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Abstract

The current wastewater treatment paradigm has remained relatively constant during the 20" and at the
beginning of the 21% century, despite the fact that external factors acting upon it, such as population size
and urbanization, climate, and treatment quality and quantity requirements have undergone massive
changes. A shift towards more locally managed intentional water reuse projects could reduce future
stress on local water sources and provide higher microbial and chemical water quality than current de
facto reuse practices. Potable reuse systems, direct and indirect (IPR/DPR), employ tailored treatment
trains which are focused on greater removal of chemicals and pathogens present in wastewater treatment
plant (WWTP) effluents. Both DPR and IPR often include membrane filtration within their treatment
train, which can have high associated energy and waste disposal costs. Hence, recent research in IPR
treatment trains has focused more on naturally based unit processes. The SMARTplus biofilter, an
engineered unit process based on natural managed aquifer recharge (MAR), was established and
investigated at pilot-scale in a concurrent doctoral dissertation. By providing controlled redox zonation
and hydraulic conditions within a smaller footprint and at shorter hydraulic retention times (HRT) than
conventional MAR systems, the SMARTplus biofilter demonstrated similar to enhanced trace organic
chemical (TOrC) and pathogen removal as MAR systems. This thesis was primarily focused on a)
investigating how a SMARTDplus based IPR treatment train could mitigate risk from TOrCs and

pathogens, and b) whether the use of alternative biofilter media could improve long-term TOrC removal.

Chemical and microbial risks were quantitatively evaluated. An initial literature review on quantitative
microbial risk assessments (QMRA) for potable and non-potable reuse scenarios revealed that
probability distribution functions (PDFs) are often used to describe pathogen concentrations in source
water (stochastic), while log reduction values (LRVS) in unit treatments are rather described using point
values (deterministic). However, when enough point value LRVs are known, a triangular distribution
can be constructed to better describe the variability and uncertainty associated with the measurements
and retain a stochastic description of removal. Additionally, using PDFs to describe removal facilitates
a more comprehensive and nuanced assessment of final risk through the evaluation of various percentiles
of final risk against health burden thresholds. Utilizing this knowledge, a screening level QMRA of the
SMARTDplus based treatment train was conducted for three reference pathogens: norovirus,
Cryptosporidium, and Campylobacter. Ambient removal in all unit treatment steps was described by
LRVs obtained from literature, with the exception of norovirus removal in the SMARTplus biofilter,
which was described using experimental MS2 phage removal data. A Bayesian network (BN) was
constructed to assess the probability of treatment train compliance with disease burden (10 disability
adjusted life years (DALYSs)) and annual risk of infection (10 infections per person per year) thresholds.
The QMRA revealed that the treatment train successfully met both thresholds at the 95% percentile for
all pathogens. A similar probabilistic BN was used to conduct a quantitative chemical risk assessment
(QCRA) for TOrCs present in the Garching WWTP effluent in concentrations exceeding their health-

based monitoring trigger levels (MTL). Concentrations of benzotriazole, gabapentin, diclofenac,
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valsartan acid, and carbamazepine in the effluent of a sequential biofiltration (SBF), and their removals
in subsequent GAC filtration and UV disinfection were modeled with PDFs. The TOrC concentrations
in the UV disinfection effluent were evaluated as the point of compliance (POC). The BN revealed that
most TOrCs were below their MTL at the POC, with the exception of valsartan acid, whose POC

concentration had a 5-58% probability of exceeding the MTL.

To determine whether the initial and long-term removal of these TOrCs in the SMARTplus biofilter
could be improved by using adsorptive media instead of technical sand, parallel laboratory-scale column
filters filled with technical sand and GAC were continuously operated with tertiary treated effluent over
the course of 2 years. After a certain time and throughput, GAC filters amass a biofilm and become
biologically activated carbon (BAC) filters. To determine the contributing of adsorption and
biodegradation in a BAC filter, a rapid small-scale column test (RSSCT) was performed to quantify
adsorption and compared to the removal observed in the BAC filter in an attempt to quantify adsorption
and biodegradation removal contributions. The RSSCT TOrC breakthrough was observed through
40,000 bed volumes treated (BVTSs). Adsorption overestimation due to the difference in particle size
between the BAC filter and the RSSCT was corrected using a fouling index and breakthrough was
modeled using a pore surface diffusion model (PSDM). This model fit the breakthrough of poorly to
moderately adsorbable compounds (i.e. tramadol) better than for well adsorbable compounds (i.e.
trimethoprim). However, the poor agreement between PSDM-modeled breakthrough and experimental
BAC breakthrough of carbamazepine, venlafaxine and tramadol revealed that the modeling
underpredicted the adsorption capacity of compounds. The initial high loading rate and short EBCT, as
well as the fouling indices calculated for each compound, were identified as likely causes of the misfit.
In the end, comparing RSSCT and BAC breakthroughs did not allow estimation of the biological
removal contribution to cumulative BAC removal and its comparison with initial biodegradation in sand
filters. TOrC removal over the long-term was studied in continuously-fed lab-scale filter experiments.
Variable quality of feed water from the WWTP did not allow steady-state removal in the filters.
However, high-resolution sampling after > 85,000 BVT and batch biodegradation tests using the media
from long-term filters demonstrated similar removal of biodegradable and non-adsorptive compounds
such as gabapentin, iopromide and antipyrine in sand and BAC after the adsorptive capacity of BAC
had been exhausted. As no evidence of improved removal in BAC was observed, this demonstrates that

technical sand is a suitable media for SMARTplus and other biofiltration based unit treatment processes.



Zusammenfassung

Das derzeitige Paradigma der Abwasserbehandlung ist wahrend des 20. und zu Beginn des 21.
Jahrhunderts relativ  konstant geblieben, trotz der Tatsache, dass Einflussfaktoren, wie
BevolkerungsgroRe und Urbanisierung, klimatische Bedingungen sowie die Anforderungen an Qualitét
und Quantitat der Abwasserbehandlung massive Veranderungen erfahren haben. Eine Verlagerung hin
zu stérker dezentralen Behandlungsansatzen unter Einbeziehung von Konzepten zur geplanten
Wasserwiederverwendung konnte in Zukunft die Belastung lokaler Wasserressourcen verringern und
zugleich eine héhere mikrobielle und chemische Wasserqualitét sicherstellen, als dies durch die derzeit
weit verbreitete de facto Wiederverwendungspraxis der Fall ist. Bei der direkten und indirekten
Wasserwiederverwendung (engl.: Direct Potable Reuse (DPR) und Indirect Potable Reuse (IPR)
kommen Behandlungskombinationen zum Einsatz, die eine verbesserte Entfernung von Chemikalien
und Krankheitserregern aus den Abwassern kommunaler Kléaranlagen (engl.: Wastewater Treatment
Plants (WWTP)) erreichen. Sowohl DPR- als auch IPR-Konzepte setzen héufig auf
Membranfiltrationsschritte, was mit hohen Kosten fiir Energie und Entsorgung verbunden sein kann.
Neuere Forschungsansétze im Bereich der IPR konzentrieren sich daher verstarkt auf weitergehende
natlrliche Aufbereitungsprozesse. Der SMARTplus-Biofilter ist ein Prozess, der auf der kiinstlichen
Grundwasseranreicherung (engl.: Managed Aquifer Recharge (MAR)) basiert. Das SMARTplus-
Biofilter wurde im Pilotmal3stab in einer begleitenden Doktorarbeit entwickelt und untersucht. Durch
die Realisierung kontrollierter Redoxbedingungen und optimierter hydraulischer Bedingungen bei
zugleich kleinerem Flachenbedarf und kirzeren hydraulischen Verweilzeiten, als bei herkbmmlichen
MAR-Systemen zeigte der SMARTplus-Biofilter eine vergleichbare Entfernung von organischen
Spurenstoffen und Krankheitserregern. Diese Arbeit konzentrierte sich in erster Linie darauf, a) zu
untersuchen, wie ein auf dem SMARTplus-Prozess basierendes IPR-Konzept das Risiko durch
Spurenstoffe und Krankheitserreger mindern konnte, und b) ob die Verwendung alternativer

Biofiltermedien die langfristige Spurenstoffentfernung verbessern konnte.

Chemische und mikrobielle Risiken wurden quantitativ bewertet. Eine Literaturrecherche zu
guantitativer mikrobieller Risikobewertung (engl.: Quantitative Microbial Risk Assessment (QMRA))
fiir Wasserwiederverwendungsszenarien ergab, dass Wahrscheinlichkeitsverteilungsfunktionen (engl.:
Probability Distribution Functions (PDFs)) héaufig zur Beschreibung von Erregerkonzentrationen im
Ausgangswasser verwendet werden (stochastisch), wahrend logarithmische Reduktionswerte (engl.:
Log Reduction values (LRVS)) fiir spezifische Prozesschritte eher durch Punktwerte beschrieben werden
(deterministisch). Wenn die Reduktion jedoch ausreichend gut durch LRVs charakterisiert ist, kann eine
Dreiecksverteilung konstruiert werden, um die Variabilitdt und Unsicherheit der Messungen besser zu
beschreiben und eine stochastische Beschreibung der Entfernung beizubehalten. Darlber hinaus
erleichtert die Verwendung von PDFs zur Beschreibung der Entfernung durch Darstellung
verschiedener Perzentile eine umfassendere und nuanciertere Bewertung des Endrisikos. Auf Grundlage

dieses Wissens wurde eine screening-level QMRA flir den SMARTplus-basierten Behandlungszug fur
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drei Referenzpathogene durchgefiihrt: Noroviren, Cryptosporidium und Campylobacter. Die
Entfernung in allen Behandlungsschritten der Einheit wurde durch LRV aus der Literatur beschrieben,
mit Ausnahme der Norovirus-Entfernung im SMARTplus-Biofilter, die anhand experimenteller Daten
zur MS2-Phagenentfernung beschrieben wurde. Ein Bayes'sches Netzwerk (BN) wurde entwickelt, um
die Wahrscheinlichkeit der Einhaltung gesundheitlicher Schwellenwerte fir den Behandlungszug in
Bezug auf die Krankheitslast (10° disability adjusted life years (DALYSs)) und das jahrliche
Infektionsrisiko (10 Infektionen pro Person und Jahr) zu bewerten. Das Ergebnis der QMRA ergab,
dass der Behandlungszug beide Schwellenwerte im 95%-Perzentil fur alle Pathogene erfolgreich
erreichte. Ein ahnliches probabilistisches BN wurde verwendet, um eine quantitative chemische
Risikobewertung (engl.: Quantitative Chemical Risk Assessment (QCRA)) fur organische Spurenstoffe
durchzufuhren, die im Abwasser der Kléranlage Garching in Konzentrationen vorhanden sind, die uber
den jeweiligen gesundheitsbasierten Monitoring Trigger Levels (MTL) liegen. Die Konzentrationen von
Benzotriazol, Gabapentin, Diclofenac, Valsartansaure und Carbamazepin im Ablauf einer sequentiellen
Biofiltrationsanlage (SBF) und ihre Entfernung wéhrend einer anschlielenden Filtration Uber
granulierte Aktivkohle (GAK) und einer UV-Desinfektion wurden mit PDFs modelliert. Die
Spurenstoffkonzentrationen im Ablauf der UV-Desinfektion wurden als Point of Compliance (POC)
definiert. Die Ergebnisse der BN-Simulationen ergaben, dass die Konzentrationen der meisten
Spurenstoffe am POC unterhalb ihrer jeweiligen MTL lagen. Nur fiir den Stoff Valsartansaure wurde
festgestellt, dass die POC-Konzentration mit einer Wahrscheinlichkeit von 5-58% die MTL (berschritt.

Um zu ermitteln, ob die anfangliche und langfristige Entfernung dieser Spurenstoffe im SMARTplus-
Biofilter durch den Einsatz von Adsorptionsmedien anstelle von technischem Sand verbessert werden
kann, wurden parallel dazu im Labormalistab mit technischem Sand und GAK gefiillte Filtersaulen tiber
einen Zeitraum von 2 Jahren kontinuierlich mit gereinigtem Abwasser betrieben. Nach einer bestimmten
Zeit und einem bestimmten Durchsatz bildet sich in GAK-Filtern ein Biofilm, wodurch diese zu
biologisch aktiven Aktivkohlefiltern (BAK) werden. Um den Beitrag von Adsorption und biologischem
Abbau in einem BAK-Filter zu bestimmen, wurden Kleinsaulentests nach dem RSSCT- Konzept (engl.:
Rapid Small Scale Column Tests) durchgefihrt, um die Adsorptionskapazitat bis zum Durchbruch zu
quantifizieren, und mit der im BAK-Filter beobachteten Entfernung zu vergleichen. Der Durchbruch
von Spurenstoffen in den RSSCT-Kleinsdulen wurde nach der Behandlung von etwa 40.000
Bettvolumina (BV) beobachtet. Die Uberschitzung der Adsorptionskapazitat aufgrund des Unterschieds
in der PartikelgroRe zwischen dem BAK-Filter und dem RSSCT wurde mit Hilfe eines Fouling-Indexes
korrigiert und der Durchbruch wurde nach dem Porenoberfldchendiffusionsmodell (engl.: Pore Surface
Diffusion Model (PSDM)) modelliert. Dieses Modell passte fiir den Durchbruch von schlecht bis maRig
adsorbierbaren Verbindungen (z. B. Antipyrin) besser als fur gut adsorbierbare Verbindungen (z. B.
Trimethoprim). Die schlechte Ubereinstimmung zwischen dem Durchbruch der Stoffe Carbamazepin,
Venlafaxin und Tramadol nach dem PSDM-Modell und dem experimentellen Durchbruch bei der BAK

zeigte jedoch, dass die Modellierung die Adsorptionskapazitat der Aktivkohle fiir die Verbindungen
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nicht ausreichend genau abbilden konnte. Die anfangs hohe Beladungsrate und die kurze Kontaktzeit
sowie die fiir jede Verbindung berechneten Fouling-Indizes wurden als wahrscheinliche Ursachen fiir
die ungenugende Anpassung angesehen. Der Vergleich der Durchbriiche in RSSCT- und BAK-Filtern
erlaubte letztlich keine Abschédtzung des Beitrags der biologischen Entfernung zur kumulativen
Entfernung im BAK-Filter. Die langfristige Spurenstoffentfernung in Sand- und BAK-Filtern wurde in
kontinuierlich betriebenen Filtersdulen im LabormaBstab untersucht. Die stark fluktuierende
Beschaffenheit des Ablaufs der Klaranlage Garching erlaubte nicht die Einstellung einer stationaren
Entfernung in den Filtern. Hochauflésende Probenahmen nach > 85.000 BV und Batch-Versuche zum
biologischen Abbaumit den Medien aus den Langzeitfiltern zeigten jedoch eine dhnliche Entfernung
von biologisch abbaubaren und nicht-adsorbierenden Verbindungen wie Gabapentin, lopromid und
Antipyrin in Sand und BAK, nachdem die Adsorptionskapazitat der BAK erschopft war. Da kein Beweis
fur eine verbesserte Entfernung mit der BAK beobachtet wurde, zeigt dies, dass technischer Sand ein
geeignetes Medium fir SMARTplus-Systeme und andere auf Biofiltration basierende

Aufbereitungsprozesse ist.
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1. General introduction

The development of water supply and sanitation throughout history can be traced through public health
impacts. Improper sanitation and increased pollution stemming from urban population growth during
the Industrial Revolution caused outbreaks of waterborne diseases including cholera and typhoid
(Smeets et al., 2006; Sinclair et al., 2015). The appearance of public water supply coupled with modern
sewerage systems in the 19" century decreased the incidence of illness by transporting waste out of city
centers to sewage farms or discharging it to surface waters (National Research Council, 2012). To
further decrease waterborne illness spread to downstream settlements, cities built centralized wastewater
treatment plants (WWTPs). These advancements led to an increase in life expectancy.

As the global population continued to increase throughout the 20" century, conventional WWTPs built
in many cities removed pathogens, suspended solids and organic matter, and nutrients from sewage.
Increasing pollution, greenhouse gas emissions, and the ever-expanding population consuming natural
resources have induced climate change, which has had a cascade of negative effects on the availibility
of water resources. The increased production of goods in various industries in the 20" century led to the
greater usage of water in the manufacturing and many other industries.

Increased consumption of pharmaceuticals, personal care products, and a variety of other chemicals in
the 20" and 21% centuries, coupled with advancements in analytical detection methods, revealed that
removal of trace organic chemicals (TOrCs) in concentional WWTPs was insufficient. Incomplete
removal results in the discharge of TOrCs in WWTP effluent to receiving surface water bodies, which
affects not only the aquatic environment but also downstream drinking water treatement plants (DWTP),
which abstract their raw water from the same water bodies, known as de facto reuse. Although pathogens
are removed to a large extent in WWTPs, they can still also be found in groundwater and surface water
in high-income and low-income countries alike. The current wastewater treatment paradigm has
remained relatively constant, while the external factors acting upon it — population size and distribution,
climate, treatment quality and quantity requirements, among others — have undergone massive changes
in the 20" and 21 centuries.

In the 1980s, studies on quantitative microbial risk assessment (QMRA) began to quantify the risk from
de facto reuse systems which sourced raw water for drinking water treatment from groundwater or
surface water (Haas, 1983). Since then, significant advancement has been made in both pathogen
detection and risk analysis methods for microbial pathogens, though outbreaks of waterborne disease
due to improper water treatment or contamination still occur in high-income countries (MacKenzie et
al., 1994). Risk assessment of threshold chemicals has identified safe concentration levels below which
negligible human and environmental risk is expected, with specific chemicals regulated both in WWTP
discharge and drinking water (World Health Organization, 2004).

However, conventional wastewater treatment or situations where de facto reuse occurs were not
designed for sufficient removal of pathogens and TOrCs (Yang et al., 2017), which detrimentally affect
aquatic life even at the ng/L-pg/L range (Reungoat et al., 2011; Jekel et al., 2013; Luo et al., 2014; aus
der Beek et al., 2016). Therefore, many advanced water treatment (AWT) processes which focus on the
removal of these and other contaminants have proposed to further mitigate these contaminants (Fischer
et al., 2019). These employ a varity of removal mechanisms, such as size exclusion in membrane
filtration (Snyder et al., 2007), oxidation during ozonation (Reungoat et al., 2011), biodegradation in
biofilters (B. Ma et al., 2018), adsorption to sorptive media (Benstoem et al., 2017) or advanced
oxidation processes (AOP) such as peroxide/UV irradiation (Miklos et al., 2018).

Intentional water reuse scenarios, such as direct and indirect potable reuse (DPR/IPR) have been
introduced to combat the shortage of natural water sources in coastal as well as inland regions (World
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Health Organization, 2017a). By selecting AWT unit processes capable of removing chemical and
microbial contaminants present in the WWTP effluent, a final water quality can be tailored to the
intended application, whether potable reuse for drinking water, or non-potable reuse for agricultural,
urban or industrial uses. DPR involves the direct supply of advanced treated water to the DWTP or to
drinking water distribution, and such systems have been around for more than 50 years, with one of the
first DPR schemes in operation since 1968 in Namibia (Ander and Forss, 2011; World Health
Organization, 2017a). IPR involves additional subsurface treatment via injection or introduction into an
environmental buffer, such as surface or groundwater.

In an effort to move away from energy and resource intensive high-pressure membrane-based treatment
systems, which also generated difficult to dispose of brine waste, further optimization of non-membrane
based IPR systems have been the focus of recent research. Natural treatment systems such as managed
aquifer recharge (MAR) have been shown to attenuate chemicals and pathogens via biodegradation,
adsorption, and die-off processes occuring during subsurface transport (Drewes et al., 2015). The
benefits of MAR treatment have been harnessed into sequential managed aquifer recharge technology
(SMART) (Regnery et al., 2016; Hellauer et al., 2018a). Through enhanced control of redox and carbon
conditions during subsurface treatment, and shorter hydraulic retention time resulting in a smaller
physical footprint, enhanced removal of pathogens and chemicals can be achieved in engineered MAR
treatment systems, such as sequential biofiltration (Muller et al., 2017). The SMARTplus biofilter
demonstrated this concept at pilot scale, investigating chemical and pathogenic contaminant removal in
a technical sand biofilter operated with in situ aeration (Karakurt-Fischer et al., 2020a, 2020b, 2021).

A shift to more locally managed intentional water reuse projects can provide safer water quality from a
microbial and chemical point of view than current de facto reuse (Chaudhry et al., 2017). Likewise, the
reduction in energy costs and tailoring to local conditions and final desired effluent water quality
increases the appeal of potable reuse systems.

This thesis will therefore investigate how a SMARTplus based IPR system can mitigate risk from TOrCs
and pathogens through two targeted objectives.

The first objective addresses microbial and chemical risk. By determining which assumptions are most
scientifically sound for conducting quantitative chemical and microbial risk assessments
(QMRAJ/QCRA) through screening peer-reviewed literature and interational guidelines, a probabilistic
model to predict removals of chemicals and pathogens for each unit process of the SMARTplus
treatment trains can be constructed. The final results of these models, one each for chemicals and
pathogens, will determine whether or not risk from the investigated treatment train complies with the
respective guideline or threshold values.

The second objective addresses the possible short- and long-term benefits of utilizing activated carbon
instead of technical sand in the SMART plus bioreactor as the substratum supporting biofilm growth. To
accomplish this, two biofilter systems, one employing technical sand used in the SMARTplus biofilter,
and one using biological activated carbon (BAC), were operated in parallel. Both biofilter systems were
fed with secondary effluent from the Garching WWTP to observe initial and long-term differences in
TOrC removal. An extensive literature study of TOrC removal via biodegradation in various natural
treatment systems determined compounds of interest showing high deviations in removal percentages
for biofiltration systems. Long-term removal differences observed between the carbon and sand filters
over 2+ years of operation were further quantified by performing batch biodegradation experiments to
obtain decay rates for a kinetic removal comparison.



2. State-of-the-art
2.1 Risk assessment of water treatment

Risk assessment for environmental systems encompasses the following steps: hazards in an environment
must first be identified, after which information on exposure and dose-response should be collected, and
evaluated altogether to characterize, manage and mitigate risk. A handbook for conducting QMRAS was
first released in 2000 and updated in 2014 to include new hazards and dose-response models (Haas et
al., 2014). The handbook provides detailed information on how to conduct a QMRA and a
comprehensive overview of mathematical and analytical methods which can be employed for
assessment. Although there is no similar handbook for assessing chemical risk, numerous guideline
values and approaches exist, which will be discussed in the subsequent sections.

2.1.1 Regulatory framework for quantitative risk assessment in water reuse

Human health risks from waterborne chemical or pathogen contaminations can vary depending on the
intake route. The World Health Organization (WHO) has adopted the concept of disability adjusted life
years (DALYS) to quantify risk, with the acceptable level of 1 DALY per 1 million people per year (10
6 DALYs pppy) (World Health Organization, 2004). While the DALYs concept can be applied to
chemicals, it is more often used for quantifying microbial risk due to knowledge gaps in chemical risk
(World Health Organization, 2017b). The WHO released a QMRA handbook of their own in 2016,
which identifies reference pathogens, dose-response models, and provides numerous case studies of
QMRA in water safety management (World Health Organization, 2016). This was followed by a potable
reuse guideline and updates to the Guidelines for Drinking-water Quality (World Health Organization,
2017b, 2017a). Subsequent risk-based approaches for drinking water surveillance were also released
recently (World Health Organization, 2019). However, the guidelines put forth by the WHO are
suggestions: regulations must be set at the local, state/regional, national or international (EU) level.

Numerous countries have either adapted WHO guidelines or identified their own regulatory values for
assessing risk of reclaimed water. Australia was one of the first countries to regulate reuse with their
Guidelines for Water Recycling in 2006 (NRMMC-EPHC-AHMC, 2006), and their most recent update
of the Drinking Water Guidelines (NHMRC-NRMMC, 2019). In the United States, where numerous
federal guidelines specify contaminant concentrations limits in drinking water, surface water, and
groundwater, no unified federal approach to water reuse exists (National Research Council, 2012),
although progress towards such regulations is being made (US EPA, 2017). The Surface Water
Treatment Rule proposed a maximum acceptable risk of less than 1 infection in 10,000 people per year
(10*pppy) (US EPA, 2006), which has been adapted by frontrunners such as California, Texas, Arizona,
Colorado, and Nevada in drafting state-specific reuse regulations (US EPA, 2019). Additionally,
numerous ISO standards apply to water treatment, reuse, and risk assessment, including but not limited
to 1SO 20426, 20468, 20469, and 16075. A more comprehensive comparison of recommended reduction
values and acceptable risk thresholds in the guidelines can be found in chapter 4.

2.1.2  European Union risk regulations

The recent EU regulation on minimum quality requirements for agricultural reuse was ratified on May
25, 2020 (EU Parliament, 2020). These regulations require that a water reuse risk management plan
(WRRMP) for chemical and microbial contaminants is drafted for each location engaging in reclamation
of wastewater, as well as additional requirements after the point of compliance (POC) to ensure the
reuse system is safe. Although this plan is specific for reuse in irrigation, it provides a framework for
expanding to other reuse applications in the future, and sets precedent for future amendments. Currently
the regulations set validation monitoring log reduction values for the indicators E. coli (=5 LRV),
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coliphages (=6 LRYV), and Clostridium perfrigens or spore-forming sulfate reducing bacteria (4->5
LRV), and provide target log reductions for reference pathogens rotavirus (>6 LRV), and
Campylobacter and Cryptosporidium (=5 LRV) as well, when starting from raw wastewater. Validation
is only required for new reuse operations. Routine monitoring is required for E. coli, Legionalla spp.
and helminth eggs, which do not encompass the full sensitivity of viruses, bacteria and protozoa to
disinfection removal, or in the case of Legionalla spp., do not focus on the most pathogenic strain,
possibly resulting in an underestimation of risk (Dingemans et al., 2020). No regulation levels are set
for chemicals: however, these can can be defined by Member States or site-specific thresholds can be
set during the creation of the WRRMP.

2.1.3 Water (Reuse) Safety Plans and Hazard Analysis and Critical Control Point
assessments

In 2009, the WHO officially adopted the concept of Water Safety Plans (WSP) which was already being
utilized in many countries (Bartam et al., 2009; Tsitsifli and Tsoukalas, 2019). WSPs are designed to
ensure the safety of final product water by assessing the boundaries of water production, from the
watershed level down to the level of supply, in an effort to improve water quality, production, and reduce
the likelihood of hazardous incidents (World Health Organization, 2004). This is accomplished through
a series of 6 steps: team assembly, system analysis, operational monitoring, management and
communication, review/approval/audit, and identification of future needs (Bartam et al., 2009; Tsitsifli
and Tsoukalas, 2019).

Hazard Analysis and Critical Control Point (HACCP) assessments have been applied as a method for
risk assessment in water utilities since the early 1990’s (Havelaar, 1994). HACCP identifies hazards
possibly contributing to unsafe final water quality which can be classified as biological, chemical,
physical, and/or radiological (Tsitsifli and Tsoukalas, 2019), and corrective actions which can reduce
the hazard by determining which locations in the treatment train are critical control points (CCPs) for
monitoring to ensure appropriate final water quality. Additional benefits include a better understanding
of the water network, which can be shared by multiple agencies or actors, increased consumer
confidence, identification of appropriate corrective and preventative actions, and compliance with
legislation (Tsitsifli and Tsoukalas, 2019).

Combining the HACCP with the WSP ensures that safe drinking water is produced through adequate
risk assessment of unit processes, comprehensive evaluation of shortcomings, and interdisciplinary
communication and collaboration. While Water Reuse Safety Plans were already proposed in the EU
DEMOWARE project (Hochstrat et al., 2013), this framework was further adapted to explicitly include
the feedback and periodic review of the plan in a WRRMP of the BMBF project ‘TrinkWave’ (Figure
2-1).

Another important factor to discuss in risk assessment is the engagement of stakeholders and the public.
Although written into the WSP guidelines, engagement of stakeholders via public discussion or
stakeholder meetings is often overlooked at the peril of many reuse projects, although public acceptance
is critical for further promoting water reuse and reducing de facto reuse (Dingemans et al., 2020).
Communicating scientific results to academic (Medema et al., 2020), legislative (Grevatt et al., 2020)
and general public audiences (Global Water Research Coalition, 2020) must succinctly summarize the
most relevant information using appropriate language. Clear communication of needs from all parties,
including drinking water utilities, farmers/consumers, public health officials and government regulators,
and engineers and consultants will result in proactive monitoring and implementation of best
management practices (Bradford and Harvey, 2017). Whereas risk communication was only a part of
risk characterization and management before the COVID-19 pandemic, it will surely attract more
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attention in future water reuse projects. This specifically includes risk assessment of microbial and
chemical risk, which can be done quantitatively.

FRAMEWORK FOR SAFE WATER REUSE RISK MANAGEMENT

1. Defining health-based targets for microbial and chemical contaminants <— Public health context
and health outcomes

-~
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2. Water Reuse Risk Management Plan (WRRMP)

b. Operational Monitoring
Define monitoring and control
measures
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Figure 2-1: Water Reuse Risk Management Plan, adapted from TrinkWave project final report.

2.2 State of the art of QMRA

QMRA s are one method of assessing risk from pathogens in a water treatment system. Hunt and Johnson
(2017) describe waterborne pathogen presence as an acute risk, with the single-hit theory describing the
case where one organism can cause infection and illness, which is further compounded by the
reproductive capability of pathogens leading to increased concentrations. QMRAS in the water industry
improve the understanding of fate of pathogens within treatment trains and identify when more treatment
is required to meet health burden thresholds. This can be done through quantifying removal of reference
pathogens, such as norovirus, Campylobacter, and/or Cryptosporidium, through unit treatment
processes (NSW Office of Water, 2015; World Health Organization, 2017a). If reference pathogens
cannot be quantified, indicator or surrogate organisms, such as adenovirus, Clostridium perfrigens, E.
coli, or bacteriophages, can increase knowledge of pathogen fate through unit treatment processes
(World Health Organization, 2016, 2017a).

Although drinking water treatment scenarios have been extensively covered in recent QMRA literature
(Elliott et al., 2019; Emelko et al., 2019; Tolouei et al., 2019; Owens et al., 2020; Paruch et al., 2020),
reuse scenarios have not received the same attention. Owens et al. (2020) proposed a checklist for
DWTPs conducting QMRASs to harmonize the information collected and reported so facilities could be
more easily compared and evaluated, which could become standard for all QMRASs and a reporting
requirement for WRRMPs.

Online tools for conducting QMRASs, such as the AquaNES QMRA tool, the Watershare QMRA
Treatment Calculator, QMRAspot, and QMRAcatch are freely available (Schijven et al., 2011, 2015;
AquaNES, 2016a; RIVM, 2016; Watershare, 2016a). Likewise, the Center for Advancing Microbial
Risk Assessment has compiled a huge amount of information relevant for conducting a QMRA
(CAMRA, 2020). A comprehensive discussion on QMRA steps, dose-response models, exposure
assessment and methodology can be found in chapters 4 and 5.
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2.2.1 Probabilistic QMRASs

Inclusion of probability into the assessment can better characterize the uncertainty and variability
associated with individual assumptions and unit treatment processes (Smeets, 2008). Incorporation of
unexpected risks into models predicting waterborne pathogen outbreaks in water reuse projects could
help decision and policy makers make more informed risk- and evidence-based decisions (Bergion et
al., 2020). To date, not many studies or applications have conducted probabilistic QMRAs. This can be
done using a variety of methods including Bayesian networks (BNs). A more comprehensive discussion
of probabilistic QMRASs can be found in chapter 5.

2.2.2 Emerging pathogens and indicators for unit processes and further improvements

As detection sensitivity and methods improve, it will be possible to analyze more pathogens and
indicators within the framework of QMRA, such as Aichi virus or polyomaviruses (Momba et al., 2019).
Non-enveloped viruses, such as adenovirus, Coxsackievirus, and hepatitis A virus, are of particular
concern for potable reuse systems, as their small size and resistance to disinfection requires particular
attention in reuse schemes (Rose et al., 2005; Nappier et al., 2018). Monitoring of norovirus and hepatitis
A virus in wastewater treatment successfully predicted outbreaks in a population before the population
showed symptoms of the virus (Hellmér et al., 2014), and more recent work supports that QMRA on
coronaviruses could help identify possible risks in treatment and pre-empt public health protection
before an outbreak occurs (Pecson et al., 2020). Additionally, although climate change effects on
pathogen behavior are difficult to predict, studies have shown that correlations between numerous
parameters including temperature, precipitation, humidity, and ultraviolet radiation with pathogens exist
(EASAC, 2019). In this sense, probabilistic approaches are most suited to accommodating the multitude
of variability and uncertainty associated with waterborne pathogenic risk.

2.3 State of the art of QCRA

Chemical presence in drinking water is regulated through risk-based approaches for chronic health risks,
which build up over a lifetime of exposure. Chemical transport during treatment differs greatly from
pathogen transport: this is especially notable in the subsurface, where pathogen transport is governed by
colloid transport theory, whereas transport of conservative chemicals is governed mainly by advection
and dispersion (Hunt and Johnson, 2017). Chemical risk assessments in water reuse have been conducted
less extensively than pathogenic risk assessments, due to the lack of knowledge of exposure effects that
lead to acute or chronic illnesses and the lack of data available to apply the DALY tolerable disease
burden to chemicals (World Health Organization, 2017b). Potential long-term risk of chemical mixtures
is also still unknown (Baken et al., 2018).

A comprehensive list of decision support tools for TOrC control strategies has been compiled in Fischer
etal. (2017). Among these are numerous platforms for chemical risk assessments, such as AbatES within
the Watershare network (Watershare, 2016b) and the QCRA tool produced within the AquaNES project
(AguaNES, 2016b). However, as chemical variability and uncertainty is site-specific, risk assessments
should ideally be conducted on experimental data, incorporation of which is limited in these tools. As
per the WRRMP, a chemical monitoring and abatement plant should be specified for each site where
reuse is being considered (EU Parliament, 2020).

2.3.1  Non-threshold vs threshold chemicals

Chemicals are generally classified as either threshold or non-threshold chemicals. If a chemical is
believed to pose risk regardless of concentration or level of exposure, it is considered a non-threshold
chemical. When a safe concentration of the chemical or exposure level below which no adverse effects
are observed can be determined, it is deemed a threshold chemical. If a health relevant concentration



State-of-the-art

exists, such as a predicted no-effect concentration (PNEC), or a no observed adverse effect level
(NOAEL), which are derived from toxicological studies on 3 trophic levels (algae, crustaceans and fish),
these can be found for a range of chemicals in databases such as the NORMAN Ecotoxicology Database
(EU Commission, 2003; Slobodnik, 2020). However, for pharmaceuticals, personal care products, and
other TOrCs and transformation products, PNEC values can range widely, and as they are mostly
determined through ecotoxicological analyses, are not directly relevant for human health. Databases of
no or low observed adverse effect level (NOAEL/NOEL, LOAEL) concentrations exist for many
threshold chemicals, and these levels of acute and/or chronic effects can be used to determine an
acceptable or tolerable daily intake (ADI/TDI) for consumption, which can then be transformed into a
guideline value (NRMMC-EPHC-NHMR, 2008).

If a pharmaceutical has not yet been classified as nonthreshold or threshold, the European Medicines
Agency’s Guideline on the Environmental Risk Assessment of Medicinal Products for Human Use
reveals that an environmental risk assessment must be performed for new pharmaceuticals if the
predicted surface water concentration exceeds 10 ng/L, with exceptions made for highly lipophilic or
potential endocrine-disrupting compounds as they may affect organisms below this concentration
(European Medicines Agency, 2006; Oldenkamp, 2016). While pharmaceuticals are generally not
addressed in the EU Water Framework Directive, the inclusion of three pharmaceuticals (diclofenac,
17a-ethinylestradiol and 17B-estradiol) into the EU list of priority substances has been proposed
(Johnson et al., 2013). However, to date there is not enough sufficient evidence of the negative effects
of TOrCs on human health and this does not warrant the calculation of a reference dose for TOrCs
(World Health Organization, 2017a). Numerous risk assessments have determined that human health
risk from TOrCs is negligible and that ecological risk is higher (Christensen, 1998; Jones et al., 2004;
Schwab et al., 2005; Cunningham et al., 2009; Schriks et al., 2010). However, as many more chemicals
can now be detected using improved analytical capabilities, improving treatment and removal of TOrCs
prior to discharge into the environment and drinking water consumption is important (Reemtsma et al.,
2016), particular in light of unknown toxicity stemming from mixing effects of chemicals (Tousova et
al., 2017).

2.3.2  European guideline values for TOrC discharges

Individual EU member states have initiated their own regulations for pharmaceutical management
(European Commission, 2019). Countries which have begun to regulate TOrC discharges have done so
for environmental health (Sweden), protection of public health (Germany) or a combination of both
reasons (the Netherlands). Sweden conducted an assessment of the degree of TOrC pollution from
WWTPs and pinpointed which chemicals individual WWTPs should focus on (Swedish EPA, 2016;
Golovko et al., 2020). The Netherlands drafted an implementation plan to remove TOrCs amid other
pollutants for both environmental and human health by 2022 (Government of the Netherlands, 2018).
While not part of the EU, Switzerland has a highly comprehensive approach to regulating
micropollutants in discharge wastewater effluent for environmental health, and pinpointed which
WWTPs should receive upgrades (Eggen et al., 2014; Swiss Federal Council, 2017).

While currently little toxicological data is available on the concentrations of threshold chemicals which
lead to harm, this leads agencies such as the German Enviromental Agency to take more conservative
approaches in setting precautionary values, which would be adapted when more information on toxicity
is available (Gesundheitlicher Orientierungswerte, (GOW)) (Umweltbundesamt, 2019), in addition to
more broad national groundwater and drinking water regulations (Grundwasserverordnung, 2010,
Trinkwasserverordnung, 2018). Both of the latter regulations set limits for threshold chemicals (i.e.
fluoride, copper) but do not mention TOrCs.
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Improving the TOrC removal capacities of WWTPs and DWTPs should be done in conjuction with an
overall reduction of pharmaceutical usage, and investments in WWTP upgrading should be done with
potential trade-offs in mind (i.e. generation of byproducts, etc.) (OECD, 2019). Risk assessments for
threshold chemicals could provide information for determining which treatment plants should be
upgraded.

2.3.3 Threshold chemical risk assessment as a function of guideline value

Despite the low risk for human health, evaluating TOrC presence and removal in WWTPs is a priority
for aquatic health, and certain guideline values and assessment methodologies have been proposed.

Chemicals for health relevance and process performance analysis have been compiled by the Science
Advisory Panel of the California State Water Resources Control Board (Drewes et al., 2018). A
monitoring trigger level (MTL) for each chemical was identified using the ADI and reference doses
(RfD) from numerous international studies, the US EPA’s contaminant candidate list and tap water
regional screening lists, and GOW values, which were used only when no other value was found.
Chemicals for which the ratio of measured effluent concentration (MEC) to MTL exceeded 1, which
occurred for NDMA, NMOR, and 1,4-dioxane, were considered relevant for chemical risk assessment
in the California setting in which the study was conducted.

These same chemicals were also recommended for monitoring by prior work in a European setting,
using a similar threshold of toxicological concern (TTC) approach (Munro et al., 2008; Schriks et al.,
2010). The study found that 1,4-dioxane, NDMA, benzene, MTBE, and ETBE encompassed the most
risk, and recommended that PFOS and PFOA should also be monitored since they are persistent in the
environment (Schriks et al., 2010). 1,4-dioxane presence in groundwater and surface water was
confirmed by detection in the source water of DWTPs obtained from MAR applications (Karges et al.,
2019). PFOS and PFOA have also been detected in drinking water by Thomaidi et al. (2020), who
conducted a health risk assessment (HRA) according to EU and US EPA health advisory levels.

2.3.4  Probabilistic QCRAs

As the temporal and spatial separation between wastewater and drinking water can be reduced in potable
reuse schemes, steps must be taken to predetermine and minimize any possible risk to human and
environmental health. Due to notable variability associated with seasonality, demographics, WWTP unit
processes employed, and sewer infrastructure, and in order to more accurately assess the uncertainty
associated with analytical detection of trace concentrations, a probabilistic risk assessment can be
conducted. Most studies focused on consequences of de facto reuse by assessing concentrations and risk
stemming from surface or groundwater abstracted for drinking water production (Loos et al., 2013,
2015; Baken et al., 2018; Karges et al., 2019; Zhou et al., 2019).

However, to date few probabilistic risk assessments have been conducted which focus specifically on
potable reuse systems (Khan, 2010) or on determining risk from a particular water reuse treatment train
on a local level. Contributions of persistent and mobile compounds to aquifers are predicted to increase
during wetter winters and decrease in drier summers, with an overall improved biodegradation due to
climate change (Collins et al., 2019). This provides yet another reason for monitoring and modeling the
behavior of chemicals on an annual basis using probabilistic methods.

Changing human patterns in response to climate change effects will increase exposure to many
chemicals (EASAC, 2019). Reduced river flows combined with constant or even increasing discharges
from point sources of pollution will lead to higher concentrations of chemicals in waters (Collins et al.,
2019), on the order of 2-4 times higher in Germany (Sjerps et al., 2017). To account for this, a more
health-based assessment is to integrate detection via mass spectrophotometry with toxicity assays to
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prioritize which chemicals in drinking water should be investigated/regulated (Brunner et al., 2019,
2020), which has recently been explored in Sweden (Golovko et al., 2020). Or, if a drinking water utility
has enough capital, conducting a large sampling campaign to prioritize chemicals for monitoring can
also be undertaken (Sjerps et al., 2018). Simiarly, bioassays for broad screening of chemical affects
applied in California regulations could be undertaken on a broader scale: the 2019 Recycled Water
Regulations mandate that the estrogen receptor-a (ER-a) for 17-B-estradiol and Aryl hydrocarbon
receptor (AhR) for 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) bioanalytical screenings be conducted
against set monitoring trigger levels (3.5 and 0.5 ng/L) to determine the range of corrective responses
depending on how much the bioassay risk exceeds MTL (CEPA, 2019). Uniform reporting of data will
make comparison between screening-level assessments and evaluation of utilities much easier (Fischer
etal., 2019).

2.4 Removal of TOrCs during porous media treatment

Porous media most often used in water treatment include technical sand, granular or powdered activated
carbon, and anthracite. Research on TOrC detection and removal over the last 20 years has focused on
occurrence, fate, operational conditions which dictate removal, removal mechanisms, innovative
technologies for removal, and (co)metabolic removal pathways (Alvarino et al., 2018). The primary
mechanisms of removal in porous media are biodegradation and adsorption (Yu et al., 2006).

2.4.1 Removal via biodegradation

Removal via biodegradation is an inherently complex mechanism sensitive to multiple factors.
Microbial degradation in porous media treatment systems is dependent upon biodegradable dissolved
organic carbon (BDOC) (Tran et al., 2013), dissolved oxygen (DO) concentrations which determine the
predominant redox conditions (Massmann and Du, 2008; Baumgarten et al., 2011; Regnery et al., 2015),
flow rate or empty bed contact time (EBCT) (Hermes et al., 2019; Miller et al., 2019d), and media type
(Vignola et al., 2018b), among other factors. More detailed information on the biodegradability of
TOrCs and these aforementioned factors can be found in chapter 8, which discusses removal in
biofiltration-based systems. This section will focus more on the role of compound structure and kinetics
during biotransformation.

In addition to operational and water quality parameters, compound structure determines susceptibility
to biodegradation. Polar compounds have asymmetric distributions of electrons on their surfaces causing
negative and positive dipoles, an excess of which results in an ionically charged compound, which are
particularly water soluble (Reemtsma et al., 2016). The charge of the ionic compound will influence
whether it partitions to organic surfaces, which are generally negatively charged, or stays in solution
(Reemtsma et al., 2016). This partitioning can be quantified using a logD distribution coefficient, which
is the pH dependent concentration of the ionized and deionized form of the species (Reemtsma et al.,
2016). According to Tadkaew et al. (2011), a logD value >3.2 results in very good removal via
adsorption, and when logD is <3.2 the removal mechanism switches to biodegradation. For compounds
which are not present in ionic form in solution, a logKow distribution coefficient represents the
compound’s partitioning tendency to octanol or water (Nam et al., 2014; Tran et al., 2018). These
coefficients can help estimate how a compound will behave in solution, but as compound interactions
in complex matricies such as WWTP effluent are also influenced by other water constituents (Reemtsma
et al., 2016), behavior cannot be predicted by these coefficients alone.

Generally speaking, simple aliphatic and monocyclic compounds (i.e. atenolol, diclofenac) are more
readily degradable than polycyclic compounds (i.e. carbamazepine, primidone) (Tadkaew et al., 2011).
Good degradation can be observed for compounds with electron donating groups, such as amine or
hydroxy groups, as well as for compounds with both electron donating and withdrawing groups, such
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as amide and carboxyl groups (Tadkaew et al., 2011). The coexistence of particular groups also
determines biodegradation: amine and amide groups (i.e. atenolol and caffeine) result in good
biodegradation, whereas amine and carboxylic groups (i.e. diclofenac) result in poorer biodegradation
(Tadkaew et al., 2011).

Compound attenuation can be described by a removal rate, which requires observations of abatement
over time. Determining removal Kinetics can be done with or without measuring biomass, but kinetics
are system-specific and dependent upon hydraulic retention time, temperature, and multiple other
operational parameters. In the absence of biomass data, pseudo-first order kinetics have been proposed
by Schmidt et al. (1985) and used in the recent work of Ma et al. (2018) in Equation 2-1,

1 C Equation 2-1
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where kp;, is the pseudo-first-order rate constant, ¢t is hydraulic retention time, C.zs is effluent
concentration and Cj, is influent concentration. Larger rate constants indicate faster decay. As pseudo-

first order assumes removal is independent of substrate concentration, this approach is helpful for when
experimental setup does not facilitate biomass sampling.

Biomass concentration is necessary for describe the decay rate using the Monod kinetic approach of
Becker and Seagren (2009) depicted in Equation 2-2,

QmaxX Equation 2-2

where Kg.is the lumped pseudo-first order decay coefficient, g, IS the maximum specific substrate
utilization rate, X is the biomass concentration, and K is the substrate half-saturation constant. As
microorganisms are responsible for degradation, determining kinetics based on the biomass
concentration and the available substrate describes the complex conditions of biodegradation better than
simple zero-, first-, or pseudo-first order decay (Mohamed and Hatfield, 2011).

2.4.1.1 Biomass quantification

A variety of methods for quantifying biomass on various types of media exist (Rauch and Drewes, 2005),
with a few most common methods discussed in this section. Although sometimes overlooked in
biofiltration experiments in favor of monitoring the removal of organic compounds, quantifying biomass
is critical for determining removal kinetics and modeling removal (Vignola et al., 2018a). Methods for
rapid estimation are of increasing research interest.

Phospholipid extraction estimates viable biomass by quantifying the phospholipid component of
biological cell membranes (Rauch and Drewes, 2005). Useful for accounting for heterotrophic decay,
nitrification, and denitrification, this method yields high extraction recovery and good reproducibility
in sediment samples (Rauch and Drewes, 2005), and has also been applied to GAC. Difficulties with
converting values between systems due to different levels of biodegradable substrate in the influent
contribute to variations in cell numbers reported (Fonseca et al., 2001).

Culturable methods, such as heterotrophic plate counts, only detect the biomass which can be cultured
(Cegen and Aktas, 2011). Molecular methods can provide a highly detailed assessment of biomass
present, which can be normalized to the volume of sample taken. Quantitative polymerase chain reaction
(gPCR) provides information about occurrence of organisms in water or media samples. 16S rRNA gene
amplicon sequencing has shown that the type of media used will affect the types of communities
establishing in biofilters (Vignola et al., 2018b). This method can reveal the diversity of the microbial
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community, and is particularly useful to determine how additional factors, such as location, season, unit
treatment process, and water quality affect the microbial population (D. Li et al., 2012; Gerrity et al.,
2018). However, these methods are quite sensitive and not for all types of media, they can be expensive
and have limitations in extraction efficiency, and are sensitive to interference from humic substances or
extracellular DNA (Rauch and Drewes, 2005).

Flow through cytometry detects the total and intact cell count in a water sample, providing information
about the amount of viable cells (Hammes et al., 2008; Vital et al., 2012; Prest et al., 2013). Very useful
for water samples, this approach is more difficult for media samples as components of biofilm, such as
exopolymeric substances, can interfere with the signal and give inaccurate measurements (Vignola et
al., 2018a). However, flow through cytometry fingerprints, when paired with adenosine triphosphate
(ATP) analysis, can help to explain variations in ATP values per media (Vital et al., 2012).

Quantifying ATP is among the fastest and least expensive methods for measuring biomass. ATP
indicates overall microbial activity present in the sample, and correlates well with the number of viable
biofilm cells and oxygen uptake rate (Simpson, 2008). ATP has often been used in quantifying the
activity of drinking water biofilters (Pharand et al., 2014; B. Ma et al., 2018; Greenstein et al., 2018). A
specific protocol for measuring the ATP activity of attached biomass on GAC surfaces was developed
by Velten et al. (2007). As this method relies on luminescence measurements and is very time and
temperature sensitive, recent upgrades to online ATP measurements have shown promise in
standardizing measurement and analysis protocols (de Vera and Wert, 2019). The review of biofilter
biomass of Pharand et al. (2014) did not observe a notable difference in ATP per bacterial cell ratios for
WWTP effluent and drinking water treatment. However, only one study of WWTP effluent biofilters
was mentioned and biomass measurements in WWTP biofilters are rarely found in literature (dos Santos
and Daniel, 2019), therefore the sample size for such a conclusion is quite small and likely very site-
specific.

Appropriate methodology should be selected based on the characteristics of the filter medium used:
while certain methods have been adapted for in situ biomass quantification of adsorptive media (i.e.,
GAC) (Velten etal., 2007), care must be taken that the same adaptations are suitable for alternative filter
media in experiments designed to compare removal efficiency.

2.4.1.2 Biodegradation transformation products

The microbial degradation of TOrCs can lead to the release or creation of biodegradation transformation
products (BTPs). Usually present at lower concentrations than their parent TOrC compound, BTPs can
be difficult to predict, although numerous prediction programs, such as Eawag’s
biocatalysis/biodegradation pathway prediction system (Eawag, 2017) and enviPath (Wicker et al.,
2020), or databases listing known BTPs such as STOFF-IDENT (Bayrisches Landesamt fir Umwelt,
2020), exist. Modeling techniques which further explore compound properties through the usage of
guantitative structure property/activity relationships (QSPR/QSAR) can also help to predict BTP
formation (Rucker and Kiimmerer, 2012).

BTP detection using non-target screening with liquid chromatography- tandem mass spectrometry (LC-
MS/MS) and/or liquid chromatography-high resolution mass spectrometry (LC-HRMS) (Schollee et al.,
2015) is not yet widely applied, due to difficulty of structurally identifying unknown compounds and
obtaining analytical grade reference standards for quantitative analysis. Data produced from non-target
analysis requires bespoke software for peak picking and suspect and/or non-target screening, the results
of which are then compared against databases such as the Chemistry Dashboard to identify which BTPs
could be present in the water samples (Brunner et al., 2020).
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As analytical methods improve, so does the detection and characterization of BTPs, mostly done in
single-component biodegradation tests, among them the BTPs of diclofenac, iopromide, and
trimethoprim (Schulz et al., 2008; Jewell et al., 2016b, 2016a; Hermes et al., 2019). However, questions
about their possible toxicity and human and environmental health effects are still relevant (HUbner et
al., 2014; Aymerich etal., 2016). Recent work has proposed a three pronged approach for BTP detection
and toxicological analysis: by combining target analysis, non-target analysis, and bioassays, Brunner et
al. (2020) provided a workflow for detecting TOrCs and their BTPs, as well as examining biological
effects of the mixture of chemicals at a drinking water treatment plant.

2.4.2 Removal via adsorption

Adsorption affinity can be described using the compound specific adsorption coefficient K, which can
be determined via single-solute isotherm experiments with powdered activated carbon (PAC)
(Zietzschmann et al., 2016). Additional compound characteristics which dictate adsorption affinity
include solubility, speciation, size, charge, and structure (Worch, 2012; Oberoi et al., 2019). While
neutral chemicals are adsorbed by physical forces (van der Waals) and are sensitive to hydrophobicity,
ionic compounds are more affected by electrostatic attractions (Anumol et al., 2015). More information
on the adsorption of specific chemicals is discussed in chapter 7.

Although generally compounds with higher logDow/logKow Values and aromatic structures should adsorb
better to carbon (Altmann et al., 2016), this may not be the case if compounds are present at very low
concentrations (Yu et al., 2009; Rattier et al., 2012a). Preloading has been shown to significantly
influence both adsorption capacity and mass transfer of compounds, and has been found to be more
severe for hydrophilic or dissociated compounds (i.e. naproxen) (Yu et al., 2009). Likewise, film
diffusion has been shown to be the primary mass transfer mechanism for compounds at very low
concentrations (<1 pg/L), which can be miscalculated due to system hydrodynamics and GAC
topography when using a correlation, and should rather be experimentally determined (Yu et al., 2009).
Additional mass transfer mechanisms dictating removal are described in more detail in chapter 7.
Physicochemical characteristics cannot always explain observed adsorption efficiency (Sbardella et al.,
2018), which is particularly evident in adsorption of multi-solute mixtures containing compounds of
different adsorption affinities (Altmann et al., 2016).

