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Abstract

We present a statistical model designed to identify the effect of experimental perturbations
on the aggregate behavior of the transcriptome expressed by the bacterium Dehalococ-
coides mccartyi strain 195. Strains of Dehalococcoides are used in sub-surface bioremedi-
ation applications because they organohalorespire tetrachloroethene and trichloroethene
(common chlorinated solvents that contaminate the environment) to non-toxic ethene. How-
ever, the biochemical mechanism of this process remains incompletely described. Addition-
ally, the response of Dehalococcoides to stress-inducing conditions that may be
encountered at field-sites is not well understood. The constructed statistical model captured
the aggregate behavior of gene expression phenotypes by modeling the distinct eigen-
genes of 100 transcript clusters, determining stable relationships among these clusters of
gene transcripts with a sparse network-inference algorithm, and directly modeling the effect
of changes in experimental conditions by constructing networks conditioned on the experi-
mental state. Based on the model predictions, we discovered new response mechanisms
for DMC, notably when the bacterium is exposed to solvent toxicity. The network identified a
cluster containing thirteen gene transcripts directly connected to the solvent toxicity condi-
tion. Transcripts in this cluster include an iron-dependent regulator (DET0096-97) and a
methylglyoxal synthase (DET0137). To validate these predictions, additional experiments
were performed. Continuously fed cultures were exposed to saturating levels of tetra-
chloethene, thereby causing solvent toxicity, and transcripts that were predicted to be linked
to solvent toxicity were monitored by quantitative reverse-transcription polymerase chain re-
action. Twelve hours after being shocked with saturating levels of tetrachloroethene, the
control transcripts (encoding for a key hydrogenase and the 16S rRNA) did not significantly
change. By contrast, transcripts for DET0137 and DET0097 displayed a 46.8+11.5 and
14.619.3 fold up-regulation, respectively, supporting the model. This is the first study to
identify transcripts in Dehalococcoides that potentially respond to tetrachloroethene
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solvent-toxicity conditions that may be encountered near contamination source zones in
sub-surface environments.

Introduction

Strains of Dhc are primarily studied for their ability to respire and biotransform haloorganics
into non-toxic end products [1-3]. This anaerobic bacterium oxidizes diatomic hydrogen and
reduces haloorganic compounds (e.g., chloroethenes, chlorobenzenes, chlorophenols, poly-
chlorinated biphenyls, and dioxins) [2]. These haloorganics include contaminants that are car-
cinogenic, recalcitrant, and widely distributed in hazardous-waste sites. Dhc is an attractive
organism to use in bioremediation and has been increasingly employed at field sites contami-
nated with PCE and TCE (tetrachloroethene and trichloroethene, respectively) to convert these
chlorinated solvents into non-toxic ethene [3, 4].

However, the mechanisms of organohalorespiration and stress response in Dhc are not well
characterized. Previous studies have identified the terminal enzymes reducing the organohalide
as reductive dehalogenases (RDases) [5, 6]. Classical molecular techniques, such as over-ex-
pressing or knocking-out target genes, have as of yet proven elusive because of the non-stan-
dard physiology of the organism [7]. As a consequence, only select RDases and few other
enzymes have been directly characterized in Dhc [6, 8-10].

To gain an understanding of the organization, operation, and regulation of key metabolic
processes and stress-responses of the organism, large datasets are created using high-through-
put transcriptomic and proteomic methods. Previous studies applied this methodology to infer
specific properties of Dhc such as the organization of the central carbon pathway [11] and the
nitrogen fixation potential [12]. These studies, in addition to providing evidence for specific
hypotheses, developed large datasets available for meta-analyses to determine global trends. In
general, applying computational methods to reanalyze previously generated data provides a
method to detect relationships and hypotheses that were previously unidentified.

This study focuses on the results of the high-throughput study previously described by
Mansfeldt et al. [13]. The resulting dataset contained multiple qualitative and quantitative per-
turbations of experimental conditions experienced by Dhc, genome-wide transcriptomic re-
sponse measurements, and ample evidence that the coordinated changes in gene expression
were a function of the state of Dhc (i.e., the mRNA pools reached a steady state following con-
tinuous exposure to particular conditions). We designed a statistical model to leverage these
features to identify strong associations between experimental conditions and coordinated
changes in gene expression.

Previous studies have yet to combine all of the methodological pieces necessary to identify
conditional statistical associations between gene expression clusters and experimental condi-
tions in data with more variables than observations. Whereas multiple authors propose con-
structing sparse statistical networks, [14-17], these studies do not consider clustering variables
to either account for modular expression of genes or enforce dimensionality reduction, and
will therefore suffer from a high multiple-hypotheses testing burden. Alternatively, methods
that do perform clustering either do not allow for conditional relationships to remove non-spe-
cific associations [18, 19] or use penalized objective functions with penalties such as lasso with
poor type-I error-control properties [20]. The SParse eIgengene NEtwork (SPINE) method
with the vbsr technique provides an alternative that addresses all of these challenges specifically
for high dimensional data-sets.
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We infer a SPINE that directly captures the flow of information from the experimental con-
ditions through clusters of gene transcripts that are tightly co-expressed within the data. To
identify the effect of experimental perturbations on the transcriptome of Dhc, the SPINE meth-
od combines two data-dimensionality reduction techniques (clustering and sparse conditional
dependence models) in a new way. We first clustered the expression of 1,419 genes from Dhc
(that were monitored on a microarray) into 100 clusters based on their patterns of gene expres-
sion across 47 experimental conditions as defined by 42 experimental condition variables.
These experimental conditions include various parameters such as the respiration rate, the
electron acceptor type, and the duration of the experiment; a full list of these conditions are de-
fined and detailed in S1 File. This transcript-clustering step reduces the model dimensionality
and increases the statistical power to identify associations between experimental conditions ex-
perienced and the transcriptome expressed by the organism by reducing the multiple hypothe-
sis testing burden. This process is similar to other popular methods such as the WGCNA and
eigengene network analysis [18, 19]. A cluster is defined as a set of gene transcripts that coordi-
nately respond in the experimental dataset. We summarize the gene expression of each cluster
by extracting the principal axis of variation (eigengene) across the experimental dataset to
characterize the aggregate expression of members of the cluster using a standard approach
(principal component analysis; PCA). This is similar to the method of Langfelder and Horvarth
[19].

