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ABSTRACT: Quantitative measurement of process-specific biomarker
genes of Dehalococcoides mccartyi (Dhc) supports monitoring at
chlorinated ethene contaminated sites. In this study, we varied Dhc
cell abundances from ∼103 to 108 cells/mL in aquifer microcosms and
correlated the corresponding reductive dehalogenase (RDase) gene and
RDase protein abundances with measured reductive dechlorination
(RD) rates of cis-1,2-dichloroethene (cDCE) and vinyl chloride (VC).
An additional set of microcosms tested the RD rate-predictive power of
the regression analyses. These efforts revealed (1) that targeted
proteomics quantifies Dhc biomarker proteins (e.g., TceA and VcrA,
OmeA) over a relevant range of Dhc cell densities, and (2) that protein
and gene abundances can predict RD rates. Protein detection limits
translated to a rate coefficient of 10−4 day−1 (0.04 year−1) for both kcDCE
and kvc, which is within the range observed at sites undergoing
monitored natural attenuation (MNA) (i.e., without the implementation of enhanced bioremediation treatment). Rates predicted
using a combination of quantitative biomarker gene and protein measurements generally resulted in the best match with
experimentally determined rate constants. These new findings provide evidence that quantitative biomarker measurements may be
useful predictors of in situ RD rates, which would constitute a major advance for the cost-effective management of contaminated
sites.
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■ INTRODUCTION

Groundwater aquifers impacted with chlorinated solvents,
specifically chlorinated ethenes, threaten drinking water
supplies worldwide. Thus, cost-effective remedial approaches
are needed to address this widespread contamination.
Monitored natural attenuation (MNA) has been widely used,
often in conjunction with source remediation.1 The acceptance
of MNA as the selected site remedy requires a quantitative
prediction of the future distribution of the target contami-
nant(s). This is typically achieved by calibrating a groundwater
model to the specific site conditions. Thus, the contribution of
biodegradation to contaminant loss is conventionally described
using a pseudo-first-order rate constant for each contami-
nant.2,3 These rate constants can be extracted from long-term
monitoring data. Unfortunately, at many sites, there are either
not enough sampling locations (i.e., groundwater wells) or the
sampling duration is inadequate to constrain the rate constants
to meaningful values. A surrogate rate constant can be
extracted from microcosm studies, but such studies are

expensive, require many months to conduct, and may not
adequately represent in situ conditions. The ability to infer
degradation rate constants of cis-1,2-dichloroethene (cDCE)
and vinyl chloride (VC) from the abundance of nucleic acids
or protein biomarkers would represent a significant advance in
the application of MNA at sites where degradation rates are
either not available or are poorly constrained.
In situ bioremediation of chlorinated ethenes has emerged as

a robust technology and has been implemented at many sites
via biostimulation with an electron donor. Often, biostimula-
tion is complemented with bioaugmentation with commercial
microbial cultures such as consortium SDC-9.4 The micro-
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biology of reductive dechlorination (RD) of chlorinated
ethenes to non-toxic ethene is fairly well understood, and
qPCR assays targeting biomarker genes of keystone bacteria, in
particular Dehalococcoides mccartyi (Dhc), involved in the
reductive dechlorination of tetrachloroethene (PCE) or
trichloroethene (TCE) through cDCE to VC to ethene, are
available.5,6 Other than reductive dehalogenase (RDase) genes,
a newly identified protein complex included in the organo-
halide respiration molybdoenzyme (OmeA), formally called
the complex iron−sulfur cluster molybdoenzyme (CISM), is
found to have hydrogenase activity.7 The value of quantitative
polymerase chain reaction (qPCR) targeting the Dhc 16S
rRNA gene and the VC RDase genes vcrA, bvcA, and tceA as
diagnostic and prognostic site assessment and bioremediation
monitoring tools has been demonstrated.2,3 A potential
drawback of DNA-based qPCR is the presumption that
inactive (i.e., non-dechlorinating) Dhc cells would potentially
be enumerated but without contributing to reductive
dechlorination activity. The measurement of gene transcripts
(i.e., mRNA) of functional biomarker genes via reverse
transcription-qPCR (RT-qPCR) can potentially enumerate
metabolically active cells, and thus be a more direct measure of
reductive dechlorination activity.8 Unfortunately, low tran-
script levels in Dhc cells9 and the difficulty of quantitatively
extracting labile RNA from environmental matrices are major
challenges, and the RT-qPCR approach so far has limited
utility for monitoring RD activity.
Recent advances in proteomics allow the quantitative

measurement of biomarker proteins such as the Dhc RDases
VcrA and TceA, both of which have been implicated in
reductive dechlorination of cDCE and VC to environmentally
benign ethene10,11 and OmeA that has a potential function as
an electron-channeling module between the Hup hydrogenase
and the reductive dehalogenase.12 Since the turnover of
contaminant (e.g., cDCE) should correlate with the amount of
catalyst (i.e., Dhc cells with RDases), we hypothesize that
quantitative proteomics (qProt) data can be used to predict
process rates. If this is proven, qProt could complement the
current gene-centric qPCR approach for monitoring sites
undergoing MNA or enhanced bioremediation treatment.
To evaluate if quantitative measurements of Dhc biomarker

genes (i.e., qPCR) and proteins (i.e., qProt) correlate with RD
rates, microcosms with contaminated site aquifer material were
bioaugmented with consortium SDC-9 to establish initial
abundances of Dhc cells ranging from ∼103 to 108 Dhc cells per
mL. RD rate constants were calculated from the observed
changes in concentrations of cDCE and VC over time in the
microcosms, and correlation analysis with qPCR and qProt
data was performed.