Various media can be used for adsorptive removal, but the most common adsorptive media in water
treatment is GAC or PAC. GAC has a large surface area and can adsorb constituents directly onto itself
(Sontheimer et al., 1988). Adsorption site competition between large and small organic compounds has
been extensively debated in the literature, with the responsibility of pore blockage versus adsorption site
competition based on pore size still contested. Prior studies have hypothesized that pore blockage is
partially responsible for the dependence of fouling on particle size during GAC treatment, as blockages
prevent the surface area available behind the blockage from contributing to adsorption of target
compounds (Corwin and Summers, 2010). Smaller molecular weight compounds, such as TOrCs, are
attracted to the high surface area of micropores (Kennedy and Summers, 2015). Large molecular weight
compounds, which includes a portion of DOM, are limited by size exclusion from adsorbing to
micropores, and instead adsorb to meso- and macropores and consequentially block the internal
micropore area from adsorption (Corwin and Summers, 2010; Kennedy and Summers, 2015). Although
crushed GAC has the same total surface area, cumulative pore volume, and pore size volume fractions
as larger GAC (Patni et al., 2008; Corwin and Summers, 2010), smaller particles have more meso- and
micropores open to bulk flow, but since larger molecular weight compounds do not block these pores
due to size exclusion, the impact of pore blockage on fouling is reduced with the smaller particle size
(Corwin and Summers, 2010).
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When discussing the effects of site competition versus pore blocking in adsorption of DOM and TOrCs,
GAC with a larger amount of micropores is associated with higher TOrC adsorption and pore blockage,
while GAC with a greater variety of pore sizes is associated with higher DOM and higher TOrC
adsorption, leading to adsorption site competition (Hu et al., 2016). However, when discussing
adsorption of complex WWTP effluent matrices, the influence of pore blockage is still debated.
Zietzschmann et al. (2014) found that for the removal of medium and weakly adsorbing TOrCs such as
iopromide and sulfamethoxazole, competition for adsorption sites between TOrCs and low molecular
weight DOM was more influential than pore blockage, while pore blockage was more influential for
TOrC removal in the presence of high molecular weight DOM in PAC experiments. This was
subsequently confirmed through testing on GAC (Hu et al., 2016). Guillossou et al. (2020) attributed
the decreased TOrC removal capacity in GAC treating WWTP effluent in comparison to ultrapure water
to pore blockage from higher DOM concentrations in WWTP effluents, with negatively charged TOrCs
repelled by the adsorbed DOM on the carbon via electrostatic interactions.

Determining removal via adsorption onto GAC can be done using rapid small-scale column tests
(RSSCTs), which are further described in chapter 7. Describing abiotic removal in biofilters (i.e.
adsorption to biomass) can be done by employing sodium azide (Maeng et al., 2011) or autoclaving
(Piai et al., 2020) to eliminate biological activity contribution to removal.

2.4.2.1 Desorption

Another mechanism can contribute to the mass balance of TOrC removal in biofilters: desorption of
TOrCs or dissolved organic matter (DOM) when equilibrium concentrations at the liquid/solid interface
change. Desorption processes are believed to be due to bacteria and exoenzymes transforming TOrCs
into products with less adsorption affinity for the biofilm (Rattier et al., 2012), though they are also
influenced by variable feed water concentrations. The desorbed compound is passed back into the
biofilm, where it is either subject to further biodegradation or desorbed into the liquid phase (Simpson,
2008).

Desorption has been shown for naproxen and diclofenac in soil columns irrigated with reclaimed
wastewater (Chefetz et al., 2008), as well as for sulfamethoxazole in BAC columns (Sundaram et al.,
2020), and for DOC and other TOrCs (Reungoat et al., 2011; Sun et al., 2018). Aschermann et al. (2018)
determined that micro- or mesoporous GAC should be used to avoid desorption in experiments fed with
fluctuating DOM and TOrC concentrations. Adsorbed DOM blocks pores, preventing adsorbed TOrCs
from desorbing, while in macroporous GAC, TOrCs can not only desorb, but can also be displaced by
newly adsorbing DOM (Aschermann et al., 2018). Corwin and Summers (2011) showed that desorption
occurs over the long-term and at low levels, after intermittent loading. Desorption of acesulfame in BAC
was noted by Altmann et al. (2016), who reported greater than 100% breakthrough of acesulfame after
complete breakthrough and initially explained this as desorption of acesulfame due to lower influent
concentrations (Corwin and Summers, 2011) but then to displacement by better adsorbing compounds
after acesulfame breakthrough in the long-term. Displacement could possibly be another mechanism
contributing to compound removal.

As adsorption is a reversible process due to low physisorption binding energies (Aschermann et al.,
2018), the interplay of adsorption and desorption could enhance the bioavailability of TOrCs at the BAC
particle surface where biofilm is located. The combined effects of adsorption and desorption constantly
refresh the adsorption capacity of the GAC (Corwin and Summers, 2011), which is governed by more
mass transfer mechanisms than sand. This interplay makes TOrCs available for biodegradation again in
a process termed bioregeneration (Cegen and Aktas, 2011), which could facilitate greater overall
removal, as sites for biomass establishment and therefore biodegradation are renewed.
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2.4.3 Removal via adsorption, desorption and biodegradation in biofilters

The combination of both removal mechanisms has short-term as well as potential long-term benefits. In
the first stage of virgin GAC operation, adsorption sites are populated by effluent organic matter (EFOM)
including TOrCs and DOC, while microorganisms are similarly occupying GAC adsorption sites,
facilitating biodegradation via biofilm development. Initially, nutrients on the outer surface of the
biofilm and the macropores of the GAC are degraded, while poorly-degradable DOC diffuses into the
micropores (Sontheimer et al., 1988), where it is degraded by microbes in those pores. When the liquid
phase concentration becomes lower than the adsorbed concentration, the partially degraded compounds
will desorb and diffuse back towards the biofilm (Sontheimer et al., 1988), where they are again subject
to degradation (Simpson, 2008). New compounds in the liquid phase follow the same path, where their
partial degradation occurs first, followed by adsorption in the same concentration as the previous
compound was present on the biofilm or GAC surface (Aktas and Cecen, 2007; Simpson, 2008).
Therefore, greater initial GAC removal of adsorptive compounds is expected, which may also facilitate
faster biofilm formation.

The GAC is then re-classified into a biologically active carbon (BAC) biofilter. The onset of
biodegradation in filter media can vary, but when starting from virgin media, biodegradation has been
observed after 40-70 days of operation (Maeng et al., 2011; Reaume et al., 2015; Shardella et al., 2018;
Sundaram et al., 2020). BAC biofilters are expected to enhance biofilm growth and improve long-term
TOrC removal in comparison to technical sand due to the additional adsorption (Paredes et al., 2016;
Shimabuku et al., 2019). BAC filters can successfully remove numerous TOrCs, though performance is
dependent upon factors such as pretreatment, temperature, EBCT, influent matrix, and GAC
characteristics (Worch, 2012; Chowdhury et al., 2013; Zhang et al., 2017). Lower organic loading rate
in the form of lower DOC and greater EBCT may facilitate better adsorption (Simpson, 2008) as well
as better biodegradation of certain compound classes (Sundaram and Pagilla, 2019). Previous studies
demonstrated successful TOrC removal from WWTP effluent using BAC (Corwin and Summers, 2010;
Reungoat et al., 2011, 2012; Lee et al., 2012), including adsorptive removal of poorly biodegradable
compounds such as carbamazepine (Rattier et al., 2012). Even after adsorption sites are exhausted by
DOC or other larger compounds, removal of TOrCs still continues (Urfer et al., 1997; Emelko et al.,
2006; Reungoat et al., 2011; Rattier et al., 2012a).

Long-term removal due to adsorption and biodegradation in BAC filters can be investigated in a variety
of ways. This has been done by inactivating the biomass on BAC through autoclaving (Piai et al., 2020)
or adding biocides to a GAC filter and comparing removal differences with a BAC filter (Rattier et al.,
2014). Modeling approaches, which require similar biomass parameters as in Equation 2-2, have also
been used for differentiation: Oh et al. (2012) modeled both adsorption and biodegradation in separate
equations, using Haldane kinetics instead of Monod kinetics to incorporate possible inhibitory effects
of the substrate. Adsorption knowledge gained through RSSCTSs can also be scaled up and compared
with BAC removal.

After differentiating between adsorption and biodegradation, long-term removal differences in BAC and
technical sand filters can be quantified. The increased adoption of ozone followed by biologically active
filtration (BAF) in IPR/DPR schemes has provided multiple assessments of removal (Gerrity et al.,
2011; Reungoat et al., 2011; Rattier et al., 2012b; Reaume et al., 2015; Zhu et al., 2015; Bourgin et al.,
2018; Sun et al., 2018; Sundaram and Pagilla, 2019; Sundaram et al., 2020), which demonstrate a range
of BVT and EBCT and prevent a direct comparison of overall removal (Table 2-1). Several of these
studies indicate enhanced removal in BAC compared to sand/anthracite filtration (Reungoat et al., 2011;
Zhu et al., 2015; Bourgin et al., 2018) but only one reported a BAC throughput, which was ~50,000
BVT in Bourgin et al. (2018), and acknowledged that adsorption capacity was not yet exhausted by the
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end of the experiment. Consequently, the long-term removal of TOrCs in BAC and technical sand filters,
after adsorption capacity has been exhausted and steady-state biodegradation removal has been reached,
together with quantification of adsorption and biodegradation rates, has not yet been investigated.
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Table 2-1: Previous BAC studies conducted with secondary treated effluent (S.E.) focusing on TOrC removal.

Media state at

Study Influent BVTs EBCT Backwash beginning of Cqmparlson Conclusion
. with sand?
experiment
Only 4 composite samples taken
Long-term monitoring confirmed that BAC is
more effective than sand at both TOrC and
Reungoat et al. Ozonated Not given 30, 60, 90, No Steady-state Yes DOC removal, even continued removal after 2
(2011) S.E. 9 120 min BAC years of operation
Lower EBCT did not affect BAC DOC
removal, but decreased removal of some
TOrCs
BAC operated Sand used in >95% TOTrC reductions achieved in BAC
Gerrity et al. (Ozonated) . for 1.5 years Sand filtration not recommended for TOrC
30,136 30 min Yes ; BAC e e
(2011) S.E prior to mitigation due to removal efficiency
. pretreatment .
sampling fluctuation
- AT -
Batch Compared fresh DOC removal in GAC (75%) higher than in
Rattier et al experiment — GAC and BAC BAC (30-40%)
(2012) ' S.E. 0 & 35,000 5 davs of No after 35.000 No BAC removed CBZ, CITA, DCF, SMX
Conta():i time BVT,S Confirmed ATL, MTL, TRM, CITA, VFX
adsorption onto BAC biofilm
Only 3 sets of grab samples taken
BAC removed some TOrCs left after
All BAC filters ozonation by up to 99%
i sampled were DOC removal not linearly related to EBCT
Reungoat et al. Ozonated 13,000 9 18.’ 45 No mature and No TOrC removal greater 18 minutes compared to
(2012) S.E. 95,000 min . . !
adsorption was 9 minutes, but no improvements observed
neglected when comparing 45 min to 18 mins
BAC adsorbes TOrCs even after DOC
breakthrough
Steady state removal of DOC achieved in both
Sand = GAC pretreated .
Reaume et al. Ozonated 10,400 _ with 3,400 BVT Yes, although BAC and sand after 40 days of operation
- 40 min Yes - overall BVTs (1,400 BVT)
(2015) S.E. BAC = to facilitate diff BAC fil datl . h
13.800 BAC conditions ifferent ilter removed at least twice as muc
' DOC and UV A4 as the sand filter
Ozonated Not BAC and Turbidity well removed in BAC and anthracite
Zhu et al. (2015) SE Not given 15 min specified Not specified 22tmhrr)zcrgg (from 3 t0 0.5 NTU)
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- No difference in UV A2, removal seen
between BAC and anthracite

- BAC showed better removal of atenolol,
citalopram, metoprolol, and benzotriazole than
anthracite

- Forslowly biodegradable TOrCs, | EBCT
reduces removal: for medium/fast
biodegradable TOrCs, removal improved with

Aerobic & BAC and BAS | EBCT
Paredes et al. anaerobic 190 days/ 0.2-3.2 days No fed with Yes - DCF, CBZ = removed only via adsorption
(2016) synthetic 106 days /17-70 min biomass from - TRI, SMX removed >90% in BAC due to
S.E. AS process higher EBCT

- | EBCT = higher biological activity through
higher loading rate = increased cometabolism
of certain TOrCs

- BAC removed TOrCs even after 50,000 bed

Bourgin et al. Ozonated 0.000 18 mi N BAfC Figlggged v volumes
(2018) S.E. ~50, min ° 0:3\/1’_ e - BAC and GAC removed TOTrCs better long
s o
term than sand biofilter
- Poor SMX removal in GAC attributed to short
EBCT and low adsorption affinity, removed
Normal S.E. 35% more in BAC _
Sbardella et al. & 200 pum _ O_pe_rated from - TRI, _MTL and AT_L removed by adsorption,
(2018) filtered S.E 13,800 50 min Yes virgin GAC to No classified as non—blodegra_dable _
o BAC - CBZand VFX removed via adsorption but
nylon filter . . h
also slight biodegradation
- BAC reached steady biofilm state after 40
days of operation
Ozonated Operated _ GAC was in use - Removals: <10% DCF, <20% ANTI and PRI,
Sun et al. (2018) SE for 12 23 min Yes for 3 years prior No <50% SMX, 50% CBZ, >80% ATL, TRI and
" months to study CAF
- Carbamazepine, caffeine removed during
ozonation
- Atenolol and primidone persisted in BAC
Sundaram and Ozonated . - effluent at <100 ng/L
Pagilla (2019) S.E. 60,000+ 10 & 20 min Yes Not specified No - Exhausted media and higher loading rate

results in ~20% TOC reduction
- Non-exhausted media and lower loading rates
results in 30-50% TOC reduction
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3. Research significance and hypotheses

Due to the regulatory and scientific need for ensuring safe water quality is produced from potable reuse
treatment trains, this thesis will investigate the microbial and chemical risk associated with the operation
of a SMARTDplus based IPR treatment train, which features SMARTplus treatment of tertiary WWTP
effluent, followed by GAC adsorption, UV irradiation, and finally groundwater recharge. Additionally,
mitigation methods for improved chemical removal through testing GAC as an alternative media to
technical sand will also be discussed. As such, the objectives of the thesis are the following:

3.1 Objective 1: Evaluate microbial and chemicals risks to human health associated with
the SMARTDplus potable reuse scheme

A literature review of approaches taken for conducting a QMRA in water reuse was conducted. This
was done to obtain information on the assumptions, log removal values (LRVs) and if applicable,
probability distribution functions (PDFs) used in studies which had conducted QMRASs on potable and
non-potable reuse schemes. Once the approaches and assumptions were catalogued, the best practices
could be applied to a QMRA for the SMART plus treatment scheme. Chapters 4-6 address objective 1.

To investigate objective 1, the following hypotheses were tested:

Hypothesis 1: Risk to human health from pathogens present in a potable reuse train employing
SMARTDlus is below 10° DALYs

To test hypothesis 1, pathogenic removals including point LRVs and PDFs were obtained from
published literature, and in the case of the SMARTplus, empirical removal of norovirus. Removals in
treatment steps were assigned a PDF. A Bayesian network capable of predicting whether pathogen
concentrations at point of exposure (after DWT) would comply with the DALYs threshold was
constructed in Netica. Chapters 4 and 5 address and test hypothesis 1.

To test chemical risk, monitoring trigger levels (MTLs) determined in the report of Drewes et al. (2018)
were adopted as thresholds. Assuming a conservative removal within the SMARTplus treatment based
on unit treatment removal percentages obtained from empirical data, the following hypothesis was
proposed:

Hypothesis 2: TOrC concentrations at the point of compliance of the potable reuse train employing
SMARTDplus are above the corresponding MTL

To test hypothesis 2, TOrC removal data from sequential biofiltration and RSSCT experiments utilizing
the same WWTP effluent as source water were obtained from Muller et al. (2017, 2019a). UV
disinfection removal was similarly sources from previously conducted experiments at the same institute
(Nihemaiti et al., 2018; Miklos et al., 2019b). All removals were assigned a probability distribution
function. A Bayesian network capable of predicting whether chemical concentrations at the point of
compliance (after UV disinfection) would comply with the appropriate MTL was constructed in GeNle.
Chapter 6 tests hypothesis 2.

3.2 Objective 2: Evaluate initial and long-term TOrC removal differences in activated
carbon and technical sand

Assuming certain TOrCs would not be successfully removed in the SMARTplus treatment train, the aim
was to determine whether an alternative porous media would result in improved TOrC removal. Using
the same influent water quality that the SMARTplus bioreactor received, column studies investigating
and comparing the removal of TOrCs in technical sand and BAC filters were carried out over 2+ years
of operation. Chapters 7-9 address objective 2.
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To evaluate objective 2, the following hypotheses were tested:
Hypothesis 3: Maturation time for biodegradation in BAC will be shorter than in technical sand

To test hypothesis 3, GAC and technical sand filters were operated from virgin state to determine how
initial removal performance differed in both media. The breakthrough of a suite of environmentally
relevant TOrCs was monitored. Although initial removal in the GAC filters is dominated by adsorption,
sand does not have adsorptive capacity, therefore initial removal in sand would be negligible until the
onset of biodegradation. Therefore, by focusing on the removal of non-adsorptive but biodegradable
compounds such as gabapentin, the onset of removal via biodegradation could be identified in both the
GAC and sand filters.

The removal due to adsorption in the GAC filter was tested in the following sub-hypothesis:

Hypothesis 3.1: Rapid small scale column tests (RSSCTSs) can accurately differentiate between TOrC
removal attributed specifically to biodegradation and to adsorption

To test hypothesis 3.1, the breakthrough prediction for persistent compounds was determined using an
RSSCT. The RSSCT results were then compared with the BAC filter results to determine whether this
method could elucidate the contribution of adsorption to the removal of TOrCs in the BAC filter.
Chapter 7 addresses hypothesis 3.1.

Hypothesis 3.2: Biomass establishment will be faster in BAC than in technical sand

To test hypothesis 3.2, the measurement of active biomass would be used to elucidate information about
how the establishment of microorganisms within the filters was progressing. This information could
then be coupled with water quality parameters (DOC and DO concentrations, UV Azss absorbance) to
present a holistic assessment of the biological activity. Sections 10.2.1 and 11.7 address hypothesis 3.2.

Hypothesis 3.3: TOrC biodegradation begins faster in BAC

To test hypothesis 3.3, initial biological TOrC removal in the BAC filter and in a technical sand filter
was compared. Additionally, the onset of biodegradation was tested by identifying whether and which
biodegradation transformation products were present in the influent and effluent of the filters. Sections
7.3.3 and 10.2.1 address hypothesis 3.3.

As the SMARTDplus bioreactor is meant to remove TOrCs via biodegradation in the long term without
any replacement of media, the goal was to observe TOrC removal in the column experiments after
biodegradation was stable and evident in the sand filter. Due to the adsorptive surface of the GAC, the
concentration gradient of TOrCs in different phases, and the microbial community responsible for
biodegradation, this complex environment could result in greater TOrC removal than in the sand filter.
To this end, the column experiments were conducted from June 2017 — October 2019, during which
time the breakthrough of chemicals and water quality parameters was monitored. This was tested in the
following hypothesis:

Hypothesis 4: Long-term BAC filtration facilitates greater TOrC removal than technical sand

To test hypothesis 4, TOrCs exhibiting varying removal tendencies in biofiltration were identified
through a comprehensive literature review. Cumulative TOrC removal in the BAC and sand filter would
reveal which media was more successful in removing biodegradable compounds. To quantify how much
better biodegradation would function in BAC than in technical sand, biodegradation rates obtained
through batch experiments on the biologically active media at the end of the column experiments were
compared. Chapters 8 and 9 address hypothesis 4. Figure 3-1 presents an overview of the layout of the
dissertation, with all associated hypotheses, publications and chapters denoted.
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4. Trends in conducting quantitative microbial risk assessments for water
reuse systems: a review

This chapter has been published with editorial changes as follows:

Zhiteneva, V., Hibner, U., Medema, G.J., Drewes, J.E. Trends in conducting quantitative microbial risk
assessments for water reuse systems: a review. 2020. Microbial Risk Analysis 16, 100132.
https://doi.org/10.1016/j.mran.2020.100132.

Abstract

As many regions seek to supplement traditional water sources with reclaimed water, there is also an
increasing number of risk assessments conducted for these types of applications. The most
comprehensive approach is to conduct a quantitative microbial risk assessment (QMRA) combining
empirical and literature data, point value estimates, and probability distribution functions (PDFs) to
estimate the final risk for human health from a treatment train in quantitative terms. The variability and
uncertainty of reuse systems can be more adequately assessed by probabilistic methods instead of
deterministic, point value estimates. This review summarizes common assumptions in PDF selection for
source water and treatment steps and dose-response models for risk assessments applied to potable and
non-potable reuse scenarios. The review revealed that source water pathogen concentrations were
mainly modeled using PDFs, while log reduction values (LRVS) were often derived as point estimates
to describe removal efficacy of individual treatment steps. When enough point value LRVs are known,
a triangular distribution is recommended to retain the deterministic characteristics of the variable being
modeled. Treatments steps with the least amount of experimental data included biological activated
carbon, membrane bioreactors, and engineered storage buffers, among others. To circumvent such lack
of experimental data, an open-source, anonymized database of concentrations and LRVs could be made
available for future assessments. Numerous studies mentioned that testing multiple dose-response
models can help determine how the dose-response choice affects final risk. Although sensitivity analyses
to determine how variables in the assessment influence final risk were performed in most studies, how
PDF selection affects the final risk was not consistently evaluated. Such a discussion could help to
establish more informative and comprehensive risk assessment models in future studies as the water
reuse field continues to grow.
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Chapter 4: Trends in conducting quantitative microbial risk
assessments for water reuse systems: a review

4.1 Introduction

To meet water demands in urban areas experiencing population increases and climate change stress,
water utilities are increasingly considering water reuse (US EPA, 2017). Where surface water is used as
raw water supply, water treatment schemes might utilize a source water that is partially impacted by
upstream discharge of wastewater treatment plant (WWTP) effluents, referred to as de facto water reuse
(Rice and Westerhoff, 2015; Karakurt et al., 2019). Intentional reuse schemes are designed to reduce
risks from wastewater-derived microbial and chemical contaminants, increase water supplies, and
provide fit-for-purpose water for potable and non-potable uses (urban, irrigation).

Potable reuse typically includes advanced water treatment (AWT) of secondary or tertiary effluent prior
to augmentation of either a groundwater or surface water supply. Commonly utilized AWT steps during
potable reuse considered in this review were ozonation (O3), UV-based advanced oxidation processes
(UV-AOP), biological activated carbon (BAC) filtration, biologically active filters (BAF), micro- and
ultrafiltration (MF/UF), nanofiltration (NF), and reverse osmosis (RO). Disinfection processes
considered were chlorination (Cly) and ultraviolet light (UV) irradiation. Potable reuse can either be
direct by feeding into the drinking water treatment plant or the distribution system (direct potable reuse,
DPR) or indirect by releasing first into an environmental buffer, such as surface water, groundwater, or
a reservoir and then followed by conventional drinking water treatment (indirect potable reuse, IPR).
Where de facto reuse is practiced, AWT processes are usually not employed, resulting in higher risk for
de facto reuse than planned reuse (World Health Organization, 2016; Amoueyan et al., 2017, 2019a;
Chaudhry et al., 2017; Lim et al., 2017; Nappier et al., 2018; Soller et al., 2019).

Non-potable irrigation reuse includes agricultural and urban landscape irrigation. As interest and
necessity for reuse in agriculture increases, so does the need for effectively quantifying risks of such
scenarios. Along with industrial reuse, the aforementioned categories make up the majority of current
water reuse practices.

Potable water reuse schemes are scrutinized for possible risks associated with human consumption of
reclaimed water. To predict and model possible high-risk exposure scenarios during various operational
conditions of reuse practices, assess the safety of a reuse scheme, determine required treatment, or test
alternative reuse treatment scenarios, quantitative microbial risk assessments (QMRA) are commonly
performed. QMRA is a mathematical approach for estimating risk posed by pathogens to human health.
However, in practice, data limitation requires many assumptions to be taken during this process. In an
attempt to recommend log reduction targets, the World Health Organization (WHO) published detailed
guidelines for conducting QMRAs for water safety (World Health Organization, 2016), although
QMRA had already been mentioned in previous guidelines (World Health Organization, 2006). Despite
the existence of these guidelines, the lack of a single approach, such as the use of QMRAspot in the
Netherlands for drinking water assessment (Schijven etal., 2011; RIVM, 2016), on an international level
is notable. This had led to varying results due to the range of approaches used to quantify risk, as well
as debates on which risk threshold should be used for which final water usage (Haas et al., 1996; Mara,
2011). As QMRA is a very site-specific exercise, risk assessors should transparently communicate
assumptions which can be done through following a newly proposed best practices checklist for
reporting results, which includes such details as pathogen-surrogate and pathogen-indicator ratios, dose-
response model and parameters, disease burden assumptions, and modelling approach, among other
points (Owens et al., 2020).

The framework of risk assessment consists of four steps: 1) problem formulation, 2) exposure
assessment, 3) health effects assessment, and 4) risk characterization (Figure 4-1).
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Figure 4-1: QMRA framework, where regulator oversight informs updates and additions to the process.

QMRA utilizes reference pathogens hazardous to public health, including bacteria, protozoa, and
viruses. Reference pathogens are present at high concentrations in water which will be recycled, have
high pathogenicity, are poorly removed during treatment and can survive at length in the environment,
and reflect the risk from classes of pathogens of concern (NSW Office of Water, 2015). The WHO
recommends conducting a risk assessment for at least one relevant pathogen from each group (World
Health Organization, 2017a). However, pathogens even within one group can exhibit different raw
wastewater concentrations/distributions, susceptibility to treatment, and dose response relationships,
which may make evaluating multiple pathogens within a single group (i.e. norovirus vs. adenovirus vs.
enterovirus) worthwhile. Improving databases of pathogen concentrations in raw wastewater is currently
the focus of studies being conducted in California and by the WHO.

However, as pathogens are difficult and time intensive to detect, less harmful but more easily detectable
indicator or surrogate organisms have been proposed (Table 4-1). Their behavior and removal in various
treatment steps is used to fill in critical knowledge gaps related to treatment efficacy and environmental
fate/transport of reference pathogens. As an example, while a culturable virus (i.e. adenovirus) can be
used as a surrogate for norovirus or rotavirus, which are only detectable using molecular methods,
norovirus or rotavirus are reference pathogens due to their observed adverse affects on human health.
Reference pathogens should be deliberately selected to meet the aforementioned qualities (NSW Office
of Water, 2015). Indicators or surrogates should only be used in a risk assessment either if a relationship
or correlation between an indicator/surrogate and a reference pathogen has been previously established
or the relationship can be assumed (World Health Organization, 2017a).
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Table 4-1: Reference and indicator pathogens of interest for this review.

Pathogen Type Classification Regulation/Guideline
. . (World Health Organization, 2016,
Norovirus Reference Virus 2017a, 2017b)
Rotavirus Reference Virus (World Health Organization, 2016,
2017b)
Adenovirus Reference/Surrogate Virus (World Health Organization, 2016,
2017a)
Enterovirus Reference Virus (World Health Organization, 2016,
2017b)
Cryptosporidium Reference Protozoa (World Health Organization, 2016,
SpPp. 2017b)
Giardia Reference Protozoa (World Health Organization, 2016,
2017b)
. World Health ization, 201
Campylobacter Reference Bacteria (World Health Organization, 2016,
2017b)
- . World Health ization, 2016,
Clostridium spp. Indicator Protozoa (World Health Organization, 2016
2017b)
E. coli Indicator Bacteria (NHMRC-NRMMC-NHMR, 2011;

World Health Organization, 2016, 2017a)
(U.S. Environmental Protection Agency,

Bacteriophage

MS2 Indicator (virus) 2015; World Health Organization, 2016,
2017a)

OX-174 Indicator Bacter_lophage (U.S. Environmental Protection Agency,
(virus) 2015)

4.1.1 Performance targets using log reduction values

Since pathogens are quantified using various concentration units and over several orders of magnitude,
removal in treatment trains is commonly described using dimensionless log reduction values (LRVS).
LRVs represent the base 10 logarithm of the ratio of pathogen concentrations in influent to effluent
water and are useful to describe the efficacy of a treatment barrier.

To verify whether treatment targets are met, LRVs must be assigned to each individual process in a
treatment train which maintains consistent operating conditions (Haas and Trussell, 1998; Olivieri et al.,
1999). The LRVs can be determined for individual processes through routine monitoring of relevant
(reference) pathogens and/or challenge tests, where higher concentrations of surrogate organisms are
spiked to determine treatment efficacy. It helps if the processes have been identified as critical control
points and validated as such, to ensure treatment efficacy is properly monitored and can be attuned
when/if necessary. During operation, treatment efficacy can be monitored through the use of chemical
or physical surrogates, such as total organic carbon, electrical conductivity, or turbidity, which correlate
with LRV of reference pathogens for specific treatment processes. LRVs from each step are then
summed up to provide a final cumulative removal for the overall treatment train. Point estimates, which
are discrete in nature, are often used to describe the LRV and represent a deterministic approach, where
the returned value of a treatment or parameter should always be the same. Deterministic methods assume
the output of a system will always be the same if all boundary conditions, input variables, and parameters
are kept constant (Rose et al., 2013).
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Health outcome values or infection endpoints are typically used to determine recommended performance
of treatment trains. These values describe the safety of consumed water by quantifying the tolerable
disease burden, which is the maximum burden of health effects associated with waterborne diseases and
is set to ensure illnesses stemming from treatment are maintained at an acceptable level (World Health
Organization, 2017b). When conducting an assessment, health outcome values should ideally be
identified prior to the commissioning of a treatment train, as they determine the acceptable level of water
quality, performance, and technology targets.

The required removal is often defined by pathogen concentrations in the source water as well as the
benchmark risk level. Two common risk levels are usually referenced. The World Health Organization
recommends less than 1 in 1,000,000 disability adjusted life years (10 DALYs) (World Health
Organization, 2004). The European Drinking Water Directive was adopted by the Dutch into a drinking
water decree requiring less than 1 infection per 10,000 people per year (10* pppy) (Staatsblad, 2001;
Smeets et al., 2009). This annual infection level, although not officially mandated by the US EPA
(Sinclair et al., 2015), was also adopted in the United States, which requires mitigating water quality
when mean source water Cryptosporidium concentrations correspond to >2 in 1,000 people per year
(US EPA, 2006).

The 10° DALY approach does not consider asymptomatic infections to pose any risk, which can lead
to underpredicting risk from norovirus, deals with illnesses as opposed to infections (Emelko et al.,
2019), and is more commonly used outside the United States. The 10* infections approach does not
consider the severity of illness from one pathogen to be more harmful than another, therefore making it
difficult to compare health risks between pathogens (Emelko et al., 2019). Future regulations may even
shift to daily risk, as short-term failures and off-spec events have been shown to drive annual risk
(Smeets et al., 2009; Soller et al., 2018b). Therefore, it makes sense to test both levels of risk to have a
more comprehensive understanding of how a treatment train performs.

The WHO Potable Reuse Guidelines recommend setting removal targets based on individual monitoring
data for pathogen concentrations in raw wastewater (World Health Organization, 2017a). If such data
are not available, default performance targets of LRVs of 9.5/8.5/8.5 for enteric viruses, enteric bacteria,
and enteric protozoa from untreated wastewater to drinking water quality are recommended (World
Health Organization, 2017a). These LRVs do not serve as drinking water guideline values, but rather as
performance targets for identifying suitable combinations of treatment processes. Additional guideline
values used in the USA and Australia can be found in Table 4-2.

Table 4-2: Log reduction values suggested by various guidelines. To calculate these LRVs, the WHO
guidelines use 10°® DALYs, whereas US studies use the 10 infection target.

Range Target type  Viruses Bacteria Protozoa Guideline
From untreated Minimum 95 8.5 8.5 (World Health
wastewater to performance (entéric) (entéric) (ent(laric) Organization,
drinking water  targets LRVs 2017a)
Fromuntreated ——\ iim 9.5 8.1 8 (NRMMC-EPHC-

wastewater to
drinking water
From untreated Performance 10/10

wastewater to 12 -- (Cryptosporidium/ (CDPH, 2014)

drinking water targets LRVs Giardia)

required LRVs (enteric) (Campylobacter)  (Cryptosporidium) NHMR, 2008)
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From untreated . (National Water
Performance 9, total coliform 10 .
wastewater to targets LRVS 12 bacteria (Cryptosporidium) Research Institute,
drinking water g yptosp 2013)
From (Texas Water
secondary Performance 55,6 Development
treated 8 -- (Cryptosporidium, Board and Alan
targets LRVs L
wastewater to Giardia) Plummer
drinking water Associates, 2015)
Reclai
eclaimed (World Health
water to Performance L
. 6-7 Organization,
unrestricted targets LRVs
o 2006)
irrigation

Recent studies have suggested that LRV thresholds and default pathogen concentrations described in
various guidance documents could be updated (Gerba et al., 2017). Using average LRV point values has
also been shown to underestimate end risk (Schmidt et al., 2020), and achievable risk based targets have
been shown to vary depending on system size (Schoen et al., 2020). Pecson et al. (2017) found that to
guarantee 12/10/10 LRVs (according to the California recycled water regulations) for 90-95% of
operational lifetime, their investigated treatment train would need to achieve LRVs greater than 12/10/10
except for 5-10% of the time. Soller et al. (2018a) similarly determined that the target risk for their
system (10#) was reached only by achieving 14/>11/>11 LRVs, which is attributed to the use of revised
raw wastewater concentrations. Such varying results reveal that there is no consensus between studies
on reporting estimates of the final risk, and which should fall under the health burden threshold — is it
the average, the median, the 5™, 75™, 90" or 95" percentiles, any associated confidence intervals (Mara
et al., 2007; Seidu et al., 2008; Page et al., 2010; Toze et al., 2010; Olivieri et al., 2014; Pecson et al.,
2017), or other targets? Producing a point value estimate of final risk does not help in characterizing
how the system performs in between point value estimates, which can be explored at higher resolution
through the use of probability distribution or density functions (PDFs).

4.1.2  Probability distribution functions

QMRA can also provide insight into the variability of the estimated risk while noting uncertainties
(Smeets et al., 2008). Although the usage of LRVSs to determine which treatment steps are required is
an established principle, probabilistic or stochastic methods, such as PDFs, assume variability and
uncertainty are inherent to the system and provide varying final risk estimates (Vose, 2008). A PDF
must be individually fit to each particular data set. Using a range of techniques, such as Monte Carlo or
Latin Hypercube sampling, the amount of variability and uncertainty can be included in the QMRA.
Models can also be dynamic or static, meaning that time is or is not considered a variable in the modeling
(Soller and Eisenberg, 2008).

PDFs are not consistently employed in QMRA studies, usually due to lack of site-specific empirical
data, especially when performing a screening level QMRA. However, improper PDF selection can lead
to under or over estimation of final risk, which can have health, legislative, and financial consequences.
Recent microbial risk assessments have begun to describe the implication of proper PDF selection in
greater detail (Poma et al., 2019; Sylvestre et al., 2020).

Commonly used PDFs for characterizing various steps in a QMRA are illustrated in Figure 4-2. For
theoretical background and recommended selection guidance for PDFs, readers are directed to prior
literature and statistical studies (Walck, 2007; Mun, 2008; Vose, 2008; Dias, 2016). Risk assessors
should take care that pathogen counts have been properly adjusted when dealing with empirical data
(Owens et al., 2020), and that units are consistent for all data used.
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The WHO guidelines do not identify or associate PDFs with certain pathogen presence, though they
recommend testing multiple well-fitting PDFs to determine how the outcome is influenced to choose
the best fit (World Health Organization, 2016). While some authors likely followed this
recommendation prior to the WHO 2016 publication, most assessments before 2016 followed
federal/state guidelines, and due to the site specific nature of QMRA and lack of specific directions in
the WHO guidelines, future assessments will likely continue to apply different approaches.

However, why and on what basis certain PDFs are chosen (i.e., literature review, best fit, theory, etc.)
is not always explained, leaving risk assessors to find information on their own. An open source database
of pathogen concentrations and removals in various treatment steps common in water reuse schemes
would be incredibly helpful. As this does not yet exist, a starting point is to catalog PDFs to determine
which are the most utilized and suitable for the pathogens in treatment steps of interest in this review.

Triangular Poisson Uniform Beta
Gaussian/Normal Weibull Log-normal Gamma Exponential
Hypergeometric Binomial Negative Binomial Geometric

Figure 4-2: Most commonly used PDFs in QMRA studies for describing pathogen presence in water reuse systems, with
frequency displayed on the x-axis and probability on the y-axis. PDFs can also be applied to other QMRA steps, such as dose-
response.

A recent review of drinking water QMRAs identified numerous aspects of reporting assumptions,
reductions and uncertainty which could be improved upon, and created a water supply reporting
checklist to help standardize how case study details and results are communicated (Owens et al., 2020).
However, this review focuses specifically on water reuse practices, which require other considerations.
These include 1) characterizing pathogen density in source waters, 2) identifying distributions used to
characterize pathogen reduction in treatment steps, 3) identifying which dose-response models are used,
and 4) determining how PDF choice affects final risk. These points will be addressed in this review.

4.2 Search criteria

The pathogens of interest for this study included norovirus, rotavirus, adenovirus, enterovirus,
Cryptosporidium spp., Giardia, Campylobacter, Clostridium spp., E. coli, MS2 and ®X-174. A search
for combinations of these 10 pathogens (excluding Clostridium) with various reuse related terms was
conducted in Scopus or publications between 2000-2020 in February 2020 and resulted in 2,669 articles
(for search string, see Supplemental Information (SI) Figure 11-1). Using the PRISMA approach, studies
which did not have keywords in the abstract, title or keywords were omitted. A total of 117 full length
peer-reviewed papers from database searching and expert knowledge and theses were screened. Forty-
three papers were ultimately accepted for this review on the basis of whether they provided information
in the following categories: probability distribution functions, intentional water reuse, and QMRA
model assumptions. In the 43 studies taken from database searches, a total of 74 reuse scenarios were
investigated, of which 20 were DPR, 10 were IPR, 6 were de facto reuse, and 38 were irrigation reuse.
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Five studies investigated both DPR and IPR applications, 3 investigated both de facto and IPR, and 3
investigated both de facto and DPR.

Source waters and treatment trains utilized in the individual studies are presented in Table 11-2.
Frequencies of pathogen appearance in treatment trains are summarized in Table 11-1. Over 30% of the
studies (14/43) utilized indicator or surrogate organisms in some form. Certain studies established either
explicit surrogate-reference ratios (Seidu et al., 2008; Barker-Reid et al., 2010) or implicit relationships
(Mara et al., 2007; Pavione et al., 2013) , while others used surrogate for certain parts of the QMRA
assessment, such as calculating decay rates (Petterson et al., 2001) or removals in certain treatment steps
(Ander and Forss, 2011; Chaudhry et al., 2017; Soller et al., 2017). Nearly all studies mentioned that the
usage of surrogate organisms is controversial and was done only because sufficient reference pathogen
data was unavailable. For pathogens which cannot be cultured, the use of the molecular signal during
treatment can be an unreliable performance predictor, therefore a surrogate should be used (for example,
use of coliphage attenuation for indicating norovirus reduction during treatment).

The main difference in potable and non-potable studies was noticed in the volume of data available to
conduct a QMRA, exposure and health outcome values. Data can be more difficult to obtain in the field
which could prevent a probabilistic analysis, and while this limitation is acknowledged, Monte Carlo
analyses have been conducted even with limited data (Mara et al., 2007). Exposure is associated with a
high degree of uncertainty (Haas et al., 2014), and varies for field workers, market workers, and
consumers. A discussion on the most appropriate health outcome value for agricultural reuse is included
in section 4.3.3.2. Other differences between potable and non-potable studies are discussed where
relevant.

4.3 Discussion of LRV characterization

Studies found that cumulative risk was driven by the highest pathogen concentrations, reinforcing the
need to perform probabilistic risk assessments for individual trains, including numerous assumptions
and variations, instead of assigning general LRVs (Soller et al., 2018a). This prompted a targeted
evaluation of the studies for the following questions:

Were multiple PDFs tested to determine which provided the best fit?

Was the effect of PDF selection on final risk estimate discussed?

For treatment steps: in comparison to point values, how do PDFs affect the LRVs?

4. For treatment steps: can PDFs be recommended instead of point values to describe LRVS?

wn e

All LRVs and PDF parameters are summarized in a spreadsheet in the SI.
43.1 Pathogen presence in source water

For this review, source water was categorized as either raw wastewater, treated wastewater, or surface
water (de facto reuse). For treated wastewater, only conventional wastewater treatment (mechanical and
biological treatment) was considered. Mechanical treatment removes particles from sewage, whereas
biological treatment refers to organic carbon degradation and nutrient removal. As the source water
chosen dictates the total LRVs required, this is an important step to explicitly report, which was rather
inconsistently done in studies. When considering each source water individually, results show that raw
wastewater was dominated by lognormal PDFs and point values, treated wastewater was dominated by
point values, and de facto source water was characterized by lognormal, gamma, and uniform PDFs
(Figure 4-3).

Lognormal distributions depict the results of many random processes, are suitable for describing the
concentration of pathogens in source water which are generally positively skewed to high concentrations
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with low probability, and have been used for many years in pathogen characterization (Haas et al., 2014;
World Health Organization, 2016). Gamma distributions are bounded at zero and positive, and have also
often been used to characterize concentration in source waters (Mun, 2008; Dias, 2016; World Health
Organization, 2016). Uniform distributions signify that all concentrations within the defined range have
the same probability of occurring, which is an assumption that can be used when minimal or no pre-
existing knowledge about the parameter is available (Haas et al., 2014). Uniform distributions minimize
statistical bias when summing LRVs determined from multiple studies, where the raw data cannot be
combined to fit a PDF due to, for example, differences in unit treatment operational parameters (i.e.,
fluence, hydraulic retention time, etc.). They are therefore often used when a minimum and maximum
LRV is known. Thus, uniform distributions can be justified for generalized results from a class of
facilities or for broad-scale regulations.

As there were many different units used to quantify pathogens, it is difficult to state which PDF is
recommended, but some conclusions could be drawn: in raw wastewater, Cryptosporidium, norovirus,
and rotavirus were mainly categorized using lognormal PDFs, while Campylobacter was categorized
using uniform PDFs. The overall trend for raw wastewater concentrations from the studies aligns with
the WHO recommended lognormal distributions for pathogen concentrations (World Health
Organization, 2016). The importance of using PDFs instead of point values to describe raw wastewater
pathogen concentrations was noted in numerous studies (18/43). This is supported by the twofold
cumulative risk increase for a DPR system when updated norovirus raw wastewater density information
was incorporated (Soller et al., 2018a). Ito et al. (2017) also raised the importance of accumulating more
information on the probabilistic pathogen distributions in source water, especially in a multiple-barrier
system. Gonzales-Gustavson et al. (2019) used maximum likelihood to determine best fitting PDF to
raw wastewater concentrations.

Concentrations in treated wastewater were dominated by point values. Although empirical data should
be collected when possible as pathogen concentrations are site specific, the prevalence of published
point value concentrations could allow risk assessors to use either a uniform or a triangular distribution
when a PDF is desired.

de facto (source)

B empirical
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[ 1neg binomial
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WWT 2° (source)
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Figure 4-3: PDFs and point values used for pathogen characterization in each source water. KDE = kernel density estimator,
inv. gaussian = inverse Gaussian, neg. binomial = negative binomial.
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Pathogen concentrations in surface water were mainly characterized by lognormal, uniform, and gamma,
PDFs. However, the close split between the 3 distributions reveals the need for better characterization
of pathogen concentrations in de facto reuse scenarios, particularly as urban populations and wastewater
volumes discharged to surface waters increase in many locations. Astrém et al. (2007) and Sato et al.
(2013) both used a maximum likelihood estimate to choose gamma as the appropriate distribution.
Bergion et al. (2018) also suggested that using probabilistic modeling for log reductions in surface water
quality would improve QMRA predictions for these scenarios, and when coupled with testing multiple
PDFs, could give insight into how selection affects final risk.

Of all studies describing pathogen concentrations in source water, only one study (Petterson et al., 2001)
tested multiple PDFs and discussed the effect on final risk.

An additional point worth discussing is how selection of source water is handled when distributions in
both raw sewage and treated wastewater is available. Although Gerba et al., (2017) revealed that viruses
are likely present in greater numbers than what most guideline documents have advised as average
concentrations, not all detected units are infectious, which could potentially lead to overly conservative
treatment requirements when using raw sewage as source water. Therefore, comparing presence
determined via molecular detection with simultaneous detected surrogates would provide more reliable
estimates.

Using secondary effluent could provide more reliable concentrations of pathogens (i.e., matrix
interference in raw sewage) or more consistent concentrations due to equalization (i.e., not affected by
temporal variability in raw sewage). Regardless of source water, reporting operational parameters of
wastewater treatment is imperative.

4.3.2 Characterizing pathogen removal in different treatment processes

Removal in wastewater treatment, advanced water treatment, and drinking water treatment was
characterized by point values and uniform distributions (Figure 4-4). The high frequency of uniform
distributions used is likely explained by the fact that of the possible PDF options provided in Figure 4-2,
uniform distributions are the closest distribution option to a minimum-maximum point value range.
Using deterministic point estimate LRVS to describe removal in a particular treatment makes it more
difficult to quantify uncertainty associated with the LRV variable. A uniform distribution, characterized
by minimum and maximum point values, retains the stochastic nature of the variable by using a range
as narrow or as wide as necessary while also providing some information on the uncertainty related to
the variable.

Testing multiple PDFs for each pathogen in each treatment step was not commonly done in studies.
However, one notable example is worth highlighting: Pecson et al. (2017) created a PDF using the
empirical cumulative distribution function in R and compared this non-parametric distribution to several
parametric ones, including normal, inverse Gaussian, Weibull, gamma and lognormal, to determine best
fit. PDFs were then ranked using the Bayesian Information Criterion, which compares the likelihood of
obtaining specific data with a particular PDF to determine which PDF fit best (Ito et al., 2017; Pecson
etal., 2017). Such a method is possible when enough empirical data exists. Other studies used maximum
likelihood estimates (Astrém et al., 2007; Barker, 2013; Sato et al., 2013; Olivieri et al., 2014; Sales-
Ortells et al., 2015; Gonzales-Gustavson et al., 2019), chi-squared goodness-of-fit (Barker, 2013;
Bergion et al., 2018), Kolmogorov-Smirnov tests (Sales-Ortells et al., 2015; Bergion et al., 2018), the
Akaike Information Criterion (Mok and Hamilton, 2014; Mok et al., 2014; Owusu-Ansah et al., 2017),
or kernel density estimation (Petterson et al., 2001) to determine best fit.
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43,21 Secondary/tertiary wastewater treatment

Point value LRVs were most popular, followed by uniform, triangular, and normal PDFs. The lack of
specificity of treatment involved in the reporting of these distributions, especially in irrigation studies,
led to the high usage of point values for all pathogen classes. Numerous studies also described
concentrations in treated water instead of calculating LRVs. Accordingly, multiple PDFs were not tested
and their effect on final risk was not mentioned. For secondary treatment, uniform and triangular PDFs
had lower minimum and higher maximum values than those used for point value LRVs for
Campylobacter, Cryptosporidium, and for tertiary treatment, the range of LRVs used for uniform PDFs
was slightly greater than the range of point values for norovirus. However, if a PDF is desired, then
adapting knowledge of point value LRVs to a uniform or triangular distribution could be suggested.

4.3.2.2 Advanced wastewater and drinking water treatment

Influent water qualities to AWT/DWT in QMRA studies varied greatly, ranging from raw wastewater
used in theoretical/lab-scale assessments to identify how AWT would reduce risk (Barker et al., 2013;
Pecson et al., 2017) to conventional mechanical and biological wastewater treatment with no
disinfection (Page et al., 2010; Ander and Forss, 2011; Mok et al., 2014; Soller et al., 2017, 2018) to
WWTP effluent blended with stormwater (Page et al., 2010). Most studies used point values, or uniform
or lognormal PDFs based on literature data to describe pathogen removal (Figure 4-4). There was no
discernable pattern between type of PDF used and pathogen class.
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Figure 4-4: PDFs and LRVs used in characterizing pathogen removal in wastewater, advanced water treatment and drinking
water treatment. WWT 2° = secondary wastewater treatment, WWT 3° tertiary wastewater treatment, ESB = engineered
storage buffer, GW = groundwater, Duniform = discrete uniform, inv. gaussian = inverse Gaussian.
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Of the studies which provided reasoning for using PDFs, three used point estimates for LRVs only when
data was insufficient (Ander and Forss, 2011; Barker et al., 2013; Amoueyan et al., 2017, 2019a). Four
studies (Page et al., 2010; Ayuso-Gabella et al., 2011; Bartak et al., 2015; Bergion et al., 2018) used
triangular PDFs, citing multiple literature sources (Westrell, 2004; NRMMC-EPHC-AHMC, 2006;
Smeets et al., 2006; NRMMC-EPHC-NHMR, 2008; @degaard et al., 2009). Smeets et al. (2006) was
often cited as a source for using triangular distributions to describe removal during treatment, reasoning
that the distribution is a good ‘first-pass’ representation of process variability and uncertainty when a
Monte Carlo analysis is used to sum up pathogen removal over many treatments. Along with normal
distributions, triangular distributions display a measure of central tendency to describe data more
realistically than uniform distributions (Vose, 2008), but do not require that data is normally distributed.
Therefore, it could be applied when enough point value LRVs exist to determine a minimum, maximum,
and most likely/mean/median LRV value for a treatment, particularly for AWT unit treatments (see
below).

AWT pathogen removal distributions were found to be site and assumption specific. Many treatment
steps, including GAC, BAC, BAF, WWT 3°, Os, and ESB were categorized only by point values or
uniform distributions due to lack of empirical data. On the other hand, RSF, NF, and MBR were
categorized only by PDFs and had no point value LRVSs. Treatment steps where PDF ranges were greater
included UV, RO, DWT, and Cl,, while the opposite was true for UF, Oz, and MF (and Cl, for
norovirus). However, most treatment steps utilized the same ranges of LRVs for PDFs and point values,
leading to the suggestion that the discrete point values could be transformed to stochastic PDFs to supply
more information about the uncertainty and variability embedded in the LRV of the treatment step.

Additionally, the relatively few studies describing DPR/IPR systems (in comparison to irrigation
studies) investigating numerous treatment steps led to an overrepresentation of the same datasets from
the same few authors, skewed towards point LRVs. This is especially noticeable for processes such as
UF, UV and UV-AOP, RO, O3, MF, and other DWT processes, which were mainly described by point
values and uniform distributions in 6 studies by 2 authors (Amoueyan et al., 2017, 2019b, 2019a; Soller
et al., 2017, 2018a, 2018b). Often the authors used the same dataset or changed the parameters only
slightly, causing their results to be overrepresented in the overall results of this review. Since both of
these authors conducted extensive literature reviews, the values they used are representative of removals
found in research, framed in accordance to maximum attributable LRV guidelines. However, data from
studies which describe large demonstration-scale facilities such as Pecson et al., (2017), or are based on
extensive literature reviews such as Soller et al., (2017), as well as data available in other reports or
publications which are not peer-reviewed like Salveson et al. (2018), could be anonymized and made
available as open source, so that future screening level QMRASs would have access to empirical raw data
to build their own PDFs, instead of relying on point value LRVs or reports of PDFs used in other studies.

Pecson et al. (2017) was the only study found which fit PDFs to empirical, albeit surrogate, data for the
AWT investigated and explained how PDFs were selected. Although most studies adapted LRVs or
sometimes PDFs from literature, care must be taken that operational parameters used to obtain the
literature LRVs (i.e. ozone contact time, UV fluence) most closely reflect the desired treatment
performance. Studies did not test multiple PDFs or discuss PDF effect on final risk, although the
methodology of Pecson et al. (2017) is exemplary for studies wishing to do this. Due to the
heterogeneous nature of literature reporting LRVs for AWT and DWT - i.e., whether LRVs were
obtained from ambient concentrations or challenge tests or both (Chaudhry et al., 2017) — and until an
open source database exists, risk assessors are encouraged to refer to the Sl of this review and conduct
their own literature reviews to collect LRVs which most accurately represent the particular treatment
and operational conditions being investigated. If enough literature or empirical data exist, triangular
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distributions as recommended in Smeets et al. (2006) could be considered, but readers are directed to
statistical references to determine whether this is applicable for their data (\Vose, 2008).

4.3.2.3 Managed Aquifer Recharge

Only 4 studies provided LRVs for MAR, bank filtration, or GW related treatment (Ayuso-Gabella et al.,
2011; Bartak et al., 2015; Amoueyan et al., 2017; Bergion et al., 2018), the majority of which were point
values. The lack of QMRA studies discussing removal in MAR is notable, and currently there is much
debate around LRVs attributed to MAR systems. When there is information available, where the log
reduction can be assessed either on a per meter (Bergion et al., 2018) or per day (Ayuso-Gabella et al.,
2011) basis, this helps to determine the critical retention time required for the MAR system to reach a
target LRV. In studies that used a PDF to describe removal or concentration, the PDF of choice was
triangular: Verbyla et al., (2016) quantified pathogen concentrations in river samples and in riverbank
filtrate, Bartak et al., (2015) characterized LRVs in bank filtrate, and Ayuso-Gabella et al., (2011)
described residence time and pathogen decay rate, all using the triangular distribution.

