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Abstract

Although microbial reductie dechlorinatiofMRD) has proven to be an effective
approach fom situremediatiorof chlorinated ethenegield implementation of this
technology is complicated lire presence of subsurface heterogenmitpacting
amendment delivery and back diffusi@and desorptionf contaminantsRelatively
less attention has been paidthe literatureto the influence of heterogeneity on
biotransformation rates arid the transferability ofrate parameters across scales.
This dissertation describ@s investigaton of the influence of proceqphysicat
chemicalbiological) coupling on the performance of MRID heterogeneous
porous mediausing a modified version of the reactiteansport simulator
MT3DMS. Model simulations are compared with d&tam two flow-through
heterogeneous aquifer cedkperimentsand a field downthole treatment test
Modelexperimental comparisongeveal that back diffusion from a low
permeability claylayer can be enhanced by as much as 5BY MRD,
demonstrating the potential utilityf bioenhanced back diffusion for reduction of
plume persistence. Simulations across batdaboratory, and pilotscales
demonstrate that microcosterived rate parametecan be successfully used to
predict MRD andevolving concentrations of chlorinated ettes and ethene in
complex system# heterogeneity and dimensionality are appropriately modeled.

The inclusion of local heterogenejtyhich affects locaflow residence timg is



shown to berucial to accurate model predictswf dechlorination extenOverall,

these modeling studies denstrate thaf better understanding of the influence of
coupled processes on MRD in heterogeneous porous media is essential to support
bioremediation design and implementation to reduce the health risks associated

with prolonged contamination.
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Executive Summary

Trichloroethene (TCE) is among the most common organic contaminants at
Superfund sites, due ttsibroad use in drgleaning and degreasing operations.
Although microbial reductive dechlorination (MRD) has been proven as an
effective and cosefficient mehod forin situ treatment of soil and groundwater
contaminated with chlorinated ethenes, figtgpilementation of this technology is
complicated by physical heterogeneitypactingsubsurface biogeochemistry and
optimalremedial design. Numerous studiesdased numerical models to assess
MRD in laboratoryscale homogeneous systems. However, thezenaarkedly

fewer modeling studies of multidimensional laboratory and &elale systems
under heterogeneous conditions. h e Depart ment of Def enseq
Environmental Research and Development Program (SERDP) and the
Environmental Security Technolo@ertification Program (ESTCP) identified the
research needed to understand the performance of ISB in the treatment of low

permeability zones.

The objective othis dissertation is tase laboratory and field observations, along
with mathematical modelingp investigate the influence of physiadiemical
biological process coupling on the performance of MRD in complex,
heterogeneous, subsurface environments. sijgific goals of this dissertation
include (a) ® develop a thredimensional simulator capabbf modeling MRD of

multiple chemical constituents and microbial populations in complex,
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heterogeneous, subsurface environmeh)sT ¢ investigate the influee of MRD

on back diffusion from low permeability media;d) To study the influence of
physicalheterogeneity on chemical and biomass distribution and biotransformation
rates in low substrate environmentd); To explore the transferability of microbial
transformation rates and conclusions obtained in laboratory systems (i.e.,
microcosm batches andjafer cells) to fieldscale dowrhole tests; andef To
investigate the influence of remediation design (i.e., substrate delivery frequency
and hydraulic deligry rate) on dechlorination performance in mdlthensional,

heterogeneous, field domains.

Theresearch consists of three distinct experimemtadleling studies to investigate
MRD across scales from intermediate laboratory systems to a field scale pilot
system. Goal (b) is addressed throagstudy of MRDinfluenced diffusion and
desorption in a-D heterogeneous aquifer cell, packed with low permeability media
of varying hydraulic conductivities and organic carbon contdatperimental
observations from the tracer and remedies tests are compared with model
simulations The second study is designedinvestigate the coupled processes of
diffusion, sorption and MRD in a heterogeneous aquifer cell that was operated
under fieldrelevant coditions, with limited electron donofhe MRD aquifer cell
experiments are simulated to address goals (a) andn(t)o obtain effective
parameters for field simulation$he process of MRD in th€EommerceStreet
Superfund SitéWilliston, VT) is simulatel to assess the suitability of laboratory
derived parameters to model ISB at the field sCHtes research addsses goals

(d) and (e).The first two experimental studies in the laboratory systems were
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designed to facilitate the implementation and evalnabf ISB atthe Commerce

Street Superfund Site.

Reactive transpouf chemical constituentsre modeled with aanhanced version

of the modular thredimensional multispecies transport simulator MT3DMS,
which ismodified toenable thesimulaton of MRD of multiple contaminants with
nonlineardouble Monod kinetics and microbial growth of two dechlorinating
populations as well as one fermenting population. The major assumptions for the
numerical simulations in this stu@dyethat 1) the attached bacteriaammobile

and that the influence of microbial growth on aqueous flow is negligible (low
growth environment); an#é) only attached (neplanktonic) biomass is assumed

active for MRD.

The first cell study demonstrated the importance of accounting for herered

back diffusion to accurately predict remediation time, particularlformations

with contrasting permedhly and/or with thick lowpermeability zones or
interbedded highand lowpermeability materials. Predicted plume cleanup time
will likely to be reduced when the effect of bioenhanced back diffusion is
incorporated. The specific findings and implicationsf this work are: 1)
Comparison of biotic experimental measurement and abiotic model simulation
revealed an estimated average of 12% bioerdthbeack diffusion over the whole
aquifer cell and an estimated maximum of 53% enhancement for locations near the
bottom clay layer, which lththe lowest hydraulic conductivity and rrievel of

organic carbon among the materials used; 2) Microbial agtivét, dechlorination,
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will control mass release near/from the low permeability zones; 3) The inclusion of
the caupled processes of diffusion, desorption and biotransformation is essential
for accurate model prediction of bioremediation performance irasiosnwith low
permeability materials, especially sites with a thick aquitard underlying a
transmissive aquifeor large volume ratio of low permeability media; 4) Models
without consideration of bioenhanced back diffusion can lead to overprediction of

plume longevity sustained by low permeability zones mass.

Model simulations in the second aquifer cell study empigpyneasured microcosm
parameters provided reasonable predictions for MRD in these more complex
systems, despite the differences in physicaleselid to liquid mass ratio, and
flow conditions. Averagenean relative errsrof 26.0%, were achieved, as doas

local permeability variations were considered. Based upon this study, the following
conclusions can be drawn: 1) The trace amount of baokg dissolved organic
carbon present in the groundwater and porous media that was not detectable as
volatile faty acids ¥YFAs) contributed to MRD in the aquifer cell by serviag an
electron donor and carbon source for microbial growth. This natusabstrate
highlights the importance of characterization of organic compounds that may serve
as electron donors dfor carbon sources foRD in natural groundwater and soil;

2) Multi-dimensional models incorporating uniform properties amdrocosm
dechlorination rates were unable to adequately predict aquifer cell performance; 3)
Mass stored in low permeability regis can significantly influence the extent of
dechlorination, due to its ability to sustain electron donor that has entexsd th

regions through diffusion; 4Heterogeneity in soil properties influences the
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complete dechlorination of TCE to ethene. Indusof heterogeneity in numerical
modeling is crucial to predictive accuracy of reductive dechlorination; 5) Model
predictionresults were more sensitive to the representation of heterogeneity than
the biomass utilization kinetic rate parameters and timaason of initial biomass
concentrations in this bench scale system with contrasting permeability varying

within a factor 0f26.

Modeling studies ahefield treatment test showed that the extent of transformation
can bepredicted with temperatwa&djused microcosrrestimated and aquiteell
validated parameters after incorporating field heterogeneity. A few alternative
substate delivery scenarios were simulated by altering the rate of hydraulic
flushing and the frequency of the lactate pulses (eatermittent injection and
long-term injection with low concentration substrate). Model simulations of the
alternative remediain scenarios together with field observations demonstrated the
importance of residence time/flow rate on the extent of dechtammdhe specific
findings and implications of this work ar&) Model simulation results using
laboratorycalibrated transfionation rates and hydraulic conductivity yielded more
accurate predictions of the downgradiecdhlorinated ethenes and ethene
conentrations under slow flow conditions (YO o X lpthan under high flow
conditions { YO p 1t ) PThe extent of @échlorination was overpredicted by

a factor of 2.94 in high flow conditions, but was adequately predicted with errors
within a factor of 1.19 for low flow condition®) An alternative transport model
parameterized with hydraulic conductivity estimated edason grain size

distributions of coarser soil cores was not able to reproduce the trend of measured
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chlorinated ethenes arethenedata. Construction of model domain in terms of
physical heterogeneity affext prediction accuracy of TCE transformation and
ethene productigr8) Reducing/increasing the groundwater flow by 50% led to an
average change of dechlorination exten2@%. Consistent intermittent injection
of lactate mildly improve dechlorination extent in downgradient monitoring wells
(19%), 4) A continuoussubstratenjection strategy led to a similar dechlorination
extent compared to a base case in which the stdstes injected in short pulses,
suggesting thatontinuous injectionwith small electron donor mass fluxight

not be able to imove the extent of biotransformationimmediate downgradient

wells.

Overall, these modeling results showed that MRD in tdirhensional flow
through heterogeneous systems can be successfully simulated with numerical
simulators that account for the phyaibeterogeneity and complex biochemistry in

the subsurface. Laboratengeasured bioreaction rate parameters can be used to
predict fieldscale ISB remediation performance as long as the heterogeneity and
complexity in the subsurface areasonablyaccouned for. The effectiveness of
remediation design and dechlorination extent depend on a number of factors from
flow residencetime, to substrate delivery frequency, to substrate injection mass
flux. A better understanding of the influence of coupled prosesseMRD in
heterogeneous porous media is essential to support bioremediation design and
implementation to reduce the heaiks associated with prolonged contamination.
Future research is recommended to focus on the improvement of model

characterization of biogeochemical reaction kinetics and the accessibility and ease
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of-use of numerical models so tltae developed modelre more applicable to

field remedial design.
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Chapter 1  Introduction

Chlorinated solvents such as tetrachloroethene (PCE) and trichloroethene (TCE)
have been usdd a wide variety of industrial applications, including dry cleaning,
metal degreasing, and pesticide manufacturing, since the early (M@@s et al.,

2007, Pankow et al, 1995 TheUnited States (U.Sproductionof these compounds
peakedat approximgely several hundred million pounds per y@&arthe 1970s
(Doherty, 2006, b). Although the productiorand usagelummeted due tothe
institution of environmental regulationstarting in theate 19709e.g.,1970 and

1975 Clean Air Acts1976 Resource Gservation and Recovery Ad977 Clean
Water Act, 1980 Comprehensive Environmental Response, Compensation and
Liability Act, 1984 Hazardous and SoMlaste Amendment&PA drinking water
standadls), chlorinated solventBave been found ajpproximately80% of all U.S.
Superfund siteand morethan 3000 U.S. Department of Defense sitelSEPA,

2004) Widespread gundwater and soil contaminatioccausedy release$rom
the1960s to 198Q<ontinues to persist at many chlorinated solvent,gi@sing a
significant environmental problerfMcCarty, 2010; USEPA, 204y. Meanwhile,
newreleases to the subsurface have been repdrt@d17, the EPAoxics Release
Inventory (TRI)programtracked23,291pounds ofon-site disposal/releasesic

5274poundsof off-site disposal/releases for T@one(USEPA, 2017h)



Chlorinated solvents, including PGIATCE, aretypically amongthe priority list
of hazardous substances that have been determined taatsageificant potential
threat to human heal{Agency for Toxc Substances, Diseases Regié&VSDR),
2017).Human &posure tochlorinated solvesthas beerassociated witladverse
effects on the central nervous systdidney, liver,immune system, reproductive
systemcardiovascular systemgspiratory systenandfetusdevelopmenttheyare
associated witlespiratory,dermal and ocular irritationas well as reduced body
weight (Huang et al., 2014; Ruder, 2008here is also increased eviderfoe
chlorinated solvenrinduced cancerle.g., ATSDR, 20Ba b; ATSDR 2006;
ATSDR, 2009. The U.S. Environmental Protection Agency (EPA) éstaiblished
stringentregulation standargd®aximum Contaminant Levels (MCLdpr selected
chlorinated solvents in drinking water (Table 1.} to protect public health,

ecosystem andnvironmen{USEPA, 2018)

Table 1.1 Physical and chemical properties of commonly found chlorinated
solvents at 2%C. (Table fromKueper et al., 2014)

Solubility Vapor Absolute

Chlorinated Solvent Density in Water  Pressure Viscosity MCL
(g/cm3) (mg/L) (torr) (cP) (mg/L)
Tetrachloroethene 1.63 200 18.9 0.9 0.005
Trichloroethene 1.46 1100 75 0.57 0.005

1,1,2Trichloroethane 1.35 1300 125 0.84 0.2
Carbon tetrachloride 1.59 825 109 0.97 0.005
1,2-Dichloroghane 1.25 8500 82.1 0.84 0.005
Dichloromethane 1.33 20000 415 0.44 0.005

Water 0.997 N/A 23.8 0.894 N/A




Selecteghysical and chemicakoperties of chlorinated solveraee listed inrable

1.1 Chlorinated solvents are typically introduced intoghbsurface as a sparingly
soluble organic liquid phase, known as a dense nonaqueous phase liquid (DNAPL).
Most aredenser than water and have solubilities that are considerably kiigimer

the MCLs Therefore, DNAPL camigrate downwards into deeper geatognits
underthe influence of gravity andreate longerm downgradient plumes in great
excess of the MCLs due their slow dissolution(Kavanaugh et gl 2003; NRC,

2005. Other propertiesuch awolatility andviscosityalsomakesomechlorinated
solventsmore mobile andecalcitrant to remediatio(Sale et al., 200@)). For
example high vapor pressure allonsomecomponents to partition into the vapor

phaseraising risls of indoor vapor intrusion and expansion of contamination.

Chlorinated solvets can enter the subsurfacgs DNAPLsdue toinappropriate
handling during storage, transportation and disp@sgurel.1 (a)). DNAPLstend
to migrate downward beneath the watable into the saturated zone, whease
portion ofthemaretrappedas discontinuous ganglaa firesiduab within the pores
A substantibfraction of the migrating mass can tetainedat textural interfaceas
hi gh s at uroamoveiotafradtyed mddia ibprese(ffeensa and Cherry
1988 Feengra etal., 1996) Figure 1.1 (b)). Dissolved masemanatingfrom a
certainvolume of DNAPL can sustairextensivecontaminationat levels that are
orders ofmagnitudehigher tharthe MCLs (Kavanaugh et la., 2003; NRC, 2005
Stroo ¢ al., 2003 (Figure 1.1 (c)). As DNAPL slow dissolves awayhigh
concentrations of dissolved mass can diffuse iow permeability zones or

fractured structurefom more permeable zong€Bigure 1.1 (d))). At aged sites
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where DNAPL is nearly depleted aqueous and sorbed mass stored in low
permeabilityzonescan be released, actings secondarysources fora persistent

plume (e.g.Ball et al.,, 1997,Chapman and Parker, 2005u and Ball, 2002;

Parker et b, 1994 Parker et al.2008 (Figurel.1 (e)).

Figurel.1. Life cycle of a chlorinated solvent source zofkégure reprinted from
Kueper et al., 2014Copyright 2014 Spriger)



The region in contact with DNAPL, containing DNAPL, aqueous, and sorbed phase

mass, is commonly referred 4#eomsausceta Osour ce
groundwater and soil contamination (NRC, 2005). Source zone architecture (i.e.,

the DNARL spatial mass distribution) is one of the key factors that control the

relationship between mass discharge and mass removal, however, it is difficult to

delineate (Abriola et al., 2012). Although considerable contaminant mass (DNAPL

or aqueous phase) mapvebeen removed, it is not uncommon to find residual

mass at treated sites (ITRC, 2010; Soga et al., 2004; Wood et al., 2005). A review

of remediation performance at 59 chlorinated solvents sites showed that median
concentration reductions ranged from?895% for different applied aggressive

remediation technologies (McGuire et al., 2006).

With therecognition that complete restoration to reach MCLs cannot be achieved
within a reasonable time frame at complex sites (NRC, 2005 and 20it®gl
researchneeds have been identified, including advancing our understanding of
existing remedial technolags and their limitations in remediating complex sites,
guantitatively assessing treatment performance, predicting responses to treatment,
and promoting the us# more effective technologies (Stroo et al., 2012). There has
also been increasing awarendss storage in low permeability zones is important

for site management at many aged complex sites (Stroo et al., 2012).

Despitethe complexity of the problemsignificant progresshas been maden
develging in situ treatment technologie®r mass removahnd concentration
reductionlIn stu bioremediation (ISB)s among thenostcommonlyusedremedial

technologies along with in situ thermal treatment (ISTT),in situ chemical
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oxidation(ISCO),and surfactant and cosolvehtghing(Figurel.2.). ISB involves
degradationor transfornation of contaminants toless toxic compoundsby
microorganisms Successful mplementation of ISB typically requires
biostimulation and bioaugmentatiohe formerincludesdelivery of chemical
amendmentge.g.,substratesnutrients, and/or buffertat carstimulate microbial
growth the latterincludesdelivery of certaindegradingmicroorganismghat are
nat present or in low abundanéeyon and Vogel, 2013During thelast decade
ISB hasbeenmorewidely considered tor¢at chlorinated solvents sites due to its
effectiveness and lowapital cost (McDade et al., 2005 Laboratory and field
studies have dmonstrated that ISB can be usedeffectively treat source zones
that contain residual DNARL(e.g.,Amos et al., 2008; &piro et al., 2015; Hood
et al., 2008Sleep et al., 2006yang and McCarty, 2000 and 2008 addition to
downgradienplumes Furthemore ISB can be used as a complimentary/ polishing
method post implementation of aggressive treatment (Christ 2085 Ramsburg

et al., 2004 The performance of ISBan be impacted by factorych asaquifer
hydrogedogy (e.g., hydraulic conductity, heterogeneity porosity, diffusia),
biogeochemistry (e.g., pH, temperature, redox, electron donors/nutrients,
competing electron acceptors/microbiglopulations inhibitory component
concentrationstoxicity, DNAPL constituets), andsite charactertgs, including
contaminansource, depth, volume and distributidghRC, 2008; USEPA, 2013
The Department of Defensebs Strategic Envir
Program (SERDP) and the Environmental Security TechnologyifiCation

Program (EST®@) identified the research need tmderstand the performance of



ISB in the treatment oiow permeability zones its most recenteview paper of

chlorinated ethene source remediatiSBERDP, 2018Stroo et al., 2012)

Hydraulic displacement 1%

Other 3%
/ Thermal 29%

Surfactant/cosolvent 7% \ \ /

ISB 31% —

\

ISCO 30%

Figurel.2. Percentages of sites using differensitu treatment technologies, from
a total of 118 sitegFigure reprinted fronKueper et al., 2014Copyright 2014
Springer)



Microbial reductive dechlorination (MRD) by natural attenowiator engineered
biostimulation/augmentation is an important technical basis for ISB of chlorinated
ethenes (Bradley and Qbelle, 2010). It has become a promising technology for
chlorinated solvent remediation under challenging conditions, i.e., complex
hydrogeology and the consequent complex spatial distribution of contaminant
sources (Stroo et al., 2012). In such complexdd@mns, remediation effectiveness
strongly depends on characterization and delineatiorhyafrogeology and
contaminant mass distrbion (NRC, 2004nd2013). Further, complete mixing of
reagentds impossibleto achieve by conventional delivery technigu&itanidis

and McCarty, 2020). Accumulation of intermediate transformation products has
been commonly observed at sites due tonmglete dechlorination (Adamson et al.,
2011 and 2003; ITRC 2008; Stroo and Ward, 2010), pointing to the need for a better
understanding of MRD performance in heterogeneous subsurface porous media.
However, an understanding of the interaction of MRD whibseslow processes
governing mass transfer (e.g., diffusion and sorption) from low permeability

regions is lacking.

