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Abstract

In  the  past  decade,  the  characterization  of  microbial  community  in  soil  of

contaminated  sites  was  primarily  done  by  high-throughput  short-read  amplicon

sequencing.  However, the short-read approach often limits the microbial composition

analysis at the species level due to the high similarity of 16S rRNA and ITS genes

amplicon sequences. Here, we simultaneously performed full-length (PacBio platform)

and  short-read  (Illumina  platform)  amplicon  sequencing  to  clarify  the  adaptation

mechanisms  of  different  microbial  taxa  to  soil  pollution  from  a  high-resolution

perspective.  We found that (1) full-length 16S rRNA gene sequencing from PacBio

platform gave better resolution for bacterial identification at all levels (especially at the

level of genus and species), while there was no significant difference between the two

platforms for fungal identification in some samples. (2) abundant taxa dominated the

microbial  communities,  and  abundant  fungal  species  such  as  Mortierella  alpine,

Fusarium  solani,  Mrakia  frigida,  and  Chaetomium  homopilatum served  as  the

keystone  species.  (3) heavy  metal  and  soil  texture  affected  microbial  community

structure significantly,  and abundant taxa preferred deterministic processes, whereas

rare taxa randomly formed due to weak selection. Importantly, our study for the first

time characterized soil microbiota in contaminated sites with a superior resolution at

the species level, emphasizing that abundant taxa, especially abundant fungi, played

the keystone role in co-occurrence networks. Overall,  these findings expand current

understanding  of  the  ecological  mechanisms  and  microbial  interactions  in

contaminated  site  ecosystems  and  demonstrate  that  full-length  sequencing  has  the

potential to provide more details of microbial community.

Keywords: Contaminated site; PacBio Sequel; Full-length sequencing; Species-level

analysis; Abundant taxa
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1. Introduction

Contaminated sites, defined as the land that are actually or potentially hazardous

to  the  environment  or  human  health,  have  become  an  extensive  and  serious

environmental  problem  in  China  [1-6].  Heavy  metals,  polycyclic  aromatic

hydrocarbons, and polychlorinated biphenyls are common pollutants at contaminated

sites [3-5, 7, 8], and soil is the primary environmental recipient of these pollutants [2].

Long-term exposure of soil to these pollutants may damage soil health and ecosystem

function by altering the biodiversity [7]. For example, compared with clean plots, old

creosote-contaminated sites had lower bacterial diversity, and the relative abundance of

Actinobacteria and Planctomycetes was also reduced [7]. Restoration of contaminated

sites  ecosystem  needs  a  comprehensive  understanding  of  microbial  responses  to

contaminants, both in terms of community composition and function [7-9]. In addition,

clarifying native indigenous and their activities in the soil of contaminated sites will

help implement remediation measures [10]. There have been many studies using high-

throughput  sequencing  methods  to  characterize  the  microbial  communities  in

contaminated soil [7-9, 11, 12], and results showed that some microorganisms may be

used for bioremediation [11].

Unfortunately, the use of the 16S rRNA or internal transcribed spacer (ITS) gene

as  a  taxonomic  marker  has  been  constrained  by  the  short-read  sequencing  from

Illumina platform, which is the most commonly used second-generation sequencing for

microbial community profiling [13-15]. The majority of contemporary 16S rRNA or

ITS  gene  sequence  information  from  short-read  sequencing  platforms  limited  the

classification of microbiota below the genus level [15]. Species-level identification and

functional assignment of microbiota are core objectives of microbial and soil ecology

[16-17]. Third-generation sequencing platforms, such as Pacific Biosciences (PacBio)
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and Oxford Nanopore Technologies, have developed new technologies with full-length

sequencing [14,18]. Full-length sequencing can dramatically increase the accuracy of

taxonomic  assignments  on  previously  unobtainable  scales,  and has  the  potential  to

facilitate microbial community studies [13, 15]. However, a major shortcoming of full-

length sequencing is its higher error rate (~ 10%) compared to short-read sequencing

(~ 0.5%) [14, 19]. For PacBio platform, this issue can be solved through construction

of a circular consensus sequence (CCS), in which individual amplicon molecules are

sequenced multiple times using circularized library templates that provide consensus-

sequence  error  correction  [19-20].  In  this  way,  the  error  rate  of  a  CCS-generated

amplicon can be reduced to a level comparable to that of short-read platform [19-20].

In the natural ecosystem, soil microbial community typically shows a skewed taxa

abundance distribution, with relatively few abundant taxa and a high number of rare

taxa  [21-23].  Clarifying  the  factors  that  influence  the  assembly  of  different

subcommunities (abundant taxa and rare taxa) in the soil of the contaminated site is of

great significance for ecosystem restoration [23]. In many studies, second-generation

sequencing has been used for direct identification of rare and abundant microbes with

the relative abundance and the microbial diversity in these subcommunities [23-28].

For example, the relative abundance of < 0.01% has been often used to define rare taxa

[22-23].  However,  the  heterogeneity  of  soil  might  result  in  large  differences  of

microbial biomass among the various samples [7-9]. Namely, the absolute abundances

of taxa related to the relative abundance of 0.01% were different among the various

samples. Moreover, the studies reviewed that the trends of the relative and absolute

abundances of some taxa in community were inconsistent by using the integrated high-

throughput absolute abundance quantification (iHAAQ) method [29]. A potential bias

existed  in  the  use  of  relative  abundances  to  facilitate  the  comparison  across
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communities  [29-33],  which  largely  influenced the  identification  of  rare  taxa  [21].

