0.528 165 0.36 <0.001 160 0.24 0.003 157

RH 0.10 0.161 188 −0.16 0.037 165 0.03 0.697 160 0.01 0.869 157
WD −0.35 <0.001 188 −0.16 0.044 165 −0.61 <0.001 160 −0.39 <0.001 157
WS −0.38 <0.001 188 −0.17 0.028 165 −0.15 0.069 160 0.13 0.119 157
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4.12.4 MLR predictive models

The development of four predictive models for PM2.5 concentrations at S5 and S6

during heating and non-heating periods involved the use of the MLR equation. Notably,

these models demonstrated a robust fit to the data, as evidenced by high R2 values (0.84

for heating, 0.68 for non-heating, and 0.99 combined). Analysis of the VIF indicated the

absence of multicollinearity (VIF < 5) among predictor variables for both periods in S5

and S6.

Examining the impact of independent variables across predictive models, PM10

and CO concentration are the most influential factors based on the Shapley–Owen value.

Specifically, in S5 (heating), S5 (non-heating), and S6 (non-heating), PM10 contributed

52.3%, 73.4%, and 78.8%, respectively, to the variation in PM2.5 concentrations.

Moreover, CO explained 80.2% of the variation in S5 (heating). The predictive models

underscored a positive correlation between PM10 and PM2.5 concentrations. Additionally,

in S5 (non-heating), positive influences of CO, NO, and NO2 were observed, revealing a

contrasting impact on other stations, where the overall influence was negative.

Table 4.12: MLR equation for PM2.5 predictions for air pollution monitoring data (S5 and S6)

(2019).

Model VIF
S5

Heating PM2.5 (µg/m3) = (−5.75) + 0.29(PM10) (µg/m3) + 1.00(CO)(µg/m3) − 0.13(NO2) (µg/m3) (1.04–1.63)
Non-heatin
g

PM2.5 (µg/m3) = (−2.72) + 0.68(PM10) (µg/m3) + 0.14(SO2) (µg/m3) − 0.13(NO2) (µg/m3)
+ 0.32(NO) (µg/m3) (1.09–1.89)

S6

Heating PM2.5 (µg/m3) = (−5.32) + 0.98(PM10) (µg/m3) + 0.04(CO)(µg/m3) − 0.02(NO) (µg/m3) +
0.01(WS)(m/sec) (1.37–4.43)

Non-heatin
g

PM2.5 (µg/m3) = 74.24 + 1.02(PM10) (µg/m3) − 0.02(NO2) (µg/m3) − 0.02(CO)(µg/m3) −
0.02(P)(mmHg) (1.08–1.99)
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Common sources, such as fossil fuel combustion, biomass burning, and wildfires,

contribute to urban PM2.5 and PM10. The positive correlation coefficients between PM2.5,

PM10, and NO (Table 4.11) indicate a common origin, with gaseous pollutants such as

NOx primarily originating from vehicular exhaust and stationary fossil fuel combustion.

Figures 4.26 depict how the expected values of PM2.5 concentrations correspond to the

observed data from S5 and S6 in 2019 for both study periods, revealing a consistent

trend. The predictive models exhibited a strong fit in estimating PM2.5 concentrations,

supported by various validation techniques (Table 4.12). Error metrics, such as MAE

and NME, indicated reliable model performance. MAE values, ranging from 0.49 to

6.37, reflected minimal error between observed and expected PM2.5 concentrations.

However, RMSE values (2.33–8.48) suggested potential differences between observed

and predicted values (Table 4.13).

Figure 4.26: Predicted vs. observed PM2.5 concentration (S5, S6) during heating (a, c) and

(non-heating (b, d) periods.
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Table 4.13: Performance indicators for model validation (S5 and S6).

4.12.5 RF

prediction models

The RF-based prediction models outperformed the MLR models for PM2.5 concentration

based on expected vs. observed concentrations of PM2.5 (Figure 4.27), higher R2 values

Figure 4.27: Expected and observed concentrations of PM2.5 (S5, S6) for heating (a, c) and

non-heating (b, d) periods.
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S5 S6

Heating Non-Heating Heatin
g

Non-Heatin
g

Mean absolute error (MAE) 6.37 3.57 1.55 1.47
Root-mean-square error (RMSE) 8.48 5.29 2.42 2.15
Normalized absolute error (NMAE) 0.39 0.37 0.02 0.04
Coefficient of determination (R2) 0.84 0.68 0.99 0.99
Index of Agreement (IA) 0.95 0.90 0.99 0.99
Prediction accuracy (PA) 0.84 0.69 0.99 1.01
Observed mean (Oi) 16.4 9.29 77.4 38.8
Predicted mean (Pi) 16.3 9.29 77.3 38.8
Observed standard deviation (Ostd) 21.3 9.28 61.8 26.9
Predicted standard deviation (Pstd) 19.6 7.07 61.7 27.9



values (ranging from 0.79 to 0.98) (Figures 4.28), and residuals (Figures 4.29).

The statistical metrics assessing model accuracy, including MAE, RMSE, and

10-fold cross-validation, consistently suggest the better performance of RF-based

models over MLR models (Table 4.14). These findings are consistent with recent studies

employing both MLR and diverse machine learning algorithms for PM concentration

prediction. Notably, lower MAE, RMSE, and CV-MSE (Cross-validation of MSE)

values during the non-heating period suggest potential influences from seasonal

variations and specific factors affecting PM2.5 formation mechanisms, such as industrial

activity, coal-burning in municipal areas, variations in secondary pollutant

concentrations, or changes
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Figure 4.28: Scatterplot for PM2.5 concentrations (S5, S6) during the (a,c) heating and (b,d)

non-heating periods

in diffusion rates.

Figure 4.29: Residuals distribution (S5, S6) for the heating (a, c) and non-heating (b, d) periods.

Table 4.14: Model performance evaluation for the RF-based PM2.5 concentration prediction

model.

Model Performance Indicator MAE (µg/m3) RMSE (µg/m3) CV-MSE (µg/m3)
S5 Heating  3.95 8.70 175

S5 Non-heating 2.30 4.38 30.2
S6 Heating  3.07 16.5 141

S6 Non-heating  0.63 4.29 75.3

During the non-heating period at S5, PM10 (63%) and NO (14%) concentrations

were identified as the primary predictors of PM2.5 concentrations, while CO (69%) and

123



PM10 (15%) concentrations were the major predictors for the heating period forecasts.

The correlation coefficients for S6 reflected similar patterns, with PM10 being the

dominant contributor (> 95%).