Even after the data dimensionality reduction from clustering, numerous non-specific statis-
tical associations between experimental conditions and gene expression remain. For example,
when a given experimental condition activates a cascade of downstream gene-expression clus-
ters, all these clusters will be correlated with that experimental condition. Our method is de-
signed to filter out the majority of these correlations, except for the correlation between the
specific experimental condition and the cluster containing gene transcripts directly responding
to this condition. Our method excels at filtering the other non-specific false positives. To build
the model, we use a sparse regression technique (variational Bayes spike regression; vbsr) that
is designed to identify strong statistical relationships between the experimental conditions and
clusters when the number of samples (47) is less than the number of variables considered
(142). The vbsr technique in the SPINE method approximates the best subset selection and has
numerous statistical advantages over alternative approaches (e.g., lasso [21]), including better
Type-I error control (i.e., correctly rejecting true negatives) [22]. We use this approach to iden-
tify clusters that are directly perturbed by experimental conditions.

The clustering and sparse network inference methodology outlined above was applied to the
previously described Dhc microarray dataset [13]. In brief, the dataset consisted of ratios of in-
tensity values from Agilent two-color 8x15k complimentary DNA (cDNA) microarrays, chlori-
nated ethene concentrations, other metabolite concentrations, culture respiration rates, feed
rates, types of substrates used, and qualitative descriptions of the state of the culture (e.g.,
starved, exposed to stressors) resulting from 47 continuously-fed cultures. By monitoring con-
tinuously fed cultures, rather than batch fed cultures, the measured and stable values of the
RNA pool can be correlated to the experimental conditions (e.g., feed rates, substrate type).
The combination of the microarray values with the experimental conditions allows for the di-
rect correlation of the transcript expression with the phenotypic characteristics of the culture.

The model predicted several gene-expression clusters to be strongly associated with experi-
mental conditions experienced by Dhc. To begin to validate the constructed model and to in-
vestigate a proposed stress response mechanism, follow-up continuously-fed experiments
employing quantitative reverse transcription PCR (qQRT-PCR) were performed on cultures ex-
posed to toxic (saturating) levels of PCE.
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Results and Discussion
Gene-expression aggregation

After processing and normalizing the 1,419 transcripts monitored on the microarray, we iden-
tified 100 distinct aggregations of gene expression phenotypes using K-means clustering [23].
The experimental data was clustered into 100 distinct groups to balance shrinking the dataset
with removing true biological signals. Whereas the optimal choice of the number of clusters is
a notoriously ill-posed problem, we experimented with a range of values, from 30-200 clusters.
In these experiments (data not shown) we found that for fewer clusters, the within-cluster cor-
relation was much lower and predicted functionally divergent genes were often grouped to-
gether. We were concerned we were aggregating gene expression too harshly and were
therefore losing important information. Alternatively, for a higher number of clusters, numer-
ous clusters only had a few members and more clusters were highly mutually correlated. In this
case, we were concerned we were not aggregating variables as effectively as possible. The choice
of a 100 clusters was a good trade-off between these two extremes.

As discussed in the methods, the principal eigengene from each gene expression cluster
(C1,.. ., C100) was computed and used in all downstream analyses. This eigengene served as a
summary of the principal pattern of expression of all the transcripts assigned to that particular
cluster. Whereas the principal eigengene is closely related to the centroid of each cluster, we
note that the use of eigengenes is more general than using a centroid since additional eigen-
genes could be selected and incorporated as variables within the network. The direct compari-
sons between the eigengenes and centroids was beyond the scope of this paper.

Supplementary S1 Table contains the gene assignments for each cluster based on K-means
clustering. The median number of members assigned to each cluster was 12 with a standard de-
viation of 8.04. The minimum and maximum number of members per cluster was four (C47)
and 44 (C91). As a final diagnostic, we also inspect the R* distribution for a given cluster in
terms of how much variation the eigengene explains for each individual transcript in that clus-
ter. The clusters are coherent with an overall average R of 0.73.

Fig. 1 displays a heatmap with a nearest neighbor dendrogram of the 100 eigengenes de-
scribing each cluster along with the distinct experimental conditions experienced by Dhc. This
figure is presented to provide a broad overview of the data modeled in the SPINE. The individ-
ual values are transformed to range from negative one (non-abundant or absent; blue) to one
(abundant or present; red). Along the x-axis, the majority of the experiments cluster according
to biological replicates, as a previous publication noted [13]. Along the y-axis, four groups with
five or more transcripts of similarly expressed genes are highly related to multiple experimental
conditions experienced by Dhc; however, substantial heterogeneity among the individual clus-
ters was present within each of these four groups. Notably, similarly described experimental
conditions (e.g., RespnRate and EARate) clustered closely together. In Fig. 1, the heatmap de-
picts the high level organization of eigengenes into clusters and how these clusters vary as a
function of experiment. Overall, this approach successfully displays the global patterns in the
dataset; however, this approach displays difficulty in predicting sparse and
testable relationships.

SPINE

To discover relationships among these clusters and noted experimental conditions experienced
by Dhc and filter the numerous false positives inherit in other methods such as hierarchical
clustering, we inferred a SPINE given the experimental conditions. Whereas a functional anno-
tation (e.g., gene ontology enrichment) potentially could establish an optimal number of
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(continued)
Fig 1. Heatmap constructed for the 100 eigengenes of the clusters and the 42 experimental variables
recorded for Dhc across 47 experiments with varying conditions. The heatmap is organized by the
hierarchal clustering of both the variables (y-axis) and experiments (x-axis). Blue, white, and red indicate a
negative, neutral, or positive microarray expression ratio (or low, mid, or high values for experimental
variables), respectively. The variables are segregated into distinct blocks by introducing a white space
between groups of variables that had distances greater than 0.9 x (maximum hierarchical distance).

doi:10.1371/journal.pone.0118404.9001

clusters in other organisms, in Dhc, a paucity of functional annotation is available for the iden-
tified genes. This lack of information complicates effectively identifying cluster definitions. In
addition, coexpression patterns among genes in a gene ontology analysis will be determined
primarily by the set of perturbations, which in many cases may be unrelated to known pathway
structures. Therefore, an alternative strategy is available by generating SPINE models for a
range of cluster sizes and then interrogating the ensemble of models for properties of interest.

Additionally, alternative approaches such as WGCNA were applied to the data, and other
approaches such as ARACNE [14] could be applied to the data; these competing methods are
not designed to answer the identical questions as the SPINE. Specifically, the SPINE identifies
strong conditional dependence relationships among gene expression clusters, whereas
WGCNA identifies strong marginal dependencies among gene expression clusters. ARACNE
can identify weak conditional dependence relationships, but is inadequate at filtering relation-
ships (e.g., SPINE has a stronger sparsity assumption on the underlying network topology). Re-
cent work suggests that the sparsity assumptions underlying the VBSR model used in SPINE
are highly relevant to underlying biological processes [24]. Similarly, community detection ap-
proaches such as Infomap [25] could be used on the inferred network, but this approach is un-
necessary given the modest size of the network.