Furthermore,  as  mentioned  earlier,  short-read  sequencing  failed  to  describe  the

microbial  composition  of  different  sub-communities  at  species  level  [15-16].

Therefore, it is necessary to define properly rare taxa with full-length sequencing by

both the absolute and relative abundances than by only the relative abundance.

The aim of this study was to characterize the dynamics of microbial community in

soil at the contaminated site from full-length sequencing perspective. Specifically, for

clarifying  the  high  resolution  of  full-length  sequencing  in  the  classification  of

microbiota,  we simultaneously performed full-length 16S rRNA/ITS gene amplicon

sequencing using PacBio Sequel  and short-read amplicon sequencing (targeting  the

V3-V4 region of the 16S rRNA gene and internal transcribed spacer ITS1) using the

Illumina platform to investigate the structure of the microbiota in contaminated soil.

And then, we explore the community composition, functional differences, ecological

status, and community assembly mechanisms of the abundant/rare taxa in the soil of

the contaminated site using full-length sequencing combined with iHAAQ method. 

2. Material and Methods

2.1 Soil sampling and physicochemical analysis

Soil  samples  were  collected  from  two  typical  contaminated  sites,  Anshan,

Liaoning Province (AS, 41° 9′  N, 122°0′  E) with a  long history of heavy industry

activates, and Taizhou, Zhejiang Province (TZ, 28° 28′ N, 121°20′ E) with intensive

electronic dismantling activities in China (Fig. S1). The surface soil samples (0-20cm)

were collected around the contaminated sites, and each soil sample was composited by

five soil cores. All samples were stored at low temperature in ice bags and transported

to the laboratory. After homogenization, passed through a 2-mm sieve, and a portion of

5

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

5



each soil sample was stored at - 80 °C until DNA extraction, while the remainder of the

sample was immediately processed for physicochemical analysis.

Soil physicochemical properties were determined according to previous methods

[34]. Specifically, soil pH was measured by pH meter (pHSJ-3F, Leici, China) using a

1:2.5  soil/water  mixture.  The  soil  total  carbon  (TC)  and  total  nitrogen  (TN)  were

determined  using  an  elemental  analyser  (Elementar  Analysensysteme  Gmb  H,

Germany).  The  concentrations  of  dissolved  organic  carbon  (DOC)  and  dissolved

organic nitrogen (DON) were extracted by 0.5 mol/L K2SO4 for 30 min and filtered,

and the extracts were analyzed using high-temperature combustion (Multi N/C 3100,

Analytik Jena AG, Jena, Germany) [35]. Available phosphorus (AP) was extracted by

NH4F-HCl or NaHCO3 (based on soil pH), and was determined colorimetrically at 880 

nm. Available potassium (AK) was extracted using 1 mol/L NH4OAc and analyzed by

flame atomic-absorption spectrophotometry.  Soil  texture composition was measured

using the pipette method. For the total heavy metals (Cd, Cu, Ni, Zn, Pb, and As), a

0.2-g soil sample was digested with an acid mixture of HNO3, HF, and H2O2 (volume

ratio = 4:2:2) in a microwave digester (MARS6, CEM Microwave Technology Ltd.,

USA), then determined through ICP-MS (ICP-MS NEXION300XX, PerkinElmer, Inc.,

USA) [36]. The extraction of polycyclic aromatic hydrocarbons (PAHs) in soil samples

using the ultrasonic agitation for 30 min with 10 mL of 1:1 acetone/n-hexane (v/v) [37],

and  were  analyzed  by  GC-MS  (N6890/5975B,  Agilent,  USA).  The  results  of

physicochemical properties and each pollutant were shown in Table S1-S2

2.2 Soil microbial DNA extraction and sequencing

Soil  DNA  was  extracted  from  soil  samples  using  the  TGuide  S96  Magnetic

Soil/Stool  DNA  Kit  (DP812,  TIANGEN  BIOTECH,  China),  following  the

manufacturer’s  instructions. The DNA was quantified using a Synergy HTX multi-
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mode  reader  (Gene  Company  Limited)  for  nucleic  acid  quantification.  Then,  full-

length  16S  rRNA/ITS  gene  amplicon  sequencing,  short-read  amplicon  sequencing

(targeting the V3-V4 region of the 16S rRNA gene and ITS1) and quantitative PCR

(qPCR) determination were both performed using the same soil DNA sample.

For full-length 16S rRNA gene amplicon sequencing, the reaction volume for the

PCR  was  20  μL,  using  primers  27F  (5'-AGRGTTTGATYNTGGCTCAG-  3')  and

1492R (5'-TASGGHTACCTTGTTASGACTT -3'). And the full-length ITS region was

amplified using primers ITS1F (5'-CTTGGTCATTTAGAGGAAGTAA-3') and ITS4R

(5'-TCCTCCGCTTATTGATATGC-3')  with  30μL  reaction  volume.  The  PCR

amplification conditions for full length of bacterial 16S rRNA were as follows: initial

denaturation at 95 °C for 2 min, 25 cycles at 98 °C for 10 s, 55 °C for 30 s, 72 °C for

90 s, and finally at 72 °C for 2 min. And for the full length of fungal ITS region, the

PCR amplification conditions were: initial denaturation at 95 °C for 5 min, 8 cycles at

