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ARTICLE INFO ABSTRACT

Keywords: This study describes the development of an automated workflow for non-target screening data processing and

Non-target applies multivariate statistical analysis to characterize chemical fingerprints in sediment from industrialized

plorkﬂova . coastal regions. R-based software facilitates streamlined processing of gas chromatography coupled with time-of-
ingerprin

flight mass spectrometer datasets through retention index-based filtering, feature consolidation, and blank
subtraction, enhancing data reliability and minimizing manual workloads. The workflow is applied to sediment
from industrialized bays, and partial least squares discriminant analysis is used to distinguish site-specific
chemical fingerprints. Tentatively identified compounds are linked to specific industrial activities, including
petrochemical manufacturing, fossil-fuel combustion, waste incineration, and shipbuilding. Model performance
and compound relevance are validated through cross-validation and permutation testing, confirming the
robustness of the workflow. This integrated approach provides a scalable and reproducible tool for the tracking
of chemical sources and environmental monitoring, highlighting the utility of combining non-target screening

Time-of-flight
Discriminant analysis

workflow with statistical analysis in sediment studies.

1. Introduction

Marine sediment serves as both a dynamic component and long-term
sink in aquatic environments, frequently accumulating anthropogenic
contaminants discharged directly or indirectly into coastal systems (Lee
et al., 2020; Kim et al., 2023; Lee et al., 2023). Since the onset of large-
scale commercial production of anthropogenic chemicals, numerous
organic compounds have been released into coastal environments (Ma
et al., 2024). Although many of these compounds occur at low con-
centrations (nanograms per liter or gram), they can be persistent and
bioaccumulate, and some may pose significant ecological risks through
acute or chronic toxicity in aquatic organisms (Tian et al., 2020). Con-
ventional analytical methods typically target a limited number of known
compounds, potentially overlooking important chemical indicators that
are not pre-selected for analysis. Comprehensive analytical approaches
are needed to screen for non-targeted contaminants to obtain a holistic
understanding of contamination trends in the environment (Wang et al.,
2020; Mazur et al., 2021; Ma et al., 2024).

Gas chromatography (GC) coupled with time-of-flight mass

spectrometry (TOF/MS) is a powerful analytical tool for the screening of
non-target contaminants, enabling the detection and identification of a
wide range of known and unknown organic pollutants in environmental
samples (Lee et al., 2019; Mok et al., 2023). With GC-TOF based non-
target screening, multiple compounds can be identified and character-
ized using available and accurate mass spectral libraries, potentially
reducing the time and cost of acquiring reference standards for com-
pounds that may not be detected in samples (Moschet et al., 2017).
However, the large datasets generated by non-target screening require
extensive post-processing to extract reliable features, a task that can take
weeks or months, preventing the efficient analysis of complex data
(Stratton et al., 2024). In some cases, this limitation can slow the
progress of chemical experimentation and/or delay analysis and
publication.

Effectively processing large-scale non-target screening datasets re-
quires automated workflows that can reliably extract meaningful fea-
tures and streamline analysis. However, many of the tool currently
available either originate from other research domains, such as the life
sciences (Aggio et al., 2011; Nodzenski et al., 2014), or depend heavily
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on parameters sensitive to experimental conditions, limiting their
reproducibility and consistency (Helmus et al., 2021). Automated data
processing workflows designed for non-target screening can overcome
these obstacles. By minimizing dependence on experimental conditions
and integrating robust filtering strategies, such workflows improve the
reproducibility of results and enhance the accuracy of feature extraction
from diverse datasets.

Environmental forensics has attracted increasing attention as a
valuable tool for understanding pollution patterns and tracing the
sources of contamination. One of the primary objectives of chemical
forensic analysis is the identification of diagnostic chemical features,
often referred to as chemical fingerprints, which can reliably indicate
specific sources of contamination. These fingerprints serve as essential
tools for source apportionment, particularly in complex environments
with multiple anthropogenic inputs (Zheng et al., 2013; Liu et al., 2025).
A previous study used non-target screening to identify organic chemical
indicators for tracing contamination sources in groundwater samples
(Ekpe et al., 2024). However, to the best of our knowledge, applications
involving the use of non-target screening to characterize chemical fin-
gerprints in marine sediments with complicated contamination histories
remain limited (Davila-Santiago et al., 2022). The objectives of this
study were to develop an automated workflow for efficiently processing
non-target screening data, and to apply this workflow to the identifi-
cation of contamination sources using chemical fingerprints in sediment
from industrialized coastal regions and multivariate statistical analysis.
The proposed workflow and accompanying statistical analysis are ex-
pected to facilitate source identification of organic contaminants in
marine sediment from industrialized coastal environments.

2. Materials and methods
2.1. Sample collection

Sediment samples were collected at 31 sites in Okpo Bay
(OP1-0OP31) and 26 sites in Onsan Bay (0OS1-0S26), both on the
southeastern coast of Korea, in May 2023 (Fig. 1). Samples were ob-
tained using a Van Veen grab sampler and stored immediately in
solvent-washed aluminum containers. The collected samples were
transported to the laboratory in a frozen state at —20 °C, freeze-dried,
and homogenized prior to analysis.

