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Literature review
Historically, environmental catastrophes, such as wildlife die-off events and river fires,
have been highly visible indicators of poor ecosystem health. Fish kills are often a sign of
anthropogenic pollution (e.g., chemical spills, illegal discharges) and are still used today to
identify the presence of contaminated water 1–4. In addition to die off events, river fires within
the United States (e.g., the Buffalo, Cuyahoga, and Schuylkill rivers) have galvanized public
support for increased environmental protections to better management the nation’s waterways. In
response to public pressure, the National Environment Policy Act (NEPA) was signed into law,
which helped establish the Environmental Protection Agency (EPA) in 1970. In 1972, Congress
passed the Clean Water Act of 1972, which is the primary federal law in the United States
governing water pollution.
Under the initial guidelines, the EPA mandated that owners of publicly owned treatment
works, discharges of industrial wastewater, and other entities releasing waste directly into
waterways were required to obtain national pollution discharge elimination system, or NPDES,
permits regulating the quality of the water being released5. Following regulations, permit holders
were required to adopt technology-based standards for point source effluents. If the water quality
was still impaired despite implementing the "best available technology", state or federal agencies
could add water quality-based limitations to that permit to reach quality standards from point
discharge sources. In addition, the CWA mandates that states establish water quality standards
for their waters. Under section 303(d) of the CWA, states are required to evaluate the quality of
water bodies to identify which do not meet water quality standards. In 1992, the EPA published
regulations establishing the total maximum daily load (TMDL) of specific pollutants. For every
pollutant/waterbody combination on the list of impaired water bodies, states must develop not
only a TMDL that identifies the maximum allowable discharge of a pollutant into a water body
but also a plan to remove the waterbody from the list of impaired water bodies.
While the intent of the CWA and the TMDL program was to improve water quality and
reduce pollution loads to receiving bodies of water, one unintended consequence was that it
helped establish a pollution monitoring system that targeted specific pollutants. These targeted
monitoring strategies were largely driven by the available technologies. During the late 1970’s,
the first triple quadrupole mass spectrometers became commercially available. “Triple quad”
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instruments are commonly used when samples are screened for a suit of compounds that are
chosen a priori, such as pesticides 6–8, antibiotics 9–11, and PFAS 12,13. A triple quad has three
consecutive quadrupole stages, the first acting as a mass filter that allows pre specified masses to
be transmitted. The second quadrupole is a collision chamber that breaks a chemical into
reproducible fragments. The third quadrupole is another mass filter that transmits a particular
fragment ion to the detector. The fragmentation patterns are diagnostic of a specific chemical of
interest. The different mass filters greatly reduce the chemical masses that hit an instruments
detector, which makes it possible to detect targeted compounds at trace concentrations. Such
targeted specificity was well suited for achieving the needs of the CWA given that water bodies
were regulated by specific TMDLs.
As environmental monitoring and toxicity testing increased, the number of chemicals
regulated by the CWA grew. Currently, approximately 85,000 chemicals are registered under the
Toxic Substances Control Act with the United States Environmental Protection Agency 14, while
>20 million unique compounds are currently listed on the Chemical Abstracts Service (CAS)
Registry15. Monitoring even a small fraction of the known toxic compounds is impractical for
multiple reasons. Targeted screening using triple quad instruments is expensive, partly because
pure analytical standards are needed to develop analytical and quantitative methods for each
chemical of interest. Pure standards can cost 100’s of dollars per chemical, which limits the
number of pollutants that can be monitored. For example, DEET (N,N-(Diethyl-d10)-3methylbenzamide), a common analyte in mass spectrometry (MS) analysis, costs $165.00
(Toronto Research Chemicals). In addition, different analytical methods are needed for different
chemicals, which make monitoring time intensive. As the list of regulated chemicals continues to
grow, increased monitoring using targeted chemical analyses becomes increasingly impractical.
As a result, monitoring programs screen for hundreds of known toxics, at most (e.g., see 16). As a
result, the vast majority of toxic chemicals will go unnoticed within the environment, which
could is likely to adversely affect ecosystem and human health. Because targeted approaches are
written into federal law through the CWA, targeted chemical monitoring is likely to persist for
decades to come.
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High Resolution Mass Spectrometry
In recent decades, the continuous growth of mass spectrometry technology has led to the
development of instruments with faster screen times and more efficient detectors. As a result,
mass spectrometers are able to better distinguish chemicals that have highly similar masses with
similar retention times. These instruments are termed high-resolution mass spectrometry
(HRMS) instruments. Triple quad instruments rely on mass filters to detect the presence of
specific chemicals. As a result, triple quad instruments collect data for a highly specific segment
of the chemical spectrum during each sample run. On the other hand, HRMS instruments are
able to quantify nearly all chemicals that hit an instruments detector without mass screening (i.e.,
full scan mode). HRMS full scan mode thus allows scientists to analyze a much larger segment
of the chemical spectrum. The primary advantage of full scan mode using HRMS instruments is
that tens of thousands of chemicals can be quantified simultaneously compared to dozens using
traditional targeted analyses on triple quad instruments. In contrast to targeted quadrupole MS
analysis, chemical screening using full-scan mode using a HRMS instrument has been termed
non-target analysis (NTA).
NTA performs utilizes full scan mode on an HRMS instrument to quantify the chemical
features present within a sample. These chemical features are only distinguishable based on their
retention time and exact mass to charge ratio (m/z). A disadvantage of NTA is that the chemical
identity is unknown, but NTA has the advantage over targeted analysis in reducing the use of
chemical standards and reducing the cost for analysis. Another advantage over targeted analysis
is the capability of identifying known and unknown chemicals in a sample. Because of the nature
of NTA, only the most sensitive MS instruments are capable of performing this technique. The
most commonly employed instruments for NTA are triple quadrupole time-of-flight (tTOF) and
Orbitrap, coupled with liquid chromatography. These instruments are employed because of their
high resolving power (30k for tTOF17 & 100k for orbitrap18) and mass accuracy (<3ppm tTOF17
& <2ppm for orbitrap18). With such high resolving power and mass accuracies, these instruments
are capable of detecting thousands of chemicals in a sample.
In chromatograms generated using triple quad, chemical peaks can be selected and
evaluated manually, given the generally small number of chemicals of interest. Conversely,
when performing NTA, thousands unknown chemicals are observed in the chromatogram,
making the manual method of evaluating chemical features impractical. For this purpose, peak
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picking and mass analyzing programs have been developed. Peak picking is an early step in MS
analysis which involves peak alignment, background noise subtraction and peak quality to
transform raw MS data into peaks with mass and retention time values(see 19). Programs like
Markerview and SciexOS (Sciex, California, USA) screen the raw mass spectrometry data,
determine peaks, perform retention time corrections using internal standards and give a list of the
most probable chemicals. By doing this, analysis time for NTA is greatly reduced. An additional
method used to analyze and reduce data complexity in NTA is sample componentization. When
performing MS, chemical signatures for a single chemical tend to include not only the parent
molecule, but also adducts (H+, Na+, NH4+, NH3-, Cl-) obtained from the ionization process,
isotopes of the different atoms in each molecule, and chemical series resulting from the energetic
breakdown of molecules during the MS process. Componentization is primarily achieved by
using R packages designed to work on mass spectrometry data, including Metfrag 20, Envimass
21