Mathemaical modeling has served as an effective tool for designing and evaluating
subsurface remediation desigiAs introduced above, ablinated solvents in the
subsurface undergo several physida¢émicalbiological processeslo provide
accurate predictionsnodels should be able to simulate physical, chemical and
biological processes and to account for physical, chemical and biological
heterogeneity Parameterization of the model with relevant rate parameters and

initial conditions (e.g., Chen et al., 201Ghrist, 2005) is also crucial &ccurate
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model prediction.Therefore model predictions of reactive fate and transport
laboratoy and fieldscale systems can be useful in understanding basic controlling

processes and guiding remediation design.

This dissertation research focusas explomation of the coupled processs of
diffusion, sorption, anMRD undercomplex conditions repreatative of field sites

by applying a modied numerical model to simulat®w and reactive transport in
intermediateand fieldscaledomainswith particular focus on assésgthe impact

of hetergeneity dimensionality,scale, coupled process andlow permeability

zones onmodel prediction of plume persistence andRD. The goals of this
researchare to improve theunderstanding ofthe influence of fundamental
processes on reactive transport and remediation of chlorinated solvent source zones
and plunes and how these processes respond to bioremediation, and to guide more

effective and efficient characterization, regimtion and site management.

This doctoral dissertatias organized intsevenchaptersintroduction, Literature
Review, Research Obj¢iwes, threemain chapters, and Conclusior@@hapter 2
provides a comprehensive literature review of our understanding of relevant
physicatchemicalmicrobiological processes and the state of reactive transport
modeling. Each of the three main chaptengresented in manuscript format, with
sectionsfor introduction, method, results and conclusions. Therefore, a separate
methodology chapter is not providéchapter 4ddescribes coupled experimental

and mathematical modeling study designed to investigagenbanced back
diffusion and sorptiomn a kench scale heterogeneous system. Chapter 5 presents

the exploration of coupled processes governing MRD in a heterogdabotetory
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flow-through system. In Chapter @he transport model anchodel parameters
developed in the bench scale study in Chapteere used to investigate MRD in a
field treatment test and to assdbg efficacy of alternative reagent delivery
scenarios through fieldcale applicationgExperimental datan Chaptes4 - 6 were
collected from two intermediate scale aquifer cell expeents and ondield
treatmentest by collaborating colleaguesthe Gypiro and PennelLab at Tufts
University (Abriola et al, 2019) Chapter 7 provides conclusions and

recommendations for future research.
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Chapter 2  Literature Review

This chapterprovidesa review ofthe literature related to modeling of coupled
processeacross scales. The section starts with a revidsasit physicathemical
biological processes that occur duritbigoremediationof chlorinated elvent
plumes.The following sectons provide a thorough review of modelimgseach
conducted with coupled processes, includMigD. A brief review ofcomparative
studiesof reactive transpontnodelingacross scales is providdginally, research
gaps inour understanding of MRDmodeling across scalesinder complex

conditions are summarized.

2.1 Mass Transfer and Transformation Processes
2.1.1 Diffusion and Sorption
Diffusion of a chemical species is a procdssen by the concentration gradient

andcanbedescebd usi ng t he elmp@Beail®a2) Fi ckobs

0 @] :I]—Z) (2.1)
wherevis the mass fluxd is the aqueous concentratiahjs the direction of
transport, andO i s t h-solutidrf diffaseon coefficient. In porous media,
diffusive transferf solutesoccuss at a slower rate than the free solutiour to
tortuosity of the diffusion path, pore interconnectivity and pore constriction effects

(Ball and Robes, 1991; Shackelford and Daniel, 199The effect is illustrated in

Figure 2.1.
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Sail Particles

‘ \@ Effective Length, Le

Figure2.1 Concept of effective path (length) of a solute in porous mexifAfter
Shackelford and Daniel, 1991)

To accounfor theseeffects, an effective molecular diffusion coeffici¢@r) for a

solute species usednstead ofO in equation (2.1) as follows

o 1O (2.2
wheret is the tortuosity factor and is expected to be smaller thanJohason et
al (1989) estimatedt for six organic chemicals including TCE in a low
permeability clay till, yielding a range fro@42 to 1.25 averaging at 0.6Ihe
estimated vales oft may also reflect the effect of preferential pator diffusion
in low permeability zones (Ball et al., 1997). Thus, values greater than one can
sometimesbe encountered ihaboratory experiments dield applications Some
studies assumetito be inverseelatedto porosity (Ball and Roberts, 1991; Wu and
Gschwend, 1986)The aqueous diffusivities ofCE and its transformation

daughter productaverage on the order of $6nm?/s (detailed data in Table 5.5)

Compared to advection arising fromlbéluid transport andnechanicatlispersion
arising fromheterogenigy, solute diffusion in porous media or matrix diffusibas
asmall magnitude anlbw variability (Grathwohl, 1998). Little regard was given

to matrix diffusion inthe contexbf contamnant transprt until laboratory and field
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studiesdemonstratethe importance of matrix diffusion for contaminaransport

in clay landfill liners(e.g., Johnson et al., 1989; Mott and Weber, 1991). Since then,
matrix diffusion has beeextensivelystudied in thecontaminant transport literature
(e.g., Brown and Thomas, 1998illham et al., 1984¢Guswa and Freyberg, 2000;

Pankow et al., 1989; Parkeral., 1994; Starr et al., 1985; Sudicky et al., 1985).

Aqueous contaminants tend to permeate low perilityaionesin adjacent to a
contaminated aquifdry matrix diffusion.If the aquifer is treatedhé aqueous and
sorbed contaminants stored in thes permeability zones can diffuse out of those
regions at a slow rat&his process, termed back diffusidras been demonstrated

to inhibit remediation, causing concentration rebound and sustaining plume tailing
in benchmark experimengs.g., Chapman el., 2012; Rodriguez, 2006; Sale et al.,
2008(b); Wilking et al., 2013; Yang et 2018 and field testge.g, Brusseau and
Guo, 2014; Chapman and Parker, 2005; Liu and Ball, 2002; Parker et al., 2008;

Parker et al., 2004).

The sorptive capacity of 9dk in the low permeability layers can enhance diffusion

into these layers and prolong back diffusion. Fogaoic compounds, sorption
capacity is general ly ivelergpartdiah cdefficiemth e compo
(Kow) and the organic carbon conteriitthe solid phase. The relationship between

the aqueous and sorbed phase concentrations under a constpetatare is

referred to as the sorption isotherm. A linear equilibrium sorption isotherm is

commonly written as

YOO8 (2.3)
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where0 is the distribution coefficientand"Yis the sorbed phase concentration.
The equation in (2.3) was ado@téo simulate sorption in this dissertation,
consistent with sorption isotherm experiments for the experimental and field
materials employed herein (Gag2017), although sorption processes are often
characterized by nonlinear or rate limited sorptiothi subsurfacporous media

(e.g., Allerking et al., 2002Mohammadnejad et al., 202Rjvett et al., 2006)

2.1.2 Biological Transformation

MRD has beetthe most important microbiological technology in ISB remedial of
chlorinated solvents sites due to the labory discovery and fieldcale
demonstration of MRD in the early 2000Bidure 2.2). Metabolic reductive
dechlorinaiton, which is more precisely termed organohalide respiration, is a
strictly anaerobic and thermodynamically faafole process in which the
dechlorinating bacteria use chlorinated ethenes as elestomptors and acquire

the released energy for growthoffler et al., 2013). The aeaobic pathways for
complete detoxification of PCE to ethene generally go throughmettiates,
including TCE cis-DCE, VC, sequentially (Freedman and Gossett, 1989; Maymo
Gatell et al., 1997). At each dechlorination step, two protons are consumed, one
replacing the chlorine substituent in the organic substrate, one released as hydrogen.
A variety of bacteria (e.gDehalobacter(Holliger et al., 1993; Wild et al., 1996),
DesulfuromonagKrumholz et al., 1997; Sung et al., 200&eobacter lovleyi
(Sung et al., 2006; Wagner et al., 2012¢sulfitobacteriun{Suyama et al., 2001;
Fletch et &, 2008),Sulfurospirillum(Luijten et al., 2003)) have been identifieal

transfornation ofPCE tocis-DCE. Some of these can use organic compounds, such
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as acetate, as electron donors; some can use both hydrogen and acetate as electron

donors [offler et al., 2013

To date, only some strains in the geridshalococcoides (Dhchave bee
commonly studied fodechlorinaion cis-DCE to ethene (Cupples et al., 2003;
Maymo-Gatell et al., 1997; He et al., 2003 & 2005; Sung et al., 2006). Disse
strains ae classified as the speciBshalococoides mccartyi offler et al., 2013).
PureDhc cultures utilize hydrogen as the only electron donor and acetate as the
main carbon source. The reduction process depends on the presence of the ultimate
electron donor, ydrogen, which is usually achieved through biostimalatby
addition of fermentable substrates, e.g., lactate, propionate, acetate, butyrate, and
ethanol. In conditions without fermentable amendments, hydrogen can also be
derived from oxidation of complecompounds (e.g., oil, bark mulch, chitin, whey),

and raturally occurring dissolved carbon. Bioaugmentation \litic-containing

mixed cultures has become a common practice in field applicati@tsciis not
present or in low abundance. A few inocula heeeome commercially available,

for example, KB1® (Duhamel and Edwards, 2006), BB(Amos et al., 200pand

SD-9® (Schaefer et al., 2009).
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Figure2.2 Use of ISB at Superfund sites. (Figure reprinted ffa8EPA, 2013.
Copyright 2014 Springer)

The performance of MRD can be influenced @yumber of factors, including
geochemical environment (e.g, pH valges., (Adamson et al., 2008icCarty et
al., 2007)),availability of electron donor (e.gStroo et al. 2014, competing
microbial populabns and redox conditior(g.g.,Azizian et al., 2008; Malaguerra
et al., 2011; Yang and McCarty, 1998ndtoxicity andinhibition (e.g.,Chu et al.,

2003; Sabalowsky and Semprini, 2@l9).

2.2 Modeling of Coupled Processes

2.2.1 Modeling of Diffusion and Sorption

Mathematical modelsare a powerful tooto investigatethe influence of back
diffusion (BD) and desorption on plume persisterogalytical modeldave been
widely usedby some researchers in erand twe dimensionale.g., Adamson et
al., 2015Ball et al., 1997; Bear et al., 1994; Brown et al., 2012; LiuBadt 2002;

Sale et al., 200f); Seyedabbasi et al., 2012; Wilson, 1997; Yang et al5 20d
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2017 Yang et al., 208), as well aghreedimensiondomains(Parker and Kim,
2015).Many moe studies have employed numerical modelsitoulatediffusive
mass transport intand out oflow permeability zongedecause numerical models
canbe tailored to represent detailed site conditi@sapman and Parker, 2005;
Chapman et al., 2012; Maghrehiad., 2015; Maghrebi et al., 2014; Matthieu et al.,
2014; Parker et al., 2008; Rodriguez, 200éng et al., 2018 Previous modeling
studieshavepredictedthat sequestered mass stored in low permeability ztares
sustain dwngradient contaminant plumes for several years to dechibes. of
these investigationhiowever, haveonsideredhe coupled processes of diffusion
andor sorption.Even thoughnhaturaldegradation often occurs in the subsurface
without human interventig theprocesses of biological reactions haveotbeen

commonlyconsidered irpreviousmodel simulations

2.2.2 Modeling of MRD

Mathematical descriptions of MRBaveevolvedover the past twdecadegrom
simple first order ratélechlorination tanonlinear Moiwd models thaincorporate
substratdlux, biomassinhibition and nutrientimitations The firstorder models

expresse@ds

i Q0 (2.4
wherei is therate of dechlorinationQis thefirst orderdechlorination rate constant,
ando is the aqueous phase concentration of chlorinated compadAlifusughthe
first order model ionly valid for conditionswhere component concentrations are
lower thanthe hdf saturationconstant (se(2.5)), it hasoftenbeenusedin field or

large scalesimulations(e.g.,Antonacci et al., 2033lement et al., 200(Bale et
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al., 2008b); Van Breukelen et al., 2008/anner et al., 203&nd screening models
(e.g., REMChlorFalta et al.2005, Biochlor (USEPA20)), due to itssimplicity.
Wanner et al (2018) and Sale et al (2@)Bused numerical models to assess how
biodegradation in aquitards affects plume persistence in adjacent aqiidenser

et al (2018) reported loAgrm tailing above the MCL fohe producedis-DCE at
high degradation rates the aquitard, while contamation of TCE anais-DCE
persistedat slow degradation rates. Sale et al (2@)8drew similar conclusions
about the influence of degradation rates on plume persistence andstiatech
thatelevated retardation levels in the low permeability zonesicanthe benefits

of biodegradationThesetwo studies not only neglectealicrobial growth ad
fermentation processdsit also chosaot to simulatethe complete degradation
chain. However, the availability of microbial populations, electron donors and
electron acceptors can affect the MRD procédthoughalfirst order kinetic model
can serve as screeningool for quick assessment of field conditions, it has been

proven inadequa to fit experimental data (Wei et al., 2016).

With the growth of computig capacityandimprovemenbf characterization too|s
mostrecentmodelng studieshaveincorporateda Monod kineticsexpressior{e.g.,

Chen et al., 2013 upples et al., 200Friis et al, 2007 Haest et al., 20XD)):

(2.5)

whereQis the maximum specific tilization rate,(is the microbial concentration,

andv is the half saturationonstantThe product form 0f2.5) hasbeen applied to
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account forthe presencef limiting substrates/nutrienttogethemwith chlorinated

compoundge.g.,Christ and Abriola, 200Fennell and Gossett, 1998

i Q s = —8 < - (2.6)

whered "Q p andu0 "Q p arethe concentration and half saturation constant
for the limiting electron contributas andbr nutriens. As can be seen from these
two equationg2.5) and (2.6), the use of Monod model in simulations requires
considerably m@&measurement afhemical and microbialoncentration datand
information about ratgparameters and constantshich might not be readily
availablefor a specific field siteWhile Monod kinetics is capable of capturing
nonlinear behavior in dechlorinagjnprocessedack of appropriatesite-specific

parameters might introduce uncertaintiefeld scale model predictions

The Monod model has alsbeen modified to account fazhlorinated ethene
inhibition. Two of the most popular assumptions of the metbms are based on
the competition for either enzyme/catalyst (Garant and Lynd, 1998) or electron

donors (Amos et al., 200&)). The inhibition modEtakes the general form

. 0
I “o p BoOoTU 0 27

where0 "Q p anduo "Q p arethe concentration and half saturation constant
for the inhibitors.Othertypes of inhibition models have been develomdhas
the Haldane inhibition anddd inhibition mode$ (Haest et al., 20X@)).
Inhibition modelshavebeenfrequentlyused in numericaimulation studiege.g.,

Christ and Abriola, 200 Haest et al., 2018); Schaefer et al., 2009; Yu et al., 2005;
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Yu and Semprini, 2004 A thorough review of inhibition mechanisms and
modeling of inhibition can be found in Wei et al. (2016) and Chambon et al. (2013).
Observationsof inhibition, however, have beercommonly madein well-mixed
batch systemsvheremost d the volumeis associted with theliquid phas€e.g.,
Cupples et al., 200Duhamel et al., 200Z5arant and Lynd, 19981aest et al.,
201(0r; Sabalowsky and Semprini, 20104y et al., 2005Yu and Semprini, 2004
Previous studies hawsnsistentlyobsevedthatdegradationmicrobeshave higher
tolerance to toxicity and inhibition icontinuous flowsuspendedeactors than in
batch systemge.g., Piringer and Bhattacharya, 1999; Qu and Bhattacharya, 1997)
and attached microbial cells are the most nesis (e.g.,Harrison et al. 2007;
Sabalowsky and Semprini, 20X0lalters et al., 2003 The validity of inhibition
modelsfor numerical modeling of MRDn flow-through system&as not been
thoroughly explored;inhibition mechanismsnay differ in porous ndia, where

largersolid-to-liquid ratios are operative

Most modelingof MRD has focused odiaboratory batch reactors.g.,Amos et al.,
2007a); Cupples et al., 2004ennell and Gossett, 1998aest et al., 201(\);
Heavner et al., 20134uang and Bdar, 2M9; Lai and Becker, 2013;ee et al.,
2004;Sabalowsky and Semprini, 20(&); Schaefer et al., 200¥u and Semprini,
2004). Further, nost of thee studiessimulaed conditionswhere electron donors
were in excesswith only a fewconsideringa limited donor(Huang and Becker,
2009 Cupples et al., 2004Suchbatch systems contragtith conditions &field
sites where variabléransportpropertiesand masdransfer limitations (diffusion

and sorptionpre created bghysical heterogeneitylso, the distribution between

21



attached and neattached biomaswill likely differ between batch systems and
field sites sincethe microbes in the batdystem generallgxistin a planktonic
state Previousstudies have demonstratibcitattached biomasepresenteda large
portion of the population anderemainly responsible for biological degradation in
the subsurfacee(g, Amos et al., 2009Capiro et al., 201,5Griebler and Lueders
2009. Finally, although batchfitted parametershave typically beenused to
estimatedechlorinating rate parametensd microbial growth rates for applicat®n
in largescale porous mediasystems it is not clearthat these parameters are
transferable to moreomplex multidimensional,systems.A review of MRD
modelingby Chanfon et al. (20133ummarizedhe inconsistencies of the reported
batch parameters thatewe caused by differentxperimentakonditions in initial
concentrations, model formulations, limited measurements of microbial data, and
parameter fitting criteria. flese inconsistencies bring up the questibrhow

representative the measured paramdterdifferentor more complesystems.

