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Abstract 
Human activities represent a significant burden on the global water cycle, with 

large and increasing demands placed on limited water resources by manufacturing, 

energy production and domestic water use. In addition to changing the quantity of 

available water resources, human activities lead to changes in water quality by 

introducing a large and often poorly-characterized array of chemical pollutants, which 

may negatively impact biodiversity in aquatic ecosystems, leading to impairment of 

valuable ecosystem functions and services. Domestic and industrial wastewaters 

represent a significant source of pollution to the aquatic environment due to inadequate 

or incomplete removal of chemicals introduced into waters by human activities. 

Currently, incomplete chemical characterization of treated wastewaters limits 

comprehensive risk assessment of this ubiquitous impact to water. In particular, a 

significant fraction of the organic chemical composition of treated industrial and 

domestic wastewaters remains uncharacterized at the molecular level. Efforts aimed at 

reducing the impacts of water pollution on aquatic ecosystems critically require 

knowledge of the composition of wastewaters to develop interventions capable of 

protecting our precious natural water resources. 

The goal of this dissertation was to develop a robust, extensible and high-

throughput framework for the comprehensive characterization of organic 
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micropollutants in wastewaters by high-resolution accurate-mass mass spectrometry. 

High-resolution mass spectrometry provides the most powerful analytical technique 

available for assessing the occurrence and fate of organic pollutants in the water cycle. 

However, significant limitations in data processing, analysis and interpretation have 

limited this technique in achieving comprehensive characterization of organic pollutants 

occurring in natural and built environments. My work aimed to address these 

challenges by development of automated workflows for the structural characterization 

of organic pollutants in wastewater and wastewater impacted environments by high-

resolution mass spectrometry, and to apply these methods in combination with novel 

data handling routines to conduct detailed fate studies of wastewater-derived organic 

micropollutants in the aquatic environment.  

In Chapter 2, chemoinformatic tools were implemented along with novel non-

targeted mass spectrometric analytical methods to characterize, map, and explore an 

environmentally-relevant “chemical space” in municipal wastewater.  This was 

accomplished by characterizing the molecular composition of known wastewater-

derived organic pollutants and substances that are prioritized as potential wastewater 

contaminants, using these databases to evaluate the pollutant-likeness of structures 

postulated for unknown organic compounds that I detected in wastewater extracts using 

high-resolution mass spectrometry approaches. Results showed that application of 
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multiple computational mass spectrometric tools to structural elucidation of unknown 

organic pollutants arising in wastewaters improved the efficiency and veracity of 

screening approaches based on high-resolution mass spectrometry. Furthermore, 

structural similarity searching was essential for prioritizing substances sharing 

structural features with known organic pollutants or industrial and consumer chemicals 

that could enter the environment through use or disposal. 

I then applied this comprehensive methodological and computational non-

targeted analysis workflow to micropollutant fate analysis in domestic wastewaters 

(Chapter 3), surface waters impacted by water reuse activities (Chapter 4) and effluents 

of wastewater treatment facilities receiving wastewater from oil and gas extraction 

activities (Chapter 5). In Chapter 3, I showed that application of chemometric tools aided 

in the prioritization of non-targeted compounds arising at various stages of conventional 

wastewater treatment by partitioning high dimensional data into rational chemical 

categories based on knowledge of organic chemical fate processes, resulting in the 

classification of organic micropollutants based on their occurrence and/or removal 

during treatment.  Similarly, in Chapter 4, high-resolution sampling and broad-

spectrum targeted and non-targeted chemical analysis were applied to assess the 

occurrence and fate of organic micropollutants in a water reuse application, wherein 

reclaimed wastewater was applied for irrigation of turf grass. Results showed that 
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organic micropollutant composition of surface waters receiving runoff from wastewater 

irrigated areas appeared to be minimally impacted by wastewater-derived organic 

micropollutants. Finally, Chapter 5 presents results of the comprehensive organic 

chemical composition of oil and gas wastewaters treated for surface water discharge. 

Concurrent analysis of effluent samples by complementary, broad-spectrum analytical 

techniques, revealed that low-levels of hydrophobic organic contaminants, but elevated 

concentrations of polymeric surfactants, which may effect the fate and analysis of 

contaminants of concern in oil and gas wastewaters.  

Taken together, my work represents significant progress in the characterization 

of polar organic chemical pollutants associated with wastewater-impacted environments 

by high-resolution mass spectrometry.  Application of these comprehensive methods to 

examine micropollutant fate processes in wastewater treatment systems, water reuse 

environments, and water applications in oil/gas exploration yielded new insights into 

the factors that influence transport, transformation, and persistence of organic 

micropollutants in these systems across an unprecedented breadth of chemical space. 
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1. Introduction  
The unique chemical and physical properties of water give rise to the abundance 

and diversity of life on Earth. Water’s central role in nearly every natural chemical, and 

subsequently biological, process make it the sine qua non of life on Earth, such that 

organismal behavior and physiology evolved around acquiring and managing 

availability to water.(1) Water similarly shapes earth’s geography, not only by the 

physical action of water on geological formations, but also by the complex forward and 

back feeding control systems arising at the biosphere-geosphere nexus. Perhaps the most 

extreme instance of ecosystems responding to and directly impacting water resources 

arises in the Anthroposphere, where humans’ ability to harness elements of the water 

cycle gave birth to civilizations.(2) Since the first primitive water management practices, 

human’s influence on the global water cycle has grown such that currently some 26% of 

annual evapotranspiration and 54% of available run off are appropriated for human 

use.(3) Furthermore, growing demands in manufacturing, energy production and 

domestic use are poised to increase global human water withdrawals more then 55% by 

2050.(4) Beyond altering the availability of water, concentrated human settlements (i.e., 

urbanization) and technology (i.e., industrialization and agriculture) reduce the quality 

of water through pollution, which alters the properties and/or composition of water 

beyond naturally occurring ranges through physical perturbations (e.g., heat, anoxia), 
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biological contamination (e.g., pathogenic microorganisms) or chemical adulterants (e.g., 

nutrients, inorganic chemicals, natural and synthetic organic compounds). Globally, an 

estimated 2 million tons of waste are discharged into receiving waters daily through 

some 1,500 km3 of wastewater, potentially leading to the pollution of up to 12,000 km3 of 

water resources.(5) The cumulative impact of that pollution on the function of 

ecosystems remains poorly understood.  

Ecosystem services embody the human benefits derived from the functioning of 

natural ecosystem processes. Of the numerous renewable ecosystem services, water 

supply and regulation and waste treatment are the most directly connected to 

freshwater ecosystems. Valuations of ecosystem services are derived from the cost of 

replicating services in a technologically produced artificial biosphere. Under this 

scheme, the value of terrestrial freshwater ecosystems (i.e., wetlands, lakes and rivers) 

totals approximately $6.6 trillion per year worldwide, with >69% of that value arising 

from water regulation, water supply and waste treatment services.(6) Human activities 

in the form of water appropriation and pollution threaten aquatic biodiversity, which in 

turn impairs the productivity of freshwater ecosystems services.(7-8) While the effect of 

conventional pollutants (e.g., nutrients, thermal pollution) on biodiversity and 

ecosystem services have been extensively studied, a comprehensive understanding of 

the cumulative impacts associated with dispersal of domestic and industrial 
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wastewaters, urban water runoff, evolving land-use practices and emerging 

technologies are comparatively less well understood. In particular, biodiversity losses 

and ecosystem service impairment resulting from dispersing thousands of wastewater-

derived organic chemicals into freshwater ecosystems remains largely unknown.(9) 

Furthermore, the sensitivity of freshwater ecosystems to anthropogenic perturbations 

may be dramatically altered by changes in climate and intensified water withdrawals 

and wastewater discharges associated with growing and increasingly urbanized 

populations. Current regulatory frameworks may underestimate costs associated with 

the occurrence of water pollutants by narrowly focusing on human health outcomes and 

failing to consider impacts incurred through losses in biodiversity and subsequently 

ecosystem services. A convergent valuation of freshwater ecosystem services critically 

requires comprehensive knowledge of impacts arising from all pollutants released into 

the aquatic environment. Such a model would facilitate interventions aimed at restoring 

and preserving essential ecosystem services through engineering, technology and 

design, ensuring the continued security of precious natural water resources.  

1.2 The Challenge: Comprehensive Organic Chemical 
Characterization of Wastewaters  

In the industrialized world, water finds numerous uses in almost every aspect of 

life. Domestically, water is used as a solvent for cleaning, a conveyor for waste, a 

medium for cooking and a source of subsistence. Water use in industry typically 
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involves process control (e.g., cooling) and resource extraction (e.g., mineral recovery), 

amongst other applications. With few exceptions, all forms of domestic and industrial 

water use lead to the contamination of water with an array of organic substances 

applied during use or arising as by-products of specific water applications. After use, 

polluted water is typically transported to a centralized facility for treatment and 

eventual discharge. The organic chemical burden arising in wastewaters as a result of 

domestic or industrial use is typically defined as organic micropollutants, due to their 

(typically but not always) low-level concentration. This class of contaminants evades 

more specific classification because the component molecular species’ concentration, 

sources and chemical composition are as varied as the uses of organic chemicals in 

modern life. In the United States, chemical manufacturing, processing and imports are 

regulated under the Toxic Substances Control Act (TSCA), which maintains an ever-

growing inventory of chemicals approved for use. Of the more then 67,000 unique 

compounds in the TSCA inventory, some 27,000 are discrete organic substances and a 

further 700 are polymeric substances that cannot be described by one unique 

structure.(10) Pharmaceutical compounds are separately regulated and total more then 

1,900 formulations currently approved for use by the Food and Drug 

Administration.(11) Still more organic chemicals are applied as pesticides in residential 

or agricultural settings. Many of these substances find their way into wastewaters 
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through the use and/or disposal of products or processes where they are applied. 

Treatment efficiency for organic micropollutants varies greatly depending on chemical 

structure, deployed treatment technologies and prevailing environmental conditions, 

leading to distribution of numerous organic compounds into aquatic ecosystems where 

they may impact aquatic organisms directly through overt toxicity or as part of complex 

mixtures of co-occurring substances. Recent advances in analytical chemistry have led to 

the identification of numerous classes of organic micropollutants in wastewater 

effluents, including: so-called ‘down-the-drain’ chemicals such as household cleaning 

products and their degradates(12), excreted pharmaceuticals and their metabolites(13) 

and additive chemicals incorporated into consumer products (e.g., flame 

retardants(14)).(15) However, a large majority of the organic micropollutant composition 

within treated wastewaters remains unidentified, leading to a paucity of data regarding 

potential adverse ecosystem effects associated with wastewater discharges. 

Comprehensive risk assessment of current practices for the treatment and distribution of 

wastewaters hinges on the ability to accurately evaluate the organic micropollutant 

burdens of those wastewaters, which requires knowledge of chemical structure for 

development of monitoring programs, determination of pertinent environmental fate 

processes and assessment of potential adverse effects in organisms.  Current 

methodologies for determining the occurrence and fate of organic micropollutants rely 
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heavily on targeted analytical approaches that require a priori knowledge of pollutant 

structure to develop instrument specific parameters for detection.(16-17) While highly 

sensitive and specific, these approaches offer limited or no ability to evaluate the 

occurrence of unexpected or previously unreported pollutants, rendering them 

incapable of comprehensively evaluating the organic micropollutant composition of 

wastewaters.   

1.3 Surmounting the Challenge: Comprehensive Non-targeted 
High-Resolution Accurate-mass Mass Spectrometric Analysis of 
Organic Micropollutants   

Determination of trace levels of organic compounds in complex environmental 

media requires highly sensitive and selective determinative methods of chemical 

analysis. Mass spectrometry remains the workhorse of trace environmental organic 

analysis, owing to its low instrumental limits of detection for many organic substances 

and the inherent selectivity achieved by measuring an intrinsic molecular property (i.e., 

molecular weight).(18-24) Application of mass spectrometry in concert with 

chromatographic techniques resolves complex mixtures, commonly found in 

environmental media, into individual components based on physicochemical properties 

(e.g., boiling point, hydrophobicity) prior to introduction into the mass spectrometer, 

which enhances analytical performance in the determination of organic pollutants.  

Early techniques for characterizing the environmental fate of organic chemicals 
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deployed gas chromatography coupled to electron impact ionization and mass 

spectrometry (GC-EI-MS) leading to the discovery and routine analysis of numerous 

volatile and semi-volatile organic compounds in environmental media (e.g., 

hydrocarbons, polycyclic aromatic hydrocarbons).(25-27) Furthermore, full-scan mass 

spectral acquisition and the relatively high energy ionization conditions in EI-MS yields 

rich and descriptive fragmentation spectra, which when coupled with a wealth of 

literature on the behavior of organic chemicals under EI conditions, led to the 

identification of numerous unexpected pollutants (e.g., polychlorinated biphenyls, 

dioxins).(28-33) However, these early techniques proved unsuitable for the 

determination of non-volatile and thermally liable semi-polar and polar organic 

compounds, such as many of those expected to occur in wastewaters.(34)  

It was not until the successful hyphenation of liquid chromatography (LC) to 

mass spectrometry through atmospheric pressure ionization techniques (e.g., 

electrospray ionization, atmospheric pressure chemical ionization(35-38)) that 

environmental analytical chemists gained access to determinative methods capable of 

detecting polar organic pollutants at environmentally relevant concentrations. While 

these new techniques surmounted previous challenges in the analysis of polar organic 

pollutants, the low-energy ionization techniques employed typically yielded intact 

molecular ions and subsequently sparse structural data in the form of fragment ions, 
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thereby reducing selectivity of the analysis due to numerous nominally isobaric 

components commonly found in environmental media. This property of ambient 

ionization techniques necessitated development tandem mass spectrometry (MS/MS) 

approaches based on collision induced dissociation (CID) and selected reaction 

monitoring (SRM), wherein intact molecular ions arising from a target analyte are 

isolated and collided with an inert gas to generate characteristic fragment ions followed 

by mass measurement of the fragment ions.(39) While this approach provided suitable 

sensitivity and selectivity for determination of trace polar organic pollutants, it came at 

the cost of analytical data for non-targeted compounds occurring in the system under 

investigation but for which there were no pre-established instrumental parameters; 

rendering these techniques incapable of determining the occurrence of new or 

previously unreported pollutants. Furthermore, the development of compound-specific 

instrumental parameters requires access to reference materials for each substance under 

investigation, which restricts these analyses to known compounds that are commercially 

available or readily synthesized and isolated on a preparative scale.  

An alternative to previous cumbersome and myopic analytical approaches for 

the determination of trace polar organic micropollutants arises in the application of 

high-resolution accurate-mass mass spectrometry (HR/AM MS; e.g., quadropole time-of-

flight and Orbitrap mass analyzers), wherein complications arising from interfering 



 

  

9 

nominally isobaric ions are resolved by accurately measuring the mass of intact 

molecular ions, often to four or more decimal places. The sum of all elements in a 

molecule represents its molecular formula, which corresponds to a unique, non-integer 

exact mass derived from multiplying the mass of each element by the number count in 

the molecular formula. The non-integer mass of elements arises due to the mass defect, 

which corresponds to the mass difference between the integer mass of the sum of all the 

protons and neutrons in an element less the mass accounted for by the weak nuclear 

binding force. Given that each element has a unique number of protons and neutrons 

the magnitude of the mass defect varies for each element.  This property dictates that 

each unique combination of elements comprising a molecular formula has a unique 

exact mass and allows for selective mass spectral data acquisition in lossless full-scan 

modes provided that the employed mass spectrometer has sufficient mass resolving 

power and accuracy of mass measurement.  Coupling full-scan HR/AM MS with 

concurrent accurate mass tandem mass spectral acquisition provides both molecular and 

structural data for compounds in an interrogated sample without previous knowledge 

of their occurrence or structure. The relatively recent emergence of fast-scanning 

HR/AM MS(/MS) instruments and data-analysis workflows now facilitates routine 

detection of thousands of unique substances in single analysis. However, interpretation 

of resultant data remains cumbersome due both to the volume of data generated and 
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challenges arising in parsing those data to chemically meaningful and interpretable 

results. In order to realize the full potential of HR/AM MS for elucidating the structure 

and fate of environmentally relevant organic chemicals, automated high throughput 

workflows for extracting and interpreting resultant data are critically required.  

1.4 Approaches for the Characterization of Organic 
Micropollutants by HR/AM MS, Research Needs and Objectives 

Since its first introduction into the field of environmental chemistry, numerous 

approaches for identifying the environmental occurrence and fate of organic 

micropollutants have harnessed the unique analytical capabilities of HR/AM MS. In 

general, applied HR/AM MS methodologies are categorized as either targeted, suspect 

or non-targeted screening, based on the underlying analytical questions posited during 

interpretation of resultant data.(40) Targeted HR/AM MS screening bears the most 

resemblance to conventional SRM based LC-MS/MS approaches in that the analyst 

interrogates a sample for the presence of a known substance based on the behavior of a 

reference standard subjected to identical analytical conditions, with the benefits of 

HR/AM MS arising in the increased breadth of analysis achievable by reducing 

constraints associated with the duty-cycle of conventional MS/MS techniques.(41) 

Suspect-screening approaches seek to determine the presence of pollutants predicted to 

occur in the environment due to their usage patterns or physicochemical properties by 

interrogating HR/AM MS data with calculated molecular properties (e.g., exact mass 
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and relative isotope intensities for a molecular formula), typically with extracted ion 

chromatograms constructed around a narrow mass window and chromatographic peak 

detection.(42) Non-targeted screening presents the most holistic and consequently 

challenging approach for the identification of organic micropollutants by HR/AM MS 

owing to the fact that it assumes no previous knowledge about the presence or structure 

of the component compounds in a given mixture and relies purely on observed 

analytical responses to assign molecular and structural formulas to detected 

pollutants.(43)  

Suspect screening approaches have generated a wealth of data regarding the 

presence of previously unreported or unexpected organic micropollutants.(42, 44-45) 

However, the reliance of suspect screening approaches on prior knowledge of chemical 

structure for the compilation of comprehensive screening databases renders them 

incapable of achieving the level of characterization required to adequately assess the 

total micropollutant composition of aquatic environments.  Furthermore, presumption 

about the composition of a sample, in the form of a suspect-screening database, has the 

effect of prioritizing the identification of substances based solely on their inclusion in the 

database, not their relevance to the system under investigation. For instance, suspect-

screening approaches may detect numerous micropollutants in a given sample while 

simultaneously leaving a number of the predominant features unidentified due to their 
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absence in the applied screening database. For instance, Schymanski et.al., recently 

described an analysis of treated wastewaters that found that ~1.2% of detected molecular 

species corresponded to targeted analytes (standards were available for 376 compounds) 

and that targeted compounds only explained four of the top 30 most intense structures 

detected.(46) Non-target screening therefore presents the most desirable approach for 

characterizing the organic micropollutant composition of aquatic environments, but 

remains relatively limited in its application due to the complexity and computational 

expense incurred during application of such workflows. Nonetheless, several examples 

have demonstrated utility and necessity of performing comprehensive non-targeted 

analysis, namely in instances where contaminants of concern were identified that would 

never have appeared on targeted or suspect screening lists.(46) Obstacles to the 

successful and widespread application of non-target screening approaches mainly arise 

in the parsing of analytical observations to chemically interpretable results that can be 

contextualized with regard to potential pollutant sources, usage patterns and 

physicochemical properties. In the later case, automated workflows capable of 

accurately assigning the molecular and structural composition of non-targeted organic 

micropollutants are critically required. I hypothesize that automated parallel application 

of multiple advanced computational mass spectrometry tools will yield enhanced levels 

of confidence in molecular and structural formula assignment of non-targeted organic 
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micropollutants. Furthermore, I posit that the development of chemoinformatics and 

chemometric approaches for the analysis of non-target screening results will present a 

robust and extensible framework for effectively prioritizing micropollutants of potential 

concern based on predicted molecular properties and their observed behavior in natural 

and engineered systems. To test these hypothesis and surmount previous challenges in 

the identification of organic micropollutants in the aquatic environment the following 

objectives were set forth:  

1. Develop a programmatic framework for the automated, rapid and 
reproducible extraction of HR/AM MS data from analysis of environmental 
samples for subsequent analysis by multiple computational mass spectrometric 
tools aimed at the accurate assignment of molecular and structural formulas to 
non-targeted organic micropollutants.  

2. Characterize the chemical characteristics of known and possible 
environmental pollutants utilizing chemoinformatics to evaluate the pollutant-
likeness of postulated structures resulting from non-targeted analysis of organic 
micropollutants.  

3. Implement chemometric analysis based on knowledge of the behavior of 
organic pollutants in engineered and natural systems to extract rational and 
meaningful occurrence patterns from high-dimensional datasets in order to 
prioritize organic micropollutants for identification.  

4. Deploy and evaluate the performance of the developed techniques to 
characterize the organic micropollutant composition of municipal and industrial 
wastewaters.   

1.5 Prospectus  

To address current limitations in the application of HR/AM MS analysis of 

wastewater and wastewater impacted environments, this work presents novel analytical 
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approaches for deploying HR/AM MS techniques in conjunction with advanced data 

processing techniques and statistical analysis in the form of chemoinformatics and 

chemometrics to elucidate the occurrence, structure and fate of organic micropollutants 

in both engineered and natural aquatic environments. In Chapter 2, chemoinformatics 

tools are applied to characterize the chemical characteristics of known and potential 

wastewater derived pollutants. Results of those analyses are incorporated in an 

automated screening workflow to prioritize postulated organic micropollutant 

structures derived from HR/AM MS and computational mass spectrometric analysis of 

comprehensive effluent samples from a conventional domestic wastewater treatment 

facility. Chapter 3 expands the above-described workflow to the identification of 

recalcitrant micropollutants and transformation products arising during wastewater 

treatment by classifying the behavior of unknown micropollutants based on statistical 

analysis of observed differential occurrence patterns arising across the various stages of 

conventional wastewater treatment. Chapter 4 presents results of coupling the 

developed non-target screening workflow with targeted quantitative analysis and high 

temporal resolution sampling to assess the occurrence of wastewater- and urban storm 

water-derived organic micropollutants in surface waters impacted by wastewater reuse 

practices. Finally, Chapter 5 reports on the comprehensive organic chemical 

characterization of wastewater effluents arising from the treatment of residual fluids 
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derived from conventional and unconventional (i.e., hydraulic fracturing) oil and gas 

extraction techniques. Taken together, this work presents an enhanced frame-work for 

the processing and interpretation of HR/AM MS data from analysis of various 

wastewaters and wastewater impacted environments and represents significant 

advancement in efforts aimed at characterizing the total organic micropollutant burden 

arising from dispersal of treated wastewater in the aquatic environment. 
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2. Exploring environmentally relevant chemical space: 
The example of wastewater-derived organic 
micropollutants  

2.1 Introduction  

With the growth in modern synthetic organic chemistry, release and subsequent 

occurrence of organic contaminants in environmental media through industrial and 

consumer activity is now commonplace. Typically termed organic micropollutants, due 

to their trace level concentrations, these contaminants present several unique challenges 

to environmental scientists seeking to understand potential deleterious effects associated 

with their occurrence and subsequent interaction with ecosystems—including 

humans.(9) Namely, the diversity of sources, structures and levels of occurrence make 

the systematic study of organic micropollutants difficult. Aquatic environments are of 

particular concern with regard to organic micropollutants due to the growing strain 

placed on freshwater resources as a result of rising water demand, increased 

urbanization and changing climate.(47-49) For instance, Malaj et. al., recently found that 

organic chemicals in surface waters were likely to exert lethal or chronic long-term 

effects on critical members of the aquatic ecosystems (e.g., small fish species, algae) at up 

to 42% of 4,000 sites monitored for 223 unique organic pollutants across the entire 

European continent.(48) One common vector for organic micropollutants into the 

aquatic environment is through treated wastewater (both domestic and industrial).(50) 
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Numerous classes of organic micropollutants have been identified in wastewater 

effluents, including: so-called ‘down-the-drain’ chemicals such as household cleaning 

products and their degradants, excreted pharmaceuticals and their metabolites and 

additive chemicals incorporated into consumer products (e.g., flame retardants).(15)  

The vast number of chemicals used in commerce and the relatively limited scope 

of current chemical registry process allows for chemical use largely without 

comprehensive assessment of hazard and risk.(51) As a result, comprehensive 

monitoring data are available for only a few of the many thousands of compounds that 

likely enter the environment through their use or disposal. As such, discovery of organic 

pollutants often occurs serendipitously as a result of acute observed toxicity events (e.g., 

DDT) or obviously high and persistent levels of contamination (e.g. PCBs). Furthermore, 

contaminants may exist at high levels in the environment without notice due to 

limitations of instrumental analyses (e.g., high method detection limits) and may only 

become apparent once new techniques are developed to achieve the required sensitivity 

and selectivity. Acknowledging the paucity of data regarding the fate of organic 

chemicals in the environment, several approaches have been developed to augment 

conventional monitoring techniques in one of two ways: by prioritizing potential 

contaminants based on their measured/predicted physiochemical and/or toxicological 

properties(52-55) or by developing non-targeted analytical methodologies.(40, 56)  
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The most prominent attempts to prioritize potential contaminants for monitoring 

efforts do so by classifying high-production volume chemicals according to measures of 

their predicted persistence(57), bioaccumulation and toxicity.(58) While largely aided by 

quantitative structure activity relationships, these approaches still rely heavily on expert 

judgment. Furthermore, the accuracy of the resulting predicted properties remains tied 

closely to underlying model-training sets, which typically comprise a small fraction of 

chemical structures that could potentially occur in environmental media. Ideally, the 

desired fate and effects properties of a given chemical could be derived from first 

principles, however at present such an approach is not feasible in a high throughput 

manner.(59-60)  

Faced with limitations in our ability to accurately predict the occurrence of 

organic compounds, environmental analytical chemists have devoted significant efforts 

toward the development of discovery based, non-targeted workflows aimed at the 

determination of compound occurrence at trace levels without a priori knowledge of 

contaminant structure. These techniques have only recently been made possible by the 

advent and commercial availability of fast-scanning high-resolution accurate-mass mass 

spectrometers (HR/AM MS) with sufficient mass accuracy, resolving power and tandem 

mass spectral acquisition-rates to acquire the requisite data for high-throughput 

structural elucidation based on computational mass spectrometric analysis. For instance, 
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Chiaia-Hernandex, et. al., recently described a multi-pronged approach for 

characterizing the occurrence of organic micropollutants in sediments impacted by 

wastewaters and found that a combination of non-targeted screening in conjunction 

with computational mass spectrometry tools resulted in the structural elucidation of 

several previously unidentified organic micropollutants.(61) Furthermore, Moschet et. 

al., demonstrated that HR/AM MS techniques present a robust means for ‘alleviating the 

reference standard dilemma’, by providing a systematic and high-throughput means for 

identifying non-targeted organic micropollutants based on their calculated or predicted 

properties.(42) In most instances, the acquisition of analytical data has become a 

relatively trivial part of analysis, whereas the interpretation of the resulting data remains 

both cumbersome and computationally difficult.(62) Efforts to expedite the analysis of 

HR/AM MS data have successfully applied various algorithms to automate many of the 

more laborious tasks involved in interpretation of mass spectra resulting from organic 

small molecules, including: sum formula prediction(63), isotopic pattern analysis(64), 

and fragmentation spectra annotation.(65) Similar efforts have been successfully 

undertaken in the analysis of mass spectra resulting from biomolecules (e.g., intact 

proteins, tryptic peptides, metabolites). In fact, HR/AM MS analysis of peptides has lead 

to the successful qualitative and quantitative analysis of thousands of proteins in a given 

samples. These efforts are made possible by both advances in HPLC-HR/AM MS 
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techniques, but also by the mechanistic understanding of the behavior of peptides in 

tandem mass spectrometers. Namely, the composition and structure of proteins is 

fundamentally constrained to combinations of amino acids in specific molecular 

arrangements (i.e., amide linkages). Furthermore, specific enzymes can be harnessed to 

cleave protein structures in exact locations (e.g., trypsin) generating highly consistent 

peptide fragments. This conformity of structure in peptides leads to their consistent and 

predictable fragmentation in mass spectrometers and allows for ready identification 

without authentic standards.(66-68) Unfortunately for chemists interested in 

understanding the structure and chemical properties of small organic molecules, such as 

metabolites in bioanalysis and organic micropollutants for environmental chemists, the 

possible structures occurring in a given sample are not constrained by biosynthetically 

feasible chemical space, which in the case of both proteomics and (to a lesser extent) 

metabolomics greatly limits the possible formula composition (i.e., generally limited 

only to CHNOPS, with few exceptions), molecular scaffolds and specific moieties (e.g., 

linkages/cleavages achievable by enzymes). Together these factors have helped 

biomolecular mass spectrometrists to develop robust predictive models for the behavior 

and fragmentation of biomolecules in mass spectrometers, which greatly aids in their 

identification and quantification.(69-70)  This has led directly to  the wealth of data that 

has been generated by routine metabolomics or proteomics experiments. In essence, the 
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ability to constrain chemical space to relevant structures vastly improves identification 

efforts in analysis of biochemicals, but such an effort to constrain environmentally 

relevant chemical space for the identification of small organic pollutants has, to my 

knowledge, not yet been achieved. Herein I describe the development and evaluation of 

an analytical workflow for the de novo identification of wastewater-derived organic 

micropollutants by coupling comprehensive wastewater extraction employing various 

orthogonal solid phase extraction techniques, ultra-high resolution (tandem) mass 

spectrometry, advanced automated mass spectrometric data processing algorithms and 

chemoinformatics to evaluate and score postulated structures based on their structural 

similarity to known or possible environmental contaminants.   

Achieving this approach required comprehensively characterizing the molecular 

properties of several compound databases relevant to environmental systems based on 

molecular descriptors. I hypothesized that classifying the structure of known or possible 

environmental contaminants will provide a mechanism for evaluating the ‘pollutant-

likeness’ of postulated structures resulting from HR/AM MS analysis leading to a 

improved efficiency in non-targeted analysis by requiring that postulated structures be 

structurally consistent with both the observed mass spectrometric data and with the 

properties of that structure which might make it both synthetically accessible on 

industrial scales and commercially valuable. Achieving this approach required collection 
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and categorization of literature reports related to the occurrence of organic substances in 

wastewater and evaluation of the structural characteristics of those substances. 

Combining those datasets resulted in a structural database encompassing both 

environmentally relevant substances and organic compounds known to occur in 

wastewaters. I applied automated computational mass spectrometric analysis to extracts 

of a domestic wastewater, generating a matrix of postulated formulas and structures 

scored by various metrics (e.g., mass accuracy, isotopic pattern match, fragment ion 

annotation). Finally, I prioritized the postulated structures based on the quality of the 

computational structural elucidation and similarity between the postulated structure, 

known pollutants and ‘possible pollutants’.  

2.2 Materials and Methods  

Wastewater sampling and sample preparation. Time-averaged (1 sample/hour) 

twenty-four hour composite effluent samples, totaling eight liters, were collected from 

the finished effluent of the North Durham Water Reclamation Facility on 28 October 

2013 using two MasterFlex E/S Composite (Cole-Parmer, Vernon Hills, IL) samplers 

equipped with Teflon peristaltic pump heads and retrofitted such that all wetted 

surfaces were Teflon, stainless steel or combusted amber glass. Upon returning to the 

lab, 0.3 L sub-samples were vacuum-filtered through combusted GF/F filters (Whatman, 

Maidstone, UK) prior to enrichment by solid phase extraction (SPE). Multiple SPE 
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sorbents were deployed, including: a hydrophobic-lipophilic balance reversed phase 

sorbent (Oasis HLB; 500 mg; 6 cc cartridges; Waters, Millford, MA), mixed-mode 

reversed phase/strong anion-exchange (Oasis MAX; 150 mg; 6 cc cartridges; Waters, 

Millford, MA), a mixed-mode reversed phase/strong-cation exchange (Oasis MCX; 150 

mg; 6 cc cartridges; Waters, Millford, MA), a urea functionalized polystyrene 

divinylbenzene (HyperSep Retain PEP; 500 mg; 6 cc cartridges; Thermo Fisher Scientific, 

San Jose, CA), alkyl-bonded C18 (HypserSep C18; 500 mg; 6 cc cartridges; Thermo Fisher 

Scientific, San Jose, CA) and a graphitized carbon black sorbent (200 mg, 6 cc cartridges). 

SPE was performed using an automated SPE system (AutoTrace; Dionex, Sunnyvalle, 

CA) according to the methods shown in Table 1. Resulting extracts were evaporated to 

dryness under reduced pressure (approx. 1 hr; SpeedVac; Thermo Fisher Scientific, San 

Jose, CA), reconstituted in 10% acetonitrile/90% water, spiked with isotopically labeled 

internal standards (5 µL), vortexed briefly and then centrifuged gently, before 

transferring to combusted glass total-recovery vials equipped with pre-slit silicone septa.  

  



 

  

24 

 

Table 1 Solid phase extraction methods applied to North Durham wastewater 
effluent samples.  

 Sorbent material 
 HLB PEP C18 MAX MCX CarboGraph 
Step eluent (mL)  

Condition/pre-elute CH3OH (10.0 ) 
CH2Cl2 (10.0)  

CH3OH  
(10.0) 

Equilibrate H2O (10.0)  
Load sample -- 

Wash 

5% CH3OH / 95% H2O (10.0)  

5% 
NH4OH/ 

95% 
H2O 

(10.0)  

2% 
HCO2H/ 

98% 
H2O 

(10.0)  

5% CH3OH / 
95% H2O 

(10.0)  
Dry with N2, 60 min. -- 

Elute 
10% MTBE/ 90% CH3OH 

(8.0)  

 2% 
HCO2H/ 

98% 
CH3OH 

(8.0) 

5% 
NH4OH/ 

95% 
CH3OH 

(8.0) 

CH3OH (4.0)  

CH2Cl2 (4.0) 

 

UHPLC-High Resolution Mass Spectrometry. Sample aliquots (20 µL) were injected 

with a Accela Open AS auto-sampler (Thermo Fisher Scientific, San Jose, CA) onto a 

Accela 1250 (Thermo Fisher Scientific, San Jose, CA) UHPLC system equipped with a 

Hypersil Gold AQ (200 x 2.1 mm, 1.9 µm particle size; Thermo Fisher Scientific, San Jose, 

CA) reversed phase column operated under gradient elution conditions with water (A) 

and acetonitrile (B), both buffered with 0.1 % (v/v) formic acid, delivered at 0.5 mL min-1. 

Initial conditions were 95/5% A/B until 1 min after the injection, when %B was increased 
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to 60% in 35 min and then to 99% in another 3 min, at which point the solvent 

composition was held constant for 7 min before returning to initial conditions and 

equilibrating the column for 10 min. The column effluent was interfaced via a heated 

electrospray ionization (ESI) source operated in positive ionization mode to an Orbitrap 

Fusion mass spectrometer (Thermo Fisher Scientific, San Jose, CA).  Externally calibrated 

(routinely < 2 ppm mass accuracy) full-scan mass spectra were acquired at  R=240 000 

(FWHM at m/z 200) over the range of 50-1000 m/z.  Higher-energy collisional 

dissociation (HCD) fragmentation spectra were acquired at 35% normalized collision 

energy in data-dependent acquisition mode with precursor ion isolation achieved with 

the mass selecting quadrupole, real-time peak apex detection and dynamic precursor ion 

exclusion.   

Data Analysis. Peak detection, chromatographic alignment and isotope and 

adduct ion deconvolution was performed in the Compound Discoverer 2.0 (beta) 

software package (Thermo Fisher Scientific, San Jose, CA). The resulting feature list (i.e., 

neutral molecular weight and retention time) was exported and further processed 

utilizing an in-house written script designed to extract the relevant mass spectrometric 

data for subsequent analysis by multiple computational mass spectrometry algorithms. 

To prepare the requisite data, spectra were centroided and converted to mzML format 

using the MSConvert tool (ProteoWizard, version 3.0.7692). Pseudo-spectra were then 
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automatically constructed and annotated for each chromatographic feature using mzR 

based on the input feature list, knowledge of the behavior of small organic molecules in 

ESI and the natural abundance of the elements. Parent mass data were then coupled 

with their corresponding HCD fragmentation spectra and used for the assignment of 

sum molecular formula using the SIRIUS algorithm (V3.0).(71) Potential structural 

formulas were assigned for the top scoring molecular formula by searching against the 

PubChem database(72), which contains >50 million chemical compound entries. 

