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rich microorganisms for hydrocarbon degradation and broad applications in bioremediation.
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microbiome is limited. In this study, we used high-throughput metagenomic sequencing to
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comprehensively study the microbial community from petroleum-contaminated soils near
Tianjin Dagang oilfield in eastern China. The analysis reveals that the soil metagenome is
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characterized by high level of community diversity and metabolic versatility. The metageome
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community is predominated by γ-Proteobacteria and α-Proteobacteria, which are key players

Metagenomic sequencing

for petroleum hydrocarbon degradation. The functional study demonstrates over-represented

Taxonomic analysis

enzyme groups and pathways involved in degradation of a broad set of xenobiotic aromatic

Oil-contaminated soils

compounds, including toluene, xylene, chlorobenzoate, aminobenzoate, DDT, methylnaphthalene, and bisphenol. A composite metabolic network is proposed for the identified
pathways, thus consolidating our identification of the pathways. The overall data demonstrated the great potential of the studied soil microbiome in the xenobiotic aromatics
degradation. The results not only establish a rich reservoir for novel enzyme discovery but also
provide putative applications in bioremediation.
© 2016 The Research Center for Eco-Environmental Sciences, Chinese Academy of Sciences.
Published by Elsevier B.V.

Introduction
Soil is considered among the most diverse ecosystems and
the richest sources of microbial diversity due to its complex
biochemical properties and close interaction with external
environments. One gram of soil may contain as many as
billions of cells (Delmont et al., 2011). Therefore, soils are the
valuable reservoirs for microbial discovery and industrial

application, such as enzyme discovery, drug development,
and bioremediation (Daniel, 2004). Numerous studies have
been carried out to successfully isolate individual/multiple
bacteria; screen DNA clones to decipher the community
composition; or discover functional genes in different soil
niches for desired applications (Lorenz and Eck, 2005; Lorenz
et al., 2002; Kennedy et al., 2011; Warnecke and Hess, 2009;
Rajendhran and Gunasekaran, 2008; Riesenfeld et al., 2004).
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Petroleum-contaminated soil is one of the most studied soil
ecosystems for microorganism recovery and enzyme discovery.
It is rich for indigenous microorganisms with capability of
hydrocarbon degradation due to its high concentration of organic
hydrocarbons. A great deal of research has been performed
to explore the application of soil microorganisms for bioremediation. A variety of bacteria from multiple genera has been
isolated and assayed to be able to degrade a wide range of oil
hydrocarbons. A number of metabolic pathways have also been
constructed for degrading specific organic contaminants and
many novel enzymes have been discovered to involve in the
degrading activities (Seo et al., 2009; Dı́az et al., 2001; Gibson and
Harwood, 2002). However, the previous study either using genetic
manipulation or experimental assay, mainly focused on individual bacteria species or specific target pathways. It has been
proposed that single species is difficult to degrade the organic
hydrocarbons completely whereas a consortium of microorganisms may involve in the degradation of multiple hydrocarbons
simultaneously. Therefore, the systematic study of the microbial
community and their composite metabolic model is needed.
Recently, the metagenomic approach combined with highthroughput sequencing provided an alternative to thoroughly
explore the microbial community and the metabolic potential
(Ram et al., 2011; Caporaso et al., 2010; Caporaso et al., 2012;
Degnan and Ochman, 2012). Large-scale metagenomic sequencing has been broadly used to study human gut microbiome (Gill
et al., 2006; Turnbaugh et al., 2009; Qin et al., 2010; Yatsunenko
et al., 2012; Karlsson et al., 2013; Warnecke et al., 2007), and
marine microbiome (Venter et al., 2004; Yooseph et al., 2007;
Rusch et al., 2007; Iverson et al., 2012; Carrino-Kyker et al., 2013;
Cai et al., 2013; Abbai and Pillay, 2013). The high-throughput
metagenomic study of soils also obtained numerous research
attention (Mackelprang et al., 2011; Ferrer et al., 2011; Fierer et
al., 2012) due to its complex properties shaped by many
influential factors (Lombard et al., 2011).
In the present study, we used Illumina high-throughput
sequencing platform to do deep sequencing of the metagenomic
microbiome from oil-contaminated soils and performed wholegenome functional analysis of the metagenomic sequences. The
soils were collected from the oil-polluted area near Tianjin
Dagang Oilfield in eastern China, which caused severe contamination to the surrounding soils. The hydrocarbon contaminants
are mainly cyclic aromatic hydrocarbons (C12–C24) (Chang et al.,
2014; Wang et al., 2010). Many of them are known to be toxic and
carcinogenic causing serious environmental pollution and
human health threat. We aim to investigate from the genomewide view the community composition and the metabolic
models of the bacterial inhabiting in the oil-contaminated soils.
The study will help to enrich our knowledge base of soil
metagenome at the level of genes and functions.

