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Abstract: This study conducts a comprehensive analysis of the presence of heavy metals, including zinc (Zn),
lead (Pb), copper (Cu), chromium (Cr), and arsenic (As), in the dust found inside educational buildings and
the top layer of soil in different areas of Vilnius. The study focuses on the analysis of topsoil samples gathered
between 2011 and 2023, with a specific emphasis on dust samples obtained from 24 schools in 2022. The
research reveals significant variations in the concentrations of heavy metals, providing a clear understanding
of the complex relationship between sources of urban pollution, environmental processes, and the correlation
between soil and dust contamination by heavy metals. Indoor dust in schools shows unique contamination
patterns in contrast to topsoil, suggesting distinctive sources of indoor pollution, while there are some general
similarities. This finding emphasizes similarities and distinctions between soil and dust in educational
environments. The study utilizes advanced statistical methods such as Pearson correlation, Principal
Component Analysis (PCA), and hierarchical clustering to examine the distribution and characteristics of these
metals. This study distinguishes itself by examining indoor dust in educational facilities and topsoil in Vilnius,
providing crucial insights into the relationship between these two environmental matrices.
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1. Introduction

Soil is a complex and dynamic substrate consisting of a porous matrix that allows the interactions
of air, water, and biota. Alterations in soil processes have a significant impact on ecosystem
functioning, as the complex balance between inorganic and organic substances within the soil gives
rise to a range of environmental issues. In order to maintain the quality and functionality of soil, it is
essential that all soil types are maintained in a sustainable condition. The presence of heavy metals
has a detrimental impact on these aspects [1].

Particulate matter, or dust, is the general term for fine solid particles smaller than 100 um. Due
to its high airborne dispersal capability, it has significant contamination potential [2—-4]. One major
source of pollution in metropolitan areas is street dust. Mold spores, dander, pollen, heavy metals,
organic matters, and inorganic substances are among the many components found in this complex
mixture of particles. Wind may carry these particles into the air, where they can become a significant
cause of air pollution. Cities' roadways and roofs are among the surfaces where they may settle [5—-
8].

Studies conducted in Lithuania have identified significant soil contamination problems, namely
in urban areas and alongside major roadways. Grigalaviciene et al. [9] and Jankaité et al. [10]
discovered heightened concentrations of Pb, Cu, and other harmful metals in surface soil samples
close to the Vilnius-Klaipéda highway and other roadways, attributing this phenomenon to increased
car movement. The proximity to highways resulted in significantly elevated levels of toxic metals,
frequently above the established safety thresholds [11,12].

Taraskevicius et al. [13-15] conducted more research and found varying degrees of Zn, Pb, and
Cu pollution in different areas of Vilnius. Industrial locations had elevated levels of pollution,
whereas the level of contamination in residential zones fluctuated correlated with the degree of
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urbanization. The soil in the vicinity of a preschool in Vilnius showed a high concentration of metals
within the first 0.5 meters, which gradually decreased with depth as a result of the sandy composition
of the area's soil. In addition, Kumpiené et al. [16] documented the presence of metal pollution in
preschool playgrounds in Vilnius, specifically in older, elevated regions with a history of industrial
activity. The Vilnius Aplinka [17] investigation also revealed significant pollution in older industrial
districts and landfills, primarily with lead (Pb) and zinc (Zn). The soil contamination is worsened by
activities like as construction and deforestation, which disrupt the soil and contribute to the pollution
caused by dust.

Our study specifically focuses on the environmental impacts of heavy metals in schools of
Vilnius. We compare these findings with topsoil samples from various studies to detect both
similarities and differences, especially with the accumulation of dust in schools. This unexplored
viewpoint in Vilnius provides novel insights into the risks presented by heavy metals in educational
environments and their patterns of accumulation.

2. Materials and methods

2.1. Description of the area of study

Lithuania's capital and largest city, Vilnius, is located about 312 kilometers inland from the Baltic
Sea. With a population of about 550,000, it occupies an area of 401 square kilometers. Vilnius is located
112 meters above sea level and is coordinated 54.687157 degrees north and 25.279652 degrees east.
The city has a moderate climate, with July receiving 80 mm of precipitation on average and February
receiving 30 mm. Vilnius experiences an annual average humidity of roughly 78 percent. Though it
fluctuates throughout the year, the city's major wind directions are from the south and west.