As revealed by RF, the strong correlation between PM2.5 and PM10 concentrations

at S6 explains the discrepancy in predictive accuracy between S5 and S6 concentration

forecasts. This can be attributed to the substantial contribution of PM10 content to the

composition of PM2.5. Further investigation into the relationship between PM10 and

PM2.5 concentrations at S6 would require advanced laboratory tools, such as elemental

analysis.

The meteorological parameters demonstrated a comparatively lower overall

contribution to PM2.5 concentrations (e.g., < 0.87% for S6) when compared to other

pollutants. However, during the heating period (S5), temperature was the third most

influential factor for PM2.5 concentrations (4.55%). This connection may be associated

with increased rates of coal burning and industrial activities for local residential heating,

a phenomenon documented in the literature (Shaziayani et al., 2022; Joharestani et al.,

2019; Enebish et al., 2020). Notably, wind speed (S5, S6) contributed only 1.51% to

PM2.5 variations, as opposed to prior studies (Shaziayani et al., 2022; Joharestani et al.,

2019; Enebish et al., 2020). This difference could be explained by the unique climate

features of Astana, characterized by the free flow of both cold Arctic air and warm air

masses, a distinction not present in previously studied regions (Shaziayani et al., 2022;

Joharestani et al., 2019; Enebish et al., 2020; Ly et al., 2020). The area's high-speed and

frequent winds might lead to a weak or non-existent correlation between PM2.5

124



concentrations and wind speed, while seasonal variations in wind directions could

remain crucial in influencing variations in PM2.5 concentrations.

4.12.6 Comparison between prediction methods

The RF-based models perform better, in general, due to their robust capability for

nonlinear fitting (Ren et al., 2021). This is particularly beneficial in air quality

modeling, where accuracy is influenced by variations in meteorological parameters,

industrial production, urban coal-burning rates, and vehicle exhaust across different

seasons (Shaziayani et al., 2022; Meng et al., 2020; Kerimray et al., 2018; Ren et al.,

2021; Enebish et al., 2020). Notably, the ML approach, unlike MLR modeling,

eliminates the need for data adjustment, such as normalizing the distribution of

dependent and independent variable data (Khan et al., 2022; Joharestani et al., 2019).

The RF-based model is less effective when predicting high PM2.5 concentration values

(Figure 4.27 and Figure 4.28), overestimating predicted values. In contrast, MLR

predictions are more conservative. While RF is feasible for environmental studies,

exploring other machine learning techniques, such as XGBoost, artificial neural

networks (ANN), or ARIMA, is advisable to address this limitation and assess if they

demonstrate similar trends (Park et al., 2018; Ejohwomu et al., 2022; Bekkar et al.,

2021; Zheng et al., 2021).
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Figure 4.30: Comparison between MLR and RF approaches for PM prediction modeling.

Despite statistical models (e.g., MLR, Generalized Additive Model, and Linear

Mixed-Effects Model) having an overall lower accuracy compared to the RF-based

approach, they may prove more effective in scenarios with a limited number of predictor

variables, as seen in locations with limited air pollution and meteorological data such as

Astana (Kulkarni et al., 2022). The RF algorithm, relying on the average results of

numerous decision trees with random predictor variables, can lead to significant

deviations between predicted and observed pollutant concentrations due to irrelevant

parameters (Park et al., 2022; Ren et al., 2021). Therefore, a statistical model with a

thorough correlation analysis, eliminating accuracy-disrupting variables, could be a

viable alternative to RF, especially in contexts with data limitations and high

computational requirements of other ML approaches such as ANN or XGBoost. A

comparison between the two approaches is presented in Figure 4.30.

4.12.7 HHRA

An assessment of health risks was conducted via the AIRQ+ software to estimate

the potential impacts of PM2.5 exposures on mortality from respiratory and

cardiovascular diseases. Data for four distinct age groups (0–1, 2–14, 15–64, and

65–120 years old) in Astana were obtained from government statistical databases (Table

4.15).

Table 4.15: The demographic distribution and recorded mortality cases in Astana for 2019

across various age groups.

Age Group Population Mortality Cases
0–1 28,736 171
2–14 286,368 87
15–64 712,275 1878
65–120 51,005 2193
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Table 4.16 displays YLL for the observed year with a PM2.5 threshold at 10 μg/m3.

The annual YLL, considering all natural causes of mortality based on mean PM2.5

concentrations from S5 and S6, yielded values of 12.7 years (0.00, 25.3; 95% CI) and

130.6 years (0.00, 253; 95% CI) for all age groups in 2019. Specifically, individuals

aged 30 to 120 had YLL values of 3.82 years (0.00, 7.59; 95% CI) and 39.3 years (0.00,

75.9; 95% CI) for mean concentrations detected on S5 and S6. Per 100,000 individuals,

the YLL values reached a peak of 1.18 years (0.00, 2.34; 95% CI) and 12.1 years (0.00,

23.4; 95% CI) for S5 and S6, respectively.

Table 4.16: YLL values estimated by AirQ+.

S5 S6
Parameters Mean 95% CI Mean 95% CI

YLL per total population (all ages) 12.7 (0.00–25.3) 131 (0.00–253)
YLL per total population (age 30–64) 3.82 (0.00–7.59) 39.3 (0.00–75.9)

YLL per 100,000 people (all ages) 1.18 (0.00–2.34) 12.1 (0.00–23.4)
YLL per 100,000 people (age 30–64) 0.35 (0.00–0.70) 3.64 (0.00–7.04)

The disease burden for Astana’s population in 2019 was determined through the

PAF methodology. Given the assumption of universal exposure to elevated PM2.5 levels

in Astana, the employed value of PP was equal to 1. However, due to the absence of

comprehensive medical records, calculating YLD for the population based solely on

AIRQ+ data proved to be impractical.

To address this, YLD was estimated by incorporating mortality causes for

respiratory and cardiovascular diseases from AIRQ+, data sourced from the Kazakhstan

Statistical Agency, and relevant parameters derived from prior literature on β and

disability weights, as outlined in Table 4.17 (Bureau of National Statistics, 2021; Jung et

al., 2019; Yin et al., 2017).
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Table 4.17: Exposure-response coefficients, morbidity cases, and disability weights for

respiratory and cardiovascular diseases in Astana.

Βrespiratory Morbidity
Casesrespiratory

Disability
Weightrespiratory

βcardiovascular Morbidity
Casescardiovascular

Disability
Weightcardiovascular

0.0079 250,666 0.703 0.00068 30,318 0.787

The YLD and DALY results for each observed disease are presented in Table 4.18.