The approach in Ayuso-Gabella et al., (2011) was particularly interesting, as it calculated MAR removal
as the product of residence time and pathogen decay, both of which were mainly characterized by PDFs.
Although removal was capped at 6 LRVs per regulatory guidelines (NRMMC-EPHC-NHMRC, 2009),
this approach allowed the authors to examine LRVs achieved after certain travel times at higher
resolution, and to determine which pathogens were most critical for their MAR systems (Ayuso-Gabella
etal., 2011). Such an approach, where enough information is available or in combination with literature
data, is recommended to allow a more quantitative assessment of efficacy on a site-specific basis (Page
et al., 2010). Readers can consult recent die-off studies for more information on these parameters
(Boehm et al., 2018), but assessors should consult their local guidelines to determine whether die-off is
considered in the assignment of LRVs for MAR, and how regulatory LRVs can vary from observed
LRVs. This can further optimize MAR removal, by narrowing the distribution describing the optimal
residence time to determine optimal time for achieving proper reduction during subsurface treatment.

Likely due to the limited amount of empirical pathogen removal data available for the MAR systems
investigated, no studies mentioned alternative PDFs, and therefore no evaluation of selected PDFs on
final risk was possible. More publication of decay rates of pathogens in the subsurface is needed so that
a better assessment of removal efficiency and health risk can be conducted (Toze et al., 2010; Gerba and
Betancourt, 2019).

The importance of conducting a QMRA for a MAR system, due to increasing interest in non-membrane
based reuse treatment trains, underlines the need for more empirical data collection as well as a
discussion on how many LRVs MAR systems can and should be credited with. The usage of triangular
distributions to characterize aspects of removal in MAR systems seems to be higher than in other
treatment steps, and should continue to enable further optimization of systems.

4.3.2.4 Failure and hazardous events

Operational failure or other hazardous events can lead to increased final risk if not properly mitigated
or planned for. Such extreme events, particularly in the short term, can result in the highest risk to
consumers and underline the importance of selecting a PDF which correctly accounts for this region
(Petterson et al., 2001; Smeets et al., 2006; Soller et al., 2018b; Amoueyan et al., 2019a). Failure was
particularly relevant for IPR/DPR systems, noted by the distribution of studies discussing failure: one
irrigation study (Agull6-Barceld et al., 2012) versus six potable reuse studies (Ander and Forss, 2011;
Amoueyan et al., 2017, 2019a, 2019b; Pecson et al., 2017; Soller et al., 2018b), the majority of which
also conducted a sensitivity analysis to determine how failure affected final risk, with the exception of
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Soller et al. (2018b). Although not a focus of this review, both individual and compound failure in
potable reuse systems (Amoueyan et al., 2017, 2019a), i.e. when one or more treatment steps fail, as
well as frequency, magnitude and duration of failure should be carefully considered when discussing
variability of treatment train efficacy and reliability, as well as redundancy (Pecson et al., 2017). For
these systems, the comparison of acute failure events to an annual risk level, and whether acute risks
should be emphasized more when setting future normative guidelines (Owens et al., 2020) is important.
Again, providing open access to large datasets such as the ones referenced in (Pecson et al., 2017; Soller
etal., 2017, 2018a) would immeasurably help future QMRA studies select PDFs.

4.3.3 Health effects assessment

The theory behind selecting the proper dose-response model for a pathogen depends on the approach
taken: whether a blanket assumption will be made (exponential or beta Poisson) or whether a separate
model for low-doses (linear) will be used (World Health Organization, 2016). Certain dose-response
models adhere to the single-hit (also called independent-action) model theory, which says that every
ingested pathogen acts independently and has an individual probability of causing infection (Haas, 1983;
Teunis and Havelaar, 2000; Haas et al., 2014). Single hit models are usually exponential or Poisson
distributions, where the upper limit of infection probability is the probability of exposure and is
represented with a maximum risk curve, and a summary of models for 9 commonly studied pathogens
is available (World Health Organization, 2016). High and low dose-response approximations are
governed by different equations for Campylobacter, rotavirus, and Cryptosporidium in guidelines
(World Health Organization, 2016). This has implications for risk calculated for the finished water, as
the response of the general population, and especially susceptible individuals, to an ingested dose
influences final risk.

4.3.3.1 Dose-response

Protozoa dose-response models were mainly exponential, whereas virus and bacteria dose-response
models were mainly various Poisson distributions (Figure 4-5). Hypergeometric functions are used when
the sample size in comparison to population size is small, while Poisson distributions (an approximation
of the hypergeometric distribution) are used for large populations, random sampling, and if there is a
constant chance for the event to occur (Vose, 2008).

In selecting appropriate dose-response models, certain elements should be carefully considered: which
pathogen strain, exposure route, and population subset should be modeled; which model to choose if
there is no universally accepted model (Teunis et al., 2008); how does model choice cover very low
doses (Amoueyan et al., 2019a); how does aggregation affect pathogen concentration (Mok et al., 2014;
Van Abel et al., 2017; Gerba et al., 2018); and whether units for characterizing concentrations are the
same as those used in the selected dose-response model (i.e. gene copy number from PCR measurements
vs. CFU from cultivation studies). While not an exhaustive list, these points were either mentioned in
the studies or noted as having particular importance.
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Figure 4-5: Dose-response models used in the studies. Beta b. = beta binomial, approx. BP = approximated beta poisson, FP
= fractional poisson, exp. w/imm. = exponential with immunity, BP = beta poisson, HG = hypergeometric, exp. = exponential.

Ten studies explicitly tested different dose-response models (Agullé-Barcel6 et al., 2012; Barker et al.,
2013; Verbyla et al., 2016; Chaudhry et al., 2017; Ito et al., 2017; Pecson et al., 2017; Soller et al., 2017,
2018a; Chandrasekaran and Jiang, 2018; Amoueyan et al., 2019a). Five additional studies mentioned
testing alternative PDFs (Seidu et al., 2008; Barker-Reid et al., 2010; Ander and Forss, 2011; Symonds
et al., 2014; Amoueyan et al., 2017), for a total of 15/43 (35% of papers).

Whether or not testing multiple dose-response models for all pathogens is a useful exercise is debated
in the literature. One study mentioned that the testing of a fractional Poisson model in comparison to the
baseline exponential model for Cryptosporidium increased the final risk nearly 8 times (Amoueyan et
al., 2019a). Model selection and assumptions should be clearly explained in studies: exponential
distributions are continuous, while beta Poisson distributions are discrete, and beta Poisson or fractional
Poisson models are more suited to describe the higher risk at lower pathogen doses likely to be
encountered in drinking water applications and therefore result in higher risk (Agullé-Barcel6 et al.,
2012; Soller et al., 2017; Amoueyan et al., 2019a). On the other hand, Ito et al. (2017) tested a
hypergeometric and a beta Poisson dose-response model for norovirus and determined that the selection
actually had no effect on LRVs for norovirus in their irrigation scenarios (as both distributions are in the
same family (Vose, 2008)). However, testing different models, even when dose-response models are
widely accepted, can strengthen model certainty (Chandrasekaran and Jiang, 2018; Amoueyan et al.,
2019a). Studies which did this highlighted the importance obtaining a wider estimate of the annual risk
of infection by propagating variability through to final risk (Soller et al., 2017, 2018a). Required LRVs
can differ by 3 orders of magnitude depending on which norovirus dose response model is used
(Amoueyan et al., 2019a; Emelko et al., 2019), and Verbyla et al., (2016) showed that the correlation
between dose-response model and disease burden was greater than between source water concentration
and disease burden. Soller et al. (2018a) showed that changing the norovirus dose-response model
increased the cumulative annual risks by 2 orders of magnitude. For norovirus, two studies from the
same group found the lowest risk when using fractional Poisson models (Soller et al., 2017, 2018a),
while another study found fractional beta Poisson to have highest risk (Chandrasekaran and Jiang, 2018).
This, coupled with the increasing usage of norovirus in potable reuse QMRAS and recent evidence that
norovirus concentrations in raw sewage are higher than previously assumed (Van Abel et al., 2017),
shows that at least for norovirus, testing multiple dose-response models is a worthwhile exercise. A
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critical consideration is the (dis)aggregation of norovirus, which is central to interpreting the magnitude
of determined norovirus concentrations.

In order to determine whether testing multiple dose-response models is useful, assessors are encouraged
to conduct a sensitivity analysis to determine how much the dose-response affects final risk, taking
additional conservative estimates if/when necessary. If the treatment scenario warrants a higher certainty
of treatment quality, or if the model choice greatly affects the final risk in a sensitivity analysis, testing
multiple PDFs is recommended. If not, dose-response model selection should be informed by guidelines
and databases (World Health Organization, 2016; CAMRA, 2020). Additional microbiological
considerations include uncertainties about the infectious status of pathogens, and how they interact with
other organisms within the water matrix, both of which were outside of the scope of this review.

4.3.3.2 Health outcomes and disease burden

Health outcome values are described by tolerable thresholds, either by the concept of DALY's per person
per year, or by a likelihood of infection occurrence per subpopulation per year. DALY's can be adapted
for different reference level of risks depending on the pathogen or disease being investigated.

However, these guidelines are not immune to debate: one study argued that 10° DALYSs, which
translates to a 10 disease risk pppy from consuming drinking water, should be reduced to a 107
infection risk pppy when dealing with water reuse in agriculture (Mara et al., 2007). The authors
reasoned that a 10 tolerable infection risk pppy is already 1-2 orders of magnitude lower than the
average instances of diarrheal disease, estimated to be between 102-1 pppy (Mara et al., 2007). This
proposed adjustment of tolerable disease risk to the community specific incidences of disease was then
supported by a standalone publication (Mara, 2011), a publication discussing the reasoning behind the
setting of threshold values (Sinclair et al., 2015) and subsequent QMRA studies, which tested lower
thresholds of tolerable annual disease burden adapted to their socio-economic and local contexts (Barker
etal., 2013; Pavione et al., 2013; Mok and Hamilton, 2014; Bartak et al., 2015; Beaudequin et al., 2016;
Ito et al., 2017; Moazeni et al., 2017). The most recent WHO guidelines addressed this by stating that
10° DALYs may not be realistic in some locations and circumstances, especially where overall disease
burden comes from multiple exposure routes, therefore setting a lower level of tolerable risk (104-10°
DALY:s) would also provide safe water (World Health Organization, 2017b).

The studies evaluated in this review were almost evenly split between using 10° DALY (27/43) and
10 risk of infections per year (23/43) (Table 11-3). Only point values or uniform distributions were
used, with 30% of studies published after 2016 calculating both risk scenarios to better classify
performance, which, although small, could be a trend. Interestingly, when more than one tolerable
threshold is reported at the end of a QMRA, the model can have conflicting findings: the risk of infection
may be under the appropriate threshold, while annual risk of infection or annual disease burden may not
be (Beaudequin et al., 2017; Owusu-Ansah et al., 2017; Bergion et al., 2018; Amoueyan et al., 2019a).
Such discrepancies can be addressed by using probabilities instead of point values, which would give
better insight into how the system performs in relation to final risk. In this section, no alternative PDFs
or values were tested and effect on final risk was not discussed.

4.3.4 Exposure

Exposure in potable reuse can occur by direct ingestion via drinking and in non-potable reuse via
aerosols, incidental ingestion or crop consumption. High water intake via ingestion (drinking) was
described using mainly lognormal but also normal, exponential and triangular distributions, in line with
the WHO recommendation of using lognormal PDFs to describe daily consumption volumes (World
Health Organization, 2016). Low unintentional water intake via aerosol and intentional consumption of
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crops irrigated with reclaimed water was described by point values or a uniform PDF. It seems that high
intake was modeled using skewed distributions (lognormal, exponential, triangular = more knowledge
about predicted value), while low intake was modeled using uniform distributions or point values (less
knowledge about predicted value), providing insight for future assessments. Considering all 3
distributions can be recommended. Studies neither tested alternative PDFs nor discussed effect on final
risk.

As numerous guidelines controlling the quality of reclaimed water for agricultural reuse exist (World
Health Organization, 2006; CDPH, 2014; EU Parliament, 2020), adhering to local guideline values is
imperative. Studies undertaking a non-potable reuse assessment should additionally consider how far to
model exposure —to farmers and field workers in industrialized vs. labor-intensive agricultural practices
(Mara et al., 2007), to market workers selling irrigated vegetables, or to consumers eating lettuce-based
salads (Owusu-Ansah et al., 2017) or other vegetables (Barker, 2013; Mok et al., 2014). Irrigation via
restricted vs unrestricted scenarios also affects crop type the workers or consumers are exposed to (Mara
et al., 2007). When enough data exists, a more comprehensive assessment depending on when harvest
occurred in the life of the crop can be undertaken (Chandrasekaran and Jiang, 2018). Assessors should
also consider how local consumption of crops could be different from WHO guideline values (Pavione
etal., 2013; Verbyla et al., 2016).

4.3.5 Sensitivity analysis

Sensitivity analyses were conducted to determine the importance of a variable in most studies (32/43)
(Figure 4-6). The importance is determined by the log of the ratio between the risk when one variable is
excluded, and the risk when all variables are included. Studies use sensitivity analyses to estimate
treatment barrier relevance and contribution (Page et al., 2010); to determine which variables
contributed to the uncertainty (Chaudhry et al., 2017); to quantify the effect of pathogen concentrations
in source water and dose-response models on final risk (Soller et al., 2017, 2018a); and to determine the
impact of assumptions on daily per capita water consumption and different dose-response functions
(Pecson et al., 2017). Out of these 32 studies, the majority (18/32) also evaluated alternative or
mentioned alternative PDFs for treatment or dose-response (14/18).

Seven of the 32 studies further provided explicit factor sensitivity values, quantifying how much risk
changed in the positive or negative direction in the absence of a specific variable. Another 13 of the 32
studies utilized the non-parametric Spearman rank order correlation, which defines a correlation
between two variables to identify variables with the greatest influence on the uncertainty of the output,
where high correlation indicates low uncertainty.

Relationships between variables in water reuse systems have also been described using various
simulation and modeling approaches. Monte Carlo simulations are a class of computation algorithms
for generating data from probability distributions, and a particularly useful way of assessing complicated
risk scenarios with high inherent uncertainty. Latin Hypercube sampling and Markov Chain Monte Carlo
methods are ways to sample the distributions generated in Monte Carlo methods if the PDF is
parametrized (described by mean, standard deviation, etc.). Bayesian networks, which are directed
acyclic graphs where variables, referred to as nodes and represented by PDFs, are causally connected to
one another. Bayesian networks share some of the advantages of Monte Carlo simulations, such as the
ability to express uncertainty using PDFs, but have additional benefits, as these networks can
accommodate expert opinion/knowledge in addition to PDFs and are capable of immediately updating
parameter values whenever new evidence is added into the network or a variable state is changed
(Greiner et al. 2003; Jensen and Nielsen 2007). Drawbacks of Bayesian networks include absence of
feedback loops and possibly large computational requirements as the inclusion of more variables causes
networks to grow (Greiner et al., 2013).
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Figure 4-6: Approaches used by the studies for statistical modeling and sensitivity analysis. A 100% value on the x axis
represents all 43 studies.

To determine whether results of different simulations were statistically significant, studies applied the
Wilcoxon rank sum test, the Mann-Whitney-Wilcoxon non-parametric test, the analysis of variance, and
Tukey’s test (Barker et al., 2013; Verbyla et al., 2016; Soller et al., 2017). Further results are depicted
in Table 11-4.

4.4 Conclusions

This review identified assumptions regarding whether distributions or point estimates were used in
literature to characterize pathogen densities in raw wastewater, which distributions were used to describe
pathogen removal of various wastewater and water reuse treatment steps, which distributions were used
for dose-response models, and whether PDF choice affected final risk. The following key findings were
revealed:

e The benefit of moving towards PDFs for describing concentration or LRV allows a more
comprehensive assessment of final risk and a more nuanced inclusion of risks from failure
events in potable and non-potable reuse scenarios.

e Pathogen concentrations in raw wastewater were described by lognormal PDFs and point
values, in treated wastewater by point values, and in de facto source water by lognormal,
uniform and gamma PDFs. Where a stochastic approach is desired for characterizing
concentrations, uniform or triangular distributions can be fit to point value data, depending on
the scale of the QMRA (site-specific vs. generalized risk) and whether a central tendency exists
to employ the triangular distribution.

e Pathogen removal in wastewater treatment was most often described by point values and
uniform distributions, and in advanced and drinking water treatment by point values and
uniform and lognormal distributions. Treatment steps with the least LRV information were
MAR, BAC, BAF, ESB, GAC, MBR, NF, and RSF. More data on pathogen removal is
necessary for treatment trains which aim to include these steps. Most treatment steps were
characterized by the same LRVS, regardless of whether PDFs or point estimates were used to
describe removal. Assessors should therefore consider utilizing triangular distributions to better
describe uncertainty and variability in the removal, in accordance with the discussion in the
above bullet point.
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o OQMRA studies on MAR systems were few in number, highlighting the need for more
assessments and a discussion on how many LRVs MAR systems should be credited with.
Studies are already using triangular distributions for LRVs, and should continue to do so.

o While choice of dose-response model should be selected after consulting guidelines and
databases (Haas et al., 2014; World Health Organization, 2016; CAMRA, 2020), testing
multiple models can increase the resolution of final risk. Particularly for the high-risk end of the
scale, as well as from a failure/hazardous event standpoint, testing different dose-response
models should be done when the choice of PDF is insufficiently supported by literature, or when
a sensitivity analysis reveals that PDF choice is a critical factor for final risk.

e Alternative PDFs for pathogen removal in treatment or different dose-response models were
tested in 16/43 studies, with an additional 7 studies mentioning alternate PDFs. Of these 16,
only 12 explicitly discussed the effect of PDF selection on final risk. Discussing this is
recommended for all studies in the future as a detailed assessment of this will not only improve
the reliability of the study, but also inform future studies conducted on similar treatment trains.

e Regardless of country of origin, calculating both risk levels (DALYs and annual risk of
infection) is worthwhile to determine how the treatment train performs.

e Sensitivity analyses were used in 32/43 studies to determine which components in the treatment
train exert the greatest influence on final risk, with most of the 32 studies also evaluating
alternate PDFs or models. Identifying how assumptions affect final risk has been identified as
incredibly important in guidelines (World Health Organization, 2016) and should become a
standard part of future QMRA studies.

e An open source database for source water concentrations, and concentrations or LRVs for
treatment steps (such as the information embedded in the Aquanes QMRA tool or QMRASspot
(AquaNES, 2016a; RIVM, 2016)) would facilitate equal access to information for future QMRA
studies. Facilities equipped with the ability to sample advanced treatment systems at high
resolution (Smeets, 2008; Pecson et al., 2017) could upload their (anonymized) normal and
event-monitoring data to allow new QMRA studies to access more comprehensive
concentration information. The same anonymization and uploading of data could be done for
MAR systems, which also likely have years’ worth of logged data (Dillon et al., 2019; Donn et
al., 2020). While this review focused on data presented in peer-reviewed articles, a notable
amount of QMRA studies have not been published in journals, and data sits in institutional,
project or agency reports, such as the notable amount of data in Salveson et al., (2018) not
published in Soller et al. (2017, 2018a). Data used for such studies could also be anonymized
and included in QMRA-source databases.

In addition to the aforementioned conclusions, future studies could also consider additional parameters,
including how failure and hazardous events impact final risk and PDF selection; which surrogates are
most informative for which pathogen(s) and treatment process combinations; conducting event
monitoring sampling; and in what state pathogens are present in effluents (i.e., infectious vs dormant,
independent or sorbed/embedded, etc.). This will improve the assessment of risk in water reuse systems
as more treatment trains will come online in the coming years.
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Abstract

Risk-based approaches are used to define performance standards for water and wastewater treatment to
meet health-based targets and to ensure safe and reliable water quality for desired end use. In this study,
a screening level QMRA for a non-membrane based indirect potable reuse (IPR) system utilizing the
sequential managed aquifer recharge technology (SMART) concept was conducted. Ambient removals
of norovirus, Campylobacter and Cryptosporidium in advanced water treatment (AWT) steps were
combined in a probabilistic QMRA utilizing Bayesian networks constructed in Netica. Results revealed
that all pathogens complied with disease burden at the 95th percentile, and according to the assumptions
taken about pathogen removal, Cryptosporidium was the pathogen with the greatest risk. Through
systematic sensitivity analysis, targeted scenario analysis, and backwards inferencing, critical control
points for each pathogen were determined, demonstrating the usefulness of Bayesian networks as a
diagnostic tool in quantifying risk of water reuse treatment scenarios.

Is the risk acceptable?.. |
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5.1 Introduction

Potable reuse has become a more viable option to combat water shortages as an increasing number of
projects consistently produce appropriate water qualities (US EPA, 2017; World Health Organization,
2017a). These can be achieved through applying advanced treatment after conventional wastewater
treatment by using combinations of oxidative, adsorptive, biological, or physical processes. Potable
reuse can be either indirect or direct. In indirect potable reuse (IPR), advanced treated water is introduced
into a groundwater aquifer or surface reservoir, where it undergoes further natural transformation
processes before abstraction and use as raw water for drinking water treatment (DWT) plants. In direct
potable reuse (DPR), advanced treated water is either directly fed into the raw water supply of a DWTP
or into the distribution system, where it might be blended with other water sources (World Health
Organization, 2017a). Potable reuse is now practiced on nearly every continent and many of these
projects favor membrane-based treatment trains (Tang et al., 2018): Europe (Van Houtte and
Verbauwhede, 2013), Africa (Ander and Forss, 2011; Khan, 2013; Lahnsteiner et al., 2018), Asia
(Ghernaout et al., 2019), Australia (Radcliffe and Page, 2020), and North America (US EPA, 2017).

To reduce energy costs and brine disposal, in particular for inland applications, research groups have
begun to explore alternative non-membrane-based treatment systems. Managed aquifer recharge (MAR)
has been identified as a multi-objective treatment process, where a combination of different attenuation
mechanisms (i.e., biodegradation, sorption, filtration, dilution, die-off) significantly improves the
microbiological and chemical quality of the infiltrated water (Regnery et al., 2017a). MAR systems can
be optimized by controlling key operational factors such as redox conditions and carbon concentrations
in the subsurface, which determine the primarily biological removal efficiency of chemicals and
pathogens (Hellauer et al., 2018; Regnery et al., 2017b, 2016; Zhang et al., 2019). Modified engineered
biofiltration systems have shown that establishing controlled redox and carbon conditions can be
achieved at a much smaller footprint than in conventional MAR systems (Muller et al., 2017). Another
engineered solution, the sequential managed aquifer recharge technology (SMART), combines two
infiltration systems with intermediate aeration (Hellauer et al., 2018, 2017; Regnery et al., 2016). This
was further improved in the SMART plus concept, which utilizes high-rate trench infiltration technology
and in situ oxygen injection through gas-permeable membranes to optimize flow, carbon concentrations
and redox conditions for efficient removal of chemicals and pathogens during short travel times
(Karakurt-Fischer et al., 2020b). Combining SMARTplus with subsequent adsorptive or oxidative
processes could potentially provide a reliable IPR treatment train at significantly lower energy demand
than membrane based systems.

To consistently meeting stringent water quality requirements, preparing Water Safety Plans (WSP) can
be used to identify health-based targets, ensure proper surveillance, and determine critical control points
(CCP) (World Health Organization, 2017b). Proposed treatment trains can undergo a screening level
risk analysis prior to construction, and validation and monitoring after commissioning. One tool used to
determine whether health-based targets are met is quantitative microbial risk assessment (QMRA).
QMRA is a probabilistic evaluation of the pathogens present at each treatment step, coupled with
exposure scenarios and dose-response models, for an ultimate characterization of the risk from exposure
to the treated water. This information can be used to analyze the efficacy of a treatment train, as well as
to characterize how much the variability and uncertainty of individual treatment steps contribute to
overall uncertainty in final water quality, and is particularly useful in the selection and design of multi-
barrier reuse approaches. QMRA can be used as part of a WSP and considers local information when
quantifying tolerable health burden in terms of disability adjusted life years (DALYs) (World Health
Organization, 2016). Screening level QMRAs can evaluate whether a treatment train will be able to
reach the health-based target before operation commences. However, a large amount of data is needed
for QMRA, which can be difficult, time intensive, and cost-prohibitive to obtain. In these cases, different
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statistical approaches, such as Bayesian networks (BNs), have been proposed to address the variability
associated with environmental datasets and attempt to combat the lack of data.

BNs provide intuitive management of uncertainty and variability when assessing the risk of system and
identifying management strategies (Beaudequin et al., 2016). They are probabilistic graphical models
represented as directed acyclic graphs, where direct dependence relationships between variables (nodes)
are represented by directed arcs connecting parent and child nodes (Scutari and Denis, 2015). Bayes
theorem, the underlying equation behind BNs, allows the estimation of a likelihood of a certain outcome.
BNs can be modeled in a probabilistic or a deterministic fashion, with nodes including two or more
mutually exclusive states or values, and the reasoning or inference is conducted in the same or opposite
direction to the causal arcs or links (depending on the type of inference) (Uusitalo, 2007). Nodes can be
discretized using expert knowledge or numerical approaches to set meaningful thresholds relevant for
removal verification. Three main types of inferences can be found in BNs, namely causal, diagnostic
and intercausal reasoning. In causal reasoning, the information follows the direction of the arcs, whereas
in diagnostic reasoning information flows against the direction of the arcs. Intercausal reasoning is also
called the ‘explaining away effect’ and allows inference between competing hypotheses or causes of a
common effect (Kjaerulff and Madsen, 2008). Such features are particularly useful when discussing risk
scenarios and identifying CCPs. Likewise, since nodes are expressed as probability distributions, BNs
are exceptionally suited to quantifying uncertainty, which is especially helpful when assessing risk in a
water reuse system. However, BN usage in QMRAs has not been widely explored, with only individual
applications in potable reuse practices (Beaudequin et al., 2017, 2016, 2015; Verbyla et al., 2016). More
standard approaches for generating samples from probability distributions include Monte Carlo or Latin
Hypercube simulations (Zhiteneva et al., 2020a). The lack of BNs in published QMRAs could stem
either from the difficulty of integrating mathematical equations in a network which includes joint
probability distributions of all nodes, or from resolution of the results, because of the exponential growth
of the parameters required when many variable states are used. If a large network is constructed with
many parameters, the size and processing time is large, a problem not experienced in Monte Carlo
simulations. However, the benefits of using BNs in QMRAs warrant further exploration and utilization.

The aim of this study is to assess the operational feasibility of the newly developed SMARTplus concept
as a key process of a non-membrane based IPR treatment train used for subsequent drinking water
production. For this purpose, a screening level Bayesian network QMRA for key pathogens using a
combination of literature and empirical data was conducted.

5.2 Methods
5.2.1 Treatment train of interest

The proposed IPR treatment train is comprised of advanced biological, chemical and physical processes
providing a multi-barrier treatment approach for microbial and chemical contaminants (Figure 5-1). The
starting point was pathogen concentrations in raw sewage, after which a biological wastewater treatment
plant (WWTP) was modeled as a conventional activated sludge treatment plant with primary
(mechanical) and secondary (biological) treatment for carbon, nitrogen and phosphorus removal. Further
turbidity removal occurred during tertiary treatment comprised of rapid sand filtration (RSF). The
SMARTDplus treatment step, a technical sand biofilter operated at a 0.58 m/h effective velocity and a
hydraulic residence time of 12-13 h, provided 2.2-3.1 ambient log reduction of viruses and phages
(Karakurt-Fischer et al., 2021). The SMARTDplus effluent was then fed to a granular activated carbon
(GAQ) filter contributing to chemical removal. However, as removal of viruses and protozoa in a GAC
adsorber is rather low (Smeets et al., 2006), the GAC filter was omitted from the modeling. Subsequent
ultraviolet (UV) irradiation at 180 mJ/cm? served as an additional pathogen inactivation barrier. Next,
the advanced treated effluent was injected into a sandy aquifer with an assumed subsurface residence
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time between 50 and 120 days. Finally, the abstracted water was subject to conventional drinking water
treatment via aeration followed by dual media filtration (sand and anthracite) for iron and manganese
removal. Given the long residence time in the subsurface, no additional post-treatment disinfection was
considered.

Rapid Drinking
Biological sand SMARTplus GAC uv Groundwater water
treatment filtration disinfection recharge treatment

A

Sewage mmp ms

- - -

O Sorption & biodegradation O Sorption & filtration O Sequential biodegradation O Photodegradation O Sorption O Die-off

Figure 5-1: Investigated IPR treatment train employing sequential managed aquifer recharge technology followed by GAC
filtration and UV disinfection prior to groundwater recharge.

5.2.2 Risk assessment

5.2.2.1 Hazard identification

Pathogens of interest in this study were norovirus (virus), Cryptosporidum spp. (protozoa) and
Campylobacter (bacteria), which are recommended by the WHO when assessing potable reuse systems
(World Health Organization, 2017a). All three pathogens cause gastroenteritis, warranting them relevant
reference pathogens for assessing human risk (NRMMC-EPHC-AHMC, 2006). Although the WHO
Guidelines for Drinking-water quality list rotavirus as the reference pathogen (World Health
Organization, 2017b), the imminent development of a rotavirus vaccine, in addition to the fact that
nearly 20% of acute diarrheal diseases worldwide are caused by norovirus, led the WHO to select
norovirus as the reference virus in their potable reuse guidelines (World Health Organization, 2017a).
Therefore, norovirus was evaluated in the present study.

5.2.2.2 Determining source water concentrations and removal efficiencies

As the proposed IPR treatment train was not yet operational at full scale, literature values for
distributions and point values of each pathogen concentration in raw sewage, as well as ambient removal
in each treatment step, were collected. Studies describing concentrations and removals were obtained
by searching for the three aforementioned pathogens in water reuse studies in Scopus. Log reduction
values (LRVS) and probability distribution functions (PDFs) from literature were compiled for similar
operating conditions of the targeted individual processes to determine which distribution or point value
best described performance. When numerous distributions were available, studies or guidelines whose
operational parameters most closely matched the desired operational parameters of the current train were
selected. Uniform distributions were applied to studies reporting minimum/maximum LRVSs.

Only ambient pathogen concentrations studies were used in this analysis, as the focus was on observed
removal, not treatment validation. This resulted in very conservative risk assessment, particularly in
treatment steps where removal is biologically dominated.

5.2.2.3 Health effects assessment
Dose-response models were also obtained from literature. As noted in Zhiteneva et al., 2020a, dose-

response model choice can noticeably affect the final risk, therefore two dose-response models were
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assessed for each pathogen (Table 5-1). Reasoning for dose-response model selection can be found in
the Supplementary Information (SI) (section 11.3).

Table 5-1: Dose-response models tested in this study.

Model Equation Parameters Source
Approximate

; d - =0.104
beta Poisson Py, =1— [1 + {—Ose}] C;g _393 Van Abel et al. (2017)
Norovirus (BP) B B
Fractional d P=0.722
Poisson Py =P*(1—e 1) 1= 1106 Messner et al. (2014)
Fractional
. P; =P(1 - -D P=0.737
Crvbtosporidium PSSO ing = P =€) 0.73 Messner and Berger
S Exponential Py =P —e™P) P=0737 (2016)
P i r = 0.0022
. M I. (1
Approximate a=0145 edema et al. (1996),
BP B =759 World Health
Campylobacter —————— P =1 (1 + N)_a - Organization (2016)
> me B _ Teunis et al. (2005),
Exact BP «=0.024 World Health
g =0.011

Organization (2016)

5.2.2.4 Exposure assessment

Exposure to pathogens in drinking water varies widely and often represents the greatest source of
uncertainty in risk assessments (Haas et al., 2014). Intake via drinking is generally modeled using
lognormal distributions (Astrém et al., 2007; Barker et al., 2013; Sato et al., 2013; Chaudhry et al., 2017;
Pecson et al., 2017). WHO guidelines recommend lognormal PDFs for describing daily high
consumption (World Health Organization, 2016), which was the distribution taken for this study (n =
0.65, 0 = 0.53).

5.2.2.5 Risk characterization

The pathogen dose at the point of exposure D was calculated using Equation 5-1:
D = Cpwr *V Equation 5-1

where Cpyr is the pathogen concentration after the final drinking water treatment step and V' is the
volume in liters ingested by an individual. The daily risk of infection P;,,» was estimated using the dose-
response relationships identified for each pathogen.

The annual risk of infection Pjfqnn) Was calculated using Equation 5-2 (World Health Organization,

2016), assuming that the consumers ingest only drinking water that has been augmented by reclaimed
water and are thus exposed to the risk all year long.

Pinf(ann) = 1 — (1 — Pjpg)36° Equation 5-2
The annual risk of illness Pjjjznny Was modeled using Equation 5-3 (World Health Organization, 2016):

Pill(ann) = 1:)inf(ann)Rill|inf Equation 5-3
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where R ins is the probability of illness given an infection. Finally, the annual disease burden of illness

of each pathogen, DBy, expressed as DALY per person and year, was modeled using Equation 5-4
(World Health Organization, 2016):

DBann = DBcase Pill(ann) Equation 5-4

where DB, is the pathogen specific disease burden per case of illness. In this study, the entire
population was assumed to be susceptible.

5.2.3 Bayesian network construction and validation

The BN model (Figure 5-2) was constructed in Netica 6.07 (Norsys Software Corp, 2019), and
comprised a number of variables including the type of pathogen to be analyzed, inlet and outlet
concentrations of pathogens, treatment step LRVS, exposures, dose-response outcomes and risks. Netica
allows higher resolution analytical and statistical evaluation of the network due to the much greater bin
capacity than in Beaudequin et al. (2015b), which used GeNle (BayesFusion) . Beaudequin et al. (2015b)
employed a QMRA model in which 2-4 states were used, which did not display any numerical outputs
and only provided information on the probabilities associated with each state. In contrast, Netica features
a numerical output on its graphical interface, allowing the user to visualize statistics such as means,
standard deviations, and 95" percentiles. Another advantage of Netica is the possibility of selecting a
range of values as evidence instead of single states. In this paper, most child nodes were an algebraic
transformation of one or more parent nodes: for example, outlet concentration for a particular treatment
step was computed from the inlet concentration and the LRV of that step. Parentless nodes were defined
using their individual distributions. A screenshot of the model is provided in Figure 11-5.

The model included an easy option to assess failure of each treatment step (i.e., 0 LRVSs) by using
selector nodes. Additionally, a second identical model with a common factor was built, which presented
a rank correlation of 0.5 between the common factor and the LRV nodes. The idea behind this
modification was to assess whether the performance dependency between the barriers would increase
or reduce the final risk. The common factor allowed simulation of scenarios where the LRV nodes
(WWTP, RSF, SMARTplus, UV, MAR and DWT) were conditionally correlated, meaning the
performance of one LRV node would be correlated by a factor of 0.5 to the other LRV nodes. Haas et
al. (2014) indicated that correlations should be considered when modeling risks, and that the existence
of correlations between variables will have an impact on the outcomes derived from such variables.
Since the impact usually becomes more important at the extremes of the distribution, Haas et al. (2014)
presented copulas as a useful methodology to simulate such conditions. The correlation factor was
modeled via rank correlation, using normal copulas to define the dependence between the common
factor and the correlated LRV nodes, and was incorporated into the model using Uninet (LightTwist
Software, 2019). Uninet supports continuous, discrete and function nodes using non-parametric
conditional correlations (i.e. conditional rank correlations) to capture dependencies between the
variables. For the LRV nodes, data obtained from Uninet was also used when learning the parameters
in Netica. Unlike the model without the common factor, in which the parameters were learned only from
equations, the parameters were obtained both from equations and the Uninet data in the model with the
common factor. A simplified illustration of how the common factor influences the Netica model is
depicted in Figure 5-2.
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Figure 5-2: Simplified information flow within the common factor Netica model (not all LRV nodes shown).

Both models were built by evaluating the equations of the network 1,000 times for each combination of
parent states without including uncertainty. To obtain numeric data from the nodes, the model was
sampled 10,000 times, which allowed precise generation of the marginal distributions from one or more
target nodes. Although Monte Carlo simulations are more suitable for forward prediction due to the
continuous nature of distributions used, the benefits of a BN lie in the graphical representation, the large
amount of data that can be represented, and the possibility of forward and backward inference, which is
particularly useful for determining CCPs and evaluating how unit treatment processes react under
particular risk scenarios. Although some model information is likely lost when discretizing continuous
distributions, a BN is more suitable for diagnostic inference.

The models presented in this study were constructed following best QMRA modeling practices and their
parameters were obtained from relevant published literature. Model validity was verified during the
different steps of the model construction including model structure, model discretization, model
parameterization and model behavior. Structure was based on the generic mathematical procedure to
calculate microbial risks through a QMRA framework (World Health Organization, 2016). Because
every node featured an equation, the inputs of such equations dictated the connections from parent
nodes. Nodes were discretized using Netica’s discretization tool for fixed and logarithmic divisions.
Monte Carlo simulations (n = 10,000) of the same models were conducted in the mc2d package in R (R
Core Team, 2019) to visually compare the BN results of the cumulative distribution function of the
disease burden outcome (Figure 11-4). Model parameters were obtained from the equations defined in
section 5.2.2 through the sampling procedure performed by Netica. Model behavior was tested through
sensitivity analysis, which allowed all associations between variables to be evaluated for accuracy: for
example, increasing the ingested volume of water should increase final risk.
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5.2.4 Evaluation methods and scenario analysis

A sensitivity analysis was conducted to determine which nodes exerted the most influence on final risk
and could be considered potential CCPs. The sensitivity analysis was performed by evaluating the
change in the 95" percentile values of the DALY's node under minimum and maximum values of the
tested node (i.e., raw sewage concentration, WWTP LRV, RSF LRV, SMARTplus LRV, UV LRV,
MAR LRV, DWT LRV, volume ingested, norovirus distribution and common factor nodes) and
visualized in a tornado plot. Unless otherwise noted, all numerical results reported in this paper describe
the 95" percentile value, which is a conservative value to assess when considering the uncertainty of
using literature data for specific treatment trains (World Health Organization, 2016) . Finally, numerous
scenarios were tested to evaluate the reaction of the model: 1) a high pathogen loading event; 2)
SMARTDplus performance failure; 3) MAR failure; 4) experimental norovirus removal; and 5) the effect
of the common factor. Additionally, a backwards inferencing exercise was conducted to determine
where the likelihood of failure of the treatment scenario is located.

5.3 Results and Discussion

Numerous guidelines, peer-reviewed papers, and grey literature were consulted when deciding upon
PDFs. Quite often the most reliable assumption came from guideline values (Table 5-2). Extended
reasoning for PDF selection can be found in the SI (11.3.1).

Table 5-2: Distributions used for pathogen concentrations or presence in the evaluated treatment steps.

Treatment step
(units of LRV,

Pathogen . Distribution & parameters Source
unless otherwise
noted)
Raw sewage Beaudequin et al. (2017),

(colony forming
units (CFU)/L)

Triangular (min 10, mode 7,000,
max 10°)

World Health Organization
(2017Db)

Secondary treatment

Triangular (min 0.6, mode 2, max
3.5)

Ayuso-Gabella et al. (2011)

Rapid sand filtration

Uniform (0.6, 2.8)

Mohammed and Seidu

Campylobacter

(2019)
. World Health Organization
SMARTplus Uniform (2, 6) (2017a)
L . World Health Organization
UV irradiation Uniform (4, 6) (2017a)

Subsurface removal

Triangular (min 0.02, mode 0.08,

Ayuso-Gabella et al. (2011)

(logiod?) max 1.5)
Dual media . NRMMC-EPHC-NHMR
filtration Uniform (0, 1) (2008)
Infection: illness 0.3 NRMMC-EPHC-AHMC
ratio ' (2006), World Health

Disease burden

4.6 x 10 DALYS per case

Organization (2016, 2017a)

Beaudequin et al. (2017),

Fzg:::szgfge Triangular i::: f(,);;ode 2,700, World Health Organization
Cryptosporidium Y (2017Db)
Triangular (min 0.5, mode 1, max
Secondary treatment Ayuso-Gabella et al. (2011)

1.4)
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Rapid sand filtration

Triangular (min 0, mode 2, max
3.1)

Smeets et al. (2006)

SMARTplus

Uniform (0.3, 6)

World Health Organization
(2017a)

UV irradiation

Uniform (4, 6)

World Health Organization
(2017a, 2017h)

Subsurface removal

Uniform (0.025,0.082)

Toze et al. (2010)

(logiod™)
Dual media . NRMMC-EPHC-NHMR
filtration Uniform (1.5, 2.5) (2008)
Infection: illness 0.7 NRMMC-EPHC-AHMC
ratio ' (2006), World Health
Disease burden 1.5 x 10 DALY per case Organization (2016, 2017b)
Raw sewage Triangular (min 0, mode 20,000, Adapted from.Wo.rId
(uniits/L) max 10°) Health Organization
(2017h)
Secondary treatment Uniform (0.5, 2) Karakurt-Fischer et. al.
Rapid sand filtration Uniform (0.06, 0.3) (2021)
SMARTplus Uniform (2.2, 3.0)

UV irradiation

Uniform (3.9, 4)

World Health Organization
(2017a)

Norovirus
Subsurface removal

Uniform (0.093, 0.174)

Regnery et al. (2017a)

(logiod?) (MS2 removal)
Dual media . NRMMC-EPHC-NHMR
filtration Uniform (0.5, 2) (2008)
Infection: illness 0.67 (Atmar et al., 2013)
ratio
Uniform Barker et al. (2013), Mok et

Disease burden

(3.71x 10*%, 6.23 x 10 DALYS5) al., (2014)
Volume ingested  Liters (natural log) Lognormal (0.65, 0.53) World He?zlghl%?anlzatlon

Residence time

Subsurface (d)

115-120

Expert opinion

Tolerable

<10°%
DALYs =10

Threshold value

World Health Organization
(2016)

5.3.1

Stochastic sampling of dose-response model scenarios

Two dose-response models per pathogen were tested to determine how model choice affected final risk,
with the more conservative dose-response model predicting the closest risk to 10 DALY s (approximate
beta Poisson for norovirus, fractional Poisson for Cryptosporidium, and exact beta Poisson for
Campylobacter) chosen for further analysis. The cumulative distribution functions of the chosen models
(with and without the common factor) are displayed in Figure 5-3, which shows that all pathogens
comply with the DALYs threshold at the 95" percentile. The common factor was modeled to observe
how the model would react if barriers were not independent, and although DALY s for all pathogens
increased by 0.6-3.5 logs (1.5 log for Cryptosporidium and 3.5 for Campylobacter), they were still under
the 10 threshold.
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Figure 5-3: Cumulative distribution functions (CDFs) of DALYs achieved using the approximate beta Poisson for norovirus,
the fractional Poisson for Cryptosporidium, and the exact beta Poisson for Campylobacter. Solid colored lines denote the
results for the models without a common factor (CF), whereas dashed colored lines denote the results for the models with a
CF.

However, maximum Cryptosporidium DALYSs exceeded the 10° DALY threshold, and in the model
with the common factor node, maximum DALY for all pathogens exceeded the threshold. This can be
explained by the common factor affecting the associations between the unit treatment barriers by causing
higher probabilities of exceedance at larger DALYs when compared to the model without a common
factor.

Unlike previous studies assessing pathogenic risk in IPR systems , the pathogen of importance for this
treatment train was deemed to be Cryptosporidium instead of viruses, which can be attributed to the
broad LRV range for the SMARTplus process (see Table 5-2 and SI). Prior QMRAs conducted on IPR
systems without microfiltration or reverse osmosis also found that greatest disease burden or annual risk
of infection (ARI) came from Cryptosporidium (Ayuso-Gabella et al., 2011; Soller et al., 2018a, 2017).
The treatment trains investigated in Ayuso-Gabella et al. (2011) featured secondary treated effluent
introduced via injection, recharge basin, or riverbank filtration into unconfined karstic or sandy aquifers,
which was then either directly used for crop irrigation (Nardo, 20-25 days subsurface residence time),
was treated with ClI, prior to crop irrigation (Shafdan, 270 days subsurface residence time), or underwent
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UV and Cl, disinfection, rapid sand filtration and was then used for urban landscape and crop irrigation
(Sabadell, ~7 days subsurface residence time). Despite describing Cryptosporidium removal using lower
decay rates than in the current paper, protozoan risk was greater than viral risk for Sabadell and Shafdan,
and though the median disease burden complied with the 10° DALYs, greater percentiles clearly above
this threshold were not discussed (Ayuso-Gabella et al., 2011). This demonstrates a bias in selecting
thresholds when reporting disease burden. Risk is perhaps more intuitively understood by using boxplots
such as those in Figure 5-4 describing the cumulative LRVs of the treatment train.

26 9 ] 25%-~75%
T Range within 1.51QR
24 4 — Median Line
H Mean .
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-
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Figure 5-4: Box plots of LRVs for the proposed overall treatment train (n=10,000).

The treatment trains investigated in Soller et al. (2017, 2018a) included secondary effluent followed by
ozonation, biologically active filtration, ultrafiltration, UV irradiation, an engineered storage buffer, and
Cl, disinfection. The train was assessed with LRVs obtained from literature review as well as with
regulatory LRVs obtained from Olivieri et al. (2016), demonstrating that predicted risk was substantially
higher when using regulatory LRVs (Soller et al., 2018a). Furthermore, after updating the same
treatment train investigated in Soller et al. (2017) with the latest dose-response models, raw wastewater
pathogen densities, and treatment LRVs from literature, Soller et al. (2018a) observed that not only
would the 12/10/10 LRVs required in California for viruses and protozoa no longer meet the 10 ARI
threshold, but that depending on which final risk percentile was reported (i.e. 50" vs 95" vs maximum),
the LRVs required to meet the 10 threshold varied. While differences between the health burden
thresholds (10* ARI vs 10° DALYS) can be addressed by describing the uncertainty through the use of
PDFs, a broader discussion within the water reuse and public health sector is needed to determine which
percentile should comply: should the maximum value, i.e., the most conservative estimate, comply or is
compliance of the 90" or 95" percentile sufficient?

Another important discussion relates to the LRVs credited to MAR by various guidelines. California
regulations require that if 100% of water introduced into the subsurface is disinfected tertiary treated
wastewater or advanced treated water and if the underground storage time is at least 6 months (180
days), then subsurface treatment can be credited with 10 LRVs for Cryptosporidium and Giardia
(CDPH, 2014). The regulations also require at least three independent processes in the treatment train
to each achieve at least 1 LRV (CDPH, 2014). The Australian guidelines credit a maximum of 6 LRVs
to engineered treatment systems as a conservative approach to human health protection (NRMMC-
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EPHC-NHMRC, 2009). In this study, MAR LRVs were capped at 4 logs due to the assumed subsurface
residence time of no greater than 120 days (Regnery et al., 2017a). However, research has demonstrated
that subsurface treatment is capable of more than 6 log removal of pathogens. Findings from field studies
of bacteriophage or virus infiltration show that up to 8 LRVs have been achieved over a distance of 30
m in about 25 days, and 3-8 LRVs were obtained over distances between 2.4 and 100 m (National
Research Council, 2012). Toze et al. (2010) showed a near linear decay for bacteria in MAR, resulting
in complete removal within 10 days. The same study described a broken stick model for
Cryptosporidium decay which resulted in faster protozoa removal than virus removal (Toze et al., 2010).
Therefore, site-specificity of MAR removal can be underestimated when maximum removal is capped.
If risk assessments should incorporate the most recent peer-reviewed research on raw wastewater
pathogen densities and site-specific removals in QMRAs, the guidelines could also be updated and
instead of limiting maximum LRVs, provide minimum LRVs along with detailed methods for
determining removal on a site-specific basis (Rauch-Williams et al., 2021).

5.3.2  Sensitivity to findings

A sensitivity analysis, demonstrated for Cryptosporidium in Figure 5-5, was conducted to identify which
parameters were most influential on final risk by observing the changes in the 95" percentile DALYS to
the full range of the preceding nodes. The plot colors demonstrate the association between the assessed
node and the target, i.e., whether the node change directly or inversely affected the DALYSs. This
revealed that norovirus was most sensitive to WWTP, SMARTDplus and DWT, Cryptosporidium was
most sensitive to RSF, SMARTplus and MAR (Figure 5-5), and Campylobacter was most sensitive to
WWTP, SMARTplus and MAR. The DALYSs range calculated from the range of each unit treatment
can be explained by the distributions used in the networks and listed in Table 5-2, but the order of nodes
signifies the importance affected on the DALYS.

Cryptosporidium Cryptosporidium
SMARTpIus LRV MAR LRV
RSF LRV SMARTpIlus LRV
MAR LRV RSF LRV
Common factor
UV LRV
UV LRV
Raw sewage conc
WWTP LRV
DWT LRV
DWT LRV
WWTP LRV |
| Raw sewage conc
Volume Ingested
Volume Ingested
=] ¢ S o ’
a 3 3 3 S 3 < b

- D » P >
o o~ < ¢ ® — - - 3 - o <

Disease burden, DALY person" year“ 95" percentile Disease burden, DALY person" year“ 95" percentile

direct inverse direct inverse

Figure 5-5: Tornado plots showing the range of Cryptosporidium DALYs achieved when minimum and maximum values of
each node were used for the normal model (a) and the common factor model (b). Black vertical line denotes baseline 95™
percentile DALYs.

Although the tornado plot mostly follows the range of LRVs attributed to each unit treatment for

Cryptosporidium from Table 5-2 (only RSF and MAR order is switched), the change in the order of the

top 3 and the greater influence of the common factor than of UV irradiation (whose range was 2 LRVSs)

in Figure 5-5 demonstrates that if/when failure is correlated within the model, the relative importance
52



Chapter 5: Quantitative microbial risk assessment of a non-membrane based
indirect potable water reuse system using Bayesian networks

of unit treatment processes in the treatment train changes. A similar trend was observed for
Campylobacter, where the common factor was more influential than the 2.2 LRVs attributed to UV
irradiation (Figure SI-2). However, for norovirus the findings were very different: SMARTplus removal
mattered more in the sensitivity analysis than could be attributed to its LRVs, and raw sewage
concentration was also very influential. In the model with the common factor, SMART plus was the most
influential and the common factor the second most influential, denoting SMARTplus as a clear CCP for
viruses despite the relatively narrow removal (0.8 LRVs). Nevertheless, the sensitivity analysis
determined that SMARTplus was a CCP for all pathogens, with MAR and WWTP also important for 2
of 3 pathogens, identifying the biological removal steps as most critical, in line with the conservative
ranges for biological removal used in this paper. Correlations due to the common factor between the
unit treatment barriers also produced larger 95" percentile DALY values, changing the order and
magnitude of the estimations. Such results highlight the importance of considering correlated inputs in
QMRA models when they exist.

5.3.3 Scenario evaluation

Scenarios to investigate CCP behavior and to determine how failures would affect the final risk were
evaluated by comparing the scenario DALYS to baseline DALY's. However, it is worth noting that the
scenario evaluations are specific to the thresholds used in the analysis (i.e., norovirus UV LRVs were
very narrow). For simplicity this evaluation only included single events, but a combination of events
could also be incorporated. Scenarios were evaluated only for the normal model without the common
factor, and results of all scenarios are presented in Figure 5-6.

5.3.3.1 Scenario 1: High pathogen loading

For this scenario, the effect of all concentrations greater than the 95th percentile of the raw sewage
pathogen concentrations on final DALY's was tested. This corresponded to testing ~106 units/L of both
norovirus and Cryptosporidium, and ~10° units/L of Campylobacter. For all pathogens, only a 0.3-0.5
log increase in final DALYs was observed. This demonstrates that the treatment train successfully
buffers higher raw sewage concentrations without any notable effects on disease burden, even for
norovirus and Campylobacter, which displayed high sensitivity to sewage concentrations.

5.3.3.2 Scenario 2: SMARTDplus performance failure

SMARTDplus performance failure (0 LRVs) affected all pathogens differently. Cryptosporidium was
least affected, with a DALY increase of 1.8 log, contrary to the sensitivity shown in section 5.3.2. This
can likely be explained by the fact that the attributed LRV range was already close to zero (0.3, 6).
Norovirus DALYSs increased by 2.5 log and Campylobacter DALYSs increased by 3.2 log. This 2-3 log
change in DALYs for all pathogens solidifies the status of SMARTplus as a CCP.

5.3.3.3 Scenario 3: MAR failure

MAR failure (0 LRVs) caused all pathogen DALY to be 0.3-1.6 logs greater than the 10 threshold.
This was the only scenario with failure of a biological removal step which resulted in DALY above the
acceptable threshold, and MAR was therefore thought to be a CCP after this scenario analysis, despite
its lower rank in the norovirus sensitivity analysis (Figure 11-2). However, as microbial growth is
difficult to monitor and correct at larger scale (Dewettinck et al., 2001), MAR is ultimately not
considered a CCP.
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Figure 5-6: CDFs of DALYs resulting from scenarios 1, 2, 3, and 5 for all pathogens, with additional DALYs from scenario 4
(experimental data) shown only for norovirus. Results confirm that MAR (scenario 2) and SMARTplus (scenario 3)
performance failure scenarios lead to the highest risk for all pathogens and supports their status as CCPs. Note that scenario
5 shows the same results as CF models in figure 5-3.

5.3.3.4 Scenario 4: Experimental conditions

This scenario was evaluated only for norovirus by using the ambient human norovirus removals
calculated in Karakurt-Fischer et al. (2021). This meant that WWTP removal was set to 0.75-1 LRV,
RSF removal was set to 0.25-0.3 LRVs, and SMARTplus removal was set to 2.5-2.75 LRVs. This
resulted in DALYSs nearly identical to the baseline (2.1 * 10°), which can be explained by the relatively
narrow ranges taken for all 3 treatment steps from the phage and virus removals reported in Karakurt-
Fischer et al. (2021). However, this demonstrates that the model provides a feasible outcome, as the
evidence given was within the calibration range of the model and provided results similar to the baseline.