A few modeling studietiave investigated MRD in orgimensional Becker and
Seagren, 2009Chen et al., 2013; Haest et al., 20(); Manoli et al., 2012;
Schaefer et al., 200@nd multidimensiongdacked bed&Christ and Abriola, 2007;
Chu et al., 2003Haest et al., 2012damnond et al., 2005Kokkinaki, 2013;
Kouznetsova et al., 2010West, 2009;Widdowson, 2004 Although thee
modeling studies considered transport procegbesmajoritywere conducted in
homogeneous domairwith a few(Hammond et al., 20Q¥okkinaki, 2013;West,
2009 that used @ heterogeneous fields generated by geostatistical tools.

Application of thesenodelsto field scale systems hgenerallybeen limiteddue
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to theabsence of detailed sigpecific charactéation information.Most studies
have relied on idealizeldypotheticalscenariosOnly afew modeling studies have
comparedsimulation resultsvith experimental datan onedimensional Chen et
al., 2013; Haest et al., 20(t); Schaefer et al., 20p@ndtwo-dimensional systems
(Haest et al., 2032 Thesepreviousstudiesinvestigated the transformation of
residual contaminantmass from DNAPL disolutionand did not explore the
potential influenceof low permeability zones anohckdiffusion anddesorpton.
Thus,limited insigh can be gained from these studiestaining tchow secondary
mass sourcewill influence longterm performance oMRD in heterogeneous
environmentsStorage of chlorinatedthenes in low grmeability zonesvill tend
to create persistertontamination while storage of electron dongren the other

hand,could help to sustaitteatment.

2.2.3 Modeling of Coupled Processes

To dak, numerous transport simulators have been develimpeapplications to
bioremediation ofchlorinated solvent contaminatiaand simulation of coupled
processesn the subsurfaceThese simulators are based upmmalytical (e.g.,
Biochlor (USEPA, 200); REMChlor (Falta et al., 2005ART3D (Quezada et al.,
2004); Natural Attenuation Software (NAS) (Widdowson et al., 4p0Oand
numerical (e.g., DNAPL3ERX (Kueper and Frind, 1991; West et al., 2008st
andKueper, 201 COMPSIM (Sleep andy&es, 1993); UTEGIEM (Delshad et
al., 1996); MVALOR (Abriola et al., 1992MISER (Christ and Abriola, 2007);
RT3D (Clement, 1997); SEAM3DWaddill and Widdowson, 2000BioRedox

(Carey et al., 1999; Schreiber et al., 2004); PHT3D (Prommer, R@@2els The
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analytical malels are easy to apply to field simulations as screening level tools but
typically incorporate only firsbrder reaction kinet&c The numerical models can

be modified to represent detailed site conditions and are capable of simulating
MRD in threedimenson heterogeneous domain but require considerably more
site-specific information and datdlodeling studies haveimulated the coupling

of biodegradation diffusion and sorptionin aquiferaquitard settings and
demonstratethack diffusion and esorptionof parent and daughter produétsm

the aquitard (e.g., Rasa et al., 2011; Sale et al., ZBP8Nanner et al., 2018).
However, these studies have omgnsideredconstant first ordekinetics for
biotransformationtypically neglectinghe influence ofdoror limitation, inhibition

and microbial growth

2.2.4 ReactiveTransport Modeling Across Sales

As hasbeenreviewed in the last sectiorgdoratory estimated parataes derived

from well-mixed batch studiesre commonly usedn field-scale simulatinsto
suppot remedialdesignsSome studies (Brusseau et al., 2006; Haest et al., 2010b;
Kelly et al., 1996; Sabalowsky and Semprini, 2010b) showed that biodegradation
rates and microbial growth were comparable between batch anehftough
systems,while others obsrved discrepancies between batch and -tlowugh
systemge.g., colums (Grosbacheet al, 2018; Schaefer et al., 2009; Simoni et al.,
2001) and aquifer cal(Ballarini et al., 2014; Huang et al., 20D3Ylost observed
smaller growth or dechlorinatiomtes in the flonthrough experiments, with one
(Schaefer et al., 2009) reporting greater dechlorination rates (by 200 times).

Numerical modeling studiemmployng laboratoryfitted parameterge.g.,Ding et
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al.,, 2017; Phanikumar et al., 2Q05Smith et al.,1996 and 200) observed
overestimation ofield-scalecontaminant degradation and microbial growth by up

to several orders of magnitude

2.3 Limitations in Former Research

As highlighted above, mathematical models have generally been applied to
idealized scearios, i.e., welimixed systems consisting primarily of a liquid phase
(batch) or homogeneous flethrough porous media systems. At raald sites,
however, variability of permeability at the small scale will create tortuous flow
paths, leading to neaniform concentration distributions. This chemical variability
would be expected to alter the spatial variation of microbial populationshand
extent and location of MRD. Heterogeneity has typically been neglected in most
previous MRD modeling researchnly a few studies included applications to
heterogeneous domains (Hammond et al., 2B@kkinaki, 2013;West, 2009)
These studies eithéocused on numerical model development (Hammond et al.,
2005) or simulated unrealistic conditions, i.e., they assuexedss donors and
neglected fermentationKpkkinaki, 2013) or assumed a orstep degradation

process\\Vest, 2009).

The review of previoumodeling studies also revealed the lack of attention paid to
complications associated with modeling MRD in the preseof low permeability

zones. Mass sequestered in low permeability zones, as aqueous and sorbed mass,
can sustain longerm plumes. In thease of sequential dechlorination, transport of

the dechlorinating compounds will be influenced by diffusion anptsor in the

low permeability zones. However, the extent of influence will vary with the varying
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diffusivity and sorptive capacity of thesempounds. There is even a possibility

that the presence of low permeability zones could lead to reduced plunstgnessi

Here longer residence times and the potential for sequestered electron donors could
lead to longterm and more complete dechloriioat Finally, it is also not clear how
microbial populations respond to mass storage and mass flux in the low
permeabity layers. Biomass distributions at textural interfaces and within low

permeability zones can play an important role in the efficady/RD.

Previous research has not considered the influence of the coupled processes of
diffusion, sorption and MRD omodel prediction of remedial efficiency. Most
modeling studies included DNAPL dissolution and MRD to study bioenhanced
DNAPL dissolution; sme studies incorporated DNAPL dissolution, diffusion and
sorption to explore back diffusion sustained contaminanmes. Only a few
studies (e.g., Sale et al., 2008b; Wanner et al., 2018) included the processes of
microbial degradation to model the effexf desorption and diffusion on plume
persistence. These models, however, have typically used first order rateskinet
and simulated only partial or ors¢ep degradation for chlorinated ethenes. The
influence of sorption and diffusion on mass reboundMRD remediated
chlorinated solvent sites has not generally been asrewdgnized as that of
DNAPL dissolution. As DNAPL sources have aged at many chlorinated solvents
sites, there is an increasing need to understand how stored contaminant in low
permeality zones influence ISB or MRD in the field. Numerical models can be
adapted to represent specific site condititimsrefore are best suited to address this

issue.
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Batchmeasured rate parameters and constants have commonly been used to model
MRD in morecomplex systems. The batch systems differ considerably from real
field conditions in terms of solitb-liquid ratio, the presence of fluid flow, and
attacheeto-nonattached biomass ratio. While some modeling studies concluded
that batch rates can be usedpredict field scale observations, others reported
discrepancies between batch rates and field scale rates. Lapbrofpriate site
specific parameters might introduce uncertainties to field scale model predictions.
Further research is needed to evautie relevance of thebservations and

parameters in batch systems to more complex, fdintensional systems.
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Chapter 3  Resarch Objectives

3.1 Research Objective

The primary objective of thdissertations to use laboratory and field observations,
along with mathmatical modeling, toinvestigate the influence of physical
chemicaibiological process coupling on the performancelSB in complex,
heterogeneous, subsurface environments. Here work focuses on the interplay
between advective and diffusive fluxes, sonpiwocesses, amdicrobialreductive
dechlorination. The ultimate goal of this research is to imptfoepredictabiity of

MRD remedial performance in real subsurface environmentssing numerical
models throughdentifying processes controlling effective transformation rates in

multi-dimensional, heterogeneous, compRowing settings.

3.2 ResearchGoals

(a) Todevelg athreedimensional simulator capable of modeling MRD of multiple
chemical constituent@nd microbial populations in compleXeterogeneous,

subsurfacenvironments
(b) To investigate the influence of MRD on diffusionlow permeability medi.

(c) To study the influence of physical heterogeneity on chemical and biomass

distribution andiotransformatiomates in low substrate environments.
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(d) To explore the transferability oficrobial transformation ratesd conclusions
obtained inlaboratory systens (i.e., microcosm batches and aquifer cetis)

applicationgn field-scale dowrhole tests.

(e) To investigate the influence of remediation design (i.e., substrate delivery
frequency and hydraulic deliverate) on @chlorination performance in muiti

dimensional, heterogeneous, field domains.

3.3 Research Hypotheses

The primary hypotheses of this dissertation wgreSubsurface heterogeneity and
slow mass transfer processes in low permeability are importantgampacting

the performance of MRD, and meld without consideration of those factors may

not be able to adequately predict cleanup time and dechlorination ef@gnt;
Microcosm batch measured rate parameters can be used to predict MRD and
concentratios of chlorinated ethenes and ethene in complestems as long as
heterogeneity and dimensionality are appropriately modeled. Models with
microcosm measured rate parameters and insufficient representation of
heterogeneity will mostly likely lead to lesscacate predictions; an@@) A
numerical modeto successfully simulate MRD and reactive transport in realistic
porous media will require the ability to capture tbentinuumscale spatial
variation of permeability, contaminant concentrations and micrgiojpulations,

the transient biochemical envinment of substrate, hydrogen, inhibition, microbial
growth and aqueous solute components and concentrations, and the translation of

these transient factors to biotransformation kinetics and rate parameters.
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3.4 Resarch Approach

The research consists of threglépendent modeling studies that simulate MRD
across scales from intermediate laboratory systems to a field scale pilot system. The
first study, presented in Chapter 4, is designed to explore the enhancsbuliffu
and degradation in a heterogeneous agquél packed with six porous media.
Experimental observations from the tracer and remedies tests are compared with
model simulations to address gol). (The second study in Chapter 5 is designed

to investiga¢ the coupled processes of diffusion, sorptamd MRD in a
heterogeneous aquifer cell that was packed to mimic field site condittoea®RD

aquifer cell experiments are simulated to address goals (a) and (c) and to obtain
effective parameters for fiesimulations.The process of MRD in thommere

Street Superfund Sit@Williston, VT) is simulated in Chapter 6 to assess the
suitability of laboratoryderived parameters to model ISB at the fistdle. This
Chapter addresses goals (d) and (e). The erpetal studies in the laboratory
systems werdesigned to facilitate the implementation and evaluation of ISB in the
Commerce Street Superfund Site. A detailed description of the field site conditions

can be found in the final project repitoriola et al., 2019).
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Chapter 4  Exploration of Bioenhanced Back

Diffusion in a Heterogeneous AquifeiFlow Cell

This chapteris modified froma manuscript thahas beersubmittedto a peer
reviewed journal This paperdescribeda coupled experimental and motieg
investigation ofbioenhanced back diffusioand Dhc strain abundance in a
heterogeneous aquifer cell. The laboratory experiments and measurements were
conducted byJason P. Hnatkdrom the CépiroLab at Tufts University The
numerical modeling was condecdt by Lurong Yang to simulate the nmactive
tracer test ad abiotic flushing and to analyze bioenhancement of chlorinated
ethens and ethene diffusiolhe primary author of this work #ason P. Hnatko
The sectionsn the manuscripabout modeling stlies were written by Lurong
Yang.The paper was prepared lvihe guidance dbr. Natalie Capiro, Dr. Linda
Abriola and Dr. Kurt PennellThis chapteronly includes sections related to

modelingfrom the paper manuscript

Title: Bioenhanced back diffusion and population dynamicBeiialococcoides

mccartyistrainsin heterogeneous porous media

Authors: Jason P. Hnatko, Lurong Yang, Kurt D. Pennell, Linda M. Abriola and

Natalie L. Cépiro

31



4.1 Introduction

Treatment of the contaminants hreterogeneous aquifeteas been one of the
common challenges for MRbPasedSBbecaseadequate mixing ofontaminants
and reagentsis difficult to achievein low permeability zonesK(tanidis and
McCarty, 202). Like the INAPL mass, squestered mass in the low permeability
zonescan act as a secondary source to sustain plumes lonthafseiurce has been
treated Htroo et al.,, 202; McGuire et al., 2006;Sale et al., 208 (a).
Improvements of bioremediation performanceha heterogeneoussites require a
better understandirgf the interplaypetween théiological activities, sorptigrand

diffusion in and around those waieaccessible zones (NRC, 2013).

Progress has beenadte in quantifyinghe emovalof DNAPL source mass under
the influence ofMRD (e.g.,Amos et al., 2008; @piro et al., 2015; Christ and
Abriola, 2006; Glover eal., 2007; Sleep et al., 2006; Yang and McCarty, 2000
leading to findings of bioenhanced DIRA dissolution (1.5 to 14 fold enhancement
over abiotic dissolution)lhe mechanism associated with the enhanced dissolution
is due to 1) the increase of lineaivthg force for mass transfer to the aqueous
phase and 2) the increase of aqueous phasertasioens due to higher aqueous
solubility of transformed daughter products, ecgssDCE, VC, and ethene in the

case of TCEChrist, 2005)

Similarly, the declorinating activities around the low permeability zones have the
potential to increase the nsaBux from the contaminant reservoirs (i.e., the low
permeability zones) to the tranmissive zones by increasing the driving force for

mass transfe(Chambon et lg 2010; GomezVelez et al., 2014Scheutz et al.,
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2010) Additionally, there has been studishowing penetration of microbes into
the low permeability porous med{&cheutzet al.,201Q Damgaarcet al.,2013)
which pointed tathe possibility for sustmed biotransformation to treat the low

permeability zones.

Numerical models serve psedictive tools to assess the effect of back diffusion in
both field and benckscale systems {R) involving permeability heterogeneity
(Chapman and Parker, 2005; Civegn et al., 2012; Parker et al., 2008; Rodriguez,
2006). However, these studies do mastount for coupled processes, including
diffusion, sorption, and biotransformatiorThe change in properties (e.g.
diffusivity, sorptive capacity, volatility) of daugt products by biotransformation
can influence therediction ofcleanup of the sequesed mass in low permeability
soil. There are, to date, no studies that utilized numerical models to quantify the

extent of back diffusion when enhanced by biotransftona

As discussed aboyenicrobial activitiesare importantto release of sequestered
mass from the low permeability zones and speed ugehaupof low permeability
zones.This chapter describescaupled experimental andathematical modeling
study that was designed to evaluate the influence of MRD on removal of
contaminant mass storéa porous media with varying permeability and organic

carbon content by usingZaD aquifer flow cell.
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4.2 Methodology

4.2.1 Aquifer Cell Experiment

A schematic diagram of thegerimental settings for the first aquifer cell is shown

in Figure4.1. This aquifer cell with a dimension of 63.5 cm (lengtt38 cm (height)

x 1.4 cm (thickness) was packed with a background ASTM 20/30 feamdmbed
soillenses(5 cm(height) x 14 cm (length)and a bottom clay layer (3 cm in height).
The lensesconsisted of four soil materials of different sorptive and physical
properties, includingWebster soil, Appling soiljoamy sand, and=95 low
permeability sandThe naterialsof the loamy sand lens and the clay layer were
collected from the Commerce Street Superfund Site. The experimental procedure
includes sequentially a conservative tracer test, an abiotic flushing remedy, and
finally an MRD remedy that was conducteoly bioagmenting with a
dechlorinating consortium, the KB inoculum (SIREM; Guelph, Ontario).
Operation parameters are listedmble 4.1 (extracted from the paper manuscript).
Details about experimental materials and analysis methods can be fothred in
project report (Abriola et al., 2019) and will be left for the paper and dissertations

of group members in the&@iro Lab.
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Figure 4.1 lllustration of the aquifer cell construction for the filgbomtory
experimentGreen circles represent the sampling ports.
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Table4.1 Aquifer cell operation parameters

Bromide Tracer Abiotic Experiment
Bromide Plume Bromide/TCE
Phase Bromide Flushing Plume Abiotic Flushing
Development
Development
Avg. Flow  Rate 2.4 2.4 1.0 0.93
(mL/min)
Duration (PVs) 0.63 2.3 15.9 8.9
Duration (days) 0.21 0.79 13 8

10 mM sodium

. bromide and 0.074 10 mM sodium 10 mM sodium 10 mM sodium
Influent Solution

mM sodium chloride bromide chloride
fluorescein
Influent TCE 0mM 0mM 0.5 mM 0.01 mM
Biotic Experiment
TCE TCE TCE Establish
Phase Plume | Plume | Plume - Microbial_ Biotic Biotic
Develop | Develop | Develop| & Communit | Treatment || Treatment Il
-mentl | -mentll | -mentlll E y
Avg. Flow Rate 51 | g71 | 039 | E 0.27 0.21 0.16
(mL/min) &
Duration (PVs) 12.9 6 3.7 = 2.6 5.8 1.5
Duration (days) 21 7 8 S 8 23 8
10 mM Mineral Salts < . , ,
Influent Solution sodium | Medium with 10 % Mineral Salts_Med|um with 10 mM
: : sodiumlactate
chloride | mM sodium lactate
Influent TCE 0.5mM | 0.5mM | 0.5mM 05mM | 0.04mM | 0.01mM
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4.2.2 Numerical Simulations
A modified version of MT3DM{Yang et al., 2018)as used to simulate bromide

tracer and abiotid CE back diffusionexperimentsand to quantify bioenhande
chlorinated ethere and ethene diffusion.This model was coupled with
MODFLOW (McDonald and Harbaugh, 1988) tsimulate transient flow
conditions In MT3DMS, aueous transport of nemactive componentss
representedy a traditional advectiedispersionreadion equationThe governing
equation for aqueau transport of nomeactive components in the simulator
MT3DMS is given as:

TT_(‘)_é JO-6 0 JO— Q6 (0] (4.1)

where—is the porosity of the aquifer neatal (dimensionlessjpdenotes that the
simulated quantities are in the agueous phasds the mass concentration in
aqueous phase (M), 0 is the aqueous phase linear pore water velocity'fLT
r is theaqueous phaskydrodynant dispersion tensor fI), andO is the

mass transfer between sorbed and aqueous phases:
Ty

'O ” -
T O

(4.2)
where” is the porous mediaulk density (ML) and"Yis the sorbed concentration

of the component witlhespecto the solid mass (MM). In this work, consistent
with available batch data (Gaeth, 2017), linear equilibrium sorption of TCE to soil
materials was assume¥, 0 6 , wherel is the distribution coefficientL3M"

). This version of MT3DMS was coupled with MODFLOWMcDonald and

Harbaugh, 1988)o account for transient groundwater flowetBiled descriptios
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of modelstructure and numerical computatianme provided imprevious papers (e.g,

Zheng et al., (1999)ang et al. (2018)

Initial model parameter valuesTéble 4.2) were obtained from published
experiments conducted withe samgyorous mediaData from the omide tracer
experimentwere usedto characterize the flow field and fit hydraulic parameters

(hydraulic conductivity and dispevgy coefficients)in the numerical model.