Fig. 2 presents the network in graphical form. The resulting model consists of a single con-
nected network with 118 nodes that have an average of 4.37 neighbors (connecting edges); 24
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Fig 2. The SPINE (SParse elgengene Network) inferred for the Dhc transcriptomic data (center gray area). Experimental variables are represented as
yellow nodes with a consistent size. The size of a transcript cluster node is a function of the number of transcripts in that cluster, and these transcript cluster
nodes are colored as either white to red or white to blue. The nodes are colored based on the proportion of their constituent transcripts that are RDase-related
(with white and red indicating a lower and higher proportion, respectively) or the proportion of their constituent transcripts identified as other oxidoreductases
putatively involved in electron transport (with white and blue indicating a lower and higher proportion, respectively). Both filters are considered
simultaneously, allowing purple nodes. The network was visualized in Cytoscape v. 3.0. Red arrows highlight a zoomed in neighborhood view of two clusters
that are discussed in the text: (left) members of and neighbors to the C27 eigengene, the cluster containing the most highly-expressed RDase tceA
(DET0079); and (right) members of and neighbors to the C9 eigengene, the only cluster connected to the solvent toxicity (saturation) experimental condition
in the model.

doi:10.1371/journal.pone.0118404.g002

variables (clusters or conditions) displayed no connections. This figure depicts the predicted
associations between experimental conditions influencing Dhc and the gene expression clus-
ters, in which the clusters are colored based on the proportion of genes that are identified as
surrounding or encoding key proposed respiratory genes. These genes include reductive deha-
logenases (red; includes catalytic subunits, anchoring subunits, and putative regulators) and
other non-RDase oxidoreductases putatively identified as involved in respiration (blue; as-
signed by Seshadri et al. 2005). The darker the node, the greater the fraction of the total mem-
bers of a given cluster are assigned to each category. In this network, the experimental
conditions (represented as yellow nodes) have an average of 1.50 connections per experimental
variable, substantially lower than the network average. This suggests that the gene transcripts
that are a member of the connecting eigengenes may play key roles in mediating the transcrip-
tomic response to that particular experimental condition.

One of the intensively studied aspects of Dhc is the expression pattern of key RDases (Dhc
strain 195 contains 17 distinct RDase operons). Initially focusing on the behavior of RDases in
the network allows a first insight into whether the SPINE model predicted biologically sup-
ported interactions. Overall, the SPINE reaffirms the general bifurcation of RDase components
that has been previously noted [13, 26]. As shown in Fig. 2, C100 is one of the darkest red
nodes because eight out of its eleven members are RDase related. These members include the
RDase catalytic subunits DET0173, DET1535, and DET1538. The C100 cluster is connected to
the C80 cluster; members of the C80 cluster include the DET0180 and DET1545 RDase catalyt-
ic subunits. This connection is expected because the expression of these five RDases have previ-
ously been shown to display an inverse trend to the overall respiration rate [26-28]. These
transcripts are highly expressed under slow respiration rates or starvation conditions.

A notable absence from the RDase list presented above is the dominant RDase: tceA
(DET0079) [6]. Because this is the major enzyme that has been biochemically shown to pass
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electrons to trichloroethene (TCE), dichloroethene (DCE), and vinyl-chloride (VC) to produce
ethene (ETH), DET0079 was anticipated to not interact with the low-respiration linked
RDases. The tceA transcript clusters in the C27 eigengene (the central node of Fig. 2, left).
Other notable members in this C27 cluster include the tceA membrane anchoring protein
(DET0078), a predicted regulatory protein of pceA (DET0320; pceA is a PCE-to-TCE dechlori-
nating RDase), the putative S-layer cell-wall protein (DET1407), a subunit of the cytoplasmic
[Fe]-hydrogenase Vhu (DET0615), and members of the Fts cell division complex (DET00342-
0343). Additionally, C27 is connected to C80 and C100 through C12 and C85, respectively. C12
contains numerous respiration linked transcripts (Fig. 2; discussed below), and C85 contains a
transcript encoding for the putative ferrodoxin/thioredoxin reductase. Therefore, the connec-
tion of both the fast- and slow-respiration linked RDases (i.e., the RDases in C27 and C80/
C100, respectively) to identical clusters containing transcripts encoding respiration linked en-
zymes supports the involvement of RDases in respiratory processes.

Additionally, the C27 cluster is directly connected to C6, C12, C17, C35, C38, C45, C71,
(85, €90, and CensEDRate (Fig. 2, left). The CensEDRate is a variable that is either one or zero
depending on whether an electron donor was or was not provided, respectively. As can be seen
from the heatmap in Fig. 1, the majority (45 out of 47) of experiments analyzed in this dataset
were provided an electron donor; the tceA transcript displayed an average ratio of 17.8+4.5 for
these samples. For the two experiments that did not receive an electron donor, tceA displayed
an average ratio of 0.66+0.68. Therefore, the connection between tceA and the CensEDRate
emphasizes the fact that when the electron donor was not provided in the dataset, the abun-
dance of tceA was low.

Of the clusters that are connected to C27 (Fig. 2, left), only the C35 cluster contains another
RDase (DET1559). This RDase has been previously detected during growth in studies monitor-
ing the RNA or protein levels [29-31]. C27 also maintains an important positive relationship
to C12. The C12 cluster contains transcripts for cell division proteins (DET0635-0638) and sev-
eral non-RDase oxidoreductases predicted to be involved in respiration including the follow-
ing: the [NiFe]-hydrogenase FeS binding subunit (DET0112), a formate dehydrogenase like
(Fdh-like) membrane subunit (DET0186), and a member of the NADH-ubiquinone oxidore-
ductase (DET0923). C12 is also directly connected to the C66 cluster. The C66 cluster captured
the majority of the remaining respiration linked transcripts. Representative members in this
cluster include transcripts for the Hup [NiFe]-hydrogenase subunits (DET0110-0111), the
Hym [Fe]-hydrogenase (DET0145-0148), a Fdh-like oxidoreductase (DET0187), and a mem-
ber of the NADH-ubiquinone oxidoreductase (DET0924).

