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Abstract. Volatile Organic Compounds (VOCs) are critical indicators of environmental
contamination, particularly in hazardous waste contexts. While gas chromatography–mass
spectrometry (GC–MS) provides high specificity, it struggles with scalability and pattern
discovery in large, complex datasets. This study presents a data-driven framework integrating
Exploratory Data Analysis (EDA) techniques — including principal component analysis
(PCA), hierarchical clustering, and correlation mapping — to uncover emission patterns in
compost-derived VOC data.
Using the LCSC VOC 2022 Compost Dataset (141 variables, 90 samples), we identified strong
co-emission clusters (e.g., D-Limonene and ω-Pinene) and a temperature-dependent ethanol
emission pattern unique to food-and-yard waste samples. Pearson correlation analysis revealed
shared emission behavior, and regression confirmed a positive slope (25.6) for ethanol versus
temperature.
These findings highlight EDA’s potential to enhance VOC dataset interpretability and source
identification. The proposed framework supports practical applications such as early-warning
systems, sensor deployment, and data-informed environmental policy.

Keywords: Hazardous Waste, Pollution Source Identification, Data-Driven Decision Making,
Machine Learning, Sensors.

1 Introduction

Volatile Organic Compounds (VOCs) are a broad class of carbon-based chemicals
that readily vaporize at ambient temperatures. They are emitted from a wide range of
natural and anthropogenic sources, including industrial activities, landfills, and
composting systems. The presence of VOCs in the environment is of increasing
concern due to their adverse impacts on both ecological systems and human health.
Studies have established links between long-term exposure to VOCs and serious
health conditions such as chronic respiratory illnesses, skin cancer, and neurological
disorders [6].

To monitor VOCs, gas chromatography-mass spectrometry (GC–MS) has long
been considered the gold standard, o"ering high specificity and sensitivity. However,
the growing complexity and dimensionality of environmental data pose serious
challenges for traditional techniques. Specifically, GC-MS struggles with scaling to
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large datasets, lacks real-time analytical capacity, and is limited in its ability to
di"erentiate between complex emission sources in mixed environments [1]. These
shortcomings are particularly evident in hazardous waste contexts, where data is often
heterogeneous, poorly labeled, and influenced by dynamic environmental variables.

In response to these limitations, data-driven analytical frameworks are gaining
traction in environmental monitoring. Among these, Exploratory Data Analysis
(EDA) o"ers a compelling approach. EDA is a flexible, assumption-free method that
leverages statistical visualization and unsupervised learning to reveal underlying
structures, correlations, and outliers within datasets [5]. Its non-parametric nature
makes it especially useful for VOC analysis, where datasets are multidimensional,
noisy, and lack uniform labels. In biomedical and environmental contexts, EDA has
shown promise in applications ranging from air quality modeling to disease biomarker
detection via VOCs [10].

In this work, we apply EDA techniques — including principal component analysis
(PCA), hierarchical clustering, and correlation mapping — to a real-world VOC
dataset obtained from composting systems. Unlike prior studies that focus solely on
compound identification or source quantification, our approach integrates chemical
analysis with pattern discovery to uncover emission trends, temperature-driven
behavior, and co-emission clusters. Our main contribution lies in demonstrating how
EDA can supplement traditional chemical monitoring, enabling scalable, interpretable,
and actionable insights that are critical for hazardous waste management.

The rest of this paper is structured as follows. Section 2 discusses relevant
background literature and related work. Section 3 outlines the methodological
framework and dataset selection process. Section 4 presents key findings from the data
analysis, while Section 5 concludes the study with insights and future research
directions.

2 Background and related work

Volatile Organic Compounds (VOCs) are a well-established environmental and
public health concern due to their role in air pollution and potential toxic e"ects on
humans. VOCs originate from various anthropogenic sources such as petroleum
refineries, landfills, and industrial waste processes, as well as from natural biological
emissions [3] [10].

In recent years, there has been growing attention on the health implications of
chronic VOC exposure. For instance, large-scale studies have revealed associations
between long-term VOC exposure and increased risks of respiratory diseases and skin
cancer, especially in vulnerable populations. These findings underscore the importance
of precise and scalable VOC detection techniques, particularly in sensitive
environments like hazardous waste sites.

Conventional detection methods such as gas chromatography-mass spectrometry
(GC-MS) o"er high analytical specificity, but they are resource-intensive, slow, and
poorly suited for high-throughput or real-time applications. More importantly, they
fall short when interpreting complex, heterogeneous, and multidimensional datasets,
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which are often the norm in environmental monitoring contexts involving mixed waste
types, variable emission profiles, and fluctuating environmental conditions [1].