Okpo Bay, which hosts large commercial harbors, industrial com-
plexes, and shipyards, has previously been reported to contain high
concentrations of polybrominated diphenyl ethers (PBDEs), indicating
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the environmental pressures associated with industrial activities in the
region (Ramu et al., 2010). Onsan Bay, which is home to a variety of
industrial complexes and chemical plants, has similarly been affected by
severe contamination with persistent organic pollutants (POPs),
including PBDEs and polychlorinated naphthalenes (Moon et al., 2007;
Lee etal., 2020; Lee et al., 2023), as well as emerging contaminants such
as siloxanes and alternative plasticizers (Lee et al., 2018; Kim et al.,
2021). These observations prompted the introduction of continuous
monitoring of organic pollutants in industrialized coastal areas. As a
result, these locations are ideal sampling regions for the identification of
chemical fingerprints and source apportionment of environmental
contaminants.

2.2. Sample preparation

Sample preparation procedures were similar to those reported pre-
viously (Lee et al., 2014; Lee et al., 2020). Briefly, freeze-dried samples
of sediment (~10 g) were extracted with accelerated solvent extraction
(ASE; Dionex ASE 350, Sunnyvale, CA, USA) using a mixture of
dichloromethane (DCM) and hexane (3:1; ultra-trace-residue analysis
grade, J.T. Baker, Phillipsburg, NJ, USA). Extracts were concentrated to
~5mL using a TurboVap LV (Biotage, Uppsala, Sweden) and activated
copper was added to remove elemental sulfur. The extract was cleaned
using a multi-layer silica gel column with 15% DCM in hexane, which is
similar to a method to treat neutral POPs, such as polychlorinated bi-
phenyls (PCBs) and PBDEs. Eluants were concentrated and dissolved in
nonane (pesticide analysis grade; Kanto Chemical, Tokyo, Japan) to 100
pL for instrumental analysis. Procedural blanks were prepared using
anhydrous sodium sulfate (Kanto Chemical Co., Inc., Tokyo, Japan) and
processed identically to the sediment samples.

2.3. Instrumental analysis and non-target analysis

Instrumental analysis for non-target analysis was conducted
following previously reported procedures with minor modifications (Lee
etal., 2019; Mok et al., 2023; Mok et al., 2024). Extracts were analyzed
using a GC-TOF/MS apparatus (Agilent 8890,/7250, Agilent Technolo-
gies, Santa Clara, CA, USA) equipped with a DB-5MS UI column (30 m
length, 0.25 mm inner diameter, 0.25 pm film thickness; J&W Scientific,
Palo Alto, CA, USA) in positive electron-ionization mode at 70 eV. An
injection volume of 0.5 pL of each final extract was introduced into the
GC-TOF/MS using split injection mode (split ratio: 5:1). The oven tem-
perature was programmed to hold at 80 °C for 1 min, ramp to 200 °C at
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Fig. 1. Sampling locations of sediment collected from (a) Okpo Bay and (b) Onsan Bay of Korea.
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10 °C/min, then to 300 °C at 5 °C/min, and hold for 5 min. Helium was
used as the carrier gas at a constant flow of 1 mL/min. The temperatures
of the transfer line and ion source were 300 °C and 230 °C, respectively.
The scan ranged from 50 to 800 mass-to-charge (m/z) at 3 spectra/s. The
resolution was approximately 26,000 at m/z 131 and 34,000 at m/z 502
under a 5 GHz high-resolution mode.

Data processing was carried out using Agilent Unknown Analysis
software (version 12.0). A deconvolution Sure Mass algorithm was used
to extract non-target features from the raw data with retention-time
window factors of 50, 100, 200, 300. The minimum to maximum
number of ion peaks was 3 to 10. The mass spectra of the features with a
peak shape quality >60 were compared to spectra from the National
Institute of Standards and Technology (NIST) 17 library to identify un-
known compounds. Compounds with a library-matching factor > 60
were retained. Features detected in procedural blanks with solvent were
subtracted to eliminate background interference.