One of the other notable interactions the model describes is the connection of C9 to the sol-
vent toxicity experimental variable (Fig. 2, right). Notably, C9 is not near the variable for the
saturated levels of PCE in the simple hierarchical clustering technique presented in Fig. 1.
However, members of the C9 cluster are not expressed for the majority of conditions and are
only detected in high abundance under the specific stress conditions of saturated levels of PCE
that induce solvent toxicity. Two transcripts in this cluster, DET0137 and DET0097, maintain
annotations potentially related to sensing and responding to stress (as a methylglyoxal synthase
and DtxR iron-based regulator, respectively). To determine whether this was a prediction en-
tirely specific to SPINE, we also built a network using the weighted graph correlation network
analysis (WGCNA) [18, 19]. Whereas overlap was noted between the two approaches in terms
of genes predicted to be linked to saturation (DET0137, DET0586, DET0587, DET0588, and
DET1179), SPINE uniquely predicted the iron regulator DET0097, among others (DET0096,
DET0138, DET0139, DET0909, DET0910, DET1248, and DET1429), to be connected to sol-
vent toxicity. Because the majority of these additional transcripts maintained a hypothetical
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annotation, only DET0137 and DET0097 are explored in more detail as potential biomarkers
of solvent toxicity.

Validation of the stress response to solvent toxicity in Dhc

Given the strong linkage between solvent toxicity and the C9 cluster, we looked to validate this
model-predicted relationship. To biologically validate this relationship, a continuously fed ex-
periment was performed. When saturating levels of PCE occur, Dhc is known to experience sol-
vent toxicity. Four cultures were allowed to equilibrate to the continuous feeding conditions at
moderate rates for 24 hours (Fig. 3). After 24 hours, two of the four cultures (A and B) were
spiked with 140 yL/L (1.37 mM nominal) of pure PCE, well above its solubility limit. By ex-
ceeding the solubility limit, a free phase of PCE solvent formed in the cultures. This injection of
PCE immediately halted the production of ethene; after approximately 24 hours, reductive de-
chlorination then ceased entirely (Fig. 3a). The two control cultures that did not receive a spike
retained a high-rate of reductive dechlorination, accumulating ethene as the final product.

The qRTPCR results for the DET0097 and DET0137 transcripts selected from the C9 cluster
are presented in Fig. 3B alongside results for the comparative controls of the hydrogenase hupL
DET0110 (a highly expressed member of C66, connected to high respiring conditions [32])
and 16S rRNA (a general indicator of the abundance of Dhc cells). After twelve hours of expo-
sure to the solvent toxicity conditions, DET0137 was 46.8+11.5 fold up-regulated (from the ini-
tial pre-spiked culture) in the cultures experiencing solvent toxicity compared to 2.6+2.0 for
the control cultures; DET0097 was on average 14.6+9.3 fold up-regulated in the cultures
experiencing solvent toxicity compared to 0.8+0.7 in the control cultures. In comparison, the
DET0110 and 16S rRNA transcripts did not display significant changes in expression levels.
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concentrations of PCE, TCE, DCE, VC, and ETH during the continuously fed experiment for the saturated
(solid lines) and control (dashed lines) cultures. The biological duplicates are presented individually. Excess
PCE was spiked into the experimental cultures at 24 hours. TCE and DCE levels were always below 5 pmol/
L. (b) A line-plot of the transcript copies per mL of culture presented on a log scale for DET0097 (a putative
regulator), DET0110 (hup hydrogenase large subunit), DET0137 (a putative methylglyoxal synthase), and
16S rRNA. Data for the saturated and control cultures are represented by solid and dashed
lines, respectively.

doi:10.1371/journal.pone.0118404.9003
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The follow-up study finds that DET0137 and DET0097 do respond to the solvent toxicity
state, and these two transcripts increase in abundance, suggesting a positive relationship.
Therefore, this follow-up study reinforces the SPINE predictions.

The up-regulation of the putative methylglyoxal synthase and the putative iron regulator
provide hypotheses for the mechanism of the solvent stress response in Dhc. DET0097 is pre-
dicted to be a helix-turn-helix (HTH) transcriptional regulator of the DtxR class. This class of
regulators have been shown to be involved in the regulation of iron metabolism [33]. Addition-
ally, iron-regulating proteins have been shown to be involved in the regulation of the oxidative
stress pathway across a wide distribution of bacteria [34]. DET0097 is also notable in that it is
unique to Dhc strain 195 in the Dehalococcoides genus. Therefore, although DET0097 is a good
specific biomarker to monitor Dhc strain 195 for this stress, this result cannot be generalized to
other strains. However, the methylglyoxal synthase (DET0137) is conserved across all Dhc
strains and is a promising candidate for diagnosing stress in field-site Dhc populations. The
methylglyoxal synthase is unlikely to act on PCE directly because this enzyme is predicted to
produce methylglyoxal.

However, a notable feature of methylglyoxal is its toxicity. Previous studies have found that
low amounts of methylglyoxal can halt cellular growth in a wide range of organisms with the
most detailed results available for E. coli [35]; this halting of growth is one of the proposed
roles of methylglyoxal in the cell. Additionally, the methylglyoxal synthase has been previously
shown to be responsive to phosphate limitation and imbalances in the rate of glycolysis with
carbon uptake [36]. Therefore, the SPINE analysis may have identified a crucial control mecha-
nism of the cell: this methylglyoxal synthase will be turned on under solvent toxicity conditions
to arrest cellular growth. Previous studies on Dhc have found that a similar but distinct methyl-
glyoxal synthase (DET1576) was up-regulated under nitrogen limitation conditions [12].
Therefore, the expression of this gene or genes of this type may act as a useful biomarker for ex-
treme stress conditions in which cells halt their metabolism.

Overall, the design and implementation of a SPINE model allowed us to consider a dataset
in which more variables (142 after transcript clustering) were present than observations (n =
47) for Dhc. The model predicted two transcripts, DET0137 (the putative methylglyoxal
synthase) and DET0097 (the putative iron regulator), to be directly connected to the solvent
toxicity condition; these relationships were confirmed in a follow-up study. Additionally, these
transcripts may serve as useful field site biomarkers. Therefore, this network inference method
may be useful for analyzing datasets covering other organisms or applications to identify
strongly supported biological responses to experimental conditions.

Materials and Methods
Microarray data processing and transcript clustering

The microarray data used to construct the SPINE resulted from the scan of an Agilent two-
color 8 x 15k oligonucleotide array that captured Cy3 and Cy5 labeled reverse-transcribed
complimentary DNA (cDNA) (Agilent Technologies, Santa Clara, CA). The individual experi-
mental results were run in the Cy5 (red) channel. A control was run in the Cy3 channel for a
baseline comparison. Ratios between the Cy5 and Cy3 channel were used in further analyses.
Ratios were selected over intensities as they displayed a normal distribution about zero and ac-
counted for potential array effects. Only experiments that respired (n = 47 conditions) were
considered in this analysis. A full description of the design, materials, and methods was previ-
ously presented [13, 37], and the raw data is freely available at NCBI GEO under the accession
number of GSE26288.
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All transcripts and arrays were standardized to have a mean ratio of zero and a variance of
one. The j™ eigengene, 2, is generated by performing a PCA on the j cluster. The gene expres-
sion data Y is defined for each set of gene transcripts identified with K-means clustering. A sin-
gular value decomposition (SVD) is performed on ¥ as follows:

Y = UD(V/)', (1)

with U7 and V7 orthogonal, D’ diagonal, and ¥ standardized matrices. To infer the membership
of each cluster, we use K-means clustering with 1000 random initializations and 100 clusters.
The SVD in equation (1) is used to extract the first eigengene for each cluster by taking the first
eigenvector from the matrix U{l) = 7. These clusters (along with the corresponding environ-

mental conditions) are presented in the supplemental materials (S2 File).