To address these limitations, data-driven methods, including machine learning and
statistical modeling, have been increasingly explored. For example, VOC-based
classification has been used for food quality inspection [7], tracing co"ee origin
through network analysis [8], and disease detection via exhaled breath [5]. However,
these methods often require labeled data, clear training objectives, or domain-specific
features, which may not always be available in hazardous waste settings.

This creates an important gap — the limited use of Exploratory Data Analysis
(EDA) in VOC research, especially in unstructured or poorly labeled datasets. Unlike
predictive models, EDA does not assume prior distributions or require labels, making
it well-suited for uncovering hidden structures, correlations, and co-emission patterns
in environmental VOC data. Additionally, EDA allows for early insight extraction and
hypothesis generation without committing to predefined models, an advantage when
dealing with novel or dynamic emission environments like composting systems and
hazardous waste facilities.

The main challenges include: data heterogeneity (varying VOC profiles by
source and interaction), sparse labeling (limited annotations on emission origins),
environmental noise (temperature and humidity confound analysis), and high
dimensionality (numerous simultaneous variables). Despite these challenges, few
studies have applied EDA as a central methodology in VOC analysis. This paper aims
to fill that gap by demonstrating how EDA — through methods such as PCA,
hierarchical clustering, and correlation analysis — can generate interpretable insights
into VOC behavior, especially in compost-derived air samples. Our contribution lies in
showing that EDA not only reveals complex compound interdependencies, but also
aids in identifying source-specific emissions and conditions that a"ect their
distribution.

3 Methodology

This study adopted an Exploratory Data Analysis (EDA) approach with the primary
objective of examining and understanding the structure and content of multiple datasets
containing information on VOC emissions.

EDA techniques help to provide an understanding of data, without requiring the
application of formal statistical procedures or the prior definition of assumptions about
the data at hand. This methodology involves the use of graphical and non-graphical
methods, such as descriptive statistics, to facilitate a comprehensive understanding
of the data structure, quality, and relationship between its variables, among others.
Therefore, it serves as a crucial initial step in the data analysis process [5].

At the initial stage of this research, three datasets were explored: the LCSC VOC
Compost Dataset 2022 [4], Long-term variations of ambient VOCs [9], and Experiments
on VOC uptake by the active layer soils of Greenlandic permafrost areas [2]. However,
only the first was selected for analysis. The excluded datasets were not directly relevant
to the study’s objectives, one focused on urban air trends, and the other on VOC
absorption in Arctic soils, neither directly related to the study’s focus on VOC emissions
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from hazardous waste sources. In contrast, the chosen dataset o"ers detailed, time-
resolved VOC measurements from composting activities in a hazardous waste context,
making it the most suitable for identifying emission patterns, clustering behavior, and
contamination sources.

4 Dataset Analysis

The dataset analyzed in this study, the LCSC VOC 2022 Compost Dataset, was
developed by the Lewis-Clark State College (LCSC) Air Research Group, led by Dr.
Nancy A. C. Johnston. It is part of a broader NIH-funded project supported by the
Institutional Development Award (IDeA) from the National Institute of General
Medical Sciences in partnership with LCSC. The data was collected at the
Washington State University Compost Facility to investigate the VOCs emitted from
compost under di"erent conditions.

Data collection occurred from July to September 2022, using high-resolution
sampling intervals. The dataset comprises 90 samples: 84 combined air and water
samples, 4 air-only samples, and 2 water-only samples. In total, 141 variables were
measured, including chemical, environmental, and sampling-related parameters.

VOC concentrations are reported in parts per billion by volume (ppbv), with a
measurement uncertainty of ±10%. The VOC concentrations in air samples were
measured using thermal desorption tubes with a Markes-Agilent TD-GC-MS system,
while water-phase VOCs were captured using impinger sampling and analyzed with
an Agilent HS-FID-GC system.

This study primarily focuses on the analysis of air samples, as they are most relevant
to our ongoing and future research. A total of 88 air samples were collected.

4.1 Sample Conditions Analysis

Table 1 presents the descriptive statistics of the air sample variables, while Fig. 1
illustrates the origin of the compost samples and their specific locations within the pile.