■ MATERIALS AND METHODS

Aquifer Solids and Groundwater. Aquifer material was
collected from the chlorinated volatile organic compound
(cVOC)-contaminated zone of the Joint Base Lewis McCord
(JBLM) Landfill 2 (LF) (Tacoma, WA). The description of
sampling is detailed in the Supporting Information (SI).
Additional aquifer material for metagenomics was collected at
Former Lordstown Ordnance Depot (FLOD) (Lordstown,
OH) and Naval Air Station North Island, Installation
Restoration Site 5 (NASNI IR Site 5) (San Diego, CA), and
Naval Air Station North Island, Installation Restoration Site 9
(NASNI IR Site 9) (San Diego, CA).

Growth of SDC-9. The SDC-9 consortium was grown in
reduced anaerobic mineral medium (RAMM) in a 4000 L
fermenter amended with lactate as a carbon source and
electron donor, PCE as the sole electron acceptor, and yeast
extract as a nutrient source following previously described
procedures.4 For the current studies, culture suspension was
removed from the fermenter, centrifuged, and suspended in
RAMM to a Dhc cell density of ∼1 × 1010 cells/mL based on
optical density (OD), α = 600 nm13. The culture was then
diluted for addition to microcosms as described below. Initial
studies were conducted to estimate biodegradation rates of
cDCE by the SDC-9 prior to microcosm preparation and are
discussed in Kucharzyk et al., 2020.14

Microcosm Study #1. Four sets of triplicate treatments
were prepared inside a Coy environmental chamber with a
100% N2 headspace (no H2 gas). Sterile 500 mL amber glass
analytical bottles with Teflon-lined septa screw caps were used
to prepare microcosms. Each bottle contained site ground-
water (475 mL) that had all cVOCs removed by nitrogen
sparging, sodium lactate (500 mg/L final concentration), and
sodium bromide (10 mg/L as Br−). Bromide was used as a
conservative tracer to document losses of VOCs and fatty acids
due to dilution as all water in the bottles was replaced with
VOC- and VFA-free site water after sample collection. SDC-9
culture was then diluted into triplicate microcosm bottles to
achieve final Dhc densities of 108 cells/mL, 107 cells/mL, 106

cells/mL, and 105 cells/mL. Solid CaCO3 (1 g) was added to
buffer the pH of each microcosm during incubation following
spiking with cDCE (5 mg/L final concentration). Additional
groundwater was added so that <1 mL headspace remained in
bottles, which were then sealed and removed from the anoxic
chamber. Each bottle was incubated at 15 °C on a bottle roller
(∼0.5 rotations per minute) prior to sampling for analysis of
cDCE and other parameters. Live controls consisted of site
groundwater amended with cDCE, NaBr, and sodium lactate.
Killed controls were prepared by spiking site groundwater with
cDCE, NaBr, sodium lactate, and 500 mg/L HgCl2. No SDC-9
was added to the live or killed controls.

Microcosm Study #2. Three sets of treatments were
prepared in clean, sterile 1000 mL glass Boston round bottles.
All microcosms were amended with 500 mg/L sodium lactate,
5 mg/L cDCE, and 10 mg/L Br− as described. Microcosms
received SDC-9 to achieve estimated final densities of 107

Dhc/mL or 106 Dhc/mL in microcosm bottles using the
preparation and dilution method described above. Control
microcosm sets M2-1 and M2-2, received only sparged
groundwater. Live microcosms (set M2-3) received 353 g of
aquifer solids at 15% moisture content (300 g dry weight).
After all amendments had been added, the microcosms were
filled with nitrogen-sparged site groundwater, sealed, and
placed on a bottle roller (1 rpm) at 15 °C. After 10 days of
incubation, 2.0 g of solid CaCO3 was added to maintain a
circumneutral pH. Live controls and killed controls were
constructed as described above using bottles that contained
groundwater and sediment.