Resulting structures were subsequently ranked by: 1) Match score between the observed 

fragmentation spectra and the predicted fragmentation pattern generated by the 

MetFrag (Version 2.2-CL, (73)) and CFM-ID (Version 2.0, (65)) algorithms; 2) Patent and 

reference counts in the PubMed repository; 3) structural similarity to a known pollutant 

and/or environmentally relevant substance as determined by the Euclidean distance of 

between the 42 Molecular Quantum Numbers (MQNs) for the postulated structure and 

compiled compound databases(vide infra).(74-76) MQNs were calculated from simplified 

molecular-input line-entry system (SMILES) structures in Java as described 

elsewhere.(77-81)  For comparison to structural fingerprinting techniques, 

OpenBabel(82) and the CDK libraries(83) (accessed through rcdk(84)) were employed.  

Structural Database Compilation. Two structural databases were compiled for 

comparison to computationally postulated structures. First, the Distributed Structure-
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Searchable Toxcity Database (DSSTox) compiled and curated by the USEPA was taken 

to represent probable environmental contaminants. Only entries representing a single 

organic compound (i.e., no metals, minerals or mixtures) and for which a SMILES 

depiction could be constructed were retained. The database was further refined based 

on the predicted amenability of compounds to the applied analytical technique. Namely, 

structures with neither hydrogen-bond donors nor acceptors and mass greater then 2000 

Da were culled. The second database was constructed to reflect current knowledge of 

the occurrence of wastewater derived organic micropollutants in environmental media 

and used the peer-reviewed literature as its source. Literature references indexed by the 

Chemical Abstracts Service (CAS) for the journals Environmental Science and Technology 

and Water Research were retrieved using SciFinder Scholar. References were analyzed 

based on CAS concept headings and those indexed under the headings ‘Waste water’, 

‘Waste water treatment’, ‘Wastewater’, ‘Wastewater reclamation’, ‘Wastewater 

treatment’, ‘Wastewater treatment plants’, and ‘Wastewater treatment sludge’ were 

retained (8 927 references). That set of references was further refined to include those 

that contained a category heading for organic substances (5 717 references). References 

were exported in tagged format. Each CAS registry number (CASRN) from the reference 

set was then parsed to the corresponding structure in SMILES format using the NCI-

NIH Chemical Identifier Resolver(85) or by retrieval of structure files in MDL mol 
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format (from local or internet databases). Compound roles in each reference were 

extracted from the appropriate CASRN field.  Only substances with one of the following 

roles were kept for further analysis: ‘occurrence’; ‘occurrence, unclassified’, ‘removal or 

disposal’; ‘formation, non-preparative’; ‘formation, unclassified’; ‘physical, engineering 

or chemical process’; ‘pollutant’; or ‘analyte’.  Duplicate compounds were removed 

based on CASRN, as were compounds for which SMILES structures could not be 

assigned or those that were inorganic.  

Method Performance. Performance of the applied molecular and structural formula 

assignment and structure ranking were assessed by blinded analysis of a mixture of 53 

reference standards, relevant to environmental systems and spanning a range of 

molecular and structurally properties, spiked into HPLC grade solvents and analyzed in 

parallel with the samples.  

2.3 Results and Discussion  

Environmentally relevant chemical space. Enumeration and characterization of 

‘chemical space’ represents a recent effort, largely driven by medicinal chemistry, to 

systematically classify organic molecules with the goal of constructing coordinate 

systems where pairwise distances between unique molecules are related to structural 

similarity and thus could enable clustering of molecules sharing similar properties (e.g., 

physiochemical properties, pharmacological activity).(77, 86-90) Several approaches 
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have been used to chart known and predicted chemical space, including predicted 

property distributions (e.g., polarity) and similarity descriptors.(77, 87, 89-91) However, 

such approaches require significant computational time/effort for calculation and 

depend on predefined molecular fragment libraries. Alternatively, the concept of 

Molecular Quantum Numbers (MQN) represents a simple integer-based system for 

classifying organic molecules based on forty-two enumerated metrics of structural 

features including atom, bond and ring types.(92) Table 2 depicts the structural features 

enumerated by the MQN approach.  
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Table 2 Structural features enumerated in the determination of Molecular Quantum 
Numbers (MQN) 

Category 1. Atom counts Category 3. Polarity counts 
1. c (carbon) 20. hbam (H-bond acceptor sites) 
2. f (fluorine) 21. hba (H-bond acceptor atoms) 
3. cl (chlorine) 22. hbdm (H-bond donor sites) 
4. br (bromine) 23. hbd (H-bond donor atoms) 
5. I (iodine) 24. negc ( negative charges)b 
6. s (sulfur) 25. posc ( positive charges)b 
7. p (phosphorus)  
8. an (acyclic nitrogen) Category 4. Topology countsc 
9. cn (cyclic nitrogen) 26. asv (acyclic monovalent nodes) 
10. ao (acyclic oxygen) 27. adv (acyclic divalent nodes) 
11. co (cyclic oxygen) 28. atv (acyclic trivalent nodes) 
12. hac (heavy atoms)a 29. aqv (acyclic tertravalent nodes) 

 
30. cdv (cyclic divalent nodes) 

Category 2. Bond counts 31. ctv (cyclic trivalent nodes) 
13. asb (acyclic singe bonds) 32. cqv (cyclic tetravalent nodes) 
14. adb (acyclic double bonds) 33. r3 (3-membered rings) 
15. atb (acyclic triple bonds) 34. r4 (4-membered rings) 
16. csb (cyclic single bonds) 35. r5 (5-membered rings) 
17. cdb (cyclic double bonds) 36. r6 (6-membered rings) 
18. ctb (cyclic triple bonds) 37. r7 (7-membered rings) 
19. rbc (rotatable bonds) 38. r8 (8-membered rings ) 

  
39. r9 (9-membered rings) 

  
40. rg10 ( ≥10-membered rings ) 

  
41. afrc (nodes shared by ≥ 2 rings) 

  
42. bfrc (edges shared by ≥ 2 rings) 

aNon-H,T,D atoms; bat pH 7; cfor the parent graph without Hs.  
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Projecting structures in this multidimensional MQN space allows for rapid 

structural classification of large databases and provides a metric for similarity 

comparison between structures. Furthermore, MQN similarity searching was recently 

shown to be effective for enriching compounds from the PubChem databases sharing 

bioactivity based on structure similarity to a known ligand.(81) MQN characterization of 

a subset of PubChem containing 19,186,705 SMILES gave 10,720,901 unique MQN 

combinations with the most occupied MQN bin containing only 282 different structures, 

demonstrating that the MQN approach provides sufficient resolution in chemical space 

to create meaningful similarity metrics even though it is based on simple, 

computationally inexpensive and chemically interpretable counts of atoms and 

bonds.(81) The alternative approach of generating structural fingerprints (SF) creates 

binary representations of molecules in which bit values are switched depending on the 

presence of a particular substructure from a predefined database of moieties. MQN and 

SF give comparable similarity indices but are only weakly correlated for randomly 

chosen pairs of molecules, likely due to differences in the calculation of each structural 

representation. Specifically, SF counts the presence (not number) of functional groups 

and structural scaffolds, which makes this approach reliant on the choice of 

moieties/structural features in the underling fingerprint library. Such databases are often 

defined with the idea of enriching structures based on their ‘drug likeness’ and potential 
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pharmacological activity.(89) Although the SF approach may be suitable for elucidating 

similarities among natural products and drug-like molecules, whose structures are 

relatively constrained by limits of aqueous solubility (e.g., semi-polar to polar), stability 

under biotic conditions (e.g., hydrolytically stable), and bioavailability (e.g., small 

molecular size), chemicals used in commerce are under no such constraints. In fact, 

numerous functional groups and structural motifs commonly found in chemicals in 

commerce have no close analogs in biomolecules or biologically relevant molecules. 

Because of this, structural features salient to SF approaches may not be appropriate for 

or representative of the structural features found in environmental contaminants.  

I have illustrated this principle by assigning three SFs and MQN to the 209 

congeners of polychlorinated biphenyls, which in many ways represent a worst case 

scenario for structural similarity classification due to their homologous nature and 

relatively sparse molecular scaffolds. The calculated SFs included indices of linear 

fragments up to seven atoms (FP2) and two SMARTS pattern databases (FP3 and FP4) 

comprising >300 functional groups common to organic molecules. Figure 1 shows the 

similarity between the fingerprints for PCB 1 to each of the other 208 congeners 

calculated in the commonly applied Tanimoto similarity index, where a similarity of 1 

indicates a highly similar or identical structure to the query molecule.(93) For FP2, slight 

resolution of the congeners is achieved, as evidenced by the departure from 1.0. FP3 and 
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FP4 returned similarity indexes of 1.0 for each congener. However, the Euclidean 

similarity (i.e., 1/1+eculid distance) between the MQN for PCB 1 and the other 208 

congeners, depicted as the gray open-circles indexed to the right ordinate axis shows 

distinct resolution of PCBs by chlorine count.   

 

Figure 1. Structural similarity of the 209 polychlorinated biphenyl congeners as 
measured by molecular quantum number and fingerprint molecular descriptors.  

This example demonstrates that fingerprint libraries commonly utilized in SF 

may be ineffective for characterizing and discriminating some classes of organic 

molecules that are relevant as environmental contaminants. Furthermore, the simple 

linear fragment approach (FP2) only partially resolves the differences among the tested 

structures. In order for molecular similarity to achieve meaningful relationships in large 



 

  

34 

and structurally diverse molecular databases, the chosen metric for quantifying 

similarity must adequately resolve structurally similar molecules. For these reasons I 

have implemented MQN to (1) define and characterize an environmentally-relevant 

chemical space and the subset of that space containing known wastewater-derived 

micropollutants and (2) calculate the ‘pollutant-likeness’ of postulated structures 

derived from computational mass spectrometric approaches based on MQN-similarity 

with environmentally relevant chemicals (i.e., DSSTox) and known wastewater 

pollutants (i.e., literature derived database).  

MQN were assigned to 131,320 compounds indexed in the DSSTox database for 

which SMILES structure descriptors were available, resulting in 96,442 unique MQN 

combinations. Figure 2 depicts the distribution of unique MQN combinations for this 

subset of the DSSTox database. Compounds that were the sole-member of their 

respective MQN bin accounted for >60% of the database and more than 72% of the 

structures shared an MQN bin with five or fewer compounds. These results illustrate 

that structurally classifying compounds by MQN provides sufficient resolution to assign 

meaningful relationships among postulated structures and within my chosen database 

of postulated environmental contaminants.  
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Figure 2. Occupancy of unique MQN bins by the DSSTox database.  

In order to better understand and visualize the structural diversity of 

compounds indexed in DSSTox, I projected that database into a 42-dimensional space 

using principle component analysis, which revealed that >74% of the variance could be 

explained by the first two principle components (PC1, PC2) and >93% explained in the 

first three principle components (i.e., PC1, PC2 and PC3). Figure 3 shows the loadings of 

each of the 42 MQNs in the first three PCs. Variability in PC1 is largely driven by the 

total heavy atom, carbon and acyclic single bond counts, which taken together could be 

interpreted as representing molecular size and rigidity. The covariance of total heavy 

atom count, carbon count and acyclic single bonds may reflect the fact that many 

chemicals in commerce are relatively restricted in the number and type of cyclic moieties 

that can be incorporated into a molecule when considering economics and plausibility of 
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synthesis on an industrial scale. Such a constraint is evident in the ring-counts metric, 

where only six-membered rings contributed significantly to the loading variables.  

 

Figure 3. Loadings of the 42 MQN variables in PCA analysis of the DSSTox 
database.  

In Figure 4, I have mapped the DSSTox database in both PC1/PC2 and PC2/PC3 

space and overlaid it onto a subset of PubChem (gray points).  The DSSTox data have 

been colored according to several environmentally relevant molecular properties. In 

each projection, overlaid ellipses depict the range of MQN values for the literature-

compiled wastewater structure database.  
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Figure 4. Projections of PubChem (gray points), DSSTox (colored points) and 
known wastewater contaminants (white ellipses) in the PC1-3 planes of 42 
dimensional MQN chemical space.  

Several key features are apparent in these data. First, the DSSTox database covers a large 

and structurally diverse collection of structures; reflecting the various data sources used 

to compile the DSSTox database and similarly the diversity of possible chemical 

contaminants that could be relevant to human or environmental exposures. For instance, 

underlying databases merged to form DSSTox include: the EPA’s high production 

volume chemical inventory, which comprises public notices of the industrial chemicals 

that exceed criteria for volumes produced or imported for use in the USA; the Tox21 

Chemical Inventory containing commercially available substances prioritized for 

toxicity testing from a range of end-use applications such as pesticides, food-use 
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chemicals, drugs, personal care products (e.g., fragrances); the FDA Maximum 

Recommended Daily Dose database containing pharmaceutical compounds; and the 

EPA Water Disinfection By-Products with Carcinogenicity Estimates database of known 

organic substances arising from disinfection of drinking water sources, amongst 

others.(74-76) Furthermore, the range of structures represented in the DSSTox database 

coupled with the many disparate end-uses leading to their inclusion in the DSSTox 

database suggest that the range of chemical space occupied by DSSTox should 

adequately constrain the range of possible organic environmental contaminants within 

chemical space. These data also illustrate the inherent challenge of comprehensive 

environmental chemical analysis, namely that the large range of physicochemical 

properties contained within the DSSTox database alone spans much of the range 

covered by known chemical space, as depicted by the underlying projection of the 

PubChem database.    

The portion of environmentally relevant chemical space occupied by known 

wastewater micropollutants is comparatively small compared to PubChem, or for that 

matter DSSTox.  Specifically, the range of wastewater micropollutant structures 

clustered near low molecular weight and relatively small domains in the chemical space 

projection.  These results support two main conclusions. First, the available literature on 

the occurrence of organic substances in wastewaters likely reflects, at least in part, 
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limitations in instrumental analysis. Namely, the prevalence of low molecular weight 

semi-polar and polar compounds in these data reflects the amenability of those 

substances to common determinative methods in environmental analytical chemistry 

such as gas and liquid chromatography coupled to mass spectrometry. Such methods 

have distinct limits for detection (i.e., maximum observable mass) and chromatographic 

compatibility (i.e., thermal stability, boiling point, water solubility) that reflect limits of 

instrument performance. Second, these data may reflect the performance characteristics 

of wastewater treatment facilities. Compositions of wastewaters reported in the scientific 

literature typically focus on those facilities with the widest environmental implications, 

which in most instances are conventional domestic wastewater treatment facilities. 

These facilities are designed to act as barriers for microbial and chemical contaminants 

between municipal wastewaters and the aquatic environment and as such they usually 

deploy several physical (e.g., settling, filtration) and chemical treatment (e.g., activated 

sludge, UV, chlorine) mechanisms, which collectively have the effect of reducing the 

molecular weight and increasing the oxidation state of organic matter.  Those trends are 

both reflected in the range of chemical space occupied by the wastewater micropollutant 

sub-database compiled herein.    

HPLC-HRMS. Figure 5 depicts representative base peak chromatograms for each 

of the effluent extracts. While many of the chromatographic features appear to be 
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conserved between the various extraction techniques, differences in extraction efficiency 

are readily apparent even at this coarse level of analysis. Namely, the mixed-mode 

polymeric sorbents (i.e., HLB, PEP) gave the most feature rich extracts, likely owing to 

their improved capacity and broad extraction profile (i.e., efficient extraction of organic 

compounds with diverse physicochemical properties).  

 

Figure 5 Base peak chromatograms and detected chromatographic features in the 
effluent of North Durham Water Reclamation Facility.  

The mixed-mode anion and cation exchange share significant features with the 

HLB phases, due to common reversed-phase character in those sorbents. However, both 

the MAX and MCX phases appear to show improved enrichment of early eluting, 

highly-polar, substances, consistent with the more specific sorption mechanism 

operating in those systems. Carboprep extracts were expected to give the cleanest 

extracts, but the lowest recoveries for non-polar compounds, which appears to be the 

case. These results indicate that the applied extraction techniques achieved a degree of 
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orthogonality that enabled more comprehensive analysis of the wastewater effluent due 

to the broad-spectrum and indiscriminate extraction profile achieved by application of 

multiple SPE sorbents.  Relative to single-extraction or pooled-extract approaches 

utilizing layered or separate cartridges with multiple SPE sorbents, performing the 

extracts in parallel and keeping the extracts separate through instrumental analysis 

gives several benefits. First, extractions performed in parallel reduce the risk of 

overloading and subsequent breakthrough during the extraction. This is achieved by 

keeping the sample size low and allowing the specificity of the sorbent to enrich 

compounds of interest, knowing that the extraction profile for each sorbent will be 

slightly distinct. Second, the application of data-dependent analysis benefits from 

reduced sample complexity. Considering the data-dependent logic applied during 

analysis, it is of benefit that the extraction efficiency between media results in somewhat 

distinct compound profiles in each extract. This variability helps to ensure the best 

possible tandem mass spectral coverage for the sample. For instance, it is highly unlikely 

that the rank-order of intensity for co-eluting peaks will be the same over triplicate 

extractions utilizing six different extraction media. This result arises from stochasticty in 

data-dependent tandem mass spectral analysis resulting from the cyclic acquisition rate 

of the mass analyzer and the frequency of co-elution for compounds in highly complex 

mixtures.  The advantage of this approach coupled with the superior MS/MS cyclic rate 
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performance of the Orbitrap Fusion mass analyzer is evident in the tandem mass 

spectral coverage of the detected chromatographic features (vide infra).  

Peak detection and spectral assignment. Peak detection resulted in 4,110 unique de-

isotoped and de-adducted chromatographic features, which is consistent with the 

number of unique chromatographic features typically reported by HPLC-HR/AM MS of 

treated wastewaters. For instance, Schhymanski et. al., reported 6,700 ± 1,1670 non-

targeted features in positive electrospray analysis of wastewater effleunts.(46) Full-scan 

pseudospectra containing all adduct and isotope peaks were subsequently extracted 

based on the observed neutral mass and retention time. Less than 2% of detected 

features could not be assigned full-scan pseudospectra, likely due to the presence of 

charge-states or adduct species considered by Compound Discoverer but not by the 

developed post-processing spectrum extraction program. For features with extracted 

psuedospectra, >44% had two or more adduct ions and >70% had four or more isotope 

peaks annotated in the spectra, respectively. The upper panels in Figure 6 depict 

histograms of adduct and isotope peak annotation per feature. Excellent tandem mass 

spectral coverage was achieved with the applied data-dependent acquisition method 

such that >97% of detected features had corresponding accurate mass HCD 

fragmentation spectra.  
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Figure 6 Histograms showing results of spectral annotation and formula assignment 
for features detected in the wastewater effluent extracts.  

Molecular formula assignment. Resulting tandem mass spectra were paired with 

the appropriate precursor ion full-scan data and processed using the SIRIUS 

algorithm(64) which successfully proposed molecular formulas for >98% of features that 

had associated tandem mass spectra. In instances where multiple adduct ions 

corresponding to a feature had corresponding tandem mass spectra, the SIRIUS 

algorithm was applied to each unique pair and the resulting scores were aggregated by 

unique formula. In this way, all data salient to a given feature was used in the 

calculation of the molecular formula. The number of formulas postulated for each varied 

from one to fifteen, the maximum defined during implementation of the SIRIUS 
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algorithm. The lower left panel of Figure 6 depicts a histogram of number of formulas 

postulated per feature, showing that >40% of features returned the maximum allowed 

number of formulas. In total, 36,880 formulas were predicted across the entire dataset, 

with the top scoring formula retained for further analysis. The SIRIUS algorithm 

postulates sum formulas based on the accurately measured monoisotopic mass, the 

abundance and mass accuracy of the associated isotopic peaks and observed 

fragmentation spectra. Sum formulas are assigned by decomposing both the mass and 

isotope distribution of the full-scan mass spectra and the accurate mass of the fragment 

ions. Assuming that any observed fragment ion must be a subset of the intact precursor 

ion drastically reduces the possible combinations of elements that may be incorporated 

into the proposed formula and leads to more accurate formula prediction, as has been 

described elsewhere.(63-64, 71, 94-95) Predicted formula are scored and ranked based on 

the mass deviation of the monoisotopic mass, the intensity deviations of the observed 

isotope peaks relative to a modeled isotope pattern and the proportion of annotated 

fragment peaks.  

Structural formula annotation. Top ranked molecular formulas were 

programmatically queried against the PubChem database(96) utilizing the Power User 

Gateway(97) to match chemically feasible (or at least previously described) molecular 

structures to the postulated molecular formula. PubChem contains more than 50M 
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discrete compounds, therefore querying by molecular formula, instead of accurate mass, 

which has been applied in alternative approaches, drastically increased the processing 

speed during my analysis and increased confidence in the resulting structure 

assignment owing to incorporation of isotope pattern and fragmentation spectral data in 

the molecular formula assignment. Formulas not found in the PubChem database were 

not subjected to further analysis. In instances where multiple structure matches were 

found for a given molecular formula, the resulting structures were filtered based on the 

availability of patent or literature references in the PubMed repository except when no 

patent or reference counts were present for the top assigned molecular formula, in 

which cases the first ten structures retrieved from PubChem were retained for further 

analysis. The lower right panel of Figure 6 depicts histograms of the number of 

structures proposed per feature. Of features that were assigned a molecular formula, 

>59% were assigned at least one postulated structure. Filtering postulated structures 

based on patent or literature reference availability drastically reduced both the total 

number of structures proposed for all features and the number of structures proposed 

for any one feature. After molecular formula assignment and initial filtering based on 

patent/reference, features assigned ten molecular structures had the highest counts 

among all features, likely indicating that a large number of the postulated formulas had 

structure matches in the PubChem database without any patent or reference data and 
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were therefore assigned the default number of structures (i.e., ten). In total, 64,618 

structures were postulated and passed to subsequent analysis. This approach has the 

benefit of retrieving structural formulas corresponding to compounds not previously 

prioritized for environmental monitoring.  In other words, my approach is a more 

purely “non-targeted” method for compound discovery than previous “suspect 

screening” methods that have been reported, which use a priori expectation of 

environmental contaminant likelihood based on prioritization.  In my analysis, no 

requirement is enforced for environmental occurrence, a priori. For instance, results of 

drug metabolism studies are often indexed in PubChem. Drug metabolites might occur 

in wastewaters as a result of their metabolism by the treated individual (e.g., Phase I and 

II metabolites) or as transformation products resulting from wastewater treatment (e.g., 

biodegradation products). Screening approaches that rely on building targeted lists of 

analytes(i.e. suspect screening) may prioritize certain drugs based on their rates of 

prescription, but fail to include transformation products that may be important for 

determining chemical risk. In some instances, transformation products may occur in 

wastewaters at higher levels than their parent compounds and with similar bioactivities 

or may experience back-transformation to parent compounds (i.e., deconjugation of 

Phase II metabolies).(98-99) In general, filtering postulated structures based on patent 

and reference availability presumes that substances occurring in environmental samples 
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likely are produced as industrially or commercially relevant substances or have been 

studied through the course of their preparation and/or application and, conversely, that 

structures that have not been patented or referenced are not likely to have a significant 

source into environmental media. In most instances, substances present in the PubChem 

database without patent or reference data result from computational datasets predicting 

possible structures and in some instances may not have ever been synthesized. Several 

examples in the literature have demonstrated the utility of prioritizing unknown 

structures based on their reference or patent availability from large databases.(100-101) 

However, this approach presents two principal limitations with regard to structural 

formula annotation. First, assignment of structural formulas in this approach requires 

that the postulated structure be present in the PubChem database with at least one 

patent or literature reference. Certainly many compounds occurring in natural and/or 

engineered systems are not known to literature. These substances represent true 

unknowns in the sense that their structure has never been previously characterized. 

Again taking the example of transformation products, my analysis would fail to assign 

structural formulas to transformation products that have not been described in science. 

This limitation may be particularly relevant to engineered systems, where complete 

structural characterization of truly unknown organic micropollutants remains 

challenging due to low-levels of occurrence and high limits of detection for 
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determinative methods capable of assigning absolute structure (i.e., 1H and 13C nuclear 

magnetic resonance spectroscopy). An alternative approach for circumventing 

dependence on databases of known compounds for structure annotation is structure 

generation, whereby all possible molecular graphs are postulated for a given molecular 

formula.(102-105) However, the computational cost of structure generation approaches 

remains large and tools for prioritization and annotation of resulting data remain in 

their infancy.  Second, prioritization of substances based on reference or patent 

availability may bias structure annotation toward structures that have been widely 

studied or patented and don’t necessarily represent the correct annotation. One way to 

circumvent the former limitation is to apply several orthogonal scoring metrics for the 

postulated structure based on rationalization of the postulated structure by the observed 

data. In the present case, I applied two tandem mass spectral prediction algorithms to 

score postulated structures based on annotation of observed fragmentation spectra by 

computationally predicted fragments. 

Fragment ion prediction and spectral annotation. Recently, several algorithms for the 

prediction of fragmentation spectra for small organic molecules have been developed 

and published. In general, these approaches can be categorized as rule-based and 

combinatorial-based approaches. Examples of rule-based spectral prediction tools 

include ACD Fragmenter(106) and Mass Frontier(107), which postulate fragment ions 
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based on cleavage rules amassed from literature reports where fragmentation spectra 

manually annotated (i.e., by hand). While these approaches generate mechanistically 

sound fragmentation predictions due to their incorporation of expert knowledge, their 

reliance on pre-established rules may lead them to fail in instances where postulated 

structures fall outside their respective training sets and the computational expense 

required for their implementation makes them cumbersome to implement for analysis of 

large datasets. The MetFrag algorithm represents a combinatorial fragmentation 

approach that generates all possible fragments of a given molecular graph and scores 

resultant annotation of the observed spectra based on fragment ion matches and 

likelihood of fragment ion formation.(73) Likelihood of fragment ion formation is 

assigned by considering the dissociation energies for the bonds broken to form the 

fragment ion. Contrary to rule based fragmentation approaches, the goal of the MetFrag 

approach is not to predict fragmentation mechanisms in a mechanistically sound 

manner, but instead to provide an efficient means of searching large compound 

databases for probable matching structures using the observed fragment ions as 

structural hints to the correct structure. The MetFrag algorithm generates all the possible 

topological fragments of a structure (i.e., not considering rearrangement reactions) by 

sequentially breaking all bonds in a molecular graph. The MetFrag score represents a 

weighted value of the number of fragments matched to the experimental spectrum and 
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accounts for the bond dissociation energy required to break those bonds. Peaks are 

weighted by intensity such that more intense fragment peaks have a greater impact on 

the score. Higher bond dissociation energies for predicted fragments penalize the score. 

Bond dissociation energies are based on the standard enthalpy change of bond 

formation amassed from literature values. In select instances, rules are incorporated to 

account for non-topological reactions (e.g., water losses).(73) Due to the nature of their 

design, combinatorial approaches have poor precision. Namely, they predict many more 

fragment ions than are actually observed, which may lead to high false-positive rates in 

instances where high scores are achieved by fragment ions generated by highly 

improbable reaction sequences. Heuristics are incorporated in combinatorial approaches 

to limit high false positive rates resulting from this computational artifact. In the case of 

the previous described MetFrag algorithm, bond dissociation energies represent a 

computationally inexpensive and relatively rudimentary heuristic metric for prioritizing 

likely fragmentation events. Another heuristic approach has been applied in the form of 

machine learning, as in the case of the CFM-ID algorithm.(65) CFM-ID is based on a 

learned model from experimental fragmentation spectra. The model estimates the 

likelihood of a fragmentation event and thus limits the prediction space to only 

fragments that are likely to occur. In the CFM-ID algorithm, fragmentation is considered 

as a stochastic event with a single transition state between charged fragments that is 
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independent of the previous states of the system (i.e., Markov process). While this 

approach requires a training set similar to rule based fragmentation approaches, its 

reliance on machine learning frees it from dependence on manually annotated spectra, 

which makes is readily extensible to large training sets that would be cumbersome to 

annotate by hand or which may contain fragmentation reactions not readily rationalized 

by the analyst. In the present work, both MetFrag and CFM-ID were concurrently 

applied to postulated structures and their respective experimental tandem mass spectra. 

Score were retained and used for later prioritization.  

Structure similarity searching. As described previously, MQN-similarity represents 

a computationally efficient and appropriate means for categorizing the molecular 

similarity of large datasets of environmentally relevant compounds. To harness this 

capability for the identification of non-targeted micropollutants, I compared the 

molecular similarity of each postulated structure to both the DSSTox database and to my 

compiled and curated database of known wastewater micropollutants. In the case of the 

known wastewater micropollutant structures, the underlying database contained 

information on the total number of times the target structure was referenced in the body 

of literature compiled to form the database.  I used these data to add additional weight 

to the structural similarity index retrieved by comparison of the postulated structure to 

that database. I propose that utilizing structural similarity measurement (in this case, 
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MQN Euclidean distance) of postulated structures to known or probable environmental 

contaminants could prioritize structures that may be more likely to occur in 

environmental media owing to their structural features or shared usage patterns with 

compounds in either the DSSTox or known wastewater micropollutant databases. 

Examples of such structures might arise in instances where the postulated structure 

differs only by one functional group or a rearrangement of bonds, as might be expected 

in a transformation product, or where a known pollutant has been replaced with a 

similar but distinct chemical for commercial/industrial use. Compared to approaches 

that rely on defined chemical libraries for identification of unknowns, this approach 

offers the distinct advantage of extensibility and adaptability to changes in chemical use 

patterns. In the case of molecular similarity to the known wastewater micropollutant 

database, high degrees of candidate similarity to those structures may serve as 

indicators of structural motifs that are problematic in treatment and therefore represent 

structures that are more likely to be recalcitrant toward removal and therefore persist in 

effluents.  

Structure scoring and ranking. In most instances, multiple structures were 

postulated for individual detected features.  Only 329 features were assigned only a 

single postulated structure, so that in the vast majority of cases, there was a need to rank 

and score postulated structures based on the available data for each feature. To prioritize 
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structures, I applied a weighted scoring approach such that the results of fragment 

spectra annotation, patent counts, number of literature references, and structural 

similarities to the DSSTox and wastewater micropollutant databases were considered. 

Weights were applied based on the specificity of the scoring metric to the postulated 

structure and the observed data. For instance, results of fragmentation spectral 

annotation were weighted higher than patent and reference counts because high scores 

in those results require that the postulated structure explain the observed experimental 

data  (i.e., fragmentation spectra) that could be related to structural features of a 

molecule, whereas patent and reference counts may be related to the likelihood of 

occurrence in environmental media but cannot be related directly to the observed 

experimental data on a structural basis. Furthermore, additional weight was given to 

structures that were highly similar to compounds known to exist in wastewaters 

according to Equation 1:  

Equation 1. Calculation of structure similarity to known wastewater pollutants. 

𝑆𝑐𝑜𝑟𝑒!!,! = 𝑆𝑡𝑟𝑢𝑐. 𝑆𝑖𝑚.!!,!+ 𝑆𝑡𝑟𝑢𝑐. 𝑆𝑖𝑚.!!,!  log!"(1+ 𝑅𝑒𝑓 𝐶𝑜𝑢𝑛𝑡𝑠!!)  

 Where the total ‘wastewater score’ (ScoreWW) represents the sum of the structure 

similarity between the postulated structure and the nearest entry in the literature 

compiled database (Struc. SimWW) plus the similarity weighted by the log of the 

reference counts to that structure in the database (Ref CountsWW). MetFrag assigns 
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fragmentation scores that do not have an upper bound, resulting in different maximum 

scores for each interrogated combination of structures and observed spectra within a 

single feature. Therefore, MetFrag scores were normalized to the maximum observed 

score among all postulated structures for a given feature before weighting.  The CFM-ID 

algorithm reports a probability of match between a postulated structure and the query 

spectrum, with a maximum value of unity (100% probability of match), and was 

therefore left un-scaled prior to weighting. In numerous instances patent and reference 

data were distinctly bimodal, such that most postulated structures had very few 

references and a small number of structures had orders of magnitude higher patent or 

reference counts. To reduce skew introduced into the scoring by the distribution of those 

data, patent and literature reference counts for a given postulated structure (i) were 

scaled to the range of reference and patent counts within the set of postulated structures 

for a given feature (j) prior to totaling the score as depicted in Equation 2.  

Equation 2. Calculation of PubMed reference and patent scores.  

𝑆𝑐𝑜𝑟𝑒!"# | !"#$ =
log!"(1+ 𝑐𝑜𝑢𝑛𝑡!)

max
!
[log!"(1+ 𝑐𝑜𝑢𝑛𝑡)]

 

Each postulated structure (i) in a set of postulated structures (j) for a feature was 

assigned a total structure score, as depicted in Equation 3.   

Equation 3. Calculation of structure score.  
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𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑠𝑐𝑜𝑟𝑒! =  
𝑀𝑒𝑡𝐹𝑟𝑎𝑔!"#$%,!

max
!
𝑀𝑒𝑡𝐹𝑟𝑎𝑔!"#$%

+ 3 𝐶𝐹𝑀𝐼𝐷!"#$,! +  0.5 𝑆𝑐𝑜𝑟𝑒!"#$,! + 𝑆𝑐𝑜𝑟𝑒!"#$,!+ 𝑆𝑐𝑜𝑟𝑒!!,!

+ 0.2 𝑆𝑡𝑟𝑢𝑐𝑆𝑖𝑚!""#$%,! 

As described above, the weights applied to each scoring metric were determined 

intuitively based on the specificity of the applied scoring metric to the structure and 

availability of corroborating information. For instance, the wastewater score was weight 

higher than similarity to an entry in the DSSTox database owing to the fact that 

inclusion in the wastewater database strongly suggests occurrence in the environment 

while inclusion in the DSSTox database may indicate only significant use or 

toxicological interest, not necessarily documented occurrence in environmental media.   

An overview of the above-described workflow is presented in Figure 7, showing the 

relationship of the data acquisition, sequence of analysis, applied algorithms and criteria 

implemented in scoring non-targeted organic micropollutants for identification in 

wastewater effluent samples analyzed herein.  
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Figure 7. Overview of the developed automated workflow for the annotation of 
non-targeted organic micropollutants in wastewaters.  
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Annotation of reference compounds.  Performance of the above described 

methodology was assessed by application to a mixture of fifty-four organic compounds 

relevant to environmental media representing various chemical classes that might be 

expected to be found in wastewaters, including: pharmaceuticals, insecticides, 

herbicides and several transformation products of those compounds. These compounds 

represented a range of both molecular and structural characteristics such as variable 

degrees of halogenation, heteroatom counts and physicochemical properties (e.g., 

polarity). The mixture of standards was processed under two conditions. First, identity 

and retention behavior for each analyte was established through manual inspection of 

multi-point calibration curves generated from the standard mixture and comparison of 

observed fragmentation spectra to spectral libraries (where available). These data were 

retained for comparison to the results from the non-targeted analysis. Second, data 

generated from the analysis of the standard compounds was processed according to the 

above-described workflow. Interrogating the data with the aforementioned reference 

data, generated by manual inspection, assessed the accuracy and specificity of the 

computationally derived results as measured by the rank of the correct molecular and 

structural formula in the non-target screening results. After feature detection and 

spectral extraction, correct molecular formulas were predicted as the top result by the 

SIRIUS algorithm for 64% of the standards compounds present in the mixture. Correct 
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formulas were predicted in the top-5 results for >81% of the structures. In instances 

where the correct formula was the top result, subsequent structural assignment and 

spectral scoring gave the correct result as a top rank for >88% of the standard 

compounds. In general, the structure score (Equation 3) was poorly correlated with the 

formula score utilized by SIRIUS to rank  

 

Figure 8 Structure and formula scores for reference compounds.  

postulated molecular formulas, as depicted in Figure 8, reflecting the orthogonality of 

both the data utilized in the calculation and the algorithms used to arrive at the eventual 

scores. While both scores depend in part on the annotation of tandem mass spectra, they 

do so in quite different ways. For instance, the formula score calculated by SIRIUS scores 

a postulated molecular formula based on the observed monoisotopic and isotopic peaks 
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and then detects fragment ions that may be potential subsets of that molecular formula 

without regard to arrangement or connectivity of the atoms in the fragmented molecule. 

Alternatively, the structure score contains (and may be driven by in some cases) the 

fragmenter scores resulting from the application of the MetFrag and CFM-ID algorithms 

to postulated structures. High scores in the fragmentation prediction algorithms 

necessitate that the postulated structure contain sub-graphs that can fragment to form 

the observed fragment ions. This requirement for connectivity agreement between the 

observed spectra and the postulated structure along with the non-spectral based 

elements of the structure score make these two processes orthogonal in the sense that 

achieving a high structure score does not require that the predicted formula have a high 

formula score and vice versa. Taken together, the results of the reference material 

analysis showed that the applied approach can robustly predict both the correct 

molecular structural formula for detected chromatographic features without user 

intervention. While the error rate in structure annotation appears to be low (< 20%) this 

result may reflect the fact that the compounds contained in the standard mixture are for 

the most part well-studied environmental contaminants and therefore may represent a 

best-case scenario for the annotation rate of the applied methodology.  More testing will 

be required to determine this. Furthermore, even with state-of-the-art molecular formula 

prediction algorithms such as SIRIUS, this crucial step in the analytical workflow may 
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still fail to predict molecular formulas, which then will guarantee an incorrect structure 

prediction downstream in the workflow. Better results for the molecular formula 

prediction might be achieved by constraining the allowed elements and element counts 

by application of empirical or theoretical limits (such as those postulated by Kind and 

Fiehn’s “Seven Golden Rules”(108)), however this would come at the likely cost of 

breadth in applicability of the approach to the wide range of organic chemicals that 

might occur in environmental media.  