95 °C for 30 s, 55 °C for 30 s, 72 °C for 45 s, 24 cycles at 95 °C for 30 s, 60 °C for 30

s,  72  °C  for  45  s,  and  finally  at  72  °C  for  5  min.  The  SMRTbell  libraries  were

constructed using a PacBio SMRTbell template prep kit (PacBio, USA) following the

manufacturer’s manual. The PCR products were purified (AMPure PB), and library

size distributions were analyzed using an Agilent 2100 bioanalyzer. Finally, qualified

and adequate library ligated  with primer and polymerase using PacBio Binding kit

(PacBio, USA). The final library was sequenced on PacBio Sequel  (PacBio, USA).Ⅱ

The hypervariable V3-V4 regions of bacterial 16S rRNA gene were amplified using

universal  primer  pairs  338F  (5′-  ACTCCTACGGGAGGCAGCA  -3′)  and  806R  (5′-

GGACTACHVGGGTWTCTAAT  -3′),  and  the  fungal  ITS1  region  was  amplified

using a common primer pairs ITS1-F (5'-  CTTGGTCATTTAGAGGAAGTAA -3') and

ITS2 (5'- GCTGCGTTCTTCATCGATGC -3'). The Solexa PCR reaction mixture (20
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μL) contained 5 μL of targeted PCR product, 2.5 µL of MPPI-a (2 µM), 2.5 μL of

MPPI-b (2 μM), and 10 μL of 2 × Q5 HF MM. The PCR protocol was as follows: an

initial denaturation at 98 °C for 30 s; 10 cycles of 10 s at 98 °C, 30 s at 65 °C, and 30 s

at  72 °C; and a  final  extension at  72 °C for  5 min.  The amplified  DNA for  each

samples were sequenced by Illumina NovaSeq6000 platform (Illumina, USA).

2.3 qPCR determination

Each DNA sample with three analytical replicates (Roche LightCycler 480 Real-

Time PCR Machine) was performed to determine the copy numbers of 16S rDNA and

ITS  (internal  transcribed  spacer)  region  of  rDNA  [38].  Primers  and  the  qPCR

conditions were listed in Table S3. Amplifications were performed in a final volume of

20 μL containing 10 μL of SYBR Green qPCR SuperMix UDG (Invitrogen, USA), 1

μL DNA, 0.4 μL of each primer, and 8.2 μL nucleic acid-free water. Plasmids carrying

the corresponding gene were used to establish qPCR standard curves (additional details

in Table S1). All runs had standard efficiency curves of R2 > 0.999 and the efficiencies

reached 90-110% (result were in Table S4).

2.4 Analysis of sequencing outputs

For the full-length sequencing data,  circular  consensus sequence was clustered

into amplicon sequence variants (ASVs) with the software packages DADA2 (version

1.18.0) in R v4.0.3 [39-41]. Briefly, primers were detected and removed from reads

using the removePrimers function. The remaining sequences were filtered using the

filterAndTrim function [39]. Then, the ASVs were inferred after learning error rates.

The learnErrors method learns this error model from the data, by alternating estimation

of the error rates and inference of sample composition until they converge on a jointly

consistent  solution  [40].  The  learnErrors  function  with  parameter:

errorEstimationFunction=PacBioErrfun,  BAND_SIZE=32  [39-40].  And  the  dada
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function  was  set  with  parameters  of  OMEGA_A=1e-10  and

DETECT_SINGLETONS=TRUE [41].  Chimera  sequences were removed using the

consensus  method  in  the  removeBimeraDenovo  command.  Taxonomy  up  to  the

species-level  was  assigned  using  the  assignTaxonomy  function  based  on  the

silva_nr99_v138_wSpecies_train_set.fa.gz (recommend for full-length 16S data from

PacBio HiFi sequencing) for full-length16S data and UNITE general FASTA release

(Version 01.12.2017) for full-length ITS data [39, 42].

Short-read  sequences  were  also  processed  using  the  DADA2  pipeline

(https://benjjneb.github.io/dada2/tutorial.html),  which  allowed  inference  of  exact

ASVs. After assessing forward and reverse read quality (plotQualityProfile command),

we trimmed the sequences and removed primers with the command ‘filterAndTrim’

using the following parameters:  maxN = 0,  truncQ = 2, rm.phix=TRUE, maxEE =

c(1,1),  minQ=3.  The  filtered  reads  were  then  fed  to  the  error  rate  learning,

dereplication,  and ASV inference steps using the functions learnErrors,  derepFastq,

and  dada  [40].  Afterward,  the  forward  and  reverse  reads  were  merged  using  the

mergePairs  function.  Chimeric  sequences  were  removed  using  the

removeBimeraDenovo function with the “consensus” method parameter [43]. Finally,

the  taxonomic  assignment  of  Chimera-free  sequences  for  short-read  16S  data  was

completed  using  assignTaxonomy  and  addSpecies  function  with

silva_nr99_v138_train_set.fa.gz  and  silva_species_assignment_v138.fa.gz  and  for  short-

read ITS data using assignTaxonomy function with UNITE general FASTA release

(Version 01.12.2017) [40, 44].

2.5 Data analysis and statistics

All  statistical  analyses  were  performed  using  R software  (version  4.0.3)  [45].