5.3.3.5 Common factor effect

The common factor was modeled to determine how the model would react if barriers were not assumed
to be independent. For example, a common factor which could be considered is the influence of influent
concentration on LRVs (Brown et al., 2019; Hirani et al., 2012). Although Pecson et al. (2017)
mentioned that independence of barriers can be assumed, this has not yet been widely accepted, and
therefore interdependence was modeled to determine how the model would respond. All DALY
increased by 0.6-3.5 logs but were still within the 10 threshold. Greatest increases were observed for
Campylobacter (3.5 LRVs) and Cryptosporidium (1.5 LRVS).
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5.3.1 Backwards inferencing

Backwards inferencing can be used to identify the most likely cause of an event and discriminate
amongst competing hypotheses. To find the most likely cause, the ratio between the posterior and prior
marginal probabilities can be evaluated for a state of a target node, with a larger ratio providing stronger
evidence in favor of that particular node being the likely cause for the event. In this model, by switching
the probabilities of the selector nodes from equal likelihood of working and not working to 99.9%
working and 0.1% not working, a more likely outcome for the treatment train could be modeled. All
DALY values >10° were selected to determine how the likelihood of the selector nodes working would
change during such a high risk scenario. For all pathogens, as observed in Table 5-3, WWTP and RSF
LRVs were the least likely to not work during a condition of >10° DALYS, but the unit treatment
processes exhibiting the greatest change varied for each pathogen. For norovirus, MAR, UV irradiation,
and SMARTplus were most affected (in that order), for Campylobacter UV irradiation, MAR, and
SMARTDplus were most affected, and for Cryptosporidium, UV irradiation, MAR, and DWT were most
affected. Although UV failure was not explicitly investigated as a scenario due to the narrow range of
norovirus removal during UV irradiation, and did not rank high during the sensitivity analysis for any
pathogen, this backwards inferencing determined that it is also a CCP for all pathogens, along with
SMARTDplus.

Table 5-3: Results of backwards inferencing on the selector nodes. Prior marginal probabilities for the
“not working” state were all set to 0.1%, and the ratios between posterior and prior marginal
probabilities for each selector node demonstrate the likelihood that the selector node is responsible for
the >10° DALYs.

Barrier

selector Norovirus Campylobacter Cryptosporidium
Posterior . Posterior . Posterior .
probability Ratio probability Ratio probability Ratio
WWTP 0.26% 2.6 0.68% 6.8 0.48% 4.8
RSF 0.12% 1.2 0.45% 45 1.0% 10
SMARTDplus 3.47% 34.7 7.50% 75 1.50% 15
UV irradiation 44.1% 441 64.1% 641 30% 300
MAR 52.8% 528 28.8% 288 17.7% 177
DWT 0.26% 2.6 0.16% 1.6 2.4% 24

5.3.2 Additional considerations

When evaluating statistical models, limitations should be made explicit. As only site-specific norovirus
removal was available at the time of the study, validation of the model requires more site-specific data,
particularly for pathogen removal processes in porous media, which is dependent upon further study of
unit treatments where pathogen removal is biologically dominated. This screening level assessment can
therefore only give an initial, generic estimate of predicted risk, which is especially useful when
designing a new treatment train or system. The BN approach can be easily updated later as empirical
data are obtained and additional considerations are identified.

Failure of treatment processes, especially short-term, drives risk (Amoueyan et al., 2019; Smeets et al.,
2006; Soller et al., 2018b). This was noted as the DALY's increased the later in the treatment train the
failure had occurred, as well as in the common factor model. This demonstrates how QMRA can assist
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in identifying CCPs and ensuring proper measures are in place to mitigate such failures and prevent
compromised water quality prior to commencing full-scale operation.

This QMRA did not account for dilution with native groundwater, which could impact concentrations
at the point of abstraction for subsequent DWT. Cryptosporidium presence in groundwater is under
studied but has been reported in the USA and Canada (Murphy et al., 2016; Rose, 1997; Stokdyk et al.,
2020, 2019). A recent global review of Cryptosporidium concentrations in groundwater intended for
human consumption suggested that it is present in 10-20% of domestic groundwater supplies (Chique
et al., 2020). Hynds et al. (2014) found that nearly 90% of U.S. studies reported enteric viruses in
groundwater, and they were detected more often than protozoa or bacteria (both 60%). Needless to say,
better estimations of MAR LRVs and decay and retention rates at field scale are urgently required to
improve risk assessments and models, and adapt removal observed at lab- to field-scale (Bradford and
Harvey, 2017; Gerba et al., 2018).

Additionally, assuming that consumers would ingest up to 2 L of 100% reclaimed water is an extremely
conservative exposure estimate. In IPR systems, advanced treated water is blended with native
groundwater or surface water before it is abstracted by the DWT plant, which may also blend different
source waters together and result in further dilution. Therefore, when considering such a treatment train
for field-scale installation, it will be critical to update the assumptions presented in this paper to site-
specific raw sewage concentrations, to more accurately quantify subsurface retention time, ideally via
tracer tests and hydrogeological models, and to account for dilution in the DWT plant.

5.4 Conclusion

This study provides a probabilistic, screening level QMRA for a non-membrane based IPR treatment
train. It quantified the disease burden for norovirus, Cryptosporidium and Campylobacter by encoding
a number of probability distribution functions and general mathematical operations from QMRA within
a BN. Conclusions of the study are:

e The IPR treatment train incorporating SMARTplus can produce water meeting the tolerable
health burden of 10° DALY pppy for norovirus, Cryptosporidium, and Campylobacter at the
95" percentile, even with the conservative LRVs adapted for unit treatment processes with
biological removal. The greatest disease burden was posed by Cryptosporidium, similar to other
non-reverse osmosis based IPR systems.

o Assessing multiple percentiles of disease burden confirms prior work that treatment train LRV
requirements vary according to the percentile used for reporting final risk. Evaluation of
multiple percentiles in conjunction with a scenario analysis would provide a more
comprehensive illustration of risk, which is particularly useful for communicating with
stakeholders as well as utilities seeking to make risk-based decisions.

o  Assessing different dose-response models was critical to understanding how the choice of model
affected calculated risk and whether additional removal would be needed.

e Simulating various plausible operational scenarios, in conjunction with a sensitivity analysis,
can reveal which unit treatment processes are critical control points. Using this combination,
unit treatment based on biological removal (SMARTplus) were identified as CCPs in this
treatment train. Further backwards inferencing revealed that UV was also a CCP for all
pathogens.

e More studies should focus on quantifying removal, retention and/or decay rates of pathogens in
field scale applications of subsurface treatment, at minimum for the pathogens investigated in
this study, to better characterize subsurface removal for potable reuse systems.
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o The benefit of a BN in providing backward and forward diagnosis cannot be underestimated,
especially when updating the model with new empirical data and predicting how the model will
respond to particular input conditions. The final models achieved their purpose of
communicating a large amount of information in a structured and orderly manner, and simulated
a number of scenarios which would be impossible to assess in a real setting. A relevant aspect
to consider is the possibility of updating the parameters of the BN, employing the current model
as starting point for a plant utilizing the proposed treatment train. Therefore, when more recent
data become available, for example from challenge testing or ambient microbial analyses, the
estimates obtained from literature can be updated using Bayes theorem.

e Incomparison to prior BN work done for water reuse treatment trains (Beaudequin et al., 2016),
this paper presents a more comprehensive (more variables, multiple dose-response models,
failure analysis, more uncertainty) and sensitive (greater discretization) approach for
guantifying risk with a more user-friendly interface. The benefit of Netica lies in the easy-to-
interpret numerical changes in node probabilities when evidence into the network is given, and
communicating the model’s results via CDFs or box plots will enable political decision makers
to adapt risk-informed policies to solve current and future water management concerns.
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employing SMARTDplus is below 10 DALY — was accepted at the 95" percentile DALY benchmark.

58


https://github.com/gcowishbone/QMRA
https://www.norsys.com/

6. Quantitative chemical risk assessment of a non-membrane based potable
reuse treatment train

6.1 Introduction

Recent advancements in chemical detection and effect-based toxicological monitoring (Brunner et al.,
2020), international guidelines for potable reuse (World Health Organization, 2017a; 1SO, 2018) and
legislative proposals and regulations for governing chemicals in water reuse practices (US EPA, 2019;
EU Parliament, 2020) have caused a boom in chemical risk or exposure assessments in literature as of
late (Agerstrand et al., 2015; Semerjian et al., 2018; Ma et al., 2018; Compagni et al., 2019; Sharma et
al., 2019; Song et al., 2019; Alygizakis et al., 2020; Imran et al., 2020). While municipal wastewater
treatment plants (WWTPs) are designed to remove parameters specified by water quality legislation and
thereby prevent their introduction into the environment, an increasing amount of chemicals detected in
water bodies due to progress in analytical methods have been traced back to agricultural runoff or
municipal wastewater discharges (Reemtsma et al., 2016; OECD, 2019; Tran et al., 2019). The health
relevance of these trace organic chemicals (TOrCs), which include pharmaceuticals, personal care
products and other chemicals of emerging concern, is not always known. As many regions already
practice de facto reuse, which occurs when drinking water treatment plant (DWTP) source water is
located downstream of a WWTP discharge, the inadequate removal of TOrCs could have public health
consequences (Khan et al., 2018; Soller et al., 2019).

To reduce the concentrations of TOrCs discharged to the environment, advanced water treatment (AWT)
can be employed, which includes oxidation, adsorption, membrane filtration, and biodegradation
processes (Jekel et al., 2015; Fischer et al., 2019). Deliberate potable reuse, instead of unknown de facto
reuse, can either be direct, when AWT effluent is supplied directly to the DWTP, or indirect, when AWT
effluent is introduced into groundwater or surface water, which is subsequently used as source water for
the DWTP. Introduction into the subsurface is referred to as managed aquifer recharge (MAR) which
results in further attenuation of contaminants, such as pathogens and chemicals, via biodegradation or
adsorption in the subsurface (Bekele et al., 2018). Several studies demonstrated that efficient TOrC
removal in MAR systems can be improved by controlling redox conditions via aeration during sequential
managed aquifer recharge treatment (SMART) (Hellauer et al., 2017, 2018a; Regnery et al., 2017c,
2017a). SMART was further optimized through controlled hydraulics and smaller physical footprints
via sequential biofiltration (SBF) and SMARTplus, which revealed an effective removal of chemicals
(Mdller et al., 2017; Karakurt-Fischer et al., 2020b) and viruses (Karakurt-Fischer et al., submitted) at
shorter hydraulic retention times (HRT), and when coupled with subsequent adsorptive treatment,
resulted in better final effluent quality (Miller et al., 2019a). The microbial risk from a SMARTplus-
based treatment train for indirect potable reuse has already been quantified (Zhiteneva et al., 2021).

While overall TOrC removal can be computed by simply summing the removal percentages of unit
processes, this results in a deterministic assessment of removal at a single point in time. However,
changes in operational parameters, influent water quality, and other site-specific considerations can
notably affect removal over long-term operation. To more effectively include uncertainty, such as that
associated with measuring trace concentrations (ng/L—ug/L) near the analytical detection limit, as well
as variability due to seasonal, temporal, or weather related water quality changes, a probabilistic
approach to chemical risk assessment, already established for microbial contaminants (Barker et al.,
2014; Mok et al., 2014; Pecson et al., 2017), is beneficial. Utilization of probabilistic approaches is
increasing in various studies (Khan, 2010; Compagni et al., 2019), and Bayesian networks are one such
method for providing a more comprehensive assessment of risk (Beaudequin et al., 2017). Therefore,
this study will conduct a probabilistic risk assessment to evaluate whether TOrCs present at the end of
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an engineered indirect potable reuse train involving the SMARTDplus treatment concept comply with
their monitoring trigger levels (MTLs).

6.2 Methods
6.2.1 Treatment train

While similar to our previous work on microbial risk assessment (Zhiteneva et al., 2021), the treatment
train in this study was modified slightly to carry out the chemical risk assessment (Figure 6-1). Raw
sewage undergoes primary and secondary treatment at the Garching WWTP, Germany (31,000
population equivalents). Secondary treated effluent received additional treatment through a rapid sand
filter. Tertiary effluent is then introduced into the SMARTDplus biofilter, which is designed as a slow
sand biofilter with a loading rate of 0.58 m/hr and an intermediate in situ aeration process (Karakurt-
Fischer et al., 2020b, 2020a). Following this, a granular activated carbon (GAC) filter serves to adsorb
remaining chemicals. Ultraviolet (UV) disinfection at 200 mJ/cm? is primarily aimed at removing
remaining pathogenic risk and provides attenuation of some chemicals (Nihemaiti et al., 2018). The
effluent of the last engineered unit treatment prior to introduction into the environment via groundwater
injection, representing the TOrC concentrations after UV disinfection, was defined as the point of
compliance (POC). After 120 days of subsurface travel time, the groundwater would be extracted as
source water for conventional drinking water treatment, which includes aeration followed by dual media
filtration (sand and anthracite) for iron and manganese removal. The long subsurface residence time
rendered additional disinfection unnecessary.

Rapid Drinking
Biological sand SMARTplus GAC uv Groundwater water
treatment filtration disinfection recharge treatment

AN

Sewage ms -)

s

~ (i) = & = ¢

Figure 6-1: Schematic of the SMARTplus based indirect potable reuse treatment train under investigation.

6.2.2 Selection of chemicals

For a health-based risk analysis, MTLs for 16 of the 24 monitored TOrCs were specified in the risk
assessment approach outlined in Drewes et al. (2018), with no values for citalopram, climbazole,
erythromycin, sotalol, venlafaxine, 3-OH-carbamazepine or 4-formylaminoantipyrine provided. These
TOrCs also do not have German health guidance values (GOW), which is a precautionary value for
chemicals possibly present in drinking water and whose human toxicity is not well known
(Umweltbundesamt, 2019). Caffeine was omitted from the risk assessment, as the MTL level was based
on compound structure and mode of action instead of safe consumption levels, leading to the removal
of caffeine as a performance-based indicator in the updated report (Drewes et al., 2018).

MTLs were established using Equation 6-1,

Screening Level ADI * 60 kg * RSC Equation 6-1

MTL =
2 L per day
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where screening level acceptable daily intake levels (ADI, ug1 kg*d) for chemicals were identified
from literature reviews (Drewes et al., 2013, 2018), and relative source contribution (RSC, unitless)
were mostly 0.2.

After comparing the 90™ percentile WWTP concentrations, which are referred to as measured effluent
concentrations (MEC), to the MTLs of the 16 compounds, the MEC/MTL ratios of benzotriazole,
diclofenac, gabapentin, and valsartan acid were found to be greater than 1. To ensure that all risk was
considered, the maximum WWTP concentrations were also compared to MTL levels, which revealed
that the MEC/MTL ratio was also greater than 1 for carbamazepine. Therefore, the five compounds in
Table 6-1 were included in the risk assessment.

Table 6-1: Compounds whose maximum and 90" percentile MECs in WWTP effluent exceeded MTL
levels. WWTP effluent concentrations for benzotriazole (n=74), carbamazepine (n=80), diclofenac
(n=80), gabapentin (n=80), and valsartan acid (n=61) were monitored from March 2016 to June 2018.

MEC MEC

ng/L MTL o percentile  maximum MEC(90t)/MTL MEC(max)/MTL
Benzotriazole 3,000 6,912 8,767 2.3 2.9
Carbamazepine 1,000 558 1,213 0.6 1.2
Diclofenac 1,800 2,113 5,181 1.2 2.9
Gabapentin 1,000 2,503 2,998 2.5 3.0
Valsartan acid 300 4,095 6,438 13.7 21.5

6.2.3 Experimental data

At the time of this study, the SMARTplus sequential operation with in situ aeration dataset was too
small to conduct a probabilistic analysis. Instead, the presence of 24 TOrCs monitored for over two
years in the Garching WWTP secondary effluent and investigated within an SBF experiment conducted
at the same institute with the same feed water (Muller et al., 2019a, 2019c, 2019d) provided a broad
temporal dataset for the risk assessment. The SBF system was operated with intermediate aeration
(SBF(0y)) at a maximum hydraulic retention time (HRT) of less than 35 hours, whereas the HRT of
SMARTDplus was 12-13 hours (Mdller et al., 2017; Karakurt-Fischer et al., 2020b). Redox zonation in
the SBF(O2) ensured oxic conditions in the second stage sand filters, whereas SMARTplus was operated
as a slow sand filter with slightly elevated filtration rate prior to in situ aeration. As removal
demonstrated by SBF(O) is likely more conservative than would be seen in SMARTplus with aeration,
empirical SBF(O.) data were used to describe TOrC presence and removal in dual media filtration and
the SMARTDplus bioreactor (Muller et al., 2017, 2019a). Probability distribution functions (PDFs) were
fitted to SBF(O,) effluent TOrC concentrations, with lognormal, normal, exponential, gamma, and
Weibull distributions evaluated using the Kolmogorov-Smirnov or Anderson-Darling goodness of fit
tests in Origin (OriginPro, version 2019). Based on goodness-of-fit, all 5 PDFs were rejected for
benzotriazole, carbamazepine, diclofenac and valsartan acid: therefore, triangular PDFs were adapted to
the minimum, mean, and maximum values for these chemicals. The final PDFs are displayed in Table
6-2.

GAC removal ranges obtained from experimentally treating the SBF(O.) effluent through rapid small
scale column tests (RSSCT) were adapted for each compound (Mdiller et al., 2019a). The removal range
observed from 0-20,000 RSSCT BVT and corresponding to a GAC empty bed contact time of 24
minutes was used for this study (Mdller et al., 2019a).
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To remain consistent with assumptions taken for pathogen removal in our prior work (Zhiteneva et al.,
2021), a fluence value of 200 mJ/cm? was assumed for UV disinfection, as this is approximately the
fluence to target deactivation of adenovirus (U.S. Environmental Protection Agency, 2006; WaterReuse
Research Foundation, 2015). Compound photo-susceptibility was determined from ky, values provided
in Nihemaiti et al. (2018) and Miklos et al. (2019).

Table 6-2: Distributions for presence in SMARTplus effluent, and reduction percentages used for
subsequent treatment steps. All removal ranges were fitted to uniform distributions.

- . GWT &
1 2 3
SMARTDplus effluent GAC UV disinfection DWT
. *Triangular
B t I -100% 20-80%
enzotriazole (219, 780, 3,738) 90-100% 0-80%
. *Triangular
-100% .1-5%
Carbamazepine (338, 507, 1.193) 90-100% 0.1-5%
. *Tri I
Diclofenac 28 1”;22“ 43;37) 80-100% 90-100% No removal
Gabapentin Gamma 0.1-100% 0.1-15%
(3.85, 55.2)
Valsartan acid+ “Triangular 50-100% B
(47, 757, 5,922) (0.1-15%)

YMiiller et al., 2017), 2(Muller et al., 2019a), 3(Nihemaiti et al., 2018) and unpublished data from (Miklos et al.,
2019b). *denotes that all PDFs were rejected based on goodness-of-fit tests. +Valsartan acid removal during UV
disinfection was adapted from gabapentin removal, as both compounds are poorly photo-degradable.

To determine whether the treatment train effluent quality met MTL levels at the point of compliance
(POC, groundwater injection) rather than the point of exposure (POE, DWT effluent), no further
removal during groundwater recharge or DWT was assumed. This is a rather conservative assumption,
as the UV effluent would be injected into an open underground system, and if the impacts of landside
groundwater, dilution, and dispersion on chemical removal were considered, would result in lower TOrC
concentrations at the point of abstraction. However, as no notable removal is expected from aeration
and filtration, which is common DWT practice in Germany, this study assessed risk at the POC to
determine risk at the end of the engineered treatment train.

6.3 Environmental risk assessment

The principle of the risk assessment is to determine what risk the effluent water quality poses to human
health, where risk is calculated as the product of impact and probability. The impact was calculated
using a hazard quotient (HQ) approach, and the probability was determined using a Bayesian network
approach, following Equation 6-2:

Impact = HQ * (Probability of HQ > 1) Equation 6-2
The HQ was calculated as the ratio of concentration at POC divided by the MTL.

To conduct the risk assessment, the Bayesian network methodology described in Zhiteneva et al. (2021)
was applied, but using GeNle instead of Netica. Briefly, TOrC concentrations from the SMARTplus
effluent were fitted with the most appropriate PDF, removal percentage values from Table 6-2 were
adapted to uniform distributions, and a network was created in GeNle 2.3 (BayesFusion). Each treatment
step was the product of the effluent concentration of the step before and the removal percentage of the
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step itself (see Figure 6-2), except for SMARTplus, which was characterized only by the PDF describing
concentration. A final distribution of HQ at the POC was calculated by simulating the network 100,000
times. For TOrCs exhibiting HQ levels above 1, the data was further discretized into two bins using
GeNle’s equal count discretization and the concentration thresholds were set to the appropriate MTL
levels to determine the probability of HQ being above 1.

GAC_percent_removed UV_percent_removed
4% 6%
4%
2%
2%
0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2
SMARTDplus_c GAC ¢ HQ POC
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Figure 6-2: Demonstration of continuous distributions in the valsartan acid GeNle network.

6.4 Results and Discussion

All compounds except valsartan acid displayed an HQ < 1. Gabapentin concentration in SMARTplus
effluent was already below its MTL. Benzotriazole and carbamazepine were both removed to below
their MTL levels in GAC, whereas diclofenac needed the additional removal via UV disinfection to fall
below its MTL. The maximum HQs were 0.05 for diclofenac, 0.09 for benzotriazole, 0.12 for
carbamazepine, 0.92 for gabapentin, and 9.1 for valsartan acid.

The valsartan acid network was then discretized using the thresholds labeled in the discretized network
provided in Figure 6-3 and in Table 6-2. The probability of valsartan acid HQ being greater than 1 was
58%.

GAC_percent_removed UV_percent_removed
below_75 50% | I | below_8 50% (S |
above_75 50%| above 850%]

SMARTplus_c GAC_c Uv_c HQ_POC
ol » L
below_300 2%]| below 300 39%[} below_300 42%|f] below_1 42%’i}
above 300 98%| above 300 61%| above_300 58%)| above 158%|

Figure 6-3: Discretized UV disinfection network for valsartan acid. Probability of a valsartan acid concentration greater than
the 300 ng/L MTL is denoted as ‘above_300.’
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Evaluating multiple thresholds is worthwhile when calculating HQ to pinpoint where exactly the
exceedance is occurring. Evaluating these thresholds revealed that the MTL was exceeded before the
50" percentile (Figure 6-4). Additionally, according to the impact calculation, which is the probability
of exceedance multiplied by the HQ, the impact of valsartan acid is 5.3, which constitutes a high risk
according to the labeling system of Zhou et al. (2019) (Table 6-3).

Table 6-3: Assessment of impact for TOrCs at the POC in UV effluent. BZT = benzotriazole, CBZ =
carbamazepine, DCF = diclofenac, GBP = gabapentin, VSA = valsartan acid.

DCF BZT CBz GBP VSA
MEC 90th 29 90 64 205 1,188
MEC 95th 38 116 74 253 1,475
Max 93 274 116 922 2,724
HQ MEC 90th 0.02 0.03 0.06 0.21 4.0
HQ MEC 95th 0.02 0.04 0.07 0.25 4.9
HQ Max 0.05 0.09 0.12 0.92 9.1
Impact 0.00 0 0 0 5.3 (high)
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Figure 6-4: Cumulative distribution of valsartan acid in the UV effluent (n=100,000). Dashed green line denotes valsartan
acid MTL.

Although valsartan acid is a biodegradable biotransformation product of sartan compounds (Yu et al.,
2006; Letzel et al., 2015; Sperlich et al., 2017; Hermes et al., 2019) and persists during bank filtration,
it can be adsorbed onto GAC (Nodler et al., 2013; Muller et al., 2019a). However, the throughtput of
the adsorber can radically change the risk and impact: when using the 90-100% removal of valsartan
acid due to adsorption described in Nodler et al. (2013) which was likely observed within <20,000
BVTs, the maximum HQ was 1.8, the probability of HQ > 1 was only 5%, and the impact was 0.1,
which constitutes an endurable risk (Zhou et al., 2019). This demonstrates the magnitude of the impact
that varied assumptions can have on the overall removal. Therefore, a more nuanced description of GAC
operation and throughput is necessary for all compounds. Additionally, as very little empirical data was
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found in the literature to describe valsartan acid removal during UV disinfection, removal assigned in
this study may under or overestimate true removal.

In prior work on the same system which evaluated the sartan compounds (Hermes et al., 2019), valsartan
was removed (100%), whereas candesartan, olmesartan and irbesartan were not (<10% removal). After
initial valsartan removal in the anthracite filter, during which valsartan acid was produced, removal of
valsartan acid was observed in the subsequent SBF sand columns (Hermes et al., 2019). A more
comprehensive mass balance assessment could specify how much parent compound removal contributes
to valsartan acid production.

Future recommendations for improving the methodology outlined in this study include a more nuanced
take on adsorption removal during GAC filtration, including deciding on how much throughput to
process before GAC media is regenerated (see 90-100% removal of valsartan acid due to adsorption in
(Nodler et al., 2013)), and using a modeling strategy (i.e. pore surface diffusion model (PSDM)) to
predict breakthrough curves to higher BVT, as done in Zhiteneva et al. (2020b). Likewise, conducting
a scenario and failure analysis would be helpful: for example, observing how removal changes if
adequate redox zones are not present for 5-10% of operational time, or if the GAC adsorber operates for
10,000 BVT after breakthrough of benzotriazole, diclofenac or carbamazepine. The inclusion of WWTP
effluent concentrations and SBF removal percentage was not done in this study, but the product of these
two nodes should validate the SBF effluent concentration seen. While SBF data was used for
determining PDFs, validation of the model is also critical, which could be accomplished with removal
data from SMARTDplus operated with in situ aeration.

6.5 Conclusion

This screening level chemical risk assessment produced a probabilistic estimate of water quality at the
end of SMARTDplus based IPR treatment train. The treatment train involved biodegradation, adsorption
and UV disinfection, and revealed that while benzotriazole, gabapentin, diclofenac, and carbamazepine
were successfully reduced to below their MTL levels in the UV effluent, valsartan acid had a 58%
probability of exceeding its MTL. A more comprehensive assessment of throughput is needed to
determine optimal adsorber operational lifetime prior to GAC media regeneration to better characterize
removals of all compounds. Additional work on failure and scenario analysis, as well as validation of
the probabilistic models with empirical data from the SMARTplus operation with in situ aeration would
improve the forecasting.

This risk assessment approach presents a probabilistic methodology for determining which compounds
in a treatment train are most critical for human health, but can also be used for environmental health
assessments. As utilities and resource recovery/wastewater treatment/advanced water treatment plants
look to improve their removal TOrC efficacy, this modeling strategy could help identify which treatment
processes are needed on a site-specific basis to protect public health.

In conclusion, the study demonstrated that valsartan acid was not reduced to below its MTL at the point
of compliance of the SMARTplus based indirect potable reuse treatment train, therefore Hypothesis 2
— TOrC concentrations in the point of compliance of the potable reuse train employing SMARTplus are
above the corresponding MTL — was accepted.
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7. Differentiating between adsorption and biodegradation mechanisms
while removing trace organic chemicals (TOrCs) in biological activated
carbon (BAC) filters

This chapter has been published with editorial changes as follows:

Zhiteneva, V., Ziemendorf, E., Sperlich, A., Drewes, J.E., Hubner, U. 2020. Differentiating between
adsorption and biodegradation mechanisms while removing trace organic chemicals (TOrCs) in
biological activated carbon (BAC) filters. Science of the Total Environment 743, 140567.
https://doi.org/10.1016/j.scitotenv.2020.140567.

Abstract

Efficient adsorption of certain trace organic chemicals (TOrCs) present in secondary treated municipal
wastewater treatment plant (WWTP) effluents onto granular activated carbon (GAC) has already been
demonstrated at lab- and full-scale. Due to high organic matter concentrations inWWTP effluents, GAC
filters eventually develop a biofilm and turn into biological activated carbon filters (BAC), where
removal of organic compounds is governed by biodegradation as well as by adsorption. However,
determining TOrC breakthrough by conducting a long-term BAC column experiment to discern between
the removal mechanisms is not possible due to competition for adsorption sites, fluctuating water
guality, and other variables. Therefore, a rapid small scale column test (RSSCT) was conducted to
determine the contribution of adsorption for select chemicals at 10,000 bed volumes treated (BVT).
These results were then used in the pore surface diffusion model (PSDM) to model adsorption behavior
at 40,000 BVTs. Pseudo-Freundlich K values obtained from the PSDM model were compared with K
values obtained from an integral mass balance calculation. This comparison revealed that the modeling
was most accurate for moderately to poorly adsorptive compounds. In comparing RSSCT results to
long-term BAC columns, the modeling approach best predicted BAC removal of well adsorbing
compounds, such as atenolol, trimethoprim, metoprolol, citalopram, and benzotriazole. However,
differences in predicted vs observed BAC removal for the removals of venlafaxine, tramadol and
carbamazepine revealed that BAC adsorption capacity was not yet exhausted for these compounds.
Therefore, a comparison was not possible. The approach would be improved by operation at longer
EBCT and improved calculation of compound fouling indices.
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Chapter 7: Differentiating between adsorption and biodegradation mechanisms while
removing trace organic chemicals (TOrCs) in biological activated carbon (BAC) filters

7.1 Introduction

As conventional wastewater treatment plants are not designed for the removal of trace organic chemicals
(TOrCs), certain chemicals persist at low concentrations (ng/L-pg/L) in treated secondary effluents and
are subsequently discharged into receiving water bodies. These low concentrations can still have adverse
impacts on downstream ecosystems (Reungoat et al., 2011; Jekel et al., 2013; Luo et al., 2014), requiring
greater removal prior to discharge. Advanced treatment unit processes such as membrane treatment
(Snyder et al., 2007), ozonation (Reungoat et al., 2011) or activated carbon adsorption (Benstoem et al.,
2017) can successfully remove certain TOrCs, but might be associated with higher specific energy and
maintenance costs (Nakada et al., 2007; Hollender et al., 2009; Wert et al., 2009; Kennedy et al., 2015;
Zhang et al., 2017).

To minimize these costs, research into natural treatment systems, such as soil-aquifer treatment and
biofiltration, where removal of chemicals and pathogens occurs without the addition of chemicals, has
been increasing. Natural treatment systems are still considered ‘black-box’ technologies due to lack of
knowledge about the underlying fate and transport mechanisms for TOrC attenuation. Removal has been
shown to be very site-dependent and sometimes dynamic due to changing feed water matrices,
subsurface soil characteristics and heterogeneity, and other factors contributing to the uncertainty and
variability of the treatment efficiency (Greskowiak et al., 2017; Regnery et al., 2017). While it is
generally accepted that TOrC removal in biological filtration systems is mainly attributed to adsorption
and biodegradation processes, assigning relative removal contributions to either process with certainty
is difficult, and synergies between both mechanisms are poorly understood (Vasiliadou et al., 2013;
Bertelkamp et al., 2014, 2016; Banzhaf and Hebig, 2016). Research into activated carbon filtration has
shown that when fed with secondary treated effluents, TOrC removal via adsorption is reduced in the
presence of dissolved organic matter (DOM) (Zietzschmann et al., 2014), and varies depending on
carbon type (Karelid et al., 2017; Aschermann et al., 2018) and operational conditions (Benstoem et al.,
2017). Once a granular activated carbon (GAC) filter has been in operation long enough, due to
dissolved organic matter (DOM) concentration in the influent, a biofilm begins to grow on the surface
of the GAC. Consequentially, microorganisms begin to break down the organic components including
TOrCs in the water matrix, prompting the terminology switch from GAC to biological activated carbon
(BAC). BAC filtration is a combination of natural/biological and technical removal technologies and
mechanisms. DOM concentrations, which are higher in secondary treated effluents than in drinking
waters (Zietzschmann et al., 2016b), influence the onset of biodegradation and the removal of TOrCs
via cometabolic pathways (Tran et al., 2013; Alidina et al., 2014; Piai et al., 2020). Studies conducted
on BAC filters most often used mature media from established biofilters (Reungoat et al., 2012; Zhang
et al., 2017; Greenstein et al., 2018), used biological inhibitors (Paredes et al., 2016), used synthetic or
simulated effluent (Liang et al., 2007; Paredes et al., 2016), were backwashed (Zhang et al., 2017;
Greenstein et al., 2018; Ma et al., 2018), or received ozonated tertiary effluent (Reungoat et al., 2011).
So far, no long-term experiment without backwash or inhibitors to continuously treat non-ozonated
tertiary treated effluent, from virgin GAC to removal via biodegradation, has been conducted. This is
particularly relevant for assessing methods which could improve the initial and long-term removal of
TOrCs in engineered biodegradation-based unit operations, such as groundwater recharge though
infiltration basins, soil retention filters, or more recently developed approaches like SMARTplus and
sequential biofiltration (Mdller et al., 2017; Karakurt-Fischer et al., 2020b).

RSSCTs are an established way for achieving breakthrough of GAC adsorbers faster than by utilizing
pilot-scale columns and thus minimize removal via biodegradation (Crittenden et al., 1986; Worch,
2012). RSSCT results can be proportionally scaled up to predict breakthrough of non-biodegradable
compounds in the BAC filter by increasing the loading rate, decreasing the particle size, and keeping
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certain dimensionless pore surface diffusion model (PSDM) parameters constant (see Supplementary
Information (SI)).

The aim of this paper was to assess and predict the relative contribution of adsorption and biodegradation
during initial breakthrough of TOrCs during BAC treatment using a two-pronged approach. Long-term
effects of adsorption and biodegradation of TOrCs were assessed in BAC filter columns. The relative
contribution of adsorption to TOrC removal was determined using an RSSCT to elucidate the adsorption
behavior of TOrCs during initial breakthrough of the BAC filter. This can potentially help to determine
additional removal through biodegradation for biodegradable TOrCs.

7.2 Methods
7.2.1 Biological activated carbon (BAC) columns

The experimental setup consisted of a 25 cm long (23 cm of media and 2 cm of liquid) BAC filter made
of 1SO 9002 certified acrylic glass (zin = 7.1 c¢cm) filled with Chemviron CycleCarb 401 GAC
(Chemviron, Belgium). Secondary treated wastewater from the WWTP in Garching, Germany (31,000
population equivalents) was additionally treated by UV disinfection and rapid sand filtration prior to
entering the BAC filter. The rapid sand filter was backwashed twice a week and consisted of anthracite,
sand and gravel, described in detail in Karakurt-Fischer et al. (2020b). The BAC filter was fed by a
peristaltic pump (Cole-Parmer 7553-75 with a MasterFlex speed controller) at an initial rate of 225
mL/min, which corresponds to a filter loading rate of 3.4 m/h and an empty bed contact time (EBCT) of
4.4 min. The BAC filter was the first in a series of 5 BAC filters with an overall EBCT of 22 min, which
was chosen so that steady-state removal via biodegradation in the BAC filter would occur within the
project timeframe.

A stock solution of eighteen TOrCs was continuously spiked from a separate tank into the feed stream
by a multi-channel pump (Ismatec IPC-04 V3.00). Sufficient mixing was assumed as the stock solution
flow was 1% of the feed solution flow. The stock solution was refilled weekly. Sampling ports enabled
collection of influent and effluent TOrC samples, where TOrCs were analyzed to calculate breakthrough
(Figure 1). Measurements of influent (after the TOrC spiking tank) and effluent samples for TOrCs,
dissolved oxygen (DO), dissolved organic carbon (DOC), and ultraviolet absorbance at 254 nm
(UVA:s,) were conducted weekly. DO was measured in flow-through cells using a PreSens Fibox 4
device further described in Karakurt-Fischer et al. (2020b). Polyurethane tubing with an inner/outer
diameter of 4/6 mm (Festo, Germany) connected the filter to flow-through dissolved oxygen (DO)
sensors (FTC-PSt3, PreSens, Germany).

The BAC filter was operated starting with virgin GAC for 40,000 BVTs. The filter was preloaded for
24 days (approximately 7,500 BVTs) with tertiary treated effluent prior to commencement of TOrC
spiking. This preloading is reflected in the different total number of BV Ts used for UVA2s4 and DOC
compared to the BVTs used for TOrC. However, since this study focuses on the adsorption behavior of
TOrCs and not DOC, the BVTs mentioned refer to the TOrC BVTs, unless otherwise stated. As the filter
was not backwashed, clogging and particle deposition on the BAC surface, as well as biofilm build-up
contributed to a change in initial operational conditions (Table 7-1). These effects are discussed later.
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Table 7-1: Flow conditions of the BAC column experiment. Flow rate and EBCT are given as average
+ standard deviation (coefficient of variance).

Flow condition Flow rz?te Loading rate EBCT Duration of conditions
(mL/min) (m/h) (minutes) (TOrC BVTs)
1 220.6 + 6.6 (0.03) 3.3+0.1(0.03) 4.5+0.1(0.03) -7,500 — 27,741 (n=17)
2 124.3 £ 29.3 (0.24) 19+0.4(0.24) 83+1.8(0.22) 27,741 — 38,348 (n=7)
Overall 192.5+475(0.25) 29+0.7(0.25) 5.6+2.0(0.36) -7,500 — 38,348 (n=24)

7.2.2 GAC characterization

To correctly prepare an RSSCT experiment, information on the intraparticle porosity, apparent particle
density, porosity, and particle size of the GAC is required. The apparent particle density was calculated
using the bed density (450 kg/m3, provided by the manufacturer) and the bed porosity, which was
obtained through a conservative tracer test. 5 mL of a 120 g/L potassium bromide solution was injected
into the BAC filter during operation and effluent conductivity was monitored to verify the movement of
the tracer through the filter. Conductivity was then converted to mass concentrations and analyzed using
CXTFIT 2.0 (Toride et al., 1999), and bed porosity was found to be 0.64. Intraparticle porosity was
determined twice by following the procedures outlined in Worch (2012): a known dry GAC mass (Ma)
was saturated with Milli-Q water and boiled for 30 min, after which the suspension was drained through
a sieve, the particles were rolled on a paper towel until the outer surface was dry, and the GAC was
weighed again to obtain the wet mass weight (mwet). The average porosity was found to be 0.81 (n=2,
gp= 0.79-0.82) using equations S2.1-2.2 (SI). Apparent particle density was found to be 1,250 kg/m?®
according to equation S2.4 (SI).

The particle size of the GAC was determined using a novel static imaging technique to determine the
geometric mean diameter (GMD), important for determining a representative particle size for the
RSSCT and facilitating comparison of results. Further details of this method are documented in the SI.

7.2.3 RSSCT columns

A constant diffusivity RSSCT (CD-RSSCT) design was used in the experiment, which assumes
intraparticle diffusion is not related to particle size. A glass column (@i, = 10 mm) was filled with 1.0
mm glass beads, glass wool, and the same GAC as in the BAC filter (Figure 7-1). The GAC was crushed
using a mortar and pestle and the fraction between 180 and 125 pum sieves was collected for the RSSCT,
corresponding to a mean particle size of 150 pum. By using a scaling factor of 8, keeping the Reynolds
number and other dimensionless parameters constant, and assuming that GAC characteristics such as
particle and bed porosity remain the same after crushing the particles, results can be scaled up and
directly compared to filter columns (Worch, 2012). Bed porosity was not re-measured after crushing, as
CD-RSSCTs assume both particle and bed porosity remain the same after crushing (Crittenden et al.,
1991). Dimensionless numbers and calculations are reported in the Sl.

The RSSCT setup was fed continuously for 42 h from one batch of tertiary effluent. The same Festo
tubing type which was used for the BAC setup also connected the RSSCT column to a membrane pump
(ProMinent GmbH, Germany) drawing from an influent storage tank. An airstone (Koiland Kehr,
Germany) in the storage tank was used in reverse mode as a particle filter to prevent any suspended
solids in the feed water from clogging the RSSCT. The RSSCT was run until 40,000 BVTs.
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Figure 7-1: Schematic of the BAC filter (left) and RSSCT column (right) experimental setups (not to scale).

7.2.4  Analytical procedures

For DOC and UV Az, analysis, samples were first filtered through 0.45 um micropure cellulose acetate
filters (Altmann Analytik, Germany). Then, samples were acidified to a pH of 2 with 3 drops of 32%
HCI solution, and subsequently analyzed for DOC on a vario TOC cube analyzer (elementar, Germany).
For UV Az, filtered samples were analyzed using a DR 6000 UV/vis spectrophotometer (HACH,
Germany) in a 1 cm quartz glass cuvette.

TOrC samples were frozen immediately after sampling at -20°C. For TOrC analysis, 1900 pL of sample
were mixed with 100 puL of an isotope solution, filtered through 0.22 pum polyvinylidene difluoride
(PVDF) membrane filters, and then analyzed using liquid chromatography coupled with tandem mass
spectrometry (LC-MS/MS). Further information on TOrC sample preparation and analysis can be found
in Muller et al. (2017). TOrC spiking concentrations were selected considering concentrations present
in secondary treated effluent, to ensure that 99% removal could be quantified in regards to the method
dependent LOQ of each compound using LC-MS/MS. All compounds spiked were analyzed in ESI
positive mode and specific spiking concentrations can be found in the SI. Caffeine and erythromycin,
though spiked, were not evaluated in this study due to inconsistent analytical results. Carbamazepine
and benzotriazole were not explicitly spiked due to sufficiently high background concentrations, but
were analyzed due to their environmental relevance.
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7.2.5 Modeling TOrC breakthrough from RSSCTs

7.2.5.1 Fouling index correction

As larger GAC particles, in comparison to smaller GAC particles, have more surface area blocked
behind their blocked macropores, this reduces adsorption kinetics and, when experimental run time is
short, adsorption capacity (Corwin and Summers, 2010). This phenomenon results in the smaller particle
RSSCT overestimating the adsorption capacity of larger particle BAC filters, which can be corrected
using the fouling index.

The fouling index can be determined from the ratio of the particle sizes d, g4 of the BAC filter and
dp rsscr Of the RSSCT column (mm), the dimensionless scaling factor SF (which was found to be 8),
and the dimensionless fouling factor Y, according to Equation 7-1 (Corwin and Summers, 2010):

d Equation 7-1
FI = SFY = (2225

)Y
dp,RSSCT

The scaling factor is raised to a fouling factor to account for variability in scaling which accounts for
the reduction in adsorption capacity attributed to fouling (Corwin and Summers, 2010). Ideally Y is
calculated from multiple CD-RSSCTs with different particle sizes operating simultaneously, but this
was not possible within the framework of this study. In this study, the fouling factor was calculated
based on previously published linear free energy relationships (LFER) between compound Abraham
descriptors and fouling factors (Reinert, 2013; Kennedy et al., 2015). The Abraham descriptors included
McGowan molecular volume (V), hydrogen bonding acidity (A), hydrogen bonding basicity (B),
dipolarity/polarizability (S) and excess molar fraction (E). This LFER was developed from breakthrough
curves of TOrCs which were not investigated in this study, possibly influencing the accuracy of the
fouling factor if the TOrCs investigated herein have different correlations to the Abraham descriptors.
The approach and equations used as well as individual fouling indices and factors are outlined in the SI.
The fouling index can then be used to adjust the timescale of the RSSCT breakthrough curves to include
the particle-size dependent DOM fouling, using Equation 7-2, modified from Kennedy et al. (2017):

_ __ BVTRsscr,experimental Equation 7-2
BVTBAC - BVTRSSCT,normalized - FI

This will make the normalized RSSCT breakthrough curve steeper than the experimental breakthrough
curve if FI > 1. As the fouling factor is unique to each TOrC, this adjustment reduces the total RSSCT
BVT from 40,000 to a different BVT for each TOrC.

7.2.5.2 RSSCT modelling in AdDesignS

Modeling RSSCT results back up to 40,000 BVTs was accomplished using the pore and surface
diffusion model (PSDM) in AdDesignS (AdDesignS 1.0, Michigan Technological University, USA),
which is a finite element model utilizing the Freundlich isotherm to describe TOrC adsorption
equilibrium in combination with the ideal adsorbed solution theory (Hockanson et al., 1999; Sotelo et
al., 2014). The PSDM was manually calibrated with the following variables for each TOrC: molar
volume at normal boiling point, initial averaged RSSCT influent concentration, and experimental
RSSCT effluent breakthrough percentage with the corresponding normalized breakthrough time in days.

The Freundlich isotherm was used to describe the adsorption of organic compounds in agueous solution

onto activated carbon (Worch, 2012) and is described by Equation 7-3 ,
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1 Equation 7-3
q = K * CTL

where q is the mass of TOrC per mass GAC (ng/kg), K is the Freundlich adsorption coefficient (L/kg),
C is the concentration of TOrC in the liquid phase (ng/L), and % the dimensionless Freundlich exponent

determining the shape of the isotherm curve. The exponent was set to 1 due to low TOrC concentrations
in the presence of DOM in the system (Knappe et al., 1998; Graham et al., 2000; Corwin and Summers,
2011), which turned the isotherm linear.

The program also includes kinetic parameters. The surface to pore diffusion flux ratio (SPDFR) was set
to near zero as surface diffusion was assumed to be negligible in adsorption systems containing DOM
(Carter and Weber, 1994; Jarvie et al., 2005; Corwin and Summers, 2011; Chowdhury et al., 2013;
Kennedy et al., 2017). Correlations coded into the program were used to determine kinetic parameters
for each TOrC: the pore diffusion coefficient D,, was calculated using the Hayduk and Laudie
correlation, the surface diffusion coefficient D, was calculated using the Sontheimer correlation, and the
film mass transfer coefficient kr was calculated using the Gnielinksi correlation, used for spherical
particles under laminar flow conditions (Hayduk and Laudie, 1974; Gnielinksi, 1978; Sontheimer et al.,
1988). The value of both the Dy (~10° cm?/s) and SPDFR (~107°, unitless) terms was negligible. The
complete input parameters and associated equations are outlined in the Sl.

7.2.5.3 Model fit

A local Freundlich adsorption coefficient Krssct (for BVTrsscr normatizea) Was first visually estimated
from the PSDM fit. This Kgrssct value was iteratively refined using Matlab until the Kgrssct with the
minimal root mean square error (RMSE) between the PSDM predicted breakthrough and the normalized
RSSCT breakthrough was found. The RMSE calculation and explanation are outlined in the SI. The
same Krssct value was then used to fit the PSDM model to the BAC results.

7.2.5.4 Mass balance verification of PSDM-modeled Krssct with experimental results

In order to determine how much DOC or TOrC mass was sorbed onto the carbon at the end of
experimental run, an integral mass balance was performed according to equation S2.14 (Table 11-6),
similar to the approach described in Corwin and Summers, (2011). However, the equation was solved
for the maximum BT for each TOrC, as certain compounds did not reach 50% BT during the RSSCT
experiment. When calculating the DOC concentration in the solid phase, the RSSCT BVTs were not
normalized by the FI value. For mass balance calculation with TOrC concentration in the solid phase,
the normalized BVTs were used to facilitate comparison with the PSDM-modeled K values. In addition,
the mass balance from RSSCT data without BVT correction was calculated to compare with previously
reported breakthrough in RSSCT experiments (Miller et al., 2019a). After plotting effluent
concentration against throughput, the resulting breakthrough curve was integrated in Origin (OriginPro,
version 2019) according to equation S2.14.

7.3 Results and discussion
7.3.1 Feed water quality and redox conditions

The use of tertiary WWTP effluent to continuously feed the BAC filter and RSSCT column proved

challenging. DOC fluctuations in the BAC influent made a direct comparison between the constantly

fed BAC filter and the batch-fed RSSCT difficult. The BAC filter was operated at oxic conditions (DO

>1 mg/L) (influent = 5.8 £ 1.8 mg/L, effluent = 4.4 £ 1.9, n=46). Breakthrough of DOC and UVAs,

(C/Co = 80%) in the BAC filter was reached within 5,000 BVTs, but was prone to fluctuations due to

influent variability as mentioned (Figure 7-2). Breakthrough of DOC and UV Azs, in the RSSCT was
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reached within 5600 BVTs. Using a two sample t-test, the difference in influent DOC concentrations of
the two systems was not statistically significant (BAC DOC = 8.0 £ 3.1, n=10, vs RSSCT DOC = 6.77
+ 0.2, n=3, p < 0.05), but the difference in UVA4 was (BAC UVAz.=17.9 £ 7.1, n=10 vs RSSCT
UVA24 = 12.4 + 0.1, n=3, p < 0.0358). As DOC and UV2s, represent the sum of the organic matter
competing for adsorption sites, their breakthrough is important to discuss in the context of TOrC
removal. The two breakthrough curves of DOC from the BAC filter and the RSSCT column follow a
similar trend until ~7,000 BVT (albeit BAC DOC breakthrough is ~10-20% lower than RSSCT
breakthrough), after which RSSCT DOC breakthrough is consistently over 90% due to the batch feeding
mode, whereas BAC DOC breakthrough notably oscillates due to changing influent DOC
concentrations. When comparing the UV2s4 breakthrough, the entire breakthrough trend is similar, and
no oscillation in the BAC filter (with the exception of ~21,000 BVT) is observed. As UV 2s4is a surrogate
for mainly aromatic compounds, this more consistent breakthrough demonstrates the relatively quick
saturation of adsorption sites by organic matter, regardless of fluctuating influent DOC concentrations.
Coupled with the difference in DOC breakthrough, these graphs indicate that DOC removal initially due
to adsorption is followed by removal via combined adsorption and biodegradation in the BAC filter.
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Figure 7-2: DOC and UV2s4 breakthrough comparison between the BAC filter and RSSCT column. RSSCT raw data (not
normalized) is shown. For the integration approach, averaged DOC concentrations for the influents of BAC (5.0 mg/L) and
RSSCT (6.77 mg/L) were used.

To verify this, the mass balance integration approach outlined in section 7.2.5.4 was used. In comparing
the mass of DOC removed per mass GAC used for the RSSCT column (41,724 mg/kg) and BAC filter
(79,699 mg/kg) normalized to the throughput, the DOC loading on the BAC filter was determined to be
twice that of the RSSCT column. This is in line with the aforementioned lack of biological removal in
the RSSCT, and further supports the claim that both adsorption and biological processes are removing
the DOC in the BAC filter.

7.3.2  Adsorption prediction based on RSSCT results

As the fouling index adjustment reduced the RSSCT predictions to varying bed volumes, the compounds
were initially classified based on the greatest common amount treated after adjustment, which was
10,000 BVTs. The PSDM modeling approach for scale-up to 40,000 BVT was then tested on the
moderately sorbed and non-biodegradable compound primidone (Figure 7-3). After verification, it was
applied to other compounds. Determined Krsscr values from the model were finally validated with
results from mass balance calculations.
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7.3.2.1 Adsorption classification

The adsorption results for the compounds of interested were separated into 3 groups. Compounds were
classified as well (breakthrough<50%: citalopram, trimethoprim, atenolol, metoprolol, benzotriazole)
(Figure 7-4) moderately (50%<breakthrough<75%: climbazole, phenytoin, tramadol, venlafaxine,
primidone, diclofenac, carbamazepine) (Figure 7-5), or poorly (breakthrough > 75%: antipyrine,
iopromide, sulfamethoxazole, gabapentin) adsorbed (Figure 7-6) at 10,000 adjusted RSSCT BVTs
(Table 7-2).

When comparing adsorption classification from Table 7-2 with literature studies conducted with a
variety of influent water qualities, varying DOC, and a range of EBCTs, all compounds which were well
to moderately sorbed in this study displayed similar removal tendencies in literature. Among poorly
sorbed compounds in this study, antipyrine was better removed according to literature data and
sulfamethoxazole showed a range of removal efficiencies in literature. lopromide and gabapentin were
also classified as poorly adsorbing in most literature studies. Summarized results for all compounds are
presented in Table 11-11.

Table 7-2: Summary of experimental and modeling parameters obtained for the RSSCT. Compounds
ordered based on increasing RMSE.

RSSCT PSDM model on

. normalized RSSCT Mass balance comparison
adsorption
classification data
TOrCs This This .
at 10,000 Miiller et al.,
. Krssct RMSE study study
normalized (Lg) ) K K 2019
BVT g MB, M, K
normalized experimental

Venlafaxine Moderate 40 0.017 18 44 --
Tramadol Poor 44 0.018 19 46 35
Carbamazepine Moderate 34 0.024 15 48 37
Antipyrine Poor 14 0.025 10 35 --
Primidone Moderate- 20 0.028 16 31 29

Poor
Climbazole Moderate 55 0.032 22 58 --
Sulfamethoxazole Poor 12 0.033 12 20 26
Atenolol Well 130 0.033 29 57 39
Trimethoprim Well 141 0.037 44 52 40
Metoprolol Well 136 0.037 23 60 40
Citalopram Well 227 0.039 33 63 41
Diclofenac Moderate- 20 0.043 16 28 31

Poor
Gabapentin Moderate 0.85 0.044 2 8 9
Phenytoin Moderate 37 0.061 20 42 33
lopromide Poor 30 0.061 33 13 5
Benzotriazole Well 129.5 0.143 28 66 42

75



Chapter 7: Differentiating between adsorption and biodegradation mechanisms while
removing trace organic chemicals (TOrCs) in biological activated carbon (BAC) filters

7.3.2.2 PSDM modeling and mass balance verification of modeled pseudo-Freundlich K

values

Adsorption coefficients determined from the PSDM modeling of normalized RSSCT data are provided
in Table 7-2. A graphical comparison of experimental, normalized, and modeled breakthrough is shown
in Figure 7-3 for the moderately-poorly sorbed and non-biodegradable primidone and the moderately-
poorly sorbed diclofenac, showing that the model fitting is accurate for non-well adsorbed compounds.
Although classified as moderately-poorly sorbed, the breakthrough of primidone at 10,000 BVT was
close enough to 75% that it was deemed suitable for comparison purposes. It should be noted that while
the PSDM-modeled coefficients and coefficients obtained through integral mass balance are not directly
comparable as they are determined via different principles (PSDM model fit to breakthrough data vs.
integral mass balance after complete breakthrough), both are calculated from a multi-solute matrix and
are therefore pseudo-Freundlich K values. Using RMSE as a basis for judgement, the PSDM seemed to
predict breakthrough best for compounds which exhibited poor to moderate adsorption.
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Figure 7-3: Fitting of the PSDM model to the experimental RSSCT, and comparison to the normalized RSSCT data for
primidone and diclofenac.