1. Material and methods
1.1. Sample collection
The soil samples were obtained in March 2013 around one of
the drilling areas in Tianjin Dagang oilfield in Eastern China
(38°42′N, 117°29′E). The area was a historically saline-alkali
land and was petroleum-contaminated. In order for a thorough

representation of the soils in the area, nine non-overlapping
spots nearly uniformly distributed in the target area were
selected. Three replicate samples were collected at each spot
in the upper layer sediments (0–15 cm). The pH value was
measured on site. The samples were placed in the zip-locked
sterile plastic bags and stored at 4°C immediately until they
were brought to the laboratory. The samples were pooled
together and mixed thoroughly to provide a homogenous,
representative sample for the site.

1.2. DNA extraction
Total metagenomic DNA was extracted and purified using the
E.Z.N.A.® Soil DNA Kit D5625 (Omega Bio-Tek, Inc., Norcross,
GA, USA) according to the manufacturer's instructions with
minor modifications. Approximately 5 g of soil was placed in
a 50-mL sterile polypropylene tube and resuspended in 10 mL
Buffer SLX Mlus PD090 (Omega Bio-Tek, Inc., Norcross, GA,
USA) with 5 g of glass beads (0.1 mm) added. The mixtures
were agitated in a mini-bead beater (FastPrep, Thermo Fisher
Scientific, Waltham, MA, USA) three times for 40 sec each
time. After 1 mL Buffer DS were added, the samples were
vortexed and incubated at 70°C for 10 min followed by 90°C
for 5 min. Subsequent steps were performed according to
manufacturer's recommendations. Final DNA extracts were
subject to electrophoresis in 1% agarose gel and quantified by
the NanoDrop 2000 (Thermo Fisher Scientific, Waltham, MA,
USA).

1.3. Library construction and sequencing
DNA library preparation followed the manufacturer's instruction
(Illumina Inc., San Diego, CA, USA). The paired-end DNA library
with insert size of ~400 bp was prepared using KAPA library
preparation kit KK8221 (KAPA Biosystems, Wilmington, MA,
USA.) and a TruSeq DNA Sample Preparation v2 kit (Illumina Inc.,
San Diego, CA, USA). Sequencing reads were generated by
Genewiz, Inc. using HiSeq 2000 (2 × 100 cycles) and MiSeq
system (2 × 150 cycles) sequencing platform (Illumina Inc., San
Diego, CA, USA).