Microcosm Study #3. Microcosms in study #3 were
prepared to evaluate whether the initial decline in pH in some
of the microcosms in study #2 affected degradation kinetics.
Microcosms in set M3-1 were created using the same
conditions as set M2-1, and microcosms in set M3-2 were
created using the same conditions as set M2-3, except that 2.0
g of CaCO3 was added when the microcosms were initially
prepared.
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Microcosm Sampling. All microcosms were sampled
inside a Coy environmental chamber with a N2 headspace.
Liquid samples were removed from the microcosms with
gastight syringes and transferred to appropriate sample
containers. Sample volumes consisted of the following: 2 mL
for cDCE and VC (EPA Method 8260B); 4 mL for methane,
ethane, and ethene (EPA Method 3810/RSK-175); 1 mL for
anions (EPA Method 30013) and volatile fatty acids (modified
EPA Method 30013); and 5 mL for pH determination.
Duplicate 15 mL aqueous samples, one for qPCR and the
other for qProt analysis, were removed using a glass pipette
and transferred to sterile plastic screwcap 50-mL conical tubes.
Cells were collected by centrifugation for 40 min at 10,000
rpm using a refrigerated Sorvall Lynx 6000 centrifuge and a
F21-8x50y rotor (Thermo Scientific). Immediately after
centrifugation, the supernatant was aspirated from the cell
pellets and the samples were frozen at −80 °C. Nitrogen-
purged site groundwater was added to the microcosms to
replace the water removed during sampling, punctured septa
were replaced, and then the bottles were returned to the
rollers. Samples from the microcosm treatments were collected
at different intervals based on the initial Dhc cell abundances.
Sampling of microcosms containing aquifer material was
conducted as described above, except that the bottles were
removed from the rollers for 30 min to allow solids to settle
prior to liquid sampling. Samples for qPCR and qProt analyses
were collected and analyzed at select time points representing
the beginning, middle, and end of the incubation periods and
the extent of the cDCE and VC degradation.
DNA Extraction and qPCR. DNA was isolated from cell

pellets with DNeasy PowerLyzer PowerSoil Kit (Qiagen)
according to the manufacturer’s instructions with bead-beating
(OMNI Bead Ruptoer, 5 m/s for 3 min) (OMNI Interna-
tional) to enhance cell lysis. DNA was eluted into nuclease-free
water and the concentration was determined with a Qubit
fluorometer (Invitrogen) using double stranded DNA
(dsDNA) Broad-Range assay kit according to the manufac-
turer’s instructions. DNA was stored at −80 °C until analysis.
The abundance of total bacterial 16S rRNA genes, Dhc 16S

rRNA genes, and tceA and vcrA genes were determined using
previously reported TaqMan qPCR assays.15−17 New primer
and probe combination sets were designed for the pceA gene
(SDC9_448350) and the omeA of Dhc. pceA encodes for an
RDase implicated in PCE and TCE RD to cDCE. omeA is an
essential electron transfer protein of the RD protein complex in
Dhc.12,18 Primer and probe sequences are summarized in
Tables S1 and S2.
qPCR was performed using the QuantStudio 12 K Flex Real-

Time PCR system (Applied Biosystems [AB]). Every 10 μL
reaction consisted of 5 μL of 2 × Taqman Universal PCR
Master Mix (AB), 2 μL of diluted (1:10 and 1:100) DNA
template, and forward and reverse primers and probe at final
concentrations of 300 nM each. Reactions were initially held
for 2 min at 50 °C and 10 min at 95 °C following 40 cycles of
denaturation at 95 °C for 15 s and annealing and extension at
60 °C for 1 min. The qPCR results were analyzed using the
QuantStudio 12 K Flex Real-Time PCR System Software
(AB).
Metagenome Sequencing and Assembly. Extracted

DNA samples were sequenced on an Illumina NovaSeq 6000
S1 150 bp paired end flow cell with a target read depth of 37.5
million read pairs per sample. QA/QC and metagenome
assembly were performed using the KBase system.19 Reads

were trimmed using Trimmomatic v0.36 with a 4 bp sliding
window and PHRED threshold of 30.20 Resulting paired-end
reads were taxonomically classified using Kaiju v1.7.321 and
assembled using metaSPAdes v3.13.0 with a minimum contig
size of 2000 bp and default kmer settings.22 The resulting
assemblies were characterized using QUAST v4.4.23 The
detailed methods are described in the SI.

Detection of Dhc omeA Genes. The presence of Dhc
OmeA was determined by searching all proteins against a
custom Dhc-OmeA HMM model created from the 30 OmeA
proteins found in each of the 30 isolate Dhc genomes available
in the Integrated Microbial Genomes database24 as detected by
annotation with TIGR01553. Only one omeA gene was
identified in each available Dhc genome. The HMM search
was conducted with default thresholds using HMMER v3.3.2.

Assessment of Applicability of qProt Assays to
Sample Specific RDase Alleles. Specificity of qProt assay
peptides for VcrA, TceA RDases, and OmeA was determined
by conducting a BlastP search of the qProt peptide sequences
against a database consisting of all non-redundant respiratory
RDases detected in the samples. Only full-length 100%
matches were considered as positive hits.