To determine how reliable the PSDM-modeled Krssct was, the mass balance integration described in
section 7.2.5.4 was conducted for RSSCT breakthrough data. After calculating the mass in the solid
phase, the adsorption coefficient Kug was solved for using the Freundlich isotherm (Equation 7-3) and
compared to the PSDM-modeled Krssct. The mass balance was initially performed on Fl-normalized
RSSCT BVTs, to compare to the PSDM prediction. However, in order to compare with previous RSSCT
results, this approach was also applied to non-normalized data from this study and from experiments by
Mdiller et al. (2019a) conducted with effluent from the same WWTP as feed water. All results are shown
in Table 7-2.

The PSDM-modeled Krssct Was greater than the mass balance Kwg for all compounds except iopromide,
which can be explained by its low FI value (0.40, Table 11-8). Although carbamazepine displays
moderate adsorption, the very short EBCT in this study likely negatively affected the adsorption
potential, and could have caused the PSDM to underestimate the true K value. In this study, the greatest
percent difference between K values predicted from PSDM and mass balance approaches was observed
for the well adsorbed compounds atenolol, trimethoprim, metoprolol, citalopram, and benzotriazole,
with a 66% difference on average. The moderately adsorbed compounds diclofenac, venlafaxine,
carbamazepine, primidone, climbazole, phenytoin, and tramadol exhibited a 45% difference on average,
and the poorly sorbed compounds sulfamethoxazole and antipyrine exhibited a 14% difference on
average. The ratio between the experimental and normalized mass balance K values is equal to the
compound FI. As gabapentin exhibited almost immediate breakthrough and the iopromide FI was the
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lowest of any compound, they were omitted when calculating the average percent differences mentioned
above. Conclusions in regards to adsorption modeling for these two compounds should be made with
caution.

Possibly due to higher effluent concentrations of these chemicals due to lower removal, or because
breakthrough of these compounds is less influenced by the estimated mass transfer or kinetic parameters,
the difference is more likely attributed to the mass balance integration approach. Not all well adsorbing
TOrCs reached 50% breakthrough at the end of the RSSCT: benzotriazole, metoprolol, citalopram, and
atenolol BT was <51% and trimethoprim BT was 61%. Compounds which reached >80% BT
(gabapentin, iopromide, antipyrine and sulfamethoxazole) showed a notably lower difference (14% on
average). Since the integration was performed to the maximum BT achieved for each compound, rather
than the 50% BT mentioned in Corwin and Summers (2011), this possibly underestimated the GAC
adsorption capacity and the removal of the better adsorbing compounds. This is evident in the 66%
difference on average between Kgrssct and Kug for benzotriazole, metoprolol, citalopram, atenolol and
trimethoprim.

Notable differences in RSSCT experiment design between this study and in Mller et al. (2019a) include
bed volume (Mdller et al. (2019a): 6 cm?, this study: 2.26 cm?®), EBCT (22 seconds vs 3.8 seconds), and
percent breakthrough at the end of the experiment for each chemical, among other factors. Despite these
design differences, the mass balance results show K values in similar ranges for both experiments. In
comparison to Muller et al. (2019a), Kug values obtained from experimental values in this study were
greater for all chemicals except gabapentin, diclofenac, and sulfamethoxazole. Similar to the comparison
with PSDM-modeled results, differences were also greatest for well adsorbed compounds, with a 39%
difference on average, while moderately and poorly adsorbed compounds exhibited 14% and 4%
difference on average. This leads to the overall conclusion that while both the PSDM modeling and mass
balance approaches to calculating pseudo-Freundlich K values showed similar results, both approaches
agreed more for moderately to poorly adsorbing compounds. These implications are discussed later.

The calculation of the solid phase concentration showed that the mass balance approach is useful for
comparing results of different studies. Further comparison of the modeled and calculated pseudo-
Freundlich K values with other studies reporting K values for WWTP effluents would be ideal.
However, studies investigating K values either derived them from drinking water, surface water, or pure
water matrices (Nam et al., 2014; Zietzschmann et al., 2016; Aschermann et al., 2018) did not report an
exponent or K value (Sotelo et al., 2014; Altmann et al., 2015, 2016; Jeirani et al., 2017; Aschermann
et al., 2018), or reported K values far from the results of this study (Sotelo et al., 2012; Delgado et al.,
2019; Varga et al., 2019), as K values obtained from pure water matrices are 1-2 orders of magnitude
greater than in WWTP effluent (Guillossou et al., 2020). Ideally, complete breakthrough of compounds
is required for calculating Freundlich K values, which may be difficult to obtain from literature. To
enable comparison across experiments, future studies of adsorption in real WWTP effluent are
encouraged to report values for both variables of the Freundlich equation.

7.3.3  BAC modeling for biodegradation estimation

After calculating the Krssct, the PSDM was used to predict breakthrough in the BAC filter, to estimate
how much removal would have been seen in the BAC filter only due to adsorption. To accomplish this,
most parameter values from the RSSCT modeling prediction were carried over to the BAC modeling.
However, run time, flowrate, initial concentration, tortuosity, and effluent concentrations were adjusted
to BAC values (see Table 11-9). Run time was adjusted to 155 days and flowrate and influent
concentration were averaged over the longer time period, resulting in one flowrate value and one influent
concentration for each chemical. Using the correlation coded into AdDesignS, tortuosity was set to 1
when run time is <70 days, then calculated using equation 5 in Table 11-10 to be 1.81 for the BAC run

77



Chapter 7: Differentiating between adsorption and biodegradation mechanisms while
removing trace organic chemicals (TOrCs) in biological activated carbon (BAC) filters

time of 155 days. Experimental effluent breakthrough values for each individual BVT were loaded into
AdDesignS. Afterwards, the PSDM was run and produced a predicted breakthrough curve for the BAC
column. Measured results at 544 BAC BVTs were determined to be an outlier and excluded from the
modeling, as the concentrations were outside the third quartile when using the interquartile range rule
for 12 of the 16 investigated compounds. All modeling parameters are provided in the SI.

While the K values determined from the model are specific to assumptions taken in the experiment and
the PSDM model, results in Figures 7-4-7-6 confirm that the PSDM predicted BAC breakthrough
(denoted by a black line in Figures 7-4-7-6) fits well to the experimental RSSCTs data. To determine
which compounds are likely being removed by biodegradation, the observed BAC breakthrough
(adsorption and biodegradation, denoted by blue diamonds in Figures 7-4-7-6) was subtracted from the
PSDM predicted BAC breakthrough (only adsorption) for 10,900 — 38,348 BAC BVTs (n=8-9). As the
PSDM model outputs a text file of point values instead of an equation, the closest PSDM BVT for each
individual BAC BVT was identified for the calculation. The difference was evaluated using a student’s
two sample t-test. This led to identifying 3 groups: 1) compounds for which biodegradation was not
observed, 2) compounds for which the difference potentially caused by biodegradation was
insignificant, and 3) compounds for which the difference was significant.

Compounds for which biodegradation was not observed include metoprolol, sulfamethoxazole,
phenytoin, primidone, iopromide, atenolol, and trimethoprim. This also includes compounds where
observed breakthrough was even higher than PSDM predicted adsorption-only breakthrough. Apart
from metoprolol, all other compounds showed BT > 100% in at least 3 of the 8-9 sampling points
evaluated (no statistical outliers). Phenytoin and primidone breakthrough fit well to the PSDM model,
as both are resistant to biological treatment (Heberer, 2002; Miiller et al., 2017; Hermes et al., 2019). In
a biofilter study, atenolol exhibited high removal (90%), trimethoprim and iopromide exhibited
moderate removal (50 + 30% and 60 + 20%), and metoprolol and sulfamethoxazole exhibited low
removal (20 £ 10%) (Hermes et al., 2019), albeit at a notably higher operational EBCT of 90 minutes.

Compounds which showed an insignificant difference between BAC filter breakthrough in comparison
to PSDM predicted adsorption breakthrough include antipyrine, benzotriazole, citalopram, and
climbazole. Although other studies have found a good adsorption tendency and a poor biodegradation
tendency for antipyrine (Sun et al., 2018; Karakurt-Fischer et al., 2020b), the results observed here seem
to indicate that biodegradation contributes to removal (Figure 7-6). Benzotriazole showed moderate
removal (30 £ 10%), while citalopram showed poor removal (10%) in 90 min EBCT (Mduller et al.,
2017; Hermes et al., 2019). Based on these results, a significant contribution of biodegradation would
not be expected for the current setup, which tested a much lower EBCT of 4-10 min. The current study
found similar or slightly higher removal for benzotriazole and higher removal for citalopram (Figure
7-4) than prior work (Muller et al., 2017; Hermes et al., 2019). This is likely attributed to the high
removal by adsorption during the initial operation of the BAC filter, since both benzotriazole and
citalopram were classified as well adsorbed in Table 7-2.

Compounds for which the difference was significant were gabapentin, diclofenac, venlafaxine,
tramadol, and carbamazepine. Gabapentin is moderately to well biodegraded (Hellauer et al., 2017,
2019; Hermes et al., 2019; Karakurt-Fischer et al., 2020b) and very redox sensitive, with greatest
degradation occurring under oxic conditions (Hellauer et al., 2017; Muller et al., 2019d, 2019c).
Diclofenac is well biodegraded in certain systems (Wiese et al., 2011; Regnery et al., 2016; Hellauer et
al., 2017) but not in others (Muller et al., 2017; Karakurt-Fischer et al., 2020b), and the current approach
suggests that biodegradation is likely contributing to removal in this system (Figure 7-5). Both
compounds were moderately to poorly adsorbed in this study, in line with literature results (see Table
11-11). The complete RSSCT breakthrough of gabapentin, along with its susceptibility for
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biodegradation under oxic conditions, supports the conclusion that biodegradation was likely occurring
in the BAC filter. It should be noted that during the June-December operation of the BAC filter, a
seasonal influent water temperature decrease and influent DO concentration increase was observed.
During the latter stages of operation, increased clogging and consequentially EBCT led to lower DO
concentrations in the BAC column effluent during the time between the last two BVTSs, possibly
impacting the removal of redox-sensitive compounds.

Based on literature data, the results for venlafaxine, tramadol, and carbamazepine were unexpected.
Both venlafaxine and tramadol were poorly removed in biofilter studies with HRTs between 1.5-13
hours (Mdller et al., 2017; Hermes et al., 2019; Karakurt-Fischer et al., 2020b) but well biodegraded in
systems with HRTs of several days (Hellauer et al., 2017, 2018b, 2019). Venlafaxine breakthrough in
this study seems to suggest removal via biodegradation after 10,000 BAC BVTs, reaching PSDM
predicted breakthrough by ~32,000 BAC BVTs. Tramadol removal in this study is also greater than in
the mentioned literature. Although carbamazepine has been characterized as a highly sorptive (Snyder
et al., 2007; Reungoat et al., 2011; Sperlich et al., 2017; Sbardella et al., 2018; Sun et al., 2018; Miiller
et al., 2019a; Guillossou et al., 2020) but not biodegradable compound, the visual difference between
BAC and PSDM suggests that carbamazepine is also removed via biodegradation. However, it is far
more likely that all 3 compounds are still adsorbing to an even greater extent than predicted by the
RSSCT experiment. Therefore, estimated contributions of biodegradation to the removal of other
compounds (diclofenac, gabapentin) should be carefully evaluated and validated with other methods,
such as detecting biodegradation transformation products.
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Figure 7-4: TOrCs well adsorbed at 10,000 RSSCT BVTs (breakthrough <50%): metoprolol, atenolol, trimethoprim,
citalopram, and benzotriazole. Blue diamonds denote experimental BAC breakthrough, black squares denote normalized
RSSCT breakthrough, and black line denotes the PSDM predicted BAC breakthrough.
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Figure 7-6: TOrCs poorly adsorbed onto RSSCT at 10,000 BVT (BT>75%): iopromide, sulfamethoxazole, antipyrine, and
gabapentin. Blue diamonds denote experimental BAC breakthrough, black squares denote normalized RSSCT breakthrough,
and black line denotes the PSDM predicted BAC breakthrough.

7.3.4 Implications for future research

Applying RSSCT column experiments and PSDM modeling to predict adsorption in BAC filters at
extended BVTs has some potential limitations.

If bed porosity changed after crushing, this would be reflected in the ratio of the dimensionless Stanton
and Biot numbers, which is the basis of RSSCT scaling. Depending on the absolute value of these
dimensionless numbers, the impact on the model output would vary. As the PSDM model results were
fit to the RSSCT data (see section 7.3.2.2), the possibly small variations in porosity likely would not
significantly affect the result of the model output. A detailed study on the influence of broad ranges of
Biot and Stanton numbers on a similar fixed-bed adsorber model (HSDM) was published by Sperlich et
al. (2008). Setting the Freundlich exponent to 1 for all TOrCs and making the adsorption isotherm linear,
while justified when DOC concentrations are greater than TOrC concentrations, affected the results.
Fixing the exponent has been attributed to discrepancies between experimental and modeled data, as the
fixed slope of the breakthrough curve generated by the model is not reflective of the experimental data
(Zietzschmann et al., 2014).

High fluctuations in breakthrough behavior for phenytoin, venlafaxine, and atenolol can be explained
by feed water quality variability during long-term BAC filter operation. The PSDM model requires
influent and effluent concentrations to be loaded into the program, and as all BAC filter influent
concentrations were averaged to one value, this could have led to inaccuracies in the model prediction
and therefore the comparison.

Since Krsscr was solved for in AdDesignS, a more precise approach would be to determine K for each

compound by conducting single-solute isotherm tests, since the accuracy of film diffusion coefficients

is critical, especially when predicting high removal (Yu et al., 2009). The likely disproportionately large

effect of the kinetic parameter values on the modeling results due to the extremely short EBCT could be

determined by conducting a scenario analysis and changing the values of Ds, ke, K, and n and seeing

how the PSDM prediction changes, which was outside the scope of this study. After modeling the
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RSSCT breakthrough data using the PSDM, results suggested that the modeling was most accurate for
moderately to poorly adsorbed compounds. This assumption is supported by the small RMSE values
between the PSDM model and normalized RSSCT breakthrough curves for these compounds. Finding
experiment-specific film diffusion coefficients and surface diffusion coefficients, instead of relying on
correlations, could also improve the model fit to the experimental data (Ye et al., 2018).

Despite potential limitation of pseudo-Freundlich K values and high fluctuations for some compounds,
the PSDM model agreed very well with experimental data from (normalized) RSSCT experiments. The
poor alignment of the PSDM model with the BAC results for some compounds is due to compound-
specific breakthrough difference between BAC and normalized RSSCT. Estimating fouling indices from
compound-specific fouling factors could have contributed to this error, as the fouling factors were
calculated using a LFER based on TOrCs which were not investigated in this study. While this approach
showed good visual fit between PSDM model (for RSSCT data) and BAC for compounds such as
sulfamethoxazole, metoprolol and primidone, it did not provide an accurate prediction for other non-
biodegradable compounds. Prior studies calculating fouling factors utilized a more narrow range and
larger values (Y = 0.6-0.8 (Kennedy et al., 2017)) than the range of fouling factors calculated in this
study (Y =-0.44-0.59 (Table 11-8)).

While compound characteristics have not been extensively discussed in this study, it is clear that log D,
charge and pKa, among other chemical characteristics (Hermes et al., 2019), experimental parameters
such as pH and temperature (Piai et al., 2020), and GAC characteristics (Worch, 2012; Hu et al., 2016;
Guillossou et al., 2020) affect compound adsorption. Taking GAC aging into consideration through the
use of a time-variable empirical function (Ye et al., 2018), which has not yet been applied for WWTP
effluent matrices, could also be useful when comparing RSSCT results to BAC filters.

A potential solution to increase accuracy of compound-specific fouling index determination and avoid
the multiple modeling steps could be to conduct a proportional diffusivity (PD) RSSCT instead of the
CD-RSSCT used in this study. As PD-RSSCTs assume intraparticle diffusion decreases linearly with
particle size, it could better account for DOM breakthrough when removal via biodegradation is not
considered (Crittenden et al., 1991; Kennedy et al., 2017). This would involve setting the Reynolds
number to 1 to ensure that intraparticle diffusion would be rate limiting and that external mass transfer
and dispersion would not be greater in the RSSCT than in the large column (Worch, 2012), which would
affect bed height and filter velocity. As PD-RSSCTs have shown better DOM and transformation
product removal prediction, building upon the work of Kennedy et al. (2017) by conducting parallel PD-
RSSCTs to more accurately calculate the fouling index of each TOrC could improve the model
prediction.

7.4 Conclusion

A RSSCT was conducted to predict removal of numerous trace organic chemicals via adsorption to
GAC. The RSSCT results were compared to results from a BAC filter operated in parallel to determine
the relative contribution of biodegradation to TOrC removal. After correcting RSSCT results for
adsorption overprediction, a PSDM model was constructed to predict adsorption through 40,000 BVTs.
The modeled results were then compared to experimental BAC breakthrough.

Results revealed that the PSDM fit using AdDesignS predicted the breakthrough for poorly to
moderately adsorbing compounds, such as venlafaxine, tramadol, and carbamazepine, the best.
However, the comparison of PSDM results to BAC breakthrough indicated biodegradation of persistent
carbamazepine, venlafaxine, and tramadol, which is very unlikely to occur for these compounds.
Therefore, determining removal via adsorption by comparing RSSCT and BAC breakthrough was not
possible. Recommendations for optimizing the predictability of the outlined approach are to
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experimentally obtain more accurate individual fouling indices as well as to operate the BAC filter at
longer EBCT.
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In conclusion, Hypothesis 3.1 — Rapid small scale column tests (RSSCTs) can accurately differentiate
between TOrC removal attributed specifically to biodegradation and to adsorption — could not be fully
tested, as the RSSCT approach for determining the contribution of adsorption to removal in a BAC filter
requires optimization to better compare the RSSCT and BAC filter.
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Abstract

The removal of trace organic chemicals (TOrCs) from treated wastewater and impacted surface water
through managed aquifer recharge (MAR) has been extensively studied under a variety of water quality
and operating conditions and at various experimental scales. The primary mechanism thought to dictate
removal over the long term is biodegradation by microorganisms present in the system. This review of
removal percentages observed in biologically active filtration systems reported in the peer-reviewed
literature may serve as the basis to identify future indicators for persistence, as well as variable and
efficient removal in MAR systems. After conducting a review of removal percentages observed in
biologically active filter systems reported in the peer-reviewed literature for 901 lab-scale and 351 field-
scale experiments, a noticeable variation in reported removal percentages (standard deviation above
30%) was observed for 24 of the 49 most commonly studied TOrCs. Such variations suggest a rather
inconsistent capacity of biologically active filter systems to remove these TOrCs. Therefore, operational
parameters such as the change in dissolved organic carbon (ADOC) during treatment, hydraulic retention
time (HRT), filter material, and redox conditions were correlated to the associated TOrC removal
percentages to determine whether a data-based relationship could be elucidated. Interestingly, 11 out of
the 24 compounds demonstrated increased removal with increasing ADOC concentrations. Furthermore,
10 compounds exhibited a positive correlation with HRT. Based on the evaluated data, a minimum HRT
of 0.5-1 day is recommended for removal of most compounds.
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Chapter 8: Varying attenuation of trace organic chemicals in natural treatment
- A review of key influential factors

8.1 Introduction

With increasing population growth as well as reduced natural discharge of rivers and increased
evapotranspiration due to climate chance impacts, the relative contributions of wastewater treatment
plant (WWTP) effluents discharged into surface water bodies can become significant, most notably in
years with extended dry periods (Karakurt et al., 2019). As a consequence, more trace organic chemicals
(TOrCs) have been detected in watersheds globally (Tran et al., 2019). TOrCs include numerous classes
of chemicals, such as pharmaceuticals and personal care products, and their removal in wastewater
treatment has been the focus of many studies and research groups in the last decades. Treatment barriers
critical for reducing their presence in the environment include wastewater treatment plants (Alvarino et
al., 2018; Tran et al., 2018) and advanced water treatment processes, such as activated carbon (Benstoem
etal., 2017; Guillossou et al., 2019), membrane processes (Snyder et al., 2007), ozonation and advanced
oxidation processes (Lee and von Gunten, 2016; Miklos et al., 2019), biological activated carbon or sand
filtration, and moving bed biofilm reactors (Falas et al., 2012; Gerrity et al., 2011). Natural treatment
systems, such as managed aquifer recharge (MAR) including soil-aquifer treatment, aquifer recharge
and recovery or induced bank filtration, where water is infiltrating through a vadose zone into a saturated
aquifer can also achieve further TOrC removal via adsorption and biodegradation (Rauch-Williams et
al., 2010). In contrast to engineered systems, where operational parameters can be optimized to select
for maximum removal (Karakurt-Fischer et al., 2020b; Regnery et al., 2016), TOrC fate and transport
in natural treatment systems is more difficult to control. Understanding how individual factors influence
compound removal can help improve removal and reduce TOrC concentrations in the environment.

Numerous studies have identified relevant parameters for TOrC removal in these natural treatment
systems, including but not limited to the concentration and composition of biodegradable dissolved
organic carbon (BDOC), redox conditions, subsurface material composition, and hydraulic retention
times (HRT). Although individual studies usually provide clear trends, a direct comparison of studies
often leads to inconclusive or contradictory results. For example, some studies demonstrated that
removal efficiency of target substances is independent of pre-adaptation (Alidina et al., 2014a) while
others observed significant adaptation to target compounds (Baumgarten et al., 2011). Hoppe-Jones et
al. (2012) showed efficient removal at both high and low BDOC concentrations.

This literature study aims to identify TOrCs exhibiting strongly varying removal tendencies and
correlate their removal with relevant parameters affecting the biodegradation of TOrCs in MAR
treatment systems. Although removal might also be influenced by numerous other variables, this study
focused on the effects of BDOC, predominant redox conditions, media material and HRT, as these
potential influencing factors were reported in most studies.

8.2 Methods
8.2.1 Literature review

A comprehensive review of the peer-reviewed literature regarding the biological degradation of TOrCs
in MAR systems was conducted. Google Scholar and OPACplus were used to search for studies using
lab-, pilot-, or field-scale experiments with technical or natural filter material. Combinations of strings
using the terms ‘biological removal’, ‘biological degradation’, ‘trace organic chemicals’, and ‘TOrCs’
were used to collect peer-reviewed literature published between 2010-2018. For inclusion into this
review, the study must have focused on TOrC biodegradation and provided sufficient information about
the observed removal percentage, the change in DOC concentration (ADOC), redox conditions, and
HRT. After screening abstracts and then full-length documents for the aforementioned parameters, as
well as inclusion of 16 studies published before 2010 or in 2019 as grey literature, a Microsoft Excel™
database comprised of 1,476 entries from 39 studies covering lab-scale column (901 entries), field-scale
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(351 entries), and batch (139 entries) experiments was compiled. The full list of chemicals and
parameters is provided in the SI (section 11.5).

8.2.2 Data processing and analysis

The reported removal percentages of TOrCs in these studies were compared to the corresponding filter
material, redox condition, HRT, and ADOC concentrations to determine whether a significant
relationship between compound removal and influencing factor could be derived. When only a removal
range was given, the mean value was calculated and used for further analysis. Many studies use the term
‘BDOC’ to describe the biodegradable dissolved organic carbon by subtracting effluent DOC from
influent DOC, despite the existence of a defined protocol for accurate determination of BDOC (Servais
et al., 1989). Therefore, this study will denote the reported removed DOC (i.e., DOCinfiuent-DOCetfiuent)
as ADOC, even if cited literature used the term ‘BDOC’. Filter materials were classified as natural
material taken from environmental samples (native soil, riverbed sediments or aquifer samples), or fresh
technical filter material including sand, anthracite, or a mixture of anthracite and sand, which usually
was exposed to feed water for a specific time prior to conducting the experiments. For correlation
analysis, studies were classified simply as either natural or technical filter material to have more
independent data points. As many studies reported the results of multiple experiments in a single paper,
the number of experiments was chosen to denote the actual quantity of individual experiments performed
per chemical. For 117 entries in the database (8% of total entries), information on HRT was only reported
as empty bed contact time (EBCT), which was converted from minutes to days and multiplied by 0.45,
assuming a bed porosity of 45% to obtain a conservative estimate (DVGW, 2015).

To identify the most inconsistent compounds for further investigation, two statistical parameters were
used. Compounds for which the number of experiments (Nexp) Was > 8, and for which the standard
deviation of removal percentage (sd) was greater than 30%, were classified as ‘inconsistent’ for
correlation analyses. This definition ensured that enough data was available and that notable variation
in the compound removal behavior was observed.

Multiple statistical tests and parameters were calculated for each inconsistent compound. To check if
filter material influenced the removal, the removal percentage was compared to both materials and tested
for differences in the mean values. To check if HRT or ADOC concentration influenced removal, a
correlation analysis was conducted. The removal percentage data for every inconsistent compound was
first tested for normality. When grouped by filter material, 20.8% of cases of removal percentage data
were normally distributed. For correlation analysis, a bivariate normal distribution was indirectly tested
by checking the univariate normal distribution of both variables. ADOC concentration and removal
percentage (but only for technical material, see next paragraph) and HRT and removal percentage were
normally distributed in 20% and 0% of all cases. Since normality was not present in most compound
data sets, only non-parametric tests for all substances and groupings were employed to ensure better
comparability. All graphs, data and results of normality tests are presented in the SI.

The Spearman’s correlation coefficient (rs) was calculated between the ADOC concentration and the
removal percentage for technical filter material. Natural filter material was omitted from the correlation
analysis, since desorption and biodegradation of particulate organic matter content could lead to
interference with TOrC removal (see section 8.3.2). A Spearman’s rank correlation coefficient was also
calculated between the HRT and the removal percentage. No non-linear model between HRT and decay
(i.e. 1% order Kinetics or similar) was assumed or constructed due to a lack of similarity between
experiments and a lack of data on individual time series.
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Figure 8-1: Removal results for compounds from the catalogued studies, with more commonly studied compounds depicted in
the left column (Nexp > 8) and less commonly studied compounds in the right column. The star (*) denotes compounds for which
the standard deviation in removals was above 30%.
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Table 8-1: Correlation coefficients of inconsistent TOrCs. Bolded values denote significant correlation
between the parameter and the TOrC.

Filter material

Substance ADOC HRT Wilcoxon test: p<0.05;
Spearman rs >0.5  Spearman rs >0.5 natural (N) vs.
technical (T)
Acesulfame 0.09 -0.18 0.02 (T)
Benzotriazole 0.66 -0.36 0.00 (T)
Cetirizine 0.89 0.92 0.05
Citalopram 0.67 0.88 0.06
Climbazole 0.76 0.94 -
Dichlorprop - 0.24 -
Diclofenac 0.49 0.55 0.00 (N)
Diphenhydramine -0.22 0.79 0.11
Gabapentin 0.88 0.03 0.29
Gabapentin Lactam 0.82 0.41 0.03 (N)
Gemfibrozil -0.06 0.43 0.00 (N)
Ibuprofen -0.10 0.33 0.17
lopromide 0.92 0.83 0.05
Ketoprofen 0.25 0.1 0.51
Meprobamate - 0.15 0.05
Metoprolol 0.79 0.78 0.02 (N)
Paracetamol -0.47 -0.29 -
Sulfamethoxazole 0.75 0.36 0.23
TCEP - 0.52 0.10
TCPP - 0.27 0.30
Telmisartan 0.7 0.78 0.06
Valsartan 0.87 0.49 0.20
Valsartan acid -0.87 0.04 0.74
Venlafaxine 0.47 0.79 0.10

Furthermore, to check if filter material had an influence on removal percentages, two-sided Wilcoxon
rank-sum tests (i.e. Mann-Whitney tests) were conducted. The following null hypothesis (Ho) was used
for the Wilcoxon test between material and removal percentage: there is no difference in the medians of
removal percentages between experiments using natural or technical column material (equal medians).
The alternative hypothesis (Ha) was that there is a difference in the medians of removal percentages,
greater or smaller, when different column material was used (two-sided alternative). The null hypothesis
was rejected when the Ho p-value was less than o = 0.05.

Data gathering and organization was done in Microsoft Excel™. All analysis and visual representation
was performed in R (version 3.6.0, R Core Team, 2019).
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8.3 Results and Discussion
8.3.1 TOrC classification

The removal percentages and the number of experiments per compound were plotted to determine how
frequently compounds were studied (Figure 8-1). This analysis revealed that an impressive number of
chemicals has been studied and that many of them exhibit varying degrees of removal. Well studied
compounds included carbamazepine, diclofenac, naproxen, sulfamethoxazole, gemfibrozil, and
caffeine, which were covered in more than 40 experiments in the 39 studies evaluated. Well-studied
compounds showing consistent removal efficiency in most studies (standard deviation <30%) are
recommended as future indicators for persistent behaviour (e.g. atrazine, carbamazepine, primidone,
sucralose or tramadol) and efficient removal (e.g. atenolol, naproxen, trimethoprim) in MAR systems.
As literature results show large discrepancies in removal behavior of several compounds, the
inconsistent chemicals showing standard deviation of >30% are denoted with an asterisk in Figure 8-1.
Inconsistent TOrCs include acesulfame, benzotriazole, cetirizine, citalopram, climbazole, dichlorprop,
diclofenac, diphenhydramine, gabapentin, gabapentin lactam, gemfibrozil, ibuprofen, iopromide,
ketoprofen, meprobamate, metoprolol, paracetamol, sulfamethoxazole, TCEP, TCPP, telmisartan,
valsartan, valsartanic acid, and venlafaxine (24 of 160 substances). These compounds were chosen for
further analyses to determine whether a relationship between the reported removal and one of the
influencing factors could be established. All correlations are listed in Table 8-1.

8.3.2 Influence of redox conditions on removal

Redox conditions are often considered a crucial parameter in the biological transformation of TOrCs.
The presence and concentration of DO in water dictates the degradation rate of chemicals by aerobic
microorganisms. Sufficient levels of DO allow TOrC transformation under oxic conditions (Baumgarten
et al., 2011; Massmann and Du, 2008; Regnery et al., 2015). Improved removals of numerous
compounds under low DOC concentrations and oxic conditions have been shown at lab- as well as field-
scale (Hellauer et al., 2019, 2018, 2017; Mller et al., 2017; Regnery et al., 2016). A comparison of
dissipation time (DTso) further supports the faster transformation of TOrCs under oxic conditions
compared to anoxic conditions (Regnery et al., 2017a). Likewise, 1-2 orders of magnitude differences
in biodegradation rate constants under oxic conditions for compounds such as naproxen,
sulfamethoxazole, and triclosan often differ between batch, column, and field-scale experiments
(Greskowiak et al., 2017). Oxygen consumption depends on other parameters such as ADOC or
particulate organic carbon (POC), HRT, and temperature, which strongly affect the extent of oxic zones
within the system. Even if low oxygen concentration is present in the influent, a small oxic zone might
still be sufficient for catalyzing biotransformation of TOrCs.

In the present study, correlating the reported redox conditions with TOrC removals was not possible.
The experimental redox regimes were often ambiguously reported in literature: sometimes only influent
DO concentrations were reported and sometimes the regime was labeled simply as oxic or anoxic
without specifying DO concentrations. Given the importance of redox conditions for TOrC
biotransformation, proper characterization and distinction of redox zones, especially between oxic and
anoxic zones in experiments is strongly recommended for future studies, which could be accomplished
through higher resolution sampling along the flow path of the system but should at least include
reporting of influent and effluent DO concentrations. In addition, anoxic conditions should be monitored
by analysis of nitrate and nitrite concentrations in the samples. Although more recent studies have begun
to provide more detailed redox zonation information (Burke et al., 2014; Hellauer et al., 2017; Mdiller
et al., 2019), this amount of data could not be compared with the studies providing only influent
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concentrations. Due to this limitation, a classification of different redox conditions as a basis for
correlation analysis was not possible with available data.

8.3.3 Influence of 4DOC on removal

Organic compound removal in MAR systems has been attributed to adsorption and biodegradation
(Drewes et al., 2003; Regnery et al., 2017b). Microorganisms degrade organic matter present in the
water by using organic compounds as their primary substrate and producing enzymes to metabolize
them (Tran et al., 2013). Under oxic conditions, high concentrations of easily biodegradable primary
substrate have been shown to result in more biomass, while the presence of poorly-biodegradable or
refractory dissolved organic carbon can increase the structural and functional diversity of
microorganisms (Alidina et al., 2014b; Li et al., 2014, 2013, 2012). Diversity of microorganisms has
been shown to improve removal of certain TOrCs (Alidina et al., 2014b).

Hoppe-Jones et al. (2012) showed that while higher ADOC concentrations (>1.6 mg/L) were needed for
initial microbial adaptation during groundwater recharge using reclaimed water, after acclimatization,
efficient removal was also attained under lower ADOC concentrations (<1.0 mg/L) representing starving
conditions. While some studies confirm this lag phase adaptation time, particularly for chemicals like
sulfamethoxazole (Baumgarten et al., 2011) or acesulfame (Castronovo et al., 2017), other studies have
shown that microbial pre-exposure to TOrCs does not increase their biotransformation, and microbial
communities in MAR systems are robust regarding their removal capabilities to changes in influent
water quality (Alidina et al., 2014a). Low carbon and oxic conditions have been confirmed to facilitate
better removal of TOrCs at lab-, pilot-, and field-scales (Rauch-Williams et al., 2010; Regnery et al.,
2016). However, a certain minimum biological activity might be required to initiate TOrC
transformation.

Based on the hypothesis of co-metabolic degradation, studies have also attempted to distinguish how
composition of DOC influences biodegradation of TOrCs (Alidina et al., 2014a; Rauch-Williams et al.,
2010). According to this, primary metabolic degradation occurs when microorganisms use fractions of
DOC or dissolved organic material (DOM) as their main carbon and energy source. Co-metabolism
occurs when enzymes expressed during the degradation of the primary carbon leads to the
transformation of TOrCs without an energetic or growth benefit for the bacteria (Alidina et al., 2014a).
Alidina et al. (2014b) showed that changing the organic carbon composition by decreasing easy
degradable peptone yeast and increasing refractory humic acids can enhance TOrC attenuation
efficiency for select TOrCs. The assumption of co-metabolic degradation with increasing humic acid
concentration, however, was not confirmed in subsequent research (Hellauer et al., 2019). Other studies
indicated increased removal efficiencies of some TOrCs with higher biological activity indicated by
ADOC and ADO measurements (Muller et al., 2019).

The ADOC in the investigated studies ranged from 0 to 9.2 mg/L. If not explicitly stated as ‘BDOC” in
the respective study, the ADOC was calculated from the reported DOCinfiuent-DOCesient difference
observed during the experiments. In this way, it only represents an approximate amount and does not
necessarily equal the total amount of biodegradable DOC, since longer retention times or different redox
conditions might lead to increased DOC decomposition. However, as the ADOC can affect TOrC
removal, possible correlations for the inconsistent TOrCs were analyzed considering only the data from
experiments with technical material. Experiments with natural material were omitted from the
correlation analysis, as natural sediments might provide additional POC which can contribute to ADOC
as a co-substrate or sorbent and thus distort the possible effects of ADOC on TOrC removal.

The oxic biodegradation of ADOC is associated with the consumption of oxygen, which influences the
redox conditions in sediments. According to the molar mass ratio of molecular oxygen and carbon with

91



Chapter 8: Varying attenuation of trace organic chemicals in natural treatment
- A review of key influential factors

an assumed zero valence, 2.7 mg of oxygen are consumed during the oxidation of 1 mg C to CO,. Using
this estimated ratio, 4 mg/L ADOC in a saturated influent water (10 mg/L DO) would already result in
anoxic conditions. If not all the oxygen in the influent water is consumed for ADOC degradation, the
remaining oxygen could be used for the biological oxidization of possibly present POC. Therefore,
decreasing influent DOC concentrations can extend the penetration of oxic conditions to deeper zones.

Although no generalization about the primary substrate concentration on TOrC removal could be made
in this study, 11 of 24 inconsistent compounds showed a positive correlation (Spearman rs > 0.5)
between their removal and the reported ADOC. A possible change of redox conditions caused by high
concentrations of biodegradable DOC might distort the correlations, especially at ADOC concentrations
exceeding 4 mg/L. However, positive correlations were found for eleven compounds including
climbazole, gabapentin, iopromide, metoprolol, sulfamethoxazole, and benzotriazole, among others
(Figure 8-2). Illustrations of correlations for the remaining compounds can be found in the SI. The data
indicates better removal of TOrCs with higher influent biodegradable DOC concentration, which is
likely associated with increased organo-heterotrophic biomass and biological activity. This correlation
was also observed by Schaper et al. (2019) for the biotransformation of many TOrCs in river sediments.

lopromide displayed the greatest rs, which was confirmed by a detailed study on its biodegradation
dependence on ADOC and redox conditions by Muller et al. (2019b), demonstrating that a correlation
between removal in technical filter material and ADOC concentration seems to exist across multiple
studies. Gabapentin and benzotriazole exhibited similar enhanced transformation in the presence of
higher DO consumption and ADOC, whereas metoprolol transformation efficiency was stable under
varying substrate conditions (Miiller et al., 2019). In contrast to this individual study, the correlation of
metoprolol removal across multiple studies indicates that its removal improved with increasing
microbial activity indicated by ADOC.

Furthermore, substrate characteristics and composition can play an important role for compound
biodegradation. Alidina et al. (2014b) found that increasing the share of refractory carbon (e.g. humic
substances) increased the removal of TOrCs such as atenolol, gemfibrozil and diclofenac. Onesios and
Bouwer (2012) observed adverse effects of acetate spiking with increased removal of TOrCs like
gemfibrozil under low (~50 pg/L acetate) compared to high (1,000 pg/L acetate) primary substrate
concentrations. These results demonstrate the complex interaction of TOrC and DOC biodegradation in
MAR systems and indicate that effects are highly compound and system specific. This conclusion is
supported by the fact that removal of >50% of investigated compounds (including diclofenac and
ketoprofen in Figure 8-2) did not show significant correlation with ADOC.
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Figure 8-2: Scatterplot of feed water ADOC versus removal percentage. Statistical analysis was only performed on technical
column material (denoted by black dots). Compounds were selected to demonstrate the range of correlations found.

Furthermore, substrate characteristics and composition can play an important role for compound
biodegradation. Alidina et al. (2014b) found that increasing the share of refractory carbon (e.g. humic
substances) increased the removal of TOrCs such as atenolol, gemfibrozil and diclofenac. Onesios and
Bouwer (2012) observed adverse effects of acetate spiking with increased removal of TOrCs like
gemfibrozil under low (~50 pg/L acetate) compared to high (1,000 pg/L acetate) primary substrate
concentrations. These results demonstrate the complex interaction of TOrC and DOC biodegradation in
MAR systems and indicate that effects are highly compound and system specific. This conclusion is
supported by the fact that removal of >50% of investigated compounds (including diclofenac and
ketoprofen in Figure 8-2) did not show significant correlation with ADOC.

8.3.4 Influence of hydraulic retention time (HRT) on removal

The time spent in the subsurface also affects the removal of chemicals, in conjunction with sorptive and
biodegradative processes. Insufficient TOrC removal due to short HRT (several hours) might occur
especially in technical systems as described by Karakurt-Fischer et al. (2020b) and Muller et al. (2017).
Technical systems aim to treat large water volumes within a limited reactor space by decreasing the
HRT, whereas soil-aquifer treatment systems and other MAR systems often operate with HRTs on the
order of weeks and months (Zucker et al., 2015). A recent review of groundwater degradation rates at
various experimental scales concluded that high uncertainty is associated with any type of rate constant
prediction due to variability of several influencing factors (Greskowiak et al., 2017).

The HRT reported in literature ranged from several minutes to more than 100 days. In this review, the
median reported HRT in field studies was 3 days, which was notably higher than the median HRT of
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0.6 days in lab-scale column tests. This difference in resolution might contribute to the wide range of
biodegradation rates for TOrC removal as reported by Greskowiak et al. (2017). To provide sufficient
resolution of reported removals at low HRT, the data for the inconsistent compounds is shown using a
logarithmic x-axis (Figure 8-3). Again, 10 out of 24 inconsistent compounds showed a positive
correlation (Spearman rs > 0.5) with HRT, revealing a higher removal with increasing HRT. The
removal of several compounds including citalopram, climbazole, and metoprolol (Figure 8-3) is strongly
correlated with HRT for HRT below 2 days (Spearman rs > 0.78).

However, increased residence times often led to decreased oxygen availability, shifting redox conditions
from oxic towards anoxic and influencing compound removal. This might be a reason for the weak
correlations between removal and HRT for some compounds. Despite weak correlations, HRT could
also be limiting for TOrCs like sulfamethoxazole and diclofenac, since less than 50% removal was
observed in all studies with HRT below 0.1 day (2.4 hours). More efficient removal in several studies
with longer HRT indicates that these compounds can be biodegraded if adequate redox and substrate
conditions are applied. Removal of those compounds might be challenging for technical systems with
limited HRT and their removal dependency on HRT has been suggested by Miiller et al. (2017).

Benzotriazole, gabapentin, or gemfibrozil were not correlated with HRT albeit showing efficient
removal in several studies at HRTs below 1 day. This indicates that other parameters are more relevant
for their removal at short HRT. While redox sensitive degradation of gabapentin is well-documented
((Muller et al., 2019; Sperlich et al., 2017)), removal of benzotriazole was inconsistent in different
systems with similar oxic and carbon-limited conditions (Hellauer et al., 2019). For some compounds,
such as TCEP, available data was not sufficient to draw substantial conclusions (or hypotheses) on
dependency of removal on HRT.

Benzotriazole Citalopram Climbazole
1.00+ ‘ ' ® o0
‘ e PO (]
075] | o |8 Bo | ® o
o ‘ o @
0.25] i |- o8
¥ g0° o
0.00- e |/s=7036|| | 8@ rs=0.88 rs=0.94
~ Diclofenac Gabapentin Gemfibrozil
~ _1.00{ ° * @b . L o ¢¥W. °
18 75 S f ¢ 18 ’!
@ 0® | J
(>) 0.251e% 94/ ® o .' o f
5 0.00- "‘.t rs20.55 o re=0.03 [ 'S ® r.=pa3
Metoprolol Sulfamethoxazole TCEP
1.00 o8 ) o ‘ ©
0.751 ° .° S » ® o
6]
0.50 A - S,
a ® 0 ® o
| °® o |® °®
0251 | og|® oge ¢ o
0.001 r=078 ||e® © &. "rs:l0.36 i ..‘ '05:'0.52
- o 9 « _ o 9 <« _ & B
S ¢ - % 2 82 c -~ *° 2823 s - F g &8
HRT (d)

94



Chapter 8: Varying attenuation of trace organic chemicals in natural treatment
- A review of key influential factors

Figure 8-3: Reported TOrC removals on the linear y-axis plotted against corresponding HRT on the logarithmic x-axis. Points
are displayed with 50% transparency to show overlapping data, with darker points signifying more than 1 study with similar
results.

8.3.5 Influence of filter material on removal

The materials used in the analyzed studies can be classified into technical (379 entries) and natural
material (621 entries). Natural materials were taken from the environment and include riverbed
sediments, soils or sand from MAR sites, which could contain POC and are expected to generally display
a more diverse microbiome, whereas technical material refers to technically cleaned and sieved sand or
anthracite for commercial use as filter material. Although not explicitly considered in the meta-analysis
of this study, adaptation and growth of the biofilm is an important factor which influences how quickly
steady-state removal can be observed. However, this study did not factor in pre-adaptation or media age
at the time of sampling.

Comparing TOrC removal in the different filter materials, only 6 out of 24 compounds demonstrated a
significant difference in removal between natural and technical material (all results in Table 8-1). A
potential reason for better removal in natural material could be increased biodiversity from long-term
exposure to environmental conditions (Alidina et al., 2014a). Although the dominant removal
mechanism in natural treatment systems is considered to be biodegradation, simultaneous removal by
adsorption onto sediments or biofilm should not be neglected. Removal via adsorption is relevant for
systems with natural sediments or sand with particulate organic matter. Adsorption is governed by
polarity (described by logD which is pH dependent), solute charge, cation exchange capacity, pH, and
chemical and media charge (Biel-Maeso et al., 2019). Retardation factors (Rf) (Alidina et al., 2015;
Schaper et al., 2019) and distribution coefficients (Kd) (Alidina et al., 2014b) can assist in determining
whether a compound is predisposed to adsorption. As adsorption is governed by the equilibrium between
adsorption capacity of the material and the concentration of the chemical in the liquid phase, the contact
time and the concentration of potential co-adsorbents are important.

However the differentiation between biological and adsorptive TOrC removal is challenging. The
influence of adsorption can be estimated by breakthrough curves, batch tests with the respective filter
material or quantifying the removal of non-biodegradable compounds with low polarity such as
carbamazepine, as done in prior studies (Bertelkamp et al., 2014; Muller et al., 2017). The removal of
diclofenac, gemfibrozil, benzotriazole, acesulfame, gabapentin lactam and metoprolol (Figure 8-4 and
in SI 11.5) in natural and technical media is significantly different, and material preference can be
visually deduced from the median line of the box plot for each compound. For the majority of
compounds the filter material was not considered to be a major influencing factor for biological removal.
However, especially when assessing removal in technical material, the amount of independent
experiments must be critically considered. Therefore, colored graphics in the Sl display the study origin
of each data point. Additionally, it should be noted that a lack of significant difference does not
necessarily mean there is no difference in removal between the media type. The dataset provided could
be too small to adequately differentiate between media types.
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Figure 8-4: Impact of filter material on relative removal of diclofenac, gabapentin, gemfibrozil and sulfamethoxazole, with the
N value denoting the number of data points available for each media.

8.4 Conclusion

The reported removals of TOrCs in biological systems can show strong discrepancies. In this study, 24
TOrCs were identified which might be challenging for biologically active filter systems due to their
variable removals reported in the literature. Detailed analyses of influencing factors ADOC
concentration, HRT, filter material and redox conditions revealed potential options for improving the
removal of the 24 TOrCs.

In general, results from literature showed highly system- and compound-specific behavior. ADOC
concentration seems to be a crucial parameter for TOrC removal, since nearly half of the 24 inconsistent
TOrCs showed a better removal with increasing ADOC concentration (i.e. increasing biomass or
activity). A minimum HRT of 0.5-1 day can be recommended for most compounds. Furthermore, an
increased HRT can improve TOrC removal especially for compounds like diclofenac or
sulfamethoxazole if favorable conditions for their removal are applied. Preferences for filter material
could not be determined from the Wilcoxon rank-sum tests. The findings in this study were inferred
based on 1,252 lab- and field-scale experiments and the evidence was weighed accordingly. Upscaling
is a problem for many technical systems and the transferability of the findings to other treatment sites
could be part of future studies.

The list of well-studied compounds identified in this study could be used to update the list of suitable
performance indicator chemicals for MAR previously published by Jekel et al. (2015). The number of
inconsistent TOrCs which are removed in MAR systems may also be valuable for assessing MAR
performance. Additionally, as correctly classifying the prevailing redox conditions of the studies was
difficult in this evaluation, future MAR studies investigating TOrC removal are called on to better
characterize the DO concentrations and redox regimes with higher resolution sampling.
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In conclusion, the correlations determined in the study provide more insight on optimal conditions for
removal of TOrCs showing inconsistent removal behavior, suggest compounds which could be used as
indicators for MAR systems, and recommend higher resolution redox zone characterization in future
biofiltration studies.
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9. Removal of trace organic chemicals during long-term biofilter operation
This chapter has been published with editorial changes as follows:

Reproduced with permission from Zhiteneva, V., Drewes, J.E., Hibner, U. Removal of trace organic
chemicals during long-term biofilter operation. 2020. ACS ES&T Water 1 (2), 300-308.
https://doi.org/10.1021/acsestwater.0c00072. Copyright 2021 American Chemical Society.

Abstract

Removal of environmentally relevant trace organic chemicals (TOrCs) was investigated in technical
sand and biological activated carbon (BAC) biofilters processing nearly 90,000 bed volumes. This long
time period allowed assessment of potential synergies from the interplay of adsorption, desorption, and
biodegradation after full breakthrough. Long-term operation of the biofilters continuously fed with real
wastewater effluent mimicked field conditions and consequentially encountered numerous mechanical
and chemical issues. However, results of high resolution sampling during which the system was fed
from a single batch of tertiary effluent revealed compound-specific removal patterns. Comparison of
persistent compounds like carbamazepine, primidone and tramadol suggested that removal by
adsorption onto activated carbon was still occurring after almost 90,000 bed volumes treated. No notable
difference in biodegradation could be observed between sand and BAC. Results from a subsequent batch
biodegradation test mostly confirmed conclusions about removal from high resolution sampling.
Overall, this study could not provide evidence that usage of activated carbon as a biofilter medium is
beneficial for long-term removal after full breakthrough of individual TOrC adsorption capacity.

Adsorption &

Biodegradation
biodegradation g

Adsorption
100%
Biological

activated
carbon

Removal
of TOrCs

Technical
sand

Difference?

v

Biofilter bed volumes treated 85,000+

99


https://doi.org/10.1021/acsestwater.0c00072

Chapter 9: Removal of trace organic chemicals in long-term biofilter operation

9.1 Introduction

Since complete removal of trace organic chemicals (TOrCs) is not achieved in conventional wastewater
treatment plants (WWTP), advanced water treatment, which includes oxidative (ozonation or advanced
oxidation processes), biological, and/or physical processes (powdered or granular activated carbon or
membrane filtration)(Yang et al., 2017; Fischer et al., 2019) is employed for greater removal. In certain
indirect potable reuse systems, advanced treated effluent is then introduced into the subsurface during
managed aquifer recharge (MAR), where TOrCs are further removed through biodegradation. Improved
removal of recalcitrant compounds has been observed under oxic and oligotrophic conditions using the
sequential managed aquifer recharge technology (SMART) concept.(Regnery et al., 2016; Hellauer et
al., 2018a) SMART was further optimized to shorter hydraulic retention times (HRT), smaller physical
footprints, and with technical sand filter media in the sequential biofiltration and SMARTDplus
biofilters.(Muller et al., 2017; Karakurt-Fischer et al., 2020b) However, certain compounds such as
carbamazepine are resistant to biodegradation and must therefore be removed through other
mechanisms.(Jekel et al., 2015) This can be accomplished by using an adsorptive porous media in
biofiltration, such as granular activated carbon (GAC).(Mdiller et al., 2019a)

Biological activated carbon (BAC) biofilters, composed of GAC, are often proposed to reduce the time
needed for the onset of biodegradation and to enhance TOrC removal efficiency. TOrCs are initially
removed via adsorption to the carbon surface as a function of hydrophobicity, pKa value, and
charge.(Hermes et al., 2019) With increasing bed volumes treated (BVT), microorganisms present in
the feed water establish a biofilm on the carbon surface, thought to actively transform the TOrCs and
eventually both adsorption and biodegradation provide removal.(Alidina et al., 2014a) Once adsorption
sites are exhausted, microorganisms in the biofilm degrade TOrCs in solution.(Simpson, 2008; Rattier
et al., 2012b) In technical sand biofilters, little to no adsorption to the sand particles is expected, and so
the removal of TOrCs is attributed to biodegradation only.(Zearley and Summers, 2012)

Studies have looked at the long-term BAC removal performance after treating 35,000-60,000 bed
volumes (BVT).(Rattier et al., 2012a; Sundaram et al., 2020) However, TOrC removal in different media
should be compared in parallel to elucidate how removal differs and develops over time. Prior studies
evaluating both BAC and sand biofilters have been conducted with synthetic wastewater and ozonated
WWTP effluent.(Gerrity et al., 2011; Reungoat et al., 2011; Reaume et al., 2015; Paredes et al., 2016;
Bourgin et al., 2018) Less removal of numerous TOrCs, including atenolol, diclofenac, and
sulfamethoxazole, was observed in sand biofilters as compared to BAC biofilters, which had been pre-
exposed to TOrCs prior to the experiment.(Gerrity et al., 2011; Reungoat et al., 2011)

However, the onset of biodegradation is affected by many variables, including but not limited to media
type, effective filter velocity, organic content in water, and redox conditions, and can therefore vary.
Additionally, since SMARTplus is intended for long-term operation without media exchange or
backwash, observing the long-term TOrC removal during steady-state biofiltration using either sand or
activated carbon as media is of high interest.

Little is known about the long-term (>20,000 BVT) TOrC removal behavior of sand versus BAC filters
continuously fed with tertiary treated wastewater effluents. Therefore, this study investigated the long-
term removal of 19 environmentally relevant TOrCs in two parallel biofilters to determine whether
removal after adsorption sites have been exhausted and without carbon regeneration in the BAC filter is
greater than in the technical sand filter.
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9.2 Methods
9.2.1 Experimental setup

Two identical lab-scale column systems were set-up with technical sand (0.71-1.25 mm, Quartzwerke
Group, Germany) and GAC (Chemviron CycleCarb 401, Chemviron, Belgium) and operated for a
period of 28 months from June 2017 to October 2019 to process roughly 89,000 BVT under various
operational procedures. Filter columns were 25 cm long (23 cm of media and 2 cm of liquid) and made
of 1ISO 9002 acrylic glass with @i, =7.1 cm. To ensure that TOrC breakthrough results were comparable,
both column systems continuously received the same secondary treated wastewater from the WWTP in
Garching, Germany (31,000 population equivalents) which was undergoing UV disinfection during the
summer months (April through October) and year round rapid sand filtration (RSF) and later Dynasand
filtration (Dynasand, Nordic Water GmbH).(Karakurt-Fischer et al., 2020b) Both media were virgin at
the beginning of the experiment, in order to pre-load media adsorption sites, both columns were fed with
non-spiked tertiary effluent for ~7,500 BVT before TOrC spiking commenced. The same TOrC spiking
solution described in our previous work was also used in this experiment, with the addition of sotalol:
19 TOrCs were spiked at concentrations between 500-2,000 ng/L.(Zhiteneva et al., 2020b) A summary
of the spiked chemicals and their initial concentrations is presented in the supplementary information
(Table 11-12).

