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1 Introduction
Urban nanoparticles (UNPs) are an increasingly important 
class of airborne particulate pollutants originating from an-
thropogenic activities such as construction, industrial emis-
sions, vehicular exhaust, and other ecological disturbanc-
es.1–4 In recent years, natural disasters and post-disaster 
reconstruction processes have also emerged as significant 
contributors to urban particulate pollution due to large-
scale structural damage, debris resuspension, and ongoing 
rebuilding activities.5–8 These processes generate complex 
mixtures of fine and ultrafine particles that remain sus-
pended in the atmosphere and contribute to deteriorating 
air quality in densely populated urban locations.9–11

Due to their nanoscale dimensions, typically below 100 nm 
for ultrafine fractions, urban nanoparticles exhibit high sur-
face-area-to-volume ratios, enhanced reactivity, and the 
ability to remain airborne for extended periods.12–15 These 
properties allow them to penetrate deep into the human 
respiratory tract, reaching alveolar regions and potentially 
entering systemic circulation.16–18 Once internalised, nan-
oparticles may interact with biological systems, leading to 
oxidative stress, inflammatory responses, and cellular dys-

function.19–22 The toxicological impact of these particles is 
strongly dependent on their physicochemical characteris-
tics, including size, morphology, surface charge, and ele-
mental composition.23–26

A substantial body of literature has demonstrated that par-
ticulate matter containing metal oxides, carbonaceous spe-
cies, and mixed inorganic components can induce a range 
of adverse biological effects.27–30 These include immune 
cell activation, reactive oxygen species (ROS) generation, 
mitochondrial dysfunction, and DNA damage.31–34 Smaller 
particles are generally considered more biologically active 
due to their increased ability to cross cellular barriers and 
interact with intracellular components.35–37 In particular, ul-
trafine particles have been associated with enhanced pul-
monary deposition and systemic distribution compared to 
larger particulate fractions.38–40

The elemental composition of urban nanoparticles plays a 
critical role in determining their toxicological potential.41–43 
Metal-containing particles such as those enriched in iron 
(Fe), chromium (Cr), aluminium (Al), silicon (Si), copper 
(Cu), and titanium (Ti) have been widely reported to ex-
hibit higher oxidative potential and greater capacity to in-
duce inflammatory responses.44–48 Transition metals such 
as iron and copper can catalyse redox reactions, leading to 
the production of reactive oxygen species,49–51 while chro-
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mium and aluminium compounds have been associated 
with genotoxic and immunomodulatory effects under cer-
tain exposure conditions.52–55 Silicon-based particles, par-
ticularly in nanoform, have also been linked to pulmonary 
inflammation and cellular stress responses depending on 
particle size and surface characteristics.56–59

Engineered nanoparticles (ENPs) have been extensive-
ly studied under controlled laboratory conditions to un-
derstand their physicochemical behaviour and biological 
interactions.60–63 These studies have provided valuable in-
sights into size-dependent toxicity, surface reactivity, and 
cellular uptake mechanisms.64–67 However, ENPs often 
differ significantly from locationally derived urban nano-
particles in terms of compositional complexity, heteroge-
neity, and source variability.68–71 While ENP studies pro-
vide useful reference frameworks, direct extrapolation to 
real-world urban particle exposure remains limited due to 
these inherent differences.72–74

Urban nanoparticles, in contrast, represent complex par-
ticle mixtures formed under uncontrolled conditions.75–77 
They typically consist of heterogeneous aggregates con-
taining mineral dust, combustion-derived carbonaceous 
particles, metallic fragments, and secondary atmospheric 
species.78–81 This compositional complexity makes their 
characterisation more challenging but also more envi-
ronmentally relevant.82–84 Despite growing interest in 
nanoparticle toxicology, there remains a lack of detailed 
experimental studies focusing on real-world urban nano-
particles, particularly those generated under post-disaster 
conditions.85–87 