1.4. Taxonomic assignments
The sequences were assembled using velvet (Zerbino and
Birney, 2008) and open reading frames (ORFs) were predicted
with MetaGeneMark (Zhu et al., 2010). The taxonomy assignment of each ORF was based on BLASTX homology search
against NCBI NR database (bacterial subset) and the phylogenetic architecture from NCBI taxonomy database. The alignment hits with e-value ≤ 10−5 and score ≥ 65 were retained and
the ORFs were assigned to the taxon of the lowest common
ancestor (LCA) (Schieber and Vishkin, 1984) from multiple hits
using MEGAN (Huson et al., 2011). The diagram of community
structure was plotted using iTOL (Letunic and Bork, 2011). In
order to reduce the effects from the incomplete database
information and alignment bias, we restrict the classification
of phylotypes to the level of phylum, class and order. The
incidence-based coverage estimator (ICE) and Shannon index
(Shannon, 1948) were used to calculate the richness and
diversity of functional category.
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1.5. Functional annotation
The functions annotation of the predicted genes was performed
by searching their translated protein sequences against the
integrated enzymes database from kyoto encyclopedia of genes
and genomes (KEGG) (Kanehisa et al., 2012) and Swiss-Prot
(Bairoch and Apweiler, 2000) (e-value ≤10−5 and score ≥ 65). The
remaining unmappable sequences were aligned to uniref90
from UniProt protein databases (Magrane and Consortium,
2011) (e-value ≤10−5 and score ≥ 65). The genes designated to
EC numbers were further applied for profile searching with
Pfam database (Punta et al., 2012) using HMMER (Eddy, 2011). In
order to reduce the biases induced from the short gene
fragments and alignment error, we only considered those hits
satisfying the criteria of (1) covering more than 40% of the full
gene lengths or with the mapping score greater than 250; (2)
containing at least one Pfam domain (e-value ≤10−5 and
score ≥ 20) common to the specific enzymes. The proteins
were grouped into orthologs by comparison with the KEGG
orthologous groups (KOs) and the pathways were constructed
by mapping the KOs to KEGG pathways. The integrated
pathway diagrams were generated using KEGG-ED (Klukas and
Schreiber, 2007).

1.6. Differential enrichment and statistical analysis
The differential enrichment of enzymes/pathways was assessed
by comparison with all enzymes/pathways from three separate
datasets: all available genomes in KEGG (2152821 enzyme genes),
genome of Escherichia coli (E. coli) K-12 MG 1655 (1411 enzyme
genes) and genome of Bacillus subtilis (B. subtilis) subsp. subtilis
168 (1106 enzyme genes). The odds ratio and binomial test
statistic were calculated to determine the enrichment of enzyme
and pathway. Benjamini–Hochberg adjusted p-value (Benjamini
and Hochberg, 1995) was calculated to control the false discovery
rate (FDR) in multiple testing. The enzyme group was considered
to be significantly enriched by satisfying the both criteria of
odds ratio ≥ 1.2 and FDR corrected p-value ≤0.05, while the
over-represented pathway by satisfying the criteria of odds
ratio ≥ 2 and FDR corrected p-value ≤0.05. The odds ratio is
defined as the relative frequency of observing a given functional
category in the present data set relative to the reference
databases.

1.7. Sequences deposition and data accession
The metagenomic sequences have been deposited in the
Sequence Read Archive (SRA) under the accession number
SRP036853 and the sample information was under the accession
number PRJNA237577.

2. Results and discussion
2.1. Chemical properties
The samples were collected from the superficial soils in the
oil-polluted area near Tianjin Dagang Oilfield (see “Materials
and methods” for more details). The soils in this region is
shown to be alkaline sodic with an average pH value of 8.7 and
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rich contents of organic matters with a proportion of 0.4%,
comparable to other reports (Wang et al., 2011; Chang et al.,
2014). The soils also show high salinity with water-soluble salt
of 20.3 g/kg and available potassium of 1.10 × 103. The
contents of other chemical elements are: 12.2 mg/kg for the
available phosphorus; 0.061% for the total phosphorus, and
0.042% for the total nitrogen.

2.2. Metagenomic sequencing and gene prediction
High-throughput sequencing was performed on Illumina
Miseq/Hiseq platform yielding 56 million sequencing reads,
generating 7.6 GB nucleotides in total. A non-redundant gene
sets were obtained by de novo assembly, producing 93,085
contigs (>300 bp) totaling 75 Mb. More than 80,000 open
reading frames (ORFs) were predicted with a minimum length
of 300 bp, occupying 73.7% of the total genome size.
To examine the gene contents as a function of sequencing
volume, we plotted the rarefaction curve by estimating the gene
content richness using incidence-based coverage estimator
(ICE) for every 10 million sequencing reads (Fig. S1). The
extrapolation of the rarefaction curve indicated that we
captured 60% of the total gene information by sequencing 27%
of the total expected amount of sequences. It is expected that
more sequencing depth will increase the number of predicted
genes. However, we believe that the margin yield will be
decreased due to the non-uniform distribution of species
abundances (Chen and Pachter, 2005).