To represent the actual experimental conditions of the aquifer cell, the model
domainwas tailored t@ccount fomll of its features, including the lenses, clay layer,
and most importantly, the influent deliyersystem. Prediction accuracy for
compound concentrations in the aquifer cell depends primarily on a simulation of
the resultant flow field. A schematic diagramtioé model domain for the aquifer

cell is shown inFigure 4.1 The aquifer cell was conventially modeledas a
pseudo twedimensioml domain,as transverse transport along its thickness was
considered to be minimal. Flow chambers, constructed as slotietess steel
wells to promote uniform flow distribution into the aquifer cell, were sinedldty
assigning a hydraulic conductivisix ordersof-magnitude higher than that of the
background sand to the first and last column of the numerical grid&esliainless
steeldrop tube in the influent chamber was used to allow the influent solation t
flow from a constant head reservoir to create a steady flow rate, and an effluent
drop tube was open to the atmosphere at a fixed height. In order to simetse th
conditions, the numerical grids at the inlet and outlet potgi(e4.1) of the flow

tubes were assigned as constant head cells. A fine spatial discretization was applied

to the model domain with a grid spacing of 1 cm (lengtl®25 cm (height) to
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capture mass transfer processes (e.g., diffusion) in the vicinity of lens and clay
layers. A implicit finite difference scheme with upstream weighting on advection
was used to solve the transport equations, providing computational efficiency and
robust umerical solutions. An adaptive temporal discretization was applied to

minimize numerical digersion.

As the hydraulic head gradient was controlled and known throughout the
experiments, hydraulic conductivity and dispersivity coefficients \&djasted by
running numerical simulations to match 1) the average effluent flow rate and 2) the
breakthough curves of the initial bromide tracer test. Effluent tracer breakthrough
curves (BTC) were used to calibrate the hydraulic conductivity of the baakd

sand while sampling port tracer data was mainly used to fit the hydraulic
conductivities of the leses and the clay. Iterative revision of parameters was used
to minimize the root mean square errors between model simulation and
experimental observain of the BTC as the complexity of the system and the
number of adjustable variables prevented the udsa parameter optimization

procedure.

A comparison of simulaed and measured TCHsorptive) and bromide
(conservative)concentrationsat sampling portand in the effluenduring the
abioticflushingexperimentacilitated calibration ofhe linear sorptin coefficiens
(0 ). Porosity was calculateftiom experimental measurementssoil mass and
emplaced volumeFreesolution diffusivity values for brmide and TCE were
2.01x10° cnmé/s and 7.99x1® cné/s, respectively(Li and Gregory, 1974;

Verschueren, 2001A tortuosity of 0.67 (Ball et al., 1997; Johnson et al., 1989)
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was used to obtain the effective diffusivity used in the model following the method

by Yang et al. (2018).

The total molar sum of chlorinated ethene and etheneentrations (total ethenes)
observedduring the biotic experiment were compared withdel pedictionsof
concentrationsexpectedin the absence of MRD to asseff® influence of

biotransformatioron diffusion and desorptidibioenhancement of back diffusion)
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Table4.2 Initial andcalibrated model parameters for aquifer cell transport simulations

Published Values Model Calibrated Values Measured
Cégr%g'r? Hydraulic Linear Sorption Hydraulic Linear Sorption
Porous Media Conductivity Coeficient, Conductivity Coefficient, Porosity,—(-)
Content (% (m/day) U (L/kg) (m/day) 0 (L/kg)
mass)

ASTM 20/30 N/A 330 N/A 200 0 0.45
Webster Soll 1.9696 0.86' 2.47F 0.6 4.16 0.51
Appling Soil 0.66% 10.2 0.8 5 0.95 0.33
Commerce St. Soi 0.09% 1.76.9 0.13 5 0.13 0.3
F-95 Sand 0.019% 1.9 0.006 1 0.0013 0.28
Commerce St. Cla 0.30%¢ N/A 0.39 0.05 0.40 0.78

® 2 0o T 9

— - T a ™

Calculatedby 0

Measured in this experiment by mass added and aquifer cell volume
Taylor et al., 2001
Marcet et al., 2018
Marcet, 2014

01 "Qi edRdEEEE O X dusing the organic carbon content from Marcet et al., 201&and
p ¢ GIQ"dr TCE from Pankow et al., 1996

Pennell et al., 1995
Gaeth, 2017

Chen et al., 2007
Joo et al., 2008
N/A = nat available
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4.3 Results and Discussion

4.3.1 Bromide Tracer Breakthrough

Calibrated parameters used in the tracer test model are listeabie4.2 The
hydraulic conductivity value¢ i Mo d e | Cali bratedofteal ueso i n
enplaced media were reduced bfaator of 1.5 to 2 from initial valugsi Pu bl i s hed
Val ues 0 i inordeatdnhath bbth rReasured hydraulic gradient and flow
rate. An initial longitudinal dispersivity value of 0.1 cm and a vertical to
longitudinal rdéio of 0.1 were employed, fallving Lyon-Marion et al. (2017)The
longitudinal dispersivity was then slightly adjusted to a value of 0.24 cm after
calibration in order to match the rise and tailing oflih@mmideBTC. Experimental
measurements and the esisted numerical simulationf the bromide BTC are
plotted in Figure 4.2 Using the calibrated parameters, the model matched the
experimental BTC with goodness of fit of 0.86, 0.60, 0.82, and 0.79, calculated by
the normalized root mean squared erforgédnessOfFaa  MATLAB R2016a

The Mathworks, Natick, MA), for data collected in effluent, and ports 1E, 2C, and
4D, respectively. The model simulation matched the asymmetrical shape of the
BTCs, but undepredicted the magnitude of the effluent tailinglae times,
possibly due toimulation of the diffusive mass transport within the clay layer at
the bottom Figure 4.3. However, a mass balance calculation by using
experimental data of influent mass (750.8 gram) and effluent mass (831.9 gram)
yielded amass recovery of 110%, suggdegt that the high tailing could be
attributed to mass retention from a prior tracer test (not modelEuk.

underprediction at the tail of the BTC was unlikely to be causd¢béogpatial grid
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discretization.A previous aquifer cell modeling studyof the bromide tracer
(Chapman et al., 2012yith similar flow rate(0.9 and 1.5 mL/minand higher
sand/low perm contragsix orderof-magnitude differenceghowed that vertical
spacing oflL an was able tprovide accurateimulations fothe fine scale diffusn

near/in low perm lenses &fand 7 cm in heighHere the vertical spacing @.25

cm was applied to resolvihe transport in lenses of 2.25 to 4.75 cm in height.
Preliminary tessimulationswith different gridresolutiors showed that theurrent

grid discretizationcombined withthetemporal discretizatiqgrwas ableo capture

the diffusion and avoid numerical dispersitins to be noted thahe resolution in

the longitudinal horizontal directiomas not the mjor factorcontrollingsimulation
accuracy of back diffusion.The model predictions for side ports matched the
breakthrough times and the plateau maximum concentrations (10mM). In general,
the model results displayed good agreement with experimental BTiE€sms of

the shape, arrival tim@nd plateau concentration, demonstrating the capability of
the model to simulate the heterogeneous aquifer cell and the suitability of calibrated

parameters used in the model
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Figure4.2 Comparison of bnmide tracer concentration measurements (open circles)
and model fit (solid lines) in (a) effluent anddp ports
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Figure4.3 Simulated aqueous concentration of bromide in aquifer cell at PV 1.96
(hour15) of tracer experiment
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4.3.2 Desorption andDiffusion under Abiotic Conditions

Measurements from the abiotic flushing experiment were used in conjunction with
model simulations to investigate the influence of sorption and diffusion on the
removal of sorbing (i.e TCE) and nosorbing (i.e., bromide) solutes (Figut).

One PV afte reducing the solute influent concentrations, the concentrations
dropped rapidlywith theeffluentTCE and bromide concentrations reducetig®
and8.5% of the loading concentrans, respectivelyAfter 9 PVsof flushing TCE
concentrationsvere one orderof-magnitude lower than the input concentration
while bromide concentrationseretwo ordersof-magnitude lower than the input
concentrationBased on model simulations, the H@nass retention percentages
from each porous material at the final fiusy time were 2.7%, 51.5%, 26.4%,
2.6%, 4.1%, and 20.1% in the background sand, Webster lens, Appling lens,
Commerce Street lens;95 sand lens, and clay layer, respectively. Thghéu
retention of TCE in comparison to that of bromide (which had 1.@&smetention

in the clay layer and 0.3% in other locations) is attributed primarily to the influence

of sorption.
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Measurements and model predictions afniide and TCE concentratiodsiring

the abiotic flushing period are presented in Figuddor theeffluent,aport above
theclay layer [1E],a port downgradient othe Commerce Street lens [2C], aad

port downgradient othe F95 sand lens [4DJrhese dcations were selected based
upon their proximity to lowpermeability materials thatan retain contaminant
mass andhus, support backiffusion and desorptionThe agreement between
model predictions and experimental measurements inditiaé¢sthe model is
capable of capturingneasired bromideand TCE back diffusion under abiotic
conditions,with goodness of fits of 0.91 and 0.Bbthe effluent, 0.88 and 0.91 at
port 1E, 0.99 and 0.86 at port 2C, and 0.98 and 0.84 at port 4D for bromide and
TCE, respedtely. Although the geometrgf the lowpermeability compartments

was digitized based on images of the aquifer cell;dicade variations in lens shape
and compaction of the material may partially account for the discrepancies between

model simulatios ard experimentaeasurements

4.3.3 Desorption and Diffusion under Abiotic and Biotic

Conditions

To explore the influence of MRD arhlorinated ethene mass transtesynthetic
abiotic flushing experiment (with the same influent conditions but without MRD)
was ceated by numericabimulation and model predictions compared with
measurements of total ethenes during the biotic experiménder biotic
conditions, TCE transformed to the lessklorinated transformation products,
which have higher diffusivities, higi solubilities, andower sorption coefficients

than TCE. This transformation increases the mobility of the compounds, thus
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increasing the driving force for back diffusiaesulting in microbiallyenhanced
mass elutionAs the comparative simulation us#dte same flow ratand input
concentration of TCE as the MRD experiment, comparison of aqueous mass
(measured biotic vs. modeled abiotic) at sampling locations indicates the influence
of MRD on contaminant mass transfer. An expression to quantify thateodte

bioenhanced lwk diffusion and desorption was developed as:

: 00 00 b 43
T Tt .
7 p (43)

Here,] is a measure othe effective enhancement of TCHiffusion and
desorptionby MRD, 60 is the total ethene molar massalculated using
experimenal data for a specific location (e.g., effluent or sampling p@my
00 is theTCE molarmass calculated using the model simulation at the same

location.00  oro0 is calawlated bya stepwise summation of the discrete

data of total concentration B O¢& OEE O'QE 01 OO Q¢ ¢

0 "QER 0 ‘@i L QG & W 0 QPredicted and measured concatibns of
total ethengin the effluentand selected ports amemparedn Figure 4.5 with
subplots for the two ports with the highiest values, both located at the bottom

of the aquifer cell (near the clay layer)

The] values (Figue 4.5) reveal that totaéthene masslution was enhanced
by MRD, with >0 calculatecht all sampling locationgl2% for the effluent
and 6%-53% at the sampling ports Sample ports directly impacted by mass
transferfrom low-permeability layerslisplayed more pronounced differentesn

abiotic simulationghanports located downgradient of more permeable materials.
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For example, ports 1E and 3E, in close proximity to the clay layer (lowest
permeabilityand higher sorption capacity than backgrdusand), displayed the
highestMRD enharements 063% and40%, respectivelySimilar enhancements
were observed in other locations near Jogrmeability zones (Figuré.6). The
ports immediately downgradieftom the Webstelport 2A), Commerce Street
(port 2B and 2C),and F95 soil lensegport 4C and 4D) were associated with
bioenhanced masgnsferranging from 2-35%.Lower enhancement (12%) was
measured in the effluent, attributed to dilution from the more permeable, less
sorptive zones. However, thawest was measured g@bort 4B immediately
downgradienfromthe Appling soil lenswhich has a higher organic carbon content
than the Commerce Street and F95 len$hass observation may be attributed to
volatilization losses] CE biodegradation praxtts €is-DCE, VC, and ethendawe
higher volatility than TCEndthelocationof this portis neaest toair-water contact
surface of the aquifer cellhus, the volatilization losses from the water table in the
vicinity of port 4B may have resulted irr@duction in measured chlorinated ethene
mass, and an underestimation of total . As the effluent represents the
integrated effect of all locains in the aquifer cell, the  calculated for the
effluent may also be underestimated due to volatilizalibe.estimateq over

the later period (from PV 2.9 tthe end of the experimenglso revealeda
decreasingrend of enhancemefrom the influentto the effluenti.e.,ports 2B*B,
2C>3C>4C, 1E>3E. This trend indicates greater enhancement inmpdbe
upgradient sample ports than the downgradient pootsgathe same streamline

(Figure 4.7), which contradsthe concepof downgradent low permeability zones
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dominating back diffusionThis observation might be attributed to the continuous
TCE massnjectioninto the aquifer cellMore mass was loaded toetupgradient
low permeability zones during the experimental period as a lowveeatration of
TCE (three ordeof-magnitude greater than the MCL) was tbomously introduced

This might result in greater effect of back diffusion and bioenhancement.
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Figure4.5 Bioenhancement of back diffusion and desorption in the heterogeneous aquifer tell; (€6) in effluent
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4.4 Conclusions

This chaptemprovided a laboratory study of the MRD influenced diffusion and
desorption in 2-D heterogeneous aquifer cell that was packiti four lenses and

a layer of low permeabtlf media withvarious hydraulic conductivities (0.5
m/day) and organic carbon content (€®-2%). The numerical modeling results
revealed arestimatedaverage of 2% bioenhancd back diffusion over the whole
aquifer celland an estimatesiaximumof 53%enhancemerfor locations near the
bottom clay layer, which has the lowest hydraulic conductivity and medium content
of organic carbon. This indicates the importarafemicrobial activities for
contaminant biotransformaticaind mass releaseearfrom the low permeability
zones Further, the influence of MRD enhanced back diffusion might be maximized
in thick low permeability zones witlgreater storage volume and perimiggy
contrast with thetransmissive zonesTherefore, the inclusion of the coupled
processes of diffusion, desorption and biotransformation is essential for accurate
model prediction ofbioremediation performancén scenarios with contrast
permeability prous mediaModels without consideration of bioenhanced back
diffusion can lead to overgdiction of plume longevity sustained by low
permeability zones madsuture modeling studies are recommended to exfhere
extent of bioenhancemeintdifferent comlitions by varying low permeabilityayer
thicknessand/or volume, contact area of low peaability zones with transmssive

zones, andhe contraspermeablitybetweernthese zones
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Chapter 5  Exploration of Processes Governing
Microbial Reductive Dechlorination in a

Heterogeneous Aquifer Flow Cell

This chaptelis prepared as a eauthored manuscript tsubmit to peereviewed
journal. This work includes numerical modeling of a fldwough bioremediation
experiment conducted in a2 aquifer cell prepared with materials from the
Commerce Street Superfund site (Mgibn, VT), configured to mimic site
conditions. The goal of this study is to evaluate the suitability of applying
microcosmmeasured parameters to a multidimensional heterogeneous system,
to identify factors that influence MRD in complex systems. iffif@ementation of
the flow and transpomnodel was conducted by Lurong Yang. The experimental
measurements in the microcosm batch and aquifer cell were conducted mainly by
Jason P. Hnatkfsom the research group of Natalie L. Capiro at Tufts University.
The microcosm batch parameter fitting wasnducted bylack L. Elsey.The
primary author of this manuscript is Lurong Yafdye paper was prepared with
the guidance obr. John A. Christ, Dr. Kurt D. Pennell, Dr. Natalie L. Capiro, and

Dr. Linda M. Abriola.

Title: Exploration of processes govergimicrobial reductive dechlorination in a

heterogeneous aquifer flow cell

Authors: Lurong Yang, Jason P. Hnatkéack L. ElseyJohn A. Christ, Kurt D.

Pennell, Natalie L. Capiro, and Linda M. Abriola
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5.1 Introduction

In the past twenty years, microbial retue dechlorination (MRD) has been
proven an effective and cestficient method for in situ bioremediation (ISB) of
chlorinatel solvent plumes (ITRC, 2008; Lyon and Vogel, 2013). Hydraulic
delivery of remedial amendments and substrates (biostimulatidfgramicrobes
(bioaugmentation) is often required to improve remedial performance and achieve
complete dechlorination to ethen@&troo and Ward, 2010). Unfortunately,
subsurface physical heterogeneity tends to create flow bypassing (Stroo et al., 2012),
hampering amendment delivery to low permeability zones that serve aseiong
sources of contamination through desorption ar# ddfusion (Liu and Ball, 2002;
Chapman and Parker, 2005; Parker et al., 2008; Chapman et al., 2012; Yang et al.,
2018). Furthemore, preferential flow pathways can also create spatial variations in
concentrations (substrate, nutrient and contaminamgjeby altering the spatial
distribution of microbial populations and transformation ragdsibla et al., 2019;

Cépiro et al.2015; Meckenstock et al, 2015; Murphy et al., 1997; Nambi et al.,
2003). Thus, it is critical that site assessment and MRDdiafdraesign efforts seek

to account for the influence of chemical and physical heterogeneity, as well as the

uncertainties intragced by insufficient subsurface characterization.

Mathematical models can serve as an effective tool to integrate
physical/chenical/microbial processes in heterogeneous settings, providing insight
into historical conditions, remediation effectiveness, @mtrolling processes and
guiding decision making and lorigrm management (e.g., Aziz et al., 2000;
Borden, 2007; Christ etl.a 2007 Clement, 1997; West and Kueper, 2012).
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However, model applications require the specification ofagifgropriate microial

rate parameters. To date, parameters from {meded) microcosm batch studies
have commonly been employed in fieddale nodel simulations to support
remedial design and site management. While a few investigations (e.g., Clement et
al., 2000; Schirmeet al., 2000) have concluded that fislcale degradation and
microbial growth can be adequately predicted by laboraderyed rate
parameters (with minor adjustments and acceptable uncertainties), most (e.g.,
Chapelle and Lovley, 1990; Ding et al., ZQKang et al., 2019; Phanikumar et al.,
2005; Smith et al., 1996 and 20have determined that fielobserved rates were
overestimated by up to several orders of magnitude. To explore upscaling of
laboratoryderived rates, comparative laboratory studli@ge also been conducted

in batch and flonthrough packed beds, often yielding contradictory results. Some
(e.g., Brusseau el.a2006; Haest et al., 20@) and 2012; Kelly et al., 1996;
Sabalowsky and Semprini, 20b}) concluded that rates were comgdesbetween
scales while others observed discrepancies between batch and column (e.g.,
Grosbacher et al, 2018; Simoni et aDP2) or aquifer cell (Ballarini et al., 2014;
Huang et al., 2003) parameters, finding lower rates at the larger scales. One study
(Schaefer et al., 2009) reported dechlorination rates 200 times higher in column
than batch systems. Also, given that the &bstudies were primarily conducted in
well-mixed or uniform permeability systems, they are of limited relevance to
natural, heteyxgeneous, settings. Thus, there is an urgent need to improve our

understanding of the influence of heterogeneity on effectavestormation rates
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and to explore the connection of these rates to laboratensured degradation

rate parameters.