Post-earthquake urban locations represent a particularly 
important yet underexplored source of nanoparticulate 
pollution.88–90 Structural collapse, demolition activities, 
and reconstruction efforts contribute to the release and re-
suspension of fine particulate matter, significantly altering 
local air quality.91–93 In such areas, populations may expe-
rience elevated exposure to complex particulate mixtures 
with uncertain health implications.94–96 However, the phys-
icochemical properties and potential toxicity of nanoparti-
cles derived from such settings remain insufficiently char-
acterised in the current literature.97–99

Given these challenges, there is a growing need for inte-
grated approaches that combine advanced experimental 
techniques with data-driven analytical methods to better 
understand urban nanoparticle behaviour.100–102 Transmis-
sion electron microscopy (TEM) provides high-resolution 
imaging capabilities that enable detailed characterisation 
of particle morphology, size distribution, and structural 
features at the nanoscale.103–105 Complementary elemen-
tal analysis techniques allow identification of metallic and 
non-metallic components, offering insight into composi-
tional variability and potential sources of toxicity.106–108

In addition to experimental characterisation, computa-
tional and machine-learning approaches have increasingly 
been applied in toxicological investigations.109–111 Methods 
such as decision-tree analysis, random-forest modelling, 
k-means clustering, and artificial neural networks enable 
identification of patterns, classification of complex data-
sets, and exploration of nonlinear relationships between 

physicochemical properties and toxicity indicators.112–113 
These methods are particularly useful in systems where 
experimental data are heterogeneous and multifactorial in 
nature.114

 

2 Materials and methods 
Urban dust samples containing particulate matter were 
collected from the city centre of Kahramanmaraş, Türkiye, 
following the February 2023 earthquake. Samples were 
obtained from surface dust deposits in open urban areas 
affected by structural damage and reconstruction activ-
ities. The dust samples were collected using clean, inert 
tools, and stored in sealed, contamination-free containers 
to form a representative blended material. No chemical or 
physical pre-treatment was applied prior to analysis in or-
der to preserve the original locational characteristics of the 
particulate matter. A small amount of dry dust sample was 
directly deposited onto carbon-coated copper grids for 
microscopic analysis. Excess material was gently removed 
to ensure a thin, dispersed layer suitable for imaging. The 
prepared grids were air-dried under ambient laboratory 
conditions prior to analysis. Morphological and structur-
al characterisation of the particles was performed using a 
JEOL transmission electron microscope (TEM) established 
in Çanakkale Onsekiz Mart University Science and Tech-
nology Application and Research Centre. The instrument 
was operated under standard imaging conditions appro-
priate for nanoscale resolution. TEM micrographs were 
used to examine particle morphology, aggregation state, 
and approximate size distribution. Particle dimensions 
were determined by measurement of representative par-
ticles directly from acquired TEM images. The elemental 
composition of selected particles was analysed using en-
ergy-dispersive X-ray spectroscopy (EDX) coupled with the 
TEM system. Spectra were collected from representative 
particle regions to identify major and minor elemental con-
stituents. The resulting elemental data were used for qual-
itative and semi-quantitative assessment of compositional 
variability within the sampled urban dust nanoparticles. 
Elemental abundance data obtained from EDX analysis 
were organised into a structured dataset for statistical eval-
uation. Correlation analysis was performed to investigate 
relationships between detected elements within the sam-
ples. Results were visualised using correlation matrices and 
heatmaps to illustrate compositional associations.

Data visualisation was performed using Python and MAT-
LAB computational tools. Heatmaps and graphical rep-
resentations were generated to illustrate elemental rela-
tionships and compositional patterns. These analyses were 
used for exploratory interpretation of nanoparticle com-
position. Biological outcome modelling was not applied in 
this study.

3 Results
The urban nanoparticle (UNP) samples were analysed in 
their native, unprocessed state to preserve their original 
physicochemical characteristics. This approach ensured 
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that the measurements reflected authentic environmen-
tal particulate matter without laboratory alteration or 
post-processing effects. Microstructural analysis in the 
50–500 nm range revealed a heterogeneous population of 
particles with irregular morphology, including angular, frag-
mented, and agglomerated structures. A significant fraction 
of particles was below 100 nm, corresponding to the ultraf-
ine nanoparticle (UNP) fraction. The observed variability 
in particle size and shape indicated a mixed particulate 
system influenced by multiple formation sources.