2.3. Microbial community composition of the metagenomic DNA
The classification of the microbial lineage of the metagenomic
sample was based on the sequence homology searching with
the non-redundant protein sequence database of NCBI NR
bacterial subset. A total of 62,005 ORFs were mapped and
58,453 of them are significant (e-value ≤ 10−5 and score ≥ 65).
Of the mapped hits, 43,453 (70%) were assigned to taxonomic
types. The unassignable members are those ORFs, of which
the hits cannot be traced to the common ancestor in the
lowest common ancestor (LCA) algorithm (Schieber and
Vishkin, 1984), or those unmappable. In order to assign the
ORFs as much as possible, we did not set the threshold for the
alignment homology, rather restricted the classification to the
level of phylum, class and order.
The taxonomic characterization revealed that the
metagenomic community was primarily composed of seven
orders from six classes within four phyla including Proteobacteria,
Bacteroidetes, Firmicutes, Actinobacteria (Fig. 1). Proteobacteria
was the most abundant group making up almost half
(44.4%) of all the phylotypes, where γ-Proteobacteria (31.8%)
and α-proteobacteria (10.4%) were the dominant parts,
and β-proteobacteria only contributed 2.0%. The sum of
Bacteroidetes, Firmicutes, and Actinobacteria encompassed
24.7% (12.4%, 6.2%, and 6.1% respectively). Remarkably, it is
found that each taxa group was predominated by one or two
sub-groups, such as Pseudomonadales and Alteromonadales
in γ-Proteobacteria, Rhodobacterales in α-Proteobacteria,
Burkholderia in β-Proteobacteria, Flavobacteriales in
Bacteroidetes, Bacillales in Firmicutes, and Actinomycetales
in Actinobacteria. The strains from those sub-groups have been

28

J O U RN A L OF E N V I RO N ME N TA L SC IE N CE S 5 6 (2 0 1 7) 25–3 5

Fig. 1 – Community structure of the metagenomic microorganisms derived from the petroleum-contaminated soil samples.
The area of the red sphere represents the proportional composition of the taxonomic groups (outer circle for the level of order
and inner circle for class or phylum). The area scale of outer circles and inner circles is independent due to the limited space in
the inner circle. The question mark “?” preceding the taxonomic names means “unclassified”.

found to be active players in petroleum hydrocarbon degradation
and be frequently observed in different oil-contaminated soils
(Zanaroli et al., 2010; Mohandass et al., 2012; Abbai and Pillay,
2013; Seo et al., 2009; Kostka et al., 2011; Perez-Pantoja et al., 2012).
In order to examine the uniqueness of the microbial
community structure in the current study, we compared the
taxonomic characterization with those from other soil studies
by tabulating the taxa proportions from the current and other
reported soil microbiome (Fig. 2). A broad diversity of the
microbiome structure is observed among the samples from
different soil sources. For example, a remarkable difference in

the proportion of in γ-Proteobacteria and Acidobacteria was
seen between oil-contaminated and non-contaminated soils;
a greater dominance by γ-Proteobacteria and α-Proteobacteria
was observed in the saline soils than in the sub-saline soils
(Kostka et al., 2011; Fierer et al., 2012; Andreote et al., 2012;
Yergeau et al., 2012; Ferrer et al., 2011). In the contrast, the
proportion of Actinobacteria is variable across different soil
sources with low proportions in forest soils. Two other recent
studies of soil metagenome revealed high abundance of
Actinobacteria in agricultural soils (Bernstein and Pratt, 1999)
and hyperarid desert soils (Gonzalez et al., 1998). The
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Fig. 2 – Comparison of the microorganism community
structures between the currently studied oil-contaminated
soils and other reported soil samples. The proportional
representation of each taxon among the samples is tabulated.
The proportions were shown only at the phylum or class level
based on the availability of the data.