2.4. Automated workflow for non-target screening data processing

An automated non-target screening data processing application was
developed using R (version 4.2.2) running in RStudio (version
2022.12.0.353) (R core team, 2022; Posit team, 2022). A graphical user
interface (GUI) was implemented with the Shiny package (version 1.9.1)
(Chang et al., 2024), while dplyr (version 1.1.4) (Wickham et al., 2023)
was used for data manipulation and DT (version 0.33) (Xie et al., 2024)
for interactive table rendering. The software was optimized to handle
raw .csv files exported from Agilent Unknowns Analysis Software, where
each file represents a single sample and includes variables such as
compound name, Chemical Abstracts Service registry number (CASRN),
molecular formula, component area, match factor, library retention
index (RI) and delta RI (i.e., the absolute difference between the
component RI and the corresponding library RI). All files were saved
using sample-specific filenames to enable batch processing. The auto-
mated non-target screening workflow consisted of four core modules:
(1) RI-based filtering, (2) duplicate feature consolidation, (3) blank
integration, and (4) blank subtraction from the samples. RIs for com-
pound identification were calculated based on an injected n-alkane se-
ries prior to sample analysis. The n-alkane series served as reference
compounds for RI calculation and enabled filtering and more accurate
identification of candidate compounds. The RI system, originally pro-
posed by Kovats (1958), is widely used in GC-based analyses as a robust,
experiment-independent metric to support compound identification
(Ulrich et al., 2013; Babushok, 2015; Ieda et al., 2019). As the first
filtering step, only tentative compounds with delta RIs within a user-
defined percentage (default: 10%) of the corresponding library RI
were retained for further analysis. According to a previous study
(Moschet et al., 2018), RI deviations within +10% are acceptable. A
comparison performed between the calculated RI of each non-target
feature and the estimated RI (on the n-alkane scale) of candidate com-
pounds in the NIST 17 library. To address the absence of RI values for
several candidate compounds in the NIST 17 library, complementary
strategies were implemented to estimate and supplement the missing
values. One such strategy involved creating a custom “RI_Database.csv”
file, allowing users to manually define RI values for unregistered com-
pounds. In this study, predicted RI values for compounds without library
RI entries were obtained using GCMS-ID, an open-access RI-prediction
platform trained on experimental data using a graph neural network
(Wakoli et al., 2024). Specifically, chemical structures (e.g., SMILES) of
compounds were submitted to GCMS-ID to obtain predicted RI values,
which were then incorporated into the user-defined RI Database and
used to complete the filtering process. When neither library RI nor
supplemented RI values (user-defined or structure-based predicted)
were available, delta RI could not be evaluated. Therefore, those can-
didates were flagged and excluded from the RI-based filtering step. A
separate script in R and an example format of a user-defined “RI_Data-
base.csv” (provided in Text S1 and Table S1 of the supplementary
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materials), allowed users to batch-fill missing library RI values across .
csv files by matching CASRN and molecular formulas against entries in
the custom RI database. This step was not part of the automated soft-
ware, but it provided a preparatory solution to enhance RI-based
filtering. Second, features sharing identical CASRNs and molecular for-
mulas within the same sample file were considered duplicated annota-
tions generated during spectral deconvolution. When multiple entries
were detected, a representative feature was selected by prioritizing (i)
the smallest absolute delta RI (i.e., best RI agreement) and (ii) the
highest library match factor (Perez-Sanz et al., 2021). This consolidation
step was implemented to reduce redundancy and improve consistency in
downstream statistical analysis. However, it may not fully resolve po-
sitional isomers or co-eluting isomers that share the same molecular
formula and similar EI mass spectra, and such candidates may be
retained as a single representative entry. Third, blank files were merged
by averaging the component areas of matching compounds detected
across blank replicates. Fourth, procedural blank signals were used to
remove background contaminants. Features in the sample files were
retained only if their intensity was at least twice the corresponding
average in the blank samples — a threshold that can be adjusted by the
user — and optionally corrected by subtracting the blank intensity (Ng
et al., 2020; Pereira et al., 2021). Following the confidence-level criteria
outlined by Schymanski et al. (2014), these candidates were considered
tentatively identified compounds at a confidence-level of 2 (Moschet
et al., 2018).

The interface was designed to ensure accessibility and ease of use for
non-experts (Fig. S1). Upon launching the application, users were pre-
sented with a web-based dashboard featuring a sidebar menu and a
central display panel. The sidebar gave users the ability to specify the
working directory, set numerical parameters, such as RI tolerance and
blank removal thresholds, and initiate each step of the workflow using
clearly labeled action buttons (e.g., “Run RI Filtering”, “Run Blank
Removal”). Processed files were automatically saved to designated
subfolders, and log files summarizing filtering outcomes were generated
to support transparency and reproducibility. The modular structure of
the interface enabled partial execution of the workflow, allowing users
to re-run specific steps without repeating the entire process. This GUI-
based architecture facilitated streamlined, reproducible, and custom-
izable analysis of non-target screening data, even for users without
programming experience. This workflow substantially reduced the
manual burdens associated with curating non-target screening data and
enhanced consistency in downstream statistical and chemometric
analysis. The full source code is available in the supplementary materials
(Text S2). The application can be run on standard Windows/macOS/
Linux systems with R (version 4.2.2 or later) and RStudio installed,
without the need for specialized hardware or proprietary software.
Although this study implemented the tool as a local GUI to ensure
compatibility with restricted laboratory environments, the application is
built on the Shiny framework and could be deployed on a server (e.g.,
Shiny Server) or cloud-based platforms, enabling multi-user access and
remote execution in future implementations.

2.5. Data imputation and multivariate statistical analysis for chemical
fingerprinting

To address left-censored values in the dataset, we employed MetImp
version 1.2, an open-source R-based web tool (https://metabolomics.cc.
hawaii.edu/software/MetImp/) (Wei et al., 2018a; Wei et al., 2018b) to
implement GSimp (Gibbs sampler-based imputation). GSimp accounts
for the uncertainty of missing values during imputation, reducing bias in
downstream analyses and improving the accuracy of cross-sample
comparisons. This method has outperformed alternative approaches,
particularly in datasets with up to 60% censored values, achieving
relatively low normalized root mean square errors (Wang et al., 2023). A
comprehensive explanation of the GSimp algorithm is available in Wei
et al. (2018a).
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For multivariate statistical analysis, MetaboAnalyst 6.0
(https://www.metaboanalyst.ca/) (Xia and Wishart, 2011), another R-
based web platform, was used. Partial least squares discriminant anal-
ysis (PLS-DA) was used to discriminate among chemical fingerprints,
and the Kruskal-Wallis test was used for univariate comparisons. A p-
value less than 0.05 was considered statistically significant. The most
discriminating compounds were identified based on their variable
importance in projection (VIP) scores, which were calculated as follows:

PZ::1 w;SSa

3 e-155a

where p is the number of variables, w;, is the weight of variables i on
component a, and SS, represents the sum of squares explained by
component a. PLS-DA was employed for supervised discrimination be-
tween predefined groups and identification of source-specific chemical
fingerprints from high-dimensional non-target screening data. PLS-DA
was selected because the primary objective of this study was to
discriminate predefined site groups and identify discriminating marker
compounds, whereas principal component analysis is primarily used as
an unsupervised exploratory tool and does not explicitly maximize
separation between predefined groups (Piotrowski and Place, 2019;
Dress et al., 2025). Although orthogonal PLS can improve interpret-
ability by separating predictive and orthogonal variation (Forsgren
et al., 2025), supervised discriminant models inherently carry a risk of
overfitting in high-dimensional and sparse datasets. Therefore, to
maintain a conservative and robust modeling strategy, we used PLS-DA,
and model robustness was evaluated using five-fold cross-validation and
permutation testing (Szymanska et al., 2012). Nevertheless, since PLS-
DA is a supervised method, a risk of overfitting may still remain
despite validation procedures; therefore, the results should be inter-
preted cautiously, particularly in the absence of an external validation
dataset.

VIP; =

3. Results and discussion

3.1. Validation of the developed automated non-target screening
workflow

To validate the developed automated non-target screening work-
flow, a pooled sample prepared as a synthetic mixture of multiple known
organic pollutants, including phthalates, alternative plasticizers,
organophosphate esters, and organophosphite antioxidants, was
analyzed. The sample was prepared to reflect a wide range of physico-
chemical properties and retention times, simulating complex environ-
mental mixtures. The workflow was evaluated based on its ability to
correctly identify target compounds included in the mixture. It suc-
cessfully detected 89% of the expected compounds, with identification
results closely matching the known standards included in the pooled
sample (Table S2). These findings suggest the developed workflow can
accurately and reliably detect known substances in complex mixtures.

Following this validation, the developed workflow was further
evaluated by applying it to raw GC-TOF/MS data from a recently pub-
lished study (Mok et al., 2024) to compare the results with those pro-
duced by manual identification under similar criteria. The developed
workflow successfully identified most of the compounds manually
identified in the reference study, missing only one substance (Table S3).
Several additional compounds not included in the original publication
were newly identified using the developed workflow (Table S4). These
findings imply an improved detection capability of the developed
workflow and a potential to uncover previously overlooked compounds.
While the results highlight enhanced sensitivity and reliability in non-
target screening, further validation with larger datasets is recom-
mended to confirm its applicability across diverse analytical conditions.
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3.2. Identification of organic contaminants and their distribution
characteristics

The workflow for non-target screening developed in this study is
presented in Fig. 2. Deconvolution of the GC/TOF-MS chromatograms
produced approximately 1070-3300 non-targeted features per sediment
sample. Among them, approximately 330-800 features per sample were
matched to candidate compounds in the NIST library, using criteria of a
peak shape quality >60 and a match factor > 60. Applying further
filtering based on the developed workflow (RI filtering with a + 10%
deviation threshold) narrowed the results to 82-259 and 121-224 fea-
tures in Okpo Bay and Onsan Bay, respectively. Following removal of
duplicate entries based on CASRN and molecular formulas, 58-184
features remained in Okpo Bay and 85-158 in Onsan Bay. In the final
step, background contaminants were excluded by subtracting com-
pounds detected in procedural blanks, resulting in 15-135 features in
Okpo Bay and 31-124 in Onsan Bay. Overall, 1184 unique organic
compounds were identified using the combined approach of NIST
library-matching and the automated non-target screening workflow
developed in our study.

These compounds were categorized into 16 chemical superclasses
using ClassyFire-based taxonomy, revealing distinct distribution pat-
terns of organic compounds in sediments depending on industrial
characteristics (Feunang et al., 2016). A full list of the identified com-
pounds, including their classification and detection profiles, is provided
in Table S5. The identified compound groups consist of benzenoids (n =
415); hydrocarbons (n = 131); hydrocarbon derivatives (n = 4); lipids
and lipid-like molecules (n = 102); organic acids and derivatives (n =
79); organic nitrogen compounds (n = 23); organic oxygen compounds
(n = 106); organohalogen compounds (n = 20); organoheterocyclic
compounds (n = 176); organometallic compounds (n = 37); organo-
sulfur compounds (n = 8); organic 1,3-dipolar compounds (n = 4);
phenylpropanoids and polyketides (n = 73); lignans, neolignans, and
related compounds (n = 2); alkaloids and derivatives (n = 2); and others
(n = 2). Among them, 742 compounds were identified in sediment from
Okpo Bay at a detection frequency of 3.2%-90% and 759 compounds
were identified in sediment from Onsan Bay at a detection frequency of
3.8%-100%.