, XCMS 22, etc,. These programs use retention times, peak shape and peak intensity to

determine which peaks are the true parent chemical and collapse the others into that parent peak.
Evidence from this type of analysis concludes that it is possible to achieve a 46% decrease in
chemical the chemical features obtained from a single sample 23, suggesting that many of the
chemical features found in NTA could be componentized, by reducing redundancy in the
analysis.
Non-target analysis generates data-rich datasets with tens of thousands of chemical
features. This makes data analysis challenging, and to date, mining NTA is in its infancy and
interest in machine learning (ML) algorithms to explore patterns in non-target datasets is
growing. ML is an application of artificial intelligence that provides the system the ability to
learn and improve without the need of being programmed. Recent ML assisted NTA include the
use of principal components analysis (PCA)24–27 , nonmetric multidimensional scaling
(NMDS)28,29, cluster analysis 7,30,31, and support vector machines (SVM)32,33.
Until now, the chemical spectrum has largely been unexplored. With the advent of
HRMS instruments and prepackaged machine learning tools, we are only just now able to decode
chemical signatures that are present in the environment. All biological, ecological, and
environmental processes leave behind a chemical signature in the environment. Therefore, we
anticipate that machine learning and other computational tools in conjunction with HRMS data
will provide insights into the natural world that have hitherto been unreachable. These insights
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will lead to advancements in medicine (detecting hard-to-diagnose diseases), ecosystem science
(quantifying changes in ecosystem stress from climate change), microbiology (predicting the risk
of inducing antibiotic resistance) and others, simply by recognizing the patterns present within
non-target chemical signatures. The work presented below represents some of the earliest and
biggest advancements in the field of NTA.
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Abstract:
Water bodies act as chemical data loggers that contain tens of thousands of molecules
that represent the sum of the biological, chemical, and physical processes occurring within a
watershed. We hypothesize that unique chemical signatures present within a water sample can be
informative of upstream processes. By extracting non-polar organic compounds from water
samples at/near chemical sources, and then use high-resolution mass spectrometry (HRMS) data
in conjunction with machine learning tools to identify the chemical signatures that are diagnostic
of each source. If these diagnostic signatures, or fingerprints, are detected in environmental
samples, we can confirm the presence of source-specific discharge in receiving bodies of water.
Grab samples were collected in western Oregon in 2018-19 and analyzed in triplicate from
different sources including headwater streams, agricultural field runoff, animal manure,
municipal wastewater, and urban/suburban road runoff. Data from machine learning models
indicate that each source is readily distinguishable based on its chemical composition and that as
few as 10 non-target chemical compounds can be diagnostic of chemical sources. Diagnostic
chemical fingerprints were detected in high probability in mixed water samples (e.g., creeks).
This workflow is open source and freely available to help managers identify pollutant sources
present in receiving water bodies, which will help direct limited resources to projects that
maximize water quality improvements.
6

Introduction
Over the last 50 years, rates of cancer34–37, metabolic disorders38–40, and reproductive
abnormalities

41–45

have increased in humans and wildlife. Although the exact causes of these

maladies are unknown, uncharacterized anthropogenic compounds in the environment are
hypothesized to drive these observations

34,46,47

. In attempts to identify the toxics driving these

environmental observations, considerable effort has been placed on identifying transformation
products of known toxics, bioactivity testing, and chemical structure elucidation 48–56. These and
other laboratory efforts have identified tens of thousands of toxic chemicals. In practice, however,
it is impossible to use current water quality monitoring strategies to screen for the breadth of known
toxics to like chemical composition to health declines. Monitoring programs that screen for
specific toxics use dozens of different collection, processing, and analytical methods and thus
monitor mere hundreds of compounds (e.g., 57). Increasing the number of target compounds that
can be sampled can only occur by decreasing the spatiotemporal extent of sampling and vice versa.
Realistically, targeted monitoring strategies likely ignore >99.9% of the chemicals present within
the environment. Thus, the likelihood identifying the causative agents driving health declines using
the current monitoring paradigm is low. Therefore, new chemical forensics strategies are needed
to protect ecosystem and human health.
Non-target analysis has been heralded as the future of water quality monitoring58,59. Unlike
targeted chemical analysis, which quantifies the MS/MS (tandem mass spectrometry)
fragmentation patterns of specific chemicals that are chosen a priori, non-target chemical data is
generated from unfragmented, MS1, scans using high-resolution mass spectrometry (HRMS)
instrumentation (e.g., Orbitrap, time of flight). HRMS instruments are capable of resolving
chemical features to 0.0001 atomic mass units, thus making it possible to quantify thousands of
chemical features within a sample during a single instrument run. As a result, thousands of
chemical features can be uniquely distinguished within a single sample, which represents a unique
opportunity for watershed managers seeking to improve water quality and ecosystem health. It is
possible to use advanced computational tools (e.g., machine learning, multivariate statistics) to
identify the unique subset of diagnostic chemical features (i.e., chemical fingerprints) of different
pollution sources. While these fingerprints may not represent the causative agents driving health
declines, they can be used to identify the most prominent sources of pollution present within a
system. Once identified, watershed managers could implement strategies that minimize discharge
7

to receiving water bodies. We argue that it is cheaper and easier to make management decisions
by monitoring for the presence of tens of pollution sources instead of thousands of toxicants.
Despite the interest in chemical fingerprinting, the majority of non-target research over the
past two decades has focused on identifying pesticide residues on/in food and water60–64,
identifying unknown toxicants48,65–69 and chemical transformation products

49,54,70–72

, suspect

screening 68,73–75, and structure elucidation 54,76,77. Despite the growing body of literature on nontarget analyses, the majority of the literature has focused on a highly restricted portion of the
chemical spectrum. Similar to targeted chemical analyses, much the non-target literature continues
to ignore the vast majority of the available data, potentially due to computational complexities.
Non-target data are highly skewed, non-linear, interdependent, and high dimensional. As a result,
traditional statistics (e.g., correlation, linear regression, ANOVA) are fundamentally inappropriate
for analyzing non-target data because of assumption violations; however, these tools are still
employed (see

78

). Few suitable multivariate/datamining techniques have been used to analyze

non-target data, with the most “common” being cluster analysis, both k-means and hierarchical
76,79–82

. Clustering is an unsupervised data mining approach that assigns group membership based

on various measures of similarity (e.g., Euclidean of Bray-Curtis distance). Cluster analysis has
been applied in two separate ways when analyzing non-target chemical data. First, chemicals can
be clustered into groups based on their intensity patterns across all samples. It has been assumed
that all non-target chemicals that cluster with a known source tracer (e.g., desvenlafaxine in
wastewater) share the same source 76. Second, samples can be clustered into groups based on the
intensity patterns of all chemicals within a sample. Similarly, it has been assumed that all a sample
of unknown origin that clusters with a sample from a known source (e.g., stormwater) is from the
same source 83.
Although clustering may be suitable for analyzing non-target data, it has limitations that
make it potentially unsuitable for chemical source tracking. K-means and hierarchical clustering
have assumptions that must be met (e.g., spherical clusters, similar sized clusters) to avoid
misrepresentation of actual clusters; however, none of the above studies acknowledge or test these
assumptions. Therefore, it is impossible to evaluate the validity of their results. Furthermore,
clustering only provides information on chemical similarity and provides no information on which
chemical features are most diagnostic of group membership84. Finally, in terms of classification,
cluster analysis can only assign group membership to a single class. For a sample that contains a
8