2.2. Sample Collection

In 2022, our research team gathered dust samples from 24 educational institutions. The samples
were collected from regions that cleaners usually disregard, such as behind radiators, above
bookcases, in corners, above windowsills, and inaccessible sections of gymnasiums. We primarily
focused on the dust that had gathered over an extended duration. X-ray fluorescence (XRF)
spectroscopy was used to examine the collected dust samples. XRF is a popular method for
determining the elemental composition of materials. The samples were prepared for examination by
breaking them into smaller pieces and placing them on a sample holder. The sample must be clean
and devoid of any impurities that could interfere with the analysis. XRF spectroscopy has advantages
such as element-specific identification and eliminates the requirement for sample pre-treatment.

2.3. Statistical Analysis Methods

2.3.1. Descriptive analysis

Descriptive statistical analysis was used in this work to clarify the features and distribution of
different environmental pollutants in Vilnius surface soil samples and dust samples from schools.
The information included lead (Pb), zinc (Zn), copper (Cu), arsenic (As), and chromium (Cr)
concentrations measured over a number of years. In order to give a thorough perspective of the data,
the analysis involved calculating fundamental statistical metrics like mean, median, standard
deviation, and range. This method made it possible to fully comprehend the central tendencies and
variability of the dataset, providing a solid basis for additional inferential statistical studies, including
Pearson correlation, to investigate the links between dust and soil pollutant levels over time.

2.3.2. Pearson Correlation Analysis

In our study, Pearson correlation analysis is a crucial statistical method for determining the
strength and direction of a linear relationship between two variables. We can precisely and
statistically carefully examine and quantify the links between the important variables in our study
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thanks to this rigorous methodology. We utilized Python programming to employ Pearson
correlation in the construction of tables. This correlation analysis involved the integration of our own
dataset with data from previous research conducted in the Vilnius region.

2.3.3. Principal Component Analysis

Principal component analyses (PCA) are widely used in data reduction and latent factor
identification. This method aims to discover a small number of latent factors, known as principal
components (PCs), that effectively reflect the relationships among observable variables. Principal
Component Analysis (PCA) is a statistical technique that enables the transformation of a collection
of correlated variables into a reduced set of orthogonal factors. This process aids in the
comprehension of intricate multidimensional systems by revealing the correlations among the initial
variables [18].

2.3.4. Hierarchical Clustering Analysis

Hierarchical Clustering Analysis (HCA) is a method utilized in the field of data analysis. Prior
to doing the cluster analysis, it was necessary to standardize the results using z-scores. Subsequently,
the Euclidean distances were computed among the heavy metal values. The linkage criterion
employed in the hierarchical clustering analysis was Ward's approach, as described by Zheng et al.
[19]. The objective is to ascertain clusters of data points that exhibit shared characteristics or
properties. In the context of HCA, many metrics of similarity or dissimilarity can be employed to
ascertain the proximity or divergence of data points. According to Radhi et al. [4], a positive
coefficient signifies a positive linear relationship, whereas a negative coefficient signifies a negative
linear relationship.

3. Results and Discussion

Significant diversity was found in the dust samples from schools (Figure 1), especially in the Zn
concentration, where extreme values suggested the presence of outliers or a highly variable dust
composition in such environments. Zn's distribution pattern in the dust samples was different and
significantly deviated from the other elements' patterns.
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Figure 1. Descriptive analysis of dust data.

Furthermore, more distinct distribution patterns were shown by the comparative visualization
of elements including As, Cu, Pb, Cr, and Zn in the dust samples. These trends might provide
information about the types and origins of dust buildup in educational settings. The pronounced
variations in element concentrations between the dust and soil samples emphasize how difficult it is
to sample the environment and how careful analysis and interpretation of such environmental data
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are required. The element concentration range and variability seen in this preliminary analysis set
the stage for a more thorough comparative and correlational investigation that may clarify the
connections between the compositions of soil and dust in urban environments.