Empirical filtering of postulated structures. Feature detection and annotation of 

wastewater effluent extracts resulted in assignment of 2,291 postulated structures. 

Ideally, all postulated structures would represent correct structure annotations. 

However, false positive identifications are likely to occur in the set of tentative 

identifications based on incomplete consideration of all available data, and also 

considering the 20% false positive rate observed in the validation data set. The 

application of expert judgment regarding the plausibility of a postulated structures 

occurrence in environmental media based on data relating to the production and uses of 

a given chemical can increase the confidence of tentative identifications. However, the 

process of manually inspecting every postulated structure is laborious, particularly in 

the present, feature-rich case enabled by the high-performance Orbitrap Fusion analysis, 

where thousands of postulated structures would need to be manually examined for 
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EACH experiment. In attempts to standardize and prioritize these efforts, sorting and 

filtering criteria are often applied to focus and better utilize analyst time. One such 

approach is to sort data by relative “abundance”, as measured by peak area response, 

which makes the implicit assumption that high intensity peaks are the most relevant to a 

given sample and also likely have the highest quality analytical data. However, 

numerous contaminants occurring in wastewater may have highly specific bio activities 

at low-level concentrations such that prioritizing identifications of high-level 

micropollutants may miss these potentially important substances. One such example 

arises in the occurrence of synthetic hormones, which are present at very low levels in 

wastewaters, but nonetheless exert significant toxicity owing to very low level no-effect 

concentrations.(109) Furthermore, advances in instrument performance now allow 

acquisition of high-quality full-scan and tandem mass spectral data over the full-

dynamic range of the instrument, allowing for the possibility of confident structural 

assignment, even for trace level sample features. Figure 9 depicts the measured areas, 

structure scores and percent annotation rate for features in the wastewater effluent with 

and without postulated structures. These data show that high confidence structural 

assignments, as indicated by high structure scores, are not necessarily associated with 

high intensity analytical response (i.e., measured area). This result reflects the enhanced 

performance of the mass spectrometric platform applied in this work. Namely, the 
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increased scanning speed and tandem mass spectral acquisition rates of the Orbitrap 

Fusion tribrid high-resolution mass spectrometer provide enhanced data coverage 

relative to other instrument platforms, allowing for molecular and structural formula 

annotation even at low-levels of occurrence.  

 

Figure 9 Measured response, structure scores and cumulative areas of non-targeted 
organic micropollutants with and without postulated structures in the effluent of 
North Durham Water Reclamation Facility.  

 The right panel of Figure 9 shows the cumulative area measured as percent of the total 

observed area of all annotated and un-annotated features sorted by maximum area. 

While >55% of the total area is accounted for by annotated features appearing in the top-

1000 features sorted by intensity, some 5% of annotated features occur at significantly 

lower intensities, all the way down to the lower limit of detection of the instrument 

(typically with peak area ~104). Even at those low-levels of instrument response, 

appropriate data for molecular and structural formula assignment were generated. As 
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noted previously, low-level concentrations do not preclude a substance from having a 

negative risk profile, therefore I chose not to filter tentatively identified features by 

measured area. Instead, I sought to prioritize manual interpretation and rationalization 

based on empirically measured metrics derived from analytical judgment, not 

presumption about the relative importance of features occurring at higher levels of 

measured response. To achieve this approach, knowledge of the behavior of small 

organic molecules under electrospray and liquid chromatography conditions were 

applied to cull structure annotations likely to fall outside the analytical window 

achievable with the applied methodology. First, I culled postulated structures without: 

H-bond donor or acceptor moieties, acidic or basic groups, or charge by searching each 

structure for the presence of SMARTS strings depicted in Table 3, reducing the number 

of postulated structures to 2,214.  

Table 3 Molecular descriptors utilized to determine electrospray amenability. 

Descriptor SMARTS strings/criteria 
acidic group  $([O;H1]-[C,S,P]=O), $([*;-;!$(*~[*;+])]), $([NH](S(=O)=O)C(F)(F)F), $(n1nnnc1) 
basic group  [$([NH2]-[CX4])], [$([NH](-[CX4])-[CX4])], [$(N(-[CX4])(-[CX4])-[CX4])], 

[$([*;+;!$(*~[*;-])])], [$(N=C-N)], and [$(N-C=N)] 
H-bond donor  FC(N|O)  ≥ 0 
H-bond 
acceptor  

FC(O) ≤ 0 except aromatic ether O and O adjacent to N; FC(N) ≤ 0 except N 
adjacent to O 

charge summed partial charges of all atoms in an element 
 

Next I utilized the properties of the applied chromatographic method to further refine 

the postulated structures. Liquid chromatography separates substances based on their 



 

  

64 

partitioning between a liquid mobile phase and a bound stationary phase. In the present 

case, alkyl bonded silica was the stationary phase, which generally separates substances 

by hydrophobicity due to hydrophobic interactions between the long-chain alkyl 

moieties of the stationary phase and the solutes.  This results in chromatograms where 

early eluting substances are generally highly polar compounds while later-eluting 

substances typically represent more non-polar substances. While the partitioning 

behavior of a given solute with the stationary phase is governed by the respective 

activity coefficients of that substance in either phase, an estimate of retention behavior 

can be assessed in the form of the predicted octanol-water partition coefficient.(110) 

Here I estimated the partitioning coefficient with an enhanced atom based prediction 

(i.e., XLogP), which assumes that the partition coefficient of a given molecule is the sum 

of all the contributions of each atom corrected for the identity of nearest neighbor atoms. 

Figure 10 depicts the results of fitting a linear model to the estimated LogP and retention 

time data. Postulated structures falling outside the 95% prediction interval of the 

regression were removed under the assumption that the retention behavior of the 

postulated structure was not consistent with the predicted properties of that substance, 

resulting in a reduction of total postulated structures to 2,188.  
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Figure 10 Estimated logP and retention times of structures assigned to features in 
the wastewater extract. 

Finally, I implemented a mass accuracy filter to refine the postulated structures based on 

ppm mass error of the predicted molecular formula from the observed neutral molecular 

weight. By design, molecular formula assignment algorithms aim to minimize the mass 

error in formula assignment. In the case of the SIRIUS algorithm, incorporation of 

multiple formula scoring criteria in the form of isotope and fragment ion data allows for 

formulas to achieve a top-rank for a given query without necessarily being the closest to 

zero mass error. This is advantageous due to the fact that all mass spectrometers will 

have a systematic mass error (e.g. mean offset from zero), which varies in magnitude 

depending on the quality of instrument components and the stability of the mass 

calibration. Furthermore, structural formulas achieving high scores based on their 
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tandem mass spectral behavior should represent molecular formulas that were correctly 

assigned. This is evident in Figure 11, which depicts the mass accuracy and structure 

scores of structures assigned to features detected in the wastewater effluent after the 

aforementioned retention time and ionization behavior filtering.  

 

Figure 11 Mass accuracy and structure score distributions for postulated structures 
detected in wastewater extracts. 

A bimodal distribution in the mass accuracy domain is readily apparent in these data, 

with one peak centered near 0 ppm and a second predominant peak centered at approx. 

-1.4 ppm. I postulate that the peak centered near 0 ppm represents an artifact of the 

tendency for all molecular formula assignment algorithms to give preference toward 

results with zero mass error in scoring. In the former case (i.e., peak centered on -1.4 
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ppm), many significantly higher structure scores were achieved, suggesting that those 

data are likely centered on the experimental mass error. I estimated the density of the 

mass error distribution and applied a second derivative peak detection to determine the 

center of the mass distributions before fitting a mixed-normal distribution model to the 

data. Finally, I filtered features having experimental ppm mass error beyond the 

observed 95% confidence interval of the modeled normal distribution around -1.4 ppm, 

corresponding to the highest structure scores resulting in a reduction of the number of 

postulated structures to 1,739. This approach embodies a novel approach for estimating 

the mass error and filtering postulated formulas achieved by both the high sample 

numbers, providing an excellent estimate of the population mean, and orthogonal 

scoring techniques that prioritize confident molecular formula assignments.  

Organic micropollutant composition of treated effluent. As might be expected, the list 

of tentatively identified structures detected in wastewater effluent contained a diverse 

array of molecular and structural features. To attempt a thorough and informative 

characterization of these materials, I first assessed global characteristics of the postulated 

structures through application of common techniques for structurally classifying organic 

substances. First, I evaluated the hydrogen and oxygen index of the assigned molecular 

formulas for features passing the above described filtering criteria. Figure 12 depicts 

those data in a Van Krevelen plot, where atomic hydrogen:carbon and carbon:oxygen 
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ratios are depicted along the ordinate and abissca axis, respectively.(111) For 

comparison, potential sources of organic chemicals to wastewater are also plotted, 

including: the Toxic Substance Control Act (TSCA) inventory, containing some 27,000 

monomeric industrial or consumer chemicals; the DSSTox database containing >100,000 

structures, which was described earlier in the text; and the Human Metabolome 

database containing more than 41,000 known human metabolites. Comparing possible 

sources of organic substances to wastewater to the results observed in the wastewater 

extracts reveals that those substances detected in wastewaters appear to be intermediate 

to the extreme cases of industrial and biogenic organic compounds.  For instance, the 

range of observed atomic hydrogen and oxygen ratios for the TSCA database, which is 

presumably dominated by petroleum products and synthetic organic compounds, 

shows distinctly higher density in H- and O-poor regions, reflecting the low oxygen 

content and highly aliphatic character common to synthetic organic compounds, which 

are in most instances derived from petroleum source materials.  Conversely, human 

metabolites showed high densities in regions characteristic of more H- and O-rich 

materials, reflective of their biosynthetic origins, which require that substances fall 

within distinct regions of polarity and molecular size to be compatible with biological 

systems.  Furthermore, I cannot rule out that the lower bound of the observed 

wastewater composition may represent a limit of the applied instrumental analysis.  
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Figure 12 Van Krevelen diagram of the observed organic chemical composition of 
the treated wastewater and potential source materials to wastewaters.  

Namely, as discussed previously, organic molecules are required to have moieties 

capable of donating or accepting electrons from an ionized species in order to form 

adduct ions by electrospray ionization. Therefore, distinctly H-poor regions where 

hydrocarbons and the like occur will be underrepresented by this technique, which is 

consistent with the result I observed. However, in general, the observed composition of 

the effluent organic matter had the characteristics consistent with what might be 

expected from ‘weathered’ organic matter possessing elevated O:C and H:C ratios that 

would result from the action of oxidative processes on organic materials.(112-113) This 
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result matches the known characteristics of wastewater treatment, where biodegradation 

and chemical processes degrade organic compounds, generally leading to the formation 

of lower molecular weight more highly oxidized organic species.(114) Furthermore, the 

paucity of observed structures in oxygen- and hydrogen-poor regions within my 

analytical results likely reflects the action of sorptive processes governing the removal of 

non-polar organic substances such that these materials are partitioned to suspended 

solids and removed from the dissolved phase by settling during treatment.   

To meet the objective of identifying organic micropollutants in wastewater 

effluents, I next manually inspected each remaining structure to check for plausibility of 

occurrence based on manufacturing and use data available in the peer reviewed 

literature, resulting in the tentative identification of numerous known and several 

previously unidentified wastewater derived organic micropollutants.  

Structures returning MQN similarity of unity (1) to either the compiled 

wastewater micropollutant database or the DSSTox database were subjected to 

substructure searching between the postulated structure and the database entries used 

to calculate the MQN-similarity. Postulated structures that were either strict graph 

matches or substructures of database entries totaled 196, representing more than 10% of 

the filtered structures. In a number of instances, the postulated structure differed only 

stereochemically from the database entry. This result arises due to structural 
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redundancies in the PubChem database used to assign postulated structures to the data. 

Structures with the same connectivity but having different stereochemical arrangement 

are assigned unique identifiers in a way that is not distinguishable by my analysis and 

data treatment. Nevertheless, the high proportion of either known wastewater derived 

micropollutants or those prioritized in DSSTox, which appeared in my results reflects 

both the comprehensiveness of the compiled databases and the ability of the applied 

workflow to prioritize substances based on their analytical data and structural similarity 

to known pollutants.  

Remaining data were sorted by structural similarity to known or possible 

wastewater derived contaminants. Tentative identifications with a similarity >0.8 to 

either compounds in DSSTox or the known wastewater micropollutant database were 

categorized by potential use and chemical class by manually inspecting literature 

references associated with the postulated structure, resulting in the assignment of 

numerous distinct chemical classes corresponding to various potential sources of 

wastewater derived organic micropollutants.  Figure 13 depicts an example of the 

tentative identification of a pharmaceutical transformation product. The left panel 

depicts the automatically annotated full-scan and tandem mass spectra, including the 

top-ranked molecular formula and the fragment ion peaks predicted by SIRIUS during 

formula assignment and by MetFrag overlaid on the experimental spectrum (Note: 
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intensities are not predict by either algorithm). The CFM-ID score is depicted in the 

upper corner, however this algorithm does not return predicted fragments for a given 

structure during processing, so those results are not depicted on the tandem mass 

spectrum. Upon inspection, the full-scan spectrum contains an isotopic pattern 

consistent with a molecular formula containing one chlorine, this is reflected in the 

formula predicted by SIRIUS, which received a high score based on the <2 ppm mass 

accuracy of the monoisotopic peak, the intensities of the isotope peaks and annotation of 

the major fragment ion in the MS2 spectra. The center panel of Figure 13 depicts all of the 

structures in PubChem that matched the molecular formula predicted by SIRIUS and 

had at least one patent or reference. While several other structures scored comparably 

based on the fragmentation predictor scoring, structural similarity to compounds in the 

DSSTox and wastewater database gave baclofen lactam the highest score. The right 

panel of Figure 13 shows the distinct similarities in the molecular composition and 

structural connectivity between the two substances that had the highest MQN-similarity 

and the postulated structure. Cotinine is a nicotine metabolite commonly found in 

wastewater-impacted environments, suggesting that the postulated structure may share 

similar environmental fate processes in wastewater treatment, namely, poor removal. 

The postulated structure is a reaction product of baclofen, a central nervous system 

depressant that is known to undergo intra-molecular lactamazation, especially in the 
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presence of reduced carbohydrates.(115)  The tentative identification in this case is (1) 

consistent with the spectral data (structurally consistent), (2) consistent with fate of 

structurally similar compounds in wastewater treatment (fate consistent), and (3) 

consistent with what is known about the formation/transformation of parent 

compounds that could give rise to the postulated structure (source consistent). This 

example demonstrates the process and utility of structure similarity searching in 

assigning and rationalizing postulated structures generated by non-targeted analysis, 

when used in combination with MS fragmentation-based structure prediction 

algorithms.  

Further characterization of the tentatively identified non-targeted 

micropollutants was performed according to the system recently recommended by 

Schmansky et. al., wherein levels of confidence in identification are reported based on 

the availability of the supporting analytical data.(116) Level 1 identifications constitute 

‘confirmed structures’ achieved by comparison to authentic standards. Level 2 

represents ‘probable structures’ as determined by matching literature or library spectral 

data. Level 3 denotes ‘tentative candidates’ indicating that there were multiple 

structures, but insufficient information was available to assign one particular  structure. 

Level 4 and 5 identifications correspond to assignment of ‘unequivocal molecular 

formula’ and ‘exact mass of interest’, respectively. In the present work, Level 1 
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identifications were assigned for postulated structure that eluted within 0.5 min of a 

readily available reference material for the postulated structure. Table 4 depicts the 

compounds identified by the non-targeted workflow and subsequently confirmed with 

authentic standards, along with their associated analytical data.  

Table 4 Identified compounds confirmed with reference materials (Level 1 
identifications). 

Cpd. Name SIRUS ppm MetFrag CFMID Pats Refs DSSTox WWdb 
struc. 
score 

1H-benzotriazole 17 -1.7 132 0.05 120317 280 1 1 (28) 3.18 

atrazine 35 -0.92 263 0.18 0 210 1 1 (85) 3.70 

deisopropylatrazine 55 -1.78 406 0.15 70 89 1 1 (13) 3.67 

deethylatrazine 12 -1.43 187 0.10 75 134 1 1 (15) 2.59 

diphenhydramine 12 -0.65 134 0.06 0 1305 1 1 (19) 3.03 

dextromethorphan 47 -0.20 328 0.12 0 891 1 1 (1) 2.71 

irbesartan 13 0.12 117 0.14 0 1161 1 1 (5) 3.02 

  

Generally, compounds identified in the Level 1 class were well known 

wastewater-derived micropollutants with various sources and environmental fates. For 

instance, 1H-benzotrizole is commonly used as a corrosion inhibitor while, 

diphenhydramine, dextromethorphan and irbesartan are widely prescribed 

pharmaceuticals, all of which are commonly detected in wastewaters. Furthermore, the 

commonly applied herbicide atrazine and its metabolites were also detected in this class. 

These compounds show a range of scoring metrics utilized in their identification, but 

typically had high scores by SIRIUS and MetFrag. All the identified compounds had 

structurally similarities of 1 to DSSTox or the compiled wastewater contaminant 



 

  

75 

database, indicating that they were either present or highly structurally similar to entries 

in those databases. However, reference and patent counts varied significantly between 

the identified structures, but did not appear to overwhelm the overall structure score, 

indicating that normalizing those values, as described above, was an appropriate means 

for weighting fragmenter scores compared to literature data. This result indicates that 

the applied scoring approach provided an effective means for postulating structures 

based purely on computational metrics.  

Level 2 identifications in this work were assigned based on comparison of the 

observed tandem mass spectra for postulated structures to a freely available HR/AM MS 

spectral library (mzCloud). Before conducting the spectral comparison, I queried the 

library for the presence of the postulated structure by name. Structures that were 

present in the library were further refined by only considering those where the 

ionization mode and adduct ion utilized to generate the library spectrum were 

consistent with those extracted during the molecular and structural formula assignment 

in my analysis. When those criteria were met, the library was queried with the observed 

tandem mass spectra and the accurately measured precursor mass. Instances where the 

postulated structure was returned as the top-matching library structure constituted a 

Level 2 identification. Compounds tentatively identified in this class represent highly 

probable structural annotations owing to the concordance of computationally derived 
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structural annotation, widespread usage and/or environmental occurrence as indicated 

by the high numbers of patents and references and spectral matching between the 

experimental mass spectra and that obtained for a reference material. Level 2 

identifications were further classified by possible end-use application. For instance, 

numerous compounds commonly utilized as chemical additives or intermediates were 

identified (Table 5). The presence of these compounds is suggestive of their 

incorporation into various consumer products that may interact with water during their 

use.  

Structures classified as probable natural products or pesticides were also 

classified among the Level 2 identifications (Table 6). The occurrence of natural products 

in wastewaters likely represents an often under-reported component of dissolved 

effluent organic matter, due to widespread focus on identifying synthetic organic 

pollutants. However, the tentative identification of natural products here highlights the 

benefit of the present approach in that it makes no presumptions about the composition 

of the sample. In contrast, suspect-screening approaches would likely not identify 

natural products due to their exclusion from suspect-screening databases. While the 

occurrence of natural products in wastewater effluents is not likely to pose adverse 

ecological effects, owing to their typically low persistence, bioaccumulation and toxicity, 

accounting for their presence and concentrations could be essential to establishing the 
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effectiveness of wastewater treatments, especially tertiary treatments aimed at reducing 

concentrations of synthetic organic micropollutants. For instance, optimization of 

tertiary treatment processes for removal of total or dissolved organic carbon and/or 

chemical oxygen demand would likely result in inefficiencies arising from over-

application of treatments. Whereas quantitative performance assessment based on the 

removal of both synthetic organic micropollutants and natural products, occurring in 

influent or as secondary metabolites of biological treatment, would allow for cost-

effective treatment optimization by highlighting treatment conditions optimal for 

removal of contaminants of concern.   

Pharmaceutical compounds comprised the largest number of probable structures 

classified as Level 2 identifications, totaling 36 (Table 7). This result likely arises from a 

combination of the widespread use of pharmaceuticals, the direct source of those 

compounds to wastewaters through excretion with human wastes and, importantly, the 

disproportionate representation of those compounds in spectral libraries. Namely, 

pharmaceutical compounds typically have a wealth of analytical data generated during 

their initial testing and registration and those data subsequently become available to 

spectral libraries. In contrast, chemicals formulated for industrial or commercial use 

typically are not required to undergo extensive chemical analysis prior to use, which 

results in a paucity of data for those structures in spectral libraries. Notable exceptions 
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occur in instances where those chemicals find use in products that present a direct 

exposure route to humans (e.g., additives used in food-contact materials) and when a 

compound has been widely detected in environmental media. Furthermore, products 

resulting from the transformation of organic compounds during use or disposal (e.g., 

biodegradation products) are likely under represented in spectral libraries, but may 

nonetheless be important to understanding the fate of organic micropollutants in 

wastewaters. This result highlights the critical need for non-target screening approaches 

that can characterize the composition of wastewaters independent of spectral libraries. 

In these instances, relative confidence in a purported identification may arise from the 

confluence computational mass spectrometric methods with rational explanations for 

the occurrence of those compounds.  
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Table 5 Additive and intermediate chemicals classified as Level 2 identifications. 
Scoring criteria considered in the tentative identification, include: molecular 
formula score (SIRIUS), mass accuracy (ppm), fragment scores (MetFrag, CFMID), 
patent and reference counts (Pats, Refs) and structural similarity to entries in the 
compiled databases (DSSTox, WWdb).  

 

Cpd. Name SIRIUS ppm MetFrag CFMID Pats Refs DSSTox WWdb 
struc. 
score 

Tetraglyme 9 -0.93 21 0.10 12807 34 1.00 1.00 (1) 2.72 

azepan-2-one 1 -0.85 231 0.03 0 194 1.00 1.00 (4) 2.28 

melamine 6 -1.79 81 0.11 65588 603 1.00 1.00 (2) 2.88 
2-
(Methylthio)benzoth
iazole 19 -1.32 252 0.04 776 9 1.00 1.00 (3) 3.12 

benzophenone 18 -1.46 110 0.04 138604 751 1.00 1.00 (9) 3.26 

quinoline 7 -1.63 61 0.14 249041 2081 1.00 
1.00 
(14) 3.24 

benzothiazole 3 -1.11 99 0.06 118048 465 1.00 1.00 (9) 2.81 
4-methyl-1H-1,2,3-
benzotriazole 27 -1.22 164 0.21 0 8 0.87 0.87 (9) 2.55 

triphenyl phosphate 33 0.08 281 0.11 29949 85 1.00 1.00 (6) 3.15 

trimethyl phosphate 6 -2.18 4 0.12 5943 42 1.00 1.00 (3) 2.65 

dibutyl phosphate 16 -1.45 41 0.02 6036 20 1.00 0.70 (9) 2.60 
dipropyleneglycol 
dibenzoate 12 -0.31 77 0.09 0 1 1.00 0.59 (8) 2.35 

azepan-2-one 34 -1.11 478 0.39 0 194 1.00 1.00 (4) 3.47 
benzyl butyl 
phthalate 8 -0.13 54 0.03 0 190 1.00 1.00 (8) 2.72 
diethyl hydrogen 
phosphate 7 -1.39 73 0.04 0 88 1.00 0.71 (1) 2.00 

crotamitex 15 -1.16 228 0.04 0 46 0.76 1.00 (4) 2.56 

nootaktone 56 -0.85 383 0.26 0 37 1.00 0.67 (4) 2.90 
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Table 6 Natural products and pesticides classified as Level 2 identifications. Scoring 
criteria considered in the tentative identification, include: molecular formula score 
(SIRIUS), mass accuracy (ppm), fragment scores (MetFrag, CFMID), patent and 
reference counts (Pats, Refs) and structural similarity to entries in the compiled 
databases (DSSTox, WWdb).  

 

Cpd. Name SIRIUS ppm MetFrag CFMID Pats Refs DSSTox WWdb 
struc. 
score 

acridine 7 -1.79 71 0.05 135286 2131 1.00 1.00 (6) 2.86 

valerophenone 20 -0.34 131 0.09 0 6 1.00 0.74 (1) 2.31 

6-hydroxymelatonin 33 -0.19 272 0.05 0 105 1.00 0.58 (1) 2.00 
9H-pyrido[3,4-
B]indole 7 -0.96 87 0.10 0 348 1.00 0.76 (8) 2.27 
2,3,5,6-
tetramethylpyrazine 21 -1.78 300 0.30 0 310 1.00 0.73 (1) 2.90 

decanamide 73 -1.14 368 0.24 0 6 0.82 0.71 (1) 2.85 
9H-Pyrido[3,4-
B]indole 62 -1.14 201 0.17 0 348 1.00 0.76 (8) 2.76 

tryptamine 13 -0.51 367 0.18 0 547 1.00 0.58 (6) 2.51 

nonylamine 16 -1.26 84 0.06 0 97 1.00 0.73 (3) 2.23 

L-carnitine 32 -1.34 389 0.33 0 65 1.00 1.00 (1) 2.98 

docos-13-enamide 31 0.46 201 0.12 4665 15 1.00 0.66 (1) 2.81 

naptalam 25 -0.16 309 0.04 5785 50 1.00 0.64 (5) 2.67 

diuron 24 -0.83 22 0.05 0 340 1.00 1.00 (30) 3.09 
2-
aminobenzimidazole 20 -1.00 212 0.07 4237 74 1.00 1.00 (1) 2.62 
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Table 7 Level 2 pharmaceuticals identifications. Scoring criteria considered in the 
tentative identification, include: molecular formula score (SIRIUS), mass accuracy 
(ppm), fragment scores (MetFrag, CFMID), patent and reference counts (Pats, Refs) 
and structural similarity to entries in the compiled databases (DSSTox, WWdb).  

Cpd. Name SIRIUS ppm MetFrag CFMID Pats Refs DSSTox WWdb struc. score 

piracetam 5 -0.65 171 0.04 0 1288 1.00 1.00 (1) 2.27 

pargyline 8 -1.01 169 0.12 0 21 0.79 0.76 (1) 2.32 

dextrorphan 13 -0.57 8 0.00 0 168 1.00 1.00 (1) 1.92 

methyl ecgonine 9 -1.49 99 0.14 0 105 0.63 1.00 (3) 2.45 

levamisole 38 -0.59 296 0.08 0 1032 1.00 1.00 (1) 2.48 

ecgonine 13 -1.44 119 0.11 0 30 0.62 1.00 (1) 2.26 

antipyrine 26 -1.10 191 0.12 0 947 1.00 1.00 (16) 2.84 

Propyphenazone 41 -0.55 129 0.08 0 62 1.00 1.00 (10) 2.61 

camphor 9 -1.35 37 0.13 0 1005 1.00 1.00 (5) 2.65 

gabapentin 23 -0.36 428 0.14 0 3135 1.00 1.00 (15) 2.93 

cycloheximide 24 0.35 149 0.00 0 5226 1.00 1.00 (3) 2.48 

nadolol 28 -0.26 175 0.00 0 303 1.00 1.00 (6) 2.62 

4-methylumbelliferone 9 -1.28 114 0.08 8928 396 1.00 1.00 (1) 2.71 

amantadine 15 -0.60 221 0.05 0 285 1.00 1.00 (2) 2.12 

4-acetamidoantipyrine 30 -0.67 261 0.03 0 11 0.87 0.87 (10) 2.32 

buflomedil 46 -0.27 88 0.06 0 62 1.00 0.59 (1) 1.92 

aminorex 80 -0.60 477 0.21 0 33 0.82 0.64 (14) 2.88 

8-hydroxyquinoline 16 -1.63 459 0.19 35303 635 1.00 1.00 (4) 3.41 

4-acetamidoantipyrine 65 -0.79 275 0.14 0 11 0.87 0.87 (10) 2.71 

metronidazole-OH 19 -1.52 294 0.11 0 5 1.00 0.70 (1) 2.48 

amitriptyline 34 0.22 387 0.14 0 2306 1.00 1.00 (12) 3.17 

glutethimide 19 0.04 238 0.10 0 8 1.00 0.76 (45) 2.95 

(R)-(+)-ropivacaine 19 -0.32 82 0.21 0 1963 1.00 0.70 (1) 2.78 

normorphine 11 -1.61 201 0.10 0 28 1.00 1.00 (2) 2.47 

ciprofloxacin 19 -0.06 390 0.13 0 9345 1.00 1.00 (69) 3.49 

sertraline 48 0.57 170 0.08 0 2404 1.00 1.00 (10) 2.96 

nordiazepam 30 -0.52 229 0.15 0 62 1.00 1.00 (10) 2.89 

aliskiren 44 -1.57 489 0.14 1586 478 1.00 0.29 (2) 2.84 

1,3-Di-o-tolylguanidine 33 -0.97 310 0.23 0 37 1.00 0.62 (1) 2.79 

fexofenadine 41 -0.38 367 0.10 0 648 1.00 1.00 (3) 2.81 

(+)-etodolac 21 -0.20 209 0.09 0 295 1.00 1.00 (1) 2.52 

diclofenac 25 0.05 161 0.08 0 4732 1.00 1.00 (149) 3.51 

sitagliptin 13 -0.12 278 0.29 8096 501 1.00 0.44 (1) 3.36 

raltegravir 18 0.44 160 0.18 2957 437 1.00 0.48 (1) 3.03 
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atenolol 89 -0.25 539 0.25 0 2621 1.00 1.00 (78) 3.91 

N-ethylamphetamine 22 -1.23 211 0.20 0 8 1.00 0.74 (11) 2.92 

 

Level 3 identifications were assigned to postulated structures having literature or 

regulatory information suggesting use as either a pharmaceutical, industrial chemical or 

pesticide (154 in total). These criteria were applied with the presumption that structures 

that had a significant body of literature devoted to their composition and/or use or 

regulatory information represent widely used chemicals in commerce and thus have the 

potential to enter wastewaters.   Among the Level 3 identifications were numerous 

compounds known to occur in wastewaters. For instance, components of 

polyethoxylated and polypropoxylated surfactants were detected, which may not 

appear in screening databases or spectral libraries owing to their oligomeric 

compositions. Numerous components of personal care products were also characterized 

as Level 3 identifications, including compounds utilized as odorants (e.g., citroneyllyl 

acetate, octanal, lillial and galoxolide) and UV filters (e.g., 3-(-4-methylbenzyliden) 

camphor, 4-phenyl-1H-benzimidazole-2-sulfonic acid). Furthermore, compounds that 

appeared to share usage patterns with those identified in Level 2 where commonly 

identified. For instance, while the aryl phosphate flame retardant triphenyl phosphate 

was identified at a Level 2, several alkyl phosphate compounds used in similar 

applications were identified in Level 3, including: tris(2-butoxyethyl) phosphate, tris(1-
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chloropropan-2-yl) phosphate and tributyl phosphate.  Furthermore, the mono and di-

alkyl phosphate metabolites of tris(1-chloropropan-2-yl) phosphate were identified. 

Similar to the previously described levels of identification, numerous pharmaceutical 

compound or compounds with literature related to pharmaceuticals, totaling some 74 

unique structures, were identified at a Level 3. Among those compounds, indicators for 

use or mechanism of action spanned the range of currently applied drug technologies, 

including: antihistamines (1), beta-blockers (3), analgesics (4), anesthetics (1), 

angiotensin inhibitors (1), antianxiety (1), antiarrhythmics (2), anticonvulsants (5), 

antihypertensives (1), angiogenesis inhibitors (1), anticholinergic (1), antineoplastics (2), 

antifibriotics (2), antipsycotics (1), antiseptics (2), antithyroids (1), antivirals (1), diabetes 

treatments (1), glaucoma therapeutics (1), muscle relaxants (3), dopamine agonists (1), 

illicit drugs (3), opiates (1) and non-steroidal antiinflammatory drugs (3). Importantly, a 

number of pharmaceutical transformation products, totaling 15 unique compounds, 

were identified at a Level 3. These identifications typically arose from the presence of 

literature investigating the metabolism of parent drugs, wherein the identity of 

transformation products was determined. This result in particular, underscores the 

value of the applied approach in that structures with high-degrees of similarity to 

known or possible micropollutants are scored higher given their potential 

environmental relevance. Compared to approaches that rely wholly on literature or 
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patent information for structure prioritization would likely miss these transformation 

products owing to their low number of reference counts. A list of compounds tentatively 

identified at Level 3 can be found as a supplement in Apendix A.  

 

2.4 Environmental implications  

Here I have described the development for the first time of an automated 

approach for rational structural characterization of organic micropollutants occurring in 

wastewaters using ultra high resolution mass spectrometry. Utilizing broad-spectrum 

chemical extraction techniques and a state-of-the-art high resolution accurate mass 

tribrid mass spectrometer platform, I acquired comprehensive high-resolution mass 

spectrometric data for a significant portion of the analytically accessible dissolved 

organic materials present in wastewater effluents. To better understand the molecular 

and structural characteristics of micropollutants that might occur in wastewaters I 

amassed a database of known wastewater derived micropollutants from the peer-

reviewed literature. I coupled those results with a database spanning the range of 

chemical space that could possibly contribute to environmental contamination, 

represented by the well-curated DSSTox database. Structural characterization of known 

and possible wastewater derived micropollutant space revealed that wastewater-

derived organic micropollutants occupy a relative small section of the broader chemical 
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space known to science, likely due to the engineered processes acting on organic 

pollutants in those systems and also to limitations of widely applied instrumental 

analysis techniques that are either incapable or not sufficiently sensitive to detect the 

occurrence of organic micropollutant outside the range which has been commonly 

reported. Next I developed a programmatic and computational workflow for 

automatically assigning molecular and structural formulas, de novo to unknown organic 

micropollutants detected in wastewater effluents without a priori knowledge of their 

occurrence or likelihood to occur. Furthermore, I developed rational, empirical metrics 

to filter resulting data based on chemical behavior and chemoinformatics. 

Implementation of the developed workflow resulted in a dramatic enhancement in 

speed, performance, and comprehensiveness relative to previous approaches. 

Specifically, the application of multiple scoring criteria derived from independent lines 

of evidence provided the necessary data to posit tentative identification for dozens of 

organic micropollutants occurring in the wastewater effluents without previous 

knowledge of their occurrence or structure. Application of this methodology to the 

analysis of wastewater and wastewater-impacted environments will provide critically 

needed knowledge regarding the identity, fate and potential effects of wastewater 

derived organic micropollutants. 
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Figure 13 Example of the tentative identification of a non-targeted micropollutant.
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3. Identifying transformation products of organic 
micropollutants in conventional wastewater treatment 
by high-resolution mass spectrometry and differential 
non-targeted screening  

3.1 Introduction 

The central role of freshwater in society’s industrial, residential and agricultural 

practices dictates that water has become a primary vector for the transport of 

anthropogenic substances such as synthetic organic chemicals to the aquatic 

environment. In fact, more than of one-third of renewable freshwater resources are 

utilized by these activities alone. (9) For many industrial and residential water-use 

scenarios, the end-point for used water remains a centralized domestic wastewater 

treatment facility, where biological and chemical treatments are applied to mitigate 

impacts of discharging nutrient-rich untreated sewage into aquatic environments, 

followed by release back to surface water in most instances. Given recent growth in 

population and urbanization, wastewater discharges often directly impact drinking 

water supplies for down-stream communities, which creates concerns with regard to the 

fate of synthetic organic chemicals during wastewater treatment and potential effects 

associated with their environmental discharge.(117) Furthermore, organic pollutants 

present in treated wastewaters may negatively impact aquatic biodiversity and impair 

essential and valuable ecosystem services.(48, 118) Often termed organic 



 

  

88 

micropollutants due to their typically low occurrence concentrations, this class of 

pollutants encompasses a wide variety of unique chemistries: from chemicals 

formulated and marketed for down-the-drain use (e.g., surfactants, cleaning agents) to 

pharmacologically active substances prescribed over the counter or by a physician and 

excreted through normal use. The large number of structurally diverse chemicals found 

in wastewaters, their relatively high-loads in wastewater influents and variable removal 

efficiencies, coupled with largely unknown ecological and human health effects of 

chronic low-level exposures have made organic micropollutants the subject of intense 

study directed toward elucidating their structure, fate and effects.(15, 50, 119)  

Although advances in analytical chemistry have facilitated the widespread 

monitoring and quantitative fate assessment of numerous organic micropollutants in 

wastewaters (leading to the phenomenon of “emergin contaminants”), a large fraction of 

chemicals occurring in these systems remain structurally unclassified (i.e., unknown). 