In 2019, the YLD for the total population, considering mean PM2.5 concentrations from

S5, were 1,912 years for respiratory disease and 235 years for cardiovascular disease. At

S6, the YLD for the entire population was 6,477 and 923 years for respiratory disease

and cardiovascular disease, respectively. The YLD per 100,000 population in 2019,

based on the mean PM2.5 concentration from S5, was 177 years for respiratory diseases

and 21.8 years for cardiovascular diseases. For S6, using the mean PM2.5 concentration,

the YLD per 100,000 individuals was 601 years for respiratory disease and 85.6 years

for cardiovascular disease. The substantial variation in YLD for different diseases may

be attributed to differences in exposure-response coefficient values (Yin et al., 2017).

Table 4.18: YLD estimated for respiratory and cardiovascular morbidity and DALY values.

Parameter S5 S6

Respiratory disease YLD per total population 1,912 6,477
YLD per 100,000 individuals 177 601

Cardiovascular disease YLD per total population 235 923
YLD per 100,000 individuals 21.8 85.6

DALY per total population 2,160 7,531
DALY per 100,000 individuals 200 698

The DALY for respiratory and cardiovascular conditions attributed to PM2.5

concentrations from S5 was estimated at 2,160 years for the overall population.

Additionally, for the S5, the DALY per 100,000 population was equal to 200 years.

Based on mean PM2.5 concentrations detected at S6, the DALY for the entire population

was 7,531 years, with a corresponding DALY per 100,000 individuals of 698 years.
128



These findings align with DALY values reported in other case studies. For example, the

DALY attributable to air pollution in Spain was 286 years per 100,000 individuals, with

a 97.5% confidence level ranging from 53 to 469 years per 100,000 individuals in 2012

(WHO, 2016c). The elevated DALY values identified for data from S6 can be attributed

to the high PM2.5 concentrations recorded in the monitoring station.

4.13 KAP of air pollution among Astana residents

4.13.1 Sociodemographic characteristics of the studied population

The general demographic characteristics of the participants (Table 4.19) show that

out of the total 782 respondents, 46.7% (n = 365) were male, and 43.1% (n = 425) were

female. The most prevalent age group of the participants was 25–34 years old (29.2%, n

= 228). Half of the respondents had at least a bachelor’s degree (49.9%, n=390). More

than a third of the study population (41.7%, n = 326) identified as unemployed, while

30.3% (n = 237) were self-employed. The majority (54.0%, n = 422) of the participants

described the environment they spend most of their time in as an environment where air

quality is not a concern whereas 10.1% (n = 79) and 11.0% (n = 86) of the studied

population were engaged in industrial and urban sectors, respectively. One-third of the

respondents (36.1%, n = 282) had an average monthly household income of less than

100,000 KZT, while 37.2% (n = 291) of the participants reached the average wage of the

Kazakhstani population (263,905 KZT in 2022) (Bureau of National Statistics, 2022).

4.13.2 Relationship between air quality perception and sociodemographics

The public perception of air quality in Astana (Table 4.20) was affected by

participants’ age, gender, education, employment status, the environment in which the
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respondent spent most of their time, average monthly household income (p < 0.001),

and health status (HBP (p<.001) and COPD (p = 0.005)).

Almost half of the respondents (42.1%, n = 329) classified the air quality as

moderately polluted and causing no harm. Among the respondents in the 35–44 age

Table 4.19: General demographic characteristics of the respondents (n=782).
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Demographic Characteristics n % Demographic Characteristics n %

Age category Average monthly household income

18-24 59 7.60 <100,000 KZT 282 36.1

25-34 228 29.2 100,000-250,000 KZT 291 37.2

35-44 184 23.6 250,001-500,000 KZT 98 12.5

45-54 147 18.8 500,001-1,000,000 KZT 51 6.5

55-64 76 9.70 >1,000,000 KZT 60 7.7

65+ 87 11.1 Health status

Gender High Blood Pressure

Male 365 46.7 Yes 190 24.3

Female 415 53.1 No 591 75.7

Undefined 2 0.3 Cardiovascular conditions

Education Yes 21 2.7

Secondary school degree 8 1.0 No 760 97.3

High school degree 72 9.2 Diabetes

Specialized secondary education 233 29.8 Yes 8 1.00

Bachelor’s degree 390 49.9 No 773 99.0

Master’s degree or above 79 10.1 Asthma

Employment status Yes 11 1.40

Full-time employment 106 13.6 No 770 98.6

Part-time employment 69 8.8 COPD

Self-employed 237 30.3 Yes 12 1.50

Unemployed 326 41.7 No 769 98.5

Student 40 5.1

Retired 4 0.5

Environment

Not a concern 422 54.0

Industrial environment/concern 79 10.1

Urban environment/concern 86 11.0

Another environment/concern 22 2.8

Not working 52 6.7

Home environment 121 15.5



category, half (52.7%, n = 97) considered the air quality in Astana moderately polluted, causing

no detrimental effect to the general population. However, one-third of the respondents in the

45–54 and 55–64 age groups (34.3% (n = 50), and 30.3% (n = 23), respectively) classified the air

quality as highly polluted.

Half of the female population (50.7%, n = 210) described the region as moderately polluted

with no significant effect, while one-third (32.6%, n = 119) of male respondents shared a similar

perception. Respondents with graduate degrees and full-time employment were more likely to

consider the air quality level as moderately dangerous to human health (55.7%, n = 44; 49.5%, n

= 52, respectively). The majority (69.6%, n = 55) of participants working in an industrial

environment noted a high level of air pollution.
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Table 4.20: Perception of air quality among respondents.

Demographic Characteristics Highly
polluted

Moderately
polluted/cause

harm

Moderately
polluted/cause

no harm

Not polluted
at all

χ2 p

n % n % n % n %

Age category 73.5 < 0.001

18-24 10 17.0 22 37.3 21 35.6 6 10.2

25-34 29 12.7 46 20.2 109 47.8 44 19.3

35-44 39 21.2 27 14.7 97 52.7 21 11.4

45-54 50 34.3 36 24.7 48 32.9 12 8.2

55-64 23 30.3 16 21.1 29 38.2 8 10.5

65+ 13 14.9 36 41.4 25 28.7 13 14.9

Gender 48.2 < 0.001

Male 105 28.9 100 27.4 119 32.6 41 11.2

Female 59 14.3 82 19.81 210 50.7 63 15.2

Undefined 0 0.00 2 100 0 0.00 0 0.00

Education 219 < 0.001

Secondary school degree 1 12.5 1 12.5 5 62.5 1 12.5

High school degree 7 9.72 4 5.56 19 26.4 42 58.3

Specialized secondary education 69 29.7 39 16.8 86 37.1 38 16.4

Bachelor’s degree 74 19.0 96 24.6 199 51.0 21 5.38

Master’s degree or above 13 16.5 44 55.7 20 25.3 2 2.53

Employment status 236 < 0.001

Full-time employment 15 14.3 52 49.5 31 29.5 7 6.67

Part-time employment 8 11.6 4 5.80 16 23.2 41 59.4

Self-employed 70 29.5 38 16.0 92 38.8 37 15.6

Unemployed 65 19.9 67 20.6 177 54.3 17 5.21

Student 4 10.0 21 52.5 13 32.5 2 5.00

Retired 2 50.0 2 50.0 0 0.00 0 0.00

Environment 191 < 0.001

Not a concern 66 15.6 75 17.8 201 47.6 80 19.0

Industrial environment/concern 55 69.6 6 7.6 15 19.0 3 3.08

Urban environment/concern 8 9.41 30 35.3 33 38.8 14 16.5

Another environment/concern 4 18.2 11 50.0 5 22.7 2 9.09
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Not working 14 26.9 13 25.0 22 42.3 3 5.77