The calculated BVT in technical sand and BAC were slightly different due to different media porosities,
therefore the BVT discussed herein are always the average values of both systems. An air stone was
installed in the feed tank at 29,000 BVT to ensure that dissolved oxygen (DO) concentrations in the feed
water were always above 1 mg/L. Samples for dissolved organic carbon (DOC), DO, ultraviolet
absorbance at 254 nm (UVAzs4), and TOrC concentrations were taken from the influents and effluents
of both columns over the entire experimental duration.

Due to clogging at high loading rates, the column setup had to be adjusted several times during long-
term operation. The initial GAC column setup operated from 0-59,000 BVT with decreasing flow rates
and is described in our previous work.(Zhiteneva et al., 2020b) The installation of a pre-filter storage
column filled with glass beads at ~57,000 BVT did not verifiably mitigate increasing back pressure.
Therefore, the initial column composition was reconstructed in such a way that 10 cm of the original
media was sandwiched between 2 cm of glass beads above and 13 cm of glass beads below, to minimize
back pressure build up while continuing to observe TOrC breakthrough, although the previous mass
transfer zone was not preserved. The final set-up is presented in Figure 9-1.

Around 63,000 BVT, the influent water quality composition began to change due to operational
problems at the WWTP, resulting in high NH4*-N concentrations which subsequently altered the redox
conditions in the columns. Despite in-line H2O, dosing into the RSF in attempts to mitigate NH4*-N
concentrations to <1 mg/L, oxic conditions in the columns could not always be maintained.(Karakurt-
Fischer et al., 2020a) Additionally, high turbidity in the RSF/Dynasand effluent was mitigated by dosing
a coagulant (FeCls) prior to RSF/Dynasand between 76-80,000 BVT, and the precipitation of iron
hydroxide species also affected the back pressure of the filters. All operational issues encountered due
to chemical and mechanical disruptions are summarized in Table 11-13.
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Figure 9-1: Long-term column experimental set-up.

9.2.2 High resolution sampling

Due to the inability of the RSF/Dynasand filter to consistently mitigate effluent NH,*-N concentrations
from the WWTP to <1 mg/L, the water quality disturbances likely affected growth and composition of
the column biomass, since DO was rapidly consumed in the biofilters during periods of high NH4*-N
concentrations. Therefore, to determine TOrC removal in the columns operated over long-term with a
stable influent water quality, a 300 L tank was filled with Dynasand effluent (NHs"-N = 1.8 mg/L) to
serve as a reservoir for column operation in batch feed mode for the duration of a high resolution TOrC
sampling campaign (five samples taken over 48 hours). After 7 hours of operation, the volume removed
from the 300 L tank was supplemented with Dynasand effluent in which the NH4*-N had dropped to 1
mg/L and this mix lasted until the end of sampling. The first sample, which was taken before refilling
the tank, was not included in the analysis of the high resolution results. All samples were analyzed for
DOC, DO, and TOrC concentrations and UV Azsa.

After the high resolution testing, the long-term columns continued operating for another ~3,000 BVT
with TOrC spiking into continuous Dynasand effluent. However, after nearly 89,000 BVT, column
operation was terminated and the media was frozen for preservation.

9.2.3 Batch biodegradation tests

Additional batch biodegradation tests were conducted in triplicate in autoclaved 100 mL glass screw-
top bottles with 9 mg wet weight using BAC and sand media from the long-term column operation as
inoculum. Individual batches were run with autoclaved BAC and autoclaved sand to determine abiotic
TOrC removal. Tests were run with 80 mL of diluted Dynasand effluent spiked with the same TOrC
concentrations as in the column influent. Dynasand effluent was diluted 1:2 with the effluent of a
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sequential biofiltration set-up receiving the same WWTP effluent as feed water (Mdller et al., 2017) as
a measure to reduce NH4*-N concentration in the feed water (resulting in 1.2 mg/L in the diluted
Dynasand effluent). Oxic conditions in unsealed batches, verified in a pre-experiment test, indicated that
NH4*-N concentration did not affect TOrC removal over time. All 12 bottles were shaken at 145 rpm
for 144 consecutive hours.

Samples were collected at 0, 2, 4, 7, 29, 53, 101, and 144 hours. Initial TOrC concentrations were
measured from the influent mix, with and without the TOrC spike, prior to filling the bottles.

9.2.4  Analytical sampling

Water quality and trace organic chemical analysis was done as described in previous
publications.(Muller et al., 2017; Zhiteneva et al., 2020b) Samples were analyzed for DO immediately
and for DOC and UV Azss within 24 hours after sampling. TOrC samples were frozen at -20°C pending
analysis. Until ~59,000 BVT, samples were collected in reverse order to not disturb the column flow,
but afterwards they were collected synoptically according to EBCT.

9.3 Results and Discussion
9.3.1 Breakthrough behavior of sand and BAC filters during long-term operation

Sampling results over the long-term operation characterized DOC and TOrC breakthrough over nearly
89,000 BVT. While numerous mechanical and chemical disturbances affected column operation and
prevented reaching a steady-state of removal, the overall breakthrough is plotted with the associated
EBCT and the DO consumed to describe observed removal for every BVT. For the BAC filter, both
UV A:s4 values and DOC concentrations (see Figure 11-6 and Figure 11-7, Supplementary Information
(SI)) suggest more than 80% breakthrough (BT) after ~5,000 BVT. BAC breakthrough for DOC within
the first 59,000 BVT was already documented in our prior work,(Zhiteneva et al., 2020b) which also
indicated that biodegradation was the dominant removal mechanism. Towards the end of long-term
operation, the decreasing DOC and UV Azs4 breakthroughs indicate increased removal by biodegradation
in both filters, possibly also related to a steadily increasing EBCT. However, changes in feed water
guality and hydraulic conditions resulted in a partially anoxic column operation (DO effluent
concentrations of <0.5 mg/L at 86,000 BVT and high NH4*-N concentrations (2.5 mg/L) in both filters).
Therefore, a quantitative assessment of DOC or UVAzss removal from these long-term monitoring
results was not feasible.

For TOrC breakthrough, the effect of disturbances and increasing EBCT was noticeable for many
compounds. Breakthrough timelines are provided for three exemplary compounds: the adsorptive and
non-biodegradable anti-epileptic carbamazepine, the moderately biodegradable and adsorptive anti-
inflammatory diclofenac, and the poorly adsorptive and biodegradable anti-depressant gabapentin in
Figure 9-2 (other compounds illustrated in Figures 11-6 through 11-21, SI).
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Figure 9-2: Breakthrough of carbamazepine (a), diclofenac (b) and gabapentin (c) on the primary y-axis plotted against bed
volumes treated on the x-axis. Black elements represent BAC data, and blue elements represent sand data. Light black and
blue bars show the consumed DO, while dashed black and blue lines show the EBCT, units for which are both on the secondary
y-axis.

Prior to 40,000 BVT in the sand filter, no diclofenac or carbamazepine were removed, whereas
gabapentin was removed by 40-50% due to biodegradation, demonstrating that compound-specific
biodegradation was already occurring. In the BAC filter, initial removal due to GAC adsorption was
evident for carbamazepine and diclofenac, with breakthrough increasing over time as available
adsorption sites decreased. As gabapentin is non-adsorptive, it reached 80% breakthrough before 10,000
BVT, after which it was steadily removed up to 40%.

At approximately 40,000 BVT, the EBCT steadily increased from ~4 mins and reached ~30 mins by
60,000 BVT. This is reflected in increased gabapentin removal (80-90%) and an elevated DO
consumption (5-7 mg/L) in both filters, as well as an increased carbamazepine and diclofenac removal
in the BAC filter (>90%). Results from diclofenac even indicate some removal by biodegradation in the
sand filter. At 60,000 BVT, both filters were repacked with glass beads on top of and below the media
to allow a higher loading rate and reduce EBCT to ~14 mins (details in SI). Consequently, the reduced
gabapentin and diclofenac removal in both filters and lower carbamazepine removal in the BAC filter
between 60-63,000 BVT is likely due to the shorter EBCT, coupled with a slight decrease in DO
consumption.

At 63,000 BVT, elevated NH4*-N concentrations in the feed water were first observed, which lasted
until 68,000 BVT, at which point the filters were changed to recirculation mode (fed from one batch of
effluent) until 70,000 BVT. This change in feed water quality is supported by the decreasing or not
noticeable DO consumption of both filters from 63-68,000 BVT. Less than 30% gabapentin removal in
both filters was observed during this time, possibly due to its redox dependent biodegradation,(Sperlich
et al.,, 2017) whereas 0-50% diclofenac removal was observed. With the exception of outliers,
carbamazepine removal in the BAC filter remained at 20-30% from 63,000 BVT through the end of the
experimental period.
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After re-establishing normal operation with fresh Dynasand effluent as feed water at 70,000 BVT,
increased BAC filter removal (70%) of diclofenac was observed until 75,000 BVT, whereas gabapentin
removal remained at <30% in both filters, despite increasing DO consumption. Gabapentin removal
noticeably increased to 70-80% as EBCT and DO consumption rose between 75-80,000 BVT. At the
same time, diclofenac was removed by 50% in the BAC filter and ~20% in the sand filter.

Another recirculation period was instituted from 80-84,000 BVT due to increasing NH."-N feed water
concentrations. After this, the last measurement prior to the shutdown of the systems revealed a higher
breakthrough of both gabapentin and diclofenac likely due to the change in the liquid phase equilibrium
concentration between the recirculation period (continuous recirculation of the same water) to normal
operation (treatment of variable WWTP effluent quality).

Thus, these results reveal that elucidating the interaction of adsorption (carbamazepine), biodegradation
(gabapentin), or their combination (diclofenac) explicitly in removing TOrCs was constantly
compromised by the fluctuating influent water quality, which affected predominant redox conditions
and prevented the long-term columns from achieving steady-state removal.

9.3.2 Removal during high resolution sampling

Removal of water quality parameters and TOrCs during high resolution sampling is depicted in Figure
9-3. As the sampling was conducted in batch operation from the same tank, no significant difference
was observed in the influent values of DOC, UV Auss, or DO using a two-sample t-test. Based on effluent
DO measurements, both filters can be characterized as fully oxic for the duration of the high resolution
sampling. DOC and UVAzs: were removed up to 20% in both systems, confirming occurrence of an
active microbial community. The more efficient removal of DOC compared to UV Azs4 observed in the
sand filter was reported before(Muller et al., 2019c) and was likely due to preferred biodegradation of
aliphatic structures. While the removals of DOC, UV Auss, and DO depletion within the BAC and sand
filters was significant (p < 0.05, two sample t-test,), there was no significant difference between the two
filters.

Compounds known to be highly persistent to biodegradation, including carbamazepine, primidone,
phenytoin, and tramadol, were not removed in the sand filter. The observed removal of the persistent
compounds carbamazepine, primidone and phenytoin in BAC suggests that the adsorption capacity of
the BAC was not yet exhausted. Similarly, poor removal of citalopram, benzotriazole and venlafaxine
in sand (<5%) compared to BAC (25-50%) can mostly be attributed to the residual adsorption capacity
of the activated carbon. This assumption is supported by prior results from a rapid small-scale column
test conducted with the same effluent and activated carbon type,(Zhiteneva et al., 2020b) which revealed
nearly the same degree of sorption for these 6 compounds, with the highest and lowest sorption
efficiencies for citalopram and primidone, respectively (removal order in prior work: benzotriazole <
citalopram < carbamazepine < tramadol & phenytoin < venlafaxine < primidone; removal order in this
study: citalopram < tramadol < venlafaxine < carbamazepine < benzotriazole < phenytoin < primidone).

Compounds showing biodegradation in sand but 14-24% greater removal in BAC filters included
atenolol, diclofenac, trimethoprim, sotalol, and climbazole. These compounds display a range of
adsorption tendencies based on prior work: atenolol and trimethoprim were well adsorbed, while
climbazole and diclofenac were moderately to poorly adsorbed,(Zhiteneva et al., 2020b) although
diclofenac has displayed higher GAC adsorption in other studies.(Snyder et al., 2007; Miiller et al.,
2019a) Sotalol adsorption in GAC has not been well studied, but as it is structurally similar to atenolol
and metoprolol(Golovko et al., 2020) it is expected to also be well adsorptive. Therefore, as adsorption
contributes to the removal of all 5 compounds, the removal observed in the BAC filter is due to both
adsorption and biodegradation, which is greater than removal due to just biodegradation in sand.
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Figure 9-3: Removal of compounds and water quality parameters from the long-term filters after 48 hours of high resolution
sampling (BAC caffeine n=3, all others n=4), with error bars denoting error of the sample mean.

The compounds antipyrine, caffeine, metoprolol, iopromide, gabapentin and sulfamethoxazole are
similarly or even better removed in the sand filter than in the BAC filter. In an RSSCT study, metoprolol
was well removed whereas antipyrine, iopromide, gabapentin, and sulfamethoxazole were poorly
removed by sorption only.(Zhiteneva et al., 2020b) Caffeine has exhibited good adsorption in other
GAC studies.(Snyder et al., 2007; Sun et al., 2018) As caffeine, metoprolol, antipyrine, iopromide, and
gabapentin removal differences in sand and BAC were <10%, these compounds are either mainly
removed by biodegradation with little sorption affinity, or adsorption does not notably enhance removal
(metoprolol and caffeine), or removal via biodegradation is equal in both the BAC and sand filter
(antipyrine, gabapentin, and iopromide).

Sulfamethoxazole was the only compound for which biodegradation in sand was clearly better than in
BAC (32% vs 5% removal). However, various degrees of sulfamethoxazole biodegradation are reported
in the literature, ranging from poor(Gerrity et al., 2011; Bertelkamp et al., 2014) to moderate(Mdiller et
al., 2017; Sun et al., 2018; Karakurt-Fischer et al., 2020b) to good,(Hellauer et al., 2019; Hermes et al.,
2019) with removal described as a function of EBCT, DO, and microbial communities present in
studies.(Gauthier et al., 2010; Baumgarten et al., 2011; Rattier et al., 2012a; Miiller et al., 2017) The
presence of valsartan acid, a known transformation product of various sartan compounds(Letzel et al.,
2015) under oxic conditions in both media confirms that biodegradation was occurring in both filters.

Overall, results from high resolution sampling did not confirm expected long-term benefits of BAC
compared to sand as biofilter medium for weak and moderately adsorbing compounds. A final
assessment of effects on better adsorbing compounds is limited as longer operation would be needed to
analyze removal efficiency after full breakthrough. Results from high resolution sampling do not
indicate additional long-term benefits apart from residual adsorption capacity by GAC.
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9.3.3 Batch biodegradation tests

The additional batch biodegradation experiment was performed using active and autoclaved media to
determine the relative contribution of adsorption to TOrC removal in the BAC filter. Frozen media from
the long-term experiments was thawed to room temperature, with one half remaining ‘active’ after
thawing, and the other autoclaved to prevent biological activity. However, the results revealed that
autoclaving not only sterilized the microorganisms responsible for biodegradation, but also potentially
altered the surface of the GAC, evident by increased removal of well-adsorbable compounds (known to
be persistent to biodegradation under the given conditions) such as carbamazepine (Figure 11-24) in
autoclaved BAC in comparison to autoclaved sand. As autoclaving has been shown to increase the
adsorption of compounds(Martinez-Hernandez et al., 2016; Piai et al., 2020) and did not completely
inactivate the biomass, evidenced by the removal of atenolol, diclofenac, metoprolol, sotalol, and
trimethoprim in sand (>10% removal) and by gabapentin removal in BAC (Figure 11-24), one round of
autoclaving proved insufficient for biomass inactivation. Multiple rounds of autoclaving(Henning et al.,
2018) or an alternative method for inactivating biomass could potentially provide better results.

9.3.3.1 Calculation of removal rates

Removal of gabapentin, sulfamethoxazole and climbazole in both media are shown in Figure 11-25,
with triplicate measurements denoted by error bars. First-order biodegradation rate constants in sand
were determined according to previous work(Schmidt et al., 1985) through linearization of normalized
data on a logarithmic scale (see section 11.6.4) and are summarized in Table 9-1. No k values were
calculated for compounds showing less than 20% overall removal. For sulfamethoxazole, an initial
increase was observed in both filters, therefore the second phase k value (29-144 h) is reported as a
conservative estimate. Biodegradation rates for valsartan acid were not determined due to concurrent
removal and formation from degradation of sartan precursors.(Letzel et al., 2015)

In contrast to batch experiments with sand, compound removal in BAC was due to a combination of
both biodegradation and adsorption. Results from high resolution monitoring demonstrated that
adsorption capacity for most compounds was not exhausted even after treating more than 85,000 BVT.
In addition, thawing and handling the media during the batch experiments may have affected surface
properties and adsorption capacity of BAC.

Based on results from carbamazepine and other non-biodegradable compounds, adsorption equilibrium
was assumed to be achieved in batch experiments for all compounds after 29 hours. To exclude the
effect of adsorption, first-order biodegradation rate constants were determined from data points between
29-144 hours (1-6 days). The intercept of the linear regression provides a first estimate of removal
occurring during the first 29 hours. Following this approach, however, BAC biodegradation rates could
only be obtained for 4 TOrCs, as the residual concentrations for most other substances were too low to
reliably determine removal rates (Table 9-1).

9.3.3.2 Comparison of removal rates

The batch test removal rates were compared to removal during high resolution sampling to determine
how longer term removal of compounds changed. For this comparison, poor removal in the filters refers
to <30%, moderate removal refers to 30-70%, and good removal refers to >70%.

For persistent compounds, high resolution sampling results were mostly confirmed, with <20% removal

of carbamazepine, tramadol, primidone, benzotriazole and venlafaxine (k < 0.035 d*) and 34% removal

of phenytoin (k = 0.05 d*) observed in batch experiments with sand. Only the effective removal of

citalopram with a rate constant of 0.36 d* was different from high resolution results. In BAC, tramadol,

venlafaxine and citalopram were completely removed, while phenytoin, primidone and benzotriazole
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Table 9-1: Removal rate constants calculated from batch biodegradation tests, ordered by decreasing
removal in sand. If compound removal was <20%, the k value is denoted as <0.035 d™*. Compounds
which were completely removed in BAC are labeled as not detected (n.d.), rate constants for valsartan
acid could not be calculated (n.c.).

Sand BAC
k, d? r2 n®  Total removal k, d? r n®  Total removal
Caffeine 4.23 0.95 4 > 90% n.d. > 90%
lopromide 4,01 0.82 4 > 90% n.d. > 90%
Atenolol 3.93 0.98 4 > 90% n.d. > 90%
Antipyrine 3.62 096 4 > 90% n.d. > 90%
Metoprolol 2.93 0.95 4 > 90% <0.035 > 90%
Trimethoprim 2.2 0.97 4 > 90% n.d. > 90%
Sotalol 1.16 0.96 6 > 90% n.d. > 90%
Gabapentin 0.76 0.98 8 > 90% *0.21 *0.90 *4 > 90%
Valsartan acid n.c. 90% n.c. *8%
Citalopram 0.36 0.67 7 > 90% n.d. > 90%
Climbazole 0.23 0.89 8 75% *0.06 *0.88 *4 74%
Sulfamethoxazole *0.23 *091 *4 75% *0.10 *0.70 *4 73%
Diclofenac 0.10 0.93 8 50% n.d. > 90%
Phenytoin 0.05 0.82 8 34% <0.035 73%
Venlafaxine <0.035 < 20% n.d. > 90%
Carbamazepine <0.035 <20% *0.05 *0.92 *4 69%
Tramadol <0.035 < 20% n.d. > 90%
Primidone <0.035 <20% <0.035 33%
Benzotriazole <0.035 < 20% <0.035 49%

*=removal normalized to day 1 concentration, ~n = the humber of triplicate sets used in determining removal rate
(i.e. 1 = triplicates from 1 timepoint)

were removed by <20%, with both groups confirming removal tendencies observed during high
resolution sampling. A BAC removal rate could only be calculated for carbamazepine (0.05 d?).
Removal observed mainly confirmed literature findings of poor biodegradation in sand filters of
carbamazepine,(Bertelkamp et al., 2014; Miller et al., 2017; Hermes et al., 2019) tramadol,(Mdiller et
al., 2017; Karakurt-Fischer et al., 2020b) and phenytoin.(Gerrity et al., 2011; Hibner et al., 2012;
Bertelkamp et al., 2014; Hellauer et al., 2019; Hermes et al., 2019) Poor primidone removal in both
media confirmed previous literature results.(Gerrity et al., 2011; Mdller et al., 2017; Hellauer et al.,
2019; Hermes et al., 2019) As benzotriazole has shown redox sensitivity,(Hellauer et al., 2017) the
removal in this study is lower than reported in previous work employing biofiltration with intermittent
aeration (Hellauer et al., 2017, 2018a; Muller et al.,, 2017) but similar to work without
aeration.(Karakurt-Fischer et al., 2020b) Venlafaxine was poorly removed in sand, supporting the poor
to moderate biodegradation observed in literature.(Muller et al., 2017; Hellauer et al., 2019; Hermes et
al., 2019; Karakurt-Fischer et al., 2020b) Citalopram was well removed in both BAC and sand, also
confirming the moderate to good biodegradation reported in literature.(Muller et al., 2017; Hermes et
al., 2019; Karakurt-Fischer et al., 2020b)

Most compounds were biodegraded in sand and can be classified as displaying fast (k > 2 d) or
moderate (0.1 d? < k < 2 d?) biodegradation. Fast biodegradation of caffeine, iopromide, atenolol,
antipyrine, metoprolol and trimethoprim in batch experiments was characterized by complete removal
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within the first 29 hours. This observed behavior supports the good degradability of atenolol, caffeine,
iopromide and trimethoprim reported in literature.(Gerrity et al., 2011; Bertelkamp et al., 2014; Mller
etal., 2017; Hellauer et al., 2019; Hermes et al., 2019; Karakurt-Fischer et al., 2020b) Good to moderate
degradation of metoprolol has also been shown,(Hellauer et al., 2017; Hermes et al., 2019) whereas
antipyrine was poorly degraded in BAC.(Sun et al., 2018)

Moderate biodegradation resulted in >50% removal of sotalol, gabapentin, citalopram, climbazole, and
diclofenac within 6 days. Sotalol, climbazole, gabapentin, and citalopram have exhibited moderate to
good biodegradation according to literature data.(Gerrity et al., 2011; Hellauer et al., 2017, 2019; Mdller
etal., 2017; Hermes et al., 2019; Karakurt-Fischer et al., 2020b) Diclofenac is well degraded in certain
systems(Hellauer et al., 2017) but not in others,(Miller et al., 2017; Hermes et al., 2019; Karakurt-
Fischer et al., 2020b) and has shown good degradation in BAC.(Sun et al., 2018)

Most biodegradable compounds were efficiently removed in BAC due to initial adsorption, which
prevented a comparison between filter biodegradation rates. Only four compounds (gabapentin,
climbazole, carbamazepine and sulfamethoxazole) were present at high enough concentrations after
initial adsorption that their removal by subsequent biodegradation could be quantified into a removal
rate. The observed removal rate for carbamazepine was very low and might also be related to residual
adsorption, since biodegradation under established conditions is unlikely.(Zearley and Summers, 2012;
Hallé et al., 2015; Muller et al., 2017) For the remaining three compounds, the k values were greater in
batch experiments with sand. This might be explained by their lower concentrations in BAC on day 1
due to initial BAC removal by adsorption. However, cumulative removal of all three compounds was
the same in both filters, signifying that the active biomass in the BAC filter adapted to these
concentrations and removed compounds to the same extent as in the sand filter.

Initial production of sulfamethoxazole and valsartan acid was observed in both media (Figure 11-26).
For sulfamethoxazole, this could originate from sulfamethoxazole transformation products back-
transforming into the parent compound, which has been observed in activated sludge.(Achermann et al.,
2018) Although sulfamethoxazole showed greater removal in the sand filter during high resolution
sampling, the batch results suggest that long-term removal with longer residence time is similar in both
filter media.

Removal of valsartan acid was slow and also revealed initial production in both media. This generation
as an intermediate from biotransformation of different sartans has been demonstrated before.(Letzel et
al., 2015) Valsartan acid is better removed at high DO concentrations and longer hydraulic retention
times.(Hellauer et al., 2017; Hermes et al., 2019) Its removal seemed to depend on the microbial
communities present in each media, but was cumulatively greater in the sand filter. However, as this
transformation product has been studied less often than most other TOrCs discussed in this study, further
analysis with quantification of its parent sartan compounds (i.e. candesartan, valsartan, etc.) is
recommended.

The results of this long-term, continuously fed column study and subsequent batch experiments with the
filter media do not show greater TOrC removal in the BAC biofilter after adsorption capacity was
exhausted. While this differs from results of prior studies investigating both media types in biofilters,
which were operated until ~50,000 BVTs with ozonated WWTP effluent,(Reungoat et al., 2011; Zhu et
al., 2015; Bourgin et al., 2018) these studies could not omit adsorption as a removal mechanism in their
long-term observations. The high resolution results prove that less adsorptive compounds (gabapentin,
iopromide, antipyrine) were not better removed in BAC. This study demonstrates that synergies between
adsorption, desorption and biodegradation after BAC adsorption capacity is exhausted did not result in
greater TOrC removal compared to biodegradation in technical sand. Consequently, the replacement of
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technical sand by activated carbon is not a promising option to enhance long-term removal of TOrCs in
SMARTDplus or other biofiltration systems.

9.4 Conclusion

This study investigated the removal of environmentally relevant TOrCs in long-term sand or BAC
biofiltration while treating WWTP tertiary effluent. Through analysis of long-term removal, high
resolution monitoring during steady-state conditions, and additional batch biodegradation experiments,
the following conclusions can be drawn:

While differences in initial removal of TOrCs in both biofilters were observed (see results of
diclofenac and carbamazepine), a quantitative comparison of long-term removal of TOrCs in
both media was not possible due to the fluctuating influent water quality affecting filter
performance.

DOC breakthrough was not a good predictor of TOrC breakthrough in sand or BAC media, as
both DOC and TOrC breakthrough varied notably due to changing EBCT and changing influent
water quality (i.e. high NH4™-N concentrations). This also affected the adsorption capacity of
the BAC due to the changing adsorption equilibrium.

The high resolution sampling proved that stable removal can be observed when influent quality
and redox conditions are stable, evident by the small error bar and moderate removals of
metoprolol, iopromide, gabapentin, trimethoprim, antipyrine and atenolol in the sand filter. The
high resolution sampling also proved that the adsorption capacity of the BAC for TOrCs was
not yet exhausted after treating >85,000 BVT, evident by the removal of carbamazepine,
primidone, and phenytoin.

Most compounds were quickly removed within the first 29 hours of the batch biodegradation
tests with BAC media due to adsorption. It is hypothesized that residual adsorption capacity of
BAC was further enhanced in batch experiments during thawing and experimental setup. Future
batch studies should be conducted with fresh (i.e. not frozen) media from exhausted BAC filters
and carefully assembled.

After > 85,000 BVT, the BAC filter still provided greater removal of carbamazepine, tramadol,
phenytoin, benzotriazole, venlafaxine, primidone and diclofenac, attributed primarily to their
high adsorptive properties.

Biodegradation removal rates could be calculated for all compounds except venlafaxing,
carbamazepine, tramadol, primidone and benzotriazole in the sand filter, which showed high
persistence. Although BAC filter removal rates could be calculated for gabapentin, climbazole,
sulfamethoxazole, and carbamazepine, results do not suggest improved TOrC removal in the
BAC filter.

Future long-term biofiltration studies should ensure stable influent quality, which includes low
turbidity, low DOC and sufficient (>1 mg/L) DO concentrations.
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In conclusion, Hypothesis 4 — Long-term BAC filtration facilitates greater TOrC removal than technical
sand — was rejected, due to no evidence of improved BAC removal of biodegradable, non-adsorptive
compounds after adsorption capacity was exhausted.
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10.Discussion and future research needs

The increasing interest of cities in adopting climate-resilient, sustainable, and local water management
solutions, coupled with advances in analytical detection of microbial and chemical contaminants,
requires water reuse treatment schemes to demonstrate that final effluent water is within acceptable
human and environmental health safety margins. To this end, this study broke down this task into 2
objectives and 5 hypotheses (chapter 3). The first research objective evaluated microbial and chemical
risks to human health associated with the SMARTDplus potable reuse scheme. A literature study
reviewing typical assumptions, programs, and methodology for conducting quantitative microbial risk
assessments was conducted (chapter 4). Afterwards, quantitative microbial (chapter 5) and chemical
(chapter 6) risk assessments were performed on the SMARTplus based IPR treatment trains.

The second objective evaluated initial and long-term TOrC removal differences in technical sand and
BAC. Initial differences between adsorption and biodegradation of compounds in BAC filters were
explored in chapter 7. To determine which chemicals show the most removal variation during
biofiltration, a literature review of TOrC removal in MAR-based biofiltration was conducted in chapter
chapter 8. Finally, the results of long-term technical sand and BAC column studies were discussed in
chapter 9.

Based on these results, the following discussion chapter is separated into a risk analysis section and a
biofiltration section. The risk analysis discussion, combining risk assessment and risk management,
covers remaining questions and improvement suggestions for more concise risk communication in
future assessments. The biofiltration section is a critical discussion of factors influencing performance
and improvement options for future biofiltration studies.

10.1 Risk analysis of SMARTplus-based treatment trains

To test Hypothesis 1: Risk to human health from pathogens present in a potable reuse train employing
SMARTDplus is below 10 DALYs, a literature review and a screening level QMRA were conducted.

The work presented in chapter 4 revealed that while QMRAs have described source water
concentrations in water reuse treatment trains using lognormal, uniform, and gamma PDFs, they are still
often described using point values, which possibly under- or overestimate actual risk. Similarly, removal
in wastewater and advanced water treatment is most often described using point values, uniform and
lognormal distributions. However, when enough point value estimates of LRVs exist, a triangular
distribution could provide more information on removal than a uniform distribution. Regarding the
choice of dose-response model, the review showed that testing multiple models, particularly for the
high-risk end of the scale, can be beneficial when a sensitivity analysis identifies dose-response model
choice as a critical factor for final risk, or when model choice is insufficiently supported by literature.
Assessing multiple percentiles of risk (i.e. 50™, 90", 95™ percentiles), as well as both the 10 annual risk
of infection threshold and the 10® DALYs threshold can facilitate more nuanced risk management.
Identifying and/or quantifying how assumptions taken in the QMRA affect final risk is critical.

These results informed the QMRA conducted in chapter 5, which was a conservative assessment of
human health risk stemming from the SMARTplus IPR train. Each unit treatment was described by LRV
PDFs sourced mainly from the WHO or Australian guidelines, due to the lack of empirical data for MAR
and rapid sand filtration identified in chapter 4, as well as a lack of data for UV disinfection fluences of
interest for the SMARTDplus treatment train. Empirical reduction data for indicator or surrogate
pathogens in SMARTplus was only available for bacteriophages and viruses, therefore Campylobacter
and Cryptosporidium reductions were also adapted from the guidelines. By using a Bayesian network,
a screening-level probabilistic QMRA provided estimated reductions of Campylobacter,
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Cryptosporidium and norovirus prior to the construction and operation of the full treatment train. This
BN revealed that all pathogens complied with both the 10® DALYs and 10 annual risk of infection
thresholds at the 95" percentile. Cryptosporidium was identified as the pathogen of greatest concern, in
agreement with prior QMRAs conducted on non-reverse osmosis based IPR schemes (Soller et al.,
2017). Therefore, Hypothesis 1 was accepted when evaluating the 95% percentile benchmark of
disease burden.

While the 95" percentile of disease burden for all pathogens was acceptable, the maximum
Cryptosporidium disease burden exceeded both thresholds, with maximum Campylobacter risk also
exceeding the 10 annual risk of infection. This was due to instances of compound failure (i.e. serial
unit process treatment failure) as well as the raw sewage Cryptosporidium concentrations, which were
the same order of magnitude as norovirus concentrations (both ~108 units/L, see SI 11.3). Although this
study used the most recently published Cryptosporidium raw sewage concentrations, norovirus
concentrations were not updated despite recent evidence that norovirus sewage concentrations may be
1-2 orders of magnitude greater than commonly accepted (Gerba et al., 2017). Since gPCR used for
norovirus detection cannot yet distinguish living DNA from total DNA detected, updating the norovirus
raw sewage concentrations could lead to an even greater LRV requirement which could be overly
conservative and result in higher costs without marked public health benefits.

A sensitivity analysis of the network revealed treatment train specific CCPs for all pathogens were UV
irradiation and SMARTplus. Additionally, three (four for norovirus) operational scenarios were
evaluated to determine how the pathogen reduction would respond to feasible treatment disturbances or
occurences. As the Bayesian network cannot provide numerical predictions of discretized data, the
scenarios can only show an increased or decreased likelihood of higher or lower LRVs. During high
pathogen loading (i.e. ~10° units/L for Cryptosporidium and norovirus, and ~10° units/L for
Campylobacter), no notable effect on final risk of any pathogen was seen. During SMARTplus
performance failure removal (i.e. 0 LRVs), the DALYs of all pathogens increased 2-3 log units,
demonstrating that the SMARTDplus is a CCP for all pathogens. During MAR failure (i.e. 0 LRVS),
pathogen DALY exceeded the 10 threshold by 0.3-1.6 log units, but as MAR performance is difficult
to influence at larger scale, MAR was not ultimately considered a CCP.

Pathogen reduction during MAR is understandably site-specific and difficult to model. The LRVS in
this study were calculated as a product of residence time (50-120 days) and decay rates obtained through
diffusion chamber experiments. However, MAR LRVs were capped at 4 logs due to the maximum
residence time of 120 days, although Cryptosporidium and norovirus could also be capped at 3 logs.
However, due to the likely larger magnitude of uncertainty inherent to subsurface processes in
comparison to engineered unit systems, it may be pertinent to establish different cap limits for each type
of system.

Although the Bayesian networks constructed in chapter 5 identified CCPs for each pathogen, two points
must be discussed. First, the networks utilized purely literature LRVs (except for SMARTplus norovirus
removal LRVs used). Second, the joint probability distributions of network nodes were sampled 100,000
times to provide simulated data for each node. However, the Bayesian networks were trained on the
entire simulated dataset, with no subset of simulated data or experimental data available to validate the
networks within the timeframe of the study.

A guantitative chemical risk assessment of the SMARTDplus based treatment train was conducted in
chapter 6, to test Hypothesis 2: TOrC concentrations at the point of compliance of the potable reuse train
employing SMARTDplus are above the corresponding MTL. By using the MEC/MTL ratio approach
outlined earlier, TOrCs exceeding their MTL concentrations in the Garching WWTP effluent were
considered in this assessment. Certain adjustments to the assessment in comparison to the QMRA in
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chapter 5 were made: a) data from prior experiments on sequential biofiltration with intermediate
aeration were adapted for the SMARTDplus biofilter; b) the train assessed in chapter 6 did not include a
rapid sand filter prior to the SMART plus biofilter; and ¢) chemical removal was assumed to occur during
GAC filtration based on earlier pilot- and full-scale studies. Since the point of compliance was defined
at the point of groundwater injection, no additional removal during groundwater recharge or drinking
water treatment was assumed, which was a rather conservative assumption as chemical
advection/dispersion and dilution from landside groundwater is very likely to occur during recharge. By
assigning PDFs to the SMARTplus effluent TOrC concentrations and to the TOrC removal in
subsequent treatment steps, a Bayesian network was created for each TOrC. All compounds except for
valsartan acid were removed below MTL at the POC, with the probability of valsartan acid MTL
exceedance ranging from 5-58%. Therefore, as valsartan acid was not sufficiently removed to below
MTL, Hypothesis 2 was accepted.

The QCRA in chapter 6 revealed the importance of selecting appropriate removal performance ranges.
This was especially notable for GAC removal of valsartan acid, which was evident in the increase in
probability of MTL exceedance from 5% when 90-100% GAC removal was assumed to 58% when 50-
100% GAC removal was assumed. Although no sensitivity analysis was performed on the Bayesian
network, GAC is likely a CCP for non-photooxidative and moderately-poorly adsorbing compounds
such as gabapentin and valsartan acid. Therefore, adsorptive removal requires more careful
consideration and modeling. Similarly, a scenario/failure analysis which would identify further CCPs
was not undertaken for the networks.

This leaves room for improving the assessment. This includes the addition of two more nodes, for
WWTP TOrC concentration and for SBF removal range, which would include the WWTP removal
variability into the calculation of chemical risk. As valsartan acid is a biodegradation transformation
product of various sartan compounds, its removal can be difficult to assess, as removal depends upon
whether biodegradation has reached steady-state in the unit process investigated. Likewise, it is less
studied in comparison to the other four TOrCs, and assumptions about its removal taken for this
screening level QCRA would benefit from more site-specific data and knowledge of parent compound
concentrations. Validation of the network could eventually be done using data from SMARTplus
operated with an in situ aeration device.

In conclusion, the investigation of Objective 1: Evaluate microbial and chemicals risks to human
health associated with the SMARTDplus potable reuse scheme revealed that while microbial risk from
the treatment train was acceptable, improvements are required prior to acceptance of chemical risk. The
guantified risk is subject to change depending upon which thresholds and assumptions are used to assess
it. Therefore, the importance of deciding upon both the benchmark risk level as well as assumptions
about removal or reduction of contaminants with stakeholders at the beginning of the risk assessment
process is particularly important. This will ensure that more focus can be placed on targeted scenario
analyses to explore how a treatment train reacts, as well as if and/or which additional unit treatments are
needed.

10.1.1 Future outlook for risk assessments

The difficulty of obtaining large datasets for chemical and microbial removal in IPR unit treatments
complicates the establishment but even more so the validation of probabilistic QMRA/QCRA models.
To this end, an open source, anonymized QMRA database or platform, where studies could deposite
their empirical data, would immensely assist screening level assessments and model validation, which
could be supplemented by infectivity assay data. Alternatively, expanding the suite of chemical and
microbial risk assessment tools developed specifically for bank filtration during the AquaNES project
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to other MAR systems would also enable future water reuse projects to test how different treatment
combinations affect effluent quality and risk (AquaNES, 2016b, 2016a).

Integrated chemical and microbial risk assessments based on screening literature and testing on a site-
specific basis should be adopted on a greater scale, whether for preapproval of a treatment train,
scenario/failure analysis, or as validation for unit treatment inclusion or upgrade. Conducting such
assessments and properly communicating the safety of a proposed IPR or DPR treatment train to the
general public is critical for risk communication and public acceptance. Instead of non-intuitive
distribution functions, the safety of a reuse scheme can be explained through box plots clearly comparing
the LRVSs required to the LRVs achieved, or through simplified but scientifically sound brochures and
pamphlets. The language and images communicating the safety of the water to the public can be as
important as the water quality itself when discussing public acceptance of potable reuse projects.

In terms of microbial risk assessment, multiple parameters should be agreed upon and clearly
communicated at the beginning of a QMRA, including a) source water pathogen concentrations, b)
origin of indicator or surrogate parameters used (i.e., empirical data, literature review, or a combination
thereof), and ¢) the benchmark risk threshold. Raw sewage pathogen concentrations recommended used
in QMRA could be updated, which will have consequences for LRVS, which are rather conservative
estimates of performance and presence. Numerous unit treatments, including MAR, biologically active
carbon or sand filtration are notably understudied in the literature, and would particularly benefit from
an open source database. This way, more screening-level assessments could be conducted and become
a more standard part of the proposal and pre-approval of potable reuse projects. To accomplish this,
where possible, higher resolution sampling of ambient and challenge test pathogen, indicator and
surrogate reduction should be conducted. Uniform reporting requirements, which could be outlined in
the WRRMP or national regulations, would harmonize collected information so facilities and treatment
trains could be more easily compared and evaluated.

As future microbial health based guidelines may become more stringent, such as Nevada’s Category A+
requirement for 12/10/10 LRVs at the point of compliance (i.e., at the effluent of the environmental
buffer or the AWT train) (Sundaram and Pagilla, 2019), assigning reduction credits within multi-barrier
treatment system could be reconsidered. For treatment trains employing MAR systems, guidelines for
evaluating and assigning reduction credits could be updated into a two-tiered approach: a MAR facility
could be provided with an initial list of indicator and surrogate pathogens, after which it would determine
which indicators are present in its source water and demonstrate consistent reduction, which would be
conducted within the framework of a WRRMP. Then, if a facility requires more reduction credit, a
second tier of analyses could be conducted, which could include QMRA, hydrogeological modeling, or
a hybrid approach utilizing modeling, risk assessment, and field-scale testing. This discussion on how
to soundly, effectively and correctly attribute LRVs for MAR sites is further elaborated on in a Water
Research Foundation state-of-the-science report slated for publication in 2021.

As chemical monitoring is more ubiquitous and less expensive than microbial monitoring, the validation
of a QCRA model should be easier to conduct at a utility level, which likely have sufficient empirical
data for establishing probabilistic models. Improving probabilistic chemical risk assessment models
could be done by including surrogate parameters, such as DOC and DO concentrations in the
SMARTDplus biofilter, to facilitate a more comprehensive prediction of removal. Best options for
handling censored data (i.e. 100% removal of carbamazepine during GAC filtration) can be determined
through testing multiple approaches (i.e. substituting censored measurement with LOQ versus % LOQ)
(World Health Organization, 2016). Future assessments will likely also benefit from the coupling of
effect-based bioassays with nontarget analysis for emerging contaminants and transformation products,
which can provide data on the risk of chemical mixtures in the effluents of various unit treatments
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(Brunner et al., 2020). Such data could possibly be used to develop a safety factor to account for known
and/or unknown mixture risk in risk assessments, similar to the mixture assessment factor currently
being discussed for REACH chemicals (Drakvik et al., 2020), which could be used to protect the health
of vulnerable classes of the population and of the environment when subject to long-term exposure.

10.2  Biofiltration within the SMARTplus-based treatment train

Biofiltration was investigated in objective 2, wherein the initial and long-term TOrC removal in
technical sand and BAC filters was evaluated to determine which media would provide greater TOrC
removal. The following section is divided into a critical discussion of experiments undertaken to
investigate the objective and includes unpublished results as well as future research recommendations.

10.2.1 Conclusions from biofiltration experiments

Hypothesis 3 states that maturation time for biodegradation in BAC will be shorter than in technical
sand, which was separated into three subhypotheses for testing.

In order to test Hypothesis 3.1: Rapid small scale column tests (RSSCTs) can accurately differentiate
between TOrC removal attributed specifically to biodegradation and to adsorption, RSSCT column tests
with crushed GAC were conducted to quantify TOrC adsorptive capacities through 40,000 BVTs, the
results of which were compared with removal seen in the BAC filter. As the RSSCT can overestimate
adsorption due to the difference in particle size between the BAC filter and the RSSCT, a fouling index
correction was applied. Through this correction, the TOrC breakthrough curves were reduced from
40,000 BVTs to varying BVTs. A PSDM model was used to model breakthrough back up to 40,000
BVTs, chosen as an endpoint based on the adsorptive carbamazepine not achieving notable breakthrough
at 20,000 BVTs in prior RSSCT experiments (Muller et al., 2019a).

When comparing the PSDM-modeled breakthrough to the experimental BAC breakthrough, the poor
agreement with experimental carbamazepine, venlafaxine and tramadol results led to the conclusion that
the modeling underpredicted the adsorption capacity of compounds, and therefore differentiation
between biodegradation and adsorption was not possible. This was attributed to the initial high loading
rate and short EBCT, which did not allow compounds to fully adsorb to the GAC. The fouling indices
calculated for each compound likely also contributed to the poor model fit for well-adsorbing
compounds, as they were calculated using a general linear free energy relationship (LFER) approach
instead of a LFER built on the TOrCs investigated in this study or obtained experimentally using PD-
RSSCTs.

Therefore, determining removal via adsorption by comparing the breakthrough of RSSCT to BAC filter
breakthrough was not possible, and therefore Hypothesis 3.1 could not be adequately tested as the
aforementioned fouling index optimization was not feasible within the timeframe of this study.

To test Hypothesis 3.2: Biomass establishment will be faster in BAC than in technical sand, the
biomass build-up was tested by analyzing the ATP of sand and BAC media. Samples of both media
were taken at various time points from 0 — 60,000 BV Ts and frozen at either -80°C or -20°C. ATP was
analyzed using commercially available test kits (BacTiter-Glo Microbial Cell Viability Kit, ProMega),
opaque-walles 96-well plates (Thermo Fischer Scientific), and an 2300 EnSpire Multilabel plate reader
(PerkinElmer) with luminescence capabilities. The complete protocol is provided in SI 11.7.

The resulting measurements (average of two biological duplicates for each sample) suggest that while

BAC biomass was greater after the first two measurements, the difference between the sand and BAC

filters at each BVT was minimal (Figure 10-1). Although both the initial measurements and the lack of

notable difference contradict the expectation that biomass would establish faster in BAC, the calculated

ATP (0.7 — 8.5 uM) unfortunately fell outside the calibration range (0.0065 uM — 0.75 uM) and therefore
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measurement values could not be confirmed with certainty. However, the inconsistent temporal gaps
between the 6 measurements in Figure 10-1 likely do not provide a high enough resolution of biomass
build-up, as gabapentin removal in sand was already noticed at 10,000 BVT (see Figure 9-2¢) but only
three ATP measurements from 0-16,000 BV Ts were analyzed.

Although biomass fluctuation during biofilter lifetime is normal (Chaudhary et al., 2003; Pharand et al.,
2014), sampling conditions were not always identical. Sampling from the top of a biofilter would
inevitably disturb deposited particles and biomass, causing differences in ATP measurements even in
biological duplicates, observed in the coefficient of variation between BAC (0.11) and sand (0.07)
duplicates. As no notable change in filter operation was observed at 30,000 BVT, disturbances during
sampling likely explain the ATP spike at 30,000 BVT. The results could also be discussed with more
confidence if samples were analyzed in triplicate instead of duplicate (Velten et al., 2007; Hammes et
al., 2010). However, due to time constraints, operational problems caused by the high ammonium
conditions in the WWTP effluent affecting DO concentrations and likely also the biomass, and the
limited media amount available for testing, a follow-up ATP analysis with an appropriate calibration
range could not be repeated.

1978 sand
o - [l BAC
] 8.5
8 7.8
7 6.5
—_
= 61
2 5
& ]
4 -
<< 7] 3.4
3 2.6
2—_ 14 1716 1.7
1—03 0.7 0.8
0] 0
Q
N SN OIS
N Q
& & S S

Bed volumes treated

Figure 10-1: Calculated ATP concentrations for BAC and sand media.

Despite these issues, the measured ATP was anyway normalized to the BAC and sand media and ranged
from 4.0x10% — 3.6x10° ng ATP/cm?® media, which is within the 10%-10® ng ATP/cm® media for GAC
and anthracite range identified as indicative of active, acclimated media in Pharand et al. (2014). These
concentrations were normalized to the media density, which was 450 kg/m?® for BAC and 1,500 kg/m?®
for sand according to manufacturer information. The resulting biomass concentrations, between 3.1x
10°- 1.0x107 pg ATP/g media, were also similar to values reported by Greenstein et al. (2018) for virgin
anthracite/sand and used BAC/sand in drinking water biofilters, which were 10°-10° pg ATP/g media.
This comparison suggests that despite improper calibration range and sampling protocol inconsistencies,
fine-tuning the standard operating procedure discussed in section 11.7 to ensure quality control of the
ATP measurements could provide valuable information on biomass build-up in future experiments.

Although the initial ATP measurements in BAC media were not notably larger than in sand media, the
improper calibration range and low sampling resolution meant that Hypothesis 3.2 could not be
adequately tested.
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In order to test Hypothesis 3.3: TOrC biodegradation begins faster in BAC, the sand filter
breakthrough until 40,000 BVT was compared with BAC filter biodegradation determined from the
comparison of RSSCT and BAC filter breakthroughs in chapter 7. This could not provide a definitive
indication, as the RSSCT and BAC comparison correctly predicted significant difference for non-
adsorptive and biodegradable gabapentin, but also for adsorptive and non-biodegradable carbamazepine,
attributed to short EBCT and poor fouling index values. Therefore, the RSSCT-BAC filter data and the
sand filter data could not be compared. From long-term column observation, a clear difference in
removal in sand and BAC media for gabapentin could not be observed, neither initially nor over the
entire duration of the experiment (see Figure 9-2c). Valsartan acid, a biodegradation transformation
product, was only quantified in the filters after 71,000 BVT.

Consequently, an alternative workflow for assessing biodegradation was employed. Biodegradation
transformation products (BTPs) in both filters were identified using a suspect-target screening approach.
Triplicates of influent and effluent samples from 71,000 BVT for sand and BAC were first analyzed
using the LC-MS/MS workflow mentioned in chapter 7 to determine which biodegradable spiked TOrC
compounds were removed in both filters. This resulted in the identification of trimethoprim, antipyrine,
metoprolol, and gabapentin, as well as non-spiked benzotriazole. Valsartan acid was not analyzed. Next,
a BTP suspect list for these TOrCs was compiled from a literature review and the Eawag
Biocatalysis/Biodegradation Pathway Prediction System (Eawag, 2017). Finally, the same influent and
effluent samples from 71,000 BVT were sent to the University of Duisburg-Essen for LC-HRMS
analysis.

Data were processed using MZmine 2.3 (MZmine Development, 2011) and compared to the BTP
suspect list. Parent TOrC presence for further analysis was confirmed when a) the TOrC monoisotopic
mass corresponded to the mass to charge ratio determined for the TOrC by MzMine; b) the TOrC was
present in both the influent and effluent samples of the biofilters; and c¢) if the TOrC’s LC-HRMS mass
spectra agreed with the TOrC’s mass spectra reported in Chemspider, MassBank or PubChem databases.
BTP presence was confirmed using the same steps, but if the BTP was present in the influent biofilter
sample, it was disqualified from further analysis. In summary, BTPs detected in the effluent samples
were 4-hydroxyantipyrine (parent: antipyrine) in the sand filter, phenol (parent: benzotriazole), and 1-
carboxycyclohexaneacetic acid (parent: gabapentin) in the BAC filter, as they were present in 2 of 3
effluent filter samples from each filter media.

However, as the samples from 71,000 BV Ts were taken only 8 operating days after a 2-month shutdown
of the system due to operational disturbances in the WWTP, these results are neither representative of
initial biodegradation differences in the filters nor represent steady-state biodegradation. Therefore,
although preliminary data shows more and different BTPs were detected in the BAC filter than the sand
filter, a comprehensive temporal assessment of BTP production in both systems was not possible.
Therefore, Hypothesis 3.3 could not be adequately tested.

In conclusion, the overall Hypothesis 3 could not be accepted based the inadequate analysis of
subhypotheses 3.1, 3.2 and 3.3, which was severely hindered by the fluctuating WWTP water quality
and the short EBCT. Quantifying initial differences in adsorption and biodegradation in the BAC filter
using RSSCTs (hypothesis 3.1) proved promising but requires optimization (longer EBCT, better
fouling index calculation) prior to determining the success of this approach. Likewise, quantifying
biomass was hindered by improper method development and low sampling resolution, but seemed to
reveal no difference in biomass establishment in BAC and sand filters (hypothesis 3.2). Lastly, if the
RSSCT method described in chaper 7 was improved and the combination of the comparison between
RSSCT/BAC breakthrough and sand filter breakthrough with the suspect screening of BTPs could be
carried out, this would determine whether onset of biodegradation occurs faster in BAC than in technical
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sand (hypothesis 3.3). Under steady WWTP effluent operating conditions, this would provide a more
comprehensive assessment of initial removal differences.

To test Hypothesis 4: Long-term BAC filtration facilitates greater TOrC removal than technical sand, a
few strategies were employed.

Long-term removal of TOrCs was investigated in chapter 9. Steady-state removal of biodegradable
compounds could not be observed in the long-term sand or BAC column experiments. After roughly
86,000 BVTSs, high resolution sampling conducted with a batch feed instead of continuous operation
showed that removal of nearly all compounds was constant when feed water quality over 48 hours
remained stable, and that removal of non-adsorptive but biodegradable compounds gapabentin,
iopromide, and antipyrine was similar in both filters. Finally, a batch biodegradation test was performed
to determine whether removal rates of biodegradable compounds were greater in BAC than in sand. Due
to complete removal via adsorption in the BAC during the first 29 hours of the 6-day batch experiment,
BAC removal rates for most adsorptive compounds, such as trimethoprim and atenolol, could not be
calculated. However, compounds for which BAC removal rates were successfully calculated revealed
that sulfamethoxazole, climbazole and gabapentin were removed faster in sand, possibly due to higher
initial concentrations in sand compared to the lower concentrations in BAC after initial adsorption. Due
to these results, Hypothesis 4 was rejected, as the removal seen during the high resolution campaign
for non-adsorption, biodegradable compounds gabapentin, antipyrine and iopromide was similar in the
BAC and sand filters.

In conclusion, the investigation of Objective 2: Evaluate initial and long-term TOrC removal
differences in activated carbon and technical sand was severely affected by the variability in the
WWTP effluent used as feed water to the BAC and sand filters as well as the very short EBCT at the
beginning of the experiments. Initial removal differences, impacted by the EBCT not allowing full
adsorption of compounds to GAC, require additional investigation. Long-term removal differences were
negatively affected by WWTP effluent fluctuations, but high resolution sampling and batch
biodegradation removal demonstrated that no improved TOrC removal in the BAC filter could be
observed. As long-term removal without backwash or media exchange are current attributes of the
SMARTDplus treatment concept, this provides support for the use of technical sand in future biofiltration
applications.