The distribution characteristics of each chemical superclass were
assessed by calculating the relative contribution of the average peak
area of each group to the total average peak area across all identified
superclasses, generating site-specific patterns (Fig. 3). In Okpo Bay, the
predominant chemical groups were hydrocarbons (36%), lipids and
lipid-like molecules (26%), and benzenoids (15%), collectively ac-
counting for more than 77% of the total detected intensity. The high
abundance of hydrocarbons and lipid-like substances suggests strong
petrochemical activities and organic matter inputs, potentially origi-
nating from ship-building and/or mechanical workshops (Luo et al.,
2023; Soman et al.,, 2024). In addition, organic oxygen compounds
(6.1%), organoheterocyclic compounds (4.0%), organic acids and de-
rivatives (3.2%), and phenylpropanoids and polyketides (3.1%) made
moderate contributions, suggesting inputs from a combination of
anthropogenic activities (e.g., industrial discharges and wastewater ef-
fluents) and/or natural sources, such as plant-derived metabolites or
microbial degradation products. Organohalogens, which are commonly
linked to industrial chemicals and flame retardants, accounted for 4.3%
of the total intensity, suggesting possible inputs from polymer
manufacturing and synthetic chemical applications (Lee et al., 2020).
Onsan Bay exhibited a markedly different chemical profile, with ben-
zenoids overwhelmingly dominating (72%), followed by hydrocarbons
(7.3%). The predominance of benzenoids indicates substantial input of
aromatic hydrocarbons, consistent with the presence of large-scale
petrochemical and chemical manufacturing facilities in the area (Lee
et al., 2020; Kim et al., 2023; Lee et al., 2023). This may reflect ongoing
emissions of aromatic compounds or their derivatives, possibly related
to solvent use, high-temperature combustion, and/or incomplete
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Fig. 2. Automated workflow for non-target screening data and compound filtering based on GC/TOF-MS data.
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Fig. 3. Group-wised distribution of chemical superclasses identified in sediment from (a) Okpo Bay and (b) Onsan Bay of Korea.

combustion. In addition, lipids and lipid-like molecules (4.7%), alka-
loids and derivatives (4.4%), and organoheterocyclic compounds (4.2%)
were also present at moderate levels, indicating diverse anthropogenic
and/or natural sources. Chemical classification was performed using
ClassyFire, a widely used tool for structure-based chemical taxonomy.
While effective for high-level categorization, this approach could be
limited in that it considers only the molecular structure, and potentially
omits contextual information, such as specific usage patterns and envi-
ronmental behavior. Moreover, certain compounds may belong to
multiple classes or functional groups, and more detailed interpretation
commonly requires reviewing each compound individually (Aurich
et al., 2023).

3.3. Multivariate statistical analysis for source tracking

Mass spectrometry based environmental and metabolomics datasets
commonly contain numerous zeros or “missing values” due to low an-
alyte concentrations in the sample matrix. If these left-censored data are
not properly managed prior to statistical analysis, they can result in bias
that distorts variable correlations and complicates the identification of
marker compounds (Hrydziuszko and Viant, 2012; Yang et al., 2015). To
address this issue, a series of preprocessing steps was applied, including
both filtering and robust imputation. Given the generally low detection
frequency of compounds in sediment samples, a 40% group-wise
detection-frequency cut-off was used. Compounds detected in at least
40% of samples in any one group were retained. As a result of this
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preprocessing, the number of variables was reduced from 1184 to 31,
which were then used for multivariate statistical analysis. The list of
retained compounds, their abbreviations, molecular formulas, retention
indices, CASRN, and detection frequencies in sediments from Okpo and
Onsan Bays are provided in Table 1.

The PLS-DA model was used to identify representative indicators for
each source (Antignac et al., 2016; Ekpe et al., 2024). To address dif-
ferences in scale among variables, a log transformation followed by
auto-scaling was applied. This preprocessing ensured that high-intensity
compounds contributed meaningfully to explanations of variance
without disproportionately dominating the results. To reduce the risk of
overfitting, five-fold cross-validation was applied. In this procedure, the
dataset was randomly divided into five approximately equal subsets. For
each iteration, one subset was reserved for testing the model, while the
remaining four were used for training. The PLS-DA model demonstrated
strong explanatory and predictive performance, with a coefficient of
determination of 0.826, a predictive ability of 0.773, and a classification
accuracy of 98.2% (Fig. S2), indicating good model fit and minimal risk
of overfitting. A two-dimensional score plot of the PLS-DA model
revealed clear separation of sediment samples based on their chemical
source profiles (Fig. S3), with the first two components explaining 46%
of the total variance. VIP scores were used to identify the compounds
most responsible for group separation. Compounds with VIP scores >0.7
were considered discriminative, yielding 22 representative substances
(Fig. 4). Each of these compounds showed significantly higher in-
tensities in least one group, as validated by Kruskal-Wallis tests (p <

Table 1
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0.05) (Fig. S4). To further assess the statistical robustness of the model,
permutation testing was conducted using an approach described by
Szymanska et al. (2012). The model's classification performance was
compared against 2000 randomly permuted datasets. The original
model outperformed all permuted models (p < 0.0005), confirming the
reliability of the 22 selected chemical fingerprints (Fig. S5).