Heatmap Analysis

The presented heatmap was constructed in R v.3.0.2 using the heatmap.2 function. We stan-
dardized both the eigengenes and experimental variables to have a mean of zero and a variance
of one for visualization purposes. The colors vary from blue (negative log-ratios for transcripts
or negative log values for variables) to red (positive log-ratios for transcripts or positive log val-
ues for variables). The K-means clusters of gene transcripts and experiments are organized in
the y- and x-axes, respectively, based on hierarchal clustering. To allow easier visualization of
the data, white spaces were included between groups of variables that had distances greater
than 0.9 x (maximum hierarchical distance).

SParse elgengene NEtwork model

Similar to Logsdon et al. [17], we assume the gene expression data is generated conditional on
experimental conditions based on a conditional Gaussian graphical model as follows:

7SN (I, ©) 2)
for the i" sample of n independent and identically distributed (iid) observations. In this case, z;
is a vector of eigengene values for the i sample, and x; is a vector of the experimental condi-
tion values for the i sample. The matrix I' = @, '@, captures the effects of the experimental
conditions on eigengenes, the inverse covariance matrix @, ' captures the conditional depen-
dence and independence relationships among eigengenes, and the matrix 0, captures the ef-
fects of the experimental conditions on eigengenes conditional on all eigengenes in the model.
A network is then learned among the eigengenes by inferring the non-zero structure of @ !
and @, across the experimental conditions by using the following approach that combines the
vbsr algorithms with the network reconstruction previously proposed in two publications [17,
22].

Variational Bayes spike regression

We infer the neighborhoods (i.e., the non-zero elements of each row of ®,, and 0,) of each
eigengene through a penalized regression approach [17]. We use the vbsr algorithm proposed
in Logsdon et al. 2012 [22] in which a given eigengene is modeled as follows:

d=D B+ Bxte (3)
1

ki
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with the improper prior
ﬁj Np/il [ﬁ] 7é O} + (1 _pﬁ)l[ﬁj = 0} (4)

where f3; indicates either a specific ° or % pg is the prior probability that any f3; is non-zero, I
[x] is the indicator function, and e; is an independently, identically, and normally distributed
error term. We define a reparameterization of pgas €, = 2 (log {ps} — log {1 — pg} — 7). The out-
put of the vbsr model are Z-statistics for eigengene effects to test the null hypotheses H,, : ff; =
0 (Z;) or experimental effects to test the null hypothesis H,, : f; = 0 (Z)). If we reject a null hy-
pothesis (e.g. |Z| > Z,,.), then we declare there is an edge between environmental condition 1
and eigengene j after a Bonferroni multiple testing correction (Z,,;; = P71 (0.025/14200), for a
standard normal random variable). Accordingly, this corresponds to the element HEX of @,
being non-zero. As in Logsdon et al. [17], for each eigengene-eigengene interaction, we consid-
er the estimate from both directions of regression (e.g., eigengene k regressed on eigengene j,
and vice versa) and aggregate the evidence. As opposed to averaging the posterior probabilities,
we geometrically average the p-values from the Z-statistics for each direction of regression:
log,, (P*) = log,,(Py)/2 + log,, (P,;)/2, where P, = P(|X| > |Z]) for a standard normal
random variable X.

We select the penalty parameter £, = —F ' (1 — %) — Jog(n) + 2log(1 — p) — 2log(p)
with p = 0.95 and F'(x) as the inverse cumulative density function of a 7> random variable.
This penalty parameter selection prevents over-fitting and provides a more computationally ef-
ficient solution to the penalized regression problem than running the model on a grid of penal-
ty parameters. The final network is determined based on a Bonferroni cutoff for a significance
threshold of 0.05 (& = 0.05/14200 = 3.52 x 107°) for the Z-statistics. Five-hundred random re-
starts are run for each regression, and approximate Bayesian model averaging is performed
across all identified models as described in Logsdon et al. [22].

Weighted Graph Correlation Network Analysis (WGCNA)

We performed a soft thresholded WGCNA [18, 19]. This analysis defines candidate correlation
networks based on G7 = abs (cor (Z))", where 7= 1,.. ., 10 and Z = [Y, X] in which Yis the data
matrix of 1,419 gene expression variables and X is the data matrix of 42 experimental condition
variables. Additionally, cor(Z) is the correlation matrix of the variables in Z. The network with
the most scale-free topology was selected (in this case 77 = 10), and clustering was performed
using the distance metric defined by 1 — G'° with the partitioning around medoids algorithm
and 100 clusters.

All of the code required to run these analyses is detailed in the supplemental materials (53
File).

Visualization of the network

The resulting network was visualized in the software package Cytoscape (v. 3.0, www.
cytoscape.org). The network was organized with an unweighted, spring-embedded layout. The
node size was scaled to be proportional to the number of transcripts in each cluster. Addition-
ally, the nodes were colored based on key features: experimental conditions are colored yellow,
predicted RDase-neighboring transcripts are colored red, and other non-RDase oxidoreduc-
tases putatively identified as involved in respiration are colored blue. The Cytoscape file is
available in the supplementary materials (54 File).
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Follow-up solvent toxicity experiments

Experimental setup. A culture containing Dhc strain 195 was grown under typical contin-
uously-fed conditions in four 100-mL cultures as previously described [28, 32]. A syringe-
pump (Cole-Parmer, Vernon Hills, IL) delivered a mixture of 1:4.4 PCE:butyrate on a molar
basis at a rate of 2.4 umol PCE/hour. After 24 hours of continuous feeding, two of the cultures
received an injection of 1.37 mmol PCE/L (140 pL neat PCE/L media), well above the theoreti-
cal solubility of 905 pmol PCE/L (for a 160 mL vessel with 100 mL of media at 30°C). Gas chro-
matography (GC) samples were taken throughout the study to analyze substrates and products
of respiration. For RNA samples, 2 mL liquid media samples were withdrawn at 0, 12, 24, 30,
36, 48, and 72 hours elapsed since the beginning of the experiment, and the cells were pelleted
as previously described [28, 32].