Aquifer flow cells can be configured to resemble real subsurface conditions,
providing insight into the complex process coupling that cau heterogeneous
porous mediaAbriola et al., 2019C4piro et al., 2015; Murphy et al., 1997). To
date, however, there hasdoeonly one modeling study (Haest et al., 2012) that
compared MRD simulations to laboratory experimental data in an aquifecéib

(17 cm (long) x 10 cm (height)). These researchers concluded thatfitteth
specific degradation rates could provideoagh assessment of MRD in a two
dimensional, uniformiypacked, aquifer cell but that simulations underestimated
the extent oMRD by 37% and overestimated the biomass growth by one to two
orders of magnitude. The potential influence of heterogemeaitytack diffusion

was not examinedModeling studies have investigated biodegradation in aguifer
aquitard settings and demonstrhjgersistence of parent and daughter products
released out of the underlying aquitard (e.g., Rasa et al., 2011; Sale et al3)2008
Wanner et al., 2018). However, these studies have only considerestepne

transformation, typically employing simplified kinetic models.

This chapterdescribes a coupled experimental and mathematical modeling study
designed to evaluate the suitdlyil of microcosmmeasured parameters for
prediction of microbial transformations in multidimensional heterogeneous
systems and to identify factors that influence the transferability of laboratory
measured transformation rates to more complex systems. duliieracell was

packed with materials from the Commerce Street Superfund site (Williston, VT),
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configured to mimic real site conditions. Effluent and side port measurements of
volatile fatty acid (VFA) concentrations, chlorinated etlserand ethene
concentations, and biomass abundance were used, to evaluate model predictive

performance.

5.2 Methodology

5.2.1 Microcosm Experiments

Microcosm experimentgere performed in 160 mL glass serum bottles capped with
butyl rubber stoppers and aluminum crimp caps. All reagters prepared at room
temperature in an anaerobic chamber containing an atmosphere of£8%bH{
(Coy Laboratory Products; Grass Lake, Ml). Porous media ugbdmmicrocosms
were obtainedrom corescollectedduring the direcpush drilling of wellDHT-2
atthe Commerce Street sitReactors were prepared with 20 mL of porous media
(15 g and 80 mL of liquid for a total volume of approximately 100 mL. The liquid
phase consisted of mixture of groundwaterand growth mediunprepared as
described in_o6ffler et al.(2005. Reactors were amended with 0.10 to 0.48 mM
TCE, 5 to 10 mM sodium DHactate (60%v/v solution) as electron doreord 0.1

mL of Wolin vitamin solution (Wolin et al., 1963ndbioaugmented with KB®
inoculum(SIREM; Guelph, Ontario)Abiotic control reactors were prepared with
sterilized growth medium and sterilized porous me@iatailed experimental

materials and procedures are described in the project report (Abriola et al., 2019)

5.2.2 Aquifer Cell Experiment

A schematic diagram of thexperimentalsettings for thesecondaquifer cell is

shown h Figure 5.1This aquifer celhas the same dimensi¢3.5 cm (lengthkx
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38 cm (height) x 1.4 cm (thickne¥s)s the first aquifer ceih Chapter 4andwas
packed wih soil materialsfrom the Conmerce Street Superfund Sifhe aquifer

cell consists of seven layers (4 to 6 cm in height) and a bottom clay layer (3 cm in
height). The seven layers were prepared by homogenizing soils from dissected
cores and emplaty in an order that represents thieasigraphy of the field site.

The experimental procedure includes sequentially a conservative tracea test,
recirculation phase to acclimate the dechlorinating cultares finally dong-term
monitoring phase with one pulsgection of substrate amemnt (i.e., lactate).

The same dechlorinating consortium was inoculated as in the first aquifer cell
experimentin Chapter 4 Details about experimental materials and analysis
methods can be found in the project report (Abratlal., 2019) and will be tefor

the paper and dissertations of group members in #@reC Lab. Operation

parameters are listed Table 5.1
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Table5.1 Aquifer cell operation parameters

40mg/L TCE

mM lactate

1® inoculum

mM lactate

) Bromide Tracer/TCE Lactate . . Lactate/ Biomass L
Phase: . . . Bioaugmentation ) ) Long-term Monitoring
loading Recirculation Recirculation

Duration 37 10 1 14 42

(days)
Porevater
Velocity 15 15 7.5 7.5 7.5

(cm/d)
Residence

Time (days) 4 4 8 8 8
10 mM bromide; 50 ) . , 40 mg/L TCE; 1 plses

Injections mg/L erioglaucine A, 40 mg/L TCE; 10 100 mL of dilute KB | 40 mg/L TCE; 10 of 10 mM lactate (7

days each)
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5.2.3 Mathematical Modeling

Reactive transport modelingas conductedsing anewly modified version of he
modular threedimensional multispeciestransport simulatorMT3DMS. This
simulator, originally developed byheng ad Wang (1999) was previously
modified to include transient groundwater flow, raueous phase liquid
dissolution, and @upled mass transfer processes of dissolution, diffusion and
desorption in heterogeneous source zq@dwist et al., 2006; Parker arark,
2004; Yang et al., 2018Following Christ and Abriola (2006), this modified
version of MT3DMS was further adaptddom the model inChapter 4to
incorporate multorder Monod kinetics, coupled with a microbial growth model,
to account for biotransfaation of multiple components by multiple microbial
populations. The following section presents the nie@tures of the mathematical

formulation

5.2.3.1Governing Equations for SoluteTransport

Transport and biological reaction achlorinated ethenes, etheribe primary
substrate(i.e., lactatd, as well as the electron dondr, hare modeled The

governing equan for each aqueous componéi givenby Zheng and Wang
(1999)as,

TT—o%é JO% o 1 O0% 26 O Y (5.1)

where %o is the porosity of the aquifer material (dimensionless),is the
concentration for omponenfQn the aqueouphase (ML®), o is the aqueous

phase linear pore water velocity (&)  is the hydrodynamic dispersion tensor
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for componentQn the aqueousphase (ET?), andO is the masdransfer of
componentCbetween the sorbed anaqueous phase In this work, linear
partitioning and local equilibrium are assumed, consistéhtlaboratory sorption

studies with the Commerce Street aquifer matefaéeth, 2017)such that:

;
o "o (5.2)
(0]

where” is the bulk density of the porous medium (®)LandV j is the
distribution coefficient of component ‘Q (L3M™1). Y represents the
biotransformation of componeffinto/from other components in the aqus

phase. Here it is treated as a sink/source term in the agueous system, neglecting any
diffusional resistances within thophaselt is also assumed thattached bacteria

are immobile andthat the influence of microbial growth on aqueous flow is
nedigible (low growth environment)Detailed model structure about advection,

dispersion, diffusion and sorptiag descriptedn the paper by Yang et al. (2018)

The mathematical model faMRD tracks the transformation and growth tefo
dechlorinator popuaitions.Previous studiesf the KB-1® culture (Duhamel et al.,
2002; Duhamel and Edwards, 208@d 2006; Haest et al., 201B)) showed that

two dominant speciesGeobacter sp.Ged and Dhc, were responsible for
degrading the majority of TCE toissDCE andconvertingcis-DCE to ethene,
respectively. Hydrogen is assumed as the only direct electron donor for
dechlorination and is produced from fermentation of the added organic substrate
(i.e., lactate). Although the model includes a competitor species, atopé&br

electon donor from other microorganisms, including methanogensreaducers
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and sulfatereducers, was not considered in the aquifer cell simulatamghese
microbial populations made up a minor fraction of the population in thad®<B
culture (Duhamel andEdwards, 2006).Note, however, in the field, athor
consumption from microorganisms other than dechlorinators could play a role in
influencing the effectiveness wf situdechlorination especially when the electron

donor is limited

Based pon the above conceptual model, a dual Monod kinetics model (Chen et al.,
2013; Christ and Abriola, 2007; Clapp et al., 2004; Lee et al., 286duntingor
competitive inhibition, hydrogen utilization, and biomass growth, is applied to
describe MRD. The mathematical expressions fdransformation ofeach

chlorinated solvent component are given as:

%, %

ﬁO(I) 0 655
i LRO 0O O rF 0 0 Aok (5.3)

wherel is the mas rate of dechlorination of componé@h the aqueous phase
(ML3T1),"Q ;is the maximum utilization rate for compon&@gM-  T2), &

is the concentration (ML ) of attached active cells for the T@Echlorinator’Q
"00)jand the ciDCE and VC dechlorinatof®@ ‘OO, U  is the half saturation
constant for componerf®@ML3), 6 is the aqueous Hconcentration (M),

6 i is the threshold concentration of fér dechlorinatig populationGML %),

and U j i is the half saturation constant of fér dechlorinatof(ML 3). Here the
traditional Monod kinetics equation is multiplied by a hydrogen utilization term,

which accounts for the energy constraints to maintaimamaim H concentration
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(Clapp et al., 2004; Fennell and Gossett, 1998)e competitive inhibition factor,
‘O(dimensionless) accounts for inhibition caused by competition for electron
donors and enzymes (Cupples et al., 2004; Garant and Lynd, 196&; éda,
2010@a); Lee et al., 2004; Yu et al., 2005ptakes the general form op

B & T0f , whereb ; is the inhibition constant for componé®ML ) from

componeniQ Inhibition of the reductive dichlorination of tHess chlorinated
ethenes by the more chlorinated ethenes has been commonly observed (Christ and
Abriola, 2007; Cupples et al., 2004; Yu et al., 2005; Yu and Semprini, ZDgd).

detailed inhibition model follows that employed in Christ and Abriola (2007):

‘O P (5.9
O p 0 %0y (5.5
O p O Tojp 6 T0j (5.6)

For simplification, &ctate is assumed to be fermented singlestep to produce
( (e.g., Chen et al.,®3; Christ and Abriola, 2007Wwhich is immediately
available asan electron donor for dechlorination. The stoichiomea#nygiven as

(Ohnishi et al., 2012)

#O # (/1 (#1 lo( 1 ©ac# o (5.7
Thefollowing kinetic modelis used for lactate trafemation by thdermentative

population(® ):

i h (5.8)
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The term’Y in equation %.1) for all components can be formalized™s:
i Y i i Y i i Y i and'’Y
i .Then,Y forHzproduction and consumption can be written as:
Y —i —i —i —1 ) (5.9)
wherew is the molar reducing equivalence of that is generated or demanded

during transformation of one mole componént & 0  is the molecular weight

for componentQ

The growth rate of biomass modeled for each population as a function of
substrate transformation rate, yield coefficiedit,(MnioM™) and frst order

endogenous decay coefficieid;, (T™):

KoY wl Qrw (5.10)

The expressions for growth rate@€éo, Dhcand fermenter are listed below,

(9 .
D (o I 5.11
a3 @ i Qr ® (5.1

0 -

— & i Qf 5.12
a5 @ 1 W i FEA (5.12

(9 .
D Qr G 5.13
a5 W i Qr ® (5.13

In the model only attachednonplanktonig biomass is assumed active for MRD
anda very small minimum biomass concentration (e.g. g-cell/n?) for each
population is maintained throughout th@main, to allow for growth at any location

in the absence of microbial transpdtmulations confimed that this very small
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biomass concentration has no appreciable effect on the predicted MMHDrm
non-attacheeto-total cell ratic of 33% (Geg and33% (Dhc) wereassumedor the
entire aquifer cellin this study, based upon measurements in a simsikzd
chlorinated solvent aquifer cdlCapiro et al., 2015and previous dechlorination
studies (Sadlowsky et al., 201()), and adjustediuring calibation with the

literaturerangeof 10%-38% (Cépiro et al., 201,55abolowsky et al., 2016)).

5.2.3.2Model Implementationand Mass Balance

Stepwise/accumulative mass budget subroutimere implemented in the aquifer
cell modelfor six chemical components: TCE, €&CE, VC, ethene, lactate and
H>. In order to solve the fully coupled transport equations of the@nponents,

thel terms are calculated by laggidg and ¢ onetime step,

Q 565 O 0 & 0 i
VIEN®

iR

. : . . (5.14)
O Van  Or  Ogn

An adaptive time step procedure was applied to account for the error introduced by
using an explicit solitn scheme for so that discrepancy between old and new
solutions is constrained within a tolerable rafige, 10° here) Furthermore, the

mass discrepancy indicator presented in MT3DMS mag@ihaing and Wang, 1999)

are used to evaluate the accuracy of the model solutions for chlorinated ethenes and

ethene:

OO a6 HaH '@ MB HE OO

BY: 01 $Q B'YE W (5.19
™ BYEOI BQ BYQE D
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s s iz x YEOT DO "Y'Q¢ B
YO Qn 0Wi @i Qfp W & s ~vaor o~ &1

whered s the total molar mass of carbon bondalrorinated ethenes and ethene
(aqueous and sorbed) in the domain at the initial time Stepndd are the

total molar mass at time stémnd its previous time stepY¢ ¢ iamo (Y Qéar@the

total molar mass into/out of the domain from external sources/sink for all
chlorinated ethenes and ethene at time &tewhile B"Y¢ 0 1add® "Y' Qéar®
accumulative mass exchange added up for all time sigsY¢ 6Qand’Y'Q¢ Q
termsincludemass exchanges between constant concentration boundaries, constant
head boundaries, and constlimt boundaries. In general, the global mass balance
calculated for simulated time duration using equatibrig) and (5.16) was
controlled below 0.5%. The @mnass is updated after each transport step by using

the following analytical solution,

Op O AGD — Q (5.17)

5¢

5.2.3.3Model Fitting of Batch Experiments

A finite difference, coupled species, batch system rbaksice mode(Christ,
2005; Amos et al., 20Q&)) wasusedto estimate MRD parameteir®m microcosm
data(D2K-1, D2K-2, and D2K3) for use in the aquifer flow cell simulations.
the batch modelransformatioratesY and inhibition were modelday equation
(5.3)-(5.9). The model incorporatedquilibrium liquid-solid and liquidgasmass
partitioning, as well asmass loss via sampling and diffusion through the septa.

Consistent witithe experimental conditionsl. (electron donor) was assumed in
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exaess at all timePreliminary work demonstrated that adequate model fits could
be achieved without any form of competitive inhibition in the model, so the
competitive inhibitionfactors'Owere all set to unityGiven the large liquid to solid
ratios in the microcosms, it wassumed that atlechlorination occurred in the
agueous phasbacteridattachmentvas neglectedBatch model gowth equations

for the two dechlorinator populations are ginwnequation%.10)-(5.13).

Data (times series of biomass and aliphatic concentrations) from three microcosm
replicates that most closely matched aquifer cell conditions and an abiotic control
experiment were used, in conjunction with the batch model, for MRD parameter
and mass loss estimation. For a given set of batch measurements, parameter fitting
was accomplished by running the microcosm mass balance model and minimizing

thecombined mean square erréy (

(5.18)

mal_

where¢ is the number of aliphatic compounds (TCE through etheéna}, the
numter of aliphatic sample data, is the agueous phase concentration (mM) of
aliphatic compound&in sample€Q| is a weighting constarg, is the number of
Dhc biomass concentration samples, @and j is the aqueous phase bicssa
concentration (mg cell/lL) oDhc in sample b(D2K-2). Objective function

minimization was achieved using theonlinear least squares optimization

algorithmi EBFGSBo6 ( Zhu et al . 1997) as i mpl emente
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and Root Finding Module (Vianen et al. 20200T hr ee maxi mum substr
utiliza®ipnwiker®€EQCE, sor VC) and two vyield
(& , whre rd@iCE or VC) we2vei tfhi tem antil2 K

minimum value ofQwas obtainedUsing data from D2K2, three maximum

substrate utilization rate paneters and two yield coefficients were estimated in

the fitting process o tArDI2&Kb s and3 i D(2)KT he aver age value
"Q | over the three replicates waised to parameterize the aquifer cell model.

Other parameters, including irati concentrations, endogenous decay rates, and

half saturation constants were determined directly from laboratory measurements

or from the literature. A complete descriptionrobdel implementation and the

staged fitting process is descrikiadhe projectreport by Abriola et a2019)

5.2.3.4Performance Metrics

Two metricswereusedto analyzeto the aquifer cell modeling results

The mean relative effluent concentration errors were defined0asP
B 6 r O i A0 () p Tt Tt pwhere
0 is the time when theQth concentration anple was taken,

0 AT & ; are the model predicted and experimental measured

effluent concentration for componegat timed , 0 is the number of total data

samples taken for componéfitomo T1to 0

The extent of dechlorination =0 cO 00 Yoo

0 0 0 ]. The ratio of the modeled and the observed extent of
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dechlorination was used tssess the model predictiperformance in terms of
dechlorination extent. A ratio of 1 indicates that the model adequately predicts the
extent of dechlorination; A ratio<l indicates an underestimation of the

dechlorination; A ratie>1 indicates an overtisation of the dechlorinain.

5.3 Results and Discussion

5.3.1 Microcosm Fitting

In these experiments, an averagd®fdayswas required to transform 95% of the
TCE to ethendFigure 5.2. For all three replicates, TCE was degraded rapidly,
over an average periarf 3.7 days while cis-DCE persisted for an average of 30
days. VC concentrations began increasing after an averagedsdysénd peaked

at day 26, when the concentrationod-DCE dropped below the detection limit
(0.0016 mN). Production of ethene wéimited until day 26the time at which VC

concentrations peaked.

The microbial transformation model generally provided a good fit to the measured

chlorinated ethene and ethene concentra(ibiggire 5.2, with total mean squared

errors (Q of 4.1e4, 7.6e5 and 5.2¢5 for the three trials, respectively. Average
fitQedarameters for the microcoalm eexperim
5(a) along with other MRD model par amet er s
model i ng,r oans tthakdn tfer at uraer.e Tgheen efriatltleyd waar
the ranges ofexlcietp® ryd tunf@e ; vdael vuieast i ng wi t hi n
factor of 2.8 f r ohne stehedilfifteerreantcuerse mnvaayl ubees .at

di felhere i n experimental sc¢congln awtoms mdg diou rh,,
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Figure5.2 Modeled results and measured valuesafset of three parallel microcosm tridlsi D-2 K, 2D 2 K a n-8 o Fighr@sK
(a)(c) show the comparison of modeled and simulated resultsjfieeous phase chlorinated ethenes and ethene concentrations. Figures
(d)-(f) show comparison fdsiomass conertrations
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Table 5.2 Dechlorinating prameterdfitted to microcosm expements (a) and

estimate fromtheliterature(b).