Microscopic analysis of the powder sample revealed that 
the UNPs varied significantly in size, form, and shape, 
depending on their source and composition, as shown in 
Fig. 1. These NPs typically range from 50 to 500 nm in size, 
but particles smaller than 100 nm are classified as ultrafine 
UNPs, which are a common type of particulate matter. The 
size of these particles plays a key role in their environmen-
tal behaviour and potential impact on human health. Due 
to their small dimensions, ultrafine particles can penetrate 
deeply into the lungs and bloodstream, thereby posing se-
vere health risks.

The elemental composition of UNPs provided important 
insight into their potential health impacts, revealing a 
chemically diverse mixture of elements present, as shown 
in Fig. 2. EDX spectroscopy coupled with TEM enabled 
qualitative and quantitative chemical analysis of the UNP 
samples. The EDX utilised high signal-to-noise ratios and 
rapid data collection to gather X-ray spectra from small 
sample volumes. This technique decisively quantified the 
elemental composition of the pollutants, including both 
inorganic and organic compounds in UNPs, thereby pro-
viding insight into possible pollution sources and potential 
health impacts. Extensive analysis identified several key 
elements, including O, C, Ca, Si, Fe, Al, Cr, Mg, together 
with less abundant elements like S, K, Sb, Cu, Ti, P, Mo, 
and Os. These elements contribute to the physical and 
chemical properties of the NPs, influencing their behav-
iour in urban environments. These findings demonstrate 
the complexity and diversity of the analysed particles, 
suggesting the potential for diverse immuno-toxicological 
effects. Oxygen and carbon were identified as the domi-
nant elements, with oxygen concentrations ranging from 
2.8 to 39.5 % and carbon contributing between 23.8 and 
45.9 % of the total composition. Calcium was also present 
in significant amounts, varying from 7.7 to 42 %, reflecting 
its important role in the formation of certain NP types. 
Si was likewise prominent, with concentrations ranging 
from 0.6% to 15.4  %, further suggesting the present of 
diverse material sources. Other common elements in-
cluded Fe (0.7–2.7 %), Al (0.2–4 %), Cr (0.4– 2.2 %), Mg 
(0.2–11.6 %), and S (0.2–0.7 %), all of which contribute to 
the overall toxicological profile of the NPs. Trace amounts 
of Sb, K, Cu, Ti, Os, and P were also detected, which, 
although present in lower concentrations, may still con-
tribute to the adverse biological effects of UNPs, especial-
ly when considering their potential to accumulate in the 
body over time. 

Fig. 1 – Microstructural TEM images of the particle sample ob-
tained across a scale range of 50–500 nm. These images 
reveal the diverse shapes and sizes of the nanoparticles, 
indicating significant variability based on their origin 
and material composition.
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Fig. 2 – Energy-dispersive X-ray (EDX) spectroscopy peak patterns of the elemental constituents of UNPs, illustrating the elemental 
composition of the UNP samples
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As presented in Fig. 3, the percentage distribution of the 
elements detected across the analyses revealed the com-
position of NPs. Elements such as O, C, Ca, Si, Fe, Al, Cr, 
and Mg were identified as the predominant components 
across all analyses, playing essential roles in the physical, 
chemical, and mechanical properties of these particles. 
These elements significantly influence UNPs stability, sur-
face reactivity, and interactions with the surrounding envi-
ronment. Oxygen and carbon are essential in determining 
surface chemistry, while metals like Fe and Cr may affect 
magnetic properties, corrosion resistance, and overall reac-
tivity. In addition to these primary elements, trace amounts 
of K, Sb, Cu, Ti, P, Mo, and Os were detected in fewer 
analyses. Although these elements were present in smaller 
quantities, they provided valuable insights into the unique 
properties of the NPs, such as their catalytic behaviour, 
conductivity, and potential immunotoxicity. Copper and ti-
tanium may play a role in catalytic reactions, whereas rarer 
elements such as Os and Mo may suggest specific indus-
trial sources or environmental contamination. Since K, Os, 
and Mo were detected only in one analysis, their potential 