GC methods. Chlorinated-ethenes and ethene were assayed utilizing a gas chromatogra-
phy (GC) flame-ionization (FID) detection method as previously described [28, 32, 37].

Primer design. Primers for DET0137, the putative methylglyoxal synthase, and for
DET0097, a putative iron-dependent regulator, were designed and ordered from Integrated
DNA Technologies (IDT, Coralville, IW). In addition to these primers, the previously reported
specific primers for the DET0110 hup hydrogenase and Dhc 16S rRNA were also used to moni-
tor the expression of reference RNAs [32, 37]. The sequences for all primers are provided in S2
Table.

qRTPCR. RNA was extracted from the sample pellets using the Ambion RNEasy Mini Ex-
traction Kit (Life Technologies, Grand Island, NY) as previously described [28, 32]. The RNA
was quantified on a Nanodrop 2000c (Thermo Scientific, Wilmington, DE) and the quality was
confirmed using a RNA 6000 Nano Kit on an Agilent Bioanalyzer (Agilent Technologies, Santa
Clara, CA) according to the manufacturer’s protocols. The RNA was reverse transcribed into
cDNA using the Cyscribe Kit (Bio-Rad, Hercules, CA) as previously described [28, 31, 32, 37].
The qQRTPCR was run for both samples and long amplicon standards of known concentrations
on a BioRad iCycler (Bio-Rad) using a SYBRGreen method as previously described [28, 32].
The results from the iCycler were quantified using DART-PCR version 1.0 algorithms (www.
gene-quantification.de; [38]) to obtain transcript copy numbers, which were then transformed
into copies per mL of culture extracted.

Supporting Information

S1 Table. Gene expression cluster membership, gene annotations, and an indication of
which genes are annotated as RDase-associated or other respiration-linked oxidoreductase
genes (based on Seshadri et al., 2005) for all transcripts monitored on the Dhc strain 195
specific microarray.

(XLSX)

S2 Table. Sequences, annealing temperatures, and amplicon lengths of the qRTPCR and
long amplicon (LA) primers for DET0097, DET0110, DET0137, and the 16S rRNA gene.
(XLSX)

S1 File. Description of experimental conditions considered in the model. The first column
provides the identifier used in SPINE, the second column provides a brief description of the
values and units, and the remaining columns provide the actual data recorded for each
experimental condition.

(XLSX)
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S2 File. File containing all processed gene-expression data along with the experimental con-
dition variables for the 47 samples. These data were used as input to the R scripts in S3 File
during the analysis.

(R)

S3 File. Script implemented to run the vbsr package in R. The overall work-flow includes the
separation of experimental conditions from gene expression values, the clustering of the gene
expression values using a K-means analysis, and the construction of SPINE using vbsr. The
output of this analysis is a network file that can be viewed in any network viewer (e.g., Cytos-
cape).

(TSV)

$4 File. Cytoscape file of the SPINE network generated by this study. Experimental pertur-
bations are represented as yellow nodes and are a constant size. The size of the transcript clus-
ter nodes is a function of the number of transcripts in that cluster, and the transcript clusters
are colored as either white to red or white to blue nodes. The nodes are colored based on the
proportion of their constituent gene transcripts that are RDase-related (with white and red in-
dicating a lower and higher proportion, respectively) or the proportion of their constituent
genes identified as other oxidoreductases putatively involved in electron transport (with white
and blue indicating a lower and higher proportion, respectively). Dashed lines indicate a nega-
tive relationship; solid lines indicate a positive relationship.

(CYS)

Acknowledgments

A portion of this research was performed using EMSL, a national scientific user facility spon-
sored by the Department of Energy’s Office of Biological and Environmental Research and lo-
cated at Pacific Northwest National Laboratory. We also thank Dr. Larsson Omberg for his
advice and assistance.

Author Contributions

Conceived and designed the experiments: CBM BAL RER. Performed the experiments: CBM
BAL GED. Analyzed the data: CBM BAL GED. Contributed reagents/materials/analysis tools:
CBM BAL RER. Wrote the paper: CBM BAL RER.

References

1.  Zinder S (2010) Anaerobic utilization of halohydrocarbons. In: Handbook of Hydrocarbon and Lipid Mi-
crobiology, Springer. pp. 2049-2064.

2. Loffler FE, Yan J, Ritalahti KM, Adrian L, Edwards EA, et al. (2013) Dehalococcoides mccartyi gen.
nov., sp. nov., obligately organohalide-respiring anaerobic bacteria relevant to halogen cycling and bio-
remediation, belong to a novel bacterial class, Dehalococcoidia classis nov., order Dehalococcoidales
ord. nov. and family Dehalococcoidaceae fam. nov., within the phylum Chloroflexi. International Journal
of Systematic and Evolutionary Microbiology 63: 625-635. PMID: 22544797

3. Richardson RE (2013) Genomic insights into organohalide respiration. Current opinion in biotechnology
24:498-505. doi: 10.1016/j.copbio.2013.02.014 PMID: 23490446

4. Major DW, McMaster ML, Cox EE, Edwards EA, Dworatzek SM, et al. (2002) Field demonstration of
successful bioaugmentation to achieve dechlorination of tetrachloroethene to ethene. Environmental
Science & Technology 36:5106-5116. doi: 10.1021/es0255711

5. Seshadri R, Adrian L, Fouts DE, Eisen JA, Phillippy AM, et al. (2005) Genome sequence of the PCE-
dechlorinating bacterium Dehalococcoides ethenogenes. Science 307: 105—108. doi: 10.1126/
science.1102226 PMID: 15637277

PLOS ONE | DOI:10.1371/journal.pone.0118404 February 25, 2015 13/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0118404.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0118404.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0118404.s006
http://www.ncbi.nlm.nih.gov/pubmed/22544797
http://dx.doi.org/10.1016/j.copbio.2013.02.014
http://www.ncbi.nlm.nih.gov/pubmed/23490446
http://dx.doi.org/10.1021/es0255711
http://dx.doi.org/10.1126/science.1102226
http://dx.doi.org/10.1126/science.1102226
http://www.ncbi.nlm.nih.gov/pubmed/15637277

@’PLOS | ONE

SPINE: Linking Gene Expression Clusters to Experimental Perturbations

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24.

25.

26.