mixture of multiple sources or for a chemical feature that originates from multiple sources, cluster
analysis cannot successfully assign a group membership. Therefore, clustering alone is
inappropriate for comprehensive chemical fingerprinting.
Du et al.48 and Peter et al.79 used Venn Diagrams to identify chemical features that co-occur
both in tissue of deceased salmon following unexpected die off events and automotive fluids, the
hypothesized mortality drivers (see also 85,86). The assumption is that the co-occurring chemicals
are the causative agents of die-off events; however, co-occurrence can be overly simplistic. Venn
diagrams rely on presence/absence data to find co-occurrences, which skews the results to
chemical features that are widespread and abundant. Rare compounds, even if they are highly
diagnostic, are likely be excluded using Venn analysis. Second, all peak intensity information is
lost when converted into a presence/absence format. Therefore, pollution sources with very similar
chemical compositions (e.g., dairy vs beef vs swine manure) cannot be distinguished using cooccurrence. These sources are expected to have varying chemical ratios; therefore, we argue that
intensity information should be included when identifying diagnostic chemical fingerprints. Thus,
co-occurrence alone is inappropriate for comprehensive chemical fingerprinting.
Few studies employ ordination techniques, almost exclusively principal components
analysis (PCA) and non-metric multidimensional analysis (NMDS), to reveal patterns in nontarget data51,66,67,78,81,87. Briefly, ordination attempts to summarize a multi-dimensional dataset into
as few dimensions as possible. For non-target data, each chemical feature is a dimension, and
ordination captures the dominant chemical gradients present within a dataset. Masiá et al.87 and
Schollee et al88. used principal components analysis to demonstrate that different sources (e.g.,
influent/effluent, wastewater/surface water66,87) are chemically distinct. However, rather than
identifying the specific chemical features that are indicative of a source, ordination identifies the
chemical gradients that best generalize a dataset. In essence, ordination is the opposite of chemical
fingerprinting. While it is possible to identify the chemical features that are most correlated with
each gradient, the correlation coefficients between the chemical features and the principal
components are often very weak (e.g., |r| < 0.05; 66,81). Furthermore, ordination techniques are not
discriminatory; thus, the dominant chemical gradients and the chemicals that are most correlated
with those gradients do not necessarily have strong predictive power. Ordination does highlight
that the chemical composition of different samples is not random, which the fundamental
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hypothesis driving chemical fingerprinting research; however, ordination is inappropriate for
generating diagnostic chemical fingerprints.
Chemical fingerprinting workflows have been described as paradigm shifting89; however,
no such workflows have been developed. The existing body of literature strongly suggests that the
chemical composition of different sources is distinct. Furthermore, given the diversity of
environmental organic molecules, the probability that two different sources could generate
identical chemical signatures is exceedingly small. Therefore, we hypothesize that chemical data
present in samples are not random but instead contain vast amounts of information on chemical
sources and watershed processes. Our objectives are to develop a chemical fingerprinting
workflow that identifies the diagnostic chemical signatures from various chemical sources and
probabilistically predicts the presence of those sources within a mixed water sample (e.g., creek
water).
Materials and Methods
Site description: We collected samples from five chemical sources, which included
suburban and urban road runoff, municipal wastewater, agricultural-field runoff, animal manure,
and undeveloped headwater streams. Following rain events, (sub)urban runoff grab samples were
collected from curbs and gutters in residential neighborhoods (i.e., suburban samples) and
parking lots (urban samples) in Corvallis, OR (n = 11). Municipal wastewater treatment plant
(WWTP) grab samples (n = 17) were collected from the treatment facility in Philomath, OR
(population ~4,900; Figure 1). The treatment facility receives municipal wastewater and consists
of multiple gravity-fed treatment ponds. The influent is split equally and discharges to the
subsurface of two ponds, 1a and 1b. The effluent of these ponds is combined and discharged into
pond 2, which discharges to pond 3 (herein referred to as WW-P1a/b, WW-P2 and WW-P3,
respectively). Each pond has a hydraulic retention time of ~30 days. Prior to discharge, the
effluent of WW-P3 is chlorinated and dechlorinated. During the winter rainy season, treated
effluent is discharged to the Marys River when flows are high, and during the dry summer
season, effluent is stored in the ponds until the winter or used to irrigate local agricultural fields.
Water samples were collected as close to the point of inflow into WW-P1a, the effluent of WWP1b, the effluent of WW-P2, and the effluent of WW-P3 (All collected in March, June and July
2018 and March 2019; for further sampling location and dates look at Table S1). Because
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chlorination was not continuous, water samples were collected opportunistically from the
dechlorination basin, and were only collected in March 2019. Following winter rain events, grab
samples were collected from different grazed and ungrazed fields owned by OSU. Grazed fields
were grazed by alpacas, dairy cows, or horses, and ungrazed fields were used to grow silage (n =
7). Fresh manure samples were collected from beef and dairy cattle and swine from Oregon State
University animal facilities (n = 3). In addition, stall wash water was collected from dairy and
beef cattle were included as manure samples (n = 2). Finally, we collected water from forested
headwater streams with little to no human development upstream of the sampling location (n = 4,
Figure 3).

Headworks

Pond 1a

Pond 2

Pond 3

Pond 1b
Dechlorination
to Marys River

Figure 1. Pond schematic for the Philomath WWTP. Flow is split equally at the headworks and
flows in parallel through ponds 1a and 1b, and in series through ponds 2 and 3. Red arrows
indicate the direction of the flow and blue markers indicate the sampling locations.
In addition to source-specific samples, water samples were collected from different
creeks that could potentially contain mixtures of these sources. Longitudinal samples were
collected from four local creeks (Dixon Creek [June 2018 and February 2019], Marys River
[June 2018, October 2018 and February 2019], Oak Creek [June 2018, October 2018 and
January 2019], and Rickreall Creek [June 2018, October 2018 and February 2019]) (Figure 2a &
2b). Dixon creek is an urbanized creek located entirely within Corvallis city limits. Marys River,
Oak Creek, and Rickreall creek originate in forested regions and traverse agricultural, rural
residential, and (sub)urban landscapes. Water samples were collected from each creek during the
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spring, late summer, and winter seasons. Sampling locations were approximately evenly spaced
along the length of each water body. We expected to detect different chemical signatures along
the length of each reach, particularly downstream of major transition zones. See SI for specific
details for each sampling location (Table S1).

A)

Dallas, OR

B)

Corvallis, OR

Philomath, OR

Figure 2. Creek sampling locations within the Central Willamette Valley. In all cases, the
general flow direction is from west to east. A) Locations near Rickreall, OR include Rickreall
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Creek (Orange). B) Locations near Corvallis and Philomath, OR include Marys River (White),
Oak Creek (Magenta), and Dixon Creek (Cyan).

A)

Corvallis, OR

B)
Corvallis, OR

Philomath, OR

Figure 3. Sampling locations of chemical sources surround Corvallis, OR. A) Locations near
Corvallis, OR of (Sub)Urban Samples (Purple, Ag Runoff(Yellow), and Manure (Red). B)
Headwater sample locations near Philomath and Corvallis (Green).
13