This lack of knowledge precludes toxicological evaluation and comprehensive risk 

assessments required for ensuring an adequate margin of safety for human and 

ecological health. This disparity highlights the limitations of targeted analytical 

approaches, which utilize reference standards to confirm and then routinely monitor the 

occurrence of specific organic micropollutants, but are unable to evaluate the presence of 

co-occurring micropollutants for which instrument specific detection parameters have 
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not been established or reference materials are not available. One such class of often 

untargeted micropollutants are transformation products, which arise when a 

micropollutant is chemically modified through the course of its use, transport or 

treatment to form a stable product that may exhibit unique physicochemical and 

toxicological properties form its precursor.(120) The identification of transformation 

products (TPs) arising from organic micropollutants has become of increasing interest 

due to instances where transformation has resulted in the formation of products with 

increased toxicity relative to their parent structure.(98)  

A recent review by Escher and Fenner outlined three main categories of 

transformation products:  Phase I and Phase II human metabolites, transformation 

products formed during advanced water treatment and transformation products formed 

from reactions in engineered or environment systems (e.g., biodegradation, redox 

transformations, direct and indirect photolysis, hydrolysis). (98) Transformation 

products may occur in wastewaters as a result of (bio)chemical reactions incurred 

during use, as is the case of excreted human metabolites of pharmaceuticals. However, 

the formation of TPs has been well documented during wastewater treatment where 

micropollutants are exposed to a range of diverse chemical conditions, including: 

concentrated biological reactors and oxidative conditions. One recent report found that 

about half of organic micropollutants are removed during wastewater treatment by 
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sorption or degradation.(119) For small semi-polar to polar organic pollutants, 

biodegradation represents a dominant mechanism of transformation.(121) In instances 

where micropollutants are recalcitrant to biological treatment, TPs may form during 

tertiary treatments designed to reduce viability of pathogenic organisms associated with 

wastewater (i.e., disinfection) by the action of oxidants (e.g., chlorine, ozone, or 

ultraviolet radiation) (122-123) or through advanced oxidation processes, specifically 

designed to remove chemical contaminants prior to potable reuse, for example. 

Numerous studies document the formation of stable transformation products (TPs) 

generated in high yields and in forms recalcitrant to further degradation, such that they 

are released into the ambient environment through wastewater discharge (see (124) and 

references therein). As such, the protection of aquatic resources from potential effects 

associated with human and/or ecological exposure to TPs formed from organic 

micropollutants requires comprehensive analysis of their structure, occurrence and fate 

in order to properly design and implement engineered solutions.   

Historically, approaches for the identification of transformation products fall into 

categories of exposure-driven or effect-driven experimental strategies.(98) Exposure-

driven approaches utilize simulated environmental conditions to force degradation of a 

pollutant, followed by identification and preparative scale isolation of individual 

transformation products for fate assessment (i.e., monitoring) and toxicological 



 

  

91 

evaluation.(125-126) Effects-driven approaches deploy a bioassay during the 

transformation experiment to monitor removal or formation of biological response in a 

given assay.(127) While valuable for expanding the knowledge of transformation 

product identity, fate and effects, these experimental approaches are highly costly and 

rely on a priori information about micropollutant occurrence when prioritizing 

compounds for study.  

The recent emergence of liquid chromatography coupled to high-resolution 

accurate-mass mass spectrometry (HPLC-HR/AM MS) into the field of environmental 

chemistry has fueled the development of non-targeted screening approaches, which 

offer an enhanced workflow for identifying TPs by facilitating the sensitive and selective 

detection of numerous co-occurring contaminants, without development of compound 

specific instrumental parameters.(124, 128-129) Chemical information encoded in the 

accurately measured mass, isotope distributions and tandem mass spectra aid in the 

structural elucidation of unknown structures.  Much of the work in this area related to 

identification of transformation products or organic micropollutants has been focused 

on development of tiered screening procedures implementing pathway prediction 

models to postulate potential transformation product structures based on an input 

parent compound, which are later screened for detection in spiked batch reactors by 

HPLC-HR/AM MS.(125, 130-131) A major limitation of these approaches arises in that 
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they rely on knowledge of parent compound structure and the availability of reference 

materials and predicted transformations for that compound. Under this model, 

individual experiments must be conducted for each micropollutant detected in 

wastewaters to determine their respective transformation products. Attempts to 

comprehensively characterize the occurrence and fate of all transformation products 

formed during wastewater treatment would come at an immense cost and still may not 

adequately assess the occurrence and potential risks of transformation products due to 

incomplete knowledge of the structure of all micropollutants found in wastewaters. 

Furthermore, while laboratory based studies are essential for determining precise rates, 

pathways and product yields relevant to transformation product formation, knowledge 

of micropollutant behavior in actual engineered systems can facilitate identification and 

prioritization of micropollutants for further study based on actual occurrence data, 

yielding a more comprehensive and less biased approach for studying micropollutant 

fate in wastewater systems. To that end, my work presents an analytical workflow that I 

term ‘differential non-targeted screening’, for classifying unknown micropollutants 

based on their pseudo-kinetic behavior in actual engineered systems. I have 

demonstrated the utility of this approach at a conventional wastewater treatment plant. 

Samples collected throughout the treatment process and in adjacent surface waters 

upstream and downstream of the treatment facility were analyzed by solid phase 
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extraction-HPLC-HR/AM MS using several ionization techniques (i.e., positive and 

negative polarities; electrospray and chemical ionization). Resulting data were processed 

using a combination of commercial chromatographic alignment and feature extraction 

software, a custom build data processing script and freely available computational mass 

spectrometry tools (as described previously in Chapter 2). Semi-quantitative data 

measured for the occurrence of chromatographic features among sampling points within 

the wastewater treatment process revealed distinct micropollutant profiles, which were 

fit to rational models describing known fate processes of organic micropollutants in 

wastewater treatment. Categorization of unknown micropollutants based on their 

behavior during wastewater treatment yielded unprecedented insight into the total 

organic chemical composition of wastewaters at various stages of treatment and, 

critically, yielded chemically- and environmentally-rational methods for prioritizing 

identification of non-targeted pollutants.  
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Figure 14 Ellerbe Creek watershed, sample locations and overview of the treatment 
train at the North Durham Water Reclamation Facility. 

3.2 Materials and methods  

Site Description and Sampling. Grab samples were collected at five sampling points 

designed to capture and to help delineate the various organic micropollutant inputs into 

the aquatic environment including residential stormwater runoff and municipal 

wastewater discharge. Samples taken from Ellerbe Creek immediately above the outfall 

of the North Durham Water Reclamation Facility (ND-WRF) captured potential storm 

water inputs from surrounding residential and mixed-use urban areas. ND-WRF 
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operates with conventional activated sludge treatment practices, with a permitted 

capacity of 20 MGD, and employs UV disinfection immediately prior to discharge into 

Ellerbe Creek at an average rate of approx. 8.4 MGD. Ellerbe Creek is a small tributary in 

the Neuse River basin with mean annual discharge (January 2012-January 2013) of 99.6 

L/s near it’s headwaters within the city limits of Durham, NC (population 267,587) and 

47.8 L/s near its mouth at Falls Lake, a drinking water reservoir for approx. 600,000 

people in neighboring Wake County, NC.  Figure 14 depicts the Ellerbe Creek watershed 

and the sampled locations. To evaluate the removal and/or formation of organic 

micropollutants and transformation products during treatment at ND-WRF samples 

were acquired at various stages of treatment including after primary settling, after 

aerobic activated sludge treatment and rapid sand filtration and after UV disinfection 

(See inset of Figure 14). A final sample was collected on Ellerbe Creek immediately after 

the ND-WRF discharge. The applied sampling procedure was designed to allow for 

overlap in the occurrence of detected chromatographic features between all samples, 

which improves chromatographic alignment during data processing.  

Grab samples of water/wastewater were collected on four consecutive days in 

July 2015 (7/21-7/24) into combusted (450º C) amber glass bottles at each site with a 

battery operated peristaltic pump modified to include all fluoropolymer and stainless 

steel wetted parts. Samples were protected from light and stored at 4ºC until processing. 
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A method blank, consisting of LC-MS grade water transported to the field and treated 

identically to the samples, was used to identify interfering compounds introduced 

through sample acquisition and preparation. Upon returning to the lab, 0.5 L sub-

samples were vacuum filtered through combusted 0.7 µm glass-fiber filters (GF/F, 

Whatman) into amber glass media bottles for solid phase extraction. Samples from the 

primary effluent were diluted 1:5 (v/v) with LC-MS grade water to limit potential 

overloading of the extraction media and to minimize matrix induced ionization 

suppression in subsequent analysis. Automated solid phase extraction (AutoTrace 300, 

Dionex Corp) was performed with 0.5 g hydrophobic-lipophilic balance (Oasis HLB, 

Waters Corp.) in 6 mL columns with HPLC-MS grade water, methanol and methyl 

tertiary butyl ether (MTBE) as conditioning and elution solvents. Columns were 

preconditioned by sequential treatment with 5 mL each of MTBE, methanol and water 

before loading the entire sample at a rate of 5 mL/min. Cartridges were washed with 5% 

methanol:95% water (v/v) before drying with pressurized ultra-pure nitrogen for 40 

minutes. Elution was achieved by applying 6 mL of 90% MTBE:10% methanol (v/v). 

Collected fractions were evaporated to dryness under reduced pressure (SpeedVac, 

Thermo Scientific), before reconstituting in 20% acetonitrile:80% water (v/v), spiking 

with isotopically labeled internal standards and transferring to a 2 mL combusted 

autosampler vial for UHPLC-HR/AM MS analysis.  
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UHPLC-HR/AM MS. Sample aliquots (20 µL) were injected with a Accela Open 

AS auto-sampler (Thermo Fisher Scientific, San Jose, CA) onto a Dionex Ultimate 3000RS 

UHPLC system equipped with a Hypersil Gold AQ (200 x 2.1 mm, 1.9 µm particle size; 

Thermo Fisher Scientific, San Jose, CA) reversed phase column operated under gradient 

elution conditions with water (A) and acetonitrile (B), both buffered with 0.1 % (v/v) 

formic acid, delivered at 0.5 mL min-1. Initial conditions were 95/5% A/B until 1 min after 

the injection, when %B was increased to 60% in 35 min and then to 99% in another 3 

min, at which point the solvent composition was held constant for 7 min before 

returning to initial conditions and equilibrating the column for 10 min. Separate analysis 

were performed in positive and negative electrospray ionization (ESI) and positive 

atmospheric pressure chemical ionization (APCI) modes. In all cases, column effluent 

was interfaced directly to an LTQ Orbitrap Velos mass spectrometer (Thermo Fisher 

Scientific, San Jose, CA).  Full-scan mass spectra were acquired at R=60,000 (FWHM at 

m/z 400) over the range of 50-1000 m/z. Collision induced dissociation (CID) HR/AM MS 

fragmentation spectra (R=7,500 at m/z 400) were acquired for the top-three most intense 

peaks observed in the full-scan spectra at 35% normalized collision energy in data-

dependent acquisition mode with precursor ion isolation achieved at unit mass 

resolution in the linear ion trap, real-time peak apex detection and dynamic precursor 

ion exclusion.  



 

  

98 

Feature detection, structural and molecular formula assignment. Peak detection, 

chromatographic alignment and isotope and adduct ion deconvolution was performed 

in the Compound Discoverer software suite (Thermo Fisher Scientific, San Jose, CA). 

The resultant feature list (i.e., neutral molecular weight and retention time) was 

exported and further processed utilizing an in-house script designed to extract the 

relevant mass spectrometric data for subsequent analysis by multiple computational 

mass spectrometry algorithms. To prepare the requisite data, spectra were centroided 

and converted to mzML format using the MSConvert tool (ProteoWizard, version 

3.0.7692). Pseudo-spectra were then automatically constructed and annotated for each 

chromatographic feature using mzR based on the input feature list, knowledge of the 

behavior of small organic molecules in atmospheric pressure ionization processes and 

the natural abundances of the elements. Parent mass data were then coupled with their 

corresponding CID fragmentation spectra and used for the assignment of the sum 

formula using the SIRIUS algorithm (V3.0). Potential structural formulas were assigned 

for the top scoring molecular formula by searching against the PubChem database, 

which contains >50 million chemical compound entries. Resultant structures were 

subsequently ranked by: 1. Match score between the observed fragmentation spectra 

and the predicted fragmentation pattern generated by the MetFrag (Version 2.2-CL) and 

CFM-ID (Version 2.0) algorithms; 2. Patent and reference counts in the PubMed 



 

  

99 

repository; 3. Distance to a known pollutant and/or environmentally relevant substance 

as measured by the Euclid distance between the 42 MQNs of the postulated structure 

and a database of pre-calculated MQNs for known wastewater derived organic 

pollutants or possible environmental pollutants (as detailed in Chapter 2). MQNs were 

calculated from simplified molecular-input line-entry system (SMILES) structures in 

Java as described elsewhere.  

 

Figure 15 Conceptual representation of differential categories fit to detected non-
targeted organic micropollutants. 

Assignment of differential categories. Differential analysis of the observed responses 

for each detected feature were used to elucidate potential sources and formation and/or 

removal patterns for non-targeted micropollutants based on statistical comparison of 
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peak areas across the various sampling locations and predefined ‘differential feature’ 

categories based on knowledge of the typical behavior of organic micropollutants 

during conventional wastewater treatment. Comparisons of log-normalized peak areas 

at each sample site were assessed by pair-wise t-tests with pooled standard deviations. 

In the case of samples collected from the primary effluent, which were diluted during 

sample processing, areas were multiplied by the dilution factor prior to log-

transformation and comparison to other sample sites.  Results of pair-wise comparisons 

were then used to assign features to one of nine categories with a threshold p-value of 

0.01. Figure 15 depicts an idealized representation of each differential category. Features 

not significantly different between sample sites and the blanks were considered to be 

‘lab contaminants’ (Figure 15a). Features where the up-stream and down-stream 

samples were not significantly different, the up-stream and primary were significantly 

different, the final effluent and down-stream were not significantly different and the 

maximum area amongst all samples was in either the up-stream or down-stream sample 

were categorized as non-wastewater derived micropollutants (Figure 15b). This class of 

micropollutants likely represents natural or synthetic organic compounds entering 

Ellerbe Creek as a result of storm-water run-off. Features not significantly different 

between all samples sites except for when compared to the blank were categorized as 

‘ubiquitous’ (Figure 15c). This class of micropollutants encompasses compounds that 
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occur throughout the environment and are not specific to wastewater. Features that had 

the highest observed response in the primary effluent and were significantly different 

when comparing the primary effluent to the up-stream samples but were not 

significantly different between the secondary and final effluents were categorized as 

‘wastewater derived-recalcitrant’ (Figure 15d). These features represent substances that 

enter the wastewater treatment facility and are poorly removed by the applied treatment 

technologies such that they persist in the final effluent. Features that had maximum 

response in the primary effluent and were significantly different from the up-stream 

samples and the secondary effluent, but were not significantly different between the 

secondary and final effluents were categorized as ‘wastewater derived-biodegraded’ 

(Figure 15e). These compounds likely have a wastewater source, but are partially or 

completely degraded by aerobic activated sludge treatment and/or sand filtration. 

Features that showed maximum concentrations in either the primary or secondary 

effluents, were significantly different in the primary effluent compared to the up-stream 

sample and were not significantly different between the primary and secondary 

effluents, but were significantly different in the final effluent were categorized as 

‘wastewater derived-tertiary degraded’ (Figure 15f). This class of feature persists 

through activated sludge treatment and sand filtration, but is partially or completely 

removed by tertiary treatment (i.e., UV disinfection). Features that showed maximum 
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observed areas in the secondary, final or down-stream sample sites, were not 

significantly different between the primary and up-stream samples and between the 

secondary and final effluents, but were significantly different in the secondary effluent 

compared to the primary effluent were categorized as ‘biodegradation product-

recalcitrant’ (Figure 15g). This class of features appears only after activated sludge 

treatment and is largely unaffected by disinfection such that it persists in the final 

effluent. Similarly, features that were highest in the secondary effluent, significantly 

different between the primary and secondary and secondary and final effluents were 

categorized as ‘biodegradation transformation products-tertiary degraded’ (Figure 15h). 

This class of micropollutants appears only after activated sludge treatment and is 

subsequently partially or fully removed by tertiary treatment. Finally, features that 

showed the highest observed areas in the final effluent, were not significantly different 

between the up-stream and primary effluents and between the primary and secondary 

effluents, but showed significant difference between the secondary and final effluents 

were categorized as ‘tertiary treatment products’ (Figure 15i). These features were only 

present in the final effluent sample, after UV disinfection.  

3.3 Results and Discussion 

Feature detection and classification. After chromatographic alignment, de-

adducting, de-isotoping and gap-filling, 6,548 unique chromatographic features were 
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detected. Figure 16 shows the distribution of features detected by molecular weight and 

retention time. Features for which molecular or structural formulas could not be 

assigned due to lack of tandem mass spectral data totaled 3,478, or more than half of the 

detected features. This result reflects a limitation arising in the applied instrument 

platform. Namely, the number of peaks that can be isolated and fragmented for tandem 

mass spectral analysis is inherently constrained by the acquisition rate of the mass 

spectrometer. In the present case, data-dependent acquisition with peak apex detection 

and dynamic exclusion was applied such that acquisition of tandem mass spectra was 

only triggered when a observed precursor ion was reaching its maximum as defined by 

the expected peak width and selected precursor ions were excluded from subsequent 

MS2 analysis for 60 s. While these measures serve to improve tandem mass spectral 

coverage, those data were not acquired for a significant number of the detected features 

and subsequently molecular formulas could not be applied by the SIRIUS algorithm due 

to its reliance on those data for formula postulation.(71) This results underscores the 

advantages of hybrid HR/AM MS instruments utilizing quadropole mass filters for 

precursor ion selection and fragmentation, as was applied in data acquisition for 

Chapter 2, which offer far superior tandem mass spectral acquisition rates compared to 

ion-trap based HR/AM MS instruments.  
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Figure 16 Features detected in Ellerbe Creek and at various stages of treatment at the 
North Durham Water Reclamation Facility. Point size represents the maximum 
feature are for each feature scaled to the maximum area of all detected features. Colors 
denote the assignment of feature annotation. Blue points did not receive molecular or 
structural formula assignment. Inset depicts the maximum area for areas for features 
with and without formula assignment.   

 
Fortuitously, a number of the peaks that did not receive formula annotation 

appeared to be oligomeric materials with observed mass differences and elution 

behavior consistent with polymeric surfactants such as polyethoxylated and 

polypropoxylated surfactants that are commonly detected in wastewaters due to their 

ubiquitous application in household cleaning products.(132) Given that these substances 

are complex oligomeric distributions differing by a repeating moiety (i.e., -C2H4O- in the 

case of polyethyoxymers and -C3H6O- in the case of polypropoxymers) I was able to 

confirm the presence of these structures by measuring the mass difference between each 

detected chromatographic feature. Features that differed by the mass of either one 
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propoxymer or ethoxymer from another feature within 5 ppm mass error were taken to 

be members of an oligomeric series. Features determined to be members of oligomeric 

series under this definition totaled 3,867, suggesting that in some instances one or more 

members of the oligomeric series had tandem mass spectra and were annotated with a 

molecular formula. Furthermore, >66% of the features that were not assigned molecular 

formulas due to lack of tandem mass spectra, totaling 2,315, were oligomeric. 

Calculation of Kendrick mass defects offers an alternative way of assessing and 

visualizing the presence of oligomeric series, wherein observed molecular weights are 

normalized by the ratio of the nominal mass of a defined fragment to the exact mass of 

that fragment (e.g., molecular weight × C2H4Onominal mass ÷ C2H4Oexact mass) giving the 

Kendrick Mass and the difference between the nominal Kendrick Mass and the exact 

Kendrick Mass gives the Kendrick Defect.(133-134) In this approach, compounds 

differing by a repeating unit have the same Kendrick Mass Defect. Furthermore, 

comparison of observed mass defects to those of known polymeric substances can yield 

information regarding the structural composition of those materials. Figure 17 depicts 

Kendrick Mass Defect plots of features determined to be oligomeric colored by the 

presence of feature annotation data.  
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Figure 17 Kendrick plots of the subset of features detected that were determined to 
be oligomeric. 

 Classification of features by their differential occurrence patterns yielded 

an effective means for prioritizing the identification of non-tarageted organic 

micropollutants and assessing the general organic chemical composition surface waters 

and wastewaters at various stages of treatment. Differential categories were assigned 

based on the observed responses in each of the applied ionization modes (i.e., ESI(+), 

ESI(-) and APCI(+)). Ionization efficiency of organic molecules by either positive or 

negative atmospheric pressure ionization techniques is strongly structure dependent, 

such that structures containing both adductable and de-adductable (e.g., protonatable 

and de-protonatable) moieties will be observed in both ionization modes while those 

lacking moieties of one or the other type may only be observed in one ionization mode. 

Furthermore, even in cases where a structure may be ionized by both positive and 

negative polarities, the amenability and subsequently sensitivity of that ionization 

process may favor one polarity over the other. In general, positive ionization techniques 
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are known to be more sensitive for a number of small organic molecules owing to 

improved ion yields in those processes relative to negative ionization techniques.(135-

136) However, negative ionization techniques remain essential to environmental 

analysis due to a number of environmentally relevant organic compounds that are only 

amenable to negative ionization techniques, such as alkyl phenols and synthetic 

estrogens.(137-138) 

 Atmospheric pressure ionization techniques also vary in their susceptibility to 

matrix induced ionization effects (e.g., signal suppression or enhancement). In general, 

techniques based on electrospray are more susceptible to matrix effects owing to the 

underlying mechanism of ionization, wherein charged solvent droplets containing 

analyte molecules are evaporated in the presence of a bath gas until surface charge 

density causes the droplet to decompose forming subsequently smaller droplets until 

the charge carried on the droplet is transferred to the solute molecule to form a free 

ion.(139) In instances where analyte molecules co-elute with matrix components, 

competition for charges may lead to signal suppression. Alternatively, molecules that 

preferentially migrate to the surface of fluids (e.g., surfactants) may experience signal 

enhancement relative to other substances present in the mixture. In the case of charge 

competition resulting from co-eluting matrix components, such occurrence may be 

avoided by application of UHPLC techniques with nano-bore columns, which produce 
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greater chromatographic peak resolution and smaller initial droplet sizes leading to 

reduced matrix interferences.(140) Chemical ionization techniques similarly diminish 

matrix effects by aerosolizing the analyte mixture before transferring charges by means 

of a corona discharge.(141) Effects of ionization efficiency and suppression are typically 

accounted for by calibration with reference standards and implementation of stable 

isotope labeled standards adding during sample preparation. However, the non-

targeted nature of this work precluded such approaches, which motivated the 

implementation of multiple ionization modes (i.e., ESI and APCI) and polarities in 

evaluating the veracity of classifying the persistence, appearance and/or removal of the 

detected chromatographic features based on peak areas alone.  

Features detected in only positive ionization mode totaled more than 91% of all 

detected features, suggesting that most organic substances extracted by the applied 

sample preparation technique, agreeable to liquid chromatographic conditions, 

possessing a moiety capable or carrying a charge and with molecular weight within the 

instrumental range (i.e., 50-2000) were amenable to positive ionization. Features 

detectable in negative ionization mode alone totaled 539. The small number of features 

detected only in negative ionization mode may arise from the application of acidic 

buffers as UHPLC eluents, which provides improved chromatographic performance, but 

likely comes at the cost of reduced ionization efficiency for substances with relatively 
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poor gas-phase basicity. Nonetheless, the added information gained by application of 

negative ionization techniques is valuable given the widespread use of organic 

compounds in commerce amenable to that technique, namely anionic surfactants known 

to occur at high levels in wastewaters. Relative responses of features detected in both 

positive ion ESI and APCI were log normalized and compared (t-test) to evaluate 

potential artifacts arising in feature classification due to matrix interferences. Features 

that were detected in both positive ion ESI and APCI totaled 6,009, among those features 

2,630 showed significantly higher responses in ESI when considering all sample sites (p 

< 0.01) and of those features that were significantly higher in ESI, more than half were 

classified as either polethoxylated or polypropoxylated, consistent with the known 

behavior of those compounds under ESI conditions. The greatest matrix effects were 

expected in the primary effluent samples due to high concentrations of organic materials 

that are common to untreated domestic waste. Comparing observed feature areas in the 

primary effluent samples between ESI and APCI ionization modes revealed that 1,016 

features had significantly higher responses by APCI and 3,603 features had greater 

responses by ESI (p < 0.01). This result was surprising in that I expected application of 

APCI to yield fewer matrix effects and thus more robust results in terms of measured 

area. However, this result may indicate that a combination of the dilution of primary 

effluent samples coupled with the increased sensitivity of electrospray for a number of 
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organic substances yielded minimal matrix effects as measured by the number count of 

features with greater responses in ESI than APCI.  

Feature classifications based on each ionization mode were performed separately 

to evaluate discordancy in the differential class assignment arising from differences in 

feature specific ionization efficiency or susceptibility to matrix interferences. Figure 18-

Figure 20 depict the relative areas of features in each ionization mode log transformed 

and scaled to the maximum response for each feature. In general, features received 

classification in one or more of the ionization modes such that 24% and 64% of features 

were classified by one and two ionization modes, respectively. Feature classification was 

not possible in instances where there were insufficient measurements to compare feature 

responses across samples or when the observed distribution of features was not 

classifiable by the applied classification scheme. Features not assigned differential 

classification in any of the applied ionization modes totaled <12% of all the detected 

features, indicating that the applied rational used to assign differential categories 

successfully captured most of the salient occurrence and fate processes occurring in the 

system under investigation. Only a small fraction of detected features were observed in 

both negative and positive ionization modes and of those fewer had sufficient data for 

differential classification such that only 25 features were assigned differential categories 

by all ionization modes. Among those 25 features, >78% were assigned the same 
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differential category in all ionization modes.  Features classified in positive ionization 

modes showed good agreement in the assignment of differential classification. Features 

classified by ESI(+) alone totaled 544 while those classified by APCI(+) alone totaled 702. 

The remaining 4,212 features were classified by both ESI(+) and APCI(-) modes and 

among those >80% of features had the same differential classification assigned by both 

modes, showing that in general there was good agreement between the assignment of 

differential categories independent of the relative sensitivity and susceptibility to matrix 

effects of the applied ionization techniques. Consensus differential classification was 

determined based on all ionization modes with preference given to the classifications 

determined in ESI modes given that those measurements were performed in multiple 

polarities and the enhanced sensitivity of those techniques with the presumption that 

the differential occurrence for features occurring at low-levels would be more 

confidently assigned by data with improved signal-to-noise levels. Table 8 depicts the 

distribution of assigned feature classes for all features.  
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Table 8 Consensus differential classification of features detected in Ellerbe Creek 
and the ND-WRF. Letters correspond to differential categories depicted in Figure 15. 

 

Differential classification Feature count pct. of total 
lab contaminant (a) 106 1.6 
non-wastewater (b) 8 0.1 
ubiquitous (c) 242 3.7 
wastewater-recalcitrant (d) 343 5.2 
wastewater-biodegraded (e) 4,668 71.3 
wastewater-tertiary degraded (f) 177 2.7 
biodegradation product-recalcitrant (g) 75 1.1 
biodegradation product-tertiary degraded (h) 217 3.3 
tertiary treatment product (i) 13 0.2 

total 5,849 89.3 
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Figure 18 Scaled relative areas of features detected in ESI(+) sorted by their assigned 
differential classification. Letters correspond to differential categories depicted in 
Figure 15: a, lab-contaminant; b, non-wastewater; c, ubiquitous; d, wastewater 
derived: recalcitrant; e, wastewater derived: biodegraded; f, wastewater derived: 
tertiary degraded; g, biodegradation product, recalcitrant; h, biodegradataion product: 
tertiary degraded; i, tertiary treatment product.  
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Figure 19 Relative areas of features detected in Ellerbe Creek and ND-WRF in ESI(-) 
sorted by assigned differential classification. Letters correspond to differential 
categories depicted in Figure 15: a, lab-contaminant; b, non-wastewater; c, ubiquitous; 
d, wastewater derived: recalcitrant; e, wastewater derived: biodegraded; f, wastewater 
derived: tertiary degraded; g, biodegradation product, recalcitrant; h, biodegradataion 
product: tertiary degraded; i, tertiary treatment product.  
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Figure 20 Relative areas for features detected in Ellerbe Creek and ND-WRF in 
APCI(+) sorted by assigned differential classification. Letters correspond to 
differential categories depicted in Figure 15: a, lab-contaminant; b, non-wastewater; c, 
ubiquitous; d, wastewater derived: recalcitrant; e, wastewater derived: biodegraded; f, 
wastewater derived: tertiary degraded; g, biodegradation product, recalcitrant; h, 
biodegradataion product: tertiary degraded; i, tertiary treatment product.  
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Characteristics of feature classes. Examining the characteristics of detected and 

classified features in Ellerbe Creek and the ND-WRF provided both a secondary means 

for validating the applied feature classification and for examining the overall 

characteristics of dissolved organic species in various compartments of a representative 

urban water system. Namely, the applied approach allowed for examining 

characteristics of constituent organic species, even in instances where molecular and 

structural annotations were not achieved, based on their behavior in the system under 

investigation.  

Results of feature classification showed that features occurring predominantly in 

the primary effluent and subsequently degraded to a high-extent by aerobic activated 

sludge treatment (i.e., wastewater derived-biodegraded) showed markedly higher 

molecular weights when compared to other feature categories, as depicted in the upper 

panel of Figure 21. This result is consistent with the purported composition of primary 

effluents. Namely, at this stage in treatment high-concentrations of intact or partially 

degraded biomolecules (e.g., partially digested proteins, starches and sugars) common 

to raw sewage would be expected to occur, which is mirrored by my findings. For 

instance, Dignac et. al., found that more than 40% of soluble organic carbon in untreated 

wastewaters were either proteins, sugars or fatty acids and each of those compound 

classes were >90% removed after aerobic activated sludge treatment.(142)  However, 
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those authors were unable to identify >87% of soluble organic matter present in the 

treated wastewaters by the applied determinative analysis (i.e., liquid chromatography 

and analytical pyrolysis), which reflects the inadequacy of targeted methodologies for 

assessing the chemical composition of organic compounds which have been subjected to 

transformative processes such that they are no longer detectable by compound specific 

determinative methods. Generally, features classes characterized by occurrence 

throughout the treatment train (i.e., wastewater derived-recalcitrant) or only after 

secondary treatment (i.e., transformation products) showed a constriction in the range of 

molecular weights while the median values remained largely the same with occurrence 

at progressively later stages of treatment (i.e., molecular weight range: waster derived 

biodegraded > wastewater derived recalcitrant > wastewater derived tertiary degraded > 

biodegradation product recalcitrant). This result likely reflects differences in the 

eventual fate of those materials. Namely, large molecular weight substances are 

expected to undergo either degradation to smaller transformation products largely by 

extracellular biotransformation or sorption to suspended particles followed by settling. 

In instances where the initial transformation step produces more biodegradable 

products (e.g., by reducing molecular size and increasing polarity), substances may 

undergo further degradation, which has the overall effect of lowering the maximum 

observed molecular weight. Alternatively, smaller more bioavailable compounds are 
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typically readily biodegraded to form small metabolites (e.g., highly oxidized 1-5 carbon 

structures) or are mineralized entirely, which in both cases generates structures not 

detectable by the applied analytical approach due to low molecular weight or poor 

chromatographic retention (i.e., catastrophic losses during sample preparation or elution 

with the void volume during HPLC). Together, these results reflect either the formation 

of refractory dissolved organic carbon pools resulting from partial degradation of 

higher-molecular weight organic compounds or the presence of substances that are 

recalcitrant to the applied treatment steps.  Numerous organic micropollutants have 

been documented to have poor removal efficiencies during conventional wastewater 

treatment owing to a number of different structural features that make these compounds 

resistant to biological or chemical transformation.(143) One such structural feature arises 

in the polarity of a compound, which typically imparts greater water solubility and 

subsequently mobility throughout the treatment process. Namely, highly polar 

compounds have low partitioning potential to suspended solids during treatment, 

which limits both uptake by flocculant organisms localized on particulate matter and 

portioning to solid materials that are eventually settled from the water column and 

passed into to the solid waste stream.(144) Such characteristics are frequently observed 

in organic micropollutants used as wastewater tracers in the aquatic environment owing 

to their limited removal by treatment, such as caffeine and artificial sweeteners.(145-146) 
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While hydrophilicity alone does not completely explain the recalcitrance of organic 

molecules to wastewater treatment, it may serve as a useful property for evaluating the 

characteristics of non-targeted organic compounds detected at various stages during 

treatment.  

 

Figure 21 Molecular weight and retention time distributions for feature classes 
assigned to non-targeted compounds detected in Ellerbe Creek and the ND-WRF. 

Estimates of hydrophobicity are readily obtained from chemical structures by 

widely applied quantitative structure property relationships calibrated. However, in the 
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present case structures could not be assigned for a large number of the detected features, 

due to a paucity of tandem mass spectral data. Nonetheless, estimates for the relative 

hydrophobicity of substances have been proposed based on chromatographic retention 

behavior under reversed phase HPLC conditions, such as those applied herein.(110) 

Assuming that hydrophobic interactions are the predominant retention mechanism 

under reversed phase conditions, early eluting features can be considered to be more 

polar (i.e., low log P) while late eluting features likely represent more hydrophobic 

compounds (i.e., high log P). The lower panel of Figure 21 depicts the distribution of 

retention times among the various feature class, which were largely consistent with 

those observed in the distribution of molecular weights among feature classes. Namely, 

features that were prominent early in the treatment process showed elevated 

hydrophobicity as measured by chromatographic retention time, consistent with the 

presence of organic matter that it lightly weathered (i.e., not yet subjected to extensive 

oxidation). Furthermore, the median retention times for features that persisted 

throughout treatment (i.e., classified as wastewater derived-recalcitrant) were markedly 

lower than those for features arising later in the treatment process. This result mirrors 

the expected behavior of highly polar organic compounds, as noted earlier, in that their 

elevated mobility in the treatment processes leads to their poor overall removal. 

Maximum values for retention time typically decreased throughout the treatment 
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process reflecting oxidative conditions applied during treatment in the form of 

biological and chemical treatment units, which was supported by the molecular formula 

composition of the subset of features that received molecular formula assignment. 

Figure 22 depicts a modified Van Krevelen diagram showing the hydrogen index (i.e., 

atomic hydrogen : carbon ratio) and the heteroatom index (i.e., atomic sum of N, O, P, S : 

carbon ratio) for features that were assigned molecular formulas during processing.(111) 

This representation allows for an overall view of the oxidation state of carbon atoms 

present in the annotated features, such that low to intermediate hydrogen indexes reflect 

compounds with high degrees of unsaturation, which typically arises from condensed 

aromatic ring structures. Alternatively, compounds with elevated hydrogen indexes are 

generally indicative of more aliphatic structures. Considering the heteroatom index, 

chemical or biological transformation processes that result in the incorporation of 

heteroatoms (primarily oxygen) shifts the heteroatom index to greater values and 

typically indicates an increase in the overall polarity of those structures.  
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Figure 22 Modified Van Krevelan diagram depicting hydrogen index and 
heteroatom index of features detected in Ellerbe Creek and ND-WRF. 

The various assigned differential classifications showed distinct trends in their 

molecular composition as assessed by hydrogen and heteroatom indices. For instance, 

the pool of organic compounds that experienced partial or complete removal during 

secondary treatment (i.e., wastewater derived-biodegraded) showed elevated hydrogen 

indices relative to groups that either persisted throughout treatment or were formed at a 

later stage in treatment. This result mirrors those depicted in the molecular weight and 

predicted estimated hydrophobicity analysis. Namely, high levels of saturation present 

in this pool of organic compounds are indicative of intact or partially degraded 

materials of biological origin that are readily biodegraded.(142) Alternatively, 

compounds that appeared to be recalcitrant to the entire treatment process (i.e., 
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wastewater-derived recalcitrant) showed distinctly lower hydrogen indices suggesting 

more condensed and potentially aromatic structures characteristic of refractory organic 

carbon that is poorly degraded under typical oxidative conditions, potentially owing to 

the necessity of specialized genes encoding for enzymes capable of utilizing those 

materials as substrates. This result is consistent with previous reports of recalcitrant 

organic carbon pools in wastewater treatment. For instance, Rebhun and Manka found 

that highly condensed aromatic structures in the form of tannins, fulvic acids and humic 

acids accounted for >23% of the total dissolved chemical oxygen demand of secondary 

effluents of activated sludge treatment.(147) Compounds classified as transformation 

products generally showed higher heteroatom indices, reflecting predominate 

transformation mechanisms characteristic of conventional wastewater treatment. 