Alpha diversity indices, including Shannon diversity index and Pielou evenness index,
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were  calculated  for  each  sample  in  vegan  (version  2.5-7)  [46].  The  principal

coordinates  analysis  (PCoA)  with  Bray-Curtis  distance  and  nonmetric

multidimensional  scaling  with  Bray-Curtis  dissimilarities  were  analyzed  by  vegan

(version 2.5-7) and ggplot2 (version 3.3.2) packages in R to illustrate the differences

between the two sequencing platforms in revealing community structure [47]. After

comparing  the  two  sequencing  platforms,  the  full-length  sequencing  was  used  to

analyze taxonomy and functional composition, co-occurrence network, and community

assembly,  as  it  could  provide  high-resolution  phylogenetic  microbial  community

profiling. Only ASVs that occurred in a minimum of 2 samples were kept for these

analysis [48]. 

Moreover, the absolute abundance of taxon i in sample S (AA i,s) was calculated

by the following equation (1) according to the previous studies [29,31-32].

AAi , s= RAi , s×Qs                                                      (1)

where RA i,srepresents the relative abundance of taxon i in sample S obtained by full-

length sequencing, and Qs stands for the copy numbers of bacterial/fungi of sample S

detected by qPCR. 

To compensate for potential bias lies in the use of relative abundance alone to define

rarity,  the  absolute  and  relative  abundances  were  considered  simultaneously  to

distinguish rare/abundant taxon in this study. The total absolute abundance of taxon i (

AAi), total copy number detected by qPCR (Q) across all 12 soil samples were denoted

by the equations 2 and 3, respectively.

AA i=∑
s=1

12

AA i,s                                                     (2)

Q=∑
s=1

12

Qs                                                          (3)
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And if AAi  > 0.1% Q or AAi  < 0.01% Q, then the taxon i defined as abundant or rare

taxon. The  taxon  i  was  subjected  to  the  intermediate  taxa  when  its  copy  number

between the thresholds of rare and abundant taxa.

Each ASV across the dataset was analyzed by using the PICRUSt2 pipeline to get

a  deeper  understanding  of  the  metabolic  profiles  of  abundant  and  rare  bacterial

subcommunities  [49],  and  the  program  FUNGuild  was  used  to  predict  fungal

functional guilds [50]. A network analysis was performed to explore the co-occurrence

patterns  between  different  subcommunities.  The  ASVs  with  low  frequency  were

removed from network analysis to avoid possible biases, as a large number of zeros

values may introduce spurious correlations  [27,51].  The correlation matrix  between

two ASVs was calculated  in  “psych (version  2.0.12)” [52].  Spearman's  correlation

coefficient was >0.6 and the p -value was <0.01 were integrated into network analysis,

and the several network properties (degree, betweenness centrality, closeness centrality

and  eigencentrality)  were  calculated  with  the  interactive  platform Gephi  [53].  The

ASVs with the highest betweenness centrality scores were considered keystone [54-

55]. The normalized stochasticity ratio (NST) was utilized to estimate the determinacy

and  stochasticity  of  the  different  subcommunities  assembly  processes  with  high

accuracy and precision [56]. The NST values were used to evaluate the deterministic

(<50%)  or  more  stochastic  (>50%)  assembly  processes  of  soil  microbiota.  We

calculated NST variations based on Ruzicka (abundance-based) dissimilarity metrics in

the “NST” package (version 3.0.6) [56].

3. Results

3.1 Taxonomic analysis of different platforms
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After quality  filtering,  a total  of 155,022 full-length (average 12,919 sequence

reads per soil sample) and 474,506 short-read (average 39,542 sequence reads per soil

sample) 16S rRNA gene sequence reads were produced. In total,  103,963 and 7453

ASVs were identified from PacBio and Illumina sequencing, respectively. For the ITS

gene sequencing, a total of 116,434 full-length (average 9703 sequence reads per soil

sample)  and 426,931 short-length (average  35,578 sequence reads  per  soil  sample)

sequence reads were produced after quality filtering. The total of 4831 and 3367 ASVs

were identified from PacBio and Illumina sequencing, respectively.

Full-length  16S  rRNA  gene  sequencing  from  PacBio  platform  gave  better

resolution than the short-read from Illumina platform for bacterial identification at all

levels, especially at the level of genus and species (p < 0.01) (Fig. 1, Fig. S2-S3). In the

12 test soil samples, the PacBio platform detected 59 phyla, 147 classes, 337 orders,

425 families, 889 genera and 788 species of bacteria, while 49 phyla, 126 classes, 258

orders, 314 families, 523genera, and 86 species were detected by the Illumina platform

(Fig. 1). For fungi, the PacBio platform detected 14 phyla, 42 classes, 110 orders, 228

families,  438  genera  and  584  species,  while  14  phyla,  36  classes,  95  orders,  208

families, 425 genera, and 563 species were detected by the Illumina platform (Fig. 1).

Full-length  ITS  sequencing  had  identified  more  taxa  than  Illumina  ITS  amplicon

sequencing at all taxonomic levels, but there had no significant difference (p > 0.05).

3.2 Microbial community composition revealed by two platform

Although a large number of taxa at the genus and species level of the bacteria

were only identified by full-length sequencing (Fig. 1), the relative abundance of the

genus and species level still has a very significant correlation between the results of the

two sequencing platforms (p <0.001) (Fig. 2). Spearman’s rank correlation illustrated

that the two sequencing platforms revealed similar bacterial compositions at the level
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of  phylum  (rho-value  0.665-0.909,  p  <  0.001),  class  (rho-value  0.511-0.755,  p  <

0.001), order (rho-value 0.365-0.725, p < 0.001) and family (rho-value 0.345-0.744, p

< 0.001) (Fig. S4-S7). However, the fungal compositions of some soil samples at the

levels of phylum to family obtained from the two sequencing platforms were different

(p > 0.05) (Fig. S8-S11).