Home environment 17 14.1 49 40.5 53 43.8 2 1.65

Average monthly household income 68.1 < 0.001

<100,000 KZT 60 21.3 49 17.4 123 43.6 50 17.7

100,000-250,000 KZT 62 21.3 57 19.6 139 47.8 33 11.3

250,001-500,000 KZT 16 16.3 33 33.7 45 45.9 4 4.08

500,001-1,000,000 KZT 16 31.4 14 27.5 9 17.6 12 23.5

>1,000,000 KZT 10 17.0 31 52.5 13 22.0 5 8.47

Health status

High blood pressure 54.9 < 0.001

Yes 71 37.4 42 22.1 45 23.7 32 16.8

No 93 15.7 142 24.0 284 48.1 72 12.2

Cardiovascular conditions 0.63 0.89

Yes 5 23.8 6 28.56 8 38.1 2 9.52

No 159 20.9 178 23.4 321 42.2 102 13.4

Diabetes 2.16 0.54

Yes 1 12.5 2 25.0 5 62.5 0 0.00

No 163 21.1 182 23.5 324 41.9 104 13.5

Asthma 6.87 0.08

Yes 1 9.09 6 54.6 4 36.4 0 0.00

No 163 21.2 178 23.1 325 42.2 104 13.5

COPD 7.98 0.05

Yes 0 0.00 6 50.0 6 50.0 0 0.00

No 164 21.3 178 23.2 323 42.0 104 13.5

Total 164 21.0 184 23.6 329 42.1 104 13.3

4.13.3 Respondents’ knowledge of air pollution-related topics

Table 4.21 summarizes the relationship between participants’ knowledge of air

pollution-related topics (maximum score: 14.0) and demographics. Most participants consider

industrial emissions, vehicle exhaust, and coal burning as the major sources of air pollution
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(Figure 4.31). Furthermore, almost all respondents (99.9%) use online resources for air

pollution-related information (Figure 4.32). The knowledge score was considerably low and

varied significantly (p < 0.001) by age category, education, employment status, environment

where respondents spend most of their time, and average monthly household income, it also

varied by health status (asthma (p = 0.002), and COPD (p = 0.05)). A higher level of knowledge

was noted among participants in the 18–24 age category (mean =6.75 ± 3.14, p < 0.001). Overall,

participants who obtained a graduate degree demonstrated a higher level of knowledge of air

pollution-related topics (mean = 6.44 ± 2.84, p < 0.001).

The students, participants who worked in urban environments, and those with higher

economic status (i.e., average monthly household income > 1,000,000 KZT) showed a higher

level of knowledge compared to the rest of the population (Table 4.21). Notably, participants

diagnosed with asthma had the highest average knowledge score (mean = 7.20 ± 3.84, p =

0.002).

Table 4.21: Level of knowledge of air pollution among respondents.

Demographic Characteristics Level of knowledge of air
pollution

Mean

Age category

18-24 6.75±3.14

25-34 4.32±2.93 df=5

35-44 3.84±2.80 p<0.001

45-54 4.31±2.73

55-64 4.79±2.87

65+ 4.67±2.20

Gender

Male 4.70±2.78 df=2

Female 4.27±2.97 p=0.119

Undefined 4.70±1.27
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Education

Secondary school degree 4.93±3.44

High school degree 5.77±2.82 df=4

Specialized secondary education 4.31±2.53 p<0.001

Bachelor’s degree 3.92±2.85

Master’s degree or above 6.44±2.84

Employment status

Full-time employment 6.07±2.78

Part-time employment 5.52±2.71 df=5

Self-employed 4.32±2.54 p<0.001

Unemployed 3.48±2.67

Student 7.31±2.88

Retired 6.35±2.00

Environment

Not a concern 4.07±2.80

Industrial environment/concern 4.21±2.56 df=5

Urban environment/concern 6.33±3.13 p<0.001

Another environment/concern 6.24±3.13

Not working 4.37±3.01

Home environment 4.49±2.52

Average monthly household income

<100,000 KZT 3.58±2.23

100,000-250,000 KZT 4.34±3.03 df=4

250,001-500,000 KZT 5.30±2.98 p<0.001

500,001-1,000,000 KZT 6.16±2.77

>1,000,000 KZT 6.54±2.84

Health status

High blood pressure

Yes 4.19±2.72 df=1

No 4.56±2.92 p<0.128

Cardiovascular conditions

Yes 4.33±2.01 df=1

No 4.48±2.90 p=0.234

Diabetes

Yes 3.53±2.59 df=1
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No 4.48±2.88 p=0.351

Asthma

Yes 7.20±3.84 df=1

No 4.43±2.85 p=0.002

COPD

Yes 6.10±3.45 df=1

No 4.45±2.87 p=0.05

The bivariate analysis further supported the impact of participants' knowledge on their

environmental attitudes and perceptions. Similar to the present study, Hou et al. (2021) found a

moderate level of ambient air pollution health literacy among the respondents, and they observed

an association between literacy level and specific covariates such as education, living

arrangement, marital status, and area of residence. However, Odonkor and Mahami. (2020),

which assessed knowledge, attitudes, and perception of air pollution in Accra, Ghana, revealed

that a low level of education and elderly age were associated with lower literacy regarding air

pollution and related health effects. The highest level of environmental knowledge was evident

for participants with a graduate degree, which suggests that formal education is a leading factor

in promoting environmental awareness. However, within the context of Kazakhstan, despite

51.7% of the employed population having a bachelor's degree (Bureau of National Statistics,

2022), the prevailing majority still demonstrates a low level of environmental literacy.