Namely, biodegradation of small organic molecules typically involves the oxidation of 

small organic molecules by incorporation of enzymatically activated oxygen species 

(e.g., as by monooxygenases) or cleavage of linkages with significant dipole character 

(e.g., as by hydrolases).(125)   

Results of characterizing the overall organic composition of the various assigned 

feature classes offered both a molecular level means for evaluating the plausibility of the 

applied feature classification scheme and offered valuable insights into the low-

molecular weight composition of various dissolved fractions of effluent organic matter. 
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However, at this level of analysis it is not possible to evaluate potential organic matter 

sources due to the paucity of specific structural information.  

 Empirical feature filtering. Results of feature classification were merged with 

feature annotation results derived from the assignment of molecular formulas and 

postulated structures through the methodology described in Chapter 2. Features that 

were annotated with a postulated structure totaled 3,070 or approximately 47% of all 

detected features. As noted previously, a paucity of structural annotation denotes 

detected features that had insufficient data in the form of tandem mass spectra to assign 

molecular formulas or for which the predicted molecular formula could not be matched 

to a structural formula present in the PubChem database. Furthermore, features that 

were annotated with structures but could not be assigned a differential classification 

totaled 431, leaving 2,639 structures that were classified based on their occurrence 

patterns in samples from Ellerbe Creek and the ND-WRF. Table 9 depicts the 

distribution of the assigned differential classifications for detected features that were 

annotated with structural formulas, showing that in all feature classes >40% of the 

classified features were assigned postulated structures.  
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Table 9 Differential classification of features annotated with structural formulas. 
Letters correspond to differential categories depicted in Figure 15. 
 

Differential classification count 
pct. features 
in class (%) 

lab contaminant (a) 50 47 
non-wastewater (b) 4 50 
ubiquitous (c) 143 59 
wastewater-recalcitrant (d) 205 60 
wastewater-biodegraded (e) 1,930 41 
wastewater-tertiary degraded (f) 101 57 
biodegradation product-recalcitrant (g) 56 75 
biodegradation product-tertiary 
degraded (h) 140 64 
tertiary treatment product (i) 10 77 

 

Differentially classified annotated features were subsequently filtered based on 

empirical metrics as described in Chapter 2. Postulated structures that were not 

predicted to be amenable to the applied ionization techniques as indicated by a lack of 

charge, basic or acidic moieties, or hydrogen bond donors or acceptors were removed 

(totaling 126), reducing the number of annotated features to 2,513. Modeling the 

predicted log P as a linear function of retention time served as a further check for the 

plausibility of each proposed structure based on its observed retention time.  Features 

with falling outside the 95% prediction interval of the model were removed (totaling 

158), leaving 2,355 remaining structures. Mass accuracies of the predicted molecular 

formulas were then assessed based on the calculated exact mass of the molecular 

formulas and the observed accurately measured molecular weight. Those data were well 
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explained by a normal distribution centered on 0.65 ± 1.16 ppm. I assumed that the mass 

accuracies’ of top scoring formulas centered on the experimental mass accuracy and 

filtered features that were outside the 95% confidence interval of the modeled normal 

distribution, which culled 229 features leaving 2,126. Figure 23 depicts the results of each 

empirical feature-filtering step.  

 

Figure 23 Results of empirical feature filtering for non-targeted compounds detected 
in Ellerbe Creek and ND-WRF.  
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Wastewater derived recalcitrant features.  While the focus of this work is on the 

identification of transformation products, knowledge of the physiochemical properties 

that impart recalcitrance to conventional treatment technologies is essential to the 

understanding fate of organic micropollutants in the aquatic environment.  Therefore, I 

sought to characterize those features differentially classified as wastewater derived and 

recalcitrant, which totaled 172 postulated structures. Assessing the structural similarity 

to known wastewater derived pollutants and possible pollutants served to prioritize 

those structures as defined in Chapter 2. Namely, structures that were either strict 

graph-matches or were sub-graphs of entries in the amassed wastewater literature 

database or the DSSTox database (totaling 26), were individually considered based on 

the availability of literature suggesting current use in commerce.  Table 10-Table 11 

depicts the composition and supporting analytical data for those identifications. 

Utilizing the structural similarity of postulated structures to known or possible 

environmental contaminants proved effective for prioritizing compounds that are 

known to be synthetic in origin and helped to evaluate the performance of the applied 

differential screening approach. Among the tentatively identified compounds are 

several structures known to be recalcitrant to conventional wastewater treatment. For 

instance, 1H-benzotriazole, a corrosion inhibitor, is known to be difficult to remove 

during conventional wastewater treatment due to its high polarity and aromatic 
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structure, leading to variable and poor-removal efficiencies.(148) In fact, Hollender et. al. 

recently showed that significant removal of benzotriazole could only be achieved by 

ozone application.(149) Similar behavior is observed for the organophosphate flame 

retardant, tris(2-chloroethyl) phosphate, which has lead to its application as a 

wastewater indicator compounds.(15) The concordance of those previous results, based 

on targeted quantitative analysis, and my analysis serve to support the semi-

quantitative classification scheme proposed herein. Pharmaceuticals from numerous 

classes presented the highest number of unique structures detected in this class (19 in 

total), many of which have are commonly monitored in the environment. Among the 

tentatively identified pharmaceutical compounds was a known metabolite of the beta-

blocker metoprolol, metoprolol acid. The occurrence of this compound in the 

wastewater derived recalcitrant class likely suggests that this metabolite is formed 

during use and transported to the treatment facility, where it appears to persist through 

treatment. Interestingly, the corresponding parent compound for this metabolite was not 

identified through my analysis, suggesting that targeted based approaches for the 

parent compound alone would underestimate the exposure and associated risk for 

metoprolol by not monitoring metoprolol acid, underscoring the need for screening 

based approaches to identify micropollutants for monitoring studies. Remaining 

compound classes represented in this class were mostly components of personal care 
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products (odorants, 3; antipruritic, 1), pesticides (herbicide, 1; incescticide, 1), natural 

products (2) and phenolic or alkyl phenolic ethoxylate compounds (2). Together these 

tentative identified compounds account for about 15% of the annotated features in this 

class, suggesting that a number of the features which are observed to enter the water 

treatment plant via influent and persist through treatment are not synthetic, owing to a 

paucity of known or possible environmental contaminants corresponding to those 

structures. This result may indicate that a number of compounds are transformed 

during transport to the treatment facility, resulting in the formation of transformation 

products that are classified as precursor-like compounds in my analysis. To circumvent 

this current limitation in my approach, future work could be aimed at sampling 

untreated effluents at various stages of transport to the wastewater treatment plant to 

better understand the sources and eventual fate of synthetic organic compounds in 

wastewater treatment.   

Wastewater derived, tertiary degraded features. Tertiary treatments of domestic 

wastewaters are typically applied to reduce effluent loads of pathogenic bacteria. 

However, disinfection techniques also serve to reduce organic micropollutant 

concentrations through application of oxidative conditions. In the present case, short-

wavelength ultraviolet radiation (UV) is applied immediately prior to discharge. While 

UV reduces the viability of microorganisms by causing direct physical damage to 
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essential cellular processes, it may also result in the degradation of organic compounds 

by direct or indirect photolytic processes. In the former case, compounds with aromatic 

substructures may absorb energy in the range of applied wavelengths leading to bond 

scission. Similarly, constituents of the treated effluent may interact with UV to form 

reactive species (e.g., triplet state organic matter, oxygen centered radicals and 

peroxides) that subsequently degrade micropollutants. My results suggest that UV 

serves as an effective barrier to environmental dispersal for several organic 

micropollutants. This analysis again focused on tentatively identified structures that 

were highly likely to be synthetic in origin as indicated by graph-matches or common 

substructures to known or possible organic pollutants. Results showed that a number of 

known organic micropollutants survived secondary treatment, but were effectively 

removed by UV treatment, including pharmaceuticals (7 in total) and personal care 

products (4 in total).  Personal care products removed by UV treatment were generally 

either aromatic or terpene-like odorant compounds. The benzophenone derivative 

sunscreen component, sulisobenzone, was also detected in this class, which is consistent 

with its physiochemical properties both from a fate and use perspecitve. Namely, the 

small-size and highly-polar sulfonate moiety of sulisobenzone likely makes it evasive to 

activated sludge treatment, however this compound is used as a UV absorbed in 

sunscreens reflecting its high specific molar absorption coefficients in the UV range, 
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which would predict effective removal by UV disinfection techniques, as was observed 

in my analysis. Finally, natural products detected in this class all posses highly 

condensed conjugated ring structures, which would likely interact with the applied UV 

treatment.  

Recalcitrant transformation product features. Due to the predicted composition of 

this class of features, I broadened my feature annotation criteria to include all postulated 

structures and then investigated the literature for information suggestive of a potential 

source for the tentatively identified compound. This approach to verifying postulated 

structures relies on the ability to relate a parent compound to its transformation product 

by some plausible mechanism. Typically, such a link arises in a previous study that it is 

unrelated to environmental analysis, but nonetheless carefully characterized the 

degradation of a compound, as is commonly practice in drug metabolism studies. Ready 

availability of those data via web-resources drives my ability to add confidence to 

tentative identifications. Therefore my analysis likely dramatically underestimates the 

presence of transformation products due to a general paucity of data on those 

compounds in any field. However, in instances were my analysis are informed by 

previous literature, relating that information to environmentally relevant processes is 

essential given the limited scope of regulatory testing for chemicals in commerce. 

Interestingly, tentatively identified structures in this class were primarily parent 
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compounds, presented in Table 13, and were dominated by pharmaceutical compounds. 

While these compounds represent intact forms of commonly used compounds that does 

not preclude them from being formed during treatment. Namely, several notable 

instances have documented the de-conjugation of Phase II metabolites of compounds to 

reform the parent compound. The paucity of data for conjugates in my dataset limits my 

ability to confirm this hypothesis, however it cannot be ruled out entirely.  

Tertiary degraded transformation product features. Features classified as tertiary 

removed transformation products were similarly evaluated as described above for 

recalcitrant transformation products, the results of which are depicted in Table 15. 

Numerous pharmaceutical-related compounds were also detected in this compound 

class, totaling 7 tentative identifications.  However, unlike features classified as 

recalcitrant transformation products, several of the tentatively identified structures 

corresponded to known degradants or metabolites of pharmaceutical compounds. For 

instance, 2-(4-isobutyrlphenyl) propionic acid is a known degradation product of the 

widely used analgesic anti-inflammatory drug Ibuprofen, which is know to be 

susceptible to oxidative and thermal degradation.(150) As noted previously, excretion of 

transformation products in the form of metabolites may confound attempts to delineate 

transformations occurring in build or natural environments. However, in the case of 2-

(4-isobutyrlphenyl) propionic acid, its appearance only after activated sludge suggests 
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formation during treatment, which is plausible in light of the wide spread use of the 

parent compound. Similarly, a transformation product of the corrosion inhibitor 

benzotriazole was detected in this feature class.  In this instance, the purported parent 

compound was concurrently detected, albeit in the wastewater derived, recalcitrant 

class. This result does not provide a direct link between an observed parent compound 

and a plausible transformation product. However, in this case I cannot rule out the 

possibility of multiple source terms leading to the appearance of hydroxyl benzotriazole 

after activated sludge treatment. Namely, the benzotriazole scaffold is widely used in 

industry such that a multitude of products contain benzotriazole derivatives (e.g., 

methyl benzotriazoles), which when exposed to wastewater treatment may be degraded 

to form the observed transformation product. Known transformation products of 

nonylphenyl (i.e., nonylphenol carboxylate) and diethyl hexylphthatlate were similarly 

tentatively identified in this class of features.  However, most of the substances 

tentatively identified corresponded to natural products. In most instances, those 

compound lacked sufficient information regarding specific sources to evaluate whether 

they are in fact formed during treatment through degradation or if they represent a 

fraction of soluble metabolic products exuded by microorganisms in concentrated 

bioreactors. Further work is needed to evaluate the structure and eventual fate of these 
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compounds, as they are not typically monitored in wastewater effluents beyond bulk 

measures of total organic carbon and in some instances may have significant bioactivity.  

3.4 Environmental implications   

Herein I have described an advanced approach for identifying transformation 

products of organic micropollutants based on their differential occurrence in actual 

engineered systems, data-driven molecular and formula assignment and structural 

similarity searching. Results showed that the applied, semi-quantitative differential 

classification approach reveals trends in the observed and predicted physiochemical 

properties of dissolved effluent organic matter during conventional aerobic activated 

sludge treatment that are consistent with previous results based on orthogonal analytical 

techniques.(142, 147)  In general, the detected fraction of organic matter was 

transformed to lower molecular weight and more polar products as shown by the 

distribution of predicted log P, molecular weight and predicted molecular formula 

compositions. Characterization of features based on their behavior throughout the 

treatment train revealed a significant fraction of recalcitrant effluent organic matter, part 

of which I take to be synthetic organic micropollutants.  I applied empirical metrics to 

further refine structurally annotated features. Overall, this approach provides a 

significant advancement in approaches aimed at understanding the fate of organic 

micropollutants in urban water systems. Compared to laboratory based approaches, I 
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circumvented the need for selecting individual compounds for investigation by 

evaluating the composition of actual wastewaters, where undoubtedly numerous 

organic micropollutants occur that have not been previously identified in the 

environmental literature and would therefore never be prioritized for transformation 

product evaluation.(130) Furthermore, monitoring the behavior of non-targeted 

micropollutants and their respective transformation products in field collected samples 

removed biases arising in studies implementing inoculated reactors, which in the case of 

biotransformation reactions may better represent transformation pathways exerted by 

organisms that are highly sensitive to environmental variables.  
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Figure 24 Representative data for differential classification and tentative 
identification of wastewater derived organic micropollutants in Ellerbe Creek and 
ND-WRF.  
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Table 10 Tentatively identified consumer product/household chemicals classified as 
wastewater -derived recalcitrant. Columns denote analytical data used in the 
tentative identification including: molecular formula score (SIRIUS), fragmenter 
scores (MetFrag, CFM-ID) and structural similarities (WW, DSSTox). 

Compound name use SIRIUS MetFrag CFM-ID WW  (refs) DSSTox 
additive 

      
1H-Benzotriazole 

corrosion 
inhibitor 8 98 0.00 1.00 (28) 1.00 

Tris(2-chloroethyl) 
phosphate OPFR 33 225 0.03 1.00 (27) 1.00 
Bisphenol A plasticizer 112 1166 0.18 1.00 (104) 1.00 

       surfactant 
      octylphenyl ethoxylate 

(EO2) various 95 574 0.10 1.00 (15) 0.74 

       natural product 
      tyramine 
 

81 538 0.26 1.00 (1) 1.00 
acridine 

 
14 124 0.00 1.00 (6) 1.00 

       personal care product 
      indole odorant 8 87 0.06 1.00 (11) 1.00 

alpha-
Amylcinnamaldehyde odorant 148 1422 0.25 0.74 (1) 0.82 
alpha-
Hexylcinnamaldehyde odorant 130 942 0.26 1.00 (1) 0.82 
camphor antipruritic 35 241 0.14 1.00 (5) 1.00 

       pesticides 
      atrazine herbicide 9 213 0.11 1.00 (85) 1.00 

carbofuran insecticide 21 125 0.07 1.00 (4) 1.00 
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Table 11 Tentatively identified pharmaceutical compounds classified as wastewater 
derived recalcitrant. Columns denote analytical data used in the tentative 
identification including: molecular formula score (SIRIUS), fragmenter scores 
(MetFrag, CFM-ID) and structural similarities (WW, DSSTox). 

Compound name Use 
SIRIU
S 

MetFra
g 

CFM-
ID 

WW  
(refs) 

DSSTo
x 

pharmaceuticals  
      sulfapyridine nsaid 8 190 0.10 1.00 (22) 1.00 

gabapentin anti-epileptic 71 425 0.21 1.00 (15) 1.00 
Carbendazim anti-fungal 44 231 0.04 1.00 (8) 1.00 
MDMA illicit 113 583 0.16 1.00 (11) 1.00 
carbamazepine anticonvulsant 14 248 0.03 1.00 (186) 1.00 
carbamazepine anticonvulsant 16 251 0.07 1.00 (186) 1.00 
fenoprofen nsaid 70 562 0.18 0.87 (10) 0.87 
phenytoin anticonvulsant 31 290 0.11 1.00 (16) 1.00 
oxcarbazepine anti-epileptic 20 312 0.07 1.00 (3) 1.00 
sulfamethoxazole antibacterial 46 218 0.10 1.00 (161) 1.00 
Trimeperidine analgesic 40 311 0.03 1.00 (1) 0.74 
amitriptyline antidepressant 54 372 0.09 1.00 (12) 1.00 
morphine analgesic 41 365 0.22 1.00 (12) 1.00 
hydrochlorothiazid
e diuretic 15 274 0.14 1.00 (22) 1.00 
codeine analgesic 39 183 0.10 1.00 (20) 1.00 
temazepam anti-anxiety 15 274 0.04 1.00 (7) 1.00 
nandrolone steroid 83 603 0.15 1.00 (3) 1.00 
       
pharmaceutical TPs       
Methyl ecgonine illicit drug metab. 11 146 0.08 1.00 (3) 0.63 

Metoprolol acid 
beta blocker 
metab. 62 454 0.16 1.00 (8) 0.70 

cocaethylene illicit drug metab. 6 167 0.06 1.00 (2) 0.74 
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Table 12 Tentatively identified compounds classified as wastewater-derived , 
tertiary degraded. Columns denote analytical data used in the tentative 
identification including: molecular formula score (SIRIUS), fragmenter scores 
(MetFrag, CFM-ID) and structural similarities (WW, DSSTox). 
 

Compound use/source SIRIUS MetFrag CFM-ID WW 
(refs) 

DSSTox 

natural products/metabolites     
Acetosyringone phytochemical  30 87 0.07 1 (1) 1 
estrone estrogen 86 1122 0.27 1 (12) 1 
Vitinoin vitamin a 

derivative 
56 457 0.16 1 (1) 1 

       personal care products      
Lilial odorant 164 1283 0.20 1 (3) 1 
alpha-terpineol odorant 32 225 0.21 1 (3) 1 
Galoxolide odorant 18 139 0.13 1 (44) 1 
Sulisobenzone uv absorber 27 517 0.12 1 (6) 1 
       pharmaceutriacls      
dextroamphetamine stimulant 29 215 0.15 1 (16) 1 
8- hydroxyquinoline antiseptic 51 210 0.17 1 (4) 1 
Tenamfetamine illicit 134 694 0.20 1 (6) 1 
Crotamitex scaicidal 38 306 0.13 1 (4) 0.76 
Tramadol analgesic 26 17 0.03 1 (19) 1 
atenolol betablocker 75 731 0.22 1 (78) 1 
diclofenac nsaid 15 368 0.08 1 (149) 1 
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Table 13 Tentatively identified compounds classified as recalcitrant biodegradation 
products. Columns denote analytical data used in the tentative identification 
including: molecular formula score (SIRIUS), fragmenter scores (MetFrag, CFM-ID) 
and structural similarities (WW, DSSTox). 
 

Compound Class/Use SIRIUS MetFrag 
CFM
-ID 

WW 
(refs) DSSTox 

commercial/industrial 
      3a-methyl-

2,3,4,5,5a,10,10a,10b-
octahydro-1H-
cyclopenta[a]fluorene-2,3,7-
triol 

intermedi
ate 20 225 0.12 

1.00 
(11) 1.00 

2,5,8,11-Tetraoxatridecan-13-
ol solvent 6 69 0.00 

0.76 
(1) 1.00 

triethylene glycol 
monododecyl ether surfactant 27 177 0.23 

0.63 
(1) 1.00 

       natural product 
      

guaiacol 
estrogen 
metab. 129 838 0.20 

0.73 
(52) 0.73 

5,8,11,14,17-
Eicosapentaenoicacid, 
(5Z,8Z,11Z,14Z,17E)- fatty acid 127 979 0.18 

1.00 
(1) 1.00 

4-Decen-3-one, 1-(4-hydroxy-
3-methoxyphenyl)-, (4Z)- 

 
116  341  0.05 

0.67 
(20)  0.79 

(2E,4E,6E,8E)-3,7-dimethyl-9-
(2,6,6-trimethyl-3-oxo-1-
cyclohexnyl)nona-2,4,6,8-
tetraneoic acid 

 oxo-
retinoid 22 207 0.13 

0.66 
(1) 0.66 

       pesticide 
      

thiabendazole fungicide 14 115 0.03 
1.00 
(7) 1.00 

propiconazole fungicide 27 212 0.04 
1.00 
(3) 1.00 

       pharmaceutical 
      

gemfibrozil 
lipid 
regulator 89 502 0.18 

1.00 
(69) 1.00 

diphenhydramine 
antihistam
ine 58 852 0.14 

1.00 
(19) 1.00 

amitriptyline antidepres 16 244 0.06 1.00 1.00 



 

  

141 

sant (12) 

fexofenadine 
antihistam
ine 13 338 0.03 

1.00 
(3) 1.00 

exemestane 
synthetic 
hormone 120 545 0.19 

0.73 
(2) 1.00 

citalopram 
antidepres
sant 40 323 0.06 

0.61 
(2) 0.64 

2-phenylbutyric acid 
pharm 
metab. 58 471 0.21 

0.73 
(6) 0.79 
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Table 14 Tentatively identified synthetic compounds classified as tertiary removed 
transformation products. Columns denote analytical data used in the tentative 
identification including: molecular formula score (SIRIUS), fragmenter scores 
(MetFrag, CFM-ID) and structural similarities (WW, DSSTox). 
 

Compound Use/Source SIRIUS MetFrag 
CFM-
ID 

WW 
(refs) DSSTox 

additives 
      

Chisorb 1500 
polymer 
additive 8 216 0.07 

1.00 
(1) 1.00 

1-Hydroxybenzotriazole 
corrosion inhib. 
TP 2 106 0.03 

1.00 
(2) 1.00 

mono-2-ethyl-5-
hydroxyhexyl phthalate phthalate metab. 10 180 0.07 

0.67 
(1) 0.71 

 2-hydroxy-6-nonylbenzoic 
acid 

nonylphenyl 
carboxylate 14 183 0.06 

0.65 
(20) 0.82 

       pesticides 
      

carbofuran insecticide 93 467 0.09 
1.00 
(4) 1.00 

       pharmaceuticals 
      

Sematilide antiarrhthmic 62 496 0.07 
0.64 
(1) 1.00 

Masoprocol antineoplastic 22 282 0.08 
0.64 
(1) 1.00 

proglumide 
cholecystokinin 
antagonist 22 411 0.05 

0.54 
(2) 1.00 

Oxybuprocaine anesthetic 12 205 0.05 
0.63 
(7) 1.00 

2-(4-
Isobutyrylphenyl)propioni
c Acid 

ibuprofen 
metab. 95 518 0.18 

0.66 
(125) 0.71 

Methyl fexofenadine 
fexofenadine 
metab. 14 354 0.03 

0.66 
(3) 0.66 

N-Ethylamphetamine 
amphetamine 
metab. 37 203 0.14 

0.74 
(11) 1.00 
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Table 15 Tentatively identified natural products classified as tertiary removed 
transformation products. Columns denote analytical data used in the tentative 
identification including: molecular formula score (SIRIUS), fragmenter scores 
(MetFrag, CFM-ID) and structural similarities (WW, DSSTox). 
 

Compound SIRIUS MetFrag CFM-ID 
WW 
(refs) DSSTox 

2-Propenoicacid, 3-phenyl- 83 260 0.16 1.00 (3) 1.00 
2-(Methylthio)phenol 96 378 0.13 0.82 (7) 1.00 
Acetyleugenol 117 457 0.23 0.70 (12) 1.00 
(+)-8-Phenylmenthol 152 1013 0.23 0.63 (3) 1.00 
5-Methylpyrogallol 77 359 0.18 1.00 (1) 1.00 
2-(3,7-dimethylocta-2,6-
dienyl)benzene-1,4-diol 176 1195 0.15 0.63 (6) 0.73 
4-Oxononanal 63 255 0.21 0.79 (4) 1.00 
4-Amino-m-cresol 59 435 0.23 1.00 (1) 1.00 
trolox 32 276 0.15 0.56 (1) 1.00 
Scoparone 63 498 0.15 0.61 (2) 1.00 
(+)-Abscisic acid 55 399 0.13 0.51 (1) 1.00 
methyl beta-Zearalenol 67 549 0.07 0.67 (1) 0.71 
1-(5-hydroxy-7-methoxy-2,2-
dimethylchromen-6-yl)-2-
methylpropan-1-one 68 546 0.13 0.55 (1) 0.70 
Xanthinin 49 304 0.15 0.53 (21) 0.66 
parthenolide 117 333 0.15 0.48 (1) 1.00 
18-hydroxycortisol 107 559 0.07 0.68 (5) 0.68 
3,10-dihydroxydecanoic Acid 64 108 0.04 0.63 (2) 0.71 
9-ethyl-9h-purin-6-amine 16 482 0.11 0.66 (1) 1.00 
8-Oxapentadecanedioic acid 37 73 0.01 0.60 (2) 0.76 
16-Ketoestrone 101 1391 0.15 0.74 0.74 
cyclohexanecarboxylic acid 45 295 0.20 1.00 1.00 
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4. Fate of organic micropollutants in stormwater 
detention ponds impacted by runoff from a wastewater-
irrigated golf course  

4.1 Introduction 

Providing reliable access to quality freshwater for domestic and commercial use 

continues to be a challenge for humanity.(151) In the developing world, access to clean 

drinking water remains limited by insufficient or unavailable treatment technologies 

and infrastructure. Developed nations, with advanced centralized treatment and storage 

capabilities, face diverse water-related challenges associated with stress placed on aging 

water treatment and distribution systems by increased urbanization(7),  population 

growth, global climate change(7, 47) and emerging technologies (e.g., alternative energy 

sources and extraction techniques)(152). Waste reduction in the treatment, distribution 

and use of water resources holds promise for alleviating water strain in both the 

developing and the developed world.(153) Water reuse represents one of several 

approaches for capturing inefficiencies in water management by replacing higher 

quality water sources with reclaimed wastewater in non-potable consumption 

applications. Urban water reuse represents one of the fastest growing and highest 

volume reuse scenarios in the United States and entails applying reclaimed wastewater 

for recreational field irrigation, landscape irrigation, fire protection and toilet flushing, 
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amongst others.(154) The use of treated wastewater for irrigation gained early and 

widespread adoption due to the minimal modifications required to existing treatment 

processes or infrastructure. When properly managed, wastewater irrigation offers both 

the benefit of water waste reduction and enhanced nutrient recovery and has therefore 

found applications in many agricultural and horticultural settings. Management of 

recreational turf grass (e.g., golf courses) represents one such application.   

 

Figure 25 Map of golf courses utilizing treated wastewater effluent for irrigation in 
2004 and overall water risk for major US water basins showing the concentration of 
wastewater reuse for turf grass irrigation in water stressed regions. 

 
Wastewater irrigation for golf course management gained acceptance in the early 

1970s, especially in water starved regions due to the low-cost of treated wastewater 

relative to municipal or well water. A 2009 survey of golf course superintendents 

estimated that 12% of US golf courses use reclaimed water.(154) In arid regions, the 

proportion of golf courses implementing water reuse was more than double the national 

reporting rate for reclaimed wastewater application, with 37% and 24% of courses in the 
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southwest and southeast employing treated wastewater for irrigation, respectively.(154) 

Figure 25 depicts the location of golf courses utilizing wastewater effluent for irrigation 

(data from 1994(155)) in the United States overlaid on a map of the ‘Overall Water Risk’ 

for major water basins, where the risk categorization reflects aggregated measures of 

water quantity (i.e., availability and variability of water supply) and quality (i.e., water 

quality indicators) and regulatory and reputational circumstances (i.e., uncertainty in 

regulatory change, as well as conflicts with the public regarding water issues).(156)  

Water reuse at golf courses is a rapidly growing urban water reclamation 

practice. Between 1994 and 2004, the number of golf courses utilizing reclaimed 

wastewater increased nearly 600 percent.(154) While the application of treated 

wastewater for irrigation is not federally regulated, the United States Environmental 

Protection Agency (USEPA) offers several treatment, water quality, application site 

selection and monitoring guidelines depending on the intended reuse application (i.e., 

irrigation of public vs. restricted area) and it advises state-level agencies in developing 

regulatory devices and best practices for water reuse. For urban water reuse, including 

golf course irrigation, tertiary treatment (i.e., chemical coagulation, biological or 

chemical nutrient removal, filtration and disinfection) is recommended prior to 

application.(154) These guidelines acknowledge the potential for wastewater-derived 
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contaminants to interact with ecosystems as a result of water reuse applications and 

have lead to significant efforts to characterize risks to human and ecological health 

associated with wastewater irrigation. To date, most risk characterizations of turfgrass 

irrigation have focused on the fate and potential effects of conventional contaminants 

(e.g., nutrients and pathogens) and remain distinctly anthropocentric, despite the fact 

that direct human interaction with reused wastewater under current reuse scenarios is 

relatively limited compared to exposure of aquatic ecosystems.  While the occurrence of 

numerous organic chemicals in wastewater treated for reuse is recognized, much of the 

literature focused on assessing potential risks associated with this fraction of reused 

wastewater utilizes aggregate measures of dissolved organic matter (i.e., total organic 

carbon, dissolved organic carbon, particulate organic carbon, biological oxygen demand 

and chemical oxygen demand) or targeted analysis for only a few known contaminants 

of concern.(154) For instance, Dikenson et. al. investigated the use of surrogate 

parameters (e.g., reduction ultraviolet absorption, ozone byproduct formation potential) 

and indicator compounds (e.g., N,N-Di-ethyl-meta-toluamide, iopromide, dilantin) 

specifically chosen to evaluate the treatment efficiency of advanced oxidation processes 

and extrapolated the removal efficiencies for the indicator compounds to structurally 

similar organic constituents not specifically monitored in the wastewater.(157) Efforts to 
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characterize the fate of organic micropollutants in the irrigation of turf grass with 

reclaimed wastewaters similarly focus on a small subset of priority organic pollutants 

based on their widespread occurrence or toxic effects at low concentrations. For 

instance, Xu et. al. investigated the behavior of several pharmaceuticals and endocrine 

disrupting compounds, totaling nine analytes, spiked into wastewater and used to 

irrigate an experimental turf grass fields and found that several pharmaceutical and 

common plasticizer compounds were detected in soil horizons up-to 30 cm.(158) In a 

later study, Bondarenko et.al., examined the occurrence of fourteen pharmaceutical and 

personal care products in fields irrigated with reclaimed wastewater and consistently 

found several polar organic micropollutants above the detection limit in soil 

leachates.(159) Wright et. al., examined the fate of a similar suite of thirteen organic 

micropollutants in reclaimed wastewater turf grass scenarios and found that soil 

composition and the rate of reclaimed water application relative to the evaporation rate 

of the soil strongly influenced the fate of the monitored contaminates.(160) Young et. al., 

found that irrigation of turf grasses with reclaimed wastewater effectively reduced the 

concentration of organic micropollutants when comparing source water composition to 

that detected in subsurface soil horizons and suggested that irrigation of turf grass may 

serve as a potential advanced treatment practice to mitigate potential impacts of organic 
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micropollutants on ground water supplies.(161) However, this work again focused on 

only a small number of organic micropollutants, totaling thirteen, and the authors 

directly state the choice of analytes was due in part to the availability of established 

methodologies for those contaminants.  

As an alternative to arbitrarily selecting target analytes for study in water reuse 

scenarios, monitoring frameworks have been developed based on comparing 

compilations of environmental monitoring data for organic micropollutants in treated 

wastewater and corresponding trigger levels for those compounds based on 

toxicological metrics.(162) These approaches rely heavily on the presumption that the 

organic chemical composition of wastewaters treated for beneficial reuse remain 

sufficiently uniform along continuums of both time and space to allow extrapolation of 

monitoring results for a few substances to risk factors for the aggregate chemical 

constituents co-occurring in the treated water and therefore may poorly account for 

complexities arising on the individual-site-scale. Such a result might present adverse 

risk scenarios for locations that experience conditions beyond the scope of the modeled 

framework due variable influent compositions, disparate treatment performance or 

distinctive ecosystem factors arising in the impacted environments.   
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Water reuse for golf course irrigation comprises a unique reuse scenario with 

complicating risk factors arising from surrounding land-use and management practices. 

For instance, golf course turf grasses also require high-rates of pesticide application to 

maintain favorable appearance and playing conditions. Co-exposure of wastewater-

derived contaminants with turf-grass management chemicals may exacerbate ecological 

effects associated with these practices. To protect water resources, managers applying 

effluent for irrigation require comprehensive fate and effects data for contaminants 

occurring in treated wastewaters and applied for turf grass management. However, 

estimating the risk associated with the distribution of wastewater-derived organic 

micropollutants in this reuse scenario remains a challenge due to the large number of 

wastewater derived organic contaminants that remain unidentified.  

The number and structural diversity of organic micropollutants arising in 

wastewaters reflects the myriad applications of organic chemicals in consumer and 

industrial use and contributes to highly variable removal during wastewater 

treatment.(149) Furthermore, efforts to characterize the distribution and fate of organic 

micropollutants in water reuse applications remain limited by analytical methodologies 

that target only a few ‘target’ contaminants (i.e., indicators of wastewater impact, high-

concentration or widely cited compounds) and attempt to extrapolate the environmental 
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fate behavior of those micropollutants to other co-occurring contaminants, many of 

which remain uncharacterized. Such reductionist approaches inadequately assess the 

potential impacts of water reuse applications, as they underestimate the diversity of 

micropollutants that may enter the environment through this practice. Aquatic 

environments indirectly impacted by wastewater irrigation by runoff are of particular 

concern due to known adverse ecological outcomes associated with exposure to low 

levels of wastewater derived organic contaminants.(109, 163)  

Addressing these previous challenges in understanding the fate of organic 

micropollutants in water reuse applications requires comprehensive chemical analysis of 

the recycled wastewater as well as impacted environments. Ideally, chemical 

characterization of wastewater applied in reuse/irrigation as well as water bodies 

impacted by such applications would be sensitive and selective to the occurrence of 

numerous, structurally diverse co-occurring organic micropollutants at widely varying 

concentration levels. Furthermore, the approach should be independent of presumption 

about the system under investigation. Approaches based on a priori knowledge of 

contaminant identity and occurrence typically bias the analysis toward high-

concentration, well known micropollutants, which may not be necessarily relevant to all 

systems.(164)  Removal efficiencies of organic micropollutants in wastewater treatment 
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vary temporally (e.g., seasonally) and by location (i.e., unique treatment facilities), such 

that large margins of error should be expected in risk assessments based on 

measurement of one or a few contaminants at a small number of locations. To overcome 

these challenges I have developed a novel and comprehensive data-driven, non-targeted 

screening approach based on high performance liquid chromatography and high-

resolution accurate-mass tandem mass spectrometry (HPLC-HR/AM MS/MS), 

computational mass spectrometry algorithms, and statistical analysis to evaluate the fate 

of organic micropollutants in water reuse applications. This comprehensive approach 

facilitates characterization of the unique organic contaminant burden relevant to an 

individual water reuse scenario and utilizes statistical analysis to reveal and prioritize 

contaminants of concern under the prevailing environmental conditions. My developed 

approach has been applied to assess the fate of wastewater- and turf grass management-

derived organic micropollutants in tidally influenced stormwater detention ponds 

receiving runoff from golf courses irrigated with reclaimed wastewater, located on a 

coastal golf course community at Kiawah Island, SC, USA (Figure 26). I conducted high-

frequency grab sampling with both targeted quantitative analysis for turf-grass 

management chemicals (e.g. pesticides) and previously known wastewater derived 

contaminants, along with broad-spectrum non-targeted analysis incorporating several 
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computational mass spectrometry tools and statistical analysis to chemically 

characterize the suite of organic micropollutants occurring in this unique environment.   

4.2 Materials and Methods  

Chemicals and glassware. All solvents were of were HPLC grade or better. 

Glassware was combusted overnight before transporting to the field site. Once in the 

field, glassware was rinsed with copious hot water and high-purity solvent (i.e., water 

and acetone) between uses.  All reference standards were prepared from neat materials 

gravimetrically and/or with Grade-A volumetric glassware.  

Water quality. Multi-parameter sondes (YSI, 6600 V2-4) equipped with 

temperature, optical dissolved oxygen, salinity, conductivity, pH and oxidation 

reduction potential probes were deployed at each site for the duration of the sampling 

period.  