variability of the soil microbiome community indicates that
the microbiome structures are highly diverse and closely
related with the soil properties underlying the soil ecosystems
(Viñas et al., 2005; Alonso et al., 2002). The present study
provided unique microbiome communities in the specific
oil-contaminated soil niches.
It should also be noticed that there is still nearly one third
of the phylotypes, which cannot be classified as any known
taxa. These unidentifiable sequences could be from poorly
studied taxa or specific for the currently studied soil niches.

2.4. Enzyme characterization revealed the enrichment of genes
for degradation of aromatic compounds
The high-throughput sequencing data enabled us to characterize the represented enzymes and functional groups with
high confidence. By comparison with the integrated enzyme
database of KEGG (Kanehisa et al., 2012) and Swiss-Prot
(Bairoch and Apweiler, 2000), we obtained 39,806 significant
hits (e-value ≤ 10− 5 and score ≥ 65) with assignable EC numbers. In order to reduce the biases induced from the short gene
fragments, we only considered those hits covering more than
40% of the full gene lengths or with the mapping score greater
than 250. The number of satisfactory hits reduced to 21,219,
corresponding to 3284 unique EC numbers. More than 90% of
them were found to contain at least one functional domain
common to the reference enzymes by searching against the
HMM (Eddy, 2011) profiles from Pfam (Punta et al., 2012)
database.
The enrichment of enzymes was assessed by calculating
the proportional representation for each EC category based on
gene counts and read abundances. The top ranked enzymes in
each sub-category based on gene counts are tabulated in
Fig. S2. The list of highly abundant enzymes occupied ~ 80% of
the total qualified hits, which represent the essential core
enzymes required for the normal living activity of microbial
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organisms, such as glycosyltransferase, oxidoreductase, and
acyltransferase. The enrichment patterns based on read
abundances are concordant with that based on proportional
gene counts with the Pearson correlation of 0.88–0.99 (Fig. S3).
It provided alternative evidences that a reasonably efficient
sequencing depth was achieved for the metagenomic DNA
library.
Given the enzyme enrichment profile of the whole
metagenomic DNA, we would like to ask the question: which
enzymes are specific for the oil-contaminated soil microorganisms and make them survive the particular environments? We address the question by calculating the relative
gene frequency of each EC type in comparison with the three
reference database (enzymes from all bacterial genomes in
KEGG, enzymes from genome of E. coli K-12 MG 1655 and
genome of B. subtilis subsp. subtilis 168). In total, we identified
14 EC categories, which were significantly over-represented in
our metagenomic library relative to at least one of the three
reference databases (Table 1). These enzyme categories
include 2916 unique gene entries and 74.2% of them (2151 in
total) are novel with maximum similarity of 90%, minimum
coverage of 40% and at least one Pfam domain. Many of the
enriched enzyme groups are actively involved in the degradation of aromatic compounds or fatty acids, such as the
dioxygenase EC 1.14.12.- (p-value = 0.03), monooxygenase EC
1.14.13.- (FDR p-value < 10−15), and NAD- or NADP-dependent
dehydrogenase EC 1.3.1.- (p-value = 1.5 × 10−6). Among the
enriched enzymes are also the category of EC 1.3.99.-, EC
4.2.1.-, and EC 4.1.1.-, which are involved in the downstream
reaction of aromatics degradation pathways, such as fatty
acid degradation, tricarboxylic acid cycle (TCA cycle) and
pyruvate degradation. In order to systematically investigate
the function modules encoded by the enriched enzymes, we
come to study the metabolic profiles of the soil microbiome in
the following section.