(a) Microcosm-Based Parameters

Parameter This study Literature®
Q ( mol/(mg cell*d))?
TCE 670(850,560,600) 5-1035
DCE 737 (930,680,600) 1-530
VC 387 (430,380,350) 6-214
0F(M)P
TCE 5.0 4-10
DCE 74.5 1-196
VC 50.4 1-197
@ (mg cell/mmol)
TCE 10.27° 0.14-78
DCE 0.11° 0.04-20
VC 0.96° 0.40-20
Qp (1/day)?
GEO 0.05 0.050.1
DHC 0.066 (0.0310.066) 0.050.1

aFitted to the microcosm experiments. Averdgealues and bedit values for three
trials (bracketed) are listed in order.
® FromClapp et al. (2004)Values fixed at midpoint of the literature range.

¢ Initial values ofda AT & taken from Clapp et al. (2004) and fitted to match
biomass measurements from one trial of the microcosm experiments. See section
5.2.3.3

4"Qr  from Christ and Abriola (2007,  fit to the measurements of biomass

in the microcosm experients; 95% confidence interval in brackets.

¢ Parameter ranges collected from Baelum et al. (2014), Duhamel and Edwards
(2007, Friis et al. (2007), Haest et al. (2010a,b). The ranges and values for lactate
were taken from Fennell and Gossett (1998) and Chen et al. (2013). Ranges and
values forGeoand Dhctaken from Christ and Abriola (2007).
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(b) Parameters Estimated from the Literature

Parameter This study Literature®
Lactate?

Q ( mol/(mg cell*d)) 135 135

0 (M) 2.5 2.5

@ (mg cell/mmol) 1.9 1.56.3
Biomass®

0 i r (M) 0.1 0.0150.1
Orp 7 (M) 2 2

Q;  (1/day) 0.05 0.05
Stoichiometric coefficientsp (mol H/mol substrate)

) 14

W 6

a@Not used in the microcosm batch model. ; andv ; were taken from
Fennell and Gossett (1998) and adjusted foldheratory temperatur€) was
adjusted, within the literature rangeo match measured effluent lactate
concentration.

® From Christ and Abriola (2007).

¢ The coefficients for chlorinated ethenes and lactate were obtained from Christ and
Abriola (2007) and Ohnishi et al. (2012).

d parameter ranges collected from Baelum et al. (2014), Duhamel and Edwards
(2007, Friis et al. (2007), Haest et al. (2010a,b). The ranges and values for lactate
were taken from Fennell and Gossett (1998) and Chen et al. (2013). Ranges and
values forGeoand Dhctaken from Christ and Abriola (2007).

Table 5.3 Experimental conditions of laboratory batch studies of dechlorination
using KB-1

Electron Solid Growth

KB-1 Paper Temperature donor phase medium Vitamins

Baelggljt al. 10° C lactate %:?;y%il(lj f none none
Hagsétlzt 3 20° C butyrate none mler:j?lfrir! yes
Friizsog'[?al, 20° C lactate none mler:j?lfrir! none
This study 20° C lactate 15 g soil mler:j?lfrir! yes
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5.3.2 Flow Field and Tracer Test Model Calibration

The numerical model of the aquifer cell was dasd to reflect the experimental,
multi-layer, permeability distribution and to reproduce the inflow and outflow
system configuratior(Figure 5.3. Higher hydralic conductivity (6 ordes-of-
magnitude lowethan that of the Commerce Streeil) was assiged to the first

and last column of the numerical grid cells, which represented the flow chambers.
In order to simulate the controlled head gradient created by drop tubes in the
influent and effluent chambers, the numerical grids at tle¢ amd outletocations

of the tubes were assigned as constant head/concentration cells. A ueffoet

grid spacing(5 mm (length) 2 mm (height) was applied in the upstream
weighting implicit finite difference scheme to resolve transport processsare
computatimal stability and improve predictive accuracyA longitudinal
dispersivity of 0.1 cm and a vertical to longitudinal dispersivity ratio of 0.1 were
employedconsistent with model calibration in a similar packed slbn-Marion

et al, 2017).Porosity wa calculated from experimental measurements of soil mass

and emplaced volumé&stimatedmaterial propertieareprovided inTable 5.4

Tracer test data were employed to calibrate the aquifer cell flow model boundary
conditions and permedity field. Figure 5.4and Figure 5.5present the effluent
bromide breakthrough curve and erioglaucine A tracer test photographs,
respectively. The normalized concentration reachgeakof 0.4 in the influent

and exhibited significant tailing. Dye tracer experiment resuts (Figure55)
suggestethe existence of a layer of higher permeability in the center of the aquifer

cell, with lower permeability layersat the top and bottominitial hydraulic
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conductivities were estimated by using lageeraged pore water velocities
calculated using visual observations of the movemetiteoblue dye tracdront.
Then, after imposing a fixed hydraulic head gradient, the hydraulic conductivity of
each layer wa adjusted iteratively until a minimunormalized root mean square
error (NRMSE) between model simulation and experimental observation was

obtained.

Employing these estimated parameterand boundary conditionsnumerical
simulationsprovided a reasonableatchto the experimentadffluentBTC, with a
calculatedNRMSE of 24.2%. The simulated BTC matched the general shape and
arrival time of the experimental BTCbut displayed discrepanciesin peak
concentration and tailing concentratat late times. Thesdiscrepanciesiay be
attributedto smallvariations in layer configurati@not captured in the numerical
model domainlt is difficult to numerically characterize the detailed layer shape
introduced during the packing procegs.minor adjustment was mda to the
porosity of L7 to improve the goodness of fit, associated witlsiples loose

packing and air entry in the ta the systen{Table 5.3.

A small area of blue dye was observed at the bottom of the effluent sdredn
hours Figure 5.5(b)), suggesting some flow bypassing, consistent with early
breakthrough observeth Figure 5.4 The mass recovered during this early
breakthrough (@lay 2.7) accounted for 4.1 % of total bromide mass injedteel.
mismatch in early time concentrat®was thus, likely caused by a preferential
flow pathway allowing a small proportior imfluent solution to bypass the porous

medum. However, the NRMSE improved only slightly (to 22.7%) when the early
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breakthrough mass was exclud€lerall, the simulation resustdisplayed good
agreement with experiment dasaupporting the used of thegarameters in MRD

simulations in the aquifer cell

Table5.4 Estimated property parameters for soils used in the aquifer cell

M - - . o
Porous Mediz Hydraulic Conductivity Porosity,%o

(m/day) )

L7 0.59 0.45 (0.5)?

L6 0.3 0.51

L5 0.75 0.48

L4 1.18 0.45

L3 1.42 0.45

L2 0.35 0.48

L1 0.75 0.5
Clay 0.11 0.56

aThe porosity of L7 was adjusted to fit tracer data. The adjusted value in the
parentheses was used in the model.
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Figure 5.4 Comparison of experimental and model simulated effluent BTC.
Experimental data: pink circle; Model simulation: blue solid line
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l-'ol:)

Figure 5.5 Photographed (left) and simulated [rip tracer concentration for
selected time: (a) hour 5.4, (b) day 1.8, (c) day 3.1, (d) day 4.1, and (e) day 4.9
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5.3.3 MRD in the Aquifer Cell
5.3.3.1Experimental Results

Figure5.6 presents measured effluent concentration data for chlorinated ethenes,
ethene, and date for the experimental period following biostimulation and
recirculation (beginning at day 55). Note that, at the end of the recirculaton phase,
high concentrations oéthene (average of 0.14 mM over 10 port samples) had
accumulated in the aquifer cells evidenced by the high initial ethene effluent
concentration irFigure 5.6and the measured port data at this tifRigyre 5.7.

These high ethene levels were achidwgdontinuous introduction of lactate in the
influent and increased contaminardsdence (transformation)time, due to
recirculation. It is useful to identify four distinct experimental time periods
following recirculation: P1 (days 5B3, extending fo2.6 PV), P2 (days 780, 1

PV of lactate injection), P3 (days-8®, 2.3 PV post ldate injection), and P4 ( >96
days, 2.4 PVno effluent VFAsobserved) (Figur®.6). During P1 when lactate
washot beingintroduced the electron donor was being depleted effluentcis-

DCE and VCconcentrationincreased threéold (0.06 mM to 0.18 mM) and six

fold (0.003 mM to 0.018 mM), respectively, while ethene concentrations declined
by 59.5% (0.23 mM to 0.09 mM). Here the decline in ethene is attributed to
inadeqate electron donor foris-DCE to ethene dddorination. During P2¢is-

DCE transformation to VC and ethene slightly increased, as electron donor was
again introducedHowever, the extent of dechlorination was not compteseD CE
decreased to 16.7 % dfipeak value (0.18 mM to 0.15 mM), VC inased by a

factor of two (0.017 mM to 0.036 mM), and ethene declined by 28.9%. During P3,
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the effluentcissDCE concentration dropped rapidly (by 45%) and then leveled out
at 0.96 mM. During P4, lactate was degtein the effluent (i.e., no longer in exsgs
and a small amount of untransformed TCE (5.8% of injected TCE) began to appear
at dayl05.This latter observation suggests that some microbial transformation was
sustained in the absence of electron doBased on effluent concentrations
measured athe end of P4, the observed extent of transformation required the
presence of 0.34 mM ofequivalent to 0.056 mM lactate. It was hypothesized
thatdissolved organic carbon (DOC) in the site groundwater wasilootihg to
dechlorination during P4This background DOC level is consistent with the
observedransformationof TCE tocis-DCE by indigenous microbes (e.@€0 in

the field (Rectanus et al., 2007). Althou@c was not present in the field,
Schneidewid et al., (2014) previously demonstratedtthative dechlorinating
bacteria (i.e.Phc) were able to use homogenized riverbed sediment with organic
content to facilitate TCE dechlorination @ws-DCE, VC and ethene. Their
statistical analysis further suggted that dechlorination rates were noatesl to

type of carbon sourse(e.g., lactate, molasses, and sediment extract). These
observations are consistent with previous research that showed the competitive
advantage of dechlorinators when resourcedimniéeed (Duhamel and Edwards,
2007; Fennellet al., 1997; Yang and McCarty, 1998). High concentrations of
dissolved organic carbon, ranging from 1.5 mgC/L to 3 mgC/L, were reported for
the soils and groundwater samples that were collected in the fieldarsite
(Rectanus et al., 2007). The carbomaantration was converted to lactate

concentration based on the carbon equivalence, resulting in lactate concentration of
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0.042 mM0.083 mM.Therefore, he mean value of 0.056 mM lactate was used in

the numericalmodel as a background input concentratiéithough reducing

equivalents derived from endogenous decay produastdeen proposéd be one

possible source to sustain MRP.g., Adamson and Newell, 2009; Sleep et al.,

2005), information and data (e.g., rfeentation processes, kinetics and rate

parameters) are lacking to support parameterization of the model.
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Figureb5.6 Chlorinated ethenes and ethene concentrations in the aquifer cell effluent.

The solid \ertical lines represent the beginninglamd of the lactate pulse injection.

The dashed vertical line represents the time at which VFAs were not detected in the

effluent samples. TGH , cissDCE--6, VC--3 ,
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5.3.3.2Modeling MRD in the Aquifer Cell

Numerical modeling was used teaduate thdransferabilityof microcosmderived
parameters to a bendcale heterogeneous flowing system. foetsured
concentrations after regculation were used to obtain initial conditions for the
simulation. The simulation period extended for ad@§ period (P4P4).The set of
hydrogeological parameteffable5.4) obtained from calibration to the tracer test
was used, in conjunction witthe microcosrbaseddechlorinationparameters
(Table 5.7a)), to simulateMRD after recirculationRate parameters for lactate
transformation(Table 5.2Zb)) in the aquifer cell were obtained from the literature
(U andQ ), since fermentation was not tracked in the microcosm
experiments. Here thiactate yield coefficienf® ) was determined through

model calibration to measured lactate concentrations

Side port measuremend$ chemical and biomass concentratioRgy(re 5.7and
Figure 58) were processed by using eD2scatter data interpettion algorithm,
Agriddat ao ( MATLAB, The Mat hwor ks,
concentration contours used in the aquifer cell mdeigu¢e 5.9andFigure 5.10.

A few other chemical property parameters were obtained from literature and kept
fixed in the model Table 5.5.0 ; was set as as 0.12 L/kg and 0.35 L/kg for
upper layer materials and the clay, respectively, consistent with batch sorption
measurements (GaetR017). Theb ; and0 j; were obtained by scaling

Oy besed on the t of 0 ;70 y , where0 f is organic carbon
partitioning coefficient (/M) for componentfQ Ethene, lactate, and:hivere

assumed to be nesorptive constituents.
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Consistent with effluent observations in P4, for theebase simulation, a
background concentration of 0.056 mM lactate was included in the influent

throughout the simulation period to represent the dissolved organic carbon (DOC)

in the site groundwater.

Table5.5 Chemical component properties

Properties a o* O° o °
(grammole) (m?day)  (L/kg)
TCE 131.4 6.90e5 126
DCE 96.94 7.80e5 48
VC 62.5 9.20e5 26
ETH 28.05 1.16e4 -
LAC 89.07 1.27e4 -
H> 2.01 3.32ee -

2’0 is the molecular diffusivity. Parameters were taken from CandtAbriola

(2007) and Chen et al. (2013).
b Taken fromMackay et al., 2006
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Figure5.7 Measured initial portsoncentration for chemical components, (a) TCE,
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Figure5.10 Interpolated initial biomass concentration for dechlorinatorsGés),
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Figure 5.11(a)(e) presentcomparsons ofsimulation results to measured effluent
BTCs for all monitored species. Inspection of the figure reveals that the microcosm
derived parameters yielded model predictions that captured the general trends and
magnitudes of the dffent BTCs reasonably welDver the simulated period, mean
relative effluent concentration errors, MRE were 6.7%, 27.0%, 41.5%, 32.0% and
21.6%, for TCE, cissDCE, VC, etheneand lactate respectively. However, the
magnitude of modeled concentration déggancies varied significagthcross P41

P4 for each of the daughter products, with errors & % =13.3%56.0%,
MREvc=31.2%55.2%, and MREetH=10.3%49.0% Figure 5.12. Average
predictive errors for all four aliphatic compounds generally increasdd timie

over the four periods (ME=26.7%, 33.02%, 38.3%, 38.99%) large discrepancy
(>50%) between measured and modeled efflaeaDCE and VC concentrations
was observed during P4, while a good agreement with measured concentrations
was attained for etime (MRE=10.3%)Thelargerpredictionerrorsin cisDCEand

VC at P4areinconsistent with that of the first three period§his could be
attributedto a changein transformationability for Dhc, arising from utilizing
endogenous decay products as cadmurces. Tis effectwas not accourtfor in

the model. Although local errors were sometimes significant, predictethl
chlorinated ethenes and etheo@centration§TOTE)in the effluent compare well

with measured OTE (MRE =5%). This close agreemesniggests that the exall

flow system is welimodeled and indicates good experimental mass recavely
limited mass loss due to volatilizatiomhese simulation results also suggest that

microcosm fitted kinetic dechlorination rates can be used in adiménsional,
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benchscale model to provide adequate predications for effluent concentrations and

the extent of dechlorination.

Comparisons of sidportvolatile organic compound/QOC) and biomass data with
model predictions were used to further assess npeEtédrmance. Meased and
predicted VOC concentrations are showirigure 5.13or ports located 6 cm and

40.5 cm from the influent chamber. While VOC measurements at the upgradient
ports Figure 5.13a), (b), and (c)) indicated minimal/no presence 6fand ethene,

the daa at downgradient portsigure 5.13(d), (e), and (f)) demonstrate greater
dechlorination. This is consistent with previous research that demonstrated the
influence of residence time on complete dechlorination (e.g., Amos et al;, 2009
Haest et al., 201@hen et al., 2013). Comparisons among downgradient ports C1,
C3 and C5 Figure 5.13(d), (e), and (f)) reveals that the dechlorination extent
increased from top to bottom, suggesting that more complete dechlorination was
associated vth the slower flow ad anoxic conditions at depth. The model was able

to capture the general shapes and trends of the measured VOC concentrations at
these ports. Howevethe ciss-DCE concentrations were overpredicted 88% of

data pointdy an average tor of 1.5, andthene concentrations at port Gsgure
5.13(f)) were overpredicteduring P3 by over a factor of 2. These observations are
difficult to explain, given theerrors predictedbetween measured and predicted
effluentcis-DCE concentrations uring PtP3were smaller than 5094 hus,there

may be other factors/mechanisymassociated with port sampling protoceisd

local packing variationshat led to these discrepancie¥he prediction of VOC

concentrations in the bottom layermay have been fluenced by mass diffusing
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from the clay layersHigure 5.1%. The absence of initial biomass and VOC
measurements in the clay could have adversely impacted model accuracy in this
zone. In general, port observations demonstrate the impoetaof local
perneability variations and spatially varying initial conditions on local MRD

processes; prediction of effluent data was less sensitive to these local variations.
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Figure 5.14presents measured and simula@&eo and Dhc biomassat selected
times for sampled side ports. Biomass dadiabited variations within one order of
magnitude over time, with spatialjveraged values of 4.870%, 2.4%10°, and
8.48<1( cell/L for Dhcat days 54, 90.3, and 103.6, respectively and an average of
1.24x10°and 4.3%10’ cells/L forGeoat days 54 ah903, respectively. These data
indicate a stable population Dhc over the course of the experiment. Biomass data
at day 54 were used to establish the inDiat andGeodistribution in the aquifer

cell for the model, hence yielding a perfect matchnhedata at this timeHigure
5.14(a) and (d)). Comparison of model simulated and meafnedbundance at

days 90.3 and 103.6 revealed close agreement, with normalized root mean squared
logarithmic errors (RMSLE) of 6.1% and 24.0%, respeetly (Figure 514 (b)

and (c)). However, large deviations of predictions from data at day 103.6 were
observed at the top ports (A1, B1, C1 and D1). NRMSLEs decreased substantially
(to 2.6%) when these four top ports were excluded. The large predictive errors at
the upperport locations (in L6 and L7Figure 5.) could be associated with
(unmodeled)olatilization of dechlorinating daughter producsthe free surface
and/or the influence of wateir contact on cell growth and attacked
nonattached cell rat® In contast, predictions ofseo concentrations did not
conform to the magnitude of or trends in the port measurenfegtaé 5.14(e)).