health effects were considered minimal. The concentration 
and presence of these elements have a significant impact 
on the behaviour of NPs in urban ecology. A Random For-
est Regressor model predicted nanoparticle toxicity based 
on factors such as particle size, immunity exposure time, 
and exposure duration. Trained on synthetic data with 
noise to mimic biological variability, this model captured 
complex, nonlinear relationships using 30 decision trees. 
The results indicated that larger particles and longer expo-
sure times were associated with higher toxicity, reflecting 
the multifaceted nature of nanoparticle risks. Elemental 
analysis of UNPs using EDX spectroscopy identified key 
elements (O, C, Ca, Si, Fe) that influence both the physi-
cal properties of nanoparticles and their biological effects, 
including oxidative stress and inflammation. The Decision 
Tree Regressor provided a more interpretable, thresh-
old-based model, identifying specific cut-off points for 
toxicity levels. K-Means clustering grouped nanoparticles 
into low, medium, and high toxicity categories, helping to 
reveal how combinations of features influence toxicity. To-
gether, these methods, along with elemental analysis, offer 
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a robust framework for predicting toxicity, understanding 
nanoparticle behaviour, and supporting safety evaluations, 
particularly concerning long-term health risks from nano-
particle accumulation and immunological effects. Figs. 4–6 
demonstrate the application of these models: Fig. 4 shows 
how toxicity varies with particle size and exposure time, 

while Fig. 5 illustrates toxicity thresholds from the Decision 
Tree, and Fig. 6 displays K-Means clustering results, catego-
rising nanoparticles based on their toxicity levels.

Figs. 7–20 present advanced computational techniques for 
nanoparticle characterisation and risk profiling, demon-
strating a range of advanced computational methods used 
to analyse nanoparticle properties, predict toxicity, bio-
accumulation, and assess immune response. From TEM 
imaging to elemental analysis through EDX, as well as so-
phisticated machine-learning models and predictive simu-
lations, these techniques offer a comprehensive approach 
to understanding nanoparticle behaviour and risk profiles. 
By integrating imaging data, elemental composition analy-
sis, and machine-learning-driven predictions, these figures 
provided crucial insights into the dynamic and complex 
interactions of nanoparticles in biological and ecological 
systems. 

The presented analyses compared predicted nanoparticle 
toxicity scores generated by machine-learning models with 
corresponding actual toxicity values, thereby serving as a 
validation of model performance. The model itself was in-
formed by features derived from both TEM and EDX. 

TEM contributed critical morphological descriptors such 
as particle size, shape, and aggregation state, which influ-
ence surface reactivity and biological interactions, while 
EDX provided quantitative elemental composition data. 
In particular, the model emphasised chromium (Cr) and 
copper (Cu) content as the primary determinants of tox-
icity, reflecting their known roles in promoting oxidative 
stress and associated cellular damage. By integrating these 
structural and compositional inputs, the machine-learning 
model effectively captured the underlying physicochemi-
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cal factors governing nanoparticle toxicity, as evidenced by 
the strong agreement between predicted and actual values 
in the plot.
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Fig. 9 – Single synthetic TEM-like image generated using com-
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nanoparticle under high-resolution TEM, showing a ran-
domly sized and positioned circular particle with added 
noise to mimic realistic imaging conditions. This visual-
isation helps demonstrate how nanoparticles of differ-
ent sizes and morphologies appear in TEM images. The 
synthetic image is particularly useful for testing feature 
extraction and machine-learning algorithms without re-
quiring real experimental data. It provides insights into 
the particle’s size, shape, and spatial distribution, which 
are essential for understanding nanoparticle character-
istics.
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changes in morphology and their potential effects on 
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Fig. 19 – Immune response risk based on toxicity and bioaccu-
mulation plot correlates predicted toxicity and bioaccu-
mulation scores for each nanoparticle and categorises 
immune response risk as low, moderate, or high. Na-
noparticles exhibiting both high toxicity and bioaccu-
mulation fall within the high-risk category, indicating an 
increased potential for immuno-toxic effects. This pres-
entation aids in identifying nanoparticle characteristics 
most strongly associated with immune activation.
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Fig. 20 – Average immune response by risk category chart sum-
marises the average immune response scores for low, 
moderate and high-risk nanoparticle groups. The data 
clearly shows that high-risk nanoparticles trigger the 
strongest immune activation, with significantly higher 
response scores compared to low-risk particles, which 
exhibit minimal immune response. 