Sample collection and processing: Grab samples were collected in a 4L amber glass
bottle. During each sampling trip, reverse osmosis water was used as a negative control/field
blank, which was taken into the field and handled and processed identically to all samples.
Liquid-solid extraction was performed to obtain chemicals from manure samples. By adding
50ml of methanol to 50mg of sample and centrifuged for 5 minutes at 5000 RPM. Supernatant
was decanted into a 4L and repeated two more times. After three repetitions, 1L of deionized
water was added to the sample. All samples and controls were immediately transported to the lab
and pressure filtered using ultra-high purity nitrogen gas and a 0.7 micron glass microfiber filter
(9cm, Millipore, Ireland). Each sample was split into three replicates, and spiked with 15
deuterated internal standards (100 ng each; see table S2). Non-polar organic compounds were
extracted from the water samples using C18 solid phase extraction (SPE) cartridges (Restek,
Bellefonte, PA, USA). The flow rate through all cartridges was ~10mL/min. All SPE cartridges
were stored at -20oC until elution. All SPE cartridges were eluted 3 times with 100% methanol
(total volume = 9mL), dried to ~0.5 mL in a vacuum oven, transferred to LC vials, and dried
down to completion under ultra-high purity nitrogen gas and immediately resuspended with a
90:10 ratio of Milli Q water and methanol.
Non-target chemical analysis:
High-resolution mass spectrometry analysis was conducted at Oregon State University’s
Mass Spectrometry Center using a Shimadzu Nexera UHPLC coupled to an AB Sciex 5600
triple time of flight mass spectrometer. Chromatographic separation was achieved by injecting a
20 uL sample volume onto an Xbridge C18 column (2.1x 50mm, 3.5 um, Waters) and XBridge
guard column (XBridge BEH VanGuard Cartridge, Waters) using water (A) and methanol (B) as
solvents. The gradient program was 90:10 (A:B) at 0 min, 50:50 at 4 min, to 5:95 at 17 min, then
held until 25 min, and back at 90:10 from 25.1 to 29 min, at a flow rate of 200 uL/min and a
column at temperature of 40°C. All samples were injected in positive mode electrospray
ionization (ESI+), with spray voltages of +4kV. Capillary temperature was 300oC, m/z range
from 100 to 1000, instrument resolution was 30,000 at 100 m/z, and mass accuracy at less than
<2 ppm. Non-target methods were adapted from Schollee et al.90 and Schymanski at al.91.
Internal standards search and detection in samples was performed using Peakview
version 2.2 (Sciex, Toronto, Canada) based on the molecular masses, chemical formula, and
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expected retention times. A list of the calibration samples (0.5, 1, 2, 5, 10, 20, 50, 100, 500 ng/L)
was imported from each of the mass spectrometry instrument runs (from .wiff files). All of the
samples were scanned by the program and it determined the presence and quality for each of the
internal standards criteria. Actual retention times, masses, and formulas were confirmed by
visual inspection of the chromatograms, by determining the peak quality, and if the peak was in
the correct retention time.
Peak picking and analysis was performed with Markerview version 1.3.1 (Sciex,
California, USA). MS files (.wiff) were imported into Markerview, and all samples were
processed simultaneously. Settings in Markerview included the following: Enhanced tab- LC
peak width = 5 seconds, minimum intensity = 3 count, chemical to noise intensity multiplier =
10; Alignment command- retention time tolerance = 0.50 min, mass tolerance = 10 ppm;
Alignment and Filtering- maximum number of peaks = 10,000, peak intensity threshold = 10
ppm. The peak window was restricted to masses between 100 to 1000 Da. Internal standard
normalization was performed by selecting the picked peaks with the internal standards mass and
retention times from within the rest of the picked peaks. When all of the internal standards were
selected, “Analyze” was pressed at the top menu, then chose “Normalize'' from the dropdown
menu and pressed on “Normalize using selected peaks”. The data was exported to Microsoft
Excel for blank subtraction.
As previously described, negative controls were collected on each sampling trip. For each
chemical feature, the peak intensity in the control was subtracted from that of the sample. If the
resulting peak intensity was negative, the value was replaced with zero. In all replicates, the peak
intensities were averaged. In order to be considered for further analysis, a chemical feature was
only retained if it was detected (i.e., non-zero after blank subtraction) in all three samples. If the
peak intensity of any chemical feature was zero in at least one replicate, the chemical feature was
considered absent from that sample. Starting with 10,000 chemical features, only 8,381 were
retained for further analysis. The resulting dataset was saved as a text file and divided into 3
separate datasets: (y, n varied depending on the source) categorical group membership of each
source (i.e., Ag runoff, headwaters, manure, (sub)urban runoff, and WWTP), (X, n= 10,000)
chemical features from each source, and (X_mixtures) chemical features of creek samples. The
fingerprinting workflow was developed using the X and y datasets, and the resulting chemical
fingerprints were screened for in the X_mixtures dataset.
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Computational analysis
Our general hypothesis is that the non-target chemical composition of a sample is more
similar to samples from the same source than to samples from another source. We tested this
hypothesis using hierarchical cluster analysis using Bray-Curtis similarity index. While our
ultimate goal is to generate a chemical fingerprint, the cluster analysis will provide general
support for our hypothesis if samples from the same source cluster together. Cluster analysis was
performed using scipy.cluster.hiearachy in Python.
Chemical fingerprinting scripts were written in Python using Jupyter notebook (version
6.0.2). The primary tool used to generate chemical fingerprints was a support vector
classification (SVC) algorithm developed by scikit-learn92, a supervised classification algorithm,
although several classification algorithms could be used (e.g., logistic regression, random forest,
etc.). The linear kernel was used, which assumes that groups are separable using a linear
hyperplane. The linear kernel was advantageous for two reasons. First, coefficient weights
associated with the predictor variables (i.e., chemical features) are only available for the linear
kernel. Chemical features with larger weights, either positive or negative, are better able to
classify the presence and absence of each sample. Second, the linear kernel is computationally
fast. The computational time using a standard desktop machine was <5 minutes.
Support vector machines are sensitive to data that vary over several orders of magnitude.
Therefore, the chemical features in the X and X_mixtures dataset were log transformed to better
scale the data. The purpose of the fingerprinting workflow is to identify the chemical features
that predict the presence or absence of a particular source. Therefore, the group membership
dataset (y) was converted into dummy variables that indicated whether each source was present
(1) or absent (0) in each sample. For a particular source, group 0 consisted of samples from all
other sources.
Using the linear kernel, the only relevant tuning hyperparameter is C, a regularization
parameter. To optimize C, 1 million evenly spaced values on a log scale were generated between
10-6 and 102. Next, the SVC model was run, and during each iteration (n = 100), and random C
value was chosen within this range. To evaluate the performance of each C value, the dataset was
randomly divided in half for training and cross validation. A custom tuning metric, ranging from
0-2, was developed that evaluates the model performance based on the training and cross
validation datasets. Briefly, the fraction of correctly classified samples was summed for the
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training and testing datasets. With perfect training and testing classification, the metric value was
2.0. The metric was also penalized: if the testing data was smaller than the training, the
difference was subtracted from the sum. While there is no threshold to indicate the presence of
overfitting, we set a critical overfitting threshold by comparing the difference in the training and
testing accuracy. If the difference in training and testing accuracy was >0.1, we assumed this was
indicative of overfitting and the tuning metric value was multiplied by 0. Similarly, if either the
training or testing data were 0, the metric was multiplied by 0. Using this metric, we compared
the model performance of all C values, and the value generating the greatest metric score was
considered the best tuning value and it was retained for further analysis.
Metric score formula: (A-C+E) *B*D
A: the baseline value of the metric score is the average of the training and testing performance.
E: Metric score adjusting parameter: The higher the testing performance (i.e., the independent
measure of model performance) the better the model. Thus, the testing R2 is added to the
baseline value.
B: Metric score penalty parameter- when the difference between training and testing
performance is greater than the threshold, the metric score is automatically 0. Overfitting is
identified when the testing performance is much lower than the training performance.
C: Metric score penalty parameter - when the training performance is greater than the testing
performance, the difference is subtracted from the metric score.
D: Metric score penalty parameter- if the training or testing performance = 0, the test metric is
automatically set to 0.
The SVC model was rerun (n = 100 iterations) using the optimum C value. During each
iteration, the coefficient weights (i.e., variable importance) were recorded and averaged for each
chemical feature. Because the weights are either positive or negative, the absolute value of the
weight was calculated. The chemical features were then rank ordered based on these weights,
and the top 10, 25, 50, and 100 features were retained. These chemical features represent the n
best features capable of predicting the presence or absence of a source. Using only the n best
chemical features, the SVC model was retuned as previously described to identify the best C
value associated with the subset of chemical features. During the final iterations, the SVC model
was rerun (n = 100 iterations) to evaluate the predictive performance of the chemical fingerprint.
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During these final iterations, the same 10-100 chemical features within the creek (X_mixture)
were isolated, and the model was used to predict the probability that each source was present or
absent. As previously described, the y dataset was divided into dummy variables indicating the
presence and absence of each source. Therefore, the entire workflow had to be repeated for each
source.
Randomization
Given the high-dimensionality of non-target chemical datasets (i.e., tens of samples,
thousands of chemical features), some chemical features may coincidently appear only in a
single source, even if those chemical features are not diagnostic of that source in any manner.
This spurious result would confound the fingerprinting results and should therefore be avoided.
To test whether the workflow could generate a diagnostic chemical fingerprint by random chance
alone, the data (both X and y) were randomly shuffled93–95 and fed through the workflow, and the
randomized results were compared to the original results.
Fingerprint limits of detection:
When a the SVC model is used to predict whether a source is present or absent in a
sample, it produces a probability ranging from 0-1. It seems reasonable to use a threshold value
0.5 to distinguish presence form absence, but this is inappropriate because the SVC model was
developed to distinguish pure sources from all other sources. In mixed samples, the chemical
composition and intensity will be different from pure sources, and as the source proportion
decreases, the predicted probability of presence should also decrease. Therefore, a better
threshold to distinguish presence and absence is the probability when a source is absent. When a
source is absent, the probability of presence should be low (potentially non-zero). At or below
this baseline probability, the source should be considered absent. As the probability increases
above this value, the proportion of a source increases. Ideally, this critical threshold could be
tested using samples containing known mixtures of different sources; however, we were unable
to complete this step. Instead, in silico mixtures were created in different proportions to evaluate
the potential computational limits of the workflow. The mixtures were created assuming a linear
response between source proportion and peak area, which is not necessarily representative of the
true response. However, we argue that in silico mixtures are suitable for qualitatively evaluating
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the workflow’s ability to detect trace source signals in a mixed sample. To test the computational
limits of the fingerprinting workflow, in silico mixtures were created using source and creek
samples. A single sample was removed from each source (X) within the original dataset. The
remaining samples were fed into the workflow as previously described to develop a chemical
fingerprint. For the removed samples, the peak intensities (i.e., total ion count) of all chemical
features were replaced by the following ratios (source:creek): 0:100, 0.01:99.99, 0.1:99.9, 1:99,
25:75, 50:50, and 100:0. During the final step of the fingerprinting workflow, the SVC model
predicts the probability that a source is present within a sample. The model was used to predict
the presence of each source in each of the in silico mixtures. Because the sample size of some
sources was low, an extensive evaluation of the limits could not be performed, but the results
from each proportion were compared to qualitatively evaluate the computational limits of the
workflow.
Results and Discussion:
Based on the hierarchical cluster analysis, all samples grouped together with a cophenetic
correlation coefficient of 0.90 (Figure 4), indicating that the cluster analysis represents the
original dissimilarity matrix well. This result suggests that diagnostic chemical features could
exist for different sources. During the workflow development, the predictive model resulted in
relatively poor classification rates when the custom tuning metric score was less than 1.5, but
classification improved substantially above this value. It is important to note that this observation
could change depending on the dataset used and is not necessarily true for all circumstances.
When varying C (the SVC regularization parameter) from 10-6 to 102 during the initial tuning,
the tuning metric score was low (≤ 1) for C ⪅ 10-5 for all sources. For 10-5 ⪅ C ⪅ 10-3, the model
performance increased, and from 10-3 ⪅ C, model performance peaked and was constant for all
models with a tuning metric score of 2.0 for WWTP, (sub)urban, ag runoff, and manure samples
and a score of 1.6 for headwater samples (Figure 5). A broad range of C values resulted in (near)
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perfect classification, but this result may not necessarily generalizable across all datasets.