Magnuson JK, Romine MF, Burris DR, Kingsley MT (2000) Trichloroethene reductive dehalogenase
from Dehalococcoides ethenogenes: Sequence of tceA and substrate range characterization. Applied
and Environmental Microbiology 66: 5141-5147. doi: 10.1128/AEM.66.12.5141-5147.2000 PMID:
11097881

Maphosa F, de Vos WM, Smidt H (2010) Exploiting the ecogenomics toolbox for environmental diag-
nostics of organohalide-respiring bacteria. Trends in Biotechnology 28: 308-316. doi: 10.1016/j.
tibtech.2010.03.005 PMID: 20434786

Adrian L, Rahnenfiihrer J, Gobom J, Hélscher T (2007) Identification of a chlorobenzene reductive
dehalogenase in Dehalococcoides sp. strain CBDB1. Applied and Environmental Microbiology 73:
7717-7724. doi: 10.1128/AEM.01649-07

Tang S, Chan WW, Fletcher KE, Seifert J, Liang X, et al. (2013) Functional characterization of reductive
dehalogenases by using blue native polyacrylamide gel electrophoresis. Applied and Environmental
Microbiology 79:974-981. doi: 10.1128/AEM.01873-12 PMID: 23204411

Nijenhuis I, Zinder SH (2005) Characterization of hydrogenase and reductive dehalogenase activities
of Dehalococcoides ethenogenes strain 195. Applied and Environmental Microbiology 71: 1664—1667.
doi: 10.1128/AEM.71.3.1664-1667.2005 PMID: 15746376

Tang YJ, Yi S, Zhuang WQ, Zinder SH, Keasling JD, et al. (2009) Investigation of carbon metabolism in
Dehalococcoides ethenogenes strain 195 by use of isotopomer and transcriptomic analyses. Journal
of Bacteriology 191:5224-5231. doi: 10.1128/JB.00085-09 PMID: 19525347

Lee PK, Dill BD, Louie TS, Shah M, VerBerkmoes NC, et al. (2012) Global transcriptomic and proteomic
responses of Dehalococcoides ethenogenes strain 195 to fixed nitrogen limitation. Applied and Envi-
ronmental Microbiology 78: 1424—-1436. doi: 10.1128/AEM.06792-11 PMID: 22179257

Mansfeldt CB, Rowe AR, Heavner GL, Zinder SH, Richardson RE (2014) Meta-analyses of transcrip-
tomic profiles of Dehalococcoides mccartyii strain 195 identify a respiration rate-related gene expres-
sion transition point and inter-operon recruitment of a key oxidoreductase subunit. Applied and
Environmental Microbiology 80: 6062—-6072. doi: 10.1128/AEM.02130-14 PMID: 25063656

Margolin AA, Nemenman |, Basso K, Wiggins C, Stolovitzky G, et al. (2006) ARACNE: an algorithm for
the reconstruction of gene regulatory networks in a mammalian cellular context. BMC Bioinformatics 7:
S7.doi: 10.1186/1471-2105-7-S1-S7 PMID: 16723010

Vignes M, Vandel J, Allouche D, Ramadan-Alban N, Cierco-Ayrolles C, et al. (2011) Gene regulatory
network reconstruction using bayesian networks, the dantzig selector, the lasso and their meta-analy-
sis. PloS One 6:€29165. doi: 10.1371/journal.pone.0029165 PMID: 22216195

Peng J, Wang P, Zhou N, Zhu J (2009) Partial correlation estimation by joint sparse regression models.
Journal of the American Statistical Association 104. doi: 10.1198/jasa.2009.0126 PMID: 19881892

Logsdon BA, Hoffman GE, Mezey JG (2012) Mouse obesity network reconstruction with a variational
bayes algorithm to employ aggressive false positive control. BMC Bioinformatics 13: 53. doi: 10.1186/
1471-2105-13-53 PMID: 22471599

Langfelder P, Horvath S (2008) Wgcna: an r package for weighted correlation network analysis. BMC
Bioinformatics 9: 559. doi: 10.1186/1471-2105-9-559 PMID: 19114008

Langfelder P, Horvath S (2007) Eigengene networks for studying the relationships between co-expres-
sion modules. BMC Systems Biology 1: 54. doi: 10.1186/1752-0509-1-54 PMID: 18031580

Lee SI, Dudley AM, Drubin D, Silver PA, Krogan NJ, et al. (2009) Learning a prior on regulatory poten-
tial from eQTL data. PLoS Genetics 5: €1000358. doi: 10.1371/journal.pgen.1000358 PMID:
19180192

Tibshirani R (1996) Regression shrinkage and selection via the lasso. Journal of the Royal Statistical
Society Series B (Methodological): 267—288.

Logsdon BA, Carty CL, Reiner AP, Dai JY, Kooperberg C (2012) A novel variational Bayes multiple
locus z-statistic for genome-wide association studies with Bayesian model averaging. Bioinformatics
28:1738-1744. doi: 10.1093/bioinformatics/bts261 PMID: 22563072

Quackenbush J (2001) Computational analysis of microarray data. Nature Reviews Genetics 2: 418—
427. doi: 10.1038/35076576 PMID: 11389458

Logsdon BA, Gentles AJ, Miller CP, Blau A, Becker PS, et al. (2015) Sparse expression bases in can-
cer reveal tumor drivers. Nucleic Acids Research In Press. doi: 10.1093/nar/gku1290

Rosvall M, Bergstrom CT (2008) Maps of random walks on complex networks reveal community struc-
ture. Proceedings of the National Academy of Sciences 105: 1118-1123. doi: 10.1073/pnas.
0706851105

Johnson DR, Brodie EL, Hubbard AE, Andersen GL, Zinder SH, et al. (2008) Temporal transcriptomic
microarray analysis of Dehalococcoides ethenogenes strain 195 during the transition into stationary