3.4. Suggestion of chemical indicators predicted through multivariate
statistical analysis

The chemical indicators predicted by the PLS-DA and their known
applications or uses are suggested in Table 2. Among the compounds
identified in sediments from Okpo Bay, several alkylated indane de-
rivatives were specifically enriched, including 1 h-Indene, 2,3-dihydro-
1,1,3-trimethyl-3-phenyl- (TPM-Ind), 1 h-Indene, 2,3-dihydro-1,1,2,3,3-
pentamethyl- (PM-Ind), and 1,1'-spirobiindene, 3,3,3,3’(2H,2H’)-tetra-
methyl- (TMSpilnd). These compounds belong to the indanes class and
have been reported in various industrial and consumer applications.
TPM-Ind has been previously detected in fragrance formulations, liquid
resins, and recycled high-density polyethylene, suggesting its potential
origin from plastic reprocessing, resin manufacturing, and consumer
product usage (Na et al., 2022; Woods et al., 2007; Zhang et al., 2025).
PM-Ind, while also reported in natural matrices such as plant leaves (Al-
Otibi et al., 2022), shares structural similarities with known fragrance
ingredients (US EPA CompTox Chemicals Dashboard; https://comptox.
epa.gov/dashboard; retrieved 06/2025) (Williams et al., 2017),

List of retained compounds for statistical analysis with abbreviations, molecular formulas, retention time, CAS registry number, and detection frequencies in sediment

from Okpo and Onsan Bays of Korea.

Retention Compound name Abbreviations ~ Formula CAS Registry Fold Detection frequency of
time Number change® compounds (%)
Okpo Onsan
Bay Bay
(n=31) (n=26)
1 3.73 Heptane, 2,2,4,6,6-pentamethyl- PM-Hep Ci2Hoe 13,475-82-6 2.4 32 42
2 4.37 3-Heptene, 2,2,3,5,6-pentamethyl- PM-Hept CioHog 116,164-06-8 3.8 55 35
3 5.48 Benzene, 1,2,4,5-tetramethyl- TMBz CioH14 95-93-2 4.9 26 46
4 6.42 Naphthalene Nap Ci0Hg 91-20-3 2.3 39 69
5 6.52 Nonane, 3-methyl-5-propyl- 3M5P-Non Cy3Hag 31,081-18-2 2.0 48 50
6 7.42 Naphthalene, decahydro-2,3-dimethyl- DH-DM-Nap CioHao 1008-80-6 7.4 26 65
7 8.22 1H-Indene, 2,3-dihydro-1,1,2,3,3-pentamethyl- PM-Ind Ci4Hzo 1203-17-4 13 55 12
8 9.42 1,4-Dimethyl-2-cyclopentylbenzene DM-CPBz Cy3His 62,379-92-4 18 61 73
9 12.81 Methane, di-p-tolyl- DiPTol CisHie 4957-14-6 - 35 46
10 13.30 1H-Indene, 2,3-dihydro-1,1,3-trimethyl-3-phenyl- TPM-Ind Ci18Hao 3910-35-8 - 45 ND¢
11 13.50 Benzene, (1-butyloctyl)- BuOBz CigHso 2719-63-3 - 10 42
12 15.59 o-Terphenyl o-TP CygHig 84-15-1 - 3.2 92
13 16.27 Benzene, 1,1'-(1,1,2,2-tetramethyl-1,2-ethanediyl)bis TMEBz CaoHae 734-17-8 - 19 42
[4-methyl-
14 16.42 1,1°-Spirobiindene, 3,3,3',3’(2H,2H’)-tetramethyl- TMSpilnd Ca1Hog 58,343-29-6 - 71 ND
15  16.91 Eicosane C20 CaoHyz 112-95-8 - 68 12
16 17.25 p-Dicyclohexylbenzene p-DCHBz CigHoe 1087-02-1 - ND 46
17 17.72 Fluoranthene Flu Ci6Hio 206-44-0 - 45 7.7
18 18.32 Pyrene Pyr Ci6H10 129-00-0 - 52 65
19 18.80 Cyclohexane, [1,1-biphenyl]-4-yl- BP-Cyclo Ci18Hao NR” - ND 100
20 19.17 m-Terphenyl m-TP CigHi4 92-06-8 - 3.2 77
21 19.76 p-Terphenyl p-TP CigHig 92-94-4 - 13 50
22 23.02 Triphenylene Triphe CigHia 217-59-4 - 65 54
23 26.99 Phenanthrene Phe Ci14H10 85-01-8 - 48 35
24 27.23 Benzo[b]fluoranthene BbF CooH1n 205-99-2 - 58 7.7
25  30.07 1,1:3,17-Terphenyl, 5-phenyl- Ph-TP Co4Hig 612-71-5 - 13 96
26 30.29 17aH-Trisnorhopane TrisNorHop Ca7Hy4e 53,584-59-1 - 35 46
27 31.84 m,p-Quaterphenyl mp-QP Co4Hig 1166-19-4 - ND 50
28 32.20 28-Nor-17a(H)-hopane NorHop-28 CaoHso 53,584-60-4 - 90 85
29 32.26 19-Norcholesta-1,3,5(10)-trien-6-one NorChol CasH3g0 19,454-79-6 - 68 7.7
30 33.25 17a(H),21p(H)-hopane Hop-17,21 CszoHsa 13,849-96-2 - 81 92
31 36.50 Benzene, 1,1-[1,2-ethanediylbis(oxy)]bis[2,4,6- BTBPE C14HgBreO» 37,853-59-1 - 45 65

tribromo-

@ Values of fold change (blank vs. sample) calculated by dividing average peak area, dash (—) indicates compounds not detected in the blank.