4 Discussion
The structural and elemental characterisation of urban nan-
oparticles (UNPs) provided important insight into their en-
vironmental behaviour and potential biological effects. As 
demonstrated in Fig.  1, transmission electron microscopy 
(TEM) revealed a highly heterogeneous nanoparticle popu-
lation ranging from 50 to 500 nm, with a substantial fraction 
below 100 nm. This ultrafine fraction is particularly signifi-
cant due to its enhanced ability to penetrate deep into the 
respiratory tract and potentially enter systemic circulation. 
The observed irregular, angular, and agglomerated morphol-

ogies indicate that these particles originated from multiple 
urban sources, including combustion processes, industrial 
emissions, and resuspended post-earthquake debris. 

The compositional complexity of UNPs is further highlight-
ed in Figs. 2 and 3. Energy-dispersive X-ray spectroscopy 
(EDX) analysis identified dominant elements such as O, C, 
Ca, and Si, alongside transition metals, including Fe, Cr, 
and Cu, as well as trace elements (e.g., Sb, Mo, Os, Ti, and 
P). These elements play a critical role in determining nan-
oparticle surface chemistry, reactivity, and toxicological be-
haviour. In particular, transition metals such as Cr and Cu, 
are strongly associated with reactive oxygen species (ROS) 
generation, leading to oxidative stress, inflammation, and 
cellular damage. Even trace elements, although present in 
low concentrations, may contribute to cumulative toxicity 
under long-term exposure conditions. The variability ob-
served across these figures reflects the multifactorial nature 
of urban particulate pollution, especially in post-disaster 
environments.

The relationship between nanoparticle properties and tox-
icity was explored through computational modelling in 
Figs. 4–6. The surface plot (Fig. 4) demonstrates that toxici-
ty increased with both particle size and exposure duration. 
The Decision Tree model (Fig.  5) provided interpretable 
thresholds that define toxicity levels, while K-means clus-
tering (Fig.  6) categorised nanoparticles into low-, mod-
erate-, and high-toxicity groups. These findings confirm 
that toxicity arises from the interaction of multiple physico-
chemical parameters rather than a single factor.

Further integration of structural and compositional data is 
presented in Figs.  7–12. The EDX spectrum (Fig.  7) and 
elemental distribution heatmap (Fig. 8) confirm the pres-
ence and relative abundance of key elements, while the 
synthetic TEM image (Fig. 9) supports feature extraction for 
modelling applications. Predictive model performance is 
demonstrated in Fig. 10 (particle size prediction), Fig. 11 
(elemental composition), and Fig. 12 (toxicity), all showing 
strong agreement between predicted and actual values. 
Notably, Fig. 12 identifies chromium (Cr) and copper (Cu) 
as dominant contributors to toxicity, consistent with their 
known roles in oxidative stress and inflammatory responses.