Figure 2 shows descriptive analysis of soil datasets, with 49 observations from Vilnius,
Kumpiene et al. [16] Preschool Data dataset offers intriguing information regarding the amounts of
several metals. With a mean of roughly 216.82 mg/kg, Zn concentrations vary widely, suggesting
significant variability. There is a minimum of 63.8 mg/kg and a maximum of 537 mg/kg for Zn levels.
The concentrations of Pb and Cu, with averages of 57.97 mg/kg and 18.40 mg/kg, respectively, also
vary significantly. The range of lead is 10.7 mg/kg to 155 mg/kg. The average content of Cr is 36.22
mg/kg.
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Figure 2. Descriptive analysis of soil datasets.
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The dataset from Kadiinas et al.'s [20] from Vilnius is smaller, which restricts the scope of
statistical analysis. Descriptive statistics, however, offer a quick glance at the metal concentrations in
this sample. The mean content of Zn is 103.83 mg/kg. Zn has a concentration range of 65.5 mg/kg to
129 mg/kg. Cu has an average of 16 mg/kg, which is less variable. The average values of Pb and Cr
are 39.1 mg/kg and 31.63 mg/kg, respectively. The Atlas dataset also includes measurements of As,
with an average value of 2.71 mg/kg.

The heavy metal concentrations found in soil samples from 2017 ranged from 2.07 to 5.02 mg/kg
for As, 9.70 to 70.60 mg/kg for Cr, 8.60 to 57.70 mg/kg for Cu, 16.00 to 196.00 mg/kg for Pb, and 58.00
to 352.00 mg/kg for Zn. These ranges show significant variation in the amounts of contaminants
found in the soil, particularly for lead and Zn. A broader range was observed for several metals in
the 2018 data, which were based on 65 samples. Notably, values of copper peaked at 108.00 mg/kg
while Cr reached as high as 398.00 mg/kg. The range of Zn levels, from 60.20 to 479.00 mg/kg, was
likewise quite noticeable. With a maximal concentration of 261.00 mg/kg, Pb showed significant
variability. Certain elements, such as Zn and Cu, had incredibly high maximum levels in 2019 (404.50
mg/kg and 1352.00 mg/kg, respectively), with 58 samples. These results suggested occasional but
serious contamination episodes. The lead range widened considerably, with the highest amount ever
measured being 1483.00 mg/kg, a result that highlights serious pollution situations in some areas.
Data from 71 samples in 2020 revealed an overall decline in the range of heavy metal concentrations
when compared to 2019 levels. Metals like Cu and Cr had substantially lower maximum levels—
32.60 mg/kg and 58.60 mg/kg, respectively —recorded. The highest amounts of Pb and Zn were
similarly lowered, coming in at 157.00 mg/kg and 299.00 mg/kg, respectively, suggesting a potential
decrease in the sources of contamination. With a bigger sample size of 130 in 2021, there was a
noticeable return to more variability, particularly for Cu and Cr, which reached maximum levels of
2732.00 mg/kg and 777.00 mg/kg, respectively. The examination of 59 samples for 2023 showed a
general decline in the levels of contamination for the majority of metals. In comparison to prior years,
the ranges for Pb, Cu, Zn, and Cr were significantly lower, with maximum values of 318.40 mg/kg,
190.50 mg/kg, 165.00 mg/kg, and 47.80 mg/kg, respectively. Insightful information about the
dynamics of the urban environment was uncovered by the DGE Baltic Soil study in 2021 and 2023,
which focused on the variability of heavy metal concentrations in Vilnius. The data obtained from
2017 to 2021 and 2023 also showed a general downward trend in pollution levels over time. This
investigation, which included metals including Pb, Zn, As, Cr, and Cu revealed notable variations in
amounts from year to year at different urban areas. These differences point to a complicated
interaction between local sources of pollution.