Figure 4. Hierarchical cluster analysis for all source samples. This figure supports our generic
hypothesis that samples collected are more similar to each other than to those from other
sources, suggesting that unique chemical fingerprints could exist.
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Figure 5. SVC model performance when the regularization parameter, C, was varied over 100
iterations. Metric Score values range from 0 to 2.0, which represent perfect training and cross
validation performance. Similar plots for the remaining sources are present in Figure S2.

From the initial tuning iterations, the normalized coefficient weights exhibited a distinct
logit-shaped curve with most weights near 0 (no predictive power) and only a small proportion
near ±1 (most predictive power; Figure 6). Chemical features with increasingly positive and
negative coefficient weights are better predictors of the presence and absence of a source,
respectively. When the SVC model was retuned using only the 10, 25, 50, and 100 most
important chemical features (based on the absolute value of the coefficient weights), the metric
score increased to- or remained- 2.0 for all sources (Figure S2). During the final iterations using
the optimum C value, the SVC model achieved 100% classification accuracy in both training and
cross validation data for all iterations (n = 100) for each source. Conversely, when the order was
reversed and the model was retuned using the 10, 25, 50, and 100 least diagnostic chemical
features, the metric score dropped and never exceeded 1.0 for all sources. Furthermore, when the
data were randomly shuffled, the classification accuracy was substantially lower compared to the
original output for all sources (Figure S3-S4). These results confirm that the generated chemical
fingerprints are not a result of random chance and are diagnostic of the chemical sources. The
diagnostic chemical fingerprint for each source is presented in figure 7.
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Normalized Coefficient Weight

Chemical Features
Figure 6. Ranked coefficient weights for all chemical features when predicting the
presence/absence of WWTP samples. Positive values indicate the important present values and
negative represent important values indicating absence in chemical features. The closer the
value is to ±1, the more predictive power a chemical feature has. Error bars represent the 95%
confidence intervals. Similar plots for the remaining sources are present in Figure S5.
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Figure 7. The 10, 25, 50, and 100 most diagnostic chemical features of each source are
represented by their unique mass and retention time. Blue = WWTP, Green = Headwaters,
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Purple = (Sub)Urban Runoff, Yellow = Agricultural Runoff, Red = Manure. All non-diagnostic
chemical features are colored gray.