2.5. Functional annotation of predicted ORFs demonstrated
high level of metabolic diversity
Soil metagenomic microbiome was known to be of great
metabolic potential due to its high taxonomic diversity (Qin
et al., 2010; Fierer et al., 2012; Ladd et al., 1993). We decipher
the metabolic versatility of the microbials in our soil sample
by categorizing the predicted ORFs into KEGG orthology
groups (KOs) and projecting the KOs to pathways available in
KEGG database. In total, 4048 unique KO groups were found
and collapsed to 247 metabolic pathways. The high ICE
richness of 247 is higher than that of the individual organisms
of E. coli K-12 MG 1655 (ICE = 181) or of B. subtilis subsp. subtilis
168 (ICE = 179). The calculation of Shannon index (Shannon's
diversity = 4.4, and evenness = 0.80) further indicates the
high level of versatility and evenness in metabolic pathways.
The proportional representation of each pathway and their
clustering exhibits a clear pattern for the metabolic model of the
soil microbial community (Fig. 3). We classified them into three
tiers. The tier-1 only contains a few highly represented
pathways, including transport system, amino acid biosynthesis
and metabolism, energy and nutrient metabolism. These
pathways are required for essential physiological needs of
almost all living organisms and therefore their representations
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Table 1 – The enzyme groups significantly enriched relative to at least one of the three databases a.
Enzyme function

Ratio (%)
EC b
number

Odds ratio c

p-Value

KEGG E. coli B. subtilis
Oxidoreductase,
incorporation of two
oxygen atoms
Oxidoreductase,
NADH/NADPH-dependent,
incorporation of two
oxygen atoms
Oxidoreductase,
NADH/NADPH-dependent,
incorporation of one
oxygen atom
Dehydrogenase,
NADH/NADPH-dependent
Oxidoreductase
Phosphotransferase
with a nitrogenous
group as acceptor
Nucleotidyltransferase
Sulfotransferase
Carboxylic ester hydrolase
Metalloendopeptidase
Hydro-lyase
Polysaccharide
carbon–oxygen lyase
Carbon-sulfur lyase
Disulfide-isomerase

KEGG

E. coli

FDR-corrected
p-value d
B. subtilis

KEGG

E. coli

B. subtilis

1.13.11.-

0.38

1.53

5.33

2.09

0.0002

<1E −15

4.6E −09

0.001

<1E −15

4.0E −08

1.14.12.-

0.13

1.44

0.60

1.41

0.03

1.00

0.038

0.098

1.44

0.14

1.14.13.-

0.41

1.02

1.15

4.52

0.41

0.093

<1E −15

0.81

0.32

<1E−15

1.3.1.-

0.59

1.04

1.66

1.08

0.33

1.9E−07 0.18

0.70

1.5E −06 0.57

1.3.99.2.7.3.-

0.75
1.05

1.08
2.96

1.32
7.39

1.37
2.32

0.16
<1E−15

0.00061
<1E −15

9.9E −05
<1E −15

0.39
<1E −15

0.0033
<1E −15

0.001
<1E−15

2.7.7.2.8.2.3.1.1.3.4.24.4.2.1.4.2.2.-

4.94
0.03
1.62
1.02
3.35
0.08

1.23
3.97
1.93
1.23
1.13
1.86

1.40
–
2.28
1.10
1.21
–

1.37
–
1.99
0.94
1.20
0.45

1.5E−10
0.0019
<1E−15
0.0019
0.0010
0.0074

<1E −15
–
<1E −15
0.078
5.4E−07
−

<1E −15
–
<1E −15
0.81
2.9E −06
1.00

2E −09
0.008
<1E −15
0.008
0.005
0.028

<1E −15
–
<1E −15
0.27
4.0E −06
−

<1E−15
–
<1E−15
1.72
1.8E −05
1.41

4.4.1.5.3.4.-

0.46
0.17

1.29
2.79

1.09
2.45

0.64
–

0.0085
0.18
1.00
7.2E−08 1.4E−06 –

0.031
0.53
1.24
7.7E −07 9.8E −06 –

The odds ratio and p-value are not shown for the enzymes not detected in E. coli or B. subtilis and indicated as “-”.
The three databases include: all available microbial genomes in KEGG, the genome of E. coli K-12 MG 1655, and genome of B. subtilis subsp. subtilis
168.
b
The designation of Enzyme Commission (EC) number was based on comparison with the enzymes database from KEGG.
c
The odds ratio is defined as the relative frequency of observing a particular pathway in the present data set relative to the reference database.
d
The calculation of false discovery rate (FDR) was based on Benjamini-Hochberg multiple testing correction. The significance is defined as
odds ratio ≥ 1.2 and FDR-corrected p-value ≤ 0.05.
a