Interestingly, some countries (e.g., Germany, Sweden) (Grund & Brock, 2022) with

reported lower percentages of bachelor graduates show higher levels of public awareness of

environmental issues. Moreover, in China, for instance, where tertiary education is acquired by

only 10% of the population between the ages of 25 and 64 (OECD, 2023), environmental

education is a requirement for elementary and secondary school levels (Wu, 2012). Moreover, a

study by Clayton et al., 2018 which assessed the level of knowledge and environmental attitude
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among 1,433 Chinese students and adults, revealed a moderate level of knowledge (14.3 and

15.1 points out of 22 for adults and university students, respectively) and high intention for

pro-environmental behavior. This implies the existence of additional confounding variables

influencing environmental literacy, in addition to institutional knowledge.

4.13.4. Attitude toward environmental protection and Willingness to Pay (WTP)

Most participants were largely in agreement with the statements regarding environmental

protection, (mean score > 3.00 (neutral response)) (Figure 4.33). Almost 30% of the respondents

prioritized environmental protection over economic growth. The strongest agreement was noted

for statements about the importance of environmental literacy (mean = 3.34) (“Educating

younger generations about the knowledge of environmental protection is important.”) and

general attitude towards environmental protection (mean = 3.30) (“Taking care of the

environment is something I really care about.”).

Opinions against environmental protection were mostly neutral or supportive (mean >

3.20). Almost 42% of the study population supported the statement “The economic growth of

Kazakhstan is currently more important than environmental protection.” Almost half of the

respondents (43.2%) were skeptical about the individual actions that can be taken to improve air

quality (“Nothing can be done by me or my family or friends to improve the atmospheric

situation.”). Moreover, one-third of the participants expressed a lack of motivation towards

individual actions unless the initiative is supported in the community (“There is no point in doing

what I can for the environment unless everyone does the same.”).

Most respondents either demonstrated a WTP for environmental protection or remained

neutral in their WTP statements (Figure 4.33). Half of the respondents (51.4%) supported the

idea of governmental intervention for environmental protection without self-involvement (mean
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= 3.4) (“Kazakhstan’s government has to reduce atmospheric pollution, but it should not incur

any costs to me.”), only 32.0% of the surveyed population expressed their WTP extra taxes for

enhancing air quality (mean = 2.96) (“I do not object to a tax increase if the additional funds are

utilized to prevent further atmospheric pollution.”). Furthermore, 36.0% of participants

expressed their preparedness to accept a reduction in their standard of living to protect the

environment.

A low level of environmental knowledge can explain the current perception of air quality

among Astana residents. In general, the respondents do not consider the current local air quality

as a threat to public health. It should be noted that Astana and Almaty (the second major city in

the country) were ranked as the most polluted cities in Kazakhstan according to API, with

substantial regional variation in airborne pollutants concentration (Kerimray et al., 2018). A

collaborative effort between the World Bank and the Ministry of Environment and Water
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Resources of Kazakhstan also states concentrations of airborne pollutants such as PM10, NO2,

and SO2 exceeding the European Union air quality guidelines in ten Kazakhstani cities (The

World Bank, 2021).

The increased activity of CHPPs and domestic coal combustion during winter months

substantially contribute to serious degradation of air quality due to the increased demand for

heating during extreme cold episodes. The annual coal consumption of CHPPs in Astana is

estimated at 3.2 million tons. On top of this, according to data from a 2018 household survey,

two-thirds of Kazakhstani households still use solid fuels such as coal, biomass, and wood for

heating (The World Bank, 2021).

4.13.5 SEqM validity check

The hypothetical model was first subjected to a validity check using partial least squares

analysis, after which the hypotheses set could be confirmed/rejected via bootstrapping. Starting

with a convergent validity check (Table 4.22) and outer loadings checks, most values exceed the

acceptable limit of 0.7 including WP2 whereas several others were smaller than that value (P5,

P3, P7, and KoAPI1). This states that KoAPI1 is weak in representing the "Knowledge"

construct. Values for P5, P3, and P7 were within the acceptable limits (between 0.4 and 0.7) and

their removal does not increase composite reliability (Hair et al., 2018). The values at the lower

range could be attributed to the question wording and to the understanding of the respondents

which may be subjective.

Table 4.23 represents the reliability and validity checks of the constructs. The institutional

knowledge construct is the least reliable (Cronbach's alpha, Dillon-Goldstein's rho, and

composite reliability are lower than the acceptable limit), which may be attributed to the limited

number of questions.
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Table 4.24 demonstrates the values for discriminant validity which indicates the differences

between the constructs. All the values are distinct and discriminant. Table 4.25

Table 4.22: Convergent validity.

Variable Outer
loading Variable

Outer
loadin

g

P1 0.447 EA4 0.726

P2 0.462 P4 0.622

WP1 0.872 P5 0.675

WP2 0.772 EA5 0.824

P3 0.468 EA6 0.752

EA1 0.769 P6 0.544

WP3 0.683 P7 0.707

KoI1 0.134 KoI2 0.996

EA2 0.791 KoLAQ
2 0.765

AM3 0.836 KoLAQ
1 0.807

Table 4.23: Construct reliability and validity.

Cronbach’s
Alpha

rho_
A

Composite
Reliability

Average Variance Extracted
(AVE)

Environmental attitude 0.875 0.878 0.905 0.615

Institutional knowledge 0.090 0.534 0.563 0.505

Knowledge of local air quality 0.381 0.383 0.763 0.618

Perception of national air pollution and
economy 0.670 0.693 0.765 0.324

WTP 0.684 0.750 0.822 0.608

represents the hypothesis test check using bootstrapping, showing that all four hypotheses are

supported.

Table 4.24: Discriminant validity of constructs.
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Environmental
attitude

Institutional
knowledge

Knowledge of
national air

pollution

Perception of national
air pollution and

economy
WTP

Environmental attitude 0.78

Institutional knowledge -0.02 0.71

Knowledge of national air
pollution 0.27 0.35 0.79

Perception of national air
pollution and economy 0.22 0.71 0.82 0.57

WTP 0.53 0.03 0.26 0.23 0.78

Table 4.25: Hypothesis test results.

Original
Sample

(O)

Sample Mean
(M)

Standard
Deviation
(STDEV)

t statistics
(|O/STDEV|) p-value

Environmental attitude 🡪 Perception of
national air pollution and economy 0.06 0.06 0.02 3.85 <0.001

Institutional knowledge 🡪 Perception of
national air pollution and economy 0.49 0.49 0.03 19.76 <0.001

Knowledge of local air quality 🡪 Perception
of national air pollution and economy 0.63 0.63 0.03 25.46 <0.001

WTP 🡪 Environmental attitude 0.53 0.54 0.03 18.92 <0.001

Table 4.26 shows that the effect of Knowledge of local air quality on the perception of national

air pollution and the economy is the strongest (i.e., with the largest path value: 0.626). The

effects of Institutional knowledge on the Perception of national air pollution and economy and

Table 4.26: Path coefficient values.