When examining soil data obtained from 2011 and 1999 datasets alongside dust data, notable
disparities are evident in the levels of different elements. The concentration of Zn in dust is
significantly greater, with an average level of 1882.59 mg/kg, as compared to 103.83 mg/kg in the
Atlas dataset and 216.82 mg/kg in the preschool datasets. The data pertaining to dust likewise exhibits
a significantly broader spectrum of values, as evidenced by a substantial standard deviation of
3350.09 mg/kg. In a similar vein, it is worth noting that the levels of Pb in dust are found to be
increased, with an average concentration of 107.09 mg/kg. This value surpasses the recorded data for
both the 2011 (57.97 mg/kg) and 2009 (39.10 mg/kg) samples. Furthermore, the presence of a
substantial standard deviation of 137.91 mg/kg in the dust data provides additional support for this
assertion, which is consistent with the observations made by Kumpiené et al. The concentration of
Cu in dust exhibits a significant increase at 98.79 mg/kg, in contrast to the lower values observed in
preschool (18.40 mg/kg) and Atlas data (16.00 mg/kg). Cr demonstrates a similar pattern, as seen by
the greater average concentration of 130.22 mg/kg observed in dust samples compared to 36.22 mg/kg
in 2011 samples and 31.63 mg/kg in 1999 soil samples. The variability observed in dust samples is
greater than that observed in soil samples, albeit to a lesser extent compared to Zn and Pb. In contrast
to the mean value of 2.71 mg/kg in the 1999 dataset, the dust samples exhibit a considerably higher
average As concentration of 13.23 mg/kg. The standard deviation of the dust data, which is 14.94
mg/kg, highlights the significant fluctuation observed in the amounts of arsenic.
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During the period spanning from 2017 to 2023, an analysis of soil and dust data exhibited
noteworthy disparities in the levels of several elements. Zn concentrations observed in soil samples
exhibited a range of values, with the lowest recorded level of 44.33 mg/kg in the year 2023, and the
highest peak of 219.50 mg/kg occurring in 2018. On the contrary, the analysis of dust samples revealed
significantly elevated levels of Zn, with an average concentration of 1882.59 mg/kg and a considerable
range spanning from 219.50 to 16131.34 mg/kg. This observation suggests that there is significant
variability in Zn levels, which can occasionally reach exceptionally high concentrations in the vicinity
of educational institutions. The concentration of Pb in dust was significantly elevated, measuring
107.09 mg/kg, in contrast to the soil, which exhibited an average maximum concentration of 57.00
mg/kg in 2019 and a minimum of 21.58 mg/kg in 2023. The dust concentration exhibited a range of
values spanning from 5.30 to 564.25 mg/kg, continuously surpassing the variability observed in soil.
Notably, soil had a notable rise in 2019, reaching an extreme value of 1483.00 mg/kg. Cu levels in soil
samples exhibited temporal variations, with the minimum concentration recorded at 16.65 mg/kg in
the year 2020, while the maximum concentration was observed at 47.46 mg/kg in the year 2021.
Nevertheless, the dust samples exhibited considerably elevated levels of Cu, with an average
concentration of 98.79 mg/kg and a range spanning from 51.28 to 395.37 mg/kg. The soil samples
exhibited a variation in Cr levels, with concentrations ranging from 16.61 mg/kg in 2020 to 36.35
mg/kg in 2019. In contrast, the dust samples displayed a higher average concentration of 130.22
mg/kg, with a narrower range of 60.82 to 221.18 mg/kg. In conclusion, the average levels of Asin dust
were found to be much higher at 13.23 mg/kg, in contrast to the very minor variations observed
between 1.97 and 3.20 mg/kg in soil samples. This indicates that soil may not serve as the primary
source of exposure in school environments. It is noteworthy to acknowledge that the datasets from
2017 and 2020 exhibit the closest proximity to our dust samples, given they were likewise collected
from schools.