In silico mixtures: Due to the low sample size, the computational limits of the headwater
fingerprint could not be assessed; thus, only WWTP, (sub)urban and ag runoff, and manure
mixtures were considered. When the source:creek sample proportion was 0:100, the probability
that the source was present varied from 0.04-0.31 for all sources (Figure 8). Conversely, when
the source:creek sample proportion was 100:0, the probability of presence ranged from 0.67-0.92
for all sources. For each source:creek ratio, the probability of presence for WWTP and manure
sources were very similar regardless of how many chemical fingerprints were used to generate
the chemical fingerprint. For (sub)urban runoff and particularly Ag sources, the probability of
presence varied when different number of features were used. This analysis suggests that the
threshold for evaluating whether a source is present needs to be evaluated on a case by case basis
for each source. Furthermore, when the source:creek ratio was increased to 0.01:99.99, the
probability of presence increased for all sources. In all instances, the probability of presence was
greater when the source:creek sample proportion was 0.01:99.99 compared to 0:100 for all
sources. While this suggests that a source could be detectable despite 4 orders of magnitude
dilution, this analysis assumes a linear relationship between concentration and peak intensity on
an instrument, which is not always true. To evaluate the computation limits of detection, the
method must be evaluated using actual mixtures instead of in silico mixtures.
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Figure 8. Fingerprint screening in mixed samples. For each source fraction, the predicted
probability of presence is shown. All probabilities were based on the final SVC model. Error
bars represent the 95% confidence interval value calculated for each bar. Different bars
represent the number of chemical features used in each fingerprint. A) WWTP, B) Agricultural
Runoff, C) (Sub)Urban Runoff, D) Manure.
While it seems reasonable to use a probability of 0.5 as the cutoff threshold for evaluating
the presence and absence, this may be inappropriate given the way the fingerprint was created.
The chemical fingerprints were created using “pure” source samples; therefore, the predicted
probability is the probability that the sample is directly from the source. As the source proportion
decreases, so does the probability that the sample is purely from the source. Therefore, using an
arbitrary cutoff of 0.5 to indicate presence is inappropriate. The cutoff between presence and
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absence should instead be established using a background/reference sample that is not
contaminated by the source of interest. The baseline probability of presence in a “clean” sample
is thus critical threshold distinguishing presence and absence. In its current form, the probability
may be better described as the intensity of the fingerprint signal rather than the actual probability
of presence.
The difference in probability between 0:100 and 100:0 could be an indication of the
fingerprint quality. For example, samples from the agricultural runoff have a smaller difference
(0.40-0.60) between the highest and lowest source fraction than manure samples (0.70). For
samples with 0% and 100% source proportions, increasingly small differences in the presence
probability (e.g., 0.45 and 0.55) could increase classification error rates. However, as the
difference in probability between proportion extremes grows, it is easier to statistically
distinguish presence from absence. This is difficult to evaluate with our data given that 100%
correct classification was achieved for all sources, but it is weakly supported by our
observations.
The most important chemical features indicative of a source presence (i.e., features with
coefficient weights closest to +1) were largely unique to each source. When considering all
chemical features, ~35% and 21% were unique to WWTP and manure samples, respectively
(Figure 9), while 0.9 and 3.6% were unique to ag runoff and (sub)urban runoff samples.
Furthermore, when considering just the chemical features in diagnostic fingerprints, 48 and 60
out of 100 were unique for WWTP and manure samples, respectively, compared to 0, 10, and 10
out of 100 for headwaters, (sub)urban, and ag runoff, respectively. For ag and (sub)urban runoff,
which have more chemical features that are shared among other sources, it may be more difficult
to predict presence and absence, which could be highlighted by the narrower difference in
probability between source proportion extremes. While this is by no means conclusive, the
ranges of probability between source proportion extremes may provide some indication of the
quality of the chemical fingerprint.
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Figure 9. Ven diagram describing the percentage of chemical features overlapping in each
source. Manure and WWTP samples have the most unique chemical features, while Ag runoff
and Headwaters have the least unique chemical features.
If the probability range is an indication of fingerprint quality, it could help identify the
number of critical features needed to optimize a chemical fingerprint. In general, when the
source: creek proportion was 0:100, the probability of presence was greatest when only 10
chemical features were used, suggesting that this is the lowest quality fingerprint; however, not
all statistical differences are environmentally relevant, and these differences may have little
practical relevance. While this workflow was developed using HRMS instruments, such
instruments are not widely available, whereas LC/MS/MS instruments are available worldwide.
It is possible to translate this chemical fingerprint such that it could be detected using standard
MS/MS techniques, which would be easier with 10 chemical features vs 25-100. Regardless,
further work is needed to quantify how many chemical features are needed to practical
application, and this work should be done experimentally instead of in silico.
Environmental fingerprinting: In surface water samples (i.e., Dixon, Oak, and Rickreall
creeks and Marys River), the strongest chemical signature was WWTP, particularly in Rickreall
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creek’s locations 4 and 5 (Figure 10). The presence probability of WWTP chemical fingerprint
was <0.1 at location 3, but at locations 4 and 5, the probability increased to >0.8 in the summer
and spring samples. This was expected because the Dallas WWTP discharges its effluent into the
creek between locations 3 and 4. During the winter sampling, the presence probability dropped to
~0.4 at site 4 and ~0.2 at site 5 due to signal dilution due to increased creek flow during the
winter rainy season. While it is easy to provide an ad hoc hypothesis to explain this decrease, a
better explanation would be to see a corresponding increase in a separate runoff signature (e.g.,
(sub)urban or ag runoff); however, no corresponding increase was observed. Future work should
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consider temporally distributed sampling to capture runoff dynamics (e.g., 76).
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Figure 10. Probability of presence for each source in Rickreall Creek water samples, created
with the 25 most important chemical features for each pollution source. Error bars represent the
95% confidence interval for each point. Fa, Su, and W correspond to samples collected in the
spring, summer, and winter, respectively. Blue = WWTP, Green = Headwaters, Purple =
(Sub)Urban Runoff, Yellow = Agricultural Runoff, Red = Manure. Information for the
probability of presence created the 25 most important chemical features on the other creeks, and
the rest of the 10, 50 and 100 most important chemical features can be found at figures S6-S9.
Another finding from this figure is the high probability of presence of headwaters
signatures in the summer and winter samples, but relatively low probability in the spring. We
expected that the headwaters signature to be present in all samples, but should be greatest in the
summer given that there are runoff from other surfaces is low; however, if this were true,
headwater samples should be elevated in the spring and lowest in the winter, which was not
observed. Currently, we have no clear explanation for this observation, and we must consider
two potential problems associated with this study: the machine learning algorithm or the
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sampling design is inappropriate. First, it is possible that the machine-learning algorithm
identified a spurious chemical signature. Given that the headwater samples had the lowest
sample size, it is possible that we do not have enough statistical power to be able to detect the
chemical signatures associated with the headwater sample. It is also possible that the
fingerprinting workflow is flawed, but the cross validation was performed was high for all
samples. Furthermore, we have strong evidence to indicate that the results are not due to random
chance. Finally, while the headwater fingerprint displayed anomalous patterns, the WWTP
fingerprint was detected as expected. Thus, we conclude that the algorithm is working as
expected, at least for this source. Contrary to other sources, there is no specific location in space
that constitutes a headwater source. By its nature, the headwater source is the most complex and
is likely to be most influenced by the surrounding ecosystem. Our preliminary evidence suggests
that the overall chemical composition of surface water samples is strongly influenced by season
(data not shown); thus, it is possible that environmental conditions in summer and winter were
appropriate for generating the specific chemical features present within the sample. For other
sources, we argue that the complexity of the systems generating the chemical features is less
compared to the watershed samples. Thus, the chemical dynamics are expected to be more
variable for the watershed samples. The headwater samples were collected in November 2018.
At minimum, samples from environmental sources (e.g., ag runoff, soils, headwaters) should be
collected throughout the entire year to capture the chemical dynamics associated with seasonal
cycles.
Limitations: Any chemical fingerprint will be biased based on the methodology used to
create it. In this study, we used C18 cartridges to extract non-polar chemical features from water
samples. As a result, the environmental fate and transport of non-polar compounds in the
environment will affect our ability to detect it in the environment. For example, non-polar
chemical fingerprints may be difficult to detect in the sub-surface given sorption to soil particles.
In addition, we used ESI+ mode to ionize chemical features during the HRMS analysis. While
more chemical features are detected using ESI+ mode vs ESI- 66 some chemical families like
polycyclic aromatic hydrocarbons (PAHs) and hormones (estrone, estradiol, testosterone, etc.),
which are well known pollutants, do not ionize in ESI+ mode 96. We chose C18 cartridges and
ESI+ ionization because both are known for producing chemically-rich datasets, and with this
approach, we regularly detected ~8,500 chemical features, which is comparable to most other
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non-target datasets97,98. Although large datasets contain considerable redundancy, which suggests
that adding other portions of the chemical spectrum may results in diminished returns, future
studies should compare different extraction and acquisition models.
Another potential limiting factor with this study was HRMS instrumentation. We used a
Triple TOF instrument to perform the NTA. Although this instrument has a resolution of 30,000
and the results, we observed were not due to random chance, TOF instruments have specific
limitations. For example, compared to other HRMS instruments, TOFs have lower resolution and
work best when differentiating larger molecules (>1000 Da) with larger m/z differences 17. These
characteristics are better suited for proteomics/metabolomics analyses, where molecules are ~46
kDa. Since environmentally/biologically important pollutants tend to be smaller molecules
(<1000 Da), a more appropriate instrument to work around the 100 to 1000 Da mass range would
be an orbitrap instrument. For a comparison, TOF instruments work at around half its maximum
resolving power (30,000 max RP) at this mass range, while the orbitrap instrument works at its
maximum resolving power (140,000) 18 in the same range. The change in resolution power is
how the instrument determines and differentiates real peaks from background noise. Since 100 to
1000 Da mass range is not optimal for the tTOF instrument, a loss in RP might lead to a slight
change in the fingerprints obtained.
An additional limitation about the project at its current state is that sample
componentization was not performed. Sample componentization is imperative to avoid
redundancy within the most important chemical features in a fingerprint. This problem was
observed in the (sub)urban fingerprint plot, where there were several chemicals along the same
RT with different masses. Also, those masses differed by the same mass number (44 m/z). I
suspect that this is a result of a chemical series being broken down or an adduct being chosen by
the algorithm as important features in this source. This is not ideal, because the redundancy
reduces the versatility of the chemical fingerprint. A componentization program would have
been able to align the peaks and collapse them into a single mass, getting a more diverse
fingerprint as a result.
The probability of presence of each fingerprint could be confounded by the fact that the
chemical fingerprints contain chemical features with both negative and positive coefficient
weights. In general, the chemical features with the most positive weights were uniquely present
in each source, while the chemical features with the most negative weights were entirely absent.
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It is important to note that while chemical features with negative weights may be absent from a
given source, they may be present and/or diagnostic for another source. Therefore, in a mixed
sample, chemical features that are indicative of both the presence and absence may be present
simultaneously. Therefore, it may be appropriate for chemical fingerprints to contain only those
chemical features that are indicative of presence of a source. While this analysis retained the
most important features, regardless of the sign of the coefficient weight, most chemical features
had positive weights.
Evaluating the quality of the obtained results is another limitation that needs a solution.
Since this workflow is so innovative, there are few available projects to compare our results to
and determine a quality standard. In the same way, a limit of detection standard for the workflow
needs development. From the synthetic mixture analysis, we observed that the source percentage
is never 0 or 100, but somewhere in the middle. This will require further work on the algorithm
and repeating the analysis with samples from sources other than the WWTP. Finally, obtaining
the ideal number of chemical features for a chemical fingerprint is another limitation. Results
consistently showed that there are higher probabilities of presence when the number of features
was smaller (10 or 25 chemical features), but no final evaluation was achieved. A thorough
statistical analysis comparing both numbers of features against each other would determine
which one is more appropriate as a result.
Conclusions
The primary objective in this project was to develop a chemical fingerprinting workflow
that identifies the diagnostic chemical signatures from various chemical sources and
probabilistically predicts the presence of those sources within a mixed water sample. Obtained
results indicate that this workflow is highly capable of identifying the diagnostic chemical
signatures in creeks and rivers with high probability. Several advancements are needed including
identifying the best number of chemical fingerprints, identifying the limits of detection,
comparing different extraction and acquisition modes, and others. Most importantly, we
recognize that the vast amount of chemical information present within this dataset remains
uncharacterized; thus, seemingly spurious results may be common (e.g., the headwater
fingerprint in Figure 10). Therefore, we caution against accepting or rejecting an environmental
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hypothesis based off limited spatiotemporal sampling. Substantial method and QA/QC
development is needed.
Despite these limitations, this workflow represents a major step forward in pollution
source tracking, source apportionment, and environmental forensics analysis. We expect this tool
will be useful for reducing pollution discharge into the environment and may have policy
implications, especially for the CWA. With the current approach, the CWA only identifies a
certain number of targeted pollutants, which leaves out the potential of treating the pollution
source, dealing with the problem at the source. If the use of the best available technologies is one
of the central specifications for the implementation of the CWA, the next step might be the use
of NTA with machine learning tools to control sources along with specific pollutants existing
within water bodies.
EXTENDED DISCUSSION
Future work: Solving the computational limitations stated in the previous section is
another future work that will add confidence to the obtained results. First, using a
componentization program to reduce redundancy within our samples. Laboratory training with
Envimass, a MS analysis program, is currently being done to achieve componentization and
more accurate results. Similarly, sample analysis is in the works to determine the ideal number of
chemical features per fingerprint, the limit of detection for the workflow and the overall data
quality obtained. Further statistical analysis and research will dictate if these limitations are
solved and improve the overall quality of the workflow.
At the moment of the presentation, groundwater (GW) samples are being analyzed at the
instrument and soon we will have results for these. The workflow will be applied to these
samples, to obtain the most important pollution source for GW samples. Preliminary data from
previously analyzed GW samples, not included in this project, show low probability of presence
for all of the sources. Currently, we have no explanation for this result, so the addition of the new
samples might shed some light on the reason why our sources are not being observed.
Concluding remarks: Over the past 2 decades, the majority of non-target research has
focusing on identifying pesticide residues on/in food and water 60–64, identifying unknown
toxicants 65–69,99 and chemical transformation products 49,54,70–72, suspect screening 68,73–75, and
structure elucidation 54,76,77 (Table 1). Despite the growing body of literature on non-target data,
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little research has been conducted that utilize the entire non-target datasets. As we have seen
through this project, chemical data present in samples are not random but instead contain vast
amounts of information on chemical sources and watershed processes. Based on a Google
Scholar search of articles relating to non-target chemical analyses of specific search terms, no
relevant citations were identified for pollution source tracking, chemical forensics, or watershed
processes as it pertains to our hypothesis (Table 1). We surmise that this is due to the challenges
of analyzing non-target data.