Quantitative Proteomics (qProt). Samples collected
during the microcosm study were frozen at −80 °C and
shipped on dry ice to Battelle for proteomic analysis. Proteins
were extracted, spiked with a cocktail of 250 fmol/μL
isotopically labeled peptides (Table S3), digested, and purified
using previously developed methods.10 Bovine serum albumin
(BSA) was used to monitor digestion efficiency. The indexed
retention time (iRT) peptide cocktail (Sciex) was used to
monitor instrument performance. Following digest down-
stream processing, 10 μL of sample was injected into the Xevo
TQ-XS triple quadrupole mass spectrometer (Waters).
Mass spectrometric parameters for the analysis of target

proteins on the Xevo TQ-XS triple quadrupole mass
spectrometer were optimized for Dhc biomarker peptides.10

Isotopically labeled peptides were injected via syringe infusion,
and precursor-to-product ion transitions were identified and
optimized using the IntelliStart feature in MassLynx v4.2
software. All determined parameters for the isotopically labeled
peptides were then used for their corresponding native
peptides. An unscheduled selected reaction monitoring
(SRM) method was created using the top two most abundant
transitions for each target peptide. Sample MS/MS data were
acquired using an Acquity M-class liquid chromatograph
system (Waters) directly connected to a Xevo TQ-XS mass
spectrometer. Detailed description of parameters is provided in
the SI.

Rate Constants for Reductive Dechlorination of cDCE
and VC. First-order RD rate constants for cDCE and VC
(kcDCE and kVC) in the microcosms were estimated by fitting a
numerical approximation of the first order reaction equations
for sequential degradation of cDCE to VC, and then to ethene,
to the change in molar concentrations of cDCE, VC, and
ethene (target compounds). The Microsoft Excel Solver was
used to minimize the sum of squared error between the
measured and model-estimated values to obtain the best fit.
Removal of water in the microcosms for sampling and its

replacement caused dilution of cDCE, VC, and ethene. A
dilution correction factor was applied at each sampling point
by dividing the total moles of target compound(s) present in
the microcosm by the total moles of target compound(s)
present at time zero. Br− was added to the microcosms to
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correct for dilution losses of cDCE, VC, and ethene. Measured
concentrations of target compounds were multiplied by the
initial concentration of Br− and then divided by the actual
(measured) Br− concentration in the vessel. Dilution
correction based on measured Br− concentrations yielded
similar results to the correction based on total moles of target
compounds.
In the bottles with aquifer material, some mass of the target

compounds was removed by sorption to the solids. In these
treatments, the rate constants were calculated based on the
change in the total amount of each target compound in the
bottles over time. Assuming linear partitioning, eq 1 can be
used to calculate the total mass of each target compound in the
bottle.

= +M C V C M K f(0.63 )w w w s ow oc(tot,sorption corrected) (1)

where M(tot,sorption corrected) is the mass of the target alkene, Cw is
the dilution-corrected molar concentration in water, Vw is the
volume of water present in the bottle, Ms is the mass of solids
in the bottle, Kow is the VOC-specific octanol−water
partitioning coefficient, and foc is the fraction of organic
carbon associated with the solids, which was assumed to be
0.001.25Kow values used for cDCE, VC, and ethene were 72.4,
28.8, and 13.5, respectively.26 Rate coefficients for each test
replicate microcosm were determined separately using this
approach. The 95% confidence interval associated with each
fitted rate constant was determined following an established
approach.27

Correlating Reductive Dechlorination Rates and
Biomarker Abundances. Log-transformed rate coefficients
and biomarker abundances were subject to the Shapiro−Wilk
normality test.28 The Spearman Rank Order Correlation
analysis followed by ordinary least squares regression
(OLSR) analysis was used to quantify the relationship between
biomarker abundances and rate coefficients. Rate coefficients
represent an integrated measure of activity in each microcosm
over time, whereas biomarker abundances provide a single
measure at various time points during the incubation.
Correlation analysis was performed twice: once using the
global data sets, which included biomarker abundances
collected at early, mid, and late time points from each
microcosm with the corresponding integrated rate coefficients
measured for that microcosm, and again using only mid-point
biomarker abundances and the corresponding rate coefficients.

Assessing Predictive Power of Biomarker Abundan-
ces. The microcosm experiments were divided into a “training
set” and an “evaluation set.” Rate coefficients and biomarker
abundances from the “training set” microcosms were subject to
OLSR analysis of rate constants on abundance. Only data from
microcosms where the rate coefficients were greater than zero
at 95% confidence were included in the analysis. Measured
biomarker abundances in the “evaluation set” of microcosms
were entered as the “x” variable in the regression equations to
obtain a predicted rate coefficient. The predicted rate
coefficient was then compared to the measured rate coefficient
for the “evaluation set” microcosms. Two types of training sets