> NR: No CAS registry number was reported.
¢ ND: Not detected.
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Fig. 4. Cleveland dot plot of variable importance in projection (VIP) scores
from the partial least squares discriminant analysis (PLS-DA) model, high-
lighting key substances (VIP > 0.7) associated with pollution source differen-
tiation. Higher VIP scores indicate greater influence on the model. The heatmap
on the right shows the relative abundance of each compound across sediment
samples from Okpo Bay and Onsan Bay of Korea. Abbreviations: o-TP, o-ter-
phenyl; pH-TP, 1,1":3',1"-terphenyl, 5-phenyl-; BP-Cyclo, cyclohexane, [1,1-
biphenyl]-4-yl-; mp-QP, m,p-quaterphenyl; m-TP, m-terphenyl; TMSpilnd, 1,1
spirobiindene,  3,3,3,3’(2H,2H’)-tetramethyl-;  p-DCHBz, p-dicyclohex-
ylbenzene; TPM-Ind, 1H-indene, 2,3-dihydro-1,1,3-trimethyl-3-phenyl-; Hop-
17,21, 17a(H),21p(H)-hopane; BuOBz, benzene, (1-butyloctyl)-; p-TP; p-ter-
phenyl; Nap, naphthalene; PM-Ind, 1H-indene, 2,3-dihydro-1,1,2,3,3-pentam-
ethyl-; Flu, fluoranthene; BTBPE, benzene, 1,1'-[1,2-ethanediylbis(oxy)]bis
[2,4,6-tribromo-; TMEBz, benzene, 1,1'-(1,1,2,2-tetramethyl-1,2-ethanediyl)bis
[4-methyl-; NorChol, 19-norcholesta-1,3,5(10)-trien-6-one; NorHop-28, 28-nor-
17a(H)-hopane; C20, eicosane; DH-DM-Nap, naphthalene, decahydro-2,3-
dimethyl-; TrisNorHop, 17aH-trisnorhopane; BbF, benzo[b]lfluoranthene.

indicating mixed natural (biogenic) and anthropogenic origins.
TMSpilnd, in contrast, has been identified as a constituent of industrial
catalyst, pointing to a direct association with manufacturing activities
(Lin et al., 2018). In particular, indane-based compounds have been
widely reported in crude oil (Berthod et al., 1998), supporting the pos-
sibility of petrogenic contamination in sediments from Okpo Bay. This
was also evidenced by their high detection frequencies (TPM-Ind: 45%,
PM-Ind: 55%, and TMSpilnd: 71%) in sediment from Okpo Bay, and
much lower or non-detectable levels in sediment from Onsan Bay. These
findings are likely due to the presence of large-scale ship-building and
repair facilities in Okpo that may contribute oil-derived emissions from
lubricants, fuels, and solvents (Shim et al., 2002; Yokoyama and Choi,
2010). A petrogenic influence on sediment from Okpo Bay was also
supported by the detection of eicosane (C20), a straight-chain saturated
hydrocarbon commonly used as a marker of fresh oil inputs, particularly
diesel and gasoline (Reddy et al., 2007). The co-occurrence of eicosane
and indane derivatives strengthens the evidence for petroleum-related
contamination. In addition, polycyclic aromatic hydrocarbons (PAHs),
such as fluoranthene and benzo[b]fluoranthene, were also abundant in
the region. PAHs are well-known chemical markers of pyrogenic input
that are formed primarily during the incomplete combustion of fossil
fuels, and are typically associated with welding, high-temperature op-
erations, and fossil-fuel use (Moon et al., 2011). Last, the detection of 19-
norcholesta-1,3,5(10)-trien-6-one, a steroidal compound known as
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Table 2
Summary of predicted chemical indicators in this study and their applications/
uses. Table 1 supplies the full names of the compounds.

Region Chemical Class Applications/uses
indicators
Okpo TPM-Ind Alkylated Fragrance, resin, recycled
Bay indanes plastic
PM-Ind Alkylated Natural product (leaves),
indanes possible fragrance
TMSpilnd Alkylated Industrial catalyst
indanes
C20 (Eicosane) n-alkanes Marker for fresh oil input
(diesel/gasoline)
Flu, BbF PAHs Combustion byproduct
(fossil fuels)
NorChol Steroid Suspected to be associated
derivatives with municipal or hospital
effluents
Onsan Nap PAHs Diesel/gasoline combustion
Bay product
Hop-17,21, Hopanes Diesel/gasoline combustion
NorHop-28, product
TrisNorHop
DH-DM-Nap PAH derivatives Coal-based jet fuel
Ph-TP, o-TP, m-TP,  Polyphenyls Waste and e-waste
p-TP, mp-QP incineration byproducts
BP-Cyclo Aromatic PET solvent
hydrocarbon
p-DCHBz Aromatic Industrial catalyst/additive
hydrocarbon
BTBPE NBFR Brominated flame retardant
BuOBz, TMEBz Aromatic Natural products; possible
hydrocarbons fragrance use

NorChol, suggests an additional potential source of contamination.
While NorChol can occur naturally, steroid derivatives as a chemical
class are frequently reported in municipal and hospital effluents, indi-
cating a possible pharmaceutical or domestic origin (Ting and Praveena,
2017). Given the residential areas around Okpo Bay, it is plausible that
domestic wastewater discharge is contributing to the observed
contamination profile. These findings collectively suggest the combined
influence of industrial activities and municipal sources in shaping
organic contaminant profiles in sediments from Okpo Bay.