Temporal dynamics of nanoparticle behaviour are illustrat-
ed in Figs.  13–16. Bioaccumulation predictions (Fig.  13) 
indicate the influence of metal composition on accumu-
lation potential. Markov transition analysis (Fig. 14) shows 
that larger particles tended to remain stable, whereas 
smaller particles exhibited more frequent transitions be-
tween size states. These dynamics were further visualised 
in the time-series trajectories (Fig. 15), demonstrating the 
stochastic evolution of nanoparticle populations. The com-
bined impact on biological outcomes is shown in Fig. 16, 
where both toxicity and bioaccumulation varied over time, 
confirming that nanoparticle-associated risks are dynamic 
rather than static.

Uncertainty and variability in nanoparticle behaviour were 
addressed using Monte Carlo simulation in Fig. 17, which 
reveals a broad distribution of bioaccumulation potential 
across the particle population. This variability is critical for 
identifying high-risk subsets of nanoparticles. The immu-
nological implications were further explored in Figs. 18–



Y. ERMURAT: Experimental and Computational Modelling of Immune Response and ..., Kem. Ind. 75 (11-12) (2026) 551−567  561

20. The immune response distribution (Fig. 18) highlights 
variability in biological responses, while Fig. 19 classifies 
nanoparticles into low-, moderate-, and high-risk cate-
gories based on combined toxicity and bioaccumulation 
parameters. Fig.  20 confirms that high-risk nanoparticles 
induced significantly stronger immune responses, reinforc-
ing the link between physicochemical properties and im-
muno-toxic effects.

Overall, the integration of TEM imaging (Fig.  1), EDX 
compositional analysis (Figs. 2–3), and advanced compu-
tational modelling (Figs. 4–20) provided a comprehensive 
framework for understanding nanoparticle behaviour and 

associated risks. The strong predictive performance of the 
models demonstrated that particle size and metal compo-
sition were key determinants of toxicity and immune re-
sponse. However, it is important to note that the modelling 
approaches were based on simulated data and may not 
have fully captured the complexity of real biological sys-
tems. Future research should focus on experimental vali-
dation and the inclusion of additional parameters such as 
surface charge, particle coating, and environmental inter-
actions.

Table 1 compares the toxicological effects of the various 
NPs, drawn from in vivo or in vitro experimentation stud-

Table 1 – Outline of the conducted in vivo or in vitro experimentation models with various NPs

NPs In vivo or in vitro models Dose level NP size Effects – Ref.
CBNPs Mice 95 μg kg−1 14 nm Inflammation, accumulation46

CNPs Macrophage, mouse – – Apoptosis, accumulations88

Si Mice 0.25 mg kg−1 50 nm Genotoxic, cytotoxic, transcriptomic 
responses59

SiO2 Cells – ~ 30 nm Metastasis52

Si Mice – ∼ 45 nm Biodistribution and organ deposition55

Si Mouse 12.5–100 μg ml−1 10–15 nm Inflammation, DNA damage, toxicity, 
oxidative stress60

Si- TiO2 Mice – 70, 35 nm Pregnancy complications79

Si Human keratinocytes 
(HaCaT) 0–100 μg ml−1 15–100 nm Reactive oxygen species (ROS), DNA 

damage, cytotoxicity87 
TiO2 Hepatocytes 5–200 mg kg−1 5–90 nm Nerve cell damage81

TiO2 Mice 5 g kg−1 25–155 nm Liver damage82

Asbestos Mice – < 1 µm, 
> 20 µm Bronchiolar epithelial damage85

CeO2, SnO2, Fe2O3 Microbial biomass 0–100 mg kg−1 < 2–53 μm Toxicity26

Fe2O3 Mouse fibroblast cells – 20–30 nm Cytotoxicity92

DIONPs Lymphocytes 0.008–1 mg ml 20–30 nm Immune response (IR), immuno-toxicity91