Figure 1. Relationships of putative TceA, VcrA, and Dhc-like PceA proteins identified in samples from selected contaminated sites with reference
Dhc (green) and Dehalogenimonas (purple) RDases. “Peptide match fraction” is the number of targeted peptides 100% aligned to the indicated
RDase. The light blue rectangles indicate a proposed range for the designation of alleles of a particular gene (pceA, tceA, or vcrA). This designation
is supported by the derived phylogenetic relationship (i.e., tree structure) and by peptide matching of TceA and VcrA. “Specific peptide matches”
define peptide matching to the original qProt peptide set. The lack of any matches to the Dhc-like PceA alleles is expected given that these peptides
were designed based on a Dehalobacter/Desulf itobacterium clade PceA identified in SDC-9. The “rectangular” tree is an enlargement of the indicated
section of the global RDase tree (Figure S1), focused on putative site-specific TceA, VcrA, and Dhc-like PceA.
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were established. The first training set featured randomly
selected microcosms that contained either 106, 107, or 108 Dhc
cells/mL. The second training set featured the global average
of biomarker abundances and rate coefficients for all
microcosms at all time points that contained either 106, 107,
or 108 Dhc cells/mL. The predictive power of the quantitative
biomarker analysis was evaluated by comparing: (1) the
measured vs predicted rate constants for each individual
biomarker, (2) the measured vs the average of the predicted
rate constants for the various gene biomarkers, (3) the
measured vs the average of the predicted rate constants for the
various protein biomarkers, and (4) the measured vs the
average of the predicted rate constants for gene and protein
biomarkers.
Data Availability. Metagenome shotgun sequencing reads

are available in the NCBI Sequencing Read Archive under
accession numbers SRR16297622 to SRR16297629. rdhA and
omeA gene alleles are available in GenBank under accession
numbers OK528336 to OK528509 and OK528330 to
OK528335, respectively.

■ RESULTS AND DISCUSSION

Allelic Variation of RDases in Groundwater from
Contaminated Sites. Metagenome sequencing allowed us to
determine if the current qProt assay, based on the metagenome
of the SDC-9 culture, is suitable for quantifying Dhc proteins in
samples from cVOC-contaminated field sites. While the
sequence space of the relevant Dhc RDase genes is tightly
constrained,29 this analysis was performed to define specificity
of the existing qProt assay to inform its customization.
Groundwater samples from FLOD (MW101) and IR Site 9

(MW52, MW60L3, MW60L5, MW60L7, MW71L3,
MW74L3, and MWIW1) rendered eight metagenomes
clustered at 100% amino acid identity. A total of 109 unique
RDases comprising a larger sequence space than the reference
RDases were identified (Figure S1), and 30 reference
respiratory RDases and the 12 RDases found in SDC-9 were
reconstructed.14 Alignment of these peptides to the RDases
revealed that the largest proportions of peptides matched the
original SDC-9 targets. Five closely related TceA proteins and
one VcrA protein were identified in metagenomes from this
study (Figure 1). No PceA peptide matches to any of the
FLOD/IR Site 9 RDases were detected, nor were there any
FLOD/IR Site 9 RDases even moderately related to any PceA
protein from the Dehalobacter/Desulf itobacterium clade.
However, there were some close relatives to a Dhc PceA
protein (Dhc mccartyi), which was not present in SDC-9 and is
not covered by the current qProt assay. The SDC-9
metagenome showed the opposite pattern, with several
Dehalobacter/Desulf itobacterium clade pceA genes but no Dhc-
like pceA genes.
In conclusion, the respiratory RDase genes identified in the

sampled metagenomes were not identical to any reference
RDase gene or to any SDC-9 RDase gene. Only 1 vcrA and 5
tceA alleles were identified across the FLOD/IR Site 9
metagenomes. The vcrA allele matches with six of the target
peptides, and the tceA alleles match with for or five, more than
sufficient for accurate and sensitive quantification. In both
cases, the peptide specificity is very similar or identical to that
shown by the SDC-9-derived alleles. While the current qProt
RDase assays did not detect the PceA proteins present at the
test sites, PceA does not perform a critical or rate-limiting step

in the dechlorination reaction, and thus it was excluded from
subsequent analyses.
Assembly of site-specific variants of the omeA gene led to the

detection of a single omeA gene in six of the eight
metagenomes. The existing OmeA qProt assay employs 10
peptides for quantification which match 100% to the OmeA
protein detected in five of the metagenomes (from IR Site 9
wells MW52, MW60L3, MW60L5, MW60L7, and MW1W1),
although the final OmeA, from FLOD well MW101, only
matched 3 of the 10. Overall, the site-specific metagenome
analysis demonstrated that the current qProt SDC-9 assay is
suitable for the quantification of TceA, VcrA, and OmeA
proteins present at other environmental sites contaminated
with chlorinated solvents.

Dechlorination of cDCE in Microcosms Inoculated
with Varied Titers of Dhc Cells. RD of cDCE to VC and
ethene was observed in the all microcosms inoculated with the
SDC-9 culture. cDCE RD did not contribute to meaningful
cDCE degradation in killed and live control microcosms,
indicating that indigenous biotic or abiotic processes did not
contribute to cDCE degradation. In microcosms inoculated
with SDC-9, lactate was consumed with the concomitant
increase in acetate and propionate concentrations, which then
declined slowly over time (Figures S2−S14 in the SI).
Examples showing the measured and model-fitted time-series
cDCE, VC, and ethene concentrations from representative
microcosm sets are shown in Figure 2.