10.2.2 Implications for biofiltration studies

The dynamic TOrC removal in the continuously fed biofilters could not be foreseen. Four main reasons
were identified: 1) the continuous usage of real-time WWTP effluent and the initial poor pre-treatment
of feed water during the first 60,000 BVTs led to high particle deposition and increasing EBCTS,
requiring modification of the experimental setup; 2) variability in the WWTP effluent quality and TOrC
concentrations affected the TOrC spiking in the filters (see concentrations of diclofenac and gabapentin
in column influents, Table 11-12; 3) the high turbidity in the RSF effluent was mitigated with FeCls
dosing, resulting in noticeable iron hydroxide deposition in the filters; and 4) the unacceptably high
NH4*-N concentrations in the WWTP effluent during later operation prevented the filters from reaching
steady operation under oxic conditions optimal for the removal of many TOrCs. However, as this study
analyzed TOrC removal with higher temporal resolution and for longer than any other published BAC
study (Table 2-1), the inconsistency of long-term results was later supplemented with high resolution
sampling and biodegradation rate comparison, which did not provide evidence for improved removal in
BAC after adsorption capacity was exhausted.

To better assess biofilter performance in future experiments, stable and optimal feed water concentration
should be ensured. Low turbidity, a stable EBCT or HRT, lower and overall more biodegradable DOC,
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and stable DO providing oxic conditions in biofilters, regardless of media used, would provide optimal
conditions for observing steady-state removal. Likewise, minimal changes in water quality and TOrC
influent concentrations and EBCT will prevent washout of compounds, tailing, and/or desorption.

As these influential parameters are interrelated, extracting the effect of one parameter on compound
removal grossly oversimplifies the relationship between the parameter and compound removal.
Nevertheless, the relationship between TOrC removal and redox conditions, HRT, filter material, and
ADOC (DOCinfiuen—DOCessivent) in biofiltration based systems was investigated in chapter 8. The meta-
analysis considered removal observed from field-, pilot- and laboratory column-scale biofiltration
studies, and identified 24 compounds displaying greater than 30% variability in removal (see Figure
8-1). Correlations with HRT and ADOC quantitatively revealed that improved removal of nearly half of
the 24 compounds were correlated with greater biological activity (ADOC), and a minimum of 1 day of
HRT were recommended for better removal of most compounds, such as citalopram, climbazole and
metoprolol. Based on the metadata, no notable differences in removal between natural (i.e. soil/aquifer
media) versus technical media for individual compounds were found, as the primary removal mechanism
was considered to be biodegradation (no adsorptive media was included in the meta-analysis). However,
the limited data provided on DO concentrations in the studies underlined both the difficulty and the
importance of adequately characterizing redox regimes in biofiltration. This is especially evident for
compounds such as gabapentin (Sperlich et al., 2017; Miller et al., 2019c), acesulfame (Storck et al.,
2016) and sulfamethoxazole (Baumgarten et al., 2011; Henzler et al., 2014).

To continue improving and optimizing biofiltration systems for improved chemical (as well as
microbial) contaminant removal, future studies and systems should clearly describe the redox regime
within the system in addition to characterizing influent and effluent water quality. Additional analysis
of ATP can reveal how quickly microbial communities responsible for the biotransformation of TOrCs
establish and respond to water quality changes, while more sophisticated molecular sequencing and
gPCR approaches can reveal which strains or communities are present and responsible for the
(co)metabolic transformation of compounds. Similarly, although DO concentrations have been used as
a proxy for microbial activity, detecting BTPs in the system provides a more precise confirmation that
biodegradation is occurring and expands the spectrum of TOrCs analyzed in biofiltration and therefore
the knowledge of their removal in such systems.

10.2.3 Implications for SMARTplus-based IPR systems

As the results of chapter 9 provided no evidence of the benefit of BAC versus technical sand in long-
term TOrC removal, this supports the usage of technical sand as biofilter media in SMARTplus and
other biofiltration based treatment systems. Consistent removal of biodegradable TOrCs within the
SMARTDplus biofilter could be achieved through ensuring optimal influent water quality composition
and redox zonation within the biofilter: consistent DO concentrations above 2 mg/L with low
biodegradable DOC in the influent will promote transformation of TOrCs. Ensuring low turbidity to
prevent particle deposition and blockage is also critical for stable EBCT and redox zonation. As the
glass bead pre-filter did not notably decrease turbidity, more appropriate pre-treatment to reduce
associated biofouling could be attempted via upstream H,O, oxidation (de Vera et al., 2019; Noh et al.,
2019) or membrane filtration.

However, as sand does not have the adsorptive benefits of activated carbon, additional post-treatment
for non- or poorly biodegradable but adsorptive TOrCs, such as carbamazepine, climbazole, tramadol,
and venlafaxine, will likely be required. This will likely be achieved in the GAC filter envisioned after
the SMARTDplus biofilter, although care should be taken to ensure that SMARTplus effluent DOC
concentrations do not compete with TOrCs for GAC adsorption sites. For TOrCs displaying varying
removal tendencies during biodegradation, benzotriazole was removed up to 80% during sequential
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biofiltration with aeration at an EBCT of 290 minutes, whereas sulfamethoxazole was removed up to
60% with aeration at EBCTs greater than 1,090 minutes (Muller et al., 2017). Benzotriazole is also well
adsorbed (see chapter 7). For compounds which are recalcitrant to both adsorption and biodegradation,
such as primidone and phenytoin (see Table 9-1 and Figure 9-3), alternative treatments could be
necessary. Primidone has shown moderate removal (70%) during ozonation (Hibner et al., 2012) and
phenytoin was removed up to 60% during sequential biofiltration and ozonation (Mdiller et al., 2019a),
although both compounds primarily react with OH radicals formed during ozonation (Blackbeard et al.,
2016). If using in situ ozonation in the SMARTDplus treatment train, monitoring removal of other
chemicals will be critical (i.e., NDMA, bromate) (Sundaram and Pagilla, 2019).

One optimal SMARTDplus redox zonation and EBCT conditions have been established and subsequent
GAC adsorption installed, the removal of a wider range of TOrCs could be investigated. Future research
could investigate the removal of chemicals exhibiting inconsistent removal during biofiltration
identified in chapter 8, such as paracetamol, climbazole and valsartan, as well as the BTPs gabapentin
lactam and valsartan acid. This could be accomplished through the use of labeled compounds, as well
as investigating the biodegradation pathways of compounds as has been done for trimethoprim and
diclofenac (Jewell et al., 2016a, 2016b). Determining concentrations of these TOrCs at the point of
compliance would also enable the selection of unit treatments targeted for more compound-specific
removal when proposing and assessing future potable reuse treatment trains.

For compounds which exhibit removal under suboxic or anoxic conditions, their removal could be
investigated at higher redox resolution, and whether their functional groups are correlated with removal
could also be investigated. Finally, additional focus could also be placed on compounds not investigated
in this dissertation but also critical for human health — namely PFOS/PFOA, which have shown
promising removal via adsorption (Gagliano et al., 2020), as well as endocrine disrupting compounds
such as 17R-estradiol, which is removed by adsorption and biodegradation (Z. Li et al., 2012).
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11.2.1 Supplementary information
Search string used for advanced search in Scopus, February 14, 2020:

(wastewater OR "wastewater treatment” OR "treated wastewater” OR "wastewater irrigation”
OR "irrigation" OR "wastewater reuse” OR "water recycling” OR "recycled
water" OR "reclaimed water" OR "indirect potable reuse” OR "direct potable
reuse” OR "MAR" OR "managed aquifer recharge” OR "de facto reuse” OR "water
reclamation” OR "drinking water" OR "raw water")

AND ("norovirus" OR "rotavirus" OR "adenovirus" OR "enterovirus" OR "cryptosporidium"
OR "giardia" OR "campylobacter” OR "e. coli" OR "MS2" OR "PHIX 174" OR "Phix-
174" OR "@X-174")

AND ("log removal wastewater treatment” OR "QMRA" OR "quantitative microbial risk
assessment" OR "microbial risk" OR "microbiological risk" ) AND (LIMIT-
TO (PUBYEAR, 2020) OR LIMIT-TO (PUBYEAR, 2019) OR LIMIT-
TO (PUBYEAR, 2018) OR LIMIT-TO (PUBYEAR, 2017) OR LIMIT-
TO (PUBYEAR, 2016) OR LIMIT-TO (PUBYEAR, 2015) OR LIMIT-
TO (PUBYEAR, 2014) OR LIMIT-TO (PUBYEAR, 2013) OR LIMIT-
TO (PUBYEAR, 2012) OR LIMIT-TO (PUBYEAR, 2011) OR LIMIT-
TO (PUBYEAR, 2010) OR LIMIT-TO (PUBYEAR, 2009) OR LIMIT-
TO (PUBYEAR, 2008) OR LIMIT-TO (PUBYEAR, 2007 ) OR LIMIT-
TO (PUBYEAR, 2006) OR LIMIT-TO (PUBYEAR, 2005) OR LIMIT-
TO (PUBYEAR, 2004) OR LIMIT-TO (PUBYEAR, 2003) OR LIMIT-
TO (PUBYEAR, 2002) OR LIMIT-TO (PUBYEAR, 2001) OR LIMIT-
TO (PUBYEAR, 2000)) AND (LIMIT-TO (LANGUAGE, "English"))

Search string resulted in 2669 hits. Searching for ‘qgmra’ within the ‘Search within results...” function
of Scopus yielded 656 documents. These 656 hits were copied into Excel. A three tier system for
deciding which papers to take into the review was then enacted. The first tier search was for the terms
potable reuse, irrigation, drinking, recycled, crop, vegetable, and reclaimed, which resulted in a total of
290 papers with one of these 5 terms. Next, the second tier search was done by looking through title,
abstract and keywords to assess whether they dealt with human health risk assessment of wastewater
reuse systems for DPR, IPR and irrigation. Third tier search was for the terms managed aquifer recharge,
open space, campylobacter, cryptosporidium, rotavirus, norovirus, adenovirus, rotavirus, giardia, e. coli,
probabilistic, probability distribution, and distribution function, which yielded a final count of 108
studies from the database. Adding 9 studies from expert knowledge, this resulted in 117 full text papers
assessed, of which 43 were ultimately discussed in the review.
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Figure 11-1: PRISMA structure for assessment of literature. Adapted from Moher D, Liberati A, Tetzlaff J, Altman DG, The
PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA Statement. PLoS
Med 6(7): €1000097. doi:10.1371/journal.pmed1000097
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Table 11-1: Frequency of pathogen appearance in collected literature

Frequency

Sources

Viruses

Norovirus

29/43

(Mara et al., 2007; Astrém et al., 2007; Page et al., 2010; Ander and
Forss, 2011; Ayuso-Gabella et al., 2011; Barker, 2013; Barker et al.,
2013, 2014; Mok et al., 2014; Symonds et al., 2014; Sales-Ortells et al.,
2015; Bartak et al., 2015; Beaudequin et al., 2016, 2017; Verbyla et al.,
2016; Amoueyan et al., 2017, 2019a; Chaudhry et al., 2017; Chhipi-
Shrestha et al., 2017; Ito et al., 2017; Amoueyan et al., 2019b; Owusu-
Ansah et al., 2017; Pecson et al., 2017; Soller et al., 2017, 2018a,
2018b; Bergion et al., 2018; Chandrasekaran and Jiang, 2018; Gonzales-
Gustavson et al., 2019)

Rotavirus

19/43

(Astrém et al., 2007; Mara et al., 2007; Seidu et al., 2008; Page et al.,
2010; Toze et al., 2010; Ayuso-Gabella et al., 2011; Pavione et al.,
2013; Barker et al., 2013, 2014; Mok et al., 2014; Olivieri et al., 2014;
Symonds et al., 2014; Mok and Hamilton, 2014; Bartak et al., 2015;
Verbyla et al., 2016; Pecson et al., 2017; Beaudequin et al., 2017;
Chhipi-Shrestha et al., 2017; Fuzawa et al., 2019)

Enterovirus

8/43

(Astrom et al., 2007; Mara et al., 2007; Barker-Reid et al., 2010;
Ayuso-Gabella et al., 2011; Symonds et al., 2014; Moazeni et al., 2017;
Pecson et al., 2017; Soller et al., 2017)

Adenovirus

11/43

(Barker et al., 2013; Mok et al., 2014; Verbyla et al., 2016; Beaudequin
et al., 2016; Chaudhry et al., 2017; Chhipi-Shrestha et al., 2017; Soller
etal., 2017, 2018b, 2018a; Amoueyan et al., 2019a; Gonzales-
Gustavson et al., 2019)

Bacteria

Campylobacter

13/43

(Astrém et al., 2007; Mara et al., 2007; Toze et al., 2010; Page et al.,
2010; Ayuso-Gabella et al., 2011; Barker et al., 2013; Pavione et al.,
2013; Soller et al., 2018a, 2018b; Beaudequin et al., 2017; Chhipi-
Shrestha et al., 2017; Soller et al., 2017; Bergion et al., 2018)

E. coli

13/43

(Astrom et al., 2007; Barker-Reid et al., 2010; Ayuso-Gabella et al.,
2011; Agullé-Barcelé et al., 2012; Pavione et al., 2013; Olivieri et al.,
2014; Sales-Ortells et al., 2015; Bartak et al., 2015; Verbyla et al., 2016;
Soller et al., 2017; Chaudhry et al., 2017; Chhipi-Shrestha et al., 2017;
Owusu-Ansah et al., 2017)

Protozoa

Cryptosporidiu
m

22/43

(Mara et al., 2007; Astrom et al., 2007; Page et al., 2010; Toze et al.,
2010; Ander and Forss, 2011; Agull6-Barcelo et al., 2012; Sato et al.,
2013; Barker et al., 2013; Olivieri et al., 2014; Verbyla et al., 2016;
Amoueyan et al., 2017; Pecson et al., 2017; Sampson et al., 2017; Soller
etal., 2017, 2018a, 2018b; Amoueyan et al., 2019a; Beaudequin et al.,
2017; Chaudhry et al., 2017; Chhipi-Shrestha et al., 2017; Xiao et al.,
2018; Bergion et al., 2018)

Giardia

12/43

(Astrém et al., 2007; Ander and Forss, 2011; Ferrer et al., 2012; Barker

etal., 2013; Sato et al., 2013; Olivieri et al., 2014; Verbyla et al., 2016;

Chhipi-Shrestha et al., 2017; Soller et al., 2017, 2018a, 2018b; Xiao et
al., 2018)

Bacteriophages

Somatic
bacteriophages

7/43

(Astrém et al., 2007; Ander and Forss, 2011; Agull6-Barcel6 et al.,
2012; Bartak et al., 2015; Sales-Ortells et al., 2015; Verbyla et al., 2016;
Chaudhry et al., 2017)
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Table 11-2: Treatment trains utilized in studies selected for this review:

3.;'“;;6 Source water* Treatment trains assessed Reference
Primary clarification — AS — Secondary clarification
de facto Raw wastewater — EB (surface water) — DWT (coagulation, (Amoueyan et al.,
flocculation, sedimentation, filtration, disinfection) 2017, 2019a)
(+ Clyin 2019)
Primary clarification — AS — Secondary clarification
defacto  Raw wastewater — EB (surface water) — DWT (coagulation, (Amoueyan et al.,
flocculation, sedimentation, filtration, disinfection) 2019h)
— Consumer
Coagulation — Flocculation —Sedimentation — Sand
de facto Surface water filtration — Chlorination — Fluoridation (Sato etal., 2013)
Flocculation — Sedimentation — Chlorine
de facto Surface water disinfection — GAC — Chlorine & chlorine dioxide  (Astrém et al., 2007)
disinfection
EB (aquifer recharge) — RSF — Chlorination — .
de facto Surface water (optional UV disinfection) (Bergion et al., 2018)
de facto Surface water Coagulation/sedimentation — Media filtration — Cl; (Chauzdohlr%/)et al.,
Primary clarification — AS — Secondary clarification
— UF—03 (6.9 mg/L) - BAC — 03 (5.1 mg/L) —EB (Amoueyan et al
IPR Raw wastewater (storage time: 105 or 270 days) — SW — DWT 2017, 2019a) "
(coagulation, flocculation, sedimentation, filtration, ’
disinfection) (+ Clzin 2019)
Primary clarification — AS — Secondary clarification (Amoueyan et al
IPR Raw wastewater — MF — RO — UV (80 mJ/cm?) — Groundwater 201/9 "
replenishment (60 days) — Cl, 3)
Primary clarification — AS — Secondary clarification
— MF — RO — UV (80 mJ/cm?) — Groundwater (Amoueyan et al
IPR Raw wastewater replenishment (60 days) — SW — DWT 20{9,3) "
(coagulation, flocculation, sedimentation, filtration)
—Cl,
IPR R No treatment mentioned, only end uses: lawn, (Chhipi-Shrestha et
aw wastewater . . A
public park, golf course, agricultural irrigation al., 2017)
IPR Surface water EB (RBF, 2->88 _dqys trgvel time) — NaOClI (Bartak et al., 2015)
disinfection
EB (aquifer recharge) — RSF — Chlorination — .
IPR Surface water (optional UV disinfection) (Bergion et al., 2018)
IPR Valley-lz-ul!’arimary EB (basalt aquifer, ZO—é?Zdays residence time) — (Page et al., 2010)
WWTP effluent
Atlantis:
IPR WV\?%CDOQf?Iannt + EB (unconfingd sandy aqui_fer, ~1 year residence (Page et al., 2010)
. time) — softening — Cl
stormwater in
wetland
IPR Secondary (Cl,) — lawn, public park, golf course, agricultural (Chhipi-Shrestha et
effluent irrigation al., 2017)
Torreele/ St. . .
IPR André: Tertiary residErllgcéutri]fncgfl—n:gr;;rc])iy—aglglief S(\)/_Zsis(ij:%/esction Page etal,, 2010)
WWTP effluent
DPR LRVs determined by setting tolerable apn_ual
(th) Raw wastewater disease burden to <10® DALY (no existing (Barker et al., 2013)
' treatment steps assessed)
Primary clarification — AS — Secondary clarification (Amoueyan et al
DPR Raw wastewater —UF - 03 (6.9 mg/L) - BAC — UV (80 or 512 2017, 2019a) v
mJ/cm?) — ESB (+ Cl, in 2019) ’
DPR Raw wastewater Primary clarification — AS — Secondary clarification (Amoueyan et al.,

— MF — RO — UV (80 mJ/cm?) — Surface water

2019a)
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blending - DWT (coagulation, flocculation,
sedimentation, filtration) - Cl,

Primary clarification — AS — Secondary clarification

(Amoueyan et al.,

DPR Raw wastewater _ MF - RO — UV (80 mJ/cm?) — ESB - Cl, 2019a)
Primary clarification — AS — Secondary clarification (Amoueyan et al
DPR Raw wastewater — MF - RO - UV (80 mJ/cm?) — ESB - Cl, - y N
2019b)
Consumer
Primary clarification — AS — Secondary clarification
- UF (Amoueyan et al.,
DPR Raw wastewater 03— BAC — UV (80 mJ/cm?) — ESB — Cl, - 2019b)
Consumer
DPR Raw wastewater Primary clarification — AS — MF — RO — UV/H;0; (Chaudhry et al.,
—Cl 2017)
Primary clarification — AS — O; — BAC - MF — RO (Chaudhry et al.,
DPR Raw wastewater ~ UV/H,0, — Cl, 2017)
DPR  Raw wastewater MBR — RO — UV/H,0; — Cl, (Chauzdohlr;’)et al.,
Primary clarification — AS — O3 — BAC — MF — NF (Chaudhry et al.,
DPR Raw wastewater ~ UV/H,0, - BAC - Cl, 2017)
Primary clarification — AS — MF — RO — UV/AOP
DPR Raw wastewater (800 mJ/cm?) or UV (12 md/cm?) with H,O, — (Soller et al., 2017)
ESB+Cl,
Primary clarification — AS — Oz — BAF — MF — RO
DPR Raw wastewater ~ — UV/ AOP (800 mJ/cm?) or UV (12 mJ/cm?) with (Soller et al., 2017)
H.0,
Primary clarification — AS — Oz — BAF — UF —
DPR Raw wastewater UV/AQOP (800 mJ/cm?) or UV (12 mJ/cm?) with (Soller et al., 2017)
H,0, — ESB+Cl;
Primary clarification — AS — O; — BAF — UF -
UV/AOP (800 mJ/cm?) or UV (12 m/cm?)
DPR Raw wastewater with/without H,O, — ESB+CI, — Flocculation - (Sollerzce)tlglb.,) 2017,
Sedimentation - Filtration - Disinfection via
chlorination
Primary clarification — AS - MF — RO — UV
DPR Raw wastewater disinfection (12 or 800 ml/cm?) — ESB+Cl, (Soller et al., 2018)
DPR Raw Wastewater Primary clarification — AS — O; - BAF —UF-UV  (Soller et al., 20183,
disinfection (12 or 800 mJ/cm?) — ESB+Cl, 2018b)
Primary clarification — AS — Oz — BAF — UF —- RO
DPR Raw wastewater _ UV (800 mi/em?) (Soller et al., 2018b)
Primary clarification — AS — UF — RO — UV (800
DPR Raw wastewater mJ/cm?) — ESB+Cl, (Soller et al., 2018b)
(Optional PAC treatment) — Pre-Oz —
Coagulation/flocculation (HCI + FeCls) — DAF +
DPR W\/S\f;gnedf?{gem (NaOH & MnQ,) — RGSF (anthracite + sand) — O3 (Ande;g;ulj)Forss,
(1-1.5 mg Os/mg DOC) + H,0, - BAC — GAC —
UF - Cl
Tertiary WWTP
effluent; for risk
DPR assessment, raw O3 — BAC — MF/UF — R(Z) — UVIAGP (1200 (Pecson et al., 2017)
mJ/cm?)
wastewater was
also evaluated
Irr. Unspecified Restricted irrigation — Involuntary soil ingestion (Mara et al., 2007)
wastewater
Irr. Unspecified Unrestricted irrigation — Lettuce consumption (Mara et al., 2007)
wastewater
Unspecified L . (Owusu-Ansah et al.,
Irr. wastewater Lettuce and cabbage irrigation — Consumption 2017)
Irr. Unspecified Lettuce and cabbage irrigation — Consumption (Barker et al., 2014)
wastewater
Irr. Surface water Direct lettuce irrigation — Consumption (Verbyla et al., 2016)
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EB (RBF extraction well) — lettuce irrigation —

Irr. Surface water . (Verbyla et al., 2016)
Consumption
Irr. Surface water Irrigation — Unintentional ingestion (Sam;z)(s)cir;)et al,
Primary and secondary treatment — Lettuce (Beaudequin et al.,
Irr. Raw wastewater Lo .
irrigation — Consumption 2016)
Primary and secondary treatment — Lagoon storage (Beaudequin et al
Irr. Raw wastewater — Surface wetlands — Subsurface wetlands — Cl, — g B
L . . . . 2017)
Green space irrigation — Unintentional ingestion
Wastewater stabilization ponds — Actiflo — Cl; or
Irr. Raw wastewater UV irradiation or O3 — Crop irrigation — (Mok et al., 2014)
Consumption
Upflow anaerobic sludge blanket — submerged
Irr. Raw wastewater aerated biofilter — waste stabilization ponds —crop ~ (Pavione et al., 2013)
irrigation — Consumption
Facultative pond — 2 maturation ponds —
. ] ; . . (Symonds et al.,
Irr. Raw wastewater Involuntary soil/water ingestion — Unintentional 2014)
ingestion
Irr. Raw Wastewater UA§B reactpr - 2.poI|sh|n_g ponds - Ipvolur)tary (Symonds et al.,
soil/water ingestion — Unintentional ingestion 2014)
Irr. Raw Wastewater AS - glther.lrrlgatlon a_t the treatment plant O_R uv (Barker, 2013)
disinfection — Cl,— irrigation — Consumption
Irr. Raw wastewater AS — Cly — UF —irrigation — Consumption (Barker, 2013)
Irr. Raw wastewater Kale/endive irrigation — Consumption (Fuzawa et al., 2019)
Irr. Raw Wastewater Ro_tatlng screens — ae-_rated grlj[ chan_1ber - OX|d§t|on (Xiao et al., 2018)
ditch — Cl, — Irrigation — Unintentional ingestion
Sedimentation — AS — Cl; — Flocculation (Actiflo) —
T (Gonzales-Gustavson
Irr. Raw wastewater Low pressure UV — Vegetable irrigation — Lettuce
. etal., 2019)
consumption
Sedimentation — AS — Constructed wetland — (Gonzales-Gustavson
Irr. Raw wastewater Vegetable irrigation — Lettuce consumption etal., 2019)
Irr. Raw wastewater AS — Irrigation of food crops — Lettuce (Olivieri et al., 2014)
consumption
Irr. Raw wastewater AS — Cl, — Lettuce consumption (Olivieri et al., 2014)
Irr. Raw wastewater AS — Filtration — Cl, — Lettuce consumption (Olivieri et al., 2014)
Domestic . . . L
Irr. untreated P|Iot—§cale qnoxm/ox[c MB_R —Crop |rr|ga_t|on - (Ito et al., 2017)
Unintentional and intentional consumption
wastewater
Domestic —_— . . .
Irr. untreated Irrigation of_morn_lng glory — Un_mtentlonal and (Ferrer et al., 2012)
intentional consumption
wastewater
Irr. Domestic Lettuce irrigation — Unlnten_tlonal and intentional (Seidu et al., 2008)
wastewater consumption
Raw Wastewater Coagulation/flocculation — sand filtration — MF —
, i 2 L i B
secondary WWTP v (1.8 80 mJfcm’) Chlorlnatlon S 5ppm) (Agullo-Barcello et
Irr. . Irrigation (golf course, public garden) or aquifer
effluent, tertiary recharge or seawater intrusion — Unintentional al., 2012)
WWTP effluent g .
consumption
Secondary oL . (Petterson et al.,
Irr. WWTP effluent Crop irrigation — Lettuce consumption 2001)
Irr Secondary Lettuce irrigation — Consumption (Chandrasekaran and
: WWTP effluent g P Jiang, 2018)
Secondary S . (Moazeni et al.,
Irr. WWTP effluent Lettuce irrigation — Consumption 2017)
Irr Secondary FeCl; flocculation — Filtration — UV (25-30 (Sales-Ortells et al.,
' WWTP effluent mJ/cm?) — Cl,— Irrigation — Consumption 2015)
Irr Secondary Irrigation of bok choy, choi sum, gai lan, lettuce - (Mok and Hamilton,
' WWTP effluent Consumption 2014)
Irr. Secondary Infiltration — Green space irrigation — Unintended (Toze etal., 2010)

WWTP effluent

and intended consumption
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Bolivar: DAF — Chlorination — EB (confined limestone (Ayuso-Gabella et
Irr. Secondary aquifer, aerobic, >60 days residence time) — Crop y al., 2011)
WWTP effluent irrigation — Consumption "

EB (unconfined karstic aquifer, nitrate reducing,

Nardo: Secondary (Ayuso-Gabella et

Irr. WWTP effluent 20-65 days residence time)_— Crop irrigation — al., 2011)
Consumption
Sabadell: EB (alluvial unconfined sandy aquifer, anaerobic, 7
Irr Secondary days residence time) — UV — Cl, — RSF — Crop (Ayuso-Gabella et
' WWTP effluent + irrigation, urban irrigation & cleaning — al., 2011)
surface water Consumption of crops
Shafdan: EB (unconfined sandy aquifer, anaerobic, 270+ (Ayuso-Gabella et
Irr. Secondary days residence time) — Cl, — Crop irrigation — y al., 2011)
WWTP effluent Consumption B
Western: . . S .
UV disinfection — Chlorination — Vegetable (Barker-Reid et al.,
Irr. Secondary o .
WWTP effluent irrigation — Consumption 2010)
Irr. i?:;iég.(;rfﬁrl};rty UF- Horticulture irrigation — Consumption (Barke;—ORle(z)l)d etal,

th. = theoretical assessment, EB = environmental buffer, DWT = drinking water treatment, AS =
activated sludge, UF = ultrafiltration, MF = microfiltration, NF = nanofiltration, O; = ozone, BAC =
biologically active carbon, SW = surface water, WWTP = wastewater treatment plant, PAC = powdered
activated carbon, DAF = dissolved air flotation, RGSF = rapid gravity sand filtration, GAC = granular
activated carbon, Cl, = chlorination, RBF = riverbank filtration, RSF = rapid sand filter, RO = reverse
osmosis, UV/H,O, = UV disinfection with hydrogen peroxide, UV/AOP = UV disinfection with
advanced oxidation, UV = ultraviolet irradiation, ESB = engineered storage buffer, ESB+Cl, =
engineered storage buffer with free chlorine disinfection, BAF = biologically active filtration Irr.
irrigation, DAF = dissolved air flotation, MBR = membrane bioreactor, UASB = upflow anaerobic
sludge blanket. *Secondary WWTP effluent = biological process plus sedimentation.
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Table 11-3: Disease burdens used in various water reuse studies, with some studies using both

classifications

Tolerable I
disease/health  Frequency dGmdeIme Studies
burden ocuments
(Petterson et al., 2001; Mara et al., 2007; Astrém et
al., 2007; Seidu et al., 2008; Barker-Reid et al.,
2010; Ander and Forss, 2011; Agullé-Barcel6 et
< 10 infections (U.s. Erjvironmental al., 2012 Pavione et al., 2013; Sato et al., 2013;
- per year Protection Agency, Olivieri et al., 2014; Beaudequin et al., 2016;
(< 1 iliness per 23/43 1998; WaterReu§e Amoueyan et al., 2017; Chaudhry et al., 2017; Ito
10.000 people) Research Foundation, et al., 2017; Owusu-Ansah et al., 2017; Pecson et
' 2011, 2015) al., 2017; Amoueyan et al., 2019a; Soller et al.,
2017, 2018a, 2018b; Amoueyan et al., 2019b;
Bergion et al., 2018; Chandrasekaran and Jiang,
2018)
(Page et al., 2010; Toze et al., 2010; Ayuso-
Gabella et al., 2011; Ferrer et al., 2012; Barker,
2013; Barker et al., 2013, 2014; Mok and
<10°DALYs Hamilton, 2014; Mok et al., 2014; Symonds et al.,
per person per Table 7.4 in (World ~ 2014; Sales-Ortells et al., 2015; Bartak et al., 2015;
year 27/43 Health Organization,  Verbyla et al., 2016; Beaudequin et al., 2016, 2017,
(< 1illness per 2011), (World Health  Amoueyan et al., 2017, 2019a; Chhipi-Shrestha et
1,000,000 Organization, 2017b) al., 2017; lto et al., 2017; Moazeni et al., 2017;
people) Owusu-Ansah et al., 2017; Sampson et al., 2017;

Chandrasekaran and Jiang, 2018; Xiao et al., 2018;
Bergion et al., 2018; Fuzawa et al., 2019;
Gonzales-Gustavson et al., 2019)

Table 11-4: Frequency of applied mathematical and statistical approaches in QMRA studies.

Type Frequency

Sources

(Page et al., 2010; Barker-Reid et al., 2010; Ander and Forss, 2011,
Ayuso-Gabella et al., 2011; Pavione et al., 2013; Sato et al., 2013;
Barker, 2013; Barker et al., 2013, 2014; Mok et al., 2014, Olivieri
etal., 2014; Symonds et al., 2014; Sales-Ortells et al., 2015;
Beaudequin et al., 2017; Verbyla et al., 2016; Beaudequin et al.,

Sensitivity analysis 32/43

2016; Amoueyan et al., 2017, 2019a; Chaudhry et al., 2017; Chhipi-

Shrestha et al., 2017; Ito et al., 2017; Moazeni et al., 2017;
Amoueyan et al., 2019b; Owusu-Ansah et al., 2017; Pecson et al.,
2017; Sampson et al., 2017; Soller et al., 2017, 2018a;
Chandrasekaran and Jiang, 2018; Xiao et al., 2018; Fuzawa et al.,

2019; Gonzales-Gustavson et al., 2019)

(Petterson et al., 2001; Mara et al., 2007; Seidu et al., 2008; Page et

al., 2010; Toze et al., 2010; Ander and Forss, 2011; Ayuso-Gabella

etal., 2011; Ferrer et al., 2012; Pavione et al., 2013; Barker, 2013;
Barker et al., 2013; Mok and Hamilton, 2014; Mok et al., 2014;

Monte Carlo

. ; 31/43
simulations

Olivieri et al., 2014; Sales-Ortells et al., 2015; Bartak et al., 2015;
Verbyla et al., 2016; Beaudequin et al., 2016, 2017; Moazeni et al.,

2017; Pecson et al., 2017; Sampson et al., 2017; Soller et al., 2017,
2018a, 2018b; Chhipi-Shrestha et al., 2017; Xiao et al., 2018;
Bergion et al., 2018; Amoueyan et al., 2019b; Fuzawa et al., 2019;

Gonzales-Gustavson et al., 2019)

(Barker-Reid et al., 2010; Barker, 2013; Barker et al., 2013; Sato et

(Spearman) rank order

. 13/43
correlation

al., 2013; Barker et al., 2014; Pavione et al., 2013; Mok et al., 2014;
Verbyla et al., 2016; Chaudhry et al., 2017; Moazeni et al., 2017,

Owusu-Ansah et al., 2017; Xiao et al., 2018; Bergion et al., 2018)
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(Page et al., 2010; Ayuso-Gabella et al., 2011; Symonds et al.,

Factor sensitivity 7/43 2014; Beaudequin et al., 2016; Amoueyan et al., 2017, 2019a;
Pecson et al., 2017)
Latin Hypercube (Seidu et al., 2008; Barker-Reiq et al., 2010; Toze et al., 2010;
sampling 7/43 Ayuso-Gabella et al., 2011; Pavione et al., 2013; Sampson et al.,
2017; Fuzawa et al., 2019)
Bayesian network 4/43 (Beaudequin et al., 2016, Zoggixerbyla etal., 2016; Ito et al.,
Marko"gahr?(')” Monte 3/43 (Astrom et al., 2007; Verbyla et al., 2016; Soller et al., 2018a)
Wilcoxon tests & 5/43 (Barker, 2013; Barker et al., 2014; Verbyla et al., 2016; Owusu-
Mann-Whitney Ansah et al., 2017; Soller et al., 2017)
Analysis of variance 2/43 (Barker et al., 2013; Owusu-Ansah et al., 2017)
Other (Tukey test,
Fligner-Killeen, (Barker, 2013; Barker et al., 2013, 2014; Sales-Ortells et al., 2015;
Shapiro Wilk, Kruskal 5/43
. Owusu-Ansah et al., 2017)
Wallis, Anderson
Darling)
(Petterson et al., 2001; Seidu et al., 2008; Barker-Reid et al., 2010;
Ander and Forss, 2011; Ayuso-Gabella et al., 2011; Agullé-Barcel6
Evaluated or etal., 2012; Sato et al., 2013; Barker, 2013; Barker et al., 2013;
mentioned alternate 99/43 Mok et al., 2014; Symonds et al., 2014; Verbyla et al., 2016;
PDEs Amoueyan et al., 2017; Chaudhry et al., 2017; Ito et al., 2017;
Owusu-Ansah et al., 2017; Pecson et al., 2017; Soller et al., 2017,
2018a; Amoueyan et al., 2019a; Bergion et al., 2018;
Chandrasekaran and Jiang, 2018)
(Barker-Reid et al., 2010; Ander and Forss, 2011; Ayuso-Gabella et
Conducted both al., 2011; Sato et al., 2013; Barker, 2013; Barker et al., 2013; Mok
sensitivity analysis and 18/43 etal., 2014; Symonds et al., 2014; Verbyla et al., 2016; Amoueyan
evaluate/mentioned et al., 2017, 2019a; Owusu-Ansah et al., 2017; Pecson et al., 2017,
alternative PDFs Soller et al., 2017, 2018a; Chaudhry et al., 2017; Ito et al., 2017;
Chandrasekaran and Jiang, 2018)
(Ayuso-Gabella et al., 2011; Agull6-Barcel6 et al., 2012;
Failures 7/43 Amoueyan et al., 2017, 2019a, 2019b; Pecson et al., 2017; Soller et
al., 2018b)
(Petterson et al., 2001; Astrém et al., 2007; Toze et al., 2010; Ander
and Forss, 2011; Ayuso-Gabella et al., 2011; Agull6-Barcelo et al.,
2012; Ferrer et al., 2012; Pavione et al., 2013; Sato et al., 2013;
Mok and Hamilton, 2014; Symonds et al., 2014; Barker et al., 2014;
Empirical data 27/43 Sales-Ortells et al., 2015; Bartak et al., 2015; Verbyla et al., 2016;
Ito et al., 2017; Moazeni et al., 2017; Owusu-Ansah et al., 2017;
Pecson et al., 2017; Chaudhry et al., 2017; Chhipi-Shrestha et al.,
2017; Soller et al., 2018b; Xiao et al., 2018; Bergion et al., 2018;
Chandrasekaran and Jiang, 2018; Gonzales-Gustavson et al., 2019)
(Agullé-Barcelo6 et al., 2012; Barker, 2013; Barker et al., 2013;
Discussed effect on 12/43 Symonds et al., 2014; Verbyla et al., 2016; Amoueyan et al., 2017,

final risk

2019a; Chaudhry et al., 2017; Ito et al., 2017; Soller et al., 2017,
2018a; Chandrasekaran and Jiang, 2018)
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11.3.1 Selection of PDFs
Pathogen occurrence in raw sewage

While it is critical to use correct units when comparing results of different enumeration or plating tests,
for this study most probable number (MPN) and colony forming units (CFU) were considered to be
interchangeable. As studies used a variety of point values as well as varying distributions to describe
presence of pathogens in raw sewage, selecting one PDF was difficult. Therefore, all raw sewage
distributions were adapted from Beaudequin et al. (2017), who used triangular distributions for all
pathogens based on recommendation from guidelines (NRMMC-EPHC-AHMC, 2006). The use of
triangular distributions to describe removal in treatment steps has also been mentioned by in other works
(Page et al., 2010a; Smeets et al., 2006; Smeets, 2008; World Health Organization, 2016).

Campylobacter occurrence in raw sewage ranged from <1 to 105 CFU/L to a default value of 7,000
CFU/L (NRMMC-EPHC-AHMC, 2006; World Health Organization, 2017a). The triangular
distribution of Beaudequin et al. (2017) (min 100, most likely 7,000, max 100,000, units CFU/L) was
adapted by updating the minimum to 0 CFU/L (World Health Organization, 2017a).

Cryptosporidium presence in raw sewage revealed geographical and country specific variability, with
concentrations ranging from <1 to 105 oocysts/L and a default value of 2,700 oocysts/L (World Health
Organization, 2017a), whereas other guidelines reported 101 to 104 oocysts/L (NRMMC-EPHC-
AHMC, 2006; Rose et al., 2005) and others provide a maximum of 2,000 oocysts/L (NRMMC-EPHC-
NHMR, 2008). Though some studies adapted a lognormal distribution with low parameter values to
describe the lower concentrations (Amoueyan et al., 2017; Chaudhry et al., 2017; Ottoson et al., 2006;
Pecson et al., 2017), this approach fails to cover higher concentrations. A more conservative and wide
ranging assumption of a triangular distribution with min, most likely, and max of 0, 2,000, and 10,000
oocysts/L used by Beaudequin et al. (2017) could feature higher concentrations more accurately.
Therefore, this study adapted the triangular distribution and updated the most likely value to 2,700
oocysts/L and the maximum value to 105 oocysts/L (World Health Organization, 2017a).

Norovirus concentrations in raw sewage displayed noticeable seasonality (Eftim et al., 2017), with
higher concentrations reported in winter months. Guidelines reported a range of <1 to 106 units/L, with
a default value of 20,000 units/L (World Health Organization, 2017a), or 101 to 104 (NRMMC-EPHC-
AHMC, 2006). Beaudequin et al. (2017) used a triangular distribution (min 1 * 104, most likely 5 * 1086,
max 1 * 107, PCR units/mL) to describe concentrations in raw wastewater, which were high due to a
novel method of calculating norovirus concentrations from epidemiological data. Improvements of
analytical methods over the last 25 years, such as quantitative polymerase chain reaction (QPCR) have
revealed that virus concentrations in raw sewage could be 2-3 logs greater than assumed by older
guideline values, on the order of 107 to 109 units per L (Gerba et al., 2017). However, as gPCR cannot
detect the difference between infective and non-infective genome copies, these higher concentrations
could overestimate the infective potential in raw sewage. Therefore, the older guideline values were
used for this study, and a triangular distribution was fit to the World Health Organization (2017a) values
(min 0, most likely 20,000, max 106 units/L).

Pathogen removal during secondary treatment

Studies which used uniform distributions to characterize Campylobacter removals reported LRVS
between 0.6-3 (Asano et al., 2007; Beaudequin et al., 2017; NRMMC-EPHC-AHMC, 2006; Soller et
al., 2017, 2018; US EPA, 2017; World Health Organization, 2016). (Ayuso-Gabella et al., 2011) used a
triangular distribution with min, most likely and max values of 1, 2 and 3.5 LRVS, citing the 1-3 LRVs
from the Australian guidelines (NRMMC-EPHC-AHMC, 2006). This study adopted the triangular
distribution of Ayuso-Gabella et al. (2011) but changed the minimum value to 0.6.
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Reported uniformly distributed Cryptosporidium removals ranged from 0.5 to 3.5 LRVs (Ander and
Forss, 2011; NRMMC-EPHC-AHMC, 2006). One triangular distribution was found: the Australian
reuse guidelines provide a range of 0.5 to 1 LRV (NRMMC-EPHC-AHMC, 2006), which was adapted
into a triangular distribution with min, most likely and max values of 0.5, 1.0 and 1.5 (Ayuso-Gabella
etal., 2011). Two studies used normal distributions with (2.1, 0.78) (Amoueyan et al., 2019; Chaudhry
et al., 2017), citing prior work (Ottoson et al., 2006). This study adopted the triangular distribution of
(Ayuso-Gabella et al., 2011) which provides a more conservative removal estimate.

Reported uniformly distributed norovirus removals in the literature ranged from 0 to 4 LRVs (Mok et
al., 2014). Australian guidelines give an estimate of 0.5 to 2 LRVs of enteric viruses via secondary
treatment (NRMMC-EPHC-AHMC, 2006). Normal PDFs to describe norovirus removal during
secondary treatment were used in two studies: (Chaudhry et al., 2017) used (u=2.1, 6=0.78), while
(Amoueyan et al., 2019) used (u=1.2, 6=0.78), both citing (Lodder et al., 2005). This study adapted a
uniform distribution to the ambient removal range of phages reported in Karakurt-Fischer et al. (2021)
(0.5, 2) to better encompassthe removal range reported on site, and to take a wider range than the values
reported for human norovirus (0.8, 1). The 0.8-1 LRVs were later investigated through scenario analysis.

Pathogen removal during rapid sand filtration

Of three studies which gave LRVs of Campylobacter reduction during rapid sand filtration, two used
min/max values and one used a triangular distribution. Of the studies which used min/max values, 0.2-
1 LRVs (Hijnen and Medema, 2007) and 0.6 to 2.8 LRVs (Mohammed and Seidu, 2019) were found.
(Ayuso-Gabella et al., 2011) used a triangular distribution with 0, 0, and 0.5 as the minimum, most likely
and maximum parameters based on the Australian reuse guidelines (NRMMC-EPHC-AHMC, 2006),
which provided values for dual media filtration with coagulation. WHO guidelines recommend 0.2 to
4.4 LRVs for granular high rate filtration (World Health Organization, 2017b). Smeets et al. (2006)
provided minimum, average and maximum LRVs of 0.1, 0.6, and 1.5 for rapid sand filtration of bacteria
in a DWTP. Due to lack of studies on rapid sand filtration with wastewater, and overwhelming lack of
specification of operational parameters, although the LRVs in Mohammed and Seidu (2019) were
obtained in a DWTP, a uniform distribution was fit to their values (0.6, 2.8).

Cryptosporidium removal in rapid sand filtration ranged from 0 to 5.7 LRVs (Emelko, 2003; Smeets et
al., 2006). Studies which used min/max values found 0 to 2.3 LRVs (Hijnen and Medema, 2007), and
0.1to 0.7 LRVs (Mohammed and Seidu, 2019) for rapid sand filtration, and 4.7 to 5.7 LRVs for dual
media filtration (Emelko, 2003). WHO guidelines recommend 0.4 to 3.3 LRVs for granular high rate
filtration (World Health Organization, 2017b). Ayuso-Gabella et al. (2011) utilized a triangular
distribution (0, 0, 0.5) adapted to Australian guidelines, which actually recommended 1-5 to 2.5 LRVs
for dual media filtration with coagulation (NRMMC-EPHC-AHMC, 2006). Smeets et al. (2006)
provided minimum, average and maximum LRVs of 0, 2, and 3.1 for rapid sand filtration in a DWTP.
Due to lack of studies on rapid sand filtration with wastewater, this study used a triangular distribution
fit to the values of Smeets et al. (2006).

Norovirus removal in rapid sand filtration ranged from 0 to 3.8 LRVs. Studies which used min/max
values found 0.1 to 3.8 LRVs (Hijnen and Medema, 2007; Smeets et al., 2006) and 0.06 to 0.3 LRVs
(Mohammed and Seidu, 2019). WHO guidelines found 0 to 3.5 LRVs for granular high rate filtration
(World Health Organization, 2017b). This study adapted a uniform distribution to the ambient removal
range of human norovirus reported in Karakurt-Fischer et al. (2021) (0, 0.3) as this encompassed the
removal reported on site (and was wider than 0.2 LRVS).

Pathogen removal during SMARTplus
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Campylobacter removal during slow sand filtration ranged from 1.2 to 6 LRVs. WHO guidelines found
2 to 6 LRVs for slow sand filtration (no loading rates reported) (World Health Organization, 2017b),
while Hijnen and Medema (2007) and Smeets et al. (2006) reported LRVs of 1.2 to 4.8, which is a range
for bacteria compiled from many SSF studies and attributed to loading rates of 0.1-1 m/hr with a filter
bed depth of 0.5-1 m. This study will adapt a uniform distribution to the values from the WHO.

Cryptosporidium removal during slow sand filtration ranged from 0.3 to 6 LRVs. WHO guidelines found
0.3to >5 LRVs for slow sand filtration (no loading rates reported) (World Health Organization, 2017b),
while Hijnen and Medema, (2007) found 2.7 to >6.5 LRVs and Smeets et al. (2006) reported 0.3 to >6.5
LRVs, both of which are ranges of values from numerous studies. This study will adapt a uniform
distribution to the values from the WHO.

Ambient average removal of phages demonstrated in Karakurt-Fischer et al., (2021) (2.2, 3) were
adapted to a uniform distribution to characterize norovirus removal. The ambient average norovirus
removal reported (2.5, 2.7) was too narrow for the distribution, and was instead tested during the
scenario analysis.

Pathogen removal during UV disinfection

As the target fluence for adenovirus inactivation is 180 mJ/cm? (Sherchan et al., 2014), the UV
irradiation results summarized here will address studies which are closest to this target value. The WHO
Potable Reuse Guidelines recommend 6 LRVs for bacteria, viruses and protozoa through UV irradiation,
which was adapted as the maximum LRV for Campylobacter and Cryptosporidium (World Health
Organization, 2017a).

Reported Campylobacter LRVs ranged depending on the study and guideline, with many sources
providing LRVs at undisclosed fluences. The WHO Guidelines for Drinking Water Quality assign 4
LRVs for fluences between 0.65 to 230 mJ/cm? (World Health Organization, 2017b). However, the
WHO Potable Reuse Guidelines assign 6 LRVs and the Australian guidelines assign 2 to >4 LRVs, both
at undisclosed fluences (but assuming a standard irradiation dose of 40-60 mJ/m?) (NRMMC-EPHC-
AHMC, 2006; World Health Organization, 2017a). Other studies have reported 5.3 LRVs for bacteria
and bacterial spores already at low fluences of 0.5 to 6 mJ/cm? (Hijnen et al., 2006). Therefore, this
study adapted a uniform distribution from 4-6 LRVs to encompass the most updated guidelines and the
higher end of removal.

Reported Cryptosporidium LRVs likewise ranged depending on the chosen guidance document. The
WHO Guidelines for Drinking Water Quality assigned 4 LRVs for a fluence range from <1 to 60 mJ/cm?
(World Health Organization, 2017b), while the Potable Reuse Guidelines recommend 6 LRVs for an
undisclosed fluence (World Health Organization, 2017a). However, 4 LRVs have already been shown
at 22 mJ/cm? (Sherchan et al., 2014), therefore assigning only 4 LRVs is likely too conservative to
accurately describe removal (Chaudhry et al., 2017). Therefore, the removal used for this study was a
uniform distribution between 4 to 6 LRVs.

Reported norovirus LRVs for UV irradiation varied widely, with many studies describing irradiation
without stating the applied fluence. The WHO Guidelines for Drinking Water Quality specify 4 LRVs
for 7 to 186 mJ/cm? (World Health Organization, 2017b), which is also confirmed by the WHO Potable
Reuse Guidelines (World Health Organization, 2017a) and was based on the work of Sherchan et al.
(2014). This study will therefore adopt a uniform distribution of 3.9 to 4 for norovirus irradiation.

Pathogen removal through groundwater recharge

Removal rates or point estimates during groundwater recharge were difficult to obtain from literature,
due to varying hydraulic retention times and redox conditions in subsurface treatment systems. It is also
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important to note that the provided estimates are usually conservative, as pathogen recovery greatly
depends on the detection method used. The LRVs for groundwater recharge were modeled as the product
of residence time and pathogen decay, and were capped at a maximum of 4 LRVs, to provide a
conservative estimate for human health risk based on the assumed subsurface residence time of 50-120
days and decay rates reported for MS2 in Regnery et al. (2017). Pathogen decay rates are discussed
below. According to the most recent issue of the WHO Guidelines for Drinking Water Quality, bank
filtration can achieve 2 to >6 LRVs for bacteria, >1 to >2 LRVs for protozoa, and >2.1 to 8.3 LRV:s for
viruses (World Health Organization, 2017b).

Campylobacter subsurface pathogen decay rate in a sandy aquifer was described using a triangular
distribution (0.02, 0.08, 1.5, log10 d*) (Ayuso-Gabella et al., 2011). Page et al. (2010b) used a point
value (5.6) to describe decay rate in log10 d* adapted from values reported in (NRMMC-EPHC—
AHMC, 2006). To include more variability in the assessment, this study used the triangular distribution
from Ayuso-Gabella et al. (2011).

Cryptosporidium removals in subsurface treatment varied. The lowest decay values were used by Sidhu
et al. (2010) and Ayuso-Gabella et al. (2011) with a normal mean and a normal standard deviation of
0.012 log10 d* and 0.003 log10 d*. Toze et al. (2010) reported an average decay rate of 0.0254 log10
d, and when using a broken stick model, described decay from days 0-12 as 0.0824 log10 d* and from
days 12-40 with 0.0682 log10 d*. Sidhu and Toze (2012) found point values ranging from 0.025 to
0.032 log10 d*. This study adapted a uniform distribution to the values reported in Toze et al. (2010)
(0.025, 0.082).

Norovirus decay during subsurface treatment was not found, therefore studies from MS2 bacteriophage
decay were substituted instead, although utilizing MS2 removal as norovirus removal could
overestimate norovirus removal (Regnery et al., 2017; Shirasaki et al., 2010). MS2 decay was calculated
to be 0.093-0.174 log10 d* (Sidhu and Toze, 2012), although higher removals of MS2 are seen in the
unsaturated zone, as MS2 is extremely hydrophobic and interacts with the air-water interface (Jin et al.,
2000) and therefore does not reach the saturated zone. Despite these limitations, MS2 has been shown
to be an acceptable surrogate for norovirus in groundwater (Bae and Schwab, 2008). This study adapted
a uniform distribution for the rates reported by Sidhu and Toze (2012).

Pathogen removal during aeration and dual media filtration

As the operation of filtration within conventional drinking water treatment varies based on factors such
as source water and national/state regulations, studies performing only aeration and filtration were not
found. Therefore, literature data on dual media filtration (without coagulation) was selected for this
treatment step.

Removal of pathogens in dual media filtration was credited with 0 to 1 LRVs for Campylobacter, 1.5 to
2.5 LRVs for Cryptosporidium, and 0.5-2 LRVs for norovirus in the Australian guidelines (NRMMC-
EPHC-NHMR, 2008). The U.S. Surface Water Treatment Rule credits conventional filtration with > 2
LRVs for Cryptosporidium and 2 LRVs for viruses (US EPA, 2005). The Australian ranges were
adapted to a uniform distribution for each pathogen to provide more variability in the assessment..

11.3.2 Selection of dose-response models
Campylobacter

The first model tested for Campylobacter was the beta Poisson model of Medema et al. (1996), applied
to adults, with Equation 11-1 adapted from World Health Organization (2016),

144



Supplementary Information

N\~ ¢ Equation 11-1
Pins = 1_<1+E)

where a =0.145 and B =7.59 are model parameters and N is the number of ingested organisms.

The same model was updated by Teunis et al. (2005) by combining observations of illnesses from two
outbreak cases and updating the parameter values (¢=0.024, B=0.011). This equation and parameters are
recommended for a mixed population (World Health Organization, 2016) and this model was therefore
tested as an alternative model.

Cryptosporidium

The prevalence of dose response models for Cryptosporidium in the literature ranged widely: the Center
for Advancing Microbial Risk Assessment (CAMRA) lists beta Poisson as the recommended dose-
response model (CAMRA, 2020), the U.S. Environmental Protection Agency uses an exponential model
(US EPA, 2006), and a recent study by Messner and Berger (2016) showed that exponential with
immunity, beta Poisson and fractional Poisson were the best choices, according to their deviance
information criterion (DIC). As the difference in DIC for the latter three models was <3 and evaluating
the beta Poisson model was computationally intensive, the authors chose to test the simpler fractional
Poisson and the exponential models from Messner and Berger (2016). The fractional Poisson is the
upper bound on risk, whereas the exponential model is the lowest risk dose-response model. It is worth
noting that mechanistic assumptions of immunity among experimental dose-response subjects is
controversial on biological grounds (Schmidt and Chappell, 2016).