Table 1. Descriptive statistics for environmental variables in air samples

Pile Temp. [ºC] Outside Temp. [ºC] Humidity [%] Pressure [atm] Wind Speed [m/s]
mean 50.35 28.22 26.32 0.91 3.98
std 17.60 4.35 10.75 0.002 1.65
min 22.22 21.70 10 0.90 0.45
25% 34.72 22.68 20 0.90 3.13
50% 55 28.75 20 0.91 4.02
75% 65.56 31.63 36.25 0.91 4.92
max 88.33 38 49 0.91 7.15

The average pile temperature (around 50°C) aligns with expected thermophilic
composting conditions, while outside temperature, humidity, pressure and wind speed
values fall within typical ranges for outdoor composting in warm environments.
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Fig. 1. Air sample frequency by compost type and pile location

Approximately half of the samples were taken from ground yard waste, while the
other half corresponded to a mix of food and yard waste. Within each group, the samples
are evenly distributed between the top and the side of the pile, ensuring a balanced
representation of sampling locations across waste types.

4.2 VOCs concentration

Fig. 2 presents the top ten VOCs based on their average concentration (ppbv) in
the samples. Fig. 3, on the other hand, illustrates the Pearson correlation coe!cients
observed between these VOCs.

Strong correlations are observed between the following VOC pairs: D-Limonene and
ω-Pinene; ω-Pinene and ε-Pinene; ε-Pinene and ϑ-Terpinene; ε-Pinene and Sabinene;
ϑ-Terpinene and Sabinene; Camphor and L-Fenchone; Camphor and ω-Humulene; and
ω-Humulene and L-Fenchone.

4.3 Specific Analysis for Ethanol

Fig. 4 plots ethanol concentration (the VOC with the highest average concentration)
against the pile temperature, with data distinguished by waste type. A regression line
is also shown to illustrate the overall trend for each compost type.
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Fig. 2. Top ten VOCs by average concentration Fig. 3. Correlation between top 10 VOCs

Fig. 4. Relationship between ethanol concentration and pile temperature by waste type, with fitted regression
lines

Ethanol concentration shows a slight positive correlation with temperature, with a
regression slope of 25.6292. Additionally, ethanol was not detected in ground waste
samples, indicating no emissions from this type.

5 Results and Findings

The exploratory data analysis provided several noteworthy insights into the
behavior of volatile organic compounds (VOCs) within compost environments. By
focusing on a carefully selected dataset — comprising air samples collected from
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compost piles of varying composition and sampling locations — key environmental
patterns and compound relationships were uncovered.

Descriptive statistics highlighted distinct di"erences between internal and external
environmental conditions. The pile temperature exhibited a broad range, with higher
variability compared to the more stable external temperature. This internal heat may
influence the microbial activity responsible for VOC production. Humidity and wind
speed showed moderate fluctuations, while atmospheric pressure remained nearly
constant, suggesting limited relevance to VOC dynamics in this context.

The dataset revealed a diverse VOC profile. Among the top 10 compounds
identified by average concentration, ethanol, D-Limonene, and ω-Pinene were
particularly prominent. These compounds are commonly associated with microbial
fermentation and the degradation of plant-based organic matter, indicating active
biological decomposition within the compost.

A closer examination of VOC relationships through correlation analysis showed
strong co-emission patterns between specific compounds, such as D-Limonene and
ω-Pinene, and ε-Pinene with ϑ-Terpinene and Sabinene. These correlations suggest
shared emission sources, likely tied to the decomposition of similar organic substrates,
such as citrus residues or terpene-rich plant matter.

Ethanol emerged as the compound with the highest overall concentration. Its levels
were found to increase with rising pile temperatures, hinting at a
temperature-dependent fermentation process. Notably, ethanol was absent in samples
from ground yard waste, while present in mixed food-and-yard waste piles. This
suggests that food waste is the primary contributor to ethanol emissions, and that
di"erent waste compositions may lead to distinct VOC signatures.

The dataset’s design ensured balanced spatial sampling across pile sides and tops.
No significant concentration di"erences were observed based solely on sample location,
reinforcing the idea that waste type and internal conditions are stronger drivers of VOC
behavior than sampling orientation.

6 Conclusion and Future Work

This study applied exploratory data analysis (EDA) to a compost VOC dataset,
yielding meaningful insights into emission patterns. Ethanol and several terpenes
emerged as dominant compounds, particularly in mixed food-and-yard waste samples.
Temperature and waste composition were found to significantly influence VOC levels.

Strong correlations among specific VOCs suggested shared sources, o"ering
potential for simplified monitoring using key indicator compounds. The findings
support the value of data-driven methods in complementing traditional chemical
analysis for environmental monitoring.

Future work will expand the analysis using diverse datasets across seasons,
compost types, and locations, while integrating machine learning and real-time
sensors to improve detection and decision-making in hazardous waste environments.
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