One possible explanation for the observed differences can be attributed to the linked distinctions
between soil and dust particles. The composition of soil extends a wider spectrum of particle sizes,
ranging from bigger to finer, in contrast to dust particles which are generally characterized by their
smaller size. The difference in size between these entities has a notable impact on their ability to
concentrate and engage with their surroundings. The study on outdoor dust revealed a positive
correlation between the presence of smaller particles and elevated pollutant levels [21]. The
concentration of heavy metals and other elements indoor dust exhibits considerable variation across
various particle sizes. Another investigation conducted by Beamer et al. [22] investigated the presence
of increased metal concentrations in small particles (less than 63 um) discovered in indoor dust and
soil. Notably, the finest dust particles tend to contain the highest concentrations of numerous heavy
metals and elements, while there is a general decline in concentration as the particle size increases
[23]. Additionally, it should be acknowledged that particles of smaller sizes, specifically those less
than 150 pm [24] and less than 100 um [25], exhibit a greater specific surface area, elevated levels of
organic carbon content, and enhanced cation exchange capacity. According to Gunawardana et al.
[24], such characteristics increase the effectiveness of smaller particles in the process of metal
adsorption when compared to bigger particles. It might be asserted that there may exist a correlation
between higher concentration and this particular aspect.

Table 1. 2017-2021 and 2023 Mean Concentration levels (mg/kg) [26,27].

Year Arsenic (As) Chromium (Cr) Copper (Cu) Zinc (Zn) Lead (Pb)
2017 3.20 20.31 18.41 150.69 38.98
2018 2.76 26.60 29.82 219.50 48.64
2019 2.86 36.35 45.59 141.19 57.00
2020 2.93 16.61 16.65 131.25 34.90
2021 244 28.31 47.46 110.75 34.58
2023 1.97 18.58 16.76 44.33 21.58
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3.1. Pearson Correlations

A Pearson correlation analysis between the metals was carried out in order to gain further
insight into the differences in the distribution of metal contamination across various investigations
conducted in the same city. There were found to be significant relationships between the
concentrations of the various metal species and nevertheless, in some data locations there was no
correlation found between the levels of heavy metals in urban dust and soil (Figure 3).

Since all p-values in the 2011 dataset are higher than the 0.05 threshold, none of the connections
between elements in soil and school dust, such as Pb, Cu, Cr, and Zn, are statistically significant, there
were no As in this study to pair. This may be because of different environmental circumstances or
other unmeasured factors impacting their distributions, but it also shows that there are weak or
inconsistent correlations between these components in soil and school dust for this specific year.

Investigation over a number of years has shown intriguing relationships between elements in
soil and those in school dust. In 2017, we found a substantial relationship between Pb in school dust
and Cu levels in soil, as well as an association between As and Cu in the dust. Furthermore, a
moderate but substantial association between Zn in school dust and Cr and Cu in soil was discovered.
According to the 2018 data, there was a significant inverse association between Cu in schools” dust
and Zn in soil, and a substantial correlation between Zn in school dust and Pb in soil. Surprisingly,
the 2019 data showed no considerable connections. Significant relationships were found in 2020
between Cu in soil and Pb, As, and Zn, among other elements in school dust. A moderately negative
connection was seen in the 2021 data between Pb in school dust and Cr in soil. In 2023 revealed a
somewhat favorable association between Pb concentrations in soil and school dust. These annual
correlations highlight the sophisticated relationships that exist between dust and soil pollutants in
school settings.

Similar sources, such as industrial emissions, infrastructure deterioration, and transportation,
are frequently the source of heavy metals found in urban soil and dust. But between soil and dust,
their concentrations vary greatly [28]. According to Peng et al. [29] and Mahanta et al. [30], heavy
metals have a tendency to attach to soil particles, which makes the soil a sink for these metals and
causes their levels to fluctuate slowly. On the other hand, the levels of heavy metals in urban dust are
significantly impacted by both natural and human disturbances. Road dust gets renewed by rainfall,
strong winds, and road cleaning [31]. However, indoor dust, especially in areas with limited air flow,
can accumulate for extended periods of time and can be different than outdoor dust.


https://doi.org/10.20944/preprints202312.1020.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 December 2023 doi:10.20944/ rints202312.1020.v1

Pearson Correlation Between Soil and Dust
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Figure 3. Pearson correlation between dust and soil datasets.

3.2. Principal Component Analysis with Clusters

The study utilized Principal Component Analysis (PCA) in conjunction with K-Means clustering
to examine the distribution of several environmental factors in soil and school dust samples obtained
from 2017 to 2023, as well as a particular dataset known as Kumpiené et al. [16]. By using this method,
it was possible to find patterns and connections between the different elements, which provided
information about the effects of the environment and possible sources of contamination (Figure 4).