Among the compounds identified in sediment from Onsan Bay, a
group of hydrocarbons, including naphthalene (Nap) and hopane-type
compounds such as 17a(H),21p(H)-hopane (Hop-17,21), 28-nor-17a
(H)-hopane (NorHop-28), and 17a(H)-trisnorhopane (TrisNorHop), was
indicative of petrogenic input associated with fossil-fuel combustion
(Schauer et al., 1999; Schauer et al., 2002). The concurrent detection of
these compounds in Onsan Bay sediment suggests contamination from
fossil-fuel related sources, likely industrial operations, vehicular emis-
sions, or marine traffic in the surrounding area. In addition, naphtha-
lene, decahydro-2,3-dimethyl- (DH-DM-Nap), a saturated naphthalene
derivative, was also detected. This compound has been reported in coal-
based jet fuel, suggesting potential inputs from coal-derived liquid fuels
used in industrial applications (Smith and Bruno, 2007). A group of
polyphenyl compounds, 1,1":3',1"-terphenyl, 5-phenyl- (pH-TP), o-ter-
phenyl (o-TP), m-terphenyl (m-TP), p-terphenyl (p-TP), and m,p-qua-
terphenyl (mp-QP), was also found at enriched levels in Onsan Bay
sediment. These compounds are byproducts of high-temperature
degradation of synthetic materials and have been reported in emis-
sions from municipal waste incineration and plastic combustion (Hoffer
et al., 2021). In particular, pH-TP has been identified in the pyrolysis
products of electronic waste, implying contributions from electronic
waste disposal or recycling (Sahle-Demessie et al., 2021). Combustion
processes at industrial complexes in Onsan Bay have been documented
as potential sources of a variety of contaminants (Lee et al., 2023). Two
additional aromatic compounds, cyclohexane, [1,1-biphenyl]-4-yl- (BP-
Cyclo) and p-dicyclohexylbenzene (p-DCHBz), were also prevalent. BP-
Cyclo is a solvent reportedly used in the synthesis of poly(ethylene
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terephthalate) (PET) (Tate et al., 1993), while p-DCHBz functions as a
catalyst or additive in industrial chemical processes (Bao et al., 2022).
The detection of these compounds suggests inputs from polymer
manufacturing or other solvent-intensive industrial activities sur-
rounding Onsan Bay. Another predominantly detected compound was
benzene, 1,1-[1,2-ethanediylbis(oxy)]bis[2,4,6-tribromo- (BTBPE), a
well-known novel brominated flame retardant. As a replacement for
legacy brominated flame retardants (BFRs) such as PBDEs, BTBPE is
commonly incorporated into plastics, textiles, and electronic products.
Its hydrophobicity and persistence make it prone to sediment accumu-
lation, and previous studies have reported finding it in both water and
sediment from Onsan Bay (Lee et al., 2020). Its detection in this study
suggests ongoing or historical discharges from local electronics
manufacturing or recycling facilities. Last, benzene, (1-butyloctyl)-
(BuOBz) and benzene, 1,1-(1,1,2,2-tetramethyl-1,2-ethanediyl)bis[4-
methyl- (TMEBz) were also detected. These compounds have been re-
ported in natural products, such as roasted coffee, suggesting a potential
biogenic origin (John et al., 2021; Paiva et al., 2025). However, due to
their structural similarity to fragrance materials, they may also be
associated with anthropogenic sources, including emissions from con-
sumer products or food-processing activities (CompTox Chemicals
Dashboard; retrieved 06/2025). Overall, the suite of compounds iden-
tified in sediment from Onsan Bay reflects a complicated mixture of
contamination sources, including fossil-fuel combustion, waste incin-
eration, industrial manufacturing, and possible contributions from
consumer product usage.

4. Conclusions and study limitations

An automated workflow of non-target screening data processing and
a multivariate statistical tool were effectively developed and combined
to characterize chemical fingerprints in sediment from industrialized
coastal regions. The automated workflow streamlined the processing of
large-scale GC-TOF/MS datasets through RI-based filtering, duplicate
removal, and blank subtraction, enabling consistent and reproducible
detection of contaminants. Distinct chemical fingerprints observed in
sediment from Okpo and Onsan Bays reflected a wide range of pollution
sources, including petrochemicals, combustion byproducts, and indus-
trial additives.

Despite this study's strengths, several limitations should be consid-
ered. First, the identification of compounds is tentative and relies on
spectral library-matching; expert validation is required, particularly for
compounds with similar structures or isomeric forms. Second, while the
workflow improves efficiency, the duplicate consolidation step (based
on CASRN and molecular formula) may group multiple congeners and/
or isomeric candidates under a single representative entry, particularly
when compounds show similar EI mass spectra and retention behavior,
potentially affecting interpretation. This could lead to misinterpretation
of halogenated contaminants, such as PCBs. Finally, the absence of
authentic standards for many compounds limited our ability to confirm
identities and quantify concentrations. Addressing these limitations will
enhance the utility of the workflow, not only for environmental moni-
toring in industrialized coastal regions but also for managing emerging
pollution challenges in diverse ecological and regulatory contexts.
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