This workflow not only proves that the technique is effective, but that there is significant
space for growth and development. It also, represents a significant advancement in the field of
pollution source tracking, more importantly, when compared to previously existing source
tracking methods. It also reduces the need for chemical standards and, with it, the cost of HRMS
analysis. An important advancement that was achieved through this project was the data
reduction achieved by the algorithm. When samples were primarily collected and analyzed,

33

10,000 chemical features were obtained. With the algorithm, we end up isolating the 10-25 most
important chemical features for each source. This represents a 400-1000x reduction to the initial
number of features. This is significant for laboratories that do not have access to high resolution
instruments. If all 10,000 features were needed, any instrument that is not HRMS, would not be
able to perform this analysis. Since we only need the most important features from a source for
the algorithm to work, laboratories with more modest instruments could perform the analysis
without incurring into the high costs of a higher resolution instrument.
The most important implication for this project is the possibility of changing the policies
that regulate pollution in environmental waters. For many years, environmental scientists have
looked for a “smoking gun” chemical or small group of chemicals that describes the toxicity that
the collation from which pollution is coming from. This approach works when there are few
chemicals that drive toxicity in a watershed, but with thousands of chemicals developed every
year, this is no longer feasible. For this reason, I propose a change in approach for the CWA.
Instead of treating the problem at the creek or river level, making a change into source tracking
and dealing with the problem at the source. Prioritization and structure elucidation would still be
done for the most important chemicals for each source fingerprint, and a TMDL created for those
important chemicals, but this would not be the primary purpose for the analysis. It does not mean
that the CWA would be eliminated, but adjustments to apply the best available technologies will
bring this policy to the 21st century.
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Appendix I: SUPPORTING INFORMATION
SI Figures:

Figure S1. SVC model performance when the regularization parameter, C, was varied over 100
iterations. Metric Score values range from 0 to 2.0, which represent perfect training and cross
validation performance.
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Figure S2. Repeating the tuning process after primary SVC analysis. SVC model performance
when the regularization parameter, C, was varied over 100 iterations. Metric Score values range
from 0 to 2.0, which represent perfect training and cross validation performance.
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Table S3. SVC model performance using randomized data when the regularization parameter ,
C, was varied over 100 iterations. Metric score for this data never exceeds a value of 1.0.
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Table S4. SVC model performance, indicated by the confusion matrices, is greatly affected by
randomization of the data. Contrary to when data is normally imputed, there are values between
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Normalized Coefficient Weight

Normalized Coefficient Weight

0 and 1. Also, no perfect match along the diagonal line is observed. Data used for the confusion
matrix was randomly shuffled.

A)

B)

Chemical Features
Normalized Coefficient Weight

Normalized Coefficient Weight

Chemical Features

C)

Chemical Features

D)

Chemical Features

Figure S5. Ranked coefficient weights for all chemical features when predicting the
presence/absence of WWTP samples. Positive values indicate the important present values and
negative represent important values indicating absence in chemical features. The closer the
value is to ±1, the more predictive power a chemical feature has. Error bars represent the 95%
confidence intervals. A) Headwaters, B) (Sub)Urban Runoff, C) Agricultural Runoff and D)
Manure.
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Figure S6. Probability of presence for each source in environmental water samples, created with
the 25 most important chemical features for each pollution source. Error bars represent the 95%
confidence interval for each point. Fa belong to fall samples, Su are from the summer and W are
winter. A) Oak Creek, B) Marys River, C) Dixon Creek.
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Figure S7. Probability of presence for each source in environmental water samples, created with
the 10 most important chemical features for each pollution source. Error bars represent the 95%
confidence interval for each point. Fa belong to fall samples, Su are from the summer and W are
winter. A) Oak Creek, B) Marys River, C) Rickreall Creek, D) Dixon Creek.
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Figure S8. Probability of presence for each source in environmental water samples, created with
the 50 most important chemical features for each pollution source. Error bars represent the 95%
confidence interval for each point. Fa belong to fall samples, Su are from the summer and W are
winter. A) Oak Creek, B) Marys River, C) Rickreall Creek, D) Dixon Creek.
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Figure S9. Probability of presence for each source in environmental water samples, created with
the 100 most important chemical features for each pollution source. Error bars represent the
95% confidence interval for each point. Fa belong to fall samples, Su are from the summer and
W are winter. A) Oak Creek, B) Marys River, C) Rickreall Creek, D) Dixon Creek.
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SI Tables:
Table S 1. Information on the sampling sites included in this project.
Latitude
Rickreall Creek 1
Rickreall Creek 2
Rickreall Creek 3
Rickreall Creek 4
Rickreall Creek 5
Dixon Creek 1
Dixon Creek 2
Dixon Creek 3
Dixon Creek 4
Dixon Creek 5
Oak Creek 1
Oak Creek 2
Oak Creek 3
Oak Creek 4
Oak Creek 5
Marys River 1
Marys River 2
Marys River 3
Marys River 4
Marys River 5
Philomath WWTP, Pond 1a

Longitude

44.926881°
44.924950°
44.919880°
44.928189°
44.927786°
44.596002°
44.589615°
44.582970°
44.575161°
44.572973°
44.604317°
44.579447°
44.571197°
44.566497°
44.555770°
44.610221°
44.585424°
44.540056°
44.519333°
44.556032°
44.525943°

-123.364184°
-123.325040°
-123.280937°
-123.228523°
-123.177611°
-123.290539°
-123.281924°
-123.272664°
-123.265116°
-123.258935°
-123.332597°
-123.333521°
-123.312298°
-123.300648°
-123.279777°
-123.529133°
-123.430797°
-123.386830°
-123.315777°
-123.274051°
-123.346335°

18G1
18G2
18G3
18G4
18G5
18D1
18D2
18D3
18D4
18D5
18C1
18C2
18C3
18C4
18C5
18F1
18F2
18F3
18F4
18F5
18B4

June-16-2018
June-16-2018
June-16-2018
June-16-2018
June-16-2018
June-7-2018
June-7-2018
June-7-2018
June-7-2018
June-7-2018
June-3-2018
June-3-2018
June-3-2018
June-3-2018
June-3-2018
June-14-2018
June-14-2018
June-14-2018
June-14-2018
June-14-2018
May-22-2018