Three separate clusters were identified by the 2017 data. The first cluster primarily consisted of
soil elements such as Cu and Cr from both dust and soil also dust Zn influences this cluster. Zn, Pb,
and As—elements found in both soil and school dust—were combined in the second cluster along
with Cu from soil, suggesting the presence of common environmental variables and human
influences, because of the high traffic density and consequent wear and tear on vehicle components,
vehicles are especially important as a source of copper and zinc in metropolitan areas. This may result
in higher concentrations of these metals in dust and soil near roadsides. The components of soil made
up the third cluster. 2018 and 2019 data showed that one cluster of elements in the soil and school
environments followed a similar pattern of element distribution, while another cluster's components
differed from those of the soil, indicating separate environmental impacts. Interestingly, Cu in school
dust developed its own cluster, indicating distinct sources or mechanisms contributing to
accumulation in the school setting. Similar to the diversity observed in the 2017 data, a broader range
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of origins and settings were revealed by the examination of soil and dust in 2020. But clusters made
of Cu in dust and As and Cr in soil remained distinctive, especially when compared to dust and soil
from schools, these elements can be released from fossil fuels during combustion. The trends seen in
the data from 2020 and 2017 were also evident in the data from 2021. As, Pb from soil, and Cu from
dust were grouped together in the cluster analysis, while a different cluster that represented direct
sources from the soil and dust was clearly separated. Due to its strong capacity for long-distance air
transport, Pb contributes to pollution levels both locally and globally. The mining and smelting
industries are the main producers of Pb pollution [32]. Although its historical usage in from solvent-
based paints shows smaller particle sizes and elevated levels of dangerous metals such as As, Cu, Pb,
and Zn in comparison to dust from water-based paints [33] and gasoline, it is frequently found in
urban soils, vehicle exhaust, tire wear, and bearing wear are also contributing factors to the current
pollution [32].

Elements were classified based on similarities in their environmental distributions in years when
there were numerous clusters. For example, certain heavy metals were frequently detected in
combination, indicating shared sources or comparable environmental routes indicating differing
environmental dynamics in these locations. The distinct environmental characteristics seen in school
settings were highlighted by the dust data from the schools, which showed up in different clusters
from the soil data. 2011 dataset and some annual studies made this very clear, pointing to factors like
indoor activities or nearby sources of pollution.

Different years' analyses revealed a combination of multiple cluster distributions. A single
dominant cluster was seen in years like 2018, 2019, 2023 and 2011, except dust Cu, it always created
another cluster in datasets, indicating a consistent environmental influence in both soil and school’s
dust contexts. On the other hand, years like 2017, 2020 and 2021 showed several clusters, pointing to
a wider variety of environmental effects. High amounts of Cu were found close to bus stops, railroad
stations, and a parking lot on a commercial road. Cu has been used in brake friction materials since
the 1930s, which is related to this (Li et al., 2016). Furthermore, the closer proximity of certain schools
to these bus and rail stations—where dust samples were collected —could potentially be a factor in
the higher Cu levels detected in these regions.
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Figure 4. PCA between dust and soil datasets.

3.3. Hierarchical Clustering Analysis

The main findings into elemental behavior and environmental contamination found in Vilnius
between 2017 and 2021 can be obtained from the hierarchical clustering of soil and school dust
samples. Over the years, patterns in the dendrogram show that elements such as Cr, As, Pb, Cu, and
Zn in soil and dust have both common and distinct properties (Figure 5).

The appearance of elements such as 'Cr_Dust' and 'Cr_Soil' in close proximity in 2017 and 2018
indicates a mirrored Cr presence in both mediums, most likely as a result of widespread
environmental pollution. On the other hand, in 2018, the distinction between 'As_Soil' and 'As_Dust'
suggests that there are different sources or concentrations of As in soil and dust; this is also the case
for Pb, Cu, and Zn. By 2019, there is a noticeable difference in the way these elements cluster between
dust and soil, indicating distinct dynamics or sources of contamination. This divergence is becoming
increasingly noticeable. 2020 and 2021, on the other hand, show more detailed pattern. Although
some elements first group together with soil samples, suggesting similar environmental features,
their eventual inclusion in the dust element cluster indicates other contributing aspects. 2019-like
trends are also evident in soil data from 2023 and 2011. Findings of both PCA and hierarchical
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clustering consistently group the same elements together and show comparable trends in elemental
distribution over time, therefore similarities between the two techniques can be identified.