Initial acceptance criteria for fitted rate constants required
that the 95% confidence interval on the fitted rate constant be
equal to or lower than the rate coefficient value itself. However,
because the best fit kcDCE, kvc, and global model R2 are not
independent, (i.e., reflect tradeoff between goodness of fit to
cDCE and transformation product time-series concentrations
subject to mass balance constraints), a more appropriate
acceptance criterion was established to require: (1) a global R2

value of ≥0.75 and (2) an average ratio of the 95% confidence
interval on the kcDCE and kvc rate constants of ≥125%. Of the
40 microcosm tests performed (excluding live and killed
controls), 28 and 17 tests yielded kcDCE and kvc rate coefficient

Figure 2. Measured and model-fitted cDCE, VC, and ethene
concentrations in microcosms: (A) JBLM set 1C, (B) JBLM1 set
2C, (C) JBML2 set 1D, and (D) JBML2 set 1D-Dup. Measured
(symbols) and fitted (dashed lines) time-series cVOC and ethene
mass values measured in selected microcosms inoculated with
consortium SDC-9. Symbols for cDCE (red circles), VC (yellow
squares), and ethene (green triangles).
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data that met the quality criteria for further evaluation,
respectively (Table 1). The rate constants that provided the
best fit to the data collected from the microcosm incubations

are presented in Table 1. Reductive dechlorination and ethene
formation were not observed in control incubations. The rate

Table 1. Summary of Fitted Values of kcDCE and kvc in Microcosm Studiesa

aValues in cells shaded in grey were not used in the calcuations of correlation to the biomarkers.

Table 2. Rate Coefficients and Biomarker Correlations

Biomarker Abundance Correlations with Rate Coefficients (Biomarker Abundance, All Microcosm Time Points)

OmeA PceA TceA VcrA Dhc_16S rRNA gene omeA pceA tceA vcrA

log kcDCE 0.737 0.571 0.575 0.374 0.844 0.801 0.804 0.859 0.856
p value 2 × 10−7 6 × 10−6 1 × 10−6 6 × 10−3 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7

n 57 55 62 54 64 64 62 64 64
log kVC 0.774 0.797 0.652 0.678 0.932 0.905 0.91 0.934 0.93
p value 2 × 10−7 2 × 10−7 3 × 10−5 3 × 10−5 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7

n 35 33 34 30 36 36 36 36 36
Biomarker Abundance Correlations with Rate Coefficients (Biomarker Abundance, Microcosm Mid-Points Only)

OmeA PceA TceA VcrA Dhc_16S rRNA gene omeA pceA tceA vcrA

log kcDCE 0.852 0.793 0.755 0.725 0.863 0.881 0.854 0.905 0.918
p value 2 × 10−7 2 × 10−7 2 × 10−7 7 × 10−4 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7

n 21 21 23 17 23 23 23 23 23
log kVC 0.925 0.836 0.765 0.916 0.934 0.966 0.943 0.953 0.962
p value 2 × 10−7 2 × 10−7 4 × 10−4 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7 2 × 10−7

n 15 15 15 11 15 15 15 15 15
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constants describe transformation of cDCE and VC by Dhc
inoculated into the aquifer microcosms.
Genes and Proteins as Predictors of Reductive

Dechlorination Rates. Gene and protein abundances
collected from early, middle, and late time points from each
microcosm positively and significantly correlated with the kcDCE
and kvc rate coefficients extracted from those microcosms
(Table 2). The correlation coefficients between biomarker
abundances and rate coefficients were generally highest when
only the middle time point biomarker abundances were
included in the correlation analysis. For example, the
correlation coefficient for the abundance of the VcrA protein
and the kcDCE rate coefficient increased from 0.374 to 0.725
when only the middle time point protein abundances were
considered (Table 2). This may reflect the general metabolic
status of the dechlorinating Dhc cells in the batch system (i.e.,
Dhc bacteria had time to acclimate to the groundwater after
inoculation and were actively dechlorinating cDCE). This
status may most effectively simulate in situ conditions, where
electron acceptor (e.g., cDCE) and nutrients are supplied by
moving groundwater. Accordingly, the rate coefficient vs
biomarker abundances regression analyses were performed
using the midpoint biomarker abundances only. The midpoint
conditions reflect the steady state in situ conditions better than
the early and late time points, and here we see the best

correlation, which is an encouraging observation and provides
strong justification for validation of this approach at field sites.

Rate Coefficients at MNA Sites. Results of the power law
least squares regression analysis of cDCE and VC rate
coefficients versus gene and protein abundances are presented
in Figure 3. The method detection limit for the target proteins
TceA and VcrA was 3 fmol, which is equivalent to a typical 1 L
groundwater sample containing 2 × 106 proteins/mL.30

Following the regression trends of target proteins down to
the method detection limit would translate to kcDCE and kvc
rate constants in the range of 0.0001 per day (∼0.04 per year).
Prior work indicated that rate constants ≥0.3 per year are
“generally useful” for MNA of chlorinated hydrocarbons.31