CuO Mice 0.8, 2.11 l min−1 3–11 nm Immune response (IR)97

CuO Lung epithelial cells – 50 nm Genotoxicity65

CuO, SiO2, Fe2O3 Airway epithelial cells 4–400 μg cm−2 30 nm Cytotoxicity66

Al2O3 Rats 2000 mg kg−1 30–40 nm Genotoxicity69 

Cr Saccobranchus fossilis 0.1–3.2 mg l−1 for 
28 days – Immune response (IR)70

Cr Mud crabs 1.4–312.2 mg kg−1 – Accumulation, cancer71

Cr Apoptotic cell, mice – – Oxygen species (ROS)72

SO2 Rats 2200 ppm for 
10 min – Inflammation, fibrotic respiratory 

disease75

SO2 Asthmatic rats – – Inflammatory, immune responses (IR), 
asthma48

MgO Human liver organoid 
models, rat convulsion model – – Hepatotoxic effects73

MgO Phytophthora infestans 50 μg ml−1 – Toxicity74

Asbestos – – – immune responses86

Fe2O3, Fe3O4, 
Sb2O3, Au, TiO2, 
Co, Ag

Erythroid progenitors 5 μg ml−1 – Toxicity93

MoO3 Golden Syrian hamsters 5 mg m−3, 
4 h/8 days – Lung damage, cell death94

MoO3
Candida albicans, Aspergillus 
niger – 75 nm Antifungal activity95

AlO2 Rats 6–25 mg kg−1 75 nm Genotoxicity96
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ies. The analysis indicates that different NPs had varying 
toxicological profiles, ranging from cytotoxicity and gen-
otoxicity to immune responses and inflammation. For ex-
ample, copper oxide (CuO) NPs cause immune responses, 
potentially leading to chronic inflammation and autoim-
mune disorders, while also inducing genotoxicity in lung 
cells, suggesting a carcinogenic potential. Similarly, SiO2, 
TiO2, and Fe2O3 NPs show respiratory toxicity, raising con-
cerns for respiratory health in industrial and urban areas. 
Exposure to chromium (Cr6+) and sulphur dioxide (SO2) 
further emphasises their role in inflammation and respira-
tory diseases.

Si-based NPs, for instance, are associated with severe ef-
fects like genotoxicity, cytotoxicity, inflammation, and ox-
idative stress. These NPs, particularly in the size range of 
30–45 nm, accumulate in organs and contribute to system-
ic toxicity. Carbon-based NPs, while less potent, are linked 
to respiratory irritation, inflammation, and cell death. 
Similarly, Cr-based NPs generate reactive oxygen species 
(ROS), leading to oxidative stress and cancer, while Cu-
based NPs contribute to inflammation, genotoxicity, and 
tissue damage. SO2 exposure, although not traditionally 
classified as an NP, contributes to asthma and chronic res-
piratory issues, underlining the significance of pollutants in 
urban areas.

The overall immuno-toxicological effects of the NPs stud-
ied here vary according to their elemental composition and 
molecular forms. As evidenced by the previous studies, 
particles such as Si, Cu, Cr, and C have profound impacts 
on immune responses, inflammation, and organ-specific 
toxicity. The interactions between these NPs and biological 
systems depend on particle size, surface properties, and 
chemical composition. The results highlight the complexity 
of these interactions and the need for further research to 
fully understand their long-term health risks.

The diverse elemental composition and structural proper-
ties of UNPs play a significant role in their toxicological 
profiles. This study emphasises the importance of assessing 
not only the physical properties of these particles but also 
their chemical composition and interactions with biologi-
cal systems. The findings support the need for more com-
prehensive risk assessments for mitigation strategies, par-
ticularly in urban areas with high pollution levels, to better 
understand the health implications of chronic exposure to 
such particles. Despite the limitations, the findings in this 
experimental and computational study offer significant in-
sight into the mechanisms driving nanoparticle toxicity, and 
highlight the importance of multidisciplinary approaches 
for improving risk assessment of urban particulate matter, 
particularly in post-earthquake environments.