are highly consistent across different taxa. The tier-1 pathways
comprise 10% of the overall functional pathways in the data set
but involve more than 40% of the predicted ORFs. Another 45%
of the pathways at the bottom of the ranking (tier-3) have the
lowest representations, only containing 5% of the ORFs. The
highly mosaic distribution of the tier-3 pathways imply that
these functions are unique for some particular microbiomes.
The final 45% of the pathway categories (tier-2) have moderate
representations, involving almost 55% of the whole ORFs. In
general, the pathways in tier-2 exhibit slight differences between
the seven genera and represent the functions responsible for the
cellular response to environmental stresses. Therefore, those
functions are probably specific for the particular habitats and
should reflect environmental factors shaping the community
structure, such as degradation of aromatic compounds. Therefore, we next identify the functions possibly specific for the
microbes in the oil-contaminated soils in the current study.

2.6. Identification of over-representation of degradation
pathways for xenobiotic aromatics
We compared the proportional representation of the pathway
categories identified above with that from the reference

databases. The comparison shows that the soil microbiome
is enriched for the degradation pathways for a broad set of
xenobiotic aromatic compounds, including toluene, xylene,
chlorobenzoate, aminobenzoate, dichlorodiphenyltrichloroethane (DDT), methylnaphthalene, and bisphenol (Fig. 4,
Tables S1 and S2). The results reveal the metabolic potential
for xenobiotic compounds of the current metagenome community. The xenobiotic aromatics are mainly the alkyl,
halogen, or amino substituents of monocyclic aromatics
(toluene, xylene, chlorobenzoate, and aminobenzoate) and
di-cyclic aromatics (DDT, methylnaphthalene, and bisphenol).
The findings are consistent with the chemical properties of
the soil samples that the soils in the studied location have a
high concentration of organic matter, nitrogen and halogen
salt.
The over-representation of the xenobiotics degrading pathways indicates the versatility of the metagenomic community
in utilizing the xenobiotic aromatics as sources of carbon and
energy. We note that the glycolysis/gluconeogenesis pathway is
also highly represented (FDR p-value = 0.01). It suggests that the
petroleum-soil metagenome may utilize glucose as the normal
carbon source and the xenobiotic aromatics may not be the sole
carbon and energy sources. Additional investigation of the
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Fig. 3 – Heatmap representation of complete list of represented pathways. The color indicates the proportional composition
within the seven major taxa groups. The proportional representation in percentage is listed for the highly represented
pathways. For compact figure organization, the synonym is used: α-Proteo for α-Proteobacteria; γ-Proteo for γ-Proteobacteria;
β-Proteo for β-Proteobacteria; Actinobact for Actinobacteria; Bacteroid for Bacteriodetes.
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preferential utilization of the two different carbon sources is
needed in the future study (Basu et al., 2006).
We did not detect enrichment of genes for catabolism of
three or more rings PAHs, such as fluorene, anthracene,
phenanthrene or their derivatives. It could be due to their
recalcitrance or the limited knowledge of the degradation of
high-molecular-weight aromatics.