Hierarchical Clustering Between Soil and Dust
Dataset 2017 Dataset 2018

Distance
Distance

5 N & & B & T & & S s & ) EF
[ - &7 &7 a7 [ 2d 407 7S o - &7 57 @7 Qo L-14 AT [+ g L odd o7 (o34
Dements tlements
Dataset 2019 Dataset 2020

o,
|
||

C & » > & & & ¥ 5 . b\,s" & D & & 6,»~ & & S & & &S S
- o (&3¢ ¥ P p7 &7 57 w 47 &7 A7 fe 907 o7 ed © s W G
— Flements
Dataset 2021 Dataset 2023
23
175
1o
20
s
& 8
10 75
so
!
0 ‘ ‘ oo
= > N N N > N N N N N N = =
E FC e &S & & C & F Td & £ Ea Ca SRR s S
o3 487 fCH P A7 [+.dd =24 o2l  4d *7 [oad A w < R e A4S s 7

Hements Hements

Dataset 2011

Dstance
-

@

e “'o_,,
m%
oy
%
U,
,

%

Figure 5. Hierarchical clustering analysis between dust and soil datasets.

Even though the majority of the heavy metals in urban soil and dust came from similar sources—
such as transportation, vehicular and industrial emissions, air depositions, power plants that use
fossil fuels, infrastructure construction, destruction or renovation, windstorms, cooking, or even dust
carried in by shoes—the distribution of heavy metal concentrations in urban soil and indoor dust
shows similarity and differences from each other according to years and studies.
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4. Conclusion

This extensive investigation has examined the concentrations of harmful metals in dust found
indoors and in the uppermost layer of soil in Vilnius. The study covers a time frame from 2011 to
2023 for topsoil. Our investigation uncovers complex patterns of environmental pollution,
specifically within educational settings.

The identification of elevated levels of particular metals in indoor dust suggests distinct origins
or mechanisms of deposition that diverge from those impacting surface soil. The difference in
concentration levels between indoor and outdoor environments is particularly noticeable in the case
of zinc (Zn). The comparative and correlational analysis conducted in our study over multiple years
not only detected occasional instances of pollution but also revealed larger environmental patterns.
The data unveiled correlations between metal concentrations and particular years or locations in close
proximity to dust sites, indicating the presence of pollution from specific sources in those areas.
Furthermore, the study revealed both symmetrical and unique grouping patterns for specific metals,
suggesting different sources or techniques of contamination. These patterns highlight the intricate
interaction of various elements that contribute to the accumulation of metals in diverse environments.

An important discovery of this study is the distinct separation in the distribution patterns of zinc
(Zn), lead (Pb), copper (Cu), chromium (Cr), and arsenic (As) between dust found indoors and the
upper layer of soil. This differentiation implies that although there may be certain shared sources of
pollution for both mediums, indoor dust in schools possesses distinct contamination characteristics.
Evidently, the buildup of harmful elements in dust found in schools seems to occur over an extended
period of time. This process is affected by various factors, including the age of the school buildings,
their restoration history, proximity to highways or train stations, weather conditions, wind patterns,
air circulation within the buildings, and the use of cleaning agents, among others. Older schools or
schools that have been renovated to different extents over the years exhibit differences in the levels
of heavy metals, which indicate the evolving indoor conditions over time.

To summarize, this study sheds light on the ever-changing state of environmental pollution in
Vilnius, specifically inside school environments. This highlights the significance of focused
environmental investigations for efficient policy formulation and management approaches. Our
research shows a correlation between soil pollution and the presence of metal in interior dust.
Additionally, we have identified specific elements that affect indoor settings, such as the age,
restoration history and vicinity of school buildings. These observations require a sophisticated
method for dealing with environmental health risks in schools, considering both the gradual build-
up over time and the structural differences in educational buildings.
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