The relative abundance of the 15 most  abundant  bacteria  determined at  genus

level  with each platform are shown using heatmaps in Fig.  S12 and Fig.  S13. For

bacteria,  in  some  soil  samples,  genera  such  as  Nitrospira,  Terrimonas,

Ferruginibacter,  and  Gemmatimonas  were  only  detected  in  full-length sequencing,

while  Acinetobacter was only identified by short-read sequencing. For fungi,  genera

such as Podospora,  Kamienskia,  and  Rhizophagus were only detected in full-length

sequencing for some soil samples, while Saitozyma,  Chaetomium, and  Inocybe were

only  identified  in  short-read  sequencing  for  some  soils.  Compared  to  short-read

sequences, a larger proportion of the full-length sequences with the relative abundance

below  0.01%  was  identified.  It  further  illustrated  that  the  full-length  sequencing

provided a higher resolution to analysis of microbial community (Fig. 2). 

Moreover, the comparisons of alpha-diversity indices (Shannon and Pielou) of the

soil bacteria were significantly different between the two platforms (Fig. 3). It was

demonstrated  that  the  PacBio  platform  exhibited  a  significantly  higher  level  of

bacterial  α-diversity than the Illumina platform (p < 0.01). Both the results of full-

length sequencing and short-read sequencing can reveal the beta-diversity differences

between  the  bacterial  communities  of  the  two  site  samples,  with  the  higher

dissimilarity  values  of  full-length  sequencing  (ANOSIM  test,  R  =  0.9352  vs  R  =

0.8056).  And for fungi,  there  is  no significant  difference in  alpha-diversity  indices

(Shannon and Pielou index) of the soil obtained by the two sequencing platforms (p >
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0.05). However, in the analysis  of beta- diversity,  full-length sequencing can better

distinguish the differences between  the soil of different sites than short-read sequencing

(ANOSIM test, R = 0.8537 vs R = 0.3148).

3.3 Taxonomic and functional composition of different subcommunities

Microbial  community  compositions  differed  between  abundant  and  rare  taxa,

whiles  the  phylum  Proteobacteria dominated  both  rich  and  rare  bacteria

subcommunities (Fig. 4a), and Ascomycota were the key phylum in both the abundant

and rare fungi subcommunities (Fig. 4c). For bacteria,  compared with the abundant

taxa  (> 2.07 × 108 copies g-1), the rare taxa  (< 2.07 × 107 copies g-1)  have a higher

proportion  of  Acidobacteriota (19.5%)  and  Actinobacteriota (9.0%),  and  a  lower

proportion of Gemmatimonadota (7.6%) and Bacteroidota  (7.4%). In addition, at the

species  level,  a  large  number  of  rare  bacteria  such  as  Parasegetibacter  luojiensis,

Massilia  violaceinigra,  Povalibacter  uvarum,  Flavisolibacter  ginsengiterrae and

Chryseobacterium indologenes were identified in full-length sequencing (Table S5).

Moreover,  we  found  that  defining  different  groups  of  species  based  on  absolute

thresholds reduced the bias caused by different microbial  biomass of samples (Fig.

S14). For example,  Nocardioides iriomotensis had an average relative abundance of

0.027% but was defined as rare taxa under absolute thresholding results (Table. S5).

This result was more convincing because Nocardioides iriomotensis only richened in

some samples with low microbial biomass, which means, its actual absolute abundance

was still rare under site habitat.  The function ratio of abundant bacteria in the TCA

Cycle, Embden Meyerhof-Parnos, and Superpathway of thiosulfate metabolism were

higher  than  that  of  the  rare  taxa  (Wilcoxon  rank  sum  tests,  p <0.01),  and  these

functions are often necessary to maintain basic life activities (Fig. 4b). While the rare

bacteria contained more metabolic functional diversity, and the ratio of functions such
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as Hydrocarbon degradation and Transporters were higher than that of the abundant

taxa (Fig. 4b). 

As for fungi, the rare fungi (< 5.83 × 105 copies g-1) have a higher proportion of

Basidiomycota (11.9%),  Rozellomycota (7.1%)  and  Glomeromycota (4.76%)  than

abundant  fungi  (>  5.83  ×  106 copies  g-1),  while  the  abundant  taxa  have  a  higher

proportion  of  Mortierellomycota  (12.28%) (Fig.  4c).  Moreover,  the  abundant  fungi

such  as  Mortierella  alpine,  Mrakia  frigida,  Glaciozyma  martini and  Guehomyces

pullulans have negatively correlated with the heavy metals and positively correlated

with organic pollution in soil (Fig. 5). Fungal functional guilds prediction showed that

the abundant fungi had a higher proportion of “Pathotroph (12.1%)” and “Pathotroph-

Saprotroph  (6.0%)”  and  a  lower  proportion  of  “Pathotroph-Symbiotroph”  and

“Pathotroph-Saprotroph-Symbiotroph”  than  the  rare  fungi.  While,  there  is  a  large

proportion of rare fungi (43.1%) whose function is unknown (Fig. 4d).