This was expected, since valuesof andQ;  employed in the model were
taken from the literature al@  was based upon only two microcosm data

points (due to the rapid transformation of TCE).
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5.3.4 Exploration of the Influence of Heterogeneity on MRD

The port data presented above demonstrétatdechlorination extenvaried
temporally and spatially in the heterogeneous aquiferMelilel simulations were
generally consistent with these observatienmaulated VOC contour@igure5.15
demonstrated spatially variable ethene concentrationsy thié most ethene
productionassociaté with the presence of low permeability layefs the model,
these low permeability zones provided longer residence times for complete
dichlorination. The low permeability media alsmted as reservoirs to supply
electrondonorwhensubstrates in the permeable zones were deplétervative
tracer studiesHigure 5.4andFigure 5.9 confirmed this influence of permeability
variations on backliffusion; breakthrough curves exhibited an early peak
associated with flv in the higher permeable layers and subsequent tailing resulting

from release of tracer mass from lower permeability zones.

Additional simulatios were conductedto explore the infience ofphysical
heterogeneity, as well as spatial variations in intt@ditions, on predictions of

MRD in the aquifer cell. Here a homogeneous hydraulic conductivity field was
assumed, along with uniform initial chemicalDCE, VC, ethene, and ladt)

and microbial population distributiongdble 5.§. The uniform conentration

values were taken as averages of the initial measured port data, while the average
hydraulic conductivity was calibrated to the measured flow @benparison of
simulation results forthe uniform casgFigure 5.11(f)-(j)) with that of the
heterogeneous (base) caseealdess accurate effluent concentration predictions,

with time-averaged MREs increasing B8.9%, 64.4%, 96.4%, 63.7%nd24.7%
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for TCE, cissDCE, VC, ethengeand lactate, respectively.arge erors were
obataned over the periodsP1-P4 for cisDCE (MRE=48.7%113.3%), VC

(MRE=65.7%115.5%) andctheng MRE=24.7%100.2%).

The ratio of modeledo observed dechlorination extent in the effluent \aso
guantified using equations insection 5.2.3.4 The uniform madel largely
underpredicted transformation during P2 and P4, with mean values of modeled to
measured dechlorination extent ratios of 081@4) and 0.6240.04), comparing

with the ratios during P2 (0.8&0.01)) and P4 (0.9G0.05)) in the heterogeneous
model (Figure5.16). The uniform model also predicted large variability in the
dechlorination extent for P1 (0.£8.22), P3 (1.040.27), and the entire simulation
period (0.8#0.26), comparing with theatios for P1 (0.950.07), P3 (1.050.15),

and the atire period (0.960.11)

In the homogeneous model, the time available (residence time) for dechlorination

was uniform across the domain, f©EBuUl ting ir
st al | 051% &d Igrgervariability between the measured and predicted extent

of dechbrination. These resultemonstrate the influence of local heterogeneity on
dichlorinationprediction accuragya uniform model was unable to provide accurate

predictions of dedbrination product concentrations and extent of dechlorination

under electron dondimited conditions. These results contrasts with literature

reports of fieldscale reductions in obsed/effective transformation rates. The

dechlorination extent in a uorm model was underpredicted by using the
microcosmfitted transformation rates when the heterogeneity was not captured.

This also points to the benefit of permeability characterizatidield sites sparse
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samplingwill necessarily result irapplicatimms of models that use average soil

properties, likely increasing prediction errors.
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Figure5.15 Simulated concentrations for chlorindtethenes, ethene and lactate in
the aquifer cell at day 90.3 in (H)e base case with a heterogeneous domain and
(b) a uniform model
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Table5.6 Parameters used as inputs in the uniform model

Parameter Values
Hydraulic conductivity (m/day)
0.67
Initial chemical concenttan
(mM)
TCE 4 90E03
cis-DCE 0.057
VC 0.0068
ethene 0.14
lactate 9.5
Initial biomass concentration
(cell/L)
Geo 1.50E+08
Dhc 2.20E+08
1.6
3 .
5 14 R
S 12 | N L
£ 5 ) A .\ I .
2% 10 [T 2N
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Figure5.16 The ratio of the measured to predicted exterdewfhlorination in the
effluent for the three simulated case (a) the base case with the addition of
background lactate, (Ibhe uniform model with the addition of backgrounddae

and (c)the alternative case with no background lactatereference he with the

ratio of 1.0 (indicating perfect model predictions) was shown for the purpose of
comparison
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5.3.5 Model Sensitivity

As discussed above, a small background DOC conciemtyabnsistent with site
groundwater analyses, was assumed present in tretiomjdluid, serving as an
electron donor to the dechlorinating populatiofs.alternative scenario, without
injection of background DOC, was simulatedetplorethe importane of these
dissolved fermentable substrates to model predictiBiggie 5.11(k)-(0)). With

no background influent DOC, significant breakthrough of TCE (0.15 mM at peak)
was predictedn the effluent beginningat day 93.7jn contrast to experimental
observationsand transformation to TCE daughter products, particularhpCE,

was underpredicted. This model simulation resulted in much larger discrepancies
with measured datavith changesn MREs of +117.4%, +12.8%11.5% and+6.7%

for TCE, cisDCE, VC, and ethene compared with the base case, respeciively.
alternative casewithout the background DQQunderpredicted the extent of
dechlorination with an average ratio of 0.81(x0.19). The prediction difference
between tk two models was momubstantiaht later timeswith mean ratios of
0.81and 0.4%luring P3 and P#br the aternative case, respectivelyigure 5.16)

This comparison points to the importanceaotounting fobackground DO@nder

electron donctimited conditions

To further assess the influence of input parameters on model predictions of MRD,
analyses were plrmed to examine simulation sensitivity to change®in and
the nonattacheeo-total cell ratio of Dhc, within the range ofexperimental
variation. A set of three numerical simulations was conducted for the heterogeneous

aquifer cell employing the three sets™@f parameters fitted to theiglicate
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microcosm experimentsTéble 5.2a)) (Figure 5.17. Ratios of observed and
modeled declarination extent decreased from 1.(#D.20), 0.92 £0.10) to 0.80
(x0.13) for the simulations based upon D2KD2K-2 and D2k3, respectively.

This variation caresponded to the trends™® ; andQ | values Table

5.2(a)).

A second setf three simulations was performed, varying the-atincheeto-total

cell ratio ofDhc within the literature rangé0%, 25% and 10%). This parameter
directly affects the initial vaile of attached (active) biomass for the simulations.
Ratios of observednd modeled dechlorination extent for these simulations were
0.88(0.09), 0.96(0.15), and 1.2&{0.25), respectivelyHigure 5.18, with the
poorest results associated with a largdueaof initial active biomassAn
examination of the effluent concentrationSigure 5.18(k)-(0)) shows that
prediction accuracy was significantly impacted under high electron donor
concentration condition@fter the lactate pulseYvhile the norattache-to-total

cell ratio is not eadily quantifiable and could vary with organism growth state,
these results demonstrate the importance of initial dechlorinating population
guantification on prediction accuracy. The limited sensitivity analysis, however,
suggests that local permeabilityariations have a much more substantial influence
on dichlorination extent than uncertainty in microbial transformation rates or

biomass estimates, particularly under electionor limited conditions.
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Figure5.17 Comparison of experimental measured and model simulated concentrations @isFBEE, VC, ethene, and lactate in
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Figure5.18 Comparison of experimental measured and model simulated concentrations @isFBEE, VC, ethene, and lactate in
the aquifer effluent for three cases using the-atbacheeto-all cell ratio: 1) 50% (aje); 2) 25% (f(j); and3) 10% (k}(o). Data: TCE
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vertical lines represent the beginning and end of the lactate pulse injection.
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5.4 Conclusions

A coupled experimentahodeling investigation was undertakeret@amine MRD
under fieldrelevant conditions, with limited electron donors and varying
permeability and organic carbon. Despite the differences in physical scale, solid to
liquid mass ratio, andlow conditions, modesimulations employing measured
microcosm parameters provided reasonable predictions for MRD in these more
complex systemsAverage MREs of 26.0%, were achieved, as long as local
permeability variations were accounted fBased uporthis study, the follwing

conclusions can be drawn:

1 The challenge to provide accurate prediction for a long term period. Model
predicted errors compared with experimental measurements displayed large
variance, changing with the time, location and companpredicted. The
modd prediction to ports concentrations was sensitive to theSitade
variations of physical, chemical and biological properties.

1 The trace amount of background electron donor, not detectable as VFAs,
contributed to MRD in the aquiferelt, which further pmts to the
importance of characterization of organic compounds that may serve as
electron donors foMRD in natural groundwater and soil.

1 Multi-dimensional models with uniform properties, using microcosm
dechlorination rates were uralio predict aquifecell performance. The
influence of permeability heterogeneity was more significant than chemical
and microbial heterogeneitin this bench scale system with contrast

permeability varyingvithin afactor of 26
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1 Mass stored in the low permeability regioms significantly influence the
extent of dechlorination due to its ability to sustain electron donor by
diffusion.

1 Heterogeneity in soil properties influences the complete dechlorination of
TCE to ethene. Inchion of heterogeneity in numerical modelisgcrucial

to predictive accuracy of reductive dechlorination.
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Chapter 6 Modeling  Microbial Reductive

Dechlorination of TCE in aField Treatment Test

This chapter is modified based on aaxghored manuscript that is pmeparation

for submission. This study incled effort to demonstrate an MRD remediation
design in a dowahole field treatment test. Awteedimensional numerical model
was applied to design and simulate the performance of a field scale bioremediation
testat the Commerce Street Superfund Site. Matbslhlorination and microbial
growth rates were derived from the aquifer cell experime@hapter Shat was
designedo mimic the field pilot test. The paper is-aathored withDr. Jason P.
Hnatko,Dr. Tian TangMr. Liyang Chu,Mr. Jack L. Elsey, Dr. Masoud Arshadi,
Dr. John A. Christ, Dr. Kurt D. Pennell, Dr. Linda M. Abriola, and Dr. Natalie L.
Cépiro. The experimeak data were collected by colleagues in the Capiro and
Pennell Lab at Tufts University. This chapter incleidmly those sections of the

paper that relate to mathematical modeling.

Title: Impact of residence time on extent of trichloroethene biodegradatidn

comparison of laboratory and field models

Authors: Jason P. Hnatko, Lurong Yang, Tian Tang, Liyang GlagkL. Elsey,
Masoud ArshadiJohn A. ChristKurt D. Pennell, Linda M. Abriola, and Natalie

L. Cépiro
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6.1 Introduction

Mathematical models arewidely used to evaluate the transport and
biotransformation (e.g., MRD) of chlorinated solvent plumes. Numeetfosts

have been undertaken to develop models, analytical or numerical, to simulate the
coupled processes of diffusion, sorption and biotransdtion. Several commonly
used analytical and numerical models have been presented and reviewed in section
2.2.3 Analytical models are generally more attractive to practitioners due to their
simplicity of application and ability to provide prompt res(és)., Aziz et al., 2000;
Falta, 208). In their review of chlorinated solvent sites, McGuire et al., (2004)
found that the analytical model BIOCHLOR (Aziz et al., 2000) was the most
frequently used, accounting for 60% model applications. While providimnzk g
assessments, analytical models are normally limited in applicability by their
simplifying assumptions, e,gzero or first order reaction, omémensional flow,

and homogeneitgtc.

As has been reviewed in sectid.2.2 numerical modelfiave been uskby many
researchers to condudtd simulationsaccounting fortransverse advective mass
flux (Clementet al, 2000;Hammond et al., 20035okkinaki, 2013;West, 2009).

Many of these modeling studies have focused on prediction sensitivity to model
paramegrs in hypothetical subsurface/source zone scenarios (Hammond et al.,
2005;Kokkinaki, 2013 West, 2009). Clemért al. (2000) used modsb calibrate
1%Lorder rate parameters for TC&is-DCE, VC and ethene to site data but failed

to account for the coplexity of microbiology More realistic simulations need to
account for complexity dbothhydrogeology and bhemistry.
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However, the level of details required to fully parameterize a model is usually
lacking for many sitesThe application of complex numerical model to the field
requires specification ahanyinput parametersuch as maximum utilization rates,
biomass vyield, bio decay, initial biomass, fermentation rates and inhibition
constants (Christ and Abriola, 2007Multidimensionalnumerical modeling
studies have often been parameterized hittransformation rates from literature
values (e.g., Clapp &l., 2004; Hammond et al., 200&pkkinaki, 2013;West,
2009; Widdowson, 2004)Biotransformation rate parametefer the Monod
kinetics reported in the literaturbave a very wide range of valuesd were
developed in different xperimental conditions (@mbon et al., 2013)For
example, the maximum utilization rate of TCE varied diyout six orders of
magnituderanging from 1.2e13‘ mol/( cell&) (Popat and Deshussess, 2011) to
2.8 e7 * mol/( celld) (Haest et ., 2010(b)jn 22 reductive dechlorinatio
experiments that was reviewed Bhambon et al(2013). The application of
literature values that were derived ena particular set of experimental conditions
to a field site can introduce substantial uncertainty in model predictions. A better
assessmet of MRD modelingneeds to be achievég usingkinetic ratesneasured

in consistentmicrocosmbenchmarkfield conditions given the fact that little
guidance is given about choosing literature values for field application
Contradictory conclusions abbrate parameter upscaling have been obtained for
1-D or 2D transport models simulats using laboratorgerived rates from
similar systems, as has been more thoroughly reviewed in section 2.252land

Further, most studies (e.g., Chapelle and LovI®@0; Ding et al., 2017; Kang et
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al., 2019; Phanikumar et al., 2005; Smith et al. 6188 2001; Langer et al., 1998)
have determined that fielobserved transformation rates were overestimated by up
to several orders of magnitude when laboratory ratanpeters were employed.
Considering these inconsistencies, there is an urgent needieigrated modeling

and experimental studies that explore the upscaling of biotransformation rates from
microcosms (no flow) to bench scale (flalarough) to field system (3D, large

domain).

Hydraulic residence timénas been recognizedne of the irportant factors
determining remediation efficien®f ISB (e.g., Adamson et al., 2011; Aulenta et

al., 2006; Steffan and Schaefer, 2016lhe effect of residence time oOhRCE
dechlorination extent has been explored previously in laboratory studies (e.g.,
Amos et al., 2007(b); Chen et al, 2013; Haest et al., 2011). However, this effect has
not been widely studied in field models due to use of homogeneous domains and
insufficient information of finescale variations of permeabilitythe modeling
results in Chpter 5 for a layered system indicated that low flow/long residence

time regions were associated with a higher extent of dechlorination.

Effective reagent (i.e., substeat delivery is challenging for subsurface
bioremediation (Stroo and Ward, 201@ue b subsurface heterogeneity, it is
impossibleto achieve complete mixing without mixirex situand recirculating,
and substrate losses can occur due to diffusion into demmeability zones
(Kitanidis and McCarty,2010. Improvement of delivery can be aekied by
intermittent or longterm injection USEPA, 2013). However, the effect of delivery

strategy on remediation performance has seldom been modeled. To date, there has
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only benone study (West, 2009) using a sophisticated numerical model to simulate
the effect of substrate injection @ourcemass removallThe study concluded that
discontinuing substrate injections may cause parent concentration rebound because
of scardty of substatesHowever, the extent of dechlorination was not assessed in

this study.

In this chapter, thenicrocosmderived and aquifer cetlalibrateddechlorination
kinetic model described i€hapter5 is integrated intdhe modifiedsimulator,
MT3DMS, to providea reactive transport model that can simukateemediation

in adown-hole bioremediation treatment teSimulation results were compared
with field measurements of VO@sdVFA concentrations and biomass abundance
to evaluate model predicgwperformanceThe impact of flow residence time and
substrate delivery strategye also explored, providing insight for field remediation

design.

6.2 Methodology

6.2.1 Field Treatment Test

The Commerce Street Superfund Site (Williston, VT) is located at thagAlli
Industrial Park (Figure 6.1). Previous investigations showed that the site is
relatively homogeneous but with some finiwgh depth (Abriola et al., 2019). A
clay confining layer underlies the contaminated sand unit. The regional
groundwater flows fromthe northern part of the site towards the southeast.
Contaminant sources includdating rinse water, sludge wastes and disposed

solvents from a twentfour year period (1960 to 1984). Prior to installment of the
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downthole treatment test, site investigats revealed that the primary contaminant

at the treatment areadss-DCE (up t00.17 mM) with trace levels of TCE.