Site description and Sampling. Wastewater effluent and wastewater irrigation-

impacted surface water samples were collected at Kiawah Island, SC.  Kiawah Island is a 

residential coastal resort community situated on a 34.8 km2 barrier island with a year-

round population of approximately 1,626 (2010 census), which grows to 8,000 to 10,000 

residents during summer months. Land-use on the island is predominately recreational 

(e.g., golf courses and beaches) and residential, with < 0.5% commercial land-use.  A 
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single wastewater treatment plant serves the island and is permitted to discharge up to 

4.2 million liters per day of conventionally treated (i.e., activated sludge with chlorine 

disinfection) domestic wastewater per day via land-application for irrigation of the 

island’s golf courses. Average daily flows at the Kiawah Island wastewater utility range 

from 1.9 to 3.8 million liters per day. Effluent is stored in a holding-pond after treatment 

and prior to blending with deep-well and potable water for spray-irrigation on golf 

fairways. In 1991, Kiawah Island applied approximately 586 million literes of treated 

effluent for irrigation.(155) Runoff from the fairways is collected in a system of golf-

course ponds (i.e, water hazards), which form a hydraulically interconnected and tidally 

flushed hydrologic system of stormwater detention ponds that communicates with the 

Edisto river estuary through tidal outfalls on the North and South ends of the island. 

Figure 26 depicts the location and layout of Kiawah Island with sampling locations 

labeled. Surface water sampling sites, depicted in the inset satellite imagery were chosen 

based on different contaminant source scenarios that could impact the detention ponds 

on the Island. I assessed the composition of the treated wastewater prior to reuse by 

sampling at the effluent holding lagoon located at the Kiawah Island Utility (WWTP).  
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Figure 26.  Location and geography of the sampling site (Kiawah Island, SC) and 
satellite imagery of the three storm-water detention ponds sampled. Golf course 
greens are evident at both Pond 5 and Pond 25, but are absent at Pond 43, illustrating 
the different land-use scenarios under investigation: 1. Wastewater and turfgrass 
management impacted sites (Ponds 5 and 25) and 2. Residential storm water impacted 
(Pond 43). 
 

Pond 5 (P05) is surrounded entirely by golf course and therefore represents a detention 

pond impacted by both turf-grass management and wastewater derived organic 

contaminants due to run off from the golf course and irrigation with treated effluent. Of 

note, P05 does not communicate hydraulically with the other ponds in the system of 

detention ponds on Kiawah Island, but is connected to the tidal marsh immediately 

adjacent via a dedicated culvert. Pond 25 (P25) is situated on a golf course and adjacent 

to the main island thoroughfare and therefore represents similar contaminant inputs as 
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P05 with the addition of potential storm water runoff from the nearby roadway. Pond 43 

(P43) is adjacent to a residential area, but not directly adjoined to a golf course fairway 

and was thus chosen to represent impacts primarily due to residential/suburban storm 

water runoff. Table 16 depicts the physical characteristics of the sampled sites. Average 

and maximum water depth was consistent throughout the sampled sites, however P25 

was substantially larger then the other two sites. 

Table 16 Physical characteristics of the sampled stormwater detention ponds on 
Kiawah Island, SC. 

Site 
Area 
(km2) 

Max depth 
(m) 

Avg. Depth 
(m) 

Volume 
(ML) 

Shoreline 
(km) 

P05 3.16 2.19 1.28 0.547 0.328 
P25 13.0 2.19 1.07 1.86 1.04 
P43 3.04 1.68 1.05 0.427 0.316 

 

Grab samples (2 L) were collected from each site and a municipal tap water 

source daily over thirteen days in May 2010 into solvent rinsed amber glass bottles and 

immediately vacuum filtered through combusted glass fiber filters (GF/F, Wattman) 

before adding 12.5 ng isotope-labeled surrogate standards (D4-genistein, 13C12-bisphenol 

A, D4-estradiol, D4-ethyinyl estradiol, D4-estrone, D5-iprodione, 13C6-nonylphenol and D5-

atrazine) as a 50 µL methanolic spike. Samples were then field-extracted within 6 hrs by 

automated SPE on an AutoTrace 280 apparatus (Dionex Corp) with Oasis HLB 
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cartridges (Waters Corp; Milford, MA). Columns were pre-eluted and conditioned with 

6 mL each of 90% methanol/10% methyl tertiary butyl ether (v/v), methanol and LC-MS 

grade water delivered at 1 mL min-1, before loading 0.5 L of filtered sample at 10 mL 

min-1. After loading, the cartridges were washed successively with 3 mL each of water 

and 95% water/5% methanol (v/v) and dried with high-purity compressed air for 20 min 

before eluting with 6 mL 10% methanol/90% methyl tertiary butyl ether. Extracts were 

stored at -20 ˚C until processing. Upon returning to the lab, samples were evaporated to 

dryness under reduced pressure with a SpeedVac concentrator (Thermo Scientific, San 

Jose CA), reconstituted to 0.5 mL in 5% acetonitrile/95% water, spiked with isotope 

labeled internal standards (13C3-caffeine, D4-equilin) and transferred to combusted amber 

glass autosampler vials for analysis. Method performance was assessed by triplicate 

spiked recoveries of target analytes into high-purity water and triplicate measurement 

for each sample site on one sampling day.   

Quantitative analysis of targeted analytes. Quantitative analysis for xenoestrogenes 

and turf-grass management chemicals listed in Table 17 was achieved by HPLC-HR/AM 

MS with reference standards. Sample aliquots (25 µL) were injected with an Accela 

Series autosampler (Thermo Scientific; San Jose, CA) and separated by reversed phase 

chromatography on a Hypersil Gold C18 column (100 × 2.1 mm; 1.9 µm particles; Thermo 
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Scientific, San Jose CA) with an Accela Series HPLC. Separate analyses were performed 

in positive and negative electrospray ionization (ESI) to ensure suitable method limits of 

detection, especially for xenoestrogens. Gradient elution with solvent flow at 0.4 mL 

min-1 consisted of an initial hold for one minute at 25% acetonitrile/75% water before 

linearly increasing to 98% acetonitrile/2% water over 30 min. and holding for two 

minutes before returning to initial conditions for three minutes. For ESI(+) analysis, the 

aqueous mobile phase contained 0.1% (v/v) formic acid. During ESI(-) analysis, a 

solution of 100 mM methanolic ammonium hydroxide was infused post-column to 

improve ionization efficiency for phenolic analytes. HPLC column eluent was directed 

into an LTQ Orbitrap Velos hybrid tandem high-resolution accurate-mass mass 

spectrometer with data acquired as full-scan (m/z 150-500), high-resolution (R=60 000 at 

m/z 400) mass spectra.  Instrument response was measured as the peak area 

corresponding to extracted ion chromatograms constructed at the expected detention 

time (±0.5 min) from the full-scan HR/AM MS data, the exact mass of the expected ESI 

adduct of the target analyte (i.e., [M+H]+ or [M-H]-) and a narrow mass error window (±5 

ppm). Peak areas were normalized to the area of the of the closest eluting isotopically 

labeled surrogate standard. Surrogate recovery was assessed relative to the isotopically 

labeled internal standard added immediately prior to analysis (vide supra). Instrumental 
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limits of detection were defined as the lowest detectable calibration point giving a 

signal-to-noise ratio of at least three. Five-point calibration curves were constructed 

daily over the range of expected concentrations and were typically linear (R2>0.98) over 

at-least three orders of magnitude.  

Non-targeted screening for organic micropollutants. Separate analyses for non-

targeted screening were performed in ESI(+) with slight modifications to the 

instrumental method described above. Namely, an extended and shallowed gradient 

program were applied and the mass spectral acquisition was programed to collect full-

scan HR/AM MS spectra (R=60,000 at m/z 400) and data-dependent HR/AM MS2   

(R=7,500 at m/z 400) with precursor ion isolation in the linear ion trap followed by 

collision induced dissociation (CID) for the top-three most intense peaks observed in the 

full-scan spectra. 
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Table 17 Micropollutants targeted for quantitative analysis in Kiawah Island 
stormwater detention ponds.  

Method Analyte (a Cpd. class) Exact Mass (b RT) c MDL (ng L-1)  
d Spiked Rec. 
(%) 

ESI(-) 

2,4-D/dicamba (1) 218.9621 (0.8) 0.05 11.6 ± 3.7  
mecoprop (1) 213.0324 (0.9) 0.05 77.3 ± 15.5 
estriol (2) 287.1653 (2.7) 0.01 100.6 ± 5.3 
genistein (3) 269.0455 (4.9) 0.01 12.7 ± 6.1 
bisphenol A (4) 227.1078 (7.8) 0.02 86.4 ± 5.1 
17𝛽-estradiol (2) 271.1704 (8.2) 0.05 78.4 ± 4.5 
17α-ethinyl estradiol (2) 295.1704 (9.4) 0.05 92.3 ± 6.5 
estrone (2) 269.1547 (9.6) 0.05 120.0 ± 9.8 
fipronil (5) 434.9314 (15.0) 0.01 66.4 ± 14.2 
fipronil-desulfinyl (6) 386.9644 (15.8) 0.01 100.1 ± 8.5 
fipronil-sulfide (6) 418.9365 (16.8) 0.01 91.6 ± 6.8 
octylphenol (7) 205.1598 (16.8) 0.01 41.9 ± 5.7 
fipronil-sulfone (6) 450.9263 (16.9) 0.01 116.2 ± 9.8 
nonylphenol (7) 219.1754 (19.0) 0.10 70.2 ± 7.5 

ESI(+) 

atrazine desisopropyl (8) 174.0541 (1.0) 0.1 103.4 ± 6.6 
atrazine desethyl (8) 188.0697 (1.4) 0.05 111.3 ± 3.5 
quinclorac (1) 241.977 (2.6) 0.05 5.8 ± 1.68 
atrazine (1) 216.101 (4.4) 0.01 100.4 ± 0.9 
metalxyl (9) 280.1543 (5.1) 0.01 136.0 ± 3.0 
pronamide (1) 256.029 (9.1) 0.05 93.6 ± 2.0 
fenarimol (9) 331.0399 (8.6) 0.01 103.6 ± 7.0 
fenamiphos (10) 304.1131 (9.0) 0.01 108.8 ± 5.9 
azoxystrobin (9) 404.1241 (9.1) 0.01 122.6 ± 8.1 
flutolanil (9) 324.1206 (10.9) 0.01 109.1 ± 6.6 
oxadiazon (9) 345.0767 (11.0) 0.05 100.0 ± 8.1 
propiconazole (9) 342.0771 (11.0) 0.05 107.3 ± 6.7 

aCpd. Classes: 1= herbicide, 2=estrogen, 3=phytoestrogen, 4=plasticizer, 5=insecticide, 
6=insecticide transformation product, 7=surfactant transformation product, 8=herbicide 
transformation product, 9=fungicide, 10=insecticide.  b Detention time (min). c Method detection limit 
(ng L-1). d Mean and standard deviation of percent recovered from triplicate lab spikes (50 ng L-1) 
into high purity water. 
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Dynamic exclusion and peak-apex detection were optimized in the tandem mass 

spectral acquisition program to maximize the breadth of tandem mass spectral coverage 

for use in molecular and structural formula assignment. Peak detection, 

chromatographic alignment and isotope and adduct ion deconvolution among all 

samples was performed in the Compound Discoverer 2.0 (beta) software program 

(Thermo Fisher Scientific, San Jose, CA). The resulting feature list (i.e., neutral molecular 

weight and detention time) was exported as a text file and further processed utilizing an 

in-house software program (see Chapter 2) designed to extract the relevant mass 

spectrometric data for subsequent analysis by multiple computational mass 

spectrometry algorithms and statistical analysis in R.  

4.3 Results and Discussion  

Environmental conditions and water quality. Water quality was monitored throughout the 

sampling period to assess the impacts of the prevailing environmental conditions on the 

occurrence, concentration and fate of organic micropollutants at the surface water sites. 

Figure 27 depicts the high-resolution water quality results for each of the sampling sites 

as well as pertinent environmental variables. Dissolved oxygen concentrations and pH 

at all sampling sites were typically consistent between sites and showed expected 
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diurnal fluctuations. These results indicate significant biological activity within the 

sampled ponds, which may indicate the potential for rapid elimination of certain organic 

pollutants by biodegradation.  Oxidation-reduction potential (ORP) varied across sites 

throughout the sampling period (data not available for P05), with the WWTP and P25 

showing the highest potentials. Elevated ORP levels at the WWTP were expected due to 

chlorine application for disinfection prior to storage and distribution for irrigation 

throughout the island.  The highest levels of DO and ORP were observed at P25, which 

may indicate a higher proportion of wastewater runoff due to residual chlorine in the 

treated effluent and aeration occurring during spray application. P43 showed 

significantly lower ORP levels, which is consistent with its isolation from the golf course 

irrigation system. Salinity was elevated in all of the ponds due to tidal interaction with 

the neighboring estuary and was lowest for the wastewater treatment facility, reflective 

of the source water for that system (i.e., domestic wastewater). As indicated by the 

hourly precipitation and solar irradiation data, there was one significant rain event 

during the sampling period on 25 May, which is also reflected in the subsequent rapid 

decline in salinity at all monitoring stations. Given substantial rainfall and the extended 

period between rainfalls, I hypothesized that this event may mark a pulse input of 
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contaminants detained in superficial soil horizons due to rapid saturation of superficial 

soil layers.  

 

Figure 27 Water quality and environmental conditions at the four stormwater 
detention ponds monitored on Kiawah Island over the course of the sampling 
campaign. 
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Differences in water quality and environmental conditions that may drive 

organic micropollutant fate in the studied systems were assessed by applying 

multivariate statistical analysis to the water quality and environmental conditions data 

aggregated by day and scaled across sites to give a mean of zero and a standard 

deviation of one. Figure 28 depicts the results of those analysis projected in multi-

dimensional principle component space (PCA). PCA is a multivariate technique that 

utilizes orthogonal transformations utilizing eigenvalue decomposition of covariance 

matrix to investigate potential relationships between variables in high-dimensional data 

sets. Approximately 57% of the variance was accounted for with the first two principle 

components. This analysis reveals the dominant factors influencing the prevailing 

conditions at the monitored sites. Namely, bulk measures of water quality indicate that 

the WWTP and P43 sites were most similar, while the golf course sites (P05 and P25) 

displayed distinct water chemistries. Together these results depict the discrete impacts 

of both the land-use in the area surrounding the sampled sites and potentially the 

impact of irrigation practices at the golf course sites (i.e., P05 and P25).  
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Figure 28 Principle component analysis of environmental and water quality metrics 
at the sampled Kiawah Island stormwater detention ponds.  

Targeted analysis of wastewater derived contaminants and turf-grass management chemicals. 

Chemical analysis by targeted HPLC-HR/AM MS revealed the occurrence of at least one 

monitored contaminant above the detection limit for each site for all sampling events. 

The maximum number of observed contaminants (23) occurred on 22 May. On average 

the WWTP showed the fewest number of detected analytes, which reflects the high 

proportion of turf-grass management chemicals represented in the targeted screening. 

Furthermore, five of the seven wastewater-derived contaminants chosen for targeted 

analysis were steroid estrogens or synthetic estrogens. While these compounds are 

known to occur in wastewater effluent, they are typically present at low concentrations 

(low ng L-1) near the method detection limit,  leading to low detection frequency in the 

WWTP.    Conversely, P25 typically showed the highest number of unique substances 
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above the method detection limits, followed by P05 and P43. The most frequently 

detected contaminants (>49 observations) included the insecticide fipronil and its 

transformation products (i.e., fipronil-sulfone, fipronil-sulfie, fipronil-desulfinyl); the 

alkylphenolic and bisphenolic consumer derived compounds Bisphenol-A and 4-

nonylphenol; and the herbicides mecoprop and atrazine along with atrazine’s primary 

transformation products (i.e., atrazine desisopropyl and atrazine desethyl). Figure 29 

depicts the maximum observed concentrations for each detected micropollutant over all 

sampling dates and sampling time.  

 

Figure 29 Maximum observed concentrations for each monitored micropollutant 
among all monitored Kiawah Island stormwater detention ponds.  
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As might be expected for organic micropollutant occurrence in a suburban 

environment with little commercial impact, maximum observed concentrations were in 

the mid- to low ng L-1 range. However the high-level occurrence of Atrazine was 

surprising given that local management officials reported at the time of sampling that 

atrazine had not been applied for >10 years on the Island. The elevated and widespread 

occurrence of both Atrazine and its primary transformation products suggest a 

persistent diffuse source resulting from historic use, likely in sub-surface soils. 

Surprisingly, the phytoestrogen Genistein ranked highly in terms of the maximum 

observed concentrations for the monitored contaminants (vide infra).  
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Figure 30 Average concentrations for each monitored micropollutant organized by 
sampling site on Kiawah Island and by compound class.  
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For several micropollutants, the average measured concentrations were similar 

across sampling locations. Figure 30 depicts the average concentrations for each of the 

target analytes at each sampling location over the entire sampling period sorted by 

compound class.  In general, chemicals associated with pest control in residential and 

turf-grass management settings showed among the highest average concentrations and 

were most frequently detected.   

In general, the concentrations of the monitored micropollutants showed unique 

concentration levels among the sampled sites but exhibited similar temporal trends in 

concentration over sampling days. Figure 31 depicts representative temporal 

concentration trends of select contaminants across the entire two-week sampling 

campaign. Box plots depict the average concentrations (including replicates, conducted 

on a single day) at each site while the scatter plots depict temporal trends for each 

micropollutant at each sampling site. Concentrations at the wastewater treatment plant 

were among the most variable for many of the contaminants as indicated by the large 

range of those data around the mean. These results likely reflect the variable influent 

concentrations and/or treatment efficiency at the wastewater treatment facility. This 

suggests that the distribution of wastewater derived organic contaminants through 

wastewater irrigation may show similar variability. Concentrations of micropollutants 
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were relatively stable in P25 over the two week monitoring period for many of the 

contaminants, while P43 appeared to show significant time-dependence in the 

concentration of select contaminants.  The relative stability of micropollutant 

concentrations in P25 were likely the result of increased capacity for buffering 

contaminant loading by dilution. This is apparent when comparing time-series data to 

that for P43, which is about 77% smaller than P25 (See Table 16) making it more sensitive 

to pulsed inputs of individual contaminates. This result is evident in the concentration 

time-series data for contaminants observed in P43 and the accompanying weather and 

water quality data, depicted in Figure 32. 

Concentrations of monitored contaminants in P43 were generally stable before 

and after the rain event for most detected analytes, suggesting that runoff is not the 

dominant source of those contaminants into P43 and that interaction through the 

hydraulic linkage of the pond system or the underlying groundwater may account for 

most of the micropollutant load at this site. However, the concentration of the 

phytoestrogen genistein showed a marked increase at P43, but at no other sites, 

following the rain event, suggesting a distinct and localized source. Genistein is known 

to occur in extracts of Saw Palmetto (Sereona repens), a fan palm endemic to the 

southeastern Unites States and common to Kiawah Island.(165) 
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Figure 31 Average and time-series concentrations by sampling site for 
micropollutants monitored Kiawah Island stormwater detention ponds.  
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Figure 32 Concentrations of detected micropollutants and water quality data for P43 
before and after a major rain event.  

I hypothesize that either the change in water availability, after significant dry 

spell, caused an increase in the biosynthesis of phytosterols leading to an influx in the 

observed concentration of genistein in P43 or that plant detritus containing Genistein 

was washed into the pond by the storm event. Increases in production of phytosterols 

with pulsed rain events have been reported elsewhere in similarly drought-resistant 

flora.(166) This result highlights challenges associated with assessing micropollutant 

occurrence in light of dynamic conditions and unique land use scenarios. Specifically, 

assessments with lower temporal sampling resolution would have under estimated the 

potential impact of naturally occurring phytoestrogens at the P43 site.  
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To evaluate factors leading to the observed variability in micropollutant 

occurrence in the sampled ponds on Kiawah Island, I again applied multivariate 

statistical techniques in the form of PCA. Figure 33 depicts the results of those analyses 

for the first two principle components. Score plots (Figure 33-left panel) indicate that the 

temporal variability in contaminant occurrence was strongest for P43 and the WWTP. As 

discussed previously, this likely reflects differences in source water composition in the 

case of the WWTP and ability of the systems to buffer pulsed inputs in the case of P43. 

 

Figure 33 Principle component analysis of micropollutant concentrations at each of 
the monitored Kiawah Island stormwater detention ponds.  

I expected that compound classes of monitored contaminants would co-vary by 

site, indicating distinct sources (e.g., contaminants arising from turf-grass management 
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vs. water reuse practices). However, the loading of each of the contaminant variables 

(Figure 33-right panel) does not appear to cluster contaminants by compound class or by 

purported source except in the case of alkylphenolic surfactant degradation products 

(i.e., nonyl- and octylphenol) and Bisphenol-A. While these contaminants are ubiquitous 

in the environment, they are known to occur at high concentrations in treated effluent, 

where, in the case of alkylphenols, they are formed by anaerobic biodegradation of their 

parent materials (i.e., alkylphenol polyethoxylates).(167) Given their higher incidence in 

wastewaters, it is logical that these compounds would drive differences between the 

WWTP and pond sites. The apparent covariance of the insecticide Fipronil and its 

transformation products (fipronil-sulfide, -sulfone and –sulfinyl) with the alkyl- and 

bisphenolic micropollutants was unexpected due to their disparate end-use applications.  

When considering the relative hydrophobicity of the contaminants, it becomes apparent 

that the covariance of fipronil and its metabolites with the synthetic phenols may arise 

due to similar environmental fate and transport processes, suggesting that the 

occurrence of more hydrophobic contaminants may be driven by sorption and particle 

transport in these systems as indicated by the clustering of analytes by estimated 

partition coefficients. This interpretation is supported by the similar factor loadings for 

Metalaxyl, a highly hydrophilic fungicide, and observed salinity in the sampling sites, as 
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one would expect more water soluble organic contaminants to experience similar 

transport processes as dissolved constituents (e.g., inorganic salts).  

Results of the targeted monitoring revealed that, for the selected micropollutants, 

distributions of occurrence and observed concentration are not well separated according 

to purported land-use categorization surrounding the sampled sites. Furthermore, time-

series analysis showed that micropollutant occurrence was largely independent of 

prevailing weather conditions for certain compounds while others showed distinct 

behavior related to runoff events, suggesting that numerous micropollutant sources 

drive the occurrence of micropollutants at the sampled sites. Taken together, this result 

reveals an inherent limitation of targeted analysis for evaluating potential impacts of 

water reuse applications in that the available data were highly biased by choice of target 

compounds. Under the aforementioned monitoring approach, the paucity of data for the 

occurrence of wastewater derived contaminants arising the detention ponds may reflect 

either an artifact of the micropollutants chosen or that those analysis or that application 

of reclaimed wastewater to turf grasses effectively reduces the micropollutant burden of 

those waters, preventing them from influencing the monitored sites. Overall, the 

monitored micropollutants represent a small fraction of the wastewater derived organic 

contaminants likely occurring in investigated system and their concentrations alone 
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cannot adequately assess potential adverse effects associated with the use of reclaimed 

wastewater for irrigation. I thus applied a more comprehensive approach to better 

understand the impact of wastewater irrigation on Kiawah Island.   

Characterization of organic micropollutants by non-targeted screening.  I have applied a 

broad-spectrum, non-targeted screening approach based on HPLC-HR/AM to assess the 

potential impact of water reuse by turf-irrigation with treated wastewater on Kiawah 

Island.  I am specifically interested in understanding the potential for this water reuse 

practice to either remove wastewater-derived micropollutants (thus being protective of 

receiving waters) or serve as an input route for these contaminants to aquatic systems.  I 

have coupled HPLC-HR/AM mass spectrometry with statistical analysis to extract 

rational trends in occurrence data for contaminants prior to structural elucidation by 

computation mass spectrometry techniques. As described in Chapter 2, raw mass 

spectrometric data from each sample were chromatographically aligned and 

deconstructed to unique chromatographic features adduct and isotope peak detection. 

The resulting feature list consisted of 2,997 accurately measured neutral-mass and 

detention time pairs. Missing data were “gap-filled” during post-processing by forming 

accurate mass extracted ion chromatograms based on detected features. Areas for each 

feature were corrected for extraction efficiency and analytical variability by normalizing 
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to a surrogate standard added prior to extraction and for injection variability and 

instrument response by further normalizing to an internal standard added immediately 

prior to analysis. Mean response plus three standard deviations for each feature in field 

prepared blanks (HPLC-grade water) and control extracts (municipal tap water) were 

subtracted from observed responses and those occurring at or below the blank level 

were assigned the mean value of the blank. Data were base-10 log-transformed prior to 

statistical treatment. For each detected feature, a pairwise t-test with pooled standard 

deviations was performed to determine significant differences (p < 0.01) in response 

among samples, results of which were used to categorize features based on possible 

micropollutant influences on the system under investigation. Features that were not 

significantly different between all sample sites but were significantly higher than the 

blank level, totaling 739, were assigned the category ‘ubiquitous’, indicating that they 

are prevalent throughout the system and their occurrence may not be rationally linked 

to any one category. Features associated with wastewater were defined as those that 

were significantly higher in WWTP than in all other sites and were not significantly 

higher in the non-wastewater impacted site (P43) than either of the water-reuse 

impacted ponds (i.e., P25 and P5). Features categorized as ‘wastewater’ comprised >60% 

of the detected features, consistent with the high concentrations of natural and synthetic 
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organic matter known to occur in treated wastewaters. Features that were significantly 

higher in P5 and P25 relative to P43 and which were more intense in either P5 or P25 

than in the WWTP samples were considered to be turf-management related and totaled 

212 features. Features significantly higher in P43 than the sites surrounded by golf 

courses (P25 and P5) were postulated to represent residential stormwater contaminants 

and totaled 118 features. The 43 remaining features that were significantly different in at 

least one comparison but could not be assigned a rational category were categorized as 

not assignable. Figure 34 depicts a heatmap of all detected features with log transformed 

responses scaled by row; sorted by sample site and date on the abscissa axis and feature 

category on the ordinate axis and colored by relative response (i.e., red dictates low 

abundance, black is intermediate, while green represents highest observed responses). 

Further parallel processing of the above-described chromatographic features was 

performed to assign molecular and structural formulas based on available full-scan and 

tandem HR/AM MS. Molecular formulas were postulated utilizing the SIRIUS 

algorithm, which decomposes monoisotopic masses, isotope distributions and 

fragmentation spectra to propose and score molecular formulas.(71) Postulated 

structures were then searched against the PubChem database to retrieve structural 

formulas for all known compounds corresponding to the assigned molecular formula. 
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Figure 34 Heatmap depicting the detected non-target chromatographic features 
across all sampling dates and locations on Kiawah Island.  
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Structures which had neither patents or literature references were removed 

before subjecting tandem mass spectra and postulated structures to automated mass 

spectral structure annotation utilizing the MetFrag(73) and CFM-ID(65) algorithms (see 

Chapter 2 for a description of those techniques). Finally, postulated structures were 

scored based on similarity to structures in a database consisting of known wastewater 

micropollutants constructed from occurrence reports in the peer reviewed literature and 

of environmentally relevant chemicals in commerce (i.e., EPA DSSTox database). 

Postulated structures for each feature were scored based on the level of annotation 

obtained from the computational mass spectrometry algorithms (i.e., ‘fragmenters’), 

number of references and patents indexed in PubMed and similarity to known or 

plausible environmental contaminants.  Top-scoring features were individually assessed 

to determine plausibility of structural assignment based on the observed analytical data 

and availability of literature on potential sources and/or uses of the postulated structure. 

Where possible, identifications were confirmed by comparison of to authentic standards. 

In all cases, tentative identifications are presented in italic text while confirmed 

identifications (e.g. confirmed by standards) are presented in bold type. Results of the 

differential analysis, after blank subtraction and classification, and top results from the 
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structural annotation analysis were merged giving a total of 1 106 features with 

postulated structures. 

Wastewater features. Features classified as wastewater-derived were assigned 

numerous structures consistent with pharmaceutical compound, many of which have 

been documented to occur in wastewaters. Drugs utilized in the management of cardiac 

arrhythmia, specifically substances designed to interact with beta andregenic receptors, 

commonly known as beta blockers, were among the most commonly detected. The 

detected structures and references to their occurrence in the literature are presented in  

Table 23. 

 In general, β-blockers are found at elevated levels in treated wastewater effluent 

resulting from high loadings due to widespread use of this compound class, especially 

amongst aging populations, and variable removal during wastewater treatment. 

Radjenović et. al. reported removal rate for β-blockers during conventional activated 

sludge treatment in the range of 20-60%.(168) Analgesics, commonly used for pain 

management, were also detected and included tramadol (CASRN 27203-92-5), 

meperidine (CASRN 57-42-1) and tapentadol (CASRN 175591-23-8); all of which have 

been either previously reported to occur in wastewater impacted environments or are 

predicted to occur based on their usage patterns and physicochemical properties.(149, 
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169-170) Several anesthetics were also tentatively identified including ketamine (CASRN 

6740-88-1) and lidocaine (CASRN 137-58-6), both of which are commonly detected in the 

environment as a result of illicit(171) and legal(149) use, respectively. Antidepressants 

were also present amongst the detected pharmaceuticals compounds and included the 

widely prescribed serotonin-norepinephrine reuptake inhibitor venlafaxine (CASRN 

93413-69-5), the norepinephrine-dopamine reuptake inhibitor bupropion (CASRN 

34841-39-9) and the benzodiazepine temazepam (CASRN 846-50-4).  

Other pharmaceuticals detected included:  lacosamide (CASRN 5481-36-4), an 

anti-epileptic, the antibiotics trimethoprim (CASRN 738-70-5), spectinomycin (CASRN 

1695-77-8) and sulfamethazine (CASRN 57-68-1), calcium channel blockers faliapamil 

(CASRN 77862-92-1) and nilvadipine (CASRN 75530-68-6), the non-steroidal anti-

inflammatory drug nepafenac (CASRN 78281-72-8), the sedatives valdetamide (CASRN 

512-48-1) and mecamylamine (CASRN 60-40-2), the antiarrhythmia agent propafenone 

(CASRN 54063-53-5), and the stimulants methamphetamine (CASRN 537-46-2), mephedrone 

(CASRN 1189805-46-6) and norephedrine (CASRN 14838-15-4).  

 

  



 

 

183 

 

 
Table 18 Structures of β-blockers putatively identified at Kiawah Island sampling 
sites.  

Structure Name 
(CASRN) 

R Occurrence note 

 

salbutamol 
(18559-94-9)  

R1 = OH, R2 = 
CH2OH,  
R3 = H, R4 = Me 

Detectable in treated wastewater effluents(172) 

isoprenaline 
(7683-59-2) 

R1,2 = HO,  R3,4 = H Screened but not detected(173) 

sotalol  
(3930-20-9) 

R1 = NH(SO2)CH3, 
R2,3,4 = H 

<25% removal in CAS(168) 

terbutaline 
(23031-25-6) 

R1,3 = OH, R2 = H, 
R4 = Me 

Detectable in treated wastewater effluents(172) 

 

alprenolol  
(13655-52-2) 

R1 = H, R2 =  
CH2CH=CH2 

Detected in wastewater impacted sediments(174) 

acebutolol 
(37517-30-9) 

R1 = 
NHC(=O)C3H7, R2 
= C(=O)CH3 

Detected in effluent(175) 

esmolol  
(81147-92-4) 

R1 = 
C2H4C(=O)OMe, R2 
= H 

Screened but not detected(176) 

metoprolol 
(51384-51-1) 

R1 = C2H4OMe, R2 
= H 

Detectable in treated wastewater effluents(172) 

atenolol  
(29122-68-7) 

R1 =  
CH2C(=O)NH2, R2 
= H 

<65% removal in CAS(168) 
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In addition to parent pharmaceutical compounds, putative identifications in the 

wastewater class were made for structures that are known transformation products or 

metabolites of pharmaceutical compounds, several of which have not previously been 

reported to occur in wastewaters.  For instance the hydrolytic transformation product, 

canrenoic acid (CASRN 2181-04-6), of the widely prescribed antiandrogenic medication, 

spironolactone, was observed. Sulaiman et. al. recently reported formation of canrenoic 

acid as a minor component in the degradation of spirolactone spiked into suspensions of 

activated sludge obtained from a conventional wastewater treatment facility.(177) A 

major metabolite of the widely used over-the-counter cough suppressant 

dextromethorphan, dextrorphan (CASRN 125-73-5), was also identified, consistent with 

previous occurrence reports in wastewaters.(178) Thurman et. al. reported fragment ion 

identities by HR/AM MS for dextromethorphan and dextrorphan, several of which were 

observed in my analysis, adding further weight to my identification.(179) A 

transformation product of the antihistamine Diphenhydramine, N-oxo Diphenhydramine 

(CASRN 3922-74-5), was also tentatively identified. This compound has been reported in 

screening studies investigating wastewater impacted surface waters, but to my 

knowledge has not been previously identified in wastewaters.(173) As in the previous 

example, experimentally observed fragment ions were consistent with those reported in 
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the literature.(180) Another novel identification arose in the tentative identification of 

azithromycin aglycone (CASRN 117693-42-2), a degradation product of the widely used 

macrolide antibiotic azithromycin. This compound has been detected in the 

electrochemical oxidation of Azithromycin solutions, which may indicate that oxidative 

transformation resulting from biological or chemical processes during wastewater 

treatment could present a source of azithromycin aglycone.(181) Given the interest in 

developing analogs of Azithromycin, detailed fragmentation analysis has been 

performed for this class of compounds. Gembarovski et. al. report fragmentation 

pathways for azithromycin aglycone, results of which reveal conserved fragment ions to 

my analysis.(182) Another antibiotic transformation product was tentatively identified 

in the form of a hydrolysis product of erythromycin A. Faghin et. al. reported hydrolytic 

cleavage of the cladinose moieties of erthyromycin to form a oxacylotetradecane 

etrhromycin (CASRN 149234-11-7) derivative.(183) Finally, a metabolite of the 

antidepressant bupropion was positively identified in wastewaters for the first time. 

Interestingly, the postulated structure returned in the screening workflow for this 

example was inconsistent with those proposed in the associated literature 

references.(184) However, upon further inspection, the presence of a lactol tautomer 

form rationalized differences between the top proposed structure and those reported in 
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the literature and lead to the confirmed identification of hydrobupropion. Figure 35 

depicts the parent and putative pharmaceutical transformation products identified in 

this study along with supporting analytical data for the assigned structures.  

 

Figure 35 Putative pharmaceutical transformation products identified at Kiawah 
Island sampling sites and associated analytical data. 
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Pesticides were also tentatively or positively identified among the features in the 

wastewater category. These included the benzodioxole derivative synergistic insecticide, 

piperonyl butoxide (CASRN 51-03-6) and several herbicides including structures from the 

commonly detected phenylurea, isoproturon (CASRN 34123-59-6), and s-triazine classes, 

all of which have been previously detected in surface- or wastewaters.(185-186) Table 19 

depicts the structures of s-triazine herbicides and their transformation products 

identified in all occurrence categories in this study.  

 

Table 19 Triazine herbicides and transformation products putatively identified in 
Kiawah Island stormwater detention ponds 

Structure 
Compound 
(CASRN) R 

Classification in this 
study 

 

prometon  
(1610-18-0) 

R1= OMe, R2,4= H, R3 = 
iPr,  wastewater 

cyprazine  
(22936-86-3) 

R1 = Cl, R2 = C3H5, R3 = 
H, R4 = iPr wastewater 

atrazine (1912-24-9) 
R1 = Cl, R2 = iPr, R4 = Et , 
R3 = H stormwater 

desisopropyl 
atrazine  
(1007-28-9) R1 = Cl, R2,3 = H, R4 = Et  stormwater 
desesthyl atrazine  
(6190-65-4) R1 = Cl, R2,3 = H, R4 = iPr stormwater 
atraton  
(1610-17-9) 

R1 = OMe, R2 = iPr, R4 = 
Et, R3 = H stormwater 

simazine  
(122-34-9) R1= Cl, R2,4= H, R3 = Et turf grass  

 

  

N
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Household chemicals were also represented among the putatively identified 

wastewater compounds. Oligomeric surface-active compounds found in a variety of 

household cleaners were commonly detected and included congeners of polyethylene 

glycol, polypropylene glycol, octylphenol polyethoxylates and polyethers of methyl- 

and ethyl glycol ethers. Components of personal care products were also tentatively 

identified, including the UV filter 4-methyl benzylidene camphor (CASRN  36861-47-9), 

which has been shown to persist through wastewater treatment with removal 

efficiencies in the range of 18-69%.(187) The insect repellant N,N-diethyl-toluamide (i.e., 

DEET; CASRN 134-62-3) and one of its primary transformation products, N-ethyl-m-

toluamide (CASRN  26819-07-8),  was also identified. Helbling et. al. recently identified 

this N-deethylation product of DEET formed in batch reactors spiked with parent 

compound and inoculated with activated sludge and reported consistent fragmentation 

spectra for this product to that observed in the present work.(131)  

Additive chemicals found in commercial and industrial products were also 

tentatively identified among the wastewater features. The common plasticizer dibutyl 

phthalate (84-74-2) and a metabolite of dioctyl phthalate, 2-(7-methyloctoxycarbonyl)benzoic 

acid (CASRN 106610-61-1), were postulated, along with the commonly detected trialkyl- 

and triaryl organophosphorous flame retardants tris(2-butoxyethyl) phosphate (CASRN 
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78-51-3) and triphenyl phosphate (CASRN 115-86-6) and its main metabolite diphenyl 

phosphate (CASRN 838-85-7). Furthermore, I report the first occurrence data for the 

tentatively identified cyclic phosphonate ester flame retardant trimethylopropane cyclic 

methylphosphonate (1:1) methyl methane phosphonate (depicted in Figure 36 along with the 

relevant analytical data, CASRN 41203-81-0), which is a high production volume fire-

proofing agent marketed under the names Exolit OP 910 and Chemgaurd 1045, amongst 

others, with applications in textiles and furniture foams.  