3.4.  Co-occurrence  patterns  and  assembly  mechanism  of  different

subcommunities

Based  on  the  correlation  results,  we  further  performed  network  analysis  to

disentangle  the  ecological  role  and  co-occurrence  patterns  of  abundant  and  rare

subcommunities in the soil of contaminated site. Results showed that the average value

of topological properties of abundant taxa was higher than that of rare taxa, suggesting

that the abundant taxa were located in central positions within the network more often

than the rare taxa (Fig. 6a, d-g). Moreover, the bacterial-fungal co-occurrence networks

were composed of 9786 edges and 371 nodes, which  included 77.63% bacteria and

22.37%  fungi,  and  their  average  absolute  abundance  were  3.56×107 copies/g  and

3.08×107 copies/g,  respectively  (Fig.  6b).  Species  with  the  highest  betweenness

centrality  scores  were  considered  as  the  keystone  species.  The  abundant  fungi
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(Mortierella alpina and  Fusarium solani, etc.) served as the keystone of the network

(Fig. 6a-b, Table S6), and were more involved in  maintaining the microbiomes (Fig.

6c).  Mortierell  alpina and  Fusarium solani  also  have  highest  degree  (>  100)  and

closeness  centrality  (>  0.50)  (Fig.  6c,  Table  S6).  Moreover,  the  specific  networks

without top 20 keystone ASVs (abundant fungi) showed that microbial networks were

less  complex,  and  the  important  parameters  such  as  edges,  degree,  and  average

weighted  degree  decreased  (Fig.  6c). Specifically,  in  the  co-occurrence  network  of

Anshan site  (Fig. S15a),  abundant fungi make up half  of the top 10 ASVs for the

betweenness centrality.  In addition, the abundant fungi  Fusarium solani (ASV1146)

and  Mortierella elongate (ASV4424) also have high value of betweenness centrality

(Fig. S15b) in the co-occurrence network of Taizhou site.

Also, with the help of full-length sequencing, we can identify keystone species at

the species level, and clarify which the abundant fungi maintain the coexistence of soil

microbial  community  in  the  contaminated  site.  For  examples,  the  co-occurrence

network of fungi in Anshan site contains 2656 edges and 307 nodes (average network

path was 3.562, modularity coefficient was 0.815, and average clustering coefficient

was 0.868),  and the  Chaetomium homopilatum (ASV926),  Gibellulopsis  nigrescens

(ASV1077),  Fusarium  oxysporum (ASV1440),  Mrakia  frigida  (ASV1973),  and

Nigrospora oryzae  (ASV733) paly as the keystone species. Moreover, the keystone

species in fungal co-occurrence network in Taizhou site were also mainly played by

abundant  fungi  (Fig.  6g),  such  as  Trichoderma  virens,  Cladosporium  delicatulum,

Curvularia lunata, etc.

Mantel test suggested that heavy metal and soil texture exhibited the strongest

correlations with microbial community, and other significant environmental variables

were  PAHs  and  pH  (Fig.  7a,  Table  S7).  The  abundant  bacteria  had  stronger
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correlations  with  soil  texture,  As and Low-ring PAHs,  while  the  rare  bacteria  had

stronger correlations with soil texture, As, and Cu (Table S7). In addition, the abundant

fungi  also had correlations  with soil  texture,  As and Cd,  while  the  rare  fungi  had

stronger correlations with the content of sand and clay in the soil (Fig. 7a). The NST

results showed that the deterministic and stochastic processes were more important to

the abundant and rare taxa, respectively (Fig.7 b). Additionally, a significantly lower

NST value was observed in the bacterial communities with an average of 49.96% than

that in the fungal communities with an average of 57.97%.

4. Discussion

As shown in Fig. 1, Figs. S2 and S3, a number of species were identified only

through  full-length  sequencing,  suggesting  that  short-read  sequences  of  the  16S

rRNA/ITS  gene  couldn’t  provide  the  same  taxonomic  resolution  as  full-length

sequences.  This was in line with Lam et al.  who compared the anaerobic digesters

microbiome  as  revealed  by  the  two  sequencing  platforms  [13].  In  addition  to  the

PacBio platform, Nanopore MinION Technologies (ONT) also can achieve full-length

sequencing [14, 17, 57], and previous studies using ONT platform have also shown

that full-length sequencing reported greater taxonomic resolution than Illumina MiSeq

for  the  dust  samples  [57]. In  addition,  the  higher  taxonomic  resolution  not  only

required longer read lengths, but also needed the suitable reference databases [39, 41].

The  “silva_nr99_v138_wSpecies_train_set.fa.gz”  database  is  suitable  for  assigning

bacterial taxonomy down to species level. However, due to a lack of best hits in the

reference database, the taxonomic resolution of fungi was not as high as expected (Fig.

1). 
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Furthermore, the different sub-regions of 16S rRNA/ITS showed bias led to the

inconsistent  identified  taxonomic  outcomes  between  the  full-length  and  short-read

sequencings [16, 58]. For examples, compared with full-length sequencing, short-read

sequencing  underestimated  the  relative  abundance  of  Bacteroidota,

Gemmatimonadota,  Myxococcota,  Rozellomycota and  Blastocladiomycota while

overestimated  the  relative  abundance  of  Acidobacteriota  and Olpidiomycota (Fig.