A treatment transect was chosen downgradient cfdbece zoneFour wells were
installed within the treatment area including two cordmi multichannel tubing
(CMT) multilevel wells (CMTF6 and CMT1) and two monitoring wells (DHLL

and DHT2). Consistent with the the second aquifer cell experiment presented in
Chapter 5, the pilot test consisted primarily of a recirculation phase beBi#en

1 and DHTF2 to create a favorable environment for microlgi@wth, followed by

a longterm monitoring phase, during which groundwater was pumped fromCMT
1 at6 screened intervals (6.2640, 7.928.08, 8.848.99, 9.6@9.75, 10.410.5, and
11.1-11.3m below ground surface (bgdgy facilitate transport of chemiainto

the treatment zone between DHand DHTF2. Two pulses of lactate were injected
from DHT-1 at thel0.1-10.7 m bgsnterval during the monitoring phase. The first
pulse of 75 L of 13.InM lactate was injected at 3.7 mL/min for 15 days; The
second pude of 75 L of 37 mM lactate was injected at 2.4 mL/min for 24 days. The
groundwater residence time within the treatment awae increased to 21 days
during the second pulse period beginnliigdays after the first lactate pulse. VOCs
and VFAs from DHTF1 and DHT-2 were collected and analyzed in thépio Lab

to compare the MRD under different flow residence times. Operation parameters
are listed in Table 6.1. Details pertaining to the expemnia materials and analysis
methods can be found in the projesport (Abriola et al., 2019) and will be left for

the paper and dissertations of group members in épgdCLab.
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Treatmert System

(bng-term montoring)

SCALE IN METERS
1100

Figure6.1. Location of @mmerce Street Site and the treatntesmsect with four
installed well, including CM76, DHT-1, DHT-2 and CMTF1
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Table6.1 Field treatment test operations for (a) recirculation period and (btésngmonitoing period

(a) Recirculation

bromide tracer lactate recirculation bioaugmentation lactate/biomass recirculatic
Recirculation
Start date 7/11/2017 716/2017 7/13/2017 7/13/2017
End date 7/13/2017 7/27/2017 7/13/2017 7/27/2017
Pvcglg"(’:"f‘t;er (cm/d) 143 143 143 7.15
Residence
time (days) 7 7 7 14
10 mM bromide; 5mM ) 1.5L of KB-1 )
Injections Lactate; 0.85 g/L KBL 5 mM Iactatg, 0.85 innoculum® (SIREM; 5mM Iactat<_a, 0.85 g/l KB
SO S g/L KB-1 Primer® 1 Primer®
Primer Guelph, ON)
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(b) Long-term moniteing

long-term | long-term long-term | 1st half of the| 2nd half of | long-term
. monitoring, | monitoring, | 1st lactate - )
Unit 1st period 1st period oulse monitoing, | 2nd lactate the 2nd | monitoring,
DHT-4 CMT-1 2nd period pulse lactate pulsg 3rd period
Modeled - - Long term monitorin
period 9 9
Phase
compared ) ) PL P2
Start date - 7/27/2017 | 8/15/2017 | 8/29/2017 | 9/13/2017 9/30/2017 | 10/16/2017| 10/23/2017
End date - 8/15/2017 | 8/29/2017 | 9/13/2017 | 9/30/2017 | 10/16/2017 | 10/23/2017| 11/16/2017
Duration (days) - 14 15 17 16 7 24
Eclipsed
fime (days) - 14 29 46 62 69 93
Purrgltoelng ; <385 mL/min| 385 mL/min| 385 mL/min| 385 mL/min| 385 mL/min | 292 mL/min| 292 mL/min
Porawater | . q) - 7.15 7.15 715 | >4.76 & <7.15 4.76
velocity
Residence (days) 14 >14 & <21 21
time
1 pulse of 1 pulse of 37 mM lactate, 7
Injections - - - 13.1 mM - L ' -
lactate, 75 L
. Beginning on 8/15/2017.
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6.2.2 Numerical Modeling

Numerical simulations of the transport and bioremediation in the-dedte
biotransformation treatment study was conducted bygusimewly modified
version of the modular thredimensional multispecies transport simulator
MT3DMS, which has been calibeat to one portion (day 55 to day 113) of the
aquifer cell biodechlorination experiment @hapter 5 The model was used to
simulate a total of 93 dayg8/15/2017to 11/16/201F during the postbio-
recirculation portion of the field scale biotransformation stugyable 6.1(b))
Recall that the treatment test comprised arbmrculation phase and a lotgrm
monitoring phase. Theecirculation phase was designed to create the active
treatment zone. The latter one was ofnmaterest and selected to simulate. The
transport model and model parameterization were briefly described in the following
sections Detailed information about modiey) equations, parameters definitions

and model implementations can be foun€hapter 5

6.2.2.1Reginal Groundwater Flow Modeling

A site groundwater flow model wamsiginally developed based on site data using
Visual MODFLOW Flex(Waterloo Hydrogeologicby menbers of the Abriola
Group. A brief description was provided hexg the groundwater flownd the
domain were later extracted and used in the site reactive transport model. This
model was constructed im considerably largelomainin order to capture the
regional flow patterns and sink and source features such as the surface recharge,
river dicharge andntermittentsump pump discharg&he topographical and

geophysical data from surveys were used to prescribe the model surface layer and
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bottom layer(Figure 6.2. At this stage in the modeling work, in the absence of
more detailed core and gtdical analyses, a mean value of the previously measured
horizontal hydraulic conductivities (from site slug testisriola et al. (2019)was
used within the aquifefThe simulated groundwater elevation contours exhibited
close agreement with interpoldtgroundwater levelbased on measurements from

well observations, yielding a normalized root mean squared e%(Kigure 6.3.

Two refinedregional flow moded wee constructed to take into consideration of

more detailed core data from CMT and DMElls that was obtained later. In the

first refined regional groundwater flow model (GWM@MD), the stratified

permeability(f Est i mat ed Hy dr a uThhlec62) @asrestimaded i vi t y o i

based on laboratory measured grain size for samples from soil ofi@MT-1,

CMT-5, DHT-1, and DHT2, employing permeabilitygrain size models

(Krumbein and Monk (1943) faandy materialslabro (1992) fosilty sand and

clay). A secand version of refined groundwater flow model (GWM@B) was ran

based on thd C o mb HydrautdcConductivityo ( Tabl e 6. 2) whi ch was
byreplacingt he AEsti mat ed Hy depthsofl9imtoQ@mnduct i vi ty
with thosecalibrated to the trar experiment in the aquifer cell (Chapter Bhe

flow field generated by GWMO®1 ard -v2 were extracted and used in the field

transport model.
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6.2.2.2General Equations for Solute Reactive Transport

The updated MT3DMS simuiar modified and validated in Chapter 5 was used
here to model MRD and reactive transport in the field test. The model assumptions
and governing equations are briefly reviewed belowmagurther changewere

made to the version of simulator in Chaptddétailed information about modeling
equations and parameters definitions and model implementations can be found in

Chapter 5.

This model assumed that the dechlorinating microbial ptipakwere attached
and can access the bulk phase concentration (atdstnd chlorinated ethenes)
directly with negligible diffusional resistances. The clogging caused by microbial
growth was assumed to be negligible under substrateandconditionsand low.

The governing equation for the reactive transport of aqueouparmnts in the
modified simulator is given as,

TT—o%é J O%6 o J D% Q6 O Y (6.1)

The model simul&sthe adective, dispersive, and diffusive transport of TCIs;

DCE, VC, ethene, hydrogen and lactate, as well as well as the growth and decay of
three microbial populations that can carry out biotransformation of TCERCE

(e.g., Dho and cissDCE to ethene €.g., Geg, and fermentation of lactate
(fermenters Other electron donorconsumption processescarried out by
methanoges andiron/sulfate reduerswere notsimulated in this modelonsistent

with observations in the bench scale experiment inp@neé The simulation of

kinetic biotransformation was implemented by a dual Monod model:
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6.2.2.3Transport Model Parameters

The computational domaiwith dimensions of 2.5 m (width) x 2 m (length) x 5.3

m (height), and its associated flow field for the transport simulations was extracted
from deph of 7.92 to 13.2 m dherefinedregional flow moded (Layer 10 to 35

of GWMOD-v1 andv2, Table 6.2to encompass the treatment zone and the DHT
wells where observations of VFA and VOC concentrations were measiired
spatial discretization of 0.07858 (width) x 0.07877 m (length) x 0.15 m (height)
adopted from thenodel GWMOD, was used throughouhe trangort domain
except for the top and bottom layers. Those layers were discretized vertically into
grid sizes of 0.6096 m and 1 m. The flow in thetmeent zone (between DHIT

and DHT2) during the longerm monitoring phase were driven by pumping in the
downgradient CMT 1 wellwhich was not included in the transport model domain
Examination of thesimulatedflow field in the treatment zone areBidure 6.9
showed thamass fluxacross the boundaries of tihensporimodeldomain defined
above was unlikelyo influenceconcentrations itheDHT wells. Thus, the domain

size was considereslifficient © capture the plume between two DHT wells.
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Table6.2 Estimated and labalibrated lgydraulic conductivitiesised infield groundwater models
Thedepth wherdaydraulic conductivitywas calibrated in the aquifer cell (ChapteaBin bold

.Layer Number Estimatgd Combingd Nqu?k;er in
Depth bgs (m) in Groundwater Hydra_ullc Hydra_ullc Transport
Model Conductivity (m/d) Conductivity (m/d) Model

0.00-3.05 1 3.45 3.45

3.053.66 2 5.67 5.67

3.664.27 3 7.55 7.55

4.27-4.88 4 4.42 4.42

4.885.49 5 1.15 1.15 Not Modeled
5.496.10 6 1.23 1.23

6.106.71 7 1.22 1.22

6.71:7.32 8 1.04 1.04

7.327.92 9 2.14 2.14

7.928.53 10 0.50 0.50 1
8.538.69 11 0.69 0.69 2
8.698.84 12 0.69 0.69 3
8.84-8.99 13 0.69 0.69 4
8.999.14 14 0.69 0.69 5
9.149.30 15 0.81 0.81 6
9.309.45 16 0.81 0.81 7
9.459.60 17 0.81 0.81 8
9.609.75 18 0.39 0.59 9
9.759.91 19 0.39 0.3 10
9.91:10.1 20 0.40 0.75 11
10.1-10.2 21 0.36 1.18 12
10.210.4 22 0.36 1.42 13
10.410.5 23 0.28 0.35 14
10.510.7 24 0.28 0.75 15
10.7108 25 0.23 0.23 16
10.811.0 26 0.23 0.23 17
11.011.1 27 0.20 0.20 18
11.2-11.3 28 0.20 0.20 19
11.311.4 29 0.23 0.23 20
11.411.6 30 0.23 0.23 21
11.611.7 31 0.23 0.23 22
11.711.9 32 0.23 0.23 23

123



Table6.2 (continued)

Depth bgs (m) in Groundwater

11.912.0
12.012.2
12.2bottom

Layer Number

Model

33
34
35

Estimated Combined
Hydraulic Hydraulic
Conductivity (m/d) Conductivity (m/d)
0.23 0.23
0.23 0.23
0.13 0.13
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Figure 6.4 Plan view (a) andertical crosssectional view(b) of the streamlines
around DHF1 and DHTF2 when pumping at CMT 1

Based on observations of VOCs froam upgradient well(CMT 6), constant
concentration sources ofs-DCE and TCE were imposed along on the upstream
influent boundaries. The influent concentrations corresponding to each layer were
interpolated linearly baseon the concentrations measured air flevels of the

CMT 6 well (Table 6.3a)). The interpolated influent concentrations for each layer

(6Layer Number i n TrwereshpvnifmigurdtobSdnBuend , Tabl e €
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concentrations for VC, ethene andctate are considered negligibleas tleir

measurements were below the detectable

(a)

Influent TCE concentration for each layer
Concentration (mM)

- O N OO W =
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o a -
w

-
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Figure6.5 Interpolated influent TCE (a) amis-DCE (b) concentrations at different
layersbased on VOCs measurements in upgradient CMT 6 well
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Table6.3 Model input parameterga) concentrations (mM) measured in wells and
(b) Rate parameters derived from microcosm experimentsisealin the Monod
kinetic model for field simulations.

(a)
Depth (bgs), szar:sport Ethene Vlnyl cisDCE TCE
(m) Model Depth (MM) chloride (MM) (MM)

(bgs), (m) (mM)

7.98.5 0-0.6 0.000 0.000 0.259 0.005
8.89.0 091.1 0.000 0.000 0.262 0.078
9.69.8 1.61.8 0.000 0.000 0.142 0.077
11.2-11.3 3.23.4 0.000 0.000 0.024 0.000

(b)

Microcosm Field?
Paramete

(2023°C)  (16-18°C)

Q (- mol/(mg cell*d))

TCE 670 415

CisDCE 737 516

VC 387 259
Lactate 135 84

2 Estimated based on studies by Friis et al, 2007.
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Measurements of VOCs and total VFAs in the DHT wekkibiteda decreasing
trend for bothcis-DCE and total ¥As between DHIL and DHF2 (Table 6.4,
suggesting transformation of-DCE by MRD between these wells. Thus, uniform
VOCs, VFAs and biomass concentrations were inappropriate to use as initial
conditions for the model.To guide establishment of a realisset of initial
conditions, anonreactive tracer simulation was conducted create a -D
concentration distributiothat was consistent with the hydraulic conductivity field
Resultantconcentration values wernhen scaled by different ratios to match
measurements of VOCs, VFAs aridhc in the DHT wells (Figure 6.6(a))
Background concentrations that matched influent concentrations were assigned to
domain areas outside of the treatment zofke resultantestimated initial
concentration distributionsre presented inFigure 6.6(b). Due to a lack of
information on biomass concentrations, the initial biomass concentrati@soof

and fermenters were assumed to be the salba# batch study on the microbial
dynamics of a similar TCEnriched mixed microll culture (Duhamel and
Edwards, 2007) also obsexvthat the relative abundance for the three populations

were comparable.
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Table6.4 Measurements of VOCs, VFA amhcin DHT-1 and DHTF2 used for
estimation odinitial concentration distribudin in the transport modellote, theDhc
concentration on 08/15/2017 was linearly interpolated by usiegsurementsn
two most availablelates.

Component Location Date
DHT-1 DHT-2
cisDCE (mM) 0.166  0.085 8/15/2017
VC (mM) 0.003 0.015 8/15/2017
Ethene (mM) 0.004 0.006 8/15/2017
VFAs (mM) 11.07 1.32  8/15/2017
Dhc(cells/mL) 1.8E+05 2.7E+03 7/28/2017

Dhc(cells/mL) 5.0E+05 5.1E+05 8/29/2017
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Figure6.6 Estimatel initial concentrations of TCEis-DCE, VC, ethene, lactate afthc in side view for the treatment zone afea
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A longitudinal dispersivity of 0.01 m, lzorizontal transverse dispersivity of 0.001

m and a vertal transverse dispgvity of 0.0001 m were employed following pre
simulations that were used to design the pumping rate (not shown here). These
values are on the lower end of the range of liteeatt@lues for field dispersion
reviewed by Gelhar et a{1992, and consistent with themall size and fine
discretization of the model domai uniform porosity of 0.4 was assignexkcept

for the bottom layer (below the depth of 12.2 mjich was givera porosity of

0.56 matchingthe calibrated porosity ithe aquifer cell modeh Chapter 5A
linear local equilibrium sorption model was assumed and distribution coefficients
(U 5 )of0.12 L/kg and 0.35 L/kg were assigned tioe upper layers (B2-12.2

m bgs) and bottom clay (12.2-bottom),respectively, consistent with laboratory
sorption isothermexperimens (Gaeth, 2017)The aquifer cellcalibratedQ
ratesin Chapter 5 were used in the field model (Table 6.3(b)). To accountefor th
change of temperaturénose rates were redudeyl 30%638% based on a laboratory
study of temperature dependence of dechlorination rates of TCE in thE® KB
culture (Friis et al., 2007) The model parameterization of chemical component
properties, sorpbin, biotransformation, nonattachtmtotal biomas ratio are the
same as the aquifer cell syuich Chapter fas these studies are comparable in terms
of size of the treatment zone, soil materials, operating procethoeylated

microbesandinjected subisate

Two metrics were used to evalugigality  model predictiosusingexperimental

data, followingthose presented i@hapter 5The first is the mean relativagror in

concentration defined as® YO B 0 r 0 i T
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0 i A0 p 1t Tt.Bhe second is the extent of dichlorination (EoD) =
0 co T co co co ]. Note that his equation
does not inclde TCE; based upon its low concentratitire influence of TCE was

assumed to be negligible.

6.3 Results and Discussion

6.3.1 MRD in Monitoring Wells

A comparison of field measurements and model simulated VOC concentrations in
the DHT wellsis shown inFigure 6.7Here, day O is the beginning of the lotegym
monitoring phase when groundwater was pumped from -@Mlhe flow ratevas
reducedduring the second periocb Rday 46 to day 93Table 6.1 (. Here the
model employed thegroundwater flow field isnulated by GWWMOD-v2. An
alternative simulation was also conducted using thidbow field simulated by
GWMOD-v1. Comparison of these simulations and implications are discussed

below.

Model predictionsby using GWMODv2 showed relatively good agreement with
the experimentayOC data in DHTF1, except for the predicted TCE concentrations.
TCE breakthrougthwas predictedit the end of eacbf the thredlushing period,
peaking atconcentration®f 0.014 mM, 0.034 mM and 0.037 mNespectively,
while no breakthrogh was measudcein the field. This discrepancynay be
attributed tadiscrepancies in the predicted versus measured availabigtgcifon
donors The numerical model predicted early depletion of lactate (<0.28 mM, the

minimum lactate concentration measdy in DHT-1 & days 10, 37 and 72such
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that dechlorination at latéimes could notbe sustainedsigure 6.8. This prediction
of morerapid fermentatiorthan was measured is likely related to the lack of data
availableto estimate initial fermenter biomass concerdratind distribution. The
model prediction yielded Y Oof 14%, 211% and 50% faris-DCE, VC and

ethene in DHTL, respectivelyHere the larger MRE valuef®r VC and ethene are
attributed to the small e of the denominator &( i E the MRE

eqguation

The model prediction matched the trend of the measured VOC data iR2DHT
showing more dechlorination during the second period with a slower extraction rate
(Figure 6.7. The predicted 'Y Ofor cissDCE, VC and ethene we#&%, 34% and
344% for the first period (day 0 to day 46), and 31%, 57% and 23% for the second
period. Although prediction error fais-DCE and VCdid notchange significantly

with extraction ratgwithin an averagdactor of 1.7), the error for ethene ga
reduced by a factor of 1B comparison of the extent of dichlorination was also
undertaken. The rati&oDmode/EODdataWwas calculated for DHT2 data, yielding
mean values of 2.67 and 0.96 fardhd B, respectively. These results indicate that
the modé adequately predicted the extend of dechlorination far bt
overpredicted dechlorination foi.Pn a modeling study of MRI columnsHaest

et al. (2010) observetthat errors in biomass condeations in the model had a
larger impacbn the accuracyfanodel predictionsinderhigh flow conditiors (12
cm/day)than atlow flow conditiors (3 cm/day). They attributed itheffectto the
shorter residence time #te high flow rateand the associatguresence of sharp
spatial gradients in microbial numbetsis possible that the same effects were
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observed in the present study, implying that the iniliamass in the treatment
zone may have been overestimatdeurthermore,a rate limitationin biomass
uptakeof electron donor/acceptors at higher veliesimight also contribute to the
greater prediction errors but the model could not capture this effectpetition

for electron donor from other redox processes might also contribute to the smaller
dechlorination extent during the fast flow period. The avality of the electron
donor to MRD might increase during the slow flow period dwedecrease mass
transfer limitatios. A similar trend was observed for predicted VFAs in DRT

with depleton being overpredicted in comparison witte measurementégain,

this behavior may be attributed to an overestimation of initial (fermebhiemass

concentrations.

Model predictiondor Dhc abundancere compared tdiomass measurements in
Figure 6.9 The model predictions captured the patterns of microbiabtirof Dhc

in DHT-2; Predicted concentratiorewewithin a factor of 7.3 of measure@lues
Sung et al. (2006pund thatnfluence of estimated growth yield can vary by up to
oneorder of magnitude due to different DNA extractiprocedureslf a similar
measurement precision is applied here, the model predictibhaih DHT-2 can

be considered good@he model wasinable to capture the trend ioicreasingdDhc
abundancevith timein DHT-1. At the end of experiment (day 9P)hcabundance
was underprediet by two orders of magnitudelate times, suggestingredicted
slow growth or fastlecayin the DHT-1. Note that this tren@¢oincideswith the
predicted early depletion of VFA in DHT 1 (Fiugre 6.8). A lack of substrate may

result in predicted decreasitrgnd ofDhc at late time.
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Figure6.7 Compaison of measured and simulated concentrations of TCIB@IS, VC, ethene, in DHT and DHF2. Data: TCE T
CisDCE-6, -¥C Et¥ladat*; Model: TCE-fAii 0, -DCE-§+-0, -%G», Etiienel dicdk.atTehe vert.i
lines in each panel represent, from left to right: 1. Beginning of the first lactate pulse; 2. End of the first lactateBergseni8g of

the second lactate pulse; and 4. End of the second lactate pulse.
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