The first dose-response model evaluated was the exponential model depicted in Equation 11-2,

Py =P(1— e D Equation 11-2
where D is the pathogen dose, P = 0.737 is the fraction of hosts perfectly susceptible to infection, and r
=0.0022 is the probability of an oocyst initiating infection (Messner and Berger, 2016).

Additionally, the fractional Poisson model in Equation 3, which is considered to be an even more
conservative model as it assumes all oocysts are capable of causing an infection and covers lower doses
better than the exponential with immunity model, was also evaluated,

Pins = P(l — e—D) Equation 11-3
where P=0.737. The fractional Poisson model is a special case of the exponential with immunity model,
and when r approaches 1, the models will be the same.

Norovirus

The first model tested was the approximated fractional Poisson dose-response model (Messner et al.,
2014) depicted in Equation 11-4,
_d Equation 11-4
Ppg=P+x(1—e V)

where P = 0.722 represents the maximum likelihood estimate of fraction of perfectly susceptible
individuals, and p = 1106 represents the estimate of the mean aggregate size (Messner et al., 2014).
This model uses pooled data from numerous studies investigating both GI.1 and GIl.4 norovirus
genotypes.

The majority of published QMRAs use the 1F1 hypergeometric model of Teunis et al. (2008), which
predicts high risks at low doses (Van Abel et al., 2017). This model was developed via a challenge study
and the hypergeometric distribution has previously been applied in the assessment of water reuse
scenarios (Soller et al., 2017; Symonds et al., 2014). However, when a << 3 and B >> 1 (Teunis and
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Havelaar, 2000), a beta Poisson approximation can be used for the hypergeometric model for
computational simplicity Van Abel et al. (2017), and was the second model tested in this study. The beta
Poisson approximation shows the same linear behavior at low doses as the hypergeometric model, and
as the discrepancy between the model results is low (Teunis et al., 1999), the parameter values calculated
for the disaggregated distribution using maximum likelihood estimates using both the 8flla and 8fllb
strains from Teunis et al. (2008) in Van Abel et al. (2017) were used (0=0.104, 3=32.3). Although Van
Abel et al. (2017) suggests modeling an aggregated and disaggregated model when aggregation state of
the water is unknown, this disaggregated approximate beta Poisson model provided a slightly more
conservative estimate of risk at low concentrations (1-~100 genomic equivalent copies/L) than the most
conservative aggregated fractional Poisson model. As use of the aggregated model requires either a
mechanistic or empirical approach to norovirus dose-response, and studies are inconclusive about which
approach is more suitable under which conditions, the disaggregated model was ultimately settled on.
The utilized approximate beta Poisson equation is depicted in Equation 11-5.

dose}]_“ Equation 11-5

Py =1-[1 4+

where f =32.3 and 0. =0.104 (Van Abel et al., 2017).

11.3.3 Sensitivity tornado plots

Norovirus Norovirus
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Figure 11-2: Tornado plot showing the range of norovirus DALYs achieved when minimum and maximum values of each node
are used in the normal network (a) and correlation network (b).
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Campylobacter Campylobacter
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Figure 11-3: Tornado plot showing the range of Campylobacter DALYs achieved when minimum and maximum values of each
node are used in the normal network (a) and correlation network (b).

11.3.4 Comparison between BN and Monte Carlo analysis

Probabili

o 5. 73 b7 A a 47 S 7 i 5 S o 8 3 38 3
i u u u u u u u u u u u u S 8 s 3
= 2 o
% o
o
DALYs personyear-
~Norovirus - Campylobacter - Cryptosporidium - --Guideline DALY value
- =Norovirus MC = =Campylobacter MC = = Cryptosporidium MC

147



Supplementary Information

Figure 11-4: CDFs of DALYs generated by the Bayesian network and a Monte Carlo simulation, both run for n=10,000
samples.

To determine plausibility of the BN, a Monte Carlo simulation was conducted as a confidence check.
For comparison of the BN and the Monte Carlo simulation, the mean absolute error (MAE) between the
CDFs of both models was calculated. Although the difference between MC and BN results widened as
MAR residence time increased to 115-120 days, the BN was always more conservative at the higher
percentiles (i.e. 95™). MAE was small for all 3 pathogens (norovirus = 3 * 10, Cryptosporidium 2 *
108, and Campylobacter 5 * 10'1%).
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11.4.1 Experimental setup and properties

11.4,1.1GAC properties

Table 11-5: Configurations and properties of BAC filter and RSSCT column.

BAC RSSCT

Particle size, mm 1.2 0.15

Column inner 2, mm 71 10
Cross sectional area, cm? 39.6 0.785

Bed length, cm 23 2.9

Bed volume, cm?® 910 2.26
Hydraulic loading rate (HLR), m/h  3.41 27.3
Flowrate mL/min 225 35.7

EBCT, s 243 3.79

Scaling factor -- 8

Carbon used was Chemviron Cyclecarb 401, with a bed density of 450 kg/m?®. GAC for the BAC filter
was initially flushed in tap water to dispel oxygen sorbed onto the material prior to loading into filter,
with flush water and particles discarded until flush water ran clear.

11.4.2 Particle size analysis

11.4.2.1Imaging

A particle size analysis was carried out using static image analysis technique to determine the GMD of
the virgin Cyclecarb 401. The principle of static image analysis is to take a picture of particles and to
determine their size by processing the picture.

Pictures were taken with an EOS 100D camera (Canon, Japan) in raw format (*.CR2). Approximately
1,078 particles were analyzed in four batches. The particles were spread, without touching, on a blurred
surface, and lit from below with a halogen lamp, resulting in a uniformly bright background behind the
GAC particles. The camera was fixed at minimum focus distance to maximize the resolution of the GAC
particles in the picture, and picture taking command is sent via an external intervalometer to prevent
shaking. A ruler was added on the same plane as the particles for scale.

Pictures were analyzed with ImageJ (ImageJ 1.51i, National Institutes of Health, USA), according to a
protocol for particle sizing (“Particle Analysis Using ImageJ,” n.d.). Each CR2 image was loaded with
the DCRaw Reader plugin, pixel units were converted into metric units using the scale, the image was
converted to 8-bit grayscale and then to black and white by selecting the right threshold, which makes
the GAC particles appear black and the background appear white. Finally, the integrated Analyze
Particles tool was used to delineate each particle and to calculate its area in metric units. Calculated
areas were reported in mm2 to an excel sheet.

As GAC nparticles are not round, this should be considered in the calculations. To attribute a
representative diameter to each particle, the projected area diameter, which is the diameter of a disc with
the same projected area as the particle, was adopted, as it is easier to compute and it converges to a
statistically significant measurement faster (Fan and Zhu, 1998). However, this method could have
introduced bias as the GAC particles were not randomly oriented but laid flat, therefore this assumption
may have overestimated the true diameter.

11.4.2 2Calculations
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To derive the scaling factor, a unique representative particle diameter is required for both the virgin and
crushed GAC. The geometric mean diameter (GMD) was used as a representative particle diameter
(Chowdhury et al., 2013), as it is more robust to outliers in comparison to the arithmetic mean. GMD
was calculated using equation S1, with the following equation,

1
GMD = (H?=1 d;)n Equation S1
with d; representing the diameters of a set of particles, and n the number of particles.

For the RSSCT particles, virgin carbon was first crushed with a mortar and pestle and then sieved. The
diameter was estimated using equation S2, with d; and d; ., ; representing the diameter of two sieve sizes
used (Baker and Herrman, 2002). Sizes used were a 125 um sieve and a 180 um sieve (DIN-1SO 3310-
1 200x50mm, Retsch GmbH, Germany) and what was collected between them corresponded to a mean
particle size of 150 pm.

GMD = /d;*d;;1 Equation S2

Table 11-6: Dimensionless parameters and equations used to size RSSCT columns.

Number Description Equation Reference
s2.1 Solid material density T Y (Worch, 2012)
wet pW
. . my
S2.2 Particle density Pp = (Worch, 2012)
Vwept
S2.3 Intraparticle porosity gp=1— p—p (Worch, 2012)
m
. . p
S2.4 Apparent particle density PP =7 bs (Worch, 2012)
— &
Pore solute distribution parameter, _90Pp (Worch, 2012)
S2.5 D Dy =
g Coép
e Ed (Crittenden et al
S2.6 Pore diffusion modulus, Ed _ Dy(EBCT * &)(1 — €)g, 2012) "
— R%¢
e DsDg(EBCT * ) (Crittenden et al.,
S2.7 Surface diffusion modulus, Ed Ed = 7 2012)
S2.8 Capacity factor, Cp Cr = qu: (Harada, 2014)
0
Lv (Crittenden et al.,
S2.9 Peclet number, Pe Pe = = 2012)
ke(1 —€)(EBCT &)  (Crittenden et al.,
S2.10 Stanton number, St St = R 2012)
. _ ( dpBac \ _ Vrsscr
S2.11 Scaling factor SF = = (Worch, 2012)
dp,RSSCT UBAc
h
S2.12 Empty bed contact time EBCT = 7 (Worch, 2012)
. . HLR
S2.13 Average linear velocity v=—— (Worch, 2012)
t=0c0 b
C 1 ¢ d
S2.14 Integral mass balance oV ( B (;_0> t (Worch, 2012)
t=0
= qoMy
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Where pp denotes apparent particle density, p,, denotes solid material density, p,, is the density of
water, V.. is the volume of wet carbon, &, denotes intraparticle porosity, &, denotes bulk porosity, D,
denotes the pore diffusion coefficient, D, denotes the pore solute distribution parameter, ¢ denotes fluid
residence time in the adsorber, D, denotes surface diffusion coefficient, Cr denotes the capacity factor,
qo denotes solid phase equilibrium concentration, C, denotes influent phase concentration, e denotes
bed porosity, h denotes the bed length, v denotes average linear velocity, D, denotes the longitudinal
dispersion coefficient, k denotes the film mass transfer coefficient, d,, denotes particle diameter, v

denotes average linear velocity, SC denotes RSSCT column and LC denotes BAC column, V is the
volumetric flow rate, R is the radius of the adsorbent particle, V, is filter velocity, h is adsorber height,
HLR is the hydraulic loading rate, and E is the dispersion coefficient.

Note that the scaling factor calculated for the design of the RSSCTs was calculated from the data
available at the time, where the GAC filter had an average flowrate of 225 mL/min (EBCT = 243 s,
HLR = 3.41 m/h) and had only seen ~15,000 BVT. In the paper, the results of the RSSCTs are compared
with experimental results of the GAC filter through ~40,000 BVT.

11.4.3 Chemical parameters and fouling correction

Molecular descriptors for calculating the molar volume at normal boiling point were calculated using
SMILES downloaded from internet available locations in .smi format, converted to MDL SFD format
by OpenBabel 2.4.1., then input into PaDEL-Descriptor (PaDEL-Descriptor 2.21, National University
of Singapore, Singapore).

PaDEL computed values included the following: McGowan’s characteristic volume (V), overall
hydrogen bond acidity (A), overall hydrogen bond basicity (B), combined dipolarity/polarizability (S),
and excess molar refraction (E). Equations used were S3 and S4.

Y =0.165* PC1 + 0.883 Equation S3
PC1=-0612%5—-0.247«*A—0370*B —0.341*V — 0.558 % F Equation S4

Equations used to calculate the compound specific descriptors can be found in (Reinert, 2013).
Carbamazepine and benzotriazole SMILES files were downloaded from Zinc database
(http://zinc.docking.org/) in SDF format, and directly put into PaDEL.
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Table 11-7: Desired spiking concentrations of chemicals into BAC filter and RSSCT column for PSDM model. These concentrations were used as influent
concentrations in AdDesignS™.

Target influent Average influent BAC Average influent RSSCT

CAS registry Molecular weight

Compound concentration concentration (mg/L concentration (mg/L

P number (g/mo)] (ng/L) n=11-14( o n=18 ot
Antipyrine 60-80-0 188 500 4.53 e-4 521e-4
Atenolol 29122-68-7 266 500 4.48 e-4 5.46 e-4
Benzotriazole Not spiked 119 Not spiked 3.84e-3 5.33e-3

Caffeine 58-08-2 194 2000 Not assessed Not assessed
Carbamazepine Not spiked 236 Not spiked 4.30 e-4 4.02 e-4
Citalopram 59729-32-7 324 500 497 e-4 6.28 e-4
Climbazole 38083-17-9 293 100 1.22 e-4 1.46 e-4
Diclofenac 15307-79-6 296 500 1.35e-3 1.42 e-3
Erythromycin 114-07-8 734 500 Not assessed Not assessed

Gabapentin 60142-96-3 171 500 1.26 -3 1.09e-3
lopromide 73334-07-3 791 2000 1.03e-3 1.07 e-4
Metoprolol 37350-58-6 267 500 3.88 e-4 3.88¢e-4
Phenytoin 57-41-0 252 100 6.1e-5 75e5
Primidone 125-33-7 218 500 3.49e-4 345e-4
Sulfamethoxazole 723-46-6 253 500 4.13 e-4 5.66 e-4
Tramadol 27203-92-5 263 500 6.98 e-4 7.55¢-4
Trimethoprim 738-70-5 290 500 4.04 e-4 23le4
Venlafaxine 93413-69-5 277 500 7.06 e-4 9.69 e-4
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Table 11-8: Structural properties of TOrCs used to calculate molar volume at normal boiling point.

McGowan Hydrogen Hydrogen Dipolarity Excess . .
. . Fouling Fouling
TOrC molecular bonjd_lng bon_dl_ng _or B mole_lr PC1  factor index MV @ NBP
volume acidity basicity Polarizability fraction v . (cm3/mol)
\ A B S E
Antipyrine 1.48 0.00 0.25 1.00 1.01 -1.78 0.59 341 198.45
Atenolol 2.18 0.55 1.74 1.88 1.35 -342 0.32 1.94 347.72
Benzotriazole 1.81 0.46 0.63 1.45 1.76 -283 042 2.37 261.31
Carbamazepine 0.86 0.20 0.44 1.16 1.40 -2.00  0.55 3.16 177.58
Caffeine 1.36 0.00 1.31 1.00 1.59 -245 048 2.71 192.01
Citalopram 2.53 0.00 131 1.99 1.65 -348 031 1.90 345.97
Climbazole 2.19 0.00 1.24 1.85 1.35 -3.09 0.37 2.17 290.04
Diclofenac 2.02 0.59 1.34 2.10 2.06 -3.77  0.26 1.72 302.49
Erythromycin 5.77 0.41 4.71 3.54 1.87 -7.02  -0.28 0.56 244.60
Gabapentin 1.44 0.77 0.92 0.83 0.53 -182  0.58 3.35 195.40
lopromide 3.82 1.08 3.21 4.84 4.15 -8.04 -0.44 0.40 476.31
Metoprolol 2.26 0.10 1.43 1.17 1.03 -2.62 045 2.56 353.56
Phenytoin 1.87 1.17 1.05 1.06 2.10 -3.13  0.37 2.14 251.78
Primidone 1.68 1.21 1.46 1.90 1.53 -342 0.32 1.94 229.11
Sulfamethoxazole 1.72 0.61 1.17 2.73 1.82 -3.86 0.25 1.67 353.73
Tramadol 2.23 0.35 1.49 1.32 1.14 -284 041 2.37 302.27
Trimethoprim 2.18 0.50 1.32 3.57 2.42 -489  0.08 1.17 299.60
Venlafaxine 2.37 0.35 1.36 1.32 1.14 -284 041 2.37 332.03
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11.4.4 AdDesignS™ modeling parameters

Table 11-9: PSDM input parameters.

Type Parameter RSSCT BAC
Water Temperature (°C) 15 15
properties Pressure (atm) 1 1
Bed length (m) 0.029 0.23
Fixed bed Bed diameter (m) 0.01 0.071
properties Bed mass (g) 1.016 410
Flowrate (mL/min) 36 192
Apparent particle density 1250 1250
(kg/m?3)
Adsorbe_nt Particle radius (m) 7.5e-5 6 e-4
properties - )
Intraparticle porosity (-) 0.81 0.81
Particle shape factor (-) 1 1
Molar volume at NBP TOrC dependent TOrC dependent
(cm3/mol)
. . Same as for influent ~ Same as for influent
Initial concentration . .
concentration concentration
(;??;)e(;:zzt Freimdlich /I\( TO(r:(;I?l;agiinodnent. TOrC depe:ndent.
(mg/g)*(L/mg)™(1/n) parameter See Equation 25
Freundlich 1/n (-) 1 1
Tortuosity (-) 1 1.81
SPDFR (-) 0 0
Total run time 42 hours 155 days
First point displayed 0 hour 0 day
Time step 1 hour 1 day
Simulation Number of axial elements 10-12 10-12
parameters Number of collocation points in 8 8
the axial direction
Number of collocation points in 5 5
the radial direction
Input file Influent concentration TOrC dependent TOrC dependent
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Table 11-10: AdDesignS™ governing equations for TOrC-specific kinetic parameters.

Pore diffusion coefficient D, cm?/s D, = ﬁ
T
e - _ 1326%107°
Liquid diffusion coefficient D, = W
m,NBP
. .. (1+1.5(1—-¢)Dy 11
Film mass transfer coefficient kf, cm/s ky = p 2+ 0.644 Rez2 Sc3]
p
Surface diffusion coefficient D¢, cm?/s Dg = SPDFR + f(Dy)

Tortuosity (when run time >70 days),

= 0.334 4+ 0.009518 = ¢t
calculated by AdDesignS™ ‘ op

Where u is the liquid viscosity, V is the molar volume at the normal boiling point, 7 is tortuosity (set to
1 when run length <70 days), t,, is time of operation in days, Re = (d, * V;,)/(ev) and Sc = v/Dy,
for which v is kinematic viscosity.

11.4.5 Root mean squared error calculation (RMSE)

To quantify the fit between PSDM simulated values and experimental data, the root mean squared error
was used. The lowest RMSE is associated with the K value for the model which most closely fits to the
adjusted RSSCT breakthrough (Jachner and Petzoldt, 2007).

2
N (YiRSSCT_YiPSDM)

RMSE = \/ =1 Equation S5

n

In the RMSE equation, Y = Ci and n is equal to the number of RSSCT breakthrough points. A Krssct
0

value was first estimated for each compound from the RSSCT experimental data (not adjusted, using
days instead of BVTs due to program requirements), then used to calculate PSDM model values. The
Krssct value was iteratively refined by running a Matlab script to find the K value with the lowest
corresponding RMSE.
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Table 11-11: Comparison of adsorption removal with prior literature.

Sorption Sorption
TOrC prediction potential in Characteristics of literature studies Sources
this study literature
EBCT higher (17 — 120 min) . . .
Atenolol Good Good Lower DOC (3.8 - 7.3 mg/L) (Reungoat ef\/%l’lezroeltlélzozlgig;aéd;llIlzgoﬂ'étz ;)|18é082u(;1)et al., 2018;
Mostly WWTP effluent "’ ' B
. . (Snyder et al., 2007; Rossner et al., 2009; Reungoat et al., 2011;
Trimethoprim Good Good Egocc-;rC;?ig%:&lm;nfi?gz;g%? Chowdhury et al., 2013; Kennedy et al., 2015; Greenstein et al., 2018;
: ' Shardella et al., 2018; Sun et al., 2018; Miller et al., 2019a; Guillossou et
Surface water, WWTP effluent al., 2020)
EBCT higher (30 — 120 min)
Metoprolol Good Good Lower DOC (3.8 — 6.6 mg/L) (Reungoat et al., 2011; Sbardella et al., 2018; Mller et al., 2019a)
WWTP effluent
EBCT higher (17 — 45 min)
Citalopram Good Good Similar DOC (4.7 — 6.6 mg/L) (Reungoat et al., 2012; Muller et al., 2019a)
WWTP effluent
EBCT higher (15 min — 54 days)
Benzotriazole Good Good Slmllqr DOC (4.6 - 6.6 mg/L) (Sperlich et al., 2017; Muller et al., 2019a; Piai et al., 2020)
Drinking water, groundwater,
demineralized water, WWTP effluent
EBCT higher (30 — 120 mins)
Good Lower/similar DOC (3.8 — 7.2 mg/L) (Gerrity et al., 2011; Reungoat et al., 2011; Muller et al., 2019a)
Phenytoin Moderate W.WTP effluent .
EBCT higher (17 — 45 mins)
Poor Similar DOC (5.8 — 6.6 mg/L) (Reungoat et al., 2012)
WWTP effluent
Venlafaxine Moderate Good E(?VC\;; g%hcer(gg __ é260mn;|/rl1_)) (Reungoat et al., 2011, 2012; Shardella et al., 2018)
EBCT higher (7 — 30 min)
Moderate Lower DOC (1.7 — 4.6 mg/L) (Chowdhury et al., 2013; Kennedy et al., 2015; Sperlich et al., 2017)
Surface water, drinking water, groundwater
Carbamazepine Moderate . .
Poor EBCT&:&ZES%%%T; 537'767”]3":“;]/1\)/\’%'(5) (Snyder et al., 2007; Rossner et al., 2009; Reungoat et al., 2011; Shardella
' ' et al., 2018; Sun et al., 2018; Muller et al., 2019a; Guillossou et al., 2020)
WWTP effluent, surface water
Primidone Moderate EBCT higher (15 & 30 min)

(Sperlich et al., 2017; Sun et al., 2018)
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Moderate-
Poor

Lower DOC (4.6 mg/L)
WWTP effluent, drinking water,
groundwater

Moderate

EBCT higher (24 min)
Similar DOC (5.8 £ 1.1mg/L)
Used effluent of same WWTP

( Mdller et al., 2019a)

Diclofenac

Moderate-
Poor

Good

EBCT higher (7 min — 54 days)
Lower DOC (1.7 — 6.6 mg/L)
Surface water, WWTP effluent, drinking
water

(Snyder et al., 2007; Reungoat et al., 2011; Kennedy et al., 2015; Sun et

al., 2018; Miiller et al., 2019a; Piai et al., 2020)

Moderate-poor

EBCT higher (7.6 min — 3 weeks)
Lower DOC (2.5 mg/L)
Surface water

(Snyder et al., 2007; Rossner et al., 2009; Chowdhury et al., 2013)

Climbazole

Moderate

No studies found

Tramadol

Moderate

Good

EBCT higher (17 — 120 min)
Lower DOC (3.8 — 6.9) mg/L
WWTP effluent

(Reungoat et al., 2011, 2012; Miiller et al., 2019a)

Gabapentin

Poor

Poor

EBCT higher (15 — 30 min)
Similar DOC (4.7 — 6.6 mg/L)
WWTP effluent, drinking water,
groundwater

(Sperlich et al., 2017; Miller et al., 2019a)

Antipyrine

Poor

Good

EBCT higher (23 min)
Lower DOC (4.2 mg/L)
WWTP effluent

(Sun et al., 2018)

lopromide

Poor

Moderate-poor

EBCT higher (7 min — 54 days)
Lower DOC (2.5 - 6.6 mg/L)
Surface water, WWTP effluent, drinking
water

(Snyder et al., 2007; Rossner et al., 2009; Chowdhury et al., 2013;
Kennedy et al., 2015; Mdller et al., 2019a; Piai et al., 2020)

Sulfamethoxazole

Poor

Good

EBCT higher (17 — 50 min)
Lower DOC (3.8 — 4.6 mg/L)
WWTP effluent

(Reungoat et al., 2011; Sbardella et al., 2018; Sun et al., 2018)

Good-
moderate

EBCT higher (24 min)
Similar DOC (5.8 £ 1.1mg/L)
Used effluent of same WWTP

(Mdller et al., 2019a)

Moderate-poor

EBCT higher (7 min — 3 weeks)
DOC variable (1.7 — 6.6 mg/L)
Surface water, WWTP effluent

(Snyder et al., 2007; Rossner et al., 2009; Reungoat et al., 2012;
Chowdhury et al., 2013; Kennedy et al., 2015; Greenstein et al., 2018;
Shardella et al., 2018)
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This supplementary information for this manuscript consists of 2 items: an Excel database, which is not
attached but provided thorough the DOI link, and the following graphs depicting correlations between
parameters and TOrC removal.
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1. Correlations between ADOC and TOrC removal
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2. Correlations between HRT and TOrC removal
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Diclofenac
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3. Correlations between filter material and TOrC removal

Acesulfame Benzotriazole
p=0.016 p =0.001
1.00 1.00
T 075 - 075 Source
0T° Source 0T° : Filter et al 2017
o ] Hellauer et al 2017
! e ot ® Hellaver et al 2019
= 050 ® Hermes et al 2019 050 ® Hermes et al 2019
© = © @ Muller et al 2017
> @ Miller et al 2017 > 2 o
o @ Schaper et al. 2018 o @ Miller et al 2019 - Investigating
£ ® Siooictaisoe £ © Maller et al 2019 EBCT
2 025 P : S 405 © Schaper et al. 2018
@ Schaper et al. 2019
0.00 0.00
N=8 N=8 N=14 N=12
natural technical natural technical
Material Material
Cetirizine Citalopram
p =0.052 p = 0.062
1.00 1.00
——
_._
T 075 T 075
o|l& o8 Source
| Source I ® Hermes et al 2019
= 050 = 050 ® Mller et al 2017
o : nﬁ'ﬂ;‘f :teat'azl(ﬁ(glgop Y @ Muller et al 2019 - Investigating
o) o ® Muller et al 2019 EBCT
1= £ © Rattier et al 2014
2 025 ® 025
0.00 0.00
N=2 N=7 N=2 N=15
natural . technical natural technical
Material Material
Climbazole Dichlorprop
1.00 e q:
T 075 ~ 075
ol& Source o|§
& - ® Hermes et al 2019 i Source
— . @ Muller et al 2017 i
g ® Muller et al 2019 - Investigating T>\! ® : :gppe:]lg::: :: :: %g}g
2 © Muller et al 2019 EBCT 3 ppe
) £
= 025 2 S 025
0.00
= 0.00
IS N=15
technical T
Material natura
Material

175



Supplementary Information

c

removal 1—— (-)
Co

o o

3] ~

o (4]

o
N
o

0.00

c

removal 1—— (-)
Co

o °

o ~

o (4]

o
N
0

0.00

Diclofenac

p <0.001

N=28 N=32

natural technical
Material

Gabapentin

p=0294

N=16 N=15

natural technical
Material

Gemfibrozil

Source

Banzhaf et al 2012

Filter et al 2017

Hellauer et al 2019
Hermes et al 2019
Hoppe-Jones et al 2010
Laws et al 2011

Maeng et al 2011

Mdller et al 2017

Muller et al 2019 - Investigating
Mdller et al 2019 EBCT
Onesios et al 2011

Rattier et al 2014
Rauch-Williams et al 2010
Rauch -Williams et al 2010
Regnery et al 2015
Regnery et al 2016a
Schaper et al. 2018
Schaper et al. 2019
Zearley, Summers 2012

]
o
c
=
Q
@

Burke et al 2018

Filter et al 2017
Hellauer et al 2017
Hellauer et al 2019
Hermes et al 2019
Mdller et al 2017
Maller et al 2019 - Investigating
Miiller et al 2019 EBCT
Onesios et al 2011
Schaper et al. 2018
Schaper et al. 2019

c

removal 1—— (-)
Co

o o

o ~

o ()]

o
)
0

0.00

p = 0.002

N=35 N=23

Source

Alidina et al 2014

Amy et al 2007
Hoppe-Jones et al 2010
Hoppe-Jones et al 2012
Laws et al 2011

Maeng et al 2011

Onesios et al 2011

Rattier et al 2014
Rauch-Williams et al 2010
Rauch -Williams et al 2010
Regnery et al 2015
Regnery et al 2016a
Zearley, Summers 2012

natural _technical
Material

c

Source

© Hermes et al 2019
@ Mdller et al 2019 IOP
@ Regnery et al 2016a
© Teerlink et al 2012

Diphenhydramine
p=0.108
1.00 —a—
T 075
o|l&
|
= 050
©
>
o
=
2 025
0.00
N=2 N=15
natural technical
Material

Gabapentin Lactam

176

p =0.028
1.00
T 075 ®
IS Source
| © Burke et al 2018
= 050 ©® Hellauer et al 2017
[ ® Hermes et al 2019
o o @® Miiller et al 2019 IOP
£ © Schaper et al. 2019
2 o025
o
0.00
N=7 N=7
natural . technical
Material
Ibuprofen
p=0.169
1.00
Source
R © Alidina et al 2014
T 075 o ® Amy et al 2007
o|& @ Hoppe-Jones et al 2010
1 ® ©® Hoppe-Jones et al 2012
- ® Laws etal 2011
© 0.50 ® Maeng et al 2011
> ) @ Onesios et al 2011
g ® Rattier et al 2014
@ ® Rauch-Williams et al 2010
= 025 © Rauch -Williams et al 2010
© Wiltetal 2017
@ Zearley, Summers 2012
‘ ]
0.00
N =31 N =20
natural _technicat
Material



Supplementary Information

lopromide Ketoprofen
p =0.051 p = 0.505
1.00 @ _‘_ 1.00
€]
= 075 < 075
oTo - Source oT° Source
|° : ﬂ:ﬁ:‘:;‘;‘zz&? |° © Hoppe-Jones et al 2012
— -— ® Maeng et al 2011
0.50 ® Lawsetal 2011 0.50 (
w ® Miller et al 2019 IOP T @ Onesios et al 2011
> : > ® Rattier et al 2014
o @ Rattier et al 2014 ) e
@ Rauch-Williams et al 2010
3 @ Schaper et al. 2019 1S @® Rauch -Will t 2l 2010
® 25 © Zearley, Summers 2012 ® o5 AuchzCTams aLal
e )
0.00 0.00 @ @
N=5 N=12 N=14 N=18
natural _ technical natural technical
Material Material
Meprobamate Metoprolol
p =0.053 p=0.023
1.00 1.00
: Source
T 075 T 075 ® Burke etal 2018
ol ols © Hellauer et al 2019
|| < o Source || el @ Hermes et al 2019
— ' @® Miller et al 2017
< 050 : léawzeet ael‘zaol121016a % 0.50 @ Mller et al 2019 - Investigating
2 ® Toorinh ot 2012 S @ Muller et al 2019 EBCT
g g ® Rattier et al 2014
) o @ Schaper et al. 2018
= 025 = 025 @ Schaper et al. 2019
@ Wiltetal 2017
0.00 © $ 0.00
N=6 N=5 N=14 N=15
natural . technical natural technical
Material Material
Paracetamol Sulfamethoxazole
p=023 Source
1.00 1.00
‘ @ Alidina et al 2014
© Banzhaf et al 2012
" © Baumgarten et al. 2011
o 075 -~ 075 : Filter et al 2017
2 Q = Hellauer et al 2019
o |I s o|l& ® @ Hermes et al 2019
| ® Laws etal 2011
= 050 Source T 050 [ @ Miller et al 2017
[ @ Maeng et al 2011 Y ©® Muller et al 2019 - Investigating
2 2 2 ® Muller et al 2019 EBCT
£ £ © Rattier et al 2014
® o025 Q 025 © @ Regnery et al 2015
(] @ Regnery et al 2016a
@ Schaper et al. 2018
*:* @ Schaper et al. 2019
0.00 0.00 ® Teerlink et al 2012
[\rz 8 N=30 N=28 ® Zearley, Summers 2012
technical natural technical
Material Material

177



Supplementary Information

TCEP
p=0.1
1.00
L ]
&t 078 Source
o|l& ® Amy et al 2007
| o © Hoppe-Jones et al 2010
T 050 ® ® Laws etal 2011
© ® Rauch-Williams et al 2010
3 ® ® Rauch -Williams et al 2010
£ ® © Regnery et al 2016a
2 o025 ® Teerlink et al 2012
0.00 i
N=10 N =10
natural _technical
Material
Telmisartan
p =0.056
1.00
_._
3 0.75
ol&
| Source
T 0.50 © Hermes et al 2019
3 @ Muller et al 2019 IOP
£
2 o025
0.00
N=2 N=7
natural _ technical
Material
Valsartanic Acid
p=0.744
1.00
3 0.75
o|ls Source
| @ Burke etal 2018
= 050 ©® Hellauer et al 2017
g ® Hermes et al 2019
o ® Miller et al 2019 - Investigating
£ © Schaper et al. 2019
2 o025
0.00
N=7 N=5
natural ?echnical
Material

178

Cc

Cc

TCPP
p=0.295
1.00
3 0.75
|S Source
| © Hoppe-Jones et al 2010
~ 050 ® Rauch-Williams et al 2010
(>u ® Rauch -Williams et al 2010
o ® Regnery et al 2016a
£ ® Teerlink et al 2012
2 o025
0.00
N=6 N=10
natural _technical
Material
Valsartan
p=0.202
1.00
3 0.75
o|& Source
A ® Hermes et al 2019
5 0% © Mller et al 2019 IOP
> ® Rattier et al 2014
g © Schaper et al. 2019
2 o025
0.00
N=3 N=10
natural . technical
Material
Venlafaxine
p=0.1
1.00 — @
o 078 Source
| & @ Hellauer et al 2019
| ® ® Hermes et al 2019
T 050 @ Mller et al 2017
g @© Mdller et al 2019 - Investigating
o ® Rattier et al 2014
£ ® Schaper et al. 2018
2 o025 ® Schaper et al. 2019
[ ]
0.00 = =]
N=4 N=13
natural gechnical
Material



Supplementary Information

11.5.1 References used in the meta-analysis

Achten, C., Kolb, A., Puttmann, W., 2002. Occurrence of methyl tert-butyl ether (MTBE) in riverbank
fiftered water and drnking water produced by riverbank filtration. 2. Environ. Sci. Technol. 36 (17),
3662-3670. doi:10.1021/es011493q.

Alidina, M., Li, D., Drewes, J.E., 2014. Investigating the role for adaptation of the microbial community
to transform trace organic chemicals during managed aquifer recharge. Water Res. 56, 172-180.
https://doi.org/10.1016/j.watres.2014.02.046

Amy, G., Drewes, J., 2007. Soil Aquifer Treatment ( SAT ) as a Natural and Sustainable Wastewater
Reclamation / Reuse Technology : Fate of Wastewater Effluent Organic Matter (EfOM) and Trace
Organic Compounds. Environ. Monit. Assess. 129, 19-26. https://doi.org/10.1007/510661-006-9421-4

Baumgarten, B., Jahrig, J., Reemtsma, T., Jekel, M., 2011. Long term laboratory column experiments
to simulate bank filtration: Factors controlling removal of sulfamethoxazole. Water Res. 45, 211-220.
https://doi.org/10.1016/j.watres.2010.08.034

Banzhaf, S., Nodler, K., Licha, T., Krein, A., Scheytt, T., 2012. Redox-sensitivity and mobility of
selected pharmaceutical compounds in a low flow column experiment. The Science of the total
environment 438, 113-121. doi:10.1016/j.scitotenv.2012.08.041.

Burke, V., Schneider, L., Greskowiak, J., Baar, P., Sperlich, A., Dlnnbier, U., Massmann, G., 2018.
Trace Organic Removal during River Bank Filtration for Two Types of Sediment. Water 10 (12), 1736.
d0i:10.3390/w10121736.

de Wilt, A., He, Y., Sutton, N., Langenhoff, A., Rijnaarts, H., 2018. Sorption and biodegradation of six
pharmaceutically active compounds under four different redox conditions. Chemosphere 193, 811-819.
https://doi.org/10.1016/j.chemosphere.2017.11.084

Filter, J., Jekel, M., Ruhl, A.S., 2017. Impacts of Accumulated Particulate Organic Matter on Oxygen
Consumption and Organic Soil Aquifer Treatment. Water 9. https://doi.org/10.3390/w9050349

Greskowiak, J., Prommer, H., Massmann, G., Niitzmann, G., 2006. Modeling seasonal redox dynamics
and the corresponding fate of the pharmaceutical residue phenazone during artificial recharge of
groundwater. Environ. Sci. Technol. 40 (21), 6615-6621. doi:10.1021/es052506t.

Gruenheid, S., Huebner, U., Jekel, M., 2008. Impact of temperature on biodegradation of bulk and trace
organics during soil passage in an indirect reuse system. Water science and Technology : a journal of
the International Association on Water Pollution Research 57 (7), 987-994. d0i:10.2166/wst.2008.207.

Grinheid, S., Amy, G., Jekel, M., 2005. Removal of bulk dissolved organic carbon (DOC) and trace
organic compounds by bank filtration and artificial recharge. Water research 39 (14), 3219-3228.
doi:10.1016/j.watres.2005.05.030.

Hass, U., Duennbier, U., Massmann, G., 2012. Occurrence and distribution of psychoactive compounds
and their metabolites in the urban water cycle of Berlin (Germany). Water research 46 (18), 6013-6022.
d0i:10.1016/j.watres.2012.08.025.

Heberer, T., Massmann, G., Fanck, B., Taute, T., Dunnbier, U., 2008. Behaviour and redox sensitivity
of antimicrobial residues during bank filtration. Chemosphere 73 (4), 451-460.
doi:10.1016/j.chemosphere.2008.06.056.

179



Supplementary Information

Heberer, T., Mechlinski, A., Fanck, B., Knappe, A., Massmann, G., Pekdeger, A., Fritz, B., 2004. Field
Studies on the Fate and Transport of Pharmaceutical Residues in Bank Filtration. Groundwater
Monitoring & Remediation 24 (2), 70-77. doi:10.1111/j.1745-6592.2004.tb00714.x.

Hellauer, K., Martinez Mayerlen, S., Drewes, J.E., Hibner, U., 2019. Biotransformation of trace organic
chemicals in the presence of highly refractory dissolved organic carbon. Chemosphere 215, 33-39.
https://doi.org/10.1016/j.chemosphere.2018.09.166

Hellauer, K., Mergel, D., Ruhl, A.S., Filter, J., Hibner, U., Jekel, M., Drewes, J.E., 2017. Advancing
Sequential Managed Aquifer Recharge Technology (SMART) Using Different Intermediate Oxidation
Processes. Water 1-14. https://doi.org/10.3390/w9030221

Henzler, A.F., Greskowiak, J., Massmann, G., 2014. Modeling the fate of organic micropollutants during
river  bank filtration  (Berlin, Germany). J. Contam. Hydrol. 156, 78-92.
https://doi.org/10.1016/j.jconhyd.2013.10.005

Hermes, N., Jewell, K.S., Schulz, M., Miller, J., Hilbner, U., Wick, A., Drewes, J.E., Ternes, T.A., 2019.
Elucidation of removal processes in sequential biofiltration (SBF) and soil aquifer treatment (SAT) by
analysis of a broad range of trace organic chemicals (TOrCs) and their transformation products (TPs).
Water Res. 163, 114857. https://doi.org/10.1016/j.watres.2019.114857

Hoppe-Jones, C., Dickenson, E.R. V, Drewes, J.E., 2012. The role of microbial adaptation and
biodegradable dissolved organic carbon on the attenuation of trace organic chemicals during
groundwater recharge. Sci. Total Environ. 437, 137-144.
https://doi.org/10.1016/j.scitotenv.2012.08.009

Hoppe-Jones, C., Oldham, G., Drewes, J.E., 2010. Attenuation of total organic carbon and unregulated
trace organic chemicals in U.S. riverbank filtration systems. Water Res. 44, 4643-4659.
https://doi.org/10.1016/j.watres.2010.06.022

Laws, B. V., Dickenson, E.R. V, Johnson, T. a., Snyder, S. a., Drewes, J.E., 2011. Attenuation of
contaminants of emerging concern during surface-spreading aquifer recharge. Sci. Total Environ. 409,
1087-1094. https://doi.org/10.1016/j.scitotenv.2010.11.021

Li, D., Alidina, M., Drewes, J.E., 2014. Role of primary substrate composition on microbial community
structure and function and trace organic chemical attenuation in managed aquifer recharge systems.
Appl. Microbiol. Biotechnol. 98, 5747-5756. https://doi.org/10.1007/s00253-014-5677-8

Maeng, S.K., Ameda, E., Sharma, S.K., Gritzmacher, G., Amy, G.L., 2010. Organic micropollutant
removal from wastewater effluent-impacted drinking water sources during bank filtration and artificial
recharge. Water Res. 44, 4003-4014. https://doi.org/10.1016/j.watres.2010.03.035

Maeng, S.K., Sharma, S.K., Abel, C.D.T., Magic-Knezev, A., Amy, G.L., 2011. Role of biodegradation
in the removal of pharmaceutically active compounds with different bulk organic matter characteristics
through managed aquifer recharge: Batch and column studies. Water Res. 45, 4722-4736.
https://doi.org/10.1016/j.watres.2011.05.043

Miiller, J., Drewes, J.E., Hibner, U., 2019a. Investigating synergies in sequential biofiltration-based
hybrid systems for the enhanced removal of trace organic chemicals from wastewater treatment plant
effluents. Environ. Sci. Technol. Water Res. Technol. 5, 1423-1435.
https://doi.org/10.1039/c9ew00181f

180



Supplementary Information

Miiller, J., Drewes, J.E., Hibner, U., 2017. Sequential biofiltration — A novel approach for enhanced
biological removal of trace organic chemicals from wastewater treatment plant effluent. Water Res. 127,
127-138. https://doi.org/10.1016/j.watres.2017.10.009

Maller, J., Jewell, K.S., Schulz, M., Hermes, N., Ternes, T.A., Drewes, J.E., Hiibner, U., 2019b.
Capturing the oxic transformation of iopromide - A useful tool for an improved characterization of
predominant redox conditions and the removal of trace organic compounds in biofiltration systems?
Water Res. 152, 274-284. https://doi.org/10.1016/j.watres.2018.12.055

Mdiller, J., Levai, S., Titzschkau, L., Popovic, N., Carevic, D., Drewes, J.E., Hubner, U., 2019c. Role of
reduced empty bed contact times and pre-treatment by coagulation with Fe (111) salts on the removal of
trace organic compounds during sequential biofiltration. Sci. Total Enviroment 685, 220-228.
https://doi.org/10.1016/j.scitotenv.2019.05.361

Onesios, K.M., Bouwer, E.J., 2012. Biological removal of pharmaceuticals and personal care products
during laboratory soil aquifer treatment simulation with different primary substrate concentrations.
Water Res. 46, 2365-2375. https://doi.org/10.1016/j.watres.2012.02.001

Rattier, M., Reungoat, J., Keller, J., Gernjak, W., 2014. Removal of micropollutants during tertiary
wastewater treatment by biofiltration: Role of nitrifiers and removal mechanisms. Water Res. 54, 89—
99. https://doi.org/10.1016/j.watres.2014.01.030

Rauch-Williams, T., Hoppe-Jones, C., Drewes, J.E., 2010. The role of organic matter in the removal of
emerging trace organic chemicals during managed aquifer recharge. Water Res. 44, 449-460.
https://doi.org/10.1016/j.watres.2009.08.027

Regnery, J., Barringer, J., Wing, A.D., Hoppe-Jones, C., Teerlink, J., Drewes, J.E., 2015. Start-up
performance of a full-scale riverbank filtration site regarding removal of DOC, nutrients, and trace
organic chemicals. Chemosphere 127, 136-142. https://doi.org/10.1016/j.chemosphere.2014.12.076

Regnery, J., Wing, A.D., Kautz, J., Drewes, J.E., 2016. Introducing sequential managed aquifer recharge
technology (SMART) - From laboratory to full-scale application. Chemosphere 154, 8-16.
https://doi.org/10.1016/j.chemosphere.2016.03.097

Schaper, J.L., Seher, W., Niitzmann, G., Putschew, A., Jekel, M., Lewandowski, J., 2018. The fate of
polar trace organic compounds in the hyporheic zone. Water research 140, 158-166.
doi:10.1016/j.watres.2018.04.040.

Schaper, J.L., Posselt, M., Bouchez, C., Jaeger, A., Nuetzmann, G., Putschew, A., Singer, G.,
Lewandowski, J., 2019. Fate of Trace Organic Compounds in the Hyporheic Zone: In fl uence of
Retardation, the Benthic Biolayer, and Organic Carbon. Environ. Sci. Technol.
https://doi.org/10.1021/acs.est.8b06231

Teerlink, J., Martinez-Hernandez, V., Higgins, C.P., Drewes, J.E., 2012. Removal of trace organic
chemicals in onsite wastewater soil treatment units: A laboratory experiment. Water Res. 46, 5174—
5184. https://doi.org/10.1016/j.watres.2012.06.024

Zearley, T.L., Summers, R.S., 2012. Removal of trace organic micropollutants by drinking water
biological filters. Environ. Sci. Technol. 46, 9412-9419. https://doi.org/10.1021/es301428e

181



Supplementary Information

11.6  Supplementary information for Chapter 9

Removal of trace organic chemicals during long-term biofilter operation
Veronika Zhiteneva, Jorg E. Drewes, Uwe Hibner*
Chair of Urban Water Systems Engineering, Technical University of Munich,
Am Coulombwall 3, 85748 Garching, Germany

* = corresponding author

182



11.6.1 Investigated TOrCs

Table 11-12: List of influent TOrC concentrations over the duration of the long-term column experiment.

Supplementary Information

Occurrence in column influent

Desired
Compound LOQ concentration in BAC (July 2017-September 2019) Sand (July 2017-September 2019)
influent of columns

ng/L ng/L Conc. ng/L  Std. Dev. ng/L n Conc.ng/L  Std. Dev. ng/L n
Atenolol 10 500 426 312 31 457 384 31
Antipyrine 10 500 499 360 31 516 410 31
Benzotriazole 50 not spiked 4,647 1,765 29 4,644 1,867 29
Caffeine 10 2000 610 1,340 29 528 1309 31
Carbamazepine 5 not spiked 426 65 31 415 91 31
Citalopram 5 500 530 331 31 538 329 31
Climbazole 5 100 159 77 31 163 82 31
Diclofenac 5 500 1,629 500 31 1,634 614 31
Gabapentin 2.5 500 2,008 1,232 31 1,972 1,273 31
lopromide 50 2000 1,654 1,122 31 1,752 1,346 31
Metoprolol 2.5 500 441 150 31 445 158 31
Phenytoin 5 100 72 51 30 75 50 30
Primidone 25 500 401 265 31 430 305 30
Sotalol 5 500 344 260 31 382 349 31
Sulfamethoxazole 5 500 421 194 31 427 204 31
Trimethoprim 5 500 447 303 31 461 357 31
Tramadol 5 500 686 346 31 710 430 31
Valsartan acid 5 not spiked 1,166 1,026 7 1,168 1,027 7
Venlafaxine 2.5 500 857 466 27 762 549 31
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11.6.2 Operational disturbances

Table 11-13: Timeline of mechanical and chemical disturbances during column operation.

BVTs Disturbance Details
50,447 — 51,688 Mechanical Pump failure due to high back pressure, feed pumps changed
56,637 — 58,410 Mechanical High back pressure, led to installation of prefilter
59,498- 59,829 Mechanical Glass bead leaching from prefilter clogged feed tubes
67,593- 70,201 Chemical High ammonium in influent leading to recirculation
76,162 — 79,645 Chemical High FeClz dosing into RSF led to precipitates clogging the filters
81,916 - 83,996 Chemical High ammonium in influent leading to recirculation

11.6.3 Long-term column results

11.6.3.1DOC and UVA:s4 breakthrough
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Figure 11-6: DOC breakthrough for sand and BAC filters. Gaps in DOC measurements between 30,000-60,000 BVT were due
to the TOC analyzer undergoing repair.
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Figure 11-7: UVAzs4 breakthrough for both sand and BAC filters.

11.6.3.2TOrCs well removed at 80,000 BVT in at least one media (BT<30%b)
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Figure 11-8: Caffeine breakthrough for both sand and BAC filters.
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Figure 11-9: lopromide breakthrough for both sand and BAC filters.
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Figure 11-10: Trimethoprim breakthrough for both sand and BAC filters.
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11.6.3.3TOrCs moderately removed at 80,000 BVT in at least one media (30%>BT>70%)
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Figure 11-11: Antipyrine breakthrough for both sand and BAC filters.
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Figure 11-12: Benzotriazole breakthrough for both sand and BAC filters.
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Figure 11-13: Citalopram breakthrough for both sand and BAC filters.
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Figure 11-14: Metoprolol breakthrough for both sand and BAC filters.
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Figure 11-15: Tramadol breakthrough for both sand and BAC filters.
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Figure 11-16: Atenolol breakthrough for both sand and BAC filters.
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Climbazole (C/C,)

Figure 11-17:

Phenytoin (C/C)

Figure 11-18:

DOC breakthrough (BAC) ~—~- EBCT (BAC) ADO (BAC)
DOC breakthrough (Sand) --- EBCT (Sand) ADO (Sand)
1.6 4 32
= 30
1.4_ ] - _ ;2 .
CT [
' - —
1.2+ 3 124 £
n " 12215
1.0 am - w 420 @
" " m " " m "lggll
L™ i n 1 ©
0.8 ; L] m 116 €
n . = ©
u Lo 114 —~
n P u =
0.6 I | ] P 12 2
" o . {10 E
0.4 - am ls ©
(|
: [ ] | 16 g
02 W ( H 44
: 42
0.0 . ‘ £ 1 I | I | I L ‘I‘ il H'rlmn ! ' L I | 1 0
Q \} \} Q \\} Q Q O Q \}
S & LSS EL
S B X S & S o
Total BVT (including initial phase without TOrC spiking)
Climbazole breakthrough for both sand and BAC filters.
DOC breakthrough (BAC) ——- EBCT (BAC) ADO (BAC)
DOC breakthrough (Sand) --- EBCT (Sand) ADO (Sand)
2.0+ - 32
|
1 . m- 30
1.8 . 18
1 | | I —
1.6- . | 1% <
- | {24 E
1.4 7 - o mog {22
] | I S 420 O
1.2 w"n BN L i
1.0- g " ®F_ mE o U m J16 €
v @©
y T "oom 114 ~
0.8 - u " e o
] 1125
0.6 - m, = . qu &
. n u 48 O
] u (m)]
0.4 ’ o - 16
B e B s L [ ] ] 4
0.2 ]
] ‘ =42
0.0 T ‘ | L B R B R — T 0
Q ) ) ) ) ) N ) ) N
$ T
Ny Vv > > %) © A > )

Total BVT (including initial phase without TOrC spiking)

Phenytoin breakthrough for both sand and BAC filters.
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Primidone (C/C,)

Figure 11-19:

Sulfamethoxazole (C/C,)
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Figure 11-20: Sulfamethoxazole breakthrough for both sand and BAC filters.
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Figure 11-21: Sotalol breakthrough for both sand and BAC filters.
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Figure 11-22: Valsartan acid breakthrough for both sand and BAC filters.
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Figure 11-23: Venlafaxine breakthrough for both sand and BAC filters.
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Figure 11-24: Comparison of autoclaved (empty squares) versus active (filled squares) breakthrough for carbamazepine (a)
and gabapentin (b) in batch experiments with sand (blue) and BAC (black) filter material.
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11.7 Supplementary information for Chapter 10

In order to analyze ATP without separating biomass from the media, both the BAC and technical sand
samples were prepared according to the methods described in Velten et al. (2007), with some alterations
discussed in the following section. To construct a calibration curve, 100 mg wet weight of autoclaved
BAC and sand media were placed into 2 mL Eppendorf tubes. Samples were washed once with 1 mL of
phosphate buffer solution (PBS) to remove floating biomass from the liquid. 100 uL of an ATP solution
was added to each prepared sample, ranging in concentration from 0.0065 uM to 1 puM, as well as 300
uL of Bac-Titer Glo (BTG) reagent. BTG is proprietary cell lysis buffer with luciferase and luciferin
reagents which facilitates a luminescence measurement, measured in relative light units (RLU) which
can be converted to ATP amounts (Promega Corporation, 2008). Last, 200 pL of the supernatant BTG
solution were added to an opaque-walled 96-well plate and measured on the plate reader. The resulting
calibration curve, when the 1 pM measurement was omitted, fit well for both sand and BAC (both r? =
0.99).

The preparation of samples was conducted differently than in Velten et al. (2007). First, 200 mg wet
weight of each thawed sample were weighed into sterile 2 mL Eppendorf tubes, and washed once with
100 pL of phosphate buffer solution (PBS) to remove floating particles which could impact the
luminescence measurement. Next, 300 pL of the BacTiter-Glo reagent were added to each Eppendorf
tube, which was shaken to ensure optimal contact between the media and the reagent, which. Last, 200
uL of supernatant were transferred to the opaque-walled 96-well plate and measured on the luminometer.

Although reaction time and incubation temperature are the most critical parameters for luminescence
measurements (Velten et al., 2007; Hammes et al., 2010), each sample was prepared individually and
pipetted individually, therefore the reaction time could not be maintained for each sample. However, the
temperature could be maintained, as the plate reader would shake the plates for 10 s at 500 rpm, and
then incubate the plate at 27°C. All measurements were conducted with biological duplicates, due to
limited media availability from the columns. Blank samples were prepared with the same media, which
had been autoclaved to inactivate biological activity, except MilliQ water was added instead of PBS, as
there was no biological material on the blank samples.

When preparing a standard curve for media with attached biomass, inactivating the biomass in a water
bath as was done in Velten et al. (2007), or via an alternate method, instead of autoclaving, is
recommended. Since autoclaving enhanced the residual adsorption capability of BAC as described in
section 9.3.3, this could have resulted in adsorption of reagent onto the BAC and consequently a false
ATP reading for BAC. Conducting analysis in triplicate is highly recommended. As ATP analysis
preparation for liquid samples is relatively straightforward, a similar SOP should be drawn up for
guantification of biomass attached to non-adsorptive and adsorptive media.
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