5 Conclusion
This experimental and computational study provides a 
comprehensive assessment of urban nanoparticles (UNPs) 
generated in a post-earthquake environment, highlighting 
their structural complexity, diverse elemental composition, 
and potential implications for human health. TEM analy-
sis revealed a highly heterogeneous particle population, 

including a significant proportion of ultrafine particles ca-
pable of deep respiratory penetration. EDX spectroscopy 
confirmed the presence of both major elements (O, C, Ca, 
Si) and transition metals such as Fe, Cr, and Cu, which are 
known to influence nanoparticle reactivity and toxicity. 
Computational modelling approaches demonstrated that 
nanoparticle toxicity is not governed by a single parameter 
but rather by the interaction of particle size, composition, 
and exposure duration. Machine-learning models identi-
fied chromium and copper as key contributors to oxidative 
stress, while stochastic simulations highlighted the dynamic 
nature of nanoparticle behaviour, including bioaccumula-
tion potential and temporal variability. These findings em-
phasise that nanoparticle-associated risks evolve over time 
and depend on complex environmental and biological in-
teractions. Comparative evaluation with in vivo or in vitro 
experimentation model studies suggests that the identified 
nanoparticles may induce oxidative stress, inflammation, 
and immune dysregulation, particularly due to their met-
al-rich composition and ultrafine size fraction. Although the 
modelling framework provides valuable predictive insight, 
the absence of experimental biological validation remains 
a limitation. This work underscores the importance of in-
tegrating advanced imaging, compositional analysis, and 
computational modelling to better understand the health 
risks associated with urban particulate matter, particularly 
in post-disaster settings. 
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SAŽETAK
Eksperimentalno i računalno modeliranje imunološkog 
odgovora te tokisikološka procjena urbanih nanočestica 

u gradu pogođenom potresom
Yakup Ermurat a,b*

Urbane nanočestice (UNP) nastale u okolišu nakon katastrofa predstavljaju složenu i potencijalno 
opasnu sastavnicu urbanog onečišćenja sa značajnim posljedicama za javno zdravlje. U ovom su 
istraživanju ispitane fizikalno-kemijske značajke i potencijalni biološki učinci urbanih nanočestica 
prikupljenih u središtu grada Kahramanmaraşa u Turskoj, pogođenog potresima u veljači 2023. 
godine. Uzorci prašine analizirani su transmisijskom elektronskom mikroskopijom (TEM), kojom 
je utvrđena heterogena populacija čestica veličine od 50 do 500 nm, uključujući značajan udio 
ultrafinih čestica (< 100 nm) nepravilne i aglomerirane morfologije. Energetski disperzivnom ren-
dgenskom spektroskopijom (EDX) utvrđeni su dominantni elementi (O, C, Ca, Si), uz prijelazne 
metale poput Fe, Cr i Cu, što upućuje na različite izvore urbanih nanočestica. Računalne analize 
pokazale su značajnu varijabilnost sastava i međusobne odnose pojedinih elemenata. Za procje-
nu potencijalnih toksikoloških i imunoloških učinaka primijenjeni su prediktivni modeli. Modeli 
strojnog učenja pokazali su da na toksičnost utječu veličina čestica, elementni sastav i trajanje izlo-
ženosti, pri čemu su se krom i bakar izdvojili kao ključni čimbenici povezani s oksidacijskim stre-
som. Simulacije Markovljevim lancima i Monte Carlo metodom dodatno su ukazale na dinamičko 
ponašanje čestica, potencijal bioakumulacije i povezane nesigurnosti tijekom vremena. Integrira-
njem strukturnih, sastavnih i računalnih rezultata dobiven je sveobuhvatan okvir za razumijevanje 
rizika povezanih s nanočesticama. Usporedba s eksperimentalnim istraživanjima provedenima in 
vivo ili in vitro upućuje na moguće učinke koji uključuju oksidacijski stres, upalne procese i pore-
mećaj regulacije imunološkog sustava. Dobiveni rezultati naglašavaju važnost multidisciplinarnog 
pristupa procjeni zdravstvenih rizika povezanih s okolišem u urbanim područjima nakon potresa.

Ključne riječi 
Urbane nanočestice, eksperimentalno i računalno modeliranje, 
transmisijska elektronska mikroskopija (TEM), imunološki odgovor, nanotoksikološki učinci
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