 Path Coefficient

Environmental attitude 🡪 perception of national air pollution and
economy

0.063

Institutional knowledge 🡪 Perception of national air pollution and
economy

0.492

Knowledge of local air quality 🡪 perception of national air pollution
and economy

0.626

WTP 🡪 Environmental attitude 0.533
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WTP on Environmental attitude are also strong (0.492 and 0.533, respectively). Interestingly, the

effect of Environmental attitude on the perception of national air pollution and the economy is

minimal.

The results of the SEM analysis further highlight the significance of local air quality

knowledge and its effect on the public perception of national air pollution and the economy. This

resonates with other studies where knowledge and education are prime factors in improving

environmental attitudes (Sudarmadi et al., 2001; Meinhold & Malkus, 2005). It suggests that

increasing environmental literacy among the general public should be considered a priority to

promote pro-environmental behavior. In addition, since almost all respondents use online

resources for air pollution-related information, it is crucial to disseminate knowledge of air

pollution and related health effects through easily accessible means to benefit a population with

varying socioeconomic backgrounds (Finn & Fallon, 2017). One possible way to spread

environmental knowledge is through online platforms (e.g., social media) that have expanded in

recent years. Yang & Wu (2019) investigated the effect of using social media for health-related

information and its correlation with protective behavior during episodes of high air pollution in

China. Results revealed that using social media for health-related information predicted the

users’ attitude towards protective behavior (e.g., wearing dust masks during haze episodes).

Pro-environmental behavior can also be effectively promoted by considering individual

intentions (Bamberg & Möser, 2007). The intention for individual actions is associated with

personal self-consciousness and self-identity (Huang et al., 2020). Studies also indicate that

individuals who perceive themselves as environmentalists are more likely to act (Tabernero et al.,

2015; Carfora et al., 2017). Moreover, a perceived lack of control over environmental issues
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affects the willingness to take individual actions and pay for environmental protection, in a form

of environmental taxes and prices for higher-quality gasoline (Vicente et al., 2021).

There is a common belief that developing countries are less concerned with environmental

protection because their focus is driven by survival and material concerns. However, emerging

evidence also suggests no association between national income and WTP for environmental

protection. Some studies indeed speculate that due to presumably higher pollution levels,

environmental protection is a greater concern for developing countries (Dunlap & York, 2016;

Shao et al., 2018). In the present research, SEM analysis revealed a relationship between WTP

for environmental protection and environmental attitude, indicating that respondents’ readiness

to spend money on environmental protection shapes their attitude toward environmental issues

and gives them a sense of control over their own actions. These findings support the importance

of a perceived lack of control over environmental issues and its association with behavior

intentions and attitudes toward pro-environmental behavior. In the bivariate analysis, the

majority of the respondents expressed either WTP for environmental protection or remained

neutral in their WTP statements, which further supports the results of the SEM analysis.

One form of payment for environmental preservation is environmental taxation. New

environmental regulations introduced penalties and fees to minimize noncompliance with

emission standards in Kazakhstan. However, the emission limit values (ELVs) established for

industrial plants in Kazakhstan are higher than those recommended by international guidelines

(e.g., the EU Industrial Emissions Directive) (Assanov et al., 2021). Moreover, environmental

sanctions are more directed toward government budget revenue rather than toward

environmental protection (Abakhanov, 2020). However, in 2021, Kazakhstan adopted its

Environmental Code that established the payment for negative environmental impact (NEI),
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which is subjected to a gradual increase every three years for large corporations. The estimation

of NEI for stationary sources is set based on the emission concentrations. The base pollution tax

for the emissions within ELVs also depends on the monthly calculation index (MCI) and tax

coefficient per ton of pollutant. Stationary sources with emissions higher than ELVs are

subjected to administrative penalties and environmental damage payments (The World Bank,

2021). Almost 40% of the respondents support paying more for higher quality fuel if it improves

air quality (“I do not mind paying more money to use better quality gasoline, which leads to less

pollution.”). For mobile sources (e.g., passenger vehicles), the pollution tax is based on the

engine size and type of fuel (e.g., unleaded gasoline, diesel fuels, compressed gas) with different

rates for summer (June-October) and winter (November-May) periods (The World Bank, 2021).

4.14 Chapter summary

This chapter presents the major findings of the current dissertation. The first part focuses

on the effects of method modification for in vitro lung bioaccessibility. The second part consists

of the characterization of PM collected in Astana, Kazakhstan, including toxicity assessment of

PM via in vitro lung bioaccessibility and inhalation risk assessment, PM morphology, and source

identification. The third part of the current research describes precipitation chemistry and its role

in air quality. The third part contains findings on source identification via CBPF. The fifth part

compares MLR and RF approaches for PM2.5 prediction modeling. Lastly, the sixth part focuses

on the identification of major determinants of the perception and attitude of the general public on

air pollution. The major findings of this chapter are the following:

145



● The modification of GS with 0.25% cholesterol and 5% DPPC and a combination of both

in a higher concentration increases both bioaccessibility (e.g., Cr in SRM 2691 and V in

BGS 102) and the bioaccessible concentration (e.g., Cu in SRM 269) of selected PTEs.

● A 1/500 S/L ratio yielded a higher elemental bioaccessibility of both reference materials

in ALF (e.g., up to 94.8% for Pb in BGS 102), however, the use of a higher particle load

(e.g., 1/100 S/L ratio) might be a more accurate simulation of inhalation exposure.

● The increase in solubility of selected PTEs after 4-week extraction indicates that a longer

test duration may be necessary for routine measurement of metal dissolution in SLFs.

● A higher agitation speed, though resulted in higher bioaccessibility measurement, should

be supported by in vivo validation.

● The mean PM2.5 and PM2.5-10 concentrations in PM samples were 28.7 μg⋅m-3 (max: 534

μg⋅m-3) and 226 μg⋅m-3 (maximum: 1,564 μg⋅m-3), respectively, drastically exceeding

WHO guidelines.

● SEM analysis revealed several distinct PM groups (e.g., bioaerosols, CFA, natural and

construction dust, and soot). The PM2.5 and PM2.5-10 collected in summer period composed

of ND (48.2%), construction dust (32.5%), CFA (14.5%), vehicular PM (1.8%), and

biological-origin PM (3%), while PM collected in winter contained construction dust,

CFA, ND, and road dust/car exhaust particles at 32.5%, 31.6%, 31.1%, and 4.9%,

respectively.

● The inhalation HRA via bioaccessible pollutant concentration revealed no

carcinogenic/non-carcinogenic risk for the exposed population.