While the qProt approach does not reach the level of sensitivity
provided by qPCR, qProt is sufficiently sensitive to allow
meaningful measurements of biomarker proteins in ground-
water with Dhc cell abundances exceeding 106 Dhc cells/mL,
assuming that a sufficiently large volume of groundwater is
available. The ratio of proteins to 16S rRNA Dhc gene in the
samples ranged from 1 × 103 to 1 × 105 with an average near 1
× 104 (Figure 3). To effectively extract and quantify RDases
with a high degree of confidence, at least 106 Dhc cells are
needed to reach the protein detection limit.
The predictive power of gene and protein biomarker

abundances was tested using the regression equations featured
in Figure 3 and the biomarker abundance data from

Figure 3. Rate coefficients vs biomarker regression results for cDCE (A) and VC (B). The regression analysis included microcosms that yielded
statistically significant rate coefficients, and their corresponding mid-point biomarker gene and protein abundances were used to perform the
regression analysis shown above.
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microcosm tests that met the data quality acceptance screening
criteria (Table 2) but were not included in the regression
analysis. The test was performed in two ways (1) using
randomly selected biomarker abundances corresponding to a
range of Dhc cell abundances, and (2) using global averages of
all biomarker abundances that corresponded to Dhc cell
abundances at 106, 107, and 108 cells/mL. The randomly
selected biomarker abundances corresponded to the time zero
sampling from microcosm set M1-1B, set M1-2C, and set M2-
3C. As shown in Figure 3, qProt-based rate predictions (white
bars with black dots) were within an order of magnitude of
measured rate coefficients (green boxes) for all tests. Rates
predicted using a global average abundance of all genes and
proteins (green bars, Figure 4) were generally better than those
predicted by qProt alone.
Data Integration and Environmental Relevance.

Microcosm rate coefficients (Table 1) were positively and
significantly correlated with both DNA- and protein biomarker
abundances (Table 2). Protein- and gene-based rate
predictions were within an order of magnitude of the measured
rate coefficients (green boxes) for all tests (Figure 3). At low
Dhc cell titers in the randomly selected microcosms, the rate
constants predicted from the abundance of gene biomarkers
were higher than the measured rate constants and the rate
constants predicted from the abundance of proteins. At
intermediate and higher abundances of Dhc in the randomly
selected microcosms, the rate constants predicted from the
qPCR measurements matched the measured rate constants and
were equal to or less than the rate constants predicted from
qProt. Rates predicted using a combination of genes and
proteins (green bars, Figure 4) generally resulted in the best
match with the measured rate constants and were statistically

different for qProt as demonstrated by the Spearman test
(Figure S15). The reasons why the combined measurements of
qPCR and qProt resulted in the best fit and best matched the
measured rate coefficients are unclear but may be related to the
largely unexplored regulatory controls of gene expression and
biomarker protein (e.g., RDase) turnover in Dhc. While these
questions warrant further investigation, the findings imply that
the combined measurements of biomarker genes with qPCR
and proteins with qProt provide a means to generate
reasonable estimates of in situ rate coefficients. Considering
the difficulty in obtaining in situ rate estimates for contaminant
degradation using conventional methodologies and the
uncertainty associated with these rate calculations, the new
approach described herein offers a viable alternative to more
rapidly and cost-efficiently generate meaningful rate estimates,
on which site management decision making decisions can be
based.
The laboratory microcosm test system was appropriate for

demonstrating a quantitative relationship between biomarker
abundances and RD rates mediated by Dhc cells present in the
SDC-9 consortium. Of course, batch microcosms do not
perfectly emulate in situ conditions at cVOC-contaminated
aquifers and follow up studies at field sites are needed to
validate the application of molecular approaches to generate
meaningful rate estimates.
A prior study demonstrated that a substantial portion of Dhc

cells is attached to the aquifer solids during RD activity and
that the proportion of attached Dhc cells is generally higher in
aquifers with higher organic carbon content and during active
growth of Dhc.32 This implies that sampling only the
groundwater may not reveal the absolute abundance of Dhc
cells in an aquifer and underestimates of the true RD activity

Figure 4. Biomarker-based rate predictions vs measured rate coefficients for (A,C) kcDCE for random picked microcosm sets, and (B, D) kVC for set
DHC cell abundances. Green boxes reflect the error range defined as standard deviation associated with the measured rate coefficients determined
in this study. Rates predicted using a combination of qPCR and qProt data (green bars) generally yielded an improved rate prediction compared to
RDase proteins alone.
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are possible. Schaefer et al.33 showed in parallel batch
microcosms and continuous flow column studies that
aqueous-phase Dhc could be used to estimate RD rates and
that batch studies with sediments dramatically underestimated
RD activity compared to more relevant flow-through
conditions. The majority of the bioaugmented microcosm
tests in our work featured only groundwater; relatively few
microcosms featured groundwater with aquifer solids. Results
of the rate coefficient vs protein biomarker abundance
regressions are reproduced in Figure 5 below, here with the
groundwater-only (blue symbols) and groundwater with
aquifer material (orange symbols) differentiated for each
biomarker. The data from the microcosms that featured
groundwater with soil, generally clustered at the low end of the
biomarker abundances and RD rates. Although the micro-
cosms with aquifer material tended to have lower biomarker
abundances and RD activities, the results were generally
consistent with the entirety of the data set, suggesting no
significant difference in the presence of aquifer solids on the
relationship between the abundance of the RDase proteins in
the water and the measured rate constant for degradation.
Second, in a natural aquifer system, the abundance of