44.522715°

-123.346257°

18B3

May-22-2018

44.520646°

-123.344924°

18B2

May-22-2018

44.518428°

-123.348445°

18B1

May-22-2018

44.522362°

-123.348867°

19E5

Mar-3-2019

44.590326°
44.590370°
44.575625°
44.566849°

-123.318474°
-123.317427°
-123.291026°
-123.289578°

18AA6
18AA7
18AA8
18AA5

Nov-27-2018
Nov-27-2018
Nov-27-2018
Nov-23-2018

44.567297°

-123.282008°

18AA3

Nov-27-2018

Influent

Philomath WWTP, Pond 1a
effluent
Philomath WWTP, Pond 2
effluent
Philomath WWTP, Pond 3
effluent
Philomath WWTP, Dechlorination
basin
(Sub)urban runoff, residential
(Sub)urban runoff, residential
(Sub)urban runoff, residential
(Sub)urban runoff, OSU campus
streets

(Sub)urban runoff, parking lot
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(Sub)urban runoff, OSU campus

44.566783°

-123.281019°

18AA9

Nov-27-2018

44.566751°

-123.279718°

18AA1

Nov-5-2018

44.568529°

-123.277820°

18AA11 Nov-27-2018

44.574824°
44.576951°
44.551460°

-123.275172°
-123.274476°
-123.269269°

18AA10 Nov-27-2018
18AA12 Nov-27-2018
18AA2 Nov-5-2018

44.628746°

-123.321825°

18AB5

Nov-24-2018

44.521141°

-123.497500°

18AB4

Nov-13-2018

44.474865°
44.504396°
44.374273°
44.56675

-123.528273°
-123.563290°
-121.997733°
-123.298222

18AB3
18AB2
18AB1
18AC1

Nov-13-2018
Nov-13-2018
Nov-12-2018
Nov-27-2018

44.570493

-123.303495

19AC1

Jan-14-2019

44.567007

-123.305323

19AC2

Jan-14-2019

44.56598
44.575434

-123.305098
-123.311776

19AC3
19AC4

Jan-14-2019
Jan-14-2019

44.56675
44.56598

-123.298222
-123.305098

19AC5
19AC6

Jan-17-2019
Jan-17-2019

44.926881°
44.924950°
44.919880°
44.928189°
44.927786°
44.596002°
44.589615°
44.582970°
44.575161°
44.572973°
44.604317°
44.579447°

-123.364184°
-123.325040°
-123.280937°
-123.228523°
-123.177611°
-123.290539°
-123.281924°
-123.272664°
-123.265116°
-123.258935°
-123.332597°
-123.333521°

18N1
18N2
18N3
18N4
18N5
19B1
19B2
19B3
19B4
19B5
18L1
18L2

Oct-20-2018
Oct-20-2018
Oct-20-2018
Oct-20-2018
Oct-20-2018
Feb-4-2019
Feb-4-2019
Feb-4-2019
Feb-4-2019
Feb-4-2019
Oct-2-2018
Oct-2-2018

streets

(Sub)urban runoff, OSU campus
streets
(Sub)urban runoff, OSU campus
streets
(Sub)urban runoff, parking lot
(Sub)urban runoff, parking lot
(Sub)urban runoff, industrial lot,
OGSIR BMP

Headwaters, McDonald Dunn
Research Forest
Headwaters, South Fork Rock
Creek
Headwaters, Marys Peak
Headwaters, Parker Creek
Headwaters, Clear Lake
Ag runoff (more like urban), Dairy
Tree

Ag standing water on the field,
Dairy Grazing Field
Ag runoff, field #3 in front of
llama farm
Ag runoff, from OSU llama farm
Ag runoff, from OSU equestrian
center
Ag runoff, dairy tree sample
Ag standing water next to OSU
Dairy road

Rickreall Creek 1
Rickreall Creek 2
Rickreall Creek 3
Rickreall Creek 4
Rickreall Creek 5
Dixon Creek 1
Dixon Creek 2
Dixon Creek 3
Dixon Creek 4
Dixon Creek 5
Oak Creek 1
Oak Creek 2
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Oak Creek 3
Oak Creek 4
Oak Creek 5
Marys River 1
Marys River 2
Marys River 3
Marys River 4
Marys River 5
Philomath WWTP, Pond 1a

44.571197°
44.566497°
44.555770°
44.610221°
44.585424°
44.540056°
44.519333°
44.556032°
44.525943°

-123.312298°
-123.300648°
-123.279777°
-123.529133°
-123.430797°
-123.386830°
-123.315777°
-123.274051°
-123.346335°

18L3
18L4
18L5
18M1
18M2
18M3
18M4
18M5
18E4

Oct-2-2018
Oct-2-2018
Oct-2-2018
Oct-10-2018
Oct-10-2018
Oct-10-2018
Oct-10-2018
Oct-10-2018
June-10-2018

44.522715°

-123.346257°

18E3

June-10-2018

44.520646°

-123.344924°

18E2

June-10-2018

44.518428°

-123.348445°

18E1

June-10-2018

44.926881°
44.924950°
44.919880°
44.928189°
44.927786°
44.604317°
44.579447°
44.571197°
44.566497°
44.555770°
44.610221°
44.585424°
44.540056°
44.519333°
44.556032°
44.525943°

-123.364184°
-123.325040°
-123.280937°
-123.228523°
-123.177611°
-123.332597°
-123.333521°
-123.312298°
-123.300648°
-123.279777°
-123.529133°
-123.430797°
-123.386830°
-123.315777°
-123.274051°
-123.346335°

19D1
19D2
19D3
19D4
19D5
19A1
19A2
19A3
19A4
19A5
19C1
19C2
19C3
19C4
19C5
18I4

Feb-18-2019
Feb-18-2019
Feb-18-2019
Feb-18-2019
Feb-18-2019
Jan-28-2019
Jan-28-2019
Jan-28-2019
Jan-28-2019
Jan-28-2019
Feb-10-2019
Feb-10-2019
Feb-10-2019
Feb-10-2019
Feb-10-2019
July-1-2018

44.522715°

-123.346257°

18I3

July-1-2018

44.520646°

-123.344924°

18I2

July-1-2018

44.518428°

-123.348445°

18I1

July-1-2018

Influent

Philomath WWTP, Pond 1a
effluent
Philomath WWTP, Pond 2
effluent
Philomath WWTP, Pond 3
effluent
Rickreall Creek 1
Rickreall Creek 2
Rickreall Creek 3
Rickreall Creek 4
Rickreall Creek 5
Oak Creek 1
Oak Creek 2
Oak Creek 3
Oak Creek 4
Oak Creek 5
Marys River 1
Marys River 2
Marys River 3
Marys River 4
Marys River 5
Philomath WWTP, Pond 1a
Influent

Philomath WWTP, Pond 1a
effluent
Philomath WWTP, Pond 2
effluent
Philomath WWTP, Pond 3
effluent
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Philomath WWTP, Pond 1a
Influent
Philomath WWTP, Pond 1a
effluent
Philomath WWTP, Pond 2
effluent
Philomath WWTP, Pond 3
effluent

44.525943°

-123.346335°

19E5

Mar-3-2019

44.522715°

-123.346257°

19E4

Mar-3-2019

44.520646°

-123.344924°

19E3

Mar-3-2019

44.518428°

-123.348445°

19E2

Mar-3-2019

Table S2. List of the deuterated internal standards used during the mass spectrometry analysis
for sample retention time and mass correction.
Standard
Atrazine - D5
Azitrhomycin - D3
Bezafibrate - D4
Caffeine - D9
D-Carbamazepine D-10
Diclofenac - D4
Metformin - D6
DEET - D10
Naproxen - D3
Phenanthrene - D10
Progesterone - D9
Tamoxifen - D5
Diflufenican - D3
Metolachlor - D6

Chemical Formula
C8H9D5ClN5
C38H69D3N2O12
C19H16ClD4NO4
C8D9HN4O2
C15D10H2N2O
C14H7D4Cl2NO2
C4D6H5N5
C12D10H7NO
C14H11D3O3
C14D10
C21H21O2D9
C26H24D5NO
C19H8D3F5N2O2
C15H16D6ClNO2

Molecular weight
220.71
752
365.8
203.25
246.33
300.2
171.66
201.33
233.3
188.29
323.52
376.6
397.32
289.83

Retention Time (min)
11.97
9.35
13.91
4.98
11.35
15.6
0.83
12.31
13.54
13.52
15.54
15.4
16.89
15.02
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