 

Figure 36 Tentative identification of a novel alkyl phosphonate flame retardant in 
wastewaters from Kiawah Island. 

Features classified as stormwater derived. Among the top scoring features identified 

in the stormwater class were the herbicide atrazine and its main metabolites 

desesthylatrazine and desisopropylatrazine. This result is consistent with the targeted 

screening data that showed elevated levels of those compounds throughout all the 

Kiawah Island sites. Furthermore, the classification of these compounds in the 

‘stormwater’ category, based on relative instrument response, is consistent with the 
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observed concentration data for those compounds. Namely, atrazine and 

atrazinedesethyl were present at significantly higher concentrations in the site 

predominantly impacted by residential storm water, P43. This serves as a partial internal 

validation of the applied differential screening approach.  In addition to those triazines 

targeted in the quantitative analysis, an analog of atrazine, atraton was tentatively 

identified in the storm water category with the highest response observed at the P43 site 

(see structure in Table 19).   

Features categorized as turf grass management-related. Several compounds were also 

tentatively identified in the turf-grass management-associated classification. These 

included the widely applied triazine herbicide simazine (See structure in Table 19). The 

prevalence of simazine at the sites impacted by turf grass management practices 

suggests that simazine was recently used at the associated golf courses and may serve as 

a better indicator for that land-use activity. Also tentatively identified in this feature 

category was a transformation product of fluridone, hydroxyl fluridone (CASRN 71792-19-

3). Fluridone is an aquatic herbicide used in the control of duckweed, which is a 

common aesthetic nuisance and water quality impediment at Kiawah Island.  Muir et. al. 

reported formation of hydroxyl fluridone as a minor photoproduct in ponds treated 
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with fluridone.(188) Figure 37 depicts the structure and relevant analytical data for the 

identification of hydroxy fluridone.  

 

Figure 37 Putative identification of hydroxyfluridone in stormwater detention 
ponds at Kiawah Island. 

 
4.4 Environmental Implications  

In the present work I have applied a combination of targeted quantitative 

analysis and broadband, non-targeted chemical analysis to evaluate the fate of organic 

micropollutants in stormwater detention ponds receiving inputs from variable unique 

land-use applications, including the application of reclaimed wastewater for irrigation. 

Water quality data suggested unique chemical environments occurring at each of the 

individual sites depending on surrounding land-use. However, targeted analysis of turf-

grass management and wastewater derived organic micropollutants coupled with high 

temporal-resolution grab sampling revealed that, except for a few exceptions, 

micropollutant concentrations at the studied sites were not indicative of postulated 

input sources. I found that in the golf course-impacted sites runoff after rain events was 
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not a significant source of micropollutants in most instances, indicating that the 

observed micropollutant loads may arise from diffuse sources or from the 

interconnected nature of the pond system. Under the former scenario, point sources of 

micropollutants at any location within the system, including sites not specifically 

sampled in this study, could lead to measurable concentrations of micropollutants 

throughout the system. Furthermore, the frequency and level of detection for 

wastewater-derived contaminants was not sufficient to comprehensively assess potential 

impacts arising from water reuse as irrigant for the golf courses. To address this 

limitation I applied a non-targeted screening workflow to identify organic 

micropollutants not monitored in my targeted analysis and to prioritize pollutants based 

on their actual occurrence in the investigated system, thus not relying on a priori 

information such as reports in previous studies investigating micropollutant fate and 

transport. The applied methodology identified (tentatively and definitively) numerous 

wastewater-derived contaminants, including several that have not previously detected 

in the environment; present at elevated levels in the treated effluent and potentially in 

the storm water detention ponds. Pharmaceuticals used in the management of cardiac 

arrhythmias accounted for the largest proportion of detected micropollutants, consistent 

with their widespread use and variable treatment efficiency at conventional wastewater 
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treatment facilities. Pesticides not present in my targeted analysis were also detected. 

Given that the pesticides selected for monitoring in the targeted analysis were chosen 

based on their reported use on the island as indicated by information from golf course 

superintendents, these detections may represent sources associated with residential 

pesticide application and thus highlight the challenges associated with elucidating the 

occurrence of organic micropollutants where all possible source terms are poorly 

constrained. Due to the inherent bioactivity of pharmaceuticals and pesticides, further 

work should be aimed quantitatively determining exposure through water reuse 

practices and potential mixture toxicity associated with co-exposure to numerous 

natural and synthetic organic chemicals.  Furthermore, the formation mechanisms and 

pathways of the identified transformation products and their associated bioactivity 

should be evaluated to inform efforts to predict micropollutant fate in natural and 

engineered systems and determine risks associated with transformation product 

formation and distribution. Finally, the results of both the targeted chemical analysis 

and the non-targeted screening approaches presented herein suggest that the application 

of reclaimed wastewater for irrigation of golf courses appear to minimally impact 

surfaces waters impacted by run-off from those applications. This is consistent with 

previous work showing that land application of treated municipal wastewaters 
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effectively removes micropollutant burdens, likely due to sorption and (bio)degradation 

in superficial soils.(158, 161) 

Application of the non-targeted screening approach to this system yielded a 

wealth of data relevant to the composition of wastewaters being applied for reuse on 

Kiawah Island. Tentative and definitive identification of novel micropollutants 

including several transformation products not currently monitored in wastewaters 

underscores the need to apply such broad spectrum screening techniques in conjunction 

with conventional quantitative targeted analysis to ensure that monitored 

micropollutants are relevant to the system under investigation, at the prevailing 

environmental conditions. Results of such analysis will be invaluable to the 

development of site-specific monitoring regimes with targeted quantitative analysis for 

micropollutants known to occur at the site. These efforts are essential to inform 

managers of potential risks associated with land-use practices, particularly water reuse. 

Furthermore, complete characterization of micropollutant loads in stormwater and 

wastewater impacted environments is essential to adequately assess risks to ecological 

health.  
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5. Natural Gas Residual Fluids: Sources, Endpoints and 
Organic Chemical Composition After Centralized Waste 
Treatment in Pennsylvania 

1Reprinted with permission from: Getzinger, G. J.; O'Connor, M. P.; Hoelzer, K.; 
Drollette, B. D.; Karatum, O.; Deshusses, M. A.; Ferguson, P. L.; Elsner, M.; Plata, D. L., 
Natural Gas Residual Fluids: Sources, Endpoints, and Organic Chemical Composition 
after Centralized Waste Treatment in Pennsylvania. Environ. Sci. Technol. 2015, 49 (14), 
8347-8355. Copyright 2016. American Chemical Society.  

 

5.1 Introduction 

Recent advances in directional drilling and hydraulic fracturing coupled with a 

sustained need for inexpensive and cleaner-burning domestic fuel sources continue to 

drive the rapid expansion of unconventional natural gas development (UNGD) in the 

United States. Natural gas production in the US increased 30% over the last decade, and 

UNGD accounted for 58% of the 0.68 trillion m3 of natural gas produced domestically in 

2012.(189) Estimates of wastewater production by hydraulic fracturing in Marcellus 

shale formations totaled 5.2 million liters per well over the first four years of 

operation.(190) Even though this amounts to roughly 68% of the amount in conventional 

                                                        

1 This work represents the culmination of a collaborative effort. MPO, KH, BD and OK conducted the field 
sampling and hydrophobic organic chemical analysis. GJG performed the hydrophilic organic chemical 
analysis, compiled and analyzed all the results and drafted the original manuscript.  
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wells, the proliferation of UNGD increased wastewater production nearly six-fold from 

2004 to 2011 in the Marcellus region alone.(190) Here, I endeavor to answer the 

outstanding questions: 1) what is the ultimate fate of this wastewater and 2) are the 

organic chemicals therein detectable following typical treatment practices, in which 

surface water discharges present a route for likely ecological and human exposure?  

Drilling fluid, fracturing fluid, and produced water (defined here as ‘residual 

fluids’) dominate natural gas extraction waste streams (96.4% of oil and gas extraction 

waste), totaling 5.81 x 109L in PA in 2013.(191) A variety of treatment and/or reuse 

practices are currently deployed for the management of residual fluids, and one such 

method is treatment followed by surface water discharge under National Pollutant 

Discharge Elimination System (NPDES) permits.  Recent findings suggest that discharge 

of treated natural gas extraction wastewaters negatively impact surface water 

quality.(192-194) Those studies focused on inorganic pollutants (e.g., heavy metals, 

radionuclides, and salts) and enhanced volatile organic compound formation 

downstream in a simulated system.(193) However, limited data are available for only a 

few organic pollutants in treated residual fluids,(194) despite the fact that residual fluids 

are known to contain high levels of various organic compounds, including petroleum 

derived hydrocarbons, industrial solvents, and surfactants. The organic chemical 
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composition of residual fluids spans a wide range of physicochemical properties (e.g., 

aqueous solubility, volatility, and equilibrium partitioning coefficients), which greatly 

exacerbates monitoring efforts. (See the distribution of physicochemical properties of 

compounds disclosed in HVHF fluids and amenability to gas or liquid chromatographic 

techniques (Figure 38)).  

 

Figure 38: Estimated octanol-water partition coefficient and molecular weight of 
substances disclosed in SkyTruth and FracFocus databases. Symbols denote 
compound classes as reported by Elsner and Hoelzer.(195) Colors indicate predicted 
amenability to various commonly applied analytical methodologies, based on 
physicochemical properties and expert judgment. NA indicates the compound is not 
amenable to either the GC or LC techniques deployed here. 
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Nevertheless, determining the efficacy of current use treatment practices and the 

suitability of surface water discharges requires both exhaustive chemical 

characterization of effluent organic pollutants and comprehensive monitoring programs. 

Further, discharge permits may be inappropriate or incomplete if the primary 

contaminants are undocumented. Here, I employ a multi-pronged analysis to screen for 

over 90% of the 964 disclosed organic compounds reportedly used in HVHF activities 

nationwide. This work presents the first broad-spectrum chemical analysis of organic 

compounds in the effluent of a centralized waste treatment facility (CWTF) treating oil 

and gas wastewater in Pennsylvania. These methods contrast the Environmental 

Protection Agency (EPA) targeted methods, which may not adequately capture the 

diversity of compounds used in HVHF. In addition, in order to provide a sense of the 

scale of the operations (and potential ecological impacts), I provide a quantitative 

assessment of the ultimate fate (i.e., end-of-life) of natural gas residual fluids, 

highlighting permitted discharge levels in comparison to receiving water body flows.  

5.2 Materials and Methods 

Sampling and site description. Grab samples (40 or 60 mL) were collected from the 

discharge of the Pennsylvania Brine Josephine CWTF (NPDES permit, PA0095273; 

40.4797º N, 79.1708º W) on four occasions, spanning a two-year period (May 2012 to 
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October 2013), into pre-combusted vials containing 1 mL 50% (v/v) hydrochloric acid as 

a preservative (final pH <2) with less than 0.5 mL headspace and stored on ice or at 4˚C 

prior to analysis.  Additional grab samples were collected in pre-combusted 250-mL 

amber jars and frozen without chemical preservatives.  In May 2012, water levels in the 

receiving waters were higher than the outfall pipe and grab samples were collected as 

close to the outfall pipe as possible.  

Discharge parameters and effluent limits for the study site and related facilities 

were collected from all publically available NPDES permits.(196-199) Oil and gas waste 

reports were compiled from PA Department of Environmental Protection (DEP) to 

evaluate sources, treatment, and disposal of fluids generated during the sampling 

period.(191) Receiving water flow rates were obtained from US Geological Survey 

(USGS) monitoring stations.(200) General water quality data and inorganic chemical 

composition were determined for select samples in parallel and were reported 

elsewhere.(192)  

Materials Gasoline Range Organic Mix, Diesel Range Organic Mix 

(EPA/Wisconsin), and the 502.2 MegaMix Standard were obtained from Restek (Table 

S4). Two deuterated PAH mixtures were used as injection and recovery standards 

(Cambridge Isotopes).  The injection standard included (all 98% D) d8-naphthalene, d10-
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acenapthene, d10-phenanthrene, d12-perylene, d12-crysene, and d14-

dibenz[a,h]anthracene and the recovery standard included d10-2-methylnaphthalene, 

d10-anthracene, d14-p-terphenyl, and d12-benzo[e]pyrene.  

Hydrophobic organic compound analysis.  Standard methods for volatile and semi-

volatile organic pollutants were adapted for the monitoring of sixty-one distinct 

hydrophobic organic pollutants (i.e., the volatile organic compounds, VOCs) and two 

operationally defined ranges of pollutants: gasoline range organic compounds (GRO) 

and diesel range organic compounds (DRO).  

GRO, defined as the range of hydrocarbons from C6 to C10, represents an 

integrative measure of compounds with boiling points approximately 60-170°C.(201) For 

determination of GRO, EPA Method 624 was deployed with minor modifications. 

Briefly, a glass, gas-tight syringe was used to push a 5-mL sample through a 0.25-um 

Whatman glass disc filter onto the sparger of a Teledyne Tekmar Stratum PTC 

concentrator.  Helium then purged the sample for 4 min onto an adsorbent trap, at 

which time analytes were thermally desorbed and directly transferred to a gas 

chromatograph (GC, Agilent 7890A) equipped with a DB-624 column (Agilent 

Technologies, 60 m × 0.32 mm × 1.80 µm) and either a flame ionization detector (FID, 

Agilent Technologies) or a mass selective detector (MSD, Agilent Technologies 5975C). 
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Authentic standards were used to confirm compound identities via retention time and 

mass spectra. Internal standards were not used in the analysis of field samples directly, 

due to the potential novelty and uncertainty of the fluid composition (i.e., the 

investigators sought to avoid obfuscation of unexpected components).  However, 

method performance and sample stability was assessed in spiked recovery experiments 

using simulated field samples and revealed recoveries >90% for at least 4 wks.  

DRO, operationally defined as the range of hydrocarbons from C10 to C28 and 

covering a boiling point range of approximately 170-430°C(201), was assessed using EPA 

method 8015D (a liquid-liquid extraction (LLE) approach). Acidified sample aliquots 

were spiked with surrogate PAH recovery standards and quantitatively extracted 

against 90:10 (v/v) dichloromethane and methanol. After phase separation, organic 

extracts were concentrated and spiked with internal PAH injection standards prior to 

analysis by GC-FID and GC-MSD with an HP-5 column (30 m × 0.32 mm × 0.25 µm). 

Recoveries ranged from 86-88%, except in Oct. 2013, when recoveries ranged from 46-

67%.  I hypothesize these lower recoveries may be due to the presence of an emulsion 

layer that formed in LLEs of select samples.  

Hydrophilic organic compound analysis. The occurrence of hydrophilic organic 

compounds was assessed by direct aqueous injection on a high performance liquid 
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chromatograph (HPLC; Thermo Scientific) coupled to a high-resolution mass 

spectrometer (HRMS; Thermo Scientific LTQ-Orbitrap Velos with positive polarity 

electrospray ionization (ESI)). Positive polarity electrospray was chosen based on its 

generally improved sensitivity and ease of tandem mass spectral interpretation, relative 

to negative polarity electrospray. Further, many of the anticipated compounds favor 

positive ionization. In particular, of the 964 disclosed compounds, 726 are predicted to 

be LC-amenable under positive ESI based on structural characteristics (e.g., protonatable 

functional groups) and 146 are GC-amenable, rendering 90.5% of the disclosed organic 

chemicals within my analytical window (Figure 38). The remaining 9.6% (n=92) 

compounds contained no moieties that could be ionized by positive ESI or fall outside 

my analytical window for other reasons; for example, contaminants requiring 

specialized sample preparation (e.g., derivatization) or macromolecular contaminants 

(e.g., high molecular weight polymers >2000 Da) may be poorly represented in my 

analysis.  

Samples were prepared as follows: a 1-mL aliquot of sample was centrifuged at 

12,000 rpm (9660 g) for 12 min in a fluoropolymer microcentrifuge tube, and the 

supernatant was diluted 10-fold prior to analysis. A 25-µL subsample was then 

separated on a Hypersil Gold C18 column (100 × 2.1 mm, 1.9 µm particle size, Thermo 
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Scientific) under 0.4 mL min-1 flow using a linear gradient from 1% to 99% 

acetonitrile/water over 20 min followed by a 3 min hold.  Mass spectral data acquisition 

consisted of concurrent full scan (50-2000 m/z), high resolution (R=60,000 at m/z 400), 

accurate mass (ppm error < 2, by external calibration) spectra and data-dependent ion 

trap tandem mass spectra (ITMS2). Raw data files were converted to mzXML format and 

evaluated using the XCMS(202-204) and mzR(205-209) packages in R.(210) 

Chromatographic features were detected by unsupervised peak picking, and their 

associated spectral features were reduced to monoisotopic masses using knowledge of 

natural isotopic distributions in small organic molecules and adduct formation in ESI. 

Accurately measured masses were then compared to exact masses of disclosed organic 

substances used in hydraulic fracturing (compiled from FracFocus and Skytruth 

databases).(195) Compounds included in the screening database were chosen not only 

for their use in oil and gas development, but also based on their amenability to the 

applied HPLC-HRMS (high performance liquid chromatography-high resolution mass 

spectrometry) analysis. Namely, I sought to focus my analysis on small polar organic 

molecules and thus culled substances that were inorganic, contained no heteroatoms 

(i.e., O, N, S, P) and/or had molecular weight between 100 -2000 Da (where MS/MS and 
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unsupervised peak peaking occurred for compounds with 100-1000 Da). Structures were 

assigned by interpretation of tandem mass spectra.  

I limited our analysis to positive ESI only. Negative ionization electrospray 

would be particularly sensitive to organosulfonates and –sulfates, which contain 

moieties more amenable to ionization in negative polarity. However, these compounds 

consisted of <6% of all the compound classes represented by the ~300 unique substances 

present in my screening database. Most of the remaining compounds (~60%) were 

expected to be amenable to positive electrospray ionization (e.g., amines, >30%; 

alkoxylated alcohols, >10%; aldehydes and ketones, >7%; carboxylic acid esters, >7%; 

organophosphorous compounds, >3%; amides, >2%). Furthermore, compared to 

negative ionization mass spectrometry, positive ionization mass spectrometry exhibits 

far greater sensitivity and more readily interpretable tandem mass spectra. For these 

reasons, I focused my analysis only on positive electrospray analysis. 

A molecular database was constructed from published disclosures of fracturing 

fluid composition as described by Elsner and co workers. The compiled structural 

database was refined to those compounds containing one or more carbon, one or more 

heteroatom (i.e., O, N, S or P) and with a molecular weight between 100 and 1000 Da. 

Structures containing counter-ions (i.e., organic salts) were parsed to the largest 
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component before calculation of the molecular formula. Structural and molecular 

formulas for polyethoxylated compounds were interpolated from the base formula as 

described by the CAS registry number over a range of 1-20 ethoxymers. The exact mass 

of singly charged proton, sodium, ammonium and potassium adducts were calculated 

for each structure.  

Chromatographic features were detected using the ‘centWave’ peak-picking 

algorithm in XCMS with a signal to noise threshold of three and a peak width range of 

one to ten seconds. The centWave algorithm is designed for processing high-resolution 

LC-MS data. A full description of the algorithm can be found in the work by Tautenhahn 

and co-workers.(203) The maximum tolerated m/z deviation in consecutive scans was 

set to 2 ppm. Only mass traces with at least one peak greater then 1×104 were considered 

for further analysis. Accurately measured masses were calculated for each feature as the 

intensity weighted mean across the width of detected chromatographic peak. The 

maximum allowed difference in m/z for peaks with overlapping retention times was set 

to -0.01 amu to allow overlapping peaks.  

Detected chromatographic features were then searched against the above-

described structural database. Chromatographic features were considered tentatively 

identified if the accurately measured mass of the monoisotopic peak was within ±6 ppm 
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of the calculated exact mass and the mass error and normalized intensity deviation of 

the A+1 peak were less then ±6 ppm and 0.1, respectively. Proposed identities for 

features matching database entries were assessed by manual interpretation of tandem 

mass spectra. Note that in many instances, database matches had no available tandem 

mass spectra and thus could not be considered for further analysis.  

For identified polyethoxylated compounds, structures of tentatively identified 

substances were incorporated into a targeted approach to assess distributions of adducts 

and ethoxymers not identified in the non-targeted screening approach. The figures and 

tables below depict: extracted ion chromatograms (exact mass ±6 ppm) for the 

tentatively identified polyethoxylated compounds, mass error of the detected pseudo-

molecular ions, maximum observed intensity of those species and annotated tandem 

mass spectra, where available. Only proton adduct fragmentation spectra were 

annotated given their propensity to form diagnostic fragment ions, relative to other 

adduct species (i.e., [M+Na], [M+NH4], [M+K]). 

5.3 Results and Discussion  

Management practices for disposal of residual fluids in PA. During 2013, a total of 5.8×109 

L of residual fluids were disposed in PA; compared to 8.7 x 108 L of total brine disposal 

(i.e., brines from non-UNGD activities) and negligible (< 8.5%) other residual fluid 
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disposal prior to UNGD development in 2004. Of all residual fluids in 2013, 88% 

originated in unconventional wells (Figure 39). Of those, produced fluids dominated the 

waste stream (69.8%), but fracturing and drilling fluids also contributed to the total 

volume of residual fluids disposed (25.2% and 4.1%, respectively). In contrast, for 

conventional wells, produced fluids were the overwhelmingly dominant (>98%) 

component of residual fluids.(190) While produced fluids are characterized by high 

salinity, fracturing and drilling fluids, recovered during the active phase of well 

construction, contain large quantities of synthetic organic compounds. Thus, I expect 

those fluids to have elevated levels of organic pollutants compared to produced waters.  
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Figure 39: Sources, production volumes, and treatment/disposal methods for 
residual fluids produced in Pennsylvania for the 2013 reporting period. CWTF: 
centralized waste treatment facility; POTW: publically owned treatment works. 
Endpoint and source classifications were defined by the PA DEP. 

 
There are multiple endpoints for residual fluids, with no single endpoint 

dominating the disposal terms. For example, the three largest disposal routes are 

categorized as “reuse other than road spreading” (2.7×109 L, 59.2%),  “injection disposal 

well” (5.5×108 L, 12.3%) and “residual waste processing facility” (5.0×108 L, 11.2%). 

Residual waste processing facilities differ from Publically Owned Treatment Works 

(POTW) and CWTF in that they treat residual wastes for reuse under state-issued 
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“General Permits”, while the latter two are required to maintain permits for surface 

water discharges.  The volume of water diverted to injection wells was on the same 

order of the volume treated by POTW and CWTF (fourth-largest endpoint; 9.5% of 

residual fluids; 4.3×108 L) and subsequently discharged effluents to surface waters. Of 

the fifteen facilities treating residual fluids for surface water discharge in PA, ten of 

those facilities were CWTF, accounting for 88% of surface water discharges.  

Treatment strategies differ greatly between POTW and CWTF. POTW are 

principally designed to reduce chemical oxygen demand, nitrogen, and phosphorous in 

municipal wastewaters through a suite of physical and chemical treatments. In contrast, 

CWTF treating residual fluids typically have relatively few effluent limits and focus on 

pretreatment (e.g., solids removal and skimming) and primary treatments (e.g., 

precipitation) for the removal of bulk pollutants (e.g., iron, suspended solids, barium, 

oil, and grease).(194)  This type of treatment is particularly useful for the treatment of 

low organic load industrial wastes, such as acid mine drainage or brines.  Thus, I 

anticipate it may inadequately remove organic pollutants associated with residual 

fluids.  

From 2011 to 2013, residual fluids treated for discharge by CWTF increased more 

then 800-fold and the proportion of unconventional-well derived residual fluids varied 
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widely in those years (83%, 1.8% and 18% in those years, respectively). Furthermore, 

two facilities had permitted discharge volumes that exceeded 50% of the receiving 

water’s minimum average monthly flow and six had discharges that exceeded 5% of the 

minimum receiving water flow (Figure 40).(200) Thus, CWTF surface water discharges 

could create wastewater-dominated and/or wastewater-impacted receiving waterways. 

Note that, between 2012 and 2013, there was a precipitous drop in the amount of 

beneficial reuse recycling at the Josephine CWTF (Figure 40), increasing surface 

discharges to receiving waters.   
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Figure 40: Receiving water flows and permitted NPDES discharges for CWTF 
treating residual fluids in PA in 2013, as well as discharge and recycle rates at the 
Josephine CWTF (PA0095273). Average receiving water discharge was monitored by 
the USGS and shown in the solid dark line. CWTF permitted discharged are 
delineated in the dashed lines. During summer months, these flow and discharge 
rates approach one another. Note that the closest USGS stream gauge data was used, 
irrespective of whether it was positioned up or downstream of the outfall pipe. The 
lower right panel shows the precipitous reduction in treated water recycle for 
industrial use that occurred between 2012 and 2013 at the Josephine CWTF, enhancing 
surface discharges to Black Lick Creek. 

Recent studies have shown that receiving waters attenuate high-salinity 

discharges(192), but dilution mechanism is not possible in effluent dominated streams. 

Further, disinfection byproduct formation could be exacerbated in drinking water 

treatment facilities (DWTFs) impacted by treated oil and gas wastewaters due to 
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elevated halide levels(193), and DWTF intakes downstream of CWTFs may present a 

particular concern where and when receiving water flows are effluent dominated. 

Overall, the ecological and human-health implications of CWTF effluent dominated 

streams are unclear and demand a thorough evaluation of CWTF effluent composition.  

Considering that residual fluids are suspected to contain relatively high levels of 

organic chemicals(211-212) and the inorganic material-focused treatment at the 

Josephine CWTF, I anticipated identifying a variety of organic pollutants, including 

volatile and semi-volatile non-polar components amendable to GC techniques and non-

volatile polar compounds as detected by HPLC-HRMS.  

Residual fluids treated at Josephine CWTF and treatment parameters. Josephine CWTF 

is permitted to treat oil and gas wastewaters with a maximum daily discharge of 0.155 

million gallons per day (MGD, ~590 L d-1) into Blacklick Creek. Permitted NPDES 

effluent limits designated for Josephine CWTF (196) include (all listed as monthly avg.; 

instantaneous max.): total iron (3.5 mg L-1 ; 7 mg L-1), oil and grease (15 mg L-1 ; 30 mg L-

1), total suspended solids (30 mg L-1 ; 60 mg L-1 ), barium (114 mg L-1; 228 mg L-1), and pH 

6 to 9.5. Additionally, Josephine CWTF is required to monitor acidity, chlorides, total 

dissolved solids, and osmotic pressure bimonthly, while flow is monitored daily.  
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Treatment practices at the Josephine plant reflect these permits, focusing on the 

removal of suspended solids and precipitation of barium. Figure 41 depicts the 

treatment train at Josephine CWTF ca. 2012 as described by Ferrar and co-workers.(194)  

 

Figure 41: Treatment train at Josephine CWTF ca. 2012 after Ferrar et al. Note the 
absence of any biological treatment in the design. 

Absent from the treatment design are any measures to reduce dissolved organic 

carbon of the influent stream. While the Josephine treatment facility could not disclose 

the specific wastes treated at the time of sampling, waste reports submitted to PA DEP 

indicate that of the residual fluids treated, over 90% were produced or fracturing fluids, 

and NPDES-permitted surface water discharges totaled 2.14×104 L and 7.34×105 L in 2012 

and 2013, respectively. During 2012, Josephine CWTF treated 4.96×104 L of residual 

fluids for recycle. In contrast, waste reports indicate that no fluids were treated for 

recycle in 2013. This shift may reflect a response to new regulations regarding 

“beneficial reuse” as outlined by WMGR123 (March 2012); namely, any residual fluids 
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treated for reuse must meet water quality criteria “derived from drinking water quality 

standards, water quality standards for rivers and streams, and typical values observed 

in fresh water rivers and streams.”(213) If this goal were not attainable via the primary 

treatment train, then one would expect reuse volumes to drop after WMGR123 took 

effect, as observed.  

Characterization of hydrophobic organic compounds. Perhaps surprisingly, few of the 

61 EPA-targeted volatile and semi-volatile organic pollutants (i.e., via Method 624) were 

detected, except for some halomethanes and substituted benzenes. Halo-methanes and -

ethenes were detectable during at least one sampling event, where benzene levels 

exceeded EPA drinking water maximum contaminant levels (MCL) twice, in May and 

October 2012. (Note PA does not specify limits for these compounds). In October 2013, 

the sum of the concentration of trihalomethanes (THMs, trichloromethane, 

bromodichloromethane, and dibromochloromethane) was 244 µg L-1, three times higher 

than the EPA regulation of total THMs in drinking water (80 µg L-1). While the light 

halogenated compounds have not been observed previously, Ferrar et al. (sampling in 

2010-2011) did report the occurrence of benzene and 2-butoxyethanol above MCLs.(194) 

In my analyses, benzene, benzene derivatives, and one polyaromatic hydrocarbon 

(naphthalene) were the most frequently detected, consistent with the use of petroleum 
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distillates as additives in hydraulic fracturing fluids.(195)  PA limits benzene in treated 

wastes to 0.12 µg L-1 (under the WMGR123 discharge permits), and effluent benzene 

exceeded that limit during both sampling events in 2012 (May 2012: 7.8 ± 0.8 µg L-1, 

October 2012: 8.2 ± 0.4 µg L-1). Toluene was also detectable during three of the four 

sampling events, albeit well below the permit level (0.33 mg L-1). Note that none of the 

VOCs exceeded detection limits 200 m upstream or downstream of the effluent pipe in 

June 2013, except for toluene (2 ± 1 µg L-1).  Given the poor removal of benzene alone, 

Josephine CWTF could not treat residual fluids for reuse after WMGR123 took effect in 

2012. However, those same fluids could be discharged to surface waters under the 

facility’s NPDES permit, as benzene and toluene are not monitored under that permit.  

In contrast to the low compound-specific loadings, GRO and DRO 

concentrations ranged from 0.05 ± 0.01 to 1.26 ± 0.01 mg L-1 and 0.38 ± 0.03 to 3.3 ± 0.2 mg 

L-1, respectively, even during sampling events where low levels or only a few VOCs 

were detected.   Note that upstream and downstream samples contained very low GRO 

(0.006 ± 0.001 mg L-1 each) and DRO (0.0019 ± 0.0001 mg L-1 each) in June 2013; two-to-

three orders of magnitude lower than at the effluent.  The proportionately high levels of 

GRO and DRO at the discharge point suggest that effluent levels of residual fluid-

derived hydrocarbons may be better assessed using these integrative GRO and DRO 
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indicators, especially considering that (a) residual fluids contain a broad and variable 

range of organic compounds that might not be captured by the EPA VOC standard 

methods and (b) compound-specific monitoring may be a cost and time prohibitive 

challenge for many practitioners. I note that effluent concentrations of GRO and DRO 

were poorly correlated with measured concentrations of dissolved inorganic species (Cl-

, Br-, Sr, and Ba) associated with residual fluids.  Unsurprisingly, treatment strategies 

aimed at reducing levels of dissolved inorganic species likely have little impact on 

effluent concentrations of hydrophobic organic contaminants.  

During conventional wastewater treatment, some removal of volatile and semi-

volatile organic compounds occurs via stripping. In the absence of aeration basins at the 

Josephine CWTF, removal by stripping would likely be limited to ambient volatilization.  

(Note that, prior to delivery to CWTFs, volatilization basins were used on site at the well 

pads in this region until approximately 2012; a precise date is not available, as the 

transition to closed containers was a voluntary industry action). Levels of GRO were 

notably lower than DRO during all four sampling events, consistent with preferential 

removal of more volatile GRO components. For GRO, levels were higher during warmer 

months (i.e., May and June), inconsistent with the effect of temperature on air-water 

phase transfers for small organic molecules.  Instead, the higher GRO levels in the 
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summer could reflect higher GRO content in influent waste due to unique or intensified 

industrial practices in the summer. Additionally, heterogeneous transport and storage 

conditions of residual fluids may outweigh the effects of seasonal temperature variation 

on volatilization.  

Characterization of hydrophilic organic compounds. Preliminary inspection of HPLC-

HRMS data indicated the prominent occurrence of numerous distinct homologous series 

in the Josephine CWTF effluent (Figure 42), consistent with the presence of polymeric 

substances disclosed for use in hydraulic fracturing operations.(195) Mass spectra 

corresponding to those chromatographic peaks revealed ion series separated by 44 Da., a 

characteristic feature of polyethoxylated compounds (i.e., with a -OC2H4- ethoxymer 

repeating unit).  
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Figure 42: HPLC-HRMS base peak chromatogram, detected chromatographic 
features and composite mass spectrum for the Josephine CWTF effluent. Open 
circles depict detected features, scaled by peak area. The presence of polyethoxylated 
substances is apparent by the closely eluting chromatographic features separated by 
44 Da. 

 
Comparison of detected chromatographic features (Figure 42) to a molecular 

database of disclosed fracturing fluid components tentatively identified several series of 

alcohol ethoxylate surfactants (AEs) based on accurate mass, isotopic pattern analysis 

and interpretation of tandem mass spectra. AEs can be generally described by the 

formula CxH2x+2(OC2H4)nOH, where x denotes the alkyl chain length and n is the 

ethoxymer number.  (These have recently been identified as a major component of 

flowback waters from hydraulic fracturing operations,(211) but this is the first 
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identification in post-treatment wastewater effluent from facilities treating natural gas 

residual fluids).  

 

Figure 43: Distributions of polyethoxylated compounds detected in the effluent of 
Josephine CWTF. Note that the ordinate axes give intensities, where the abscissas 
give the ethoxymer number.  Alkyl chain length is indicated in the inset, where all are 
considered alcohol polyethoxylates and the special case of x=0 are polyethylene 
glycols (PEGs). 

 

For C8 and C10 AEs, multiple series with identical molecular formula, but unique 

chromatographic retention profiles were detected. This indicates the presence of both 

linear and branched AEs. Early eluting series were presumed to represent branched 

AEs, while late eluting homologs were taken to be linear AEs. These results mirror 

common use of both linear and branched long-chain alcohols in the industrial synthesis 
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of AEs. For example, the linear C6 series, eluting from ~420-530 sec, gave the greatest 

absolute response and approximated a binomial ethoxymer distribution ranging from 

n=2-12 and centered around n=5. Alternatively, the less prevalent higher chain AEs (C8 to 

C10) homologous series presented abbreviated and, in several instances, skewed 

ethoxymer distributions. Given that AEs give large analytical response in my analysis, 

they may represent a large fraction of polar organic pollutants discharged from CWTF 

treating residual fluids. However, absolute quantitation could not be achieved by the 

present approach due to ethoxymer and alkyl-chain specific response factors and matrix 

induced ionization effects, both of which are known to occur for this class of 

contaminants. 

AEs, synthesized from the ethoxylation of oleochemical- or petrochemical-

derived long chain alcohols (C6 to C22), are common surfactants in a variety of household 

and industrial products, including hydraulic fracturing fluids. Thurman and co-workers 

reported linear AEs with alkyl moieties ranging from C9 to C15 and ethoxymer 

distributions from n=3-28 in flowback waters (i.e., untreated residual fluids).(211) In 

general, the observed AE distributions (i.e., the prevalence of the C6 AEs) in the 

Josephine effluent appear to be distinct from those previously reported in flowback 

waters. Of all source materials described for the synthesis of AEs, very few disclose 
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predominant C6 content. In fact, only one source material (CAS 68603-15-6, Type D) lists 

C6 alcohols as a major component, but at less than 10% of the total mixture.(214) As 

such, the predominant occurrence of C6 AEs in the Josephine effluent may indicate 

selective removal of higher chain length AEs during application, transport, or treatment.  