2.7. A composite metabolic network is proposed for xenobiotic
aromatic degradation
Based on the interactions between the degradation pathways,
we propose a composite metabolic model of xenobiotics
degradation for the studied soil metagenome (Fig. 5). A
detailed representation of the network is shown in Fig. S4.
Close inspection of the enriched pathways and the involved
enzymes shows that the degradation is probably aerobic and
work generally as following: the degradation was initiated
with ring hydroxylation by dioxygenase (EC 1.14.12.-) via
adding two oxygens to the carbons on aromatic rings or by
monooxygenase (EC 1.14.13.-) via adding one oxygen to the
carbon on aromatic rings or of methyl substituent groups; the
hydroxylation reaction generates several intermediates (catechol, methylcatechol, benzoate, or benzoate derivatives),
which are further fed into the central pathways of benzoate
degradation or xylene degradation and subsequently oxidized
by ring-cleavage oxygenases (EC 1.13.11.-); the cleavage
products are further transformed to pyruvate, acetaldehyde
or CoA, which enter the TCA cycle for energy metabolism.
The over-representation of the degradation pathways for
such diverse kinds of xenobiotic compounds revealed the

versatile metabolic potential of the current metagenomic
community. This versatility has never been reported in
previous metagenome study of hydrocarbon-contaminated
soils. Brennerova et al. (2009) reported the metagenomic study
of soils contaminated by jet fuel using the method of clone
library screening and specifically identified the genes for
catechol dioxygenase. The next-generation sequencing
metagenomic study of sediments affected by oil spills was
performed recently by Andreote et al. (2012) based on 454
platforms. However, the carbon cycling related genes were
only involved in metabolism of methane, formaldehyde, and
carbon dioxide. Another study using 454 sequencing technology for analysis of soil metagenome with diesel pollution was
reported by Yergeau et al. (2012). Their data demonstrated the
high abundance of genes involving alkane hydrolase and
aromatic-ring-cleavage dioxygenase and no degrading pathways were shown to be enriched.
Though our study has revealed a substantial diversity of
the soil sample at the gene and function level, a more
thorough sampling strategy at multiple sites or time points
will be needed in the future. A comparative study of multiple
samples will help to understand the spatial or temporal
heterogeneity of soil microbiome and their molecular mechanisms in adaptation to particular soil niches.

3. Conclusions
Overall, our results revealed that the oil-contaminated soil
metagenome was characterized by high level of community
diversity and metabolic versatility. We established a catalog

Fig. 4 – Histogram representation of the over-represented metabolic pathways for xenobiotics degradation. The odds ratio
shows the relative abundances of the pathways in the soil metagenome in comparison with three reference databases: all
available microbial genomes in KEGG (black bar); the genome of E. coli K-12 MG 1655 (red bar) and genome of B. subtilis subsp.
subtilis 168 (blue bar). The white bar indicates the absence of the related functionalgenes in the genome of E. coli K-12 MG 1655
or B. subtilis subsp. subtilis 168. The significance of the differential representation is denoted by the asterisk: ** represent the
pathway satisfying both the threshold of odds ratio ≥ 2 and FDR corrected p-value ≤ 0.05, while * satisfying the threshold of FDR
corrected p-value ≤0.05, but odds ratio < 2.
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Fig. 5 – The composite metabolic model of the soil metagenome for degradation of xenobiotic aromatic compounds, including
toluene, xylene, chlorobenzoate, aminobenzoate, DDT, methylnaphthalene, and bisphenol. The paths for degradation of the
xenobiotics except xylene converged to the intermediates of catechol, methylcatechol, benzoate or benzoate derivatives. The
intermediates are further channeled into the tricarboxylic acid (TCA) cycle via benzoate degradation. The key enzymes
involved in the metabolic reactions are also shown.

of the community members and functions for the currently
studied soil samples. Using a comparative analysis approach,
we identified the over-represented pathways involved in the
degradation of a broad set of xenobiotic aromatic compounds,
including toluene, xylene, chlorobenzoate, aminobenzoate,
DDT, methylnaphthalene, and bisphenol. Based on the
identified pathways, we also proposed a composite metabolic
network to reconcile the overall profile of the metabolic
pathways for xenobiotic aromatics. The present study not
only establishes rich reservoirs for novel enzyme discovery
but also provides more potential applications in bioremediation. More comprehensive study based on a multiple sampling
strategy will be needed in the future for deeper understanding
the heterogeneity and dynamics of soil metagenome.
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