● Chemical analysis of PM and snow and rain samples revealed potential common sources

including vehicular exhaust, coal, and liquid fuel combustion.
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● The CBPF plots depicting PM2.5 concentrations at the 75th (>29.3 µg/m3) and 95th

percentile (>87.1 µg/m3) indicated the influence of both coal-heated power plant

activities (CHPP-2) and residential heating on city air pollution.

● The CBPF analysis for the 75th percentile (>1 µg/m3) of SO2 concentration suggested an

unidentified pollution source in the southwestern part of Astana and revealed a combined

contribution from vehicular emissions and the influence of CHPPs.

● The RF-based PM2.5 prediction model outperformed MLR, showing better adaptability to

nonlinear data and higher sensitivity to seasonal variations.

● Both models identified PM10 and CO concentrations as crucial predictors for PM2.5

concentrations.

● DALY for 2019 was high ranging from 2,160 to 7,531 years.

● SEqM suggests that knowledge is the key factor in enhancing awareness and perception

of national air pollution levels.

● Respondents with low environmental literacy classified Astana as a moderately polluted

region with no association with adverse health outcomes (i.e., perception underestimating

the reality), while those engaged in industrial work considered it a highly polluted area

associated with health hazards.

● A moderate agreement was observed among the population groups with the statements

for environmental protection and WTP statements.
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CHAPTER 5: CONCLUSIONS

This thesis offers a thorough examination of air quality in Astana, Kazakhstan,

encompassing a detailed analysis of spatial and temporal variations in PM and gaseous

pollutants. This chapter focuses on key findings, limitations, and recommendations for future

research.

The analysis of pollutant concentrations in Astana, Kazakhstan (based on primary data and

concentration data obtained from governmental agencies) revealed a high concentration of PM
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(e.g., TSP, PM10, PM2.5-10, PM2.5) and gaseous pollutants (e.g., SO2, CO, NO2, NO, and HF). The

annual concentrations of ambient pollutants, in general, drastically exceeded annual and 24-hour

WHO air quality guidelines as well as national air quality standards in 2018-2023. For example,

the annual mean concentrations of PM2.5 in the period of 2018-2019 and 2019-2020 were 29.7

μg/m3 and 16.5 μg/m3, respectively. In 2018-2020 the concentration of CO ranged from 600 to

2,800 μg/m3, while in 2019-2020 the SO2 concentration range was 7.70-1,114 μg/m3. The mean

24-hour of PM2.5 and PM2.5-10 concentrations in PM samples collected in 2021-2023 were 28.7

μg⋅m-3 (max: 534 μg⋅m-3) and 226 μg⋅m-3 (maximum: 1,564 μg⋅m-3), respectively. This

research work presented modifications for the in vitro lung bioaccessibility protocol of selected

PTEs (Cd, Co, Cr, Cu, Mn, Ni, Pb, Sb, V, and Zn) suggesting seven distinct formulations of GS

(containing DPPC and cholesterol in different proportions) and one ALF, as well as variations of

physiological parameters such as S/L ratio, extraction time, and agitation. The modification of

GS with 0.25% cholesterol and 5% DPPC can enhance the bioaccessibility and bioaccessible

concentration of selected PTEs. The use of DPPC and cholesterol is recommended for evaluating

pulmonary bioaccessibility. A lower S/L ratio. (e.g., 1/500) increased bioaccessibility in ALF,

especially for Pb in BGS 102, but a higher particle load (1/100 S/L ratio) may better simulate

inhalation exposure. Extended testing durations may be needed for routine metal dissolution

measurements in SLFs, while higher agitation speeds increase bioaccessibility measurements.

The application of the same parameters to inhalation bioaccessibility testing of selected PTEs

(Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb, V, and Zn) in PM2.5 collected in Astana revealed, in general,

high bioaccessible concentration of PTEs in ALF (e.g., for Fe (mean: 16,229 mg/kg, range:

(906-30,419 mg/kg) and for V (mean: 10,725 mg/kg, range: (687-27,092 mg/kg)). However,

HHRA suggested acceptable carcinogenic and non-carcinogenic risks. Morphological
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characterization via SEM, CBPF analysis, and chemical speciation of PM and precipitation

revealed cumulative contribution from coal combustion (CHPPs and residential heating), as well

as vehicular emissions on the local air quality. Distinct particle groups observed during SEM

analysis included bioaerosols, coal fly ash (CFA), dust (natural or construction), and soot

particles. Physical features of PM particles (e.g., particle, size, shape, internal microstructures,

stiffness, surface area) contribute to their biological toxicity, and therefore are one of the major

factors determining the carcinogenic and non-carcinogenic risk due to PM exposure.

Additionally, the DALY analysis revealed 2,160 to 7,531 years lost due to air pollution for the

general population, which further underscores the PM-related adverse health impact. KAP

analysis revealed the major issue of low awareness about air pollution-related topics among the

general population that does not consider air quality in Astana of low quality.

To successfully implement air pollution mitigation interventions and provide continuous

education to the local population regarding air quality and associated health effects, it is crucial

to prioritize increasing public environmental literacy via online channels (e.g., social media) as

online resources are among the most common sources of information. The current research work

underscores the necessity for a more comprehensive and accessible air pollution monitoring

system for an accurate assessment of air quality. Although immediate measures for air pollution

mitigation are of utmost importance, their feasibility in the near future may be limited. The most

effective strategy for the current time might be increasing environmental literacy among the

residents of Astana, allowing public perception to influence governmental decisions regarding air

pollution-related regulations. The comprehensive analysis of Astana air quality suggests that

urban air quality exhibited significant deterioration in recent years, potentially contributing to

elevated adverse health outcomes.
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5.1 Limitations of the current research

Unlike other reference materials, such as NIST 1648a (urban atmospheric PM) and BCR

038 (coal fly ash), SRM 2691 and BGS 102 utilized in the present study are not commonly used

in environmental studies for the routine quality control assessment of total metal concentrations.

Moreover, the particle size fractions of SRM 2691 and BGS 102 used for in vitro bioaccessibility

experiments are not typical size fractions used in environmental research.

Moreover, the lack of comparison of the bioaccessible concentration of PTEs in PM

collected in Astana, Kazakhstan, with other SLFs (e.g., GS) is another limitation of the present

research. Comparison of the solubility of PTEs in different physiological fluids is imperative

when studying the bioavailability of PTEs in different parts of the respiratory system. However,

due to the study’s instrumental setup and the necessity to avoid cone contamination of ICP-MS,

conducting experimental procedures using GS was not feasible. Thirdly, small amounts of

accumulated PM as well as general inhomogeneity of PM deposition on filters dictated the need

to consume entire filters by bioaccessibility analyses, making quantification of the total PTEs

concentration and, subsequently, estimation of bioaccessible fraction (%) impossible.