Note that differences in ESI efficiency make analyses of the relative distribution of AEs 

semi-quantitative, but all researchers reporting relative abundances from ESI-MS data 

are beholden to a similar limitation.  

AEs are biodegradable (>99% and independent of ethoxylation number(215)) 

under both aerobic(216) and anaerobic conditions(217) in conventional domestic 

wastewater treatment  facilities (i.e., POTW, but not CWTF).(218) In high salt, low pH 

conditions and without community acclimation, it is unclear that these materials will be 

biodegraded to the same extent.  Nevertheless, aerobic biodegradation of AEs typically 

begins by central fission at the ether linkage joining the polyoxyethylene chain to the 

alkyl hydrophobe, yielding polyethylene glycol (PEG) and the corresponding long chain 

alcohol.(216) Both PEG and long chain alcohols are used in fracturing fluids and were 

included in my screening database. PEGs with chain lengths similar to those observed 

for AEs were detectable (Figure 5; x=0) in my analysis. In contrast, no long chain 

alcohols were detected in my analysis, and thus, there was no evidence of 
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biodegradation. While long chain alcohols give poor response factors by ESI (and their 

absence here does not preclude their presence in the effluent), I anticipate little 

biodegradation in residual fluids due to depressed pH and limited dissolved oxygen 

and nutrients in those fluids. Furthermore, most CWTF lack biological treatment 

processes, excluding significant biotic transformation of AEs prior to surface water 

discharge. Abiotic autoxidation of aqueous AEs has been reported and yields 

corresponding ethoxylated formates and aldehydes,(219-220) neither of which were 

detected here. 

In the absence of obvious abiotic or biotic removal mechanisms (or unique source 

AE distributions), differences in the hydrophobicity of AEs may account for the 

observed patterns of AEs in Josephine effluent. Sorption of AEs to natural sorbents is the 

result of both the hydrophobic interaction of alkyl chains with organic matter and the 

hydrophilic interactions of oxyethylene moieties with mineral surfaces (e.g., clays), 

resulting in non-linear isotherms best described by dual-mode models.(221-222) In 

general, sorption coefficients for AEs increase with increasing alkyl chain length and 

give maxima at intermediate ethoxymer distributions (i.e., where hydrophilic 

interactions are maximized).(221-222) Given the specific interactions of oxyethylene 

moieties with mineral surfaces, sorption of AEs to natural sorbents is highly sensitive to 
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sorbent properties (e.g., clay content, fraction organic carbon). Further, Brownawell et. 

al. showed that sorption coefficients for AEs were insensitive to the concentration of 

divalent cations, but measurably altered by solution pH.(223) Together, these results are 

particularly relevant for the occurrence of AEs in oil and gas development and residual 

fluids, where clays are applied as drilling muds and low pH and elevated salinity are 

common. Enhanced sorption of higher alkyl chain AEs during treatment at CWTF  may 

account for the prevalence of C6 AEs in the Josephine effluent.  

5.4 Environmental implications 

My data show that AEs and several apolar contaminants (e.g., substituted 

benzene and halomethanes) were discharged into receiving waters at CWTF treating 

natural gas residual fluids. While AEs present minimal environmental risk, owing to 

their degradability and innocuous transformation products, their occurrence could have 

both toxicological, co-contaminant fate and metrological implications. In particular, 

potential mixture toxicity associated with AEs and co-occurring residual fluid derived 

pollutants (e.g., hydrocarbons and metals) should be investigated. Furthermore, high 

effluent AE loads could alter the fate of co-occurring contaminants. For instance, 

surfactants may mask high-energy binding sites on natural sorbents from metal co-

contaminants, altering the net mobility of metal contaminants in receiving waters. 
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Finally, AEs may decrease the aqueous activity coefficients of non-polar oil and gas 

derived contaminants, leading to increased mobility in aquatic environments and 

underestimation of effluent concentrations by limiting extraction efficiency by standard 

analytical methods.  

Large volumes of residual fluids are derived from UNGD practices in PA, and 

these have inherent heterogeneity due to the distinct source terms. The dominant 

endpoint for these waste streams after direct reuse and injection is offsite treatment 

(27%, including residual waste processing, CWTF, and POTW).  These treated waters, 

which maintain a high level of organic contaminants, along with high salinity, 

strontium, and barium levels(192), are directly discharged and not collected for reuse. 

This may have been an unintended consequence of new treatment standards in 2012, as 

stringent reuse requirements (i.e., drinking water quality) necessitate surface discharges 

rather than recycle.(224) Further, large volume discharges can result in effluent-

dominated receiving waters, especially during dry seasons, and this may have ecological 

consequences. 

At CWTFs, current treatment practices (and the discharge permits they were 

designed to meet) fail to account for the treatment of waste streams rich in organic 

pollutants. While the PA regulation (WMGR123) recognizes the need to monitor 
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surfactants by including limits on methylene blue active substances (i.e., anionic 

surfactants), many of the surfactants utilized in oil and gas operations, including AEs, 

are non-ionic surfactants and, thus, are not detectable by this approach.  An alternative 

to HPLC-MS for the quantitative screening of non-ionic surfactants would be 

colorimetric determination by the cobalt thiocyanate method, with the caution that poor 

specificity and matrix effects are known to obfuscate the results of such approaches. 

Further, compound-specific identification is unrealistic for many practitioners seeking to 

optimize waste treatment streams of complex residual fluids. Colorimetric methods, 

while inherently general and non-descriptive, could be useful to quantify surfactants 

and may expedite critically needed engineering improvements as well as enhance my 

understanding of the ultimate fate of the organic component of treated residual fluid 

streams. I note that typical detectors coupled with LC for the quantitative analysis of 

polymeric surfactants (e.g., evaporative light scattering) have insufficient limits of 

detection (low mg L-1) to monitor surfactants at environmentally relevant concentrations. 

Alternatively, LC-HRMS possesses exceptional specificity and sensitivity (e.g., ng L-1), 

but remains limited to largely qualitative analysis due to a lack of discrete authentic 

standards (i.e., reference materials typically comprise poly-disperse mixtures of varying 

hydrophone and ethoxymer distribution). Environmentally relevant concentrations are 
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likely somewhere in the ng L-1 to mg L-1 range, which begs for the development of novel 

analytical techniques (i.e., that do not rely on the use of HRMS and isotopically-labeled 

standards). 

Given the immense variety and often proprietary nature of chemical additives 

employed in UNGD, broad-spectrum and non-targeted approaches, such as those 

described here, must be periodically applied to ensure proper permitting and 

monitoring of surface water discharges. While this study offers some first insights into 

the occurrence of organic pollutants in one CWTF effluent, my limited sample set 

restricts my ability to predict the organochemical chemical composition of all CWTFs. 

As discussed previously, oil and gas residual fluids vary greatly throughout the 

development of a well (e.g., drilling versus recovery phases), with seasonal variations in 

oil and gas development activities (e.g., intensified drilling activities during summer 

months) and amongst distinct well sites (i.e., unique chemical usage practices according 

to operator practice and geologic formation). Together, these factors necessitate further 

studies into the occurrence of the organic pollutants in treated oil and gas wastewaters 

that are ultimately discharged to surface waters and present a route for direct ecological 

exposure. 
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6. Conclusion  

Assessment of human impacts on the essential functions of aquatic ecosystems, 

including valuable services provided to humanity, requires comprehensive chemical 

analysis of the organic pollutant composition of wastewaters discharged into the aquatic 

environment. Typical approaches for monitoring such organic pollutants in wastewater-

impacted environments underestimate the composition of those waters due to reliance 

on targeted screening methodologies incapable assessing the occurrence of 

understudied or previously unidentified pollutants. My work presents a comprehensive 

and robust analytical strategy for determining the structure and fate of wastewater 

derived organic micropollutants based on a novel, automated high-resolution accurate-

mass mass spectrometric workflow together with chemoinformatic and chemometric 

analysis of wastewaters and wastewater impacted environments. Significant advances 

achieved by this approach include the programmatic extraction and distribution of 

HR/AM mass spectrometric data to state-of-the-art spectral annotation algorithms for 

automated molecular predictions and structural formula assignments, and prioritization 

of postulated structural annotations by computationally derived scoring metrics that 

consider the plausibility of both correct structural annotation and relevance to 

environmental systems.  
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Chapter 2 presented the formulation and foundation of the developed approach 

by assessing the organic micropollutant composition of wastewaters discharged by a 

conventional activated sludge treatment facility receiving primarily domestic 

wastewater.  Compilation and structural classification of two comprehensive databases 

of known and possible environmental contaminants by chemoinformatics tools in the 

form of Molecular Quantum Number descriptors provided a means for: 1.) evaluating 

the global characteristics of environmentally relevant organic compounds, 2.) 

delineating the subset of organic chemicals known to be relevant to wastewaters, and 3.) 

scoring the pollutant-likeness of structures postulated from mass spectrometric analysis. 

In particular, I hypothesized that scoring the structural similarity of postulated 

structures to databases of known or potential environmental pollutants would select for 

substances that shared structural features with compounds in the underlying database. 

Furthermore, I postulated that structures with high degrees of similarity to database 

compounds will share similar usage or fate properties owing to shared structural 

features that drive either the occurrence of a given compound, as in the case of the 

compiled known wastewater micropollutant databases, or commercial relevance, in the 

case of the database of potential environmental pollutants.  This approach provided a 

means for evaluating the environmental relevance of a compound based only on its 
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structure and not previous knowledge of that compound’s occurrence, production or 

use. In particular, this approach provides significant advantages vs. contemporary 

HR/AM MS screening techniques by alleviating the requirement for predefined 

structural databases to evaluate the occurrence of non-targeted pollutants. Future work 

in this area should focus on refinement of molecular similarity metrics specifically 

developed for environmentally relevant chemicals. Conversely, development and 

implementation of robust quantum chemical predictors of environmental fate properties 

for organic compounds would likely render structural similarity techniques 

unnecessary. Finally, I demonstrated that application of a rationally chosen set of 

computational molecular and formula assignment algorithms leads to improved 

confidence in molecular identity assignments by consideration of multiple orthogonal 

lines of evidence in structural annotation.  

Chapter 3 presented an improved framework for assessing the fate of organic 

micropollutants during wastewater treatment. Chemically- and environmentally- 

rational criteria were applied to high-dimensional data generated by the repeated 

sampling of municipal wastewaters at various stages of treatment and environmental 

release. Based on knowledge of the behavior of organic micropollutants in conventional 

wastewater treatment, I developed a rational and mechanistically meaningful 
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classification scheme to extract information from the differential occurrence of 

micropollutants in wastewater without knowledge of their structure. This novel 

approach provided a means for performing “fate-directed analysis” by prioritizing 

structure elucidation efforts through creation of categories based on pollutant behavior 

in the system under investigation. When coupled with the structure annotation 

techniques described in Chapter 2, the differential screening method improved 

assessments of the occurrence and fate of organic micropollutants in wastewater 

treatment and provided a means for evaluating the formation and eventual fate of 

transformation products arising during treatment. Future implementations of this 

approach would benefit greatly from improved computational tools for linking 

precursor-product relationships among differentially classified non-targeted 

micropollutants. Furthermore, concurrent analysis by orthogonal analytical techniques 

would enhance efforts aimed at characterizing the fate of organic pollutants during 

wastewater treatment. For instance, devoted sampling and analysis for highly polar 

organic compounds (e.g., small metabolic products), high-molecular weight dissolved 

organic carbon characterization techniques (e.g., as by NMR or FT-ICR-MS) and non-

polar organic contaminates (e.g., as by GC-MS) would provide a global perspective on 

the compositional changes to organic chemical space throughout wastewater treatment. 
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Coupling those analysis with bioanalytical techniques (e.g., as by proteomics and/or 

genomics) holds the potential for development of a functional and mechanistic analysis 

of wastewater treatment performance that would inform practitioners in the 

development of best practices for wastewater treatment and synthetic chemists in the 

development of environmentally benign chemicals.   

In Chapter 4, I presented results of combining comprehensive non-targeted 

analysis with targeted quantitative analysis for determining the structure and fate of 

organic micropollutants in a water reuse application. Field investigations of storm water 

detention ponds impacted by various land use practices, including land application of 

treated municipal wastewater, revealed complex mixtures of organic micropollutants of 

varying composition and source. Targeted quantitative analysis consistently showed 

elevated levels of organic compounds commonly used in the management of turf-grass 

surrounding most of the ponds, such as pesticides and fungicides. Sample sites 

impacted by residential stormwater runoff showed distinct trends in water quality and 

organic chemical composition, which was likely linked to distinct chemical use patterns 

in those scenarios and not to the application of treated wastewater for irrigation. 

Comprehensive non-targeted analysis was deployed to evaluate the occurrence and fate 

of organic chemicals arising in the system under investigation but that were not directly 
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monitored in the targeted analysis. I again applied a rational and rigorous classification 

scheme to parse non-targeted micropollutants into chemically and environmentally 

relevant fate categories based on occurrence patterns in the system. This approach 

provided a powerful means for reducing the complexity of the resultant datasets which 

comprised thousand of detected chemical features in dozens of samples collected with 

high-temporal resolution from numerous distinct sites. Results indicated that the 

organic micropollutant composition of the storm water detention ponds was largely 

driven by residential storm water and not by wastewater derived micropollutants 

associated with water reuse application. Logical progression from this work would 

implement a quantitative assessment of the identified organic micropollutants to 

definitively establish risks associated with the use of treated wastewaters for irrigation 

in this application.  Such a follow-up study would realize an idealized approach for 

assessment of organic micropollutant fate, wherein broad-spectrum non-targeted 

chemical analysis is applied to identify compounds relevant to the system under 

investigation followed by precise targeted analysis to determine actual environmental 

concentrations of the detected micropollutants. The advantage of this approach arises in 

the reduced bias introduced by selection of target compounds such that chemicals 
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chosen for monitoring represent those that are known to be relevant to the system under 

investigation.  

Finally, in Chapter 5 I have presented the results of comprehensive 

characterization of an industrial wastewater effluent receiving wastes from oil and gas 

production, including non-conventional extraction techniques such as hydraulic 

fracturing. With the growth in domestic natural gas development and the significant 

consumption of water resources by those practices, a comprehensive understanding of 

the structure and fate of organic chemicals associated with wastewaters generated by 

natural gas extraction is critically required to evaluate potential risks posed to human 

and ecosystem health. Furthermore, development of treatment practices and regulatory 

mechanisms for these unique wastewaters would equally benefit from a complete 

characterization of components organic compounds.  Such efforts are frustrated by the 

number and diversity of chemicals applied in high quantities at various stages of natural 

gas development activities. Deploying a concert of broad-spectrum organic chemical 

characterization techniques sensitive to a range of both polar, non-polar and volatile 

organic chemicals know or suspected to be present in treated oil and gas wastewaters 

revealed that approaches based on targeted analysis of only a few priority substances 

would likely underestimate potential impacts of wastewater discharge to aquatic 
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systems. Specifically, most efforts aimed at evaluating environmental impacts of oil and 

gas associated wastewater focus narrowly on the analysis of a small number of 

petroleum derived non-polar compounds. However, my analysis revealed that those 

chemicals may serve as poor indicators for the potential impacts of surface water 

disposal of treated oil and gas wastewaters due to infrequent detection and highly 

variable concentrations.  In addition, the presence of co-occurring polar organic 

chemicals, e.g. surfactants, at high concentrations may complicate both the analysis and 

fate of non-polar organic contaminants by altering the fate behavior of those 

compounds. Future work in this area should focus on quantitatively assessing the 

surfactant composition of oil and gas wastewaters and environments impacted by those 

wastes. 

Taken together, the work presented herein provides a new framework for 

evaluating the occurrence and fate of organic micropollutants by high-resolution 

accurate-mass mass spectrometry. Where previous efforts have sought parsimonious 

approaches for characterizing the molecular composition of aquatic systems, I have set 

forth an approach for environmental fate analysis that matches the biological and 

chemical complexity of natural and engineered systems.  Such approaches are essential 

to advancing the understanding of risks associated with the dispersal of organic 
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compounds through treated wastewaters. In particular, risk assessments based on 

incomplete chemical characterization of impacted environments will undoubtedly yield 

incomplete risk classification. Traditionally, risk is defined as a function of chemical 

exposure (i.e., occurrence, concentration and up-take) and hazard (i.e., toxicity). 

However, complete evaluation of exposure and hazard require identification of all 

potential chemical insults present in a sample. Risk assessments that account for the 

toxicity and exposure level of only a few pollutants occurring in complex environmental 

media may drastically misrepresent chemical risks.  Mixture effects, in the form of 

additive, synergistic or antagonistic toxicity, are becoming better understood in the 

context of evaluating risks associated with exposure of aquatic organisms to organic 

pollutants. In these instances, non-targeted screening approaches, such as those 

described herein are essential for determining the relevant stressors occurring in the 

system under investigation. While the approaches I have described do not yield 

quantitative data for all pollutants occurring in a given environment, they will inform 

application of targeted chemical analysis and toxicity evaluations. Importantly, 

application of non-targeted screening techniques in conjunction with targeted chemical 

analysis and toxicity assessments represents the only available approach for 

comprehensively characterizing risks associated with organic chemical exposure 
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resulting from the dispersal of treated wastewaters. The current lack of quantitative 

results from non-targeted screening approaches may be addressed by efforts aimed at 

predicting mass spectrometric response factors for organic compounds under ambient 

ionization techniques.  

In general, this holistic approach for assessing the occurrence and fate of organic 

micropollutants should become the standard for environmental impacts assessments of 

aquatic environments in both research and regulatory contexts. Namely, the requisite 

technology and methodologies, including those presented herein, now provide the 

means to develop site specific monitoring programs that account for the unique 

chemical use, water management practices and ecological conditions arising at the 

interface of society with the aquatic environment. Still, significant efforts are required for 

the standardized, comparable and defensible application of these screening approaches 

in the environmental sciences. Notably, conventions for the dissemination and archiving 

of the large quantities of data generated by a single non-targeted screening experiment, 

including meta-data germane to sample location and time, site characteristics and 

prevailing environmental conditions, should be addressed by the environmental science 

community as a whole to ensure the maximum benefit offered by these approaches. 

Preservation and efficient cataloging of those data will enable the synthesis of 
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environmental fate and exposure assessments of unprecedented breadth and depth by 

linking environmental variables, water use activities and complete chemical occurrence 

data. Furthermore, given the necessity of applying non-targeted screening methods for 

achieving holistic environmental fate assessment, the availability of these approaches 

must not be limited to only a few laboratories. In the same way that most biologists and 

biochemists now have access to routine proteomic and genomic analysis through 

industry or academic core-facilities, a similar model should be adopted for non-targeted 

environmental analysis. Finally, efforts aimed at protecting the quality of natural water 

resources through regulation, must adopt and support through funding these 

techniques to ensure complete and un-biased characterization of wastewaters and 

wastewater impacted environments. Achieving these goals will address current 

knowledge gaps in the occurrence, fate and impacts of organic pollutants in the aquatic 

environment and ensure the restoration and preservation of natural water resources 

through engineering, technology and design.  



 

 

238 

Appendix A: Supplemental Table to Chapter 2.  
Table 20 Level 3 identifications. Scoring criteria considered in the tentative 
identification, include: molecular formula score (SIRIUS), mass accuracy (ppm), 
fragment scores (MetFrag, CFMID), patent and reference counts (Pats, Refs) and 
structural similarity to entries in the compiled databases (DSSTox, WWdb).  

Cpd. Name SIRIUS ppm MetFrag CFMID Pats Refs 
DSS
Tox 

WW
db score 

acetanilide 59 -2.34 96 0.12 19718 239 1.00 1.00 2.51 
4-
Dimethylaminopyridine 0 -0.18 261 0.08 145578 285 1.00 1.00 2.88 

DIBUTYLAMINE 14 -1.24 87 0.11 0 79 1.00 1.00 2.81 
1-(dimethylamino)-3-[4-
[[4-
(dimethylaminocarbamo
ylamino)phenyl]methyl]
phenyl]urea 16 -1.34 243 0.25 0 1 1.00 1.00 3.11 

4-Methylmorpholine 11 -1.54 0 0.00 0 51 1.00 0.74 1.30 
4-
Dimethylaminopyridine 14 -1.49 268 0.24 145578 285 1.00 1.00 3.37 
2-tert-butyl-6-(2-
hydroxypropan-2-yl)-4-
methylphenol 0 -1.08 161 0.18 0 1 1.00 0.73 2.13 

TRIETHYLAMINE 10 -0.40 0 0.07 282648 1928 1.00 1.00 2.33 
2,3-
DIAMINOTOLUENE 9 -1.41 206 0.18 0 3 1.00 1.00 2.43 
DICYCLOHEXYLAMIN
E 20 -1.22 131 0.11 0 52 1.00 0.66 2.45 

CYCLOHEXYLAMINE 1 -0.91 58 0.08 26046 150 1.00 1.00 3.14 

Ricinelaidic acid 15 -0.86 147 0.11 0 102 1.00 0.67 2.77 
TETRAETHYLENE 
GLYCOL 11 -1.22 0 0.09 47557 30 1.00 1.00 2.13 

Tetrapropylene glycol 8 -0.62 4 0.00 3752 0 1.00 0.56 2.09 
N,N-
Dimethyldodecylamine 9 -0.38 41 0.04 0 21 1.00 0.70 2.41 
N,N-
Dimethyldodecylamine 13 -1.03 85 0.08 0 21 1.00 0.70 2.52 
N,N-
Dimethyloctanamide 30 -0.97 192 0.19 0 1 1.00 0.82 2.48 
PHTHALIC 
ANHYDRIDE 8 -1.32 59 0.06 56008 31 1.00 1.00 3.14 
PHTHALIC 
ANHYDRIDE 10 -1.53 125 0.06 56008 31 1.00 1.00 2.99 

2-(Diethylamino)ethyl 18 -1.95 153 0.18 0 62 1.00 0.65 2.22 
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methacrylate 

Azacyclotridecan-2-one 16 -1.45 230 0.06 0 9 1.00 0.59 2.25 

DIETHYLAMINE 2 -2.06 0 0.14 94597 383 1.00 1.00 2.52 

2-Pyrrolidinone 8 -0.43 136 0.07 111297 445 1.00 1.00 3.10 

METHACRYLAMIDE 10 0.05 126 0.14 43766 97 1.00 0.73 2.85 

2-Pyrrolidinone 11 -1.60 76 0.15 111297 445 1.00 1.00 2.84 

4-Nitrophenol 10 -2.42 9 0.07 47831 1255 1.00 1.00 3.59 

ACETIC ANHYDRIDE 3 0.33 0 0.00 0 759 1.00 1.00 1.50 
3-
(Methylthio)propionalde
hyde 22 -1.19 395 0.09 0 111 1.00 0.74 2.25 
N,N-Dimethyl-p-
phenylenediamine 8 -1.48 248 0.10 0 42 1.00 1.00 2.32 

NONANAL 10 -1.37 0 0.00 0 281 1.00 1.00 1.35 
11-
AMINOUNDECANOIC 
ACID 1 -0.01 37 0.00 0 9 1.00 0.64 2.33 
Tris(2-butoxyethyl) 
phosphate 13 0.10 0 0.00 808 32 1.00 1.00 2.15 
tris(1-chloropropan-2-yl) 
phosphate 19 -0.25 0 0.04 801 10 1.00 1.00 1.89 
TRIBUTYL 
PHOSPHATE 5 -0.35 0 0.00 25023 173 1.00 1.00 2.29 
(5-Ethyl-2-methyl-1,3,2-
dioxaphosphorinan-5-
yl)methyl dimethyl 
phosphonate P-oxide 10 -0.34 70 0.03 34 0 1.00 0.49 2.09 
bis(2-chloropropyl) 
hydrogen phosphate 10 -0.68 30 0.03 6 1 1.00 0.61 2.50 
3-chloropropyl 
dihydrogen phosphate 8 -1.36 81 0.04 21 0 0.82 0.64 2.19 

Ethylparaben 0 -0.10 126 0.11 0 103 1.00 1.00 2.49 

CARBAZOLE 4 -1.20 13 0.00 94265 604 1.00 1.00 2.32 

2-ETHYLPHENOL 26 -1.93 119 0.14 0 18 1.00 1.00 2.48 
2-(2-
Butoxyethoxy)ethanol 15 -1.82 15 0.06 0 10 1.00 1.00 1.93 
3-(hydroxymethyl)-1,3-
benzothiazole-2-thione 6 -1.59 288 0.07 3 1 1.00 0.65 2.56 

alpha-Tetralone 32 -1.34 433 0.33 5950 70 1.00 1.00 3.66 
2-(4-amino-N-ethyl-3-
methylanilino)ethanol 22 -0.70 362 0.19 0 1 1.00 0.73 2.40 
2,6-ditert-butyl-4-
hydroperoxy-4-
methylcyclohexa-2,5-
dien-1-one 0 -0.54 133 0.18 0 10 1.00 0.67 2.14 

4-(p-Tolyl)-1H-1,2,3- 6 -0.77 305 0.17 0 13 0.82 0.64 2.72 
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triazole 

4-(p-Tolyl)-1H-1,2,3-
triazole 63 -1.21 391 0.23 0 13 0.82 0.64 2.94 
2,2-Bis(4-hydroxy-3-
methylphenyl)propane 11 -1.13 77 0.11 0 3 1.00 1.00 2.30 
2,5-dichloro-2,5-
cyclohexadiene-1,4-diol 32 -1.31 106 0.11 0 4 0.82 0.82 2.30 
2-Amino-6,7-
dichlorobenzothiazole 6 -0.67 234 0.05 55 1 1.00 0.61 2.60 
1,4-
CYCLOHEXANEDICA
RBOXYLIC ACID 0 -2.56 154 0.09 0 19 1.00 0.60 2.48 

Benzoguanamine 37 -1.41 210 0.15 0 5 1.00 0.58 2.58 

Lepidine 10 -1.40 121 0.18 0 119 1.00 1.00 3.03 

Vanillylacetone 6 -2.09 150 0.03 0 47 1.00 0.79 2.27 

Lilial 23 -0.86 165 0.11 0 12 1.00 1.00 2.61 

Galoxolide 19 0.18 129 0.14 0 112 1.00 1.00 3.07 

Citronellyl acetate 16 -1.06 73 0.16 0 13 1.00 0.61 2.57 

Octanal 6 -1.05 119 0.14 26453 364 1.00 0.74 3.19 
2-[2-(2-
methoxyethoxy)ethoxy]-
N-[2-[2-(2-
methoxyethoxy)ethoxy]e
thyl]ethanamine 27 -0.36 69 0.10 22 2 1.00 0.56 2.66 
N,N-Bis(2-
hydroxyethyl)dodecana
mide 30 -0.13 59 0.08 0 3 1.00 0.62 2.33 
Myristamidopropyl 
betaine 11 0.01 159 0.14 193 0 1.00 0.58 2.51 
Ethanol, 2-[(2,2-
diethoxyethyl)amino]- 38 -1.62 228 0.15 0 1 0.87 0.68 2.58 
3-(4-
Methylbenzyliden)camp
hor 31 -0.92 615 0.16 0 51 0.73 1.00 2.84 
4-phenyl-1H-
benzimidazole-2-
sulfonic acid 10 -0.79 260 0.06 0 10 1.00 1.00 2.53 

Hydroxysimazine 2 -1.58 0 0.00 0 1 0.82 0.73 1.33 
N-(n-
Propyl)diethylamine 18 -3.04 121 0.15 5133 3 1.00 0.74 2.72 
2-(diethylamino)-6-
methyl-1H-pyrimidin-4-
one 28 -1.48 144 0.16 0 5 1.00 0.66 2.14 
3-anilino-5-methyl-2-
methylsulfanyl-5-
phenylimidazol-4-one 8 -1.40 98 0.07 0 2 1.00 0.60 2.01 

Propachlor OA 0 -1.82 136 0.00 0 1 1.00 0.60 1.99 
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PARAQUAT 9 -1.67 130 0.00 0 1027 1.00 1.00 2.04 

carbofuran 0 -0.89 58 0.00 0 478 1.00 1.00 2.00 

HEXAZINONE 2 -0.77 96 0.04 0 50 1.00 1.00 2.15 

BENZIMIDAZOLE 7 -2.64 91 0.06 171764 1675 1.00 1.00 2.63 

Pyroquilon 62 -1.25 316 0.17 0 6 1.00 0.59 2.47 
3-Cyclohexyl-N,N-
diethylpropanamide 15 -1.21 230 0.23 0 1 1.00 0.63 2.69 

ISOPROPALIN 17 -1.11 109 0.11 0 5 1.00 0.60 2.19 

DIKETOMETRIBUZIN 5 -1.33 58 0.05 0 7 1.00 0.62 2.38 
3,4-
DICHLOROANILINE 25 -1.40 171 0.04 3274 114 1.00 1.00 3.11 

Carebastine 18 -0.08 450 0.07 1120 1 1.00 0.62 2.85 
(R)-1-(o-
(Allyloxy)phenoxy)-3-
(isopropylamino)propan
-2-ol 14 -0.85 14 0.00 0 74 1.00 1.00 2.05 

METYROSINE 128 -1.88 649 0.18 0 272 1.00 0.73 2.88 

meperidine 0 -0.69 24 0.00 0 750 1.00 1.00 1.93 

antipyrine 0 -1.58 101 0.05 0 947 1.00 1.00 2.71 

DEXMEDETOMIDINE 70 -1.86 51 0.10 0 1477 1.00 0.63 2.36 

Trimeperidine 79 -0.33 350 0.05 0 23 0.74 1.00 2.44 

dyclonine 23 -0.04 70 0.15 0 15 1.00 0.60 2.17 

Idrapril 0 -0.73 74 0.09 0 1 1.00 0.56 2.44 

temazepam 14 -0.18 17 0.00 0 294 1.00 1.00 2.65 

Sematilide 63 -0.34 420 0.11 0 8 1.00 0.64 2.44 

Pregabalin 28 -2.52 199 0.08 0 1069 1.00 1.00 2.57 

ethosuximide 56 -1.78 371 0.09 0 375 1.00 0.70 2.27 

VALPROIC ACID 0 -1.88 0 0.04 0 6995 1.00 1.00 1.55 

gabapentin 5 -1.64 37 0.03 0 3135 1.00 1.00 2.31 

Olmesartan 17 -0.25 123 0.12 0 29 1.00 1.00 2.72 
Quinoline-3-
carboxamide 34 -1.49 301 0.22 0 16 1.00 0.67 2.87 

primidone 7 -0.65 22 0.03 0 314 1.00 1.00 2.62 

tocainide 50 -1.70 169 0.20 0 57 1.00 0.67 2.67 

cyclopentolate 9 -0.67 245 0.03 0 242 1.00 0.63 2.35 

carmofur 65 -1.32 254 0.00 0 47 1.00 0.54 1.99 

tranexamic acid 41 -2.17 490 0.22 0 900 1.00 1.00 2.92 

PIRFENIDONE 16 -1.60 180 0.12 0 198 1.00 0.68 2.27 

procarbazine 17 -1.08 398 0.17 0 59 1.00 0.63 2.63 

phenobarbital 8 -0.64 215 0.03 0 1015 1.00 1.00 2.60 

Butyl 4- 14 -1.06 157 0.10 0 141 1.00 1.00 2.64 
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hydroxybenzoate 

4-Hexylresorcinol 9 -0.77 167 0.10 0 42 1.00 0.70 2.42 

propylthiouracil 7 -1.56 81 0.20 0 1218 1.00 0.60 2.68 

edoxudine 38 -0.19 60 0.04 0 33 1.00 0.74 1.98 

1H-1,4-Benzodiazepine 15 -1.61 154 0.19 0 4054 1.00 1.00 2.97 

Etilefrine 55 -2.16 275 0.27 0 52 1.00 0.71 2.89 
DIHYDROALPRENOL
OL 0 -0.56 106 0.06 0 3 1.00 0.73 2.17 
5-methyl-4-
oxidopyrazin-4-ium-2-
carboxylic acid 30 -0.18 236 0.08 4963 122 1.00 0.70 2.65 

METHAMPHETAMINE 0 -1.55 231 0.19 0 4212 1.00 1.00 3.17 

pilocarpine 0 -1.16 67 0.04 0 2169 1.00 0.60 1.84 

MDMA 12 -1.82 114 0.08 0 2165 1.00 1.00 2.59 

MDMA 19 -2.18 81 0.03 0 2165 1.00 1.00 2.38 

MDMA 24 -1.66 10 0.07 0 2165 1.00 1.00 2.26 

Methyl ecgonine 56 -2.39 955 0.20 0 105 0.63 1.00 2.97 

11-Nor-9-carboxy-thc 9 0.06 5 0.00 0 18 0.87 0.87 1.94 
N-[4-[(2R)-2-
aminopropyl]phenyl]hy
droxylamine 23 -1.67 162 0.17 0 1 0.82 0.68 2.34 

4-aminopyridine 13 -0.55 257 0.20 5541 1880 1.00 1.00 3.14 

(R)-Methocarbamol 4 -0.57 63 0.05 0 35 1.00 0.61 2.09 

ALVERINE 44 0.25 110 0.14 0 26 1.00 0.51 1.96 

succinylcholine 3 -0.32 5 0.00 0 1367 1.00 0.52 1.26 

ropinirole 17 0.51 144 0.03 0 506 1.00 0.57 2.48 

ropinirole 49 -0.45 325 0.05 0 506 1.00 0.57 2.53 

Bufuralol 9 -0.50 114 0.03 0 138 1.00 0.59 2.20 

piracetam 38 -1.71 565 0.20 0 1288 1.00 1.00 2.86 

ibuprofen 0 -1.41 135 0.13 0 4842 1.00 1.00 3.46 

Loxoprofen 0 -0.31 373 0.16 0 86 1.00 0.63 2.43 

oxaprozin 30 -0.26 346 0.13 0 55 1.00 0.57 2.42 

codeine 0 -0.16 6 0.00 0 1512 1.00 1.00 2.53 

Glycinexylidide 0 -1.05 247 0.22 0 15 0.82 0.70 2.52 
4-(4-
chlorophenyl)pyrrolidin
-2-one 21 -1.43 235 0.13 0 1 0.82 0.73 2.86 
5-amino-2-(3,4-
dimethoxyphenyl)-2-
propan-2-
ylpentanenitrile 46 -0.04 800 0.20 0 1 0.67 0.68 2.33 

Butethal 0 -0.51 113 0.04 0 10 1.00 0.73 1.82 
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Lisdexamfetamine 0 -1.55 57 0.03 0 35 1.00 0.57 2.63 

pramiracetam 39 0.40 192 0.26 0 6 1.00 0.53 3.05 
2-(2-
Hydroxyethyl)pyridine 6 -1.51 222 0.13 0 26 1.00 0.76 2.22 

1H-1,4-Benzodiazepine 12 -1.19 104 0.11 0 4054 1.00 1.00 2.54 
2-azaspiro[4.5]decan-3-
one 45 -0.89 174 0.19 0 5 1.00 0.60 2.54 

4"-Isobutylacetophenone 4 -0.43 40 0.00 0 4 1.00 1.00 2.11 
2-(tert-butylamino)-1-(5-
chlorocyclohexa-1,4-
dien-1-yl)propan-1-one 42 -0.99 150 0.02 0 7 0.82 0.82 2.47 
5-Desamino 5-Oxo-2,5-
dihydro Lamotrigine 52 -0.91 267 0.14 19 0 1.00 0.64 2.49 
5-(4-hydroxyphenyl)-5-
phenylimidazolidine-
2,4-dione 50 -0.70 262 0.05 0 21 1.00 0.67 2.34 
2-butyl-5-chloro-3-[[4-[2-
(2H-tetrazol-5-
yl)phenyl]phenyl]methy
l]imidazole-4-carboxylic 
acid 13 -0.04 121 0.03 246 5 1.00 0.60 2.80 
3-
PYRIDINEMETHANOL 8 -0.88 159 0.12 0 17 0.87 0.74 2.36 

tolazoline 19 -1.63 199 0.14 0 70 0.87 0.67 2.52 

galanthamine 0 -0.02 0 0.07 0 1112 1.00 1.00 1.56 
3-
Hydroxyacetaminophen 28 -1.30 195 0.08 0 3 1.00 1.00 2.33 
2-AMINO-4,6-
DIMETHYLPYRIMIDIN
E 48 -1.97 700 0.20 0 22 1.00 1.00 3.03 

Pheneturide 0 -1.08 226 0.06 0 1 1.00 0.73 2.03 

3-Hydroxymorphinan 53 -0.68 440 0.29 0 22 0.71 0.71 2.89 

BENZNIDAZOLE 3 -1.23 20 0.03 0 270 1.00 0.60 1.55 
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