PLOS ONE | DOI:10.1371/journal.pone.0118404 February 25, 2015 14/15


http://dx.doi.org/10.1128/AEM.66.12.5141-5147.2000
http://www.ncbi.nlm.nih.gov/pubmed/11097881
http://dx.doi.org/10.1016/j.tibtech.2010.03.005
http://dx.doi.org/10.1016/j.tibtech.2010.03.005
http://www.ncbi.nlm.nih.gov/pubmed/20434786
http://dx.doi.org/10.1128/AEM.01649-07
http://dx.doi.org/10.1128/AEM.01873-12
http://www.ncbi.nlm.nih.gov/pubmed/23204411
http://dx.doi.org/10.1128/AEM.71.3.1664-1667.2005
http://www.ncbi.nlm.nih.gov/pubmed/15746376
http://dx.doi.org/10.1128/JB.00085-09
http://www.ncbi.nlm.nih.gov/pubmed/19525347
http://dx.doi.org/10.1128/AEM.06792-11
http://www.ncbi.nlm.nih.gov/pubmed/22179257
http://dx.doi.org/10.1128/AEM.02130-14
http://www.ncbi.nlm.nih.gov/pubmed/25063656
http://dx.doi.org/10.1186/1471-2105-7-S1-S7
http://www.ncbi.nlm.nih.gov/pubmed/16723010
http://dx.doi.org/10.1371/journal.pone.0029165
http://www.ncbi.nlm.nih.gov/pubmed/22216195
http://dx.doi.org/10.1198/jasa.2009.0126
http://www.ncbi.nlm.nih.gov/pubmed/19881892
http://dx.doi.org/10.1186/1471-2105-13-53
http://dx.doi.org/10.1186/1471-2105-13-53
http://www.ncbi.nlm.nih.gov/pubmed/22471599
http://dx.doi.org/10.1186/1471-2105-9-559
http://www.ncbi.nlm.nih.gov/pubmed/19114008
http://dx.doi.org/10.1186/1752-0509-1-54
http://www.ncbi.nlm.nih.gov/pubmed/18031580
http://dx.doi.org/10.1371/journal.pgen.1000358
http://www.ncbi.nlm.nih.gov/pubmed/19180192
http://dx.doi.org/10.1093/bioinformatics/bts261
http://www.ncbi.nlm.nih.gov/pubmed/22563072
http://dx.doi.org/10.1038/35076576
http://www.ncbi.nlm.nih.gov/pubmed/11389458
http://dx.doi.org/10.1093/nar/gku1290
http://dx.doi.org/10.1073/pnas.0706851105
http://dx.doi.org/10.1073/pnas.0706851105

@’PLOS | ONE

SPINE: Linking Gene Expression Clusters to Experimental Perturbations

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

phase. Applied and Environmental Microbiology 74:2864—-2872. doi: 10.1128/AEM.02208-07 PMID:
18310438

Fung JM, Morris RM, Adrian L, Zinder SH (2007) Expression of reductive dehalogenase genes in Deha-
lococcoides ethenogenes strain 195 growing on tetrachloroethene, trichloroethene, or 2, 3-dichloro-
phenol. Applied and Environmental Microbiology 73: 4439-4445. doi: 10.1128/AEM.00215-07 PMID:
17513589

Rahm BG, Richardson RE (2008) Correlation of respiratory gene expression levels and pseudo-
steady-state PCE respiration rates in Dehalococcoides ethenogenes. Environmental Science & Tech-
nology 42:416-421. doi: 10.1021/es071455s

Morris R, Fung J, Rahm B, Zhang S, Freedman D, et al. (2007) Comparative proteomics of Dehalococ-
coides spp. reveals strain-specific peptides associated with activity. Applied and environmental micro-
biology 73:320-326. doi: 10.1128/AEM.02129-06 PMID: 17098919

Werner JJ, Ptak AC, Rahm BG, Zhang S, Richardson RE (2009) Absolute quantification of Dehalococ-
coides proteins: enzyme bioindicators of chlorinated ethene dehalorespiration. Environmental Microbi-
ology 11:2687-2697. doi: 10.1111/].1462-2920.2009.01996.x PMID: 19650881

Rowe AR, Heavner GL, Mansfeldt CB, Werner JJ, Richardson RE (2012) Relating chloroethene respi-
ration rates in Dehalococcoides to protein and mRNA biomarkers. Environmental Science & Technolo-
gy 46:9388-9397. doi: 10.1021/es300996¢c

Rahm BG, Richardson RE (2008) Dehalococcoides gene transcripts as quantitative bioindicators of tet-
rachloroethene, trichloroethene, and cis-1, 2-dichloroethene dehalorespiration rates. Environmental
Science & Technology 42: 5099-5105. doi: 10.1021/es702912t

Brune I, Werner H, Hiser AT, Kalinowski J, Puhler A, et al. (2006) The dtxr protein acting as dual tran-
scriptional regulator directs a global regulatory network involved in iron metabolism of Corynebacterium
glutamicum. BMC Genomics 7:21.doi: 10.1186/1471-2164-7-21 PMID: 16469103

Cornelis P, Wei Q, Andrews SC, Vinckx T (2011) Iron homeostasis and management of oxidative stress
response in bacteria. Metallomics 3: 540-549. doi: 10.1039/c1mt00022e PMID: 21566833

Ferguson GP, Tétemeyer S, MacLean M, Booth | (1998) Methylglyoxal production in bacteria: suicide
or survival? Archives of Microbiology 170: 209-218. doi: 10.1007/s002030050635 PMID: 9732434

Booth |, Ferguson G, Miller S, Li C, Gunasekera B, et al. (2003) Bacterial production of methylglyoxal: a
survival strategy or death by misadventure? Biochemical Society Transactions 31: 1406—1408. doi:
10.1042/BST0311406 PMID: 14641075

Heavner GL, Rowe AR, Mansfeldt CB, Pan JK, Gossett JM, et al. (2013) Molecular biomarker-based
biokinetic modeling of a PCE-dechlorinating and methanogenic mixed culture. Environmental Science
& Technology 47:3724-3733. doi: 10.1021/es303517s

Peirson SN, Butler JN, Foster RG (2003) Experimental validation of novel and conventional ap-
proaches to quantitative real-time PCR data analysis. Nucleic Acids Research 31: e73—e73. doi: 10.
10983/nar/gng073 PMID: 12853650

PLOS ONE | DOI:10.1371/journal.pone.0118404 February 25, 2015 15/15


http://dx.doi.org/10.1128/AEM.02208-07
http://www.ncbi.nlm.nih.gov/pubmed/18310438
http://dx.doi.org/10.1128/AEM.00215-07
http://www.ncbi.nlm.nih.gov/pubmed/17513589
http://dx.doi.org/10.1021/es071455s
http://dx.doi.org/10.1128/AEM.02129-06
http://www.ncbi.nlm.nih.gov/pubmed/17098919
http://dx.doi.org/10.1111/j.1462-2920.2009.01996.x
http://www.ncbi.nlm.nih.gov/pubmed/19650881
http://dx.doi.org/10.1021/es300996c
http://dx.doi.org/10.1021/es702912t
http://dx.doi.org/10.1186/1471-2164-7-21
http://www.ncbi.nlm.nih.gov/pubmed/16469103
http://dx.doi.org/10.1039/c1mt00022e
http://www.ncbi.nlm.nih.gov/pubmed/21566833
http://dx.doi.org/10.1007/s002030050635
http://www.ncbi.nlm.nih.gov/pubmed/9732434
http://dx.doi.org/10.1042/BST0311406
http://www.ncbi.nlm.nih.gov/pubmed/14641075
http://dx.doi.org/10.1021/es303517s
http://dx.doi.org/10.1093/nar/gng073
http://dx.doi.org/10.1093/nar/gng073
http://www.ncbi.nlm.nih.gov/pubmed/12853650


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