The FE-SEM was not equipped with detectors for estimating particles’ elemental

composition, thus making it impossible to investigate particle chemistry, which may have

improved PM classification. In addition, the use of PTFE filters is excellent for acid digestion

but less practical for SEM compared to other options (e.g., glass or quartz filters), as the fibrous

structure of the filter can affect the focus plane.

The accuracy of DALY calculation for HHRA in Kazakhstan is limited by a lack of

specific population data, and incorporating recent Kazakhstani data would be essential for
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calculation accuracy. The current HRA, however, focuses on chronic PM2.5 exposures, lacking

short-term effects evaluation, and not considering other pollutants such as O3, NOx, and other PM

fractions, which would provide a more comprehensive understanding of health risks.

5.2 Recommendations for future work

Future air quality analysis should include data from a more diverse air pollution

monitoring system that covers a more extensive study area. Moreover, the secondary data

provided by governmental agencies and utilized for scientific investigation should be compared

with data from other available organizations with monitoring stations in Astana (e.g., AirKaz).

The public availability of air pollution data in Kazakhstan remains one of the major challenges of

air quality research. Future research should also focus on the comparison of bioaccessible

fractions and bioaccessible concentrations of PTEs in PM (collected in the study area) in various

physiological fluids (not limited to ALF). Lack of data on total elemental concentration in PM

also hindered studying the correlation between PM-bound PTEs and precipitation chemistry.
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Appendix B

The survey questionnaire:
1. What is your age?

[ ] less than 18
[ ] 18-24
[ ] 25-34
[ ] 35-44
[ ] 45-54
[ ] 55-64
[ ] 65+

2. What is your gender?
[ ] Male
[ ] Female
[ ] Prefer not to answer

3. What is your highest qualification?
[ ] Secondary school degree
[ ] High school degree
[ ] Specialized secondary education
[ ] Bachelor’s degree
[ ] Master’s degree or above

4. What is your current employment status?
[ ] Full-time employment
[ ] Part-time employment
[ ] Self-employed
[ ] Unemployed
[ ] Student
[ ] Retired

5. What is the environment that you spend most of your day in?
[ ] Environment where air quality is not a concern (e.g., school office)
[ ] Industrial environment where air quality is a concern (e.g., metal workshops, heating, and power
plants, etc.)
[ ] Urban environment where air quality is a concern (e.g., highway toll collection, truck driver, taxi
driver, etc.)
[ ] Another environment where air quality is a concern (please specify)
[ ] Not working
[ ] Home environment

6. What is your average monthly household income?
[ ] <100,000 KZT
[ ] 100,000-250,000 KZT
[ ] 250,001-500,000 KZT
[ ] 500,001-1,000,000 KZT
[ ] >1,000,000 KZT

7. Please indicate if you have the following chronic conditions.
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High blood pressure [Yes] [No]
Cardiovascular conditions [Yes] [No]
Diabetes [Yes] [No]
Asthma [Yes] [No]
Chronic Obstructive Pulmonary Disease (COPD) [Yes] [No]

8. Overall, how would you rate the atmospheric condition at the region you live in?
[ ] Highly polluted
[ ] Moderately polluted and causes harm
[ ] Moderately polluted but causes no harm
[ ] Not polluted at all

9. What is your source of information about air quality and air pollution-related topics? (Select all that
apply)
[ ] Online media (e.g., social networks, websites)
[ ] Printed media (e.g., books, brochures, magazines)
[ ] Friends and Family
[ ] Scientific Journals
[ ] TV

10. Please select all that you think contributes to ambient air pollution.
[ ] Industrial emissions
[ ] Motor vehicle emissions
[ ] Coal burnings
[ ] Woodburning
[ ] Construction and Demolition
[ ] Wildfires
[ ] Wind-blown dust
[ ] Power/heating plants

Below are a number of statements. Please select whether you believe the statement is more likely to
be TRUE or FALSE. If you really have no idea, only then you can proceed to choose I don’t know.

11. The National Hydrometeorological Service of Kazakhstan “Kazhydromet” measures ambient air
quality continuously in Nur-Sultan
[ ] True [ ] False [ ] I don’t know.

12. Nur-Sultan is currently ranked the number one most polluted city in the country according to the Air
Pollution Index (API)
[ ] True [ ] False [ ] I don’t know.

13. The major cause of respiratory and cardiovascular conditions is air pollution.
[ ] True [ ] False [ ] I don’t know

14. Nitrogen oxides (NOx) which are serious air pollutants are mainly emitted by vehicles.
[ ] True [ ] False [ ] I don’t know

15. Poor air quality with an Air Pollution Index (API) of 100 is not likely to cause adverse human health
effects to the general public.
[ ] True [ ] False [ ] I don’t know
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16. Sulfur dioxide (SO2) which is a serious air pollutant is mainly coming from coal-heated power plants
and residential heating.
[ ] True [ ] False [ ] I don’t know

Please use the following scale to indicate your level of agreement or disagreement with each
statement.

1-Strongly disagree 2-Disagree 3-Neutral 4-Agree 5-Strongly agree

17 Taking care of the environment is something I really care about. 1 2 3 4 5
18 In order to protect the environment, Kazakhstan needs economic growth. 1 2 3 4 5
19 I would contribute part of my income if I were certain that the money would

be used to prevent atmospheric pollution.
1 2 3 4 5

20 Nothing can be done by me or my family / friends to improve the current
atmospheric situation.

1 2 3 4 5

21 I do not mind an increase in taxes if the extra money is used to prevent
further atmospheric pollution.

1 2 3 4 5

22 There is no point in doing what I can for the environment unless everyone
does the same.

1 2 3 4 5

23 Air pollution is a fair price to pay for economic development. 1 2 3 4 5

24 Kazakhstan government has to reduce atmospheric pollution, but it should
not cost me any money.

1 2 3 4 5

25 The air quality in Kazakhstan is getting better because of modern science
and technology

1 2 3 4 5

26 Kazakhstani worry too much about industrial development polluting the
atmosphere and degrading human health

1 2 3 4 5

27 Educating the younger generation about the knowledge of environmental
protection is important

1 2 3 4 5

28 Protecting the environment should be given priority, even if it causes slower
economic growth

1 2 3 4 5

29 I do not mind paying more money to use better quality gasoline which leads
to less pollution

1 2 3 4 5

30 The economic growth of Kazakhstan is currently more important than
environmental protection

1 2 3 4 5

31 I am willing to accept cuts in my standards of living in order to protect the
environment

1 2 3 4 5

32 Air pollution caused by cars is extremely dangerous for health 1 2 3 4 5
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