S18). Likewise,  the  α-diversity  of  microbial  diversity,  the  richness  components

(Shannon's index) and the evenness (Pielou's index), could be influenced by the type of

platform. Similar results have been observed in the previous studies [13], and only

sequencing limited variable region of 16S rRNA gene caused the underestimation of

community diversity [16]. The clustering of samples was performed using PCoA and

NMDS  in  this  study,  and  both  methods  suggested  differentiation  between  both

platforms and the test samples (Fig. 3), suggesting that some differentiations were only

be observed in full-length sequencing platform [13, 15]. 

Since  few  microbial  community  studies  performed  with  full-length  16S

rRNA/ITS  sequences,  the  genus  level  was  commonly  used  for  comparison  of

environments samples [7-8, 10-12]. However, identification to the genus level is not

enough for a comprehensive understanding of microbial  community [13, 15-17]. In

addition,  analysis  at  species  level  could provide a  more detailed  description  of  the

microbial  communities  and  a  better  integrated  understanding  of  functional

characterization [16-17, 39]. For example, Earl et al. found that full-length sequencing

enabled  the  species-level  analysis  of  the  sinonasal  microbiome,  and  Cutibacterium

acnes was the predominant species in patients’ sinonasal samples [15]. Similarly, Lam

et  al.  reported  that  methanogenic  species,  i.e.,  Methanosarcina  horonobensis and

Methanosarcina flavescens, were dominant in different digesters, and these species can
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serve as guide for inoculum selection [13]. In our research, according to the species-

level  analysis  (Fig.  S16-S17),  we  also  found  that  a  number  of  species  such  as

Lysobacter  dokdonensis,  Nitrospira  defluvii and  Vicinamibacter  silvestris  were

negatively correlated with the As contents of soil (Fig. 5). Moreover, according to the

principles  of  transitive  prediction  schema  and  collaborative  filtering  predictor

combined with full-length sequencing base information [59], the cultivation conditions

of keystone species were predicted (Table S8). If the keystone species can be obtained

by the predicted cultivation conditions,  their  functions will  be further explored and

verified.  In  total,  compared  with  traditional  16S  rDNA  sequencing  of  the  MiSeq

platform, the PacBio platform improved its read length and annotated the nucleotide

sequence of soil microbiota to the species level. Full-length sequencing may be optimal

for  soil  microbiota  sequencing  due  to  its  long reads  and  high  performance,  while

platforms such as Illumina MiSeq will have the advantage of cost-efficiency [13-15].

Further analysis of the microbial co-occurrence patterns indicated that abundant

fungi were the critical network nodes in soil microbial associations. And the rare taxa

were not evenly distributed throughout the soil  of contaminated site,  most of them

were only present in a few samples (Fig. 5). This could be explained by the fact that

abundant fungi can effectively utilize a broader range of resources than others [23, 28].

Moreover, compared to the bacteria, fungi have a high tolerance of extreme conditions

such as acidic or alkaline pH, low moisture, and higher concentration of metals, etc

[60]. In this study, the abundant fungi  Mortierella alpine, Fusarium solani, Mrakia

frigida, Nigrospora oryzae, Trichoderma virens, and Curvularia lunata had the highest

betweenness  centrality  scores  and  were  regarded  as  keystone  species  in  the  co-

occurrence  network  (Table  S6).  The  previous  studies  have  pointed  out  that  these

microorganisms have the ability to degrade PAHs, resist heavy metal, and even can act
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as sensitive indicators for contaminated sites [61-64]. In the present study, we found

that abundant taxa were more ubiquitous than the rare taxa, and it could be explained

by  the  possibility  that  the  abundant  taxa  occupied  a  diverse  niche,  competitively

utilized a broader array of resources than the rare taxa, and could effectively adapt to

the  environment  [21].  These  conclusions  were  supported  by the  NST value  of  the

abundant taxa (Fig. 6), which reflected that the abundant taxa were less limited and

impacted  by stochastic  processes  (i.e.,  dispersal  limitation)  compared with the  rare

taxa. This results also in line with Jiao et al. who found that the abundant taxa were

ubiquitous  in  contaminated  soils  from different  regions  and  strongly  impacted  by

deterministic filtering [23]. In addition, we also found that the rare taxa contained more

functional diversity (Fig. 4). It suggested that the rare species were indicated to act as a

“seed bank” that could become dominant under the proper conditions [21-22].

5. Conclusion 

In  summary,  we analyzed  the  community  composition,  functional  differences,

ecological status, and community assembly mechanisms of the abundant/rare taxa in

the  soil  of  the  contaminated  site  for  the first  time using full-length and short-read

sequencings from PacBio and Illumina platforms, respectively. Full-length 16S rRNA

gene  sequencing  gave  better  resolution  for  bacterial  identification  at  all  levels

(especially at the level of genus and species), while there was no significant difference

between the two platforms for fungal identification in some samples. In the view of

high-resolution, abundant fungi (Mortierella alpine, Fusarium solani, Mrakia frigida,

Nigrospora  oryzae,  Trichoderma  virens,  and  Curvularia  lunata)  were  located  in

central  positions  within  the  network  more  often  than  the  others,  emphasizing  the

dominant role of abundant fungi in the microbial community. Our results also indicated
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that heavy metal and soil texture affect microbial community structure significantly,

and the abundant  taxa preferred deterministic  filtering,  whereas  rare taxa randomly

formed  due  to  weak  selection  (stochastic  processes). Moreover,  we  believe  that

through the expansion of the database and improvement of the sequencing protocol, the

application  of  the  full-length  sequencing  on  environmental  samples  can  be  more

promising.
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Figures legends

Fig. 1  Statistical  comparison the number of taxa identified between full-length 16S

rRNA/ITS  gene  amplicon  sequencing  using  PacBio  Sequel  and  short-read

amplicon  sequencing  using  the  Illumina  platform.  Venn diagram showing  the

shared and specific taxonomic units assigned at the Phylum, Class, Order, Family,

Genus and Species levels between PacBio and Illumina sequencing data. The box

plots  show the  number  of  taxa  per  sample,  and  the  Venn  diagrams  the  total

number of taxa across all 12 samples. The red asterisks (**) indicate full-length

16S rRNA/ITS gene amplicon sequenceing is significantly identified more taxa

than short-read sequenceing (P value < 0.01, Wilcoxon test).