bacteria will adjust to a level where growth sustained by the
supply of the limiting resource (e.g., cDCE, inorganic
nutrients, or electron donor) is balanced by cell decay. Indeed,
viable microbes present in a natural system consume dead cells
(necromass) as a nutrient source.34 The turnover of necromass
in natural systems will, in theory, minimize the chance of
detecting “carcass proteins” (in this case biomarkers associated
with dead Dhc cells). While the presence of such biomarker
proteins in nonviable cells would be difficult to quantify, we
did evaluate whether the protein levels detected were
reasonable based on the abundance of Dhc DNA measured.
If protein to Dhc cell abundances were greater than
physiologically expected, or if ratios were much higher than
have been previously published for RDase proteins in Dhc, the

presence of RDases not associated with viable cells could be a
confounding factor in RDase biomarker vs rate coefficient
regressions established in this study. Observed ratios were
generally between 103 and 105 proteins/cell (Figure 3), which
is in the range of previously published values of 7.6 × 103 and
2.60 × 104 for TceA reported for Dhc cells in the KB-1 and D2
cultures, respectively30 Further, the theoretical maximum
number of proteins that could fit in the periplasmic space of
a Dhc cell was estimated to be 105 proteins.33,34 If 10% of the
membrane-associated proteins in a Dhc cell are RDases, the
maximum number of RDases per Dhc cell would be 104.
Therefore, the observed range of RDase proteins per Dhc cell
during this study is in the range of prior observations and
within the physical boundaries of a Dhc cell.
Finally, because first order-based kinetics often describe RD

at field scales reasonably well, our first order-based regressions
(Figures 3 and 5) based on qProt and qPCR data will be
directly applicable at many field sites. In a natural system, Dhc
abundance will adjust to a level where growth controlled by the
supply of chlorinated ethenes is balanced by decay. In this case,
the abundance of Dhc and concentration of chlorinated
ethenes remain relatively constant at any one position along
the flow path. In such cases, cVOC degradation kinetics can be
described by a pseudo first-order kinetic model, i.e., at any one
location along the flow path, the overall rate of degradation of
the substrate (i.e., the contaminant) in the groundwater (μg/L
per day) divided by the concentration of the substrate (μg/L)
is a fixed ratio.

■ CONCLUSIONS
The ability to predict in situ rate constants for cVOC
biodegradation in aquifers from biological and/or geochemical
measures obtained from groundwater samples has remained
elusive. Rather, such predictions typically rely on monitoring
and modeling long-term plume behavior and analyzing
groundwater samples over a period of years to provide

Figure 5. Rate coefficients vs biomarker abundances with treatments. Relationship between rate of cDCE and VC degradation is plotted for
proteins: OmeA (panels A and B), TceA (panels C and D), and VcrA (panels E and F). Blue and orange symbols represent biomarker and rate
coefficient results from groundwater-only microcosms and groundwater with aquifer solids microcosms, respectively.
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secondary evidence that conditions are conducive for RD. This
time-consuming approach is currently necessary to establish
and support MNA remedies at cVOC sites and difficult and
expensive to implement in a reasonable timeframe at sites
lacking appropriate infrastructure (e.g., wells). The data from
this study show that targeted qProt can quantify protein
biomarkers over a wide range of Dhc cell densities and that
protein abundances can predict RD rates. Protein detection
limits translated to a rate coefficient of 10−4 day−1 (0.04
year−1) for both kcDCE and kvc, which is within the range
observed at sites undergoing MNA. The combined analysis of
both qProt and qPCR biomarker data resulted in the best
match with the measured rate constants of cDCE and VC
biodegradation in the test microcosms. These laboratory
findings suggest that quantitative biomarker measurements,
particularly the combination of protein- and gene-centric
quantitative measurements, may be useful to rapidly predict in
situ RD rates, which would represent a major advance for cost-
effective site management.
The microcosm studies conducted for this project to

correlate rates of cVOC biodegradation with RDase abundance
were extensive and would not be required for field
implementation. Except for metagenomics and metaproteo-
mics, the techniques used to assess contaminant degradation
and continued potential for natural attenuation are common
and costs to apply these techniques are well documented in the
literature. Many of these techniques have only limited
commercial availability and/or are available through a
university or other research laboratory. As such, application
costs remain relatively high. It is expected that as these
techniques mature, they will become more widely available and
the analytical cost per sample will decrease substantially. For
comparison purposes, the cost of shotgun and quantitative
metaproteomic analyses based on cost data collected during
this demonstration were $800 and $200 per sample,
respectively, assuming analysis of a batch of 12 samples. The
cost of the metaproteomic analyses included use of an existing
metaproteomic platform but assumed development of a
workflow specific for cVOCs.
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