Fig. 2 Correlation of identified taxa at (a) the genus of bacteria, (b) species of bacteria,

(c) genus of fungi, and (d) species of fungi between full-length sequencing using

PacBio  Sequel  and  short  read  amplicon  sequencing  using  the  Illumina

platform.for all 12 samples. The dashed lines mark a 0.01% relative abundance

threshold for each taxon for Pacbio and Illumina sequence data. Spearman rank

correlation was used to compare the samples microbial community compositions

as revealed by the sequencing platforms at the level of Genus and Species.

Fig. 3 Comparison of α-diversity (a, d) and β-diversity (b, c, e, f) between Pacbio (P)

and Illumina (I) platforms. (a) Shannon index and Pielou index of soil bacteria in

the two sequencing platforms, the red asterisks (**) indicate the α-diversity index

obtained  by  full-length  sequencing  was  significantly  higher  than  short-read

sequencing (P value <0.01, Wilcoxon test). (d) Shannon index and Pielou index of

soil  fungi,  and  there  was  no  significant  difference  between  two  sequencing

platforms. (b) and (e) are principal coordinate analysis (PCoA) of bacterial (b) /

fungi (e) community structure based on Bray-Curtis distance matrices. (c) and (f)
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are  non-metric  multidimensional  scaling  (NMDS)  analysis  of  bacterial  (c)  /

fungus (f) community structure base on Bray-Curtis dissimilarity.

Fig. 4 Taxonomic and functional composition of abundant and rare sub-communities

in  soil  of  contaminated  sites.  (a)  and  (c)  are  chord  diagram  to  show  the

community compositions of abundant and rare sub-communities at phylum level

in bacterial (a) / fungal (c) community. (b) The relative abundance of community

groups of  functional  traits  in  abundant  and rare subcommunities  based on the

FOAM Database level 1. The error bars represent standard deviation of sample

replicates  and  red  asterisks  (**)  indicate  metabolic  categories  that  are

significantly  more  predominant  in  abundant  subcommunity  (p value  <  0.01,

Wilcoxon test) and green asterisks indicate categories that are significantly more

predominant in rare subcommunity (double asterisks, p < 0.01; single asterisk, p <

0.05, Wilcoxon test).  (d) Pie plot showing the functional guilds of fungal sub-

communities.

Fig. 5 Heatmap of Spearman’s rank correlation between main species(bacteria(a) and

fungi(b)) and chemical characteristics (main pollutants) in soil of contaminated

site.  Spearman’s  rank  correlation  coefficient  ranges  from  1.0  to–1.0,  from  a

strongly positive to a strongly negative correlation.  ∗p  < 0.05,  ∗∗p < 0.01. LR

PAHs means Low-ring PAHs (two and three rings, including Nap, AcPy, Ace,

Flu, Phe, and Ant), and HR PAHs means High-ring PAHs (five and six rings,

including BaP, IND, DBA, and BghiP).

Fig. 6 Co-occurrence networks of abundant, intermediate, and rare taxa in the soil of

contaminated site. (a) and (b) are the bacterial-fungal co-occurrence network. (a)

was established by calculating correlations among abundant, rare and intermediate

ASVs, and the nodes of (b) were colored according nodes belong to bacteria or
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fungi. A connection indicates a strong (Spearman's ρ > 0.6) and significant (FDR-

corrected  p < 0.01)  correlation.  The  size  of  each  node  is  proportional  to  the

absolute  abundance  of  the  ASVs.  Red  lines  show positive  correlations,  while

green  lines  show  negative  correlations.  (c)  Node-level  topological  feature  of

different sub-communities and the comparison of node-level topological features

(degree  and  closeness  centrality)  among  different  sub-communities.  The  table

show the network topological features after exclude keystone fungi. (d) and (e)

are the bacterial co-occurrence network in Anshan (d) and Taizhou(e), while (f)

and (g) are the fungal co-occurrence network in Anshan (f) and Taizhou (g). The

nodes that the blue arrow points to are the keystone species (top five based on the

betweenness centrality score) in the network.

Fig. 7 Relationships between environmental variables and the microbial  community

and  community  assembly  mechanism.  (a)  The  correlations  between  microbial

communities,  soil  physicochemical  characteristics.  Different  microbial

communities  were related  to  each environmental  factor  by Mantel  tests.  Edge

width corresponds to the Mantel's r statistic, and edge color denotes the statistical

significance  based  on  999  permutations.  The  proportion  of  the  pie  indicates

correlation  strength,  with  a  higher  proportion  representing  higher  correlation

strength. (B) Box plot showing the differences in the bacterial and fungal NST

values under different sub-communities, and different letter indicated significant

difference (p< 0.001, Kruskal-Wallis test).
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