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Abstract 

Soil microbial communities mediate important ecological processes and play essential roles in 

biogeochemical cycling. Ecosystem disturbances such as surface mining significantly alter soil 

microbial communities, which could lead to changes or impairment of ecosystem functions. 

Reforestation procedures were designed to accelerate the reestablishment of plant community 

and the recovery of the forest ecosystem after reclamation. However, the microbial recovery 

during reforestation has not been well studied even though this information is essential for 

evaluating ecosystem restoration success. In addition, the similar starting conditions of mining 

sites of different ages facilitate a chronosequence approach for studying decades-long microbial 

community change, which could help generalize theories about ecosystem succession. In this 

study, the recovery of microbial communities in a chronosequence of reclaimed mine sites 

spanning 30 years post reforestation along with unmined reference sites was analyzed using 

next-generation sequencing to characterize soil-microbial abundance, richness, taxonomic 

composition, interaction patterns and functional genes.  

Generally, microbial succession followed a trajectory along the chronosequence age, with 

communities becoming more similar to reference sites with increasing age. However, two major 

branches of soil microbiota, bacteria and fungi, showed some contrasting dynamics during 

ecosystem recovery, which are likely related to the difference in their growth rates, tolerance to 

environmental change and relationships with plants. For example, bacterial communities 

displayed more intra-annual variability and more complex co-occurrence networks than did fungi. 

A transition from copiotrophs to oligotrophs during succession, suggested by taxonomic 



 
 

composition shifts, indicated that the nutrient availability is one important factor driving 

microbial succession.  

This theory was also supported by metagenomic analysis of the functional genes. For 

example, the increased abundance of genes involved in virulence, defense and stress response 

along ages indicated increased competition between microorganisms, which is likely related to a 

decrease of available nutrients. Metagenomic analysis also revealed that lower relative 

abundances of methanotrophs and methane monooxygenase at previously-mined sites compared 

with unmined sites, which supports previous observations that ecological function of methane 

sink provided by many forest soils has not recovered after 30 years.  

Because of the difficulty identifying in situ functional mechanisms that link soil 

microorganisms with environmental change, modeling can be a valuable tool to infer those 

relationships of microbial communities. However, the extremely high richness of soil microbial 

communities can result in extremely complicated models that are difficult to interpret. 

Furthermore, uncertainty about the coherence of ecological function at high microbial taxonomic 

levels, grouping operational taxonomic units (OTUs) based on phylogenetic linkages can mask 

trends and relationships of some important OTUs. To investigate other ways to simplify soil 

microbiome data for modeling, I used co-occurrence patterns of bacterial OTUs to construct 

functional groups. The resulting groups performed better at characterizing age-related microbial 

community dynamics and predicted community structures and environmental factors with lower 

error.  
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General Audience Abstract 

Disturbances to ecosystems are known to largely impact important ecological functions such as 

soil carbon loss, decreased nutrient retention and increased greenhouse gas emission. As a result, 

surface mining, which totally removes the topsoil and original vegetation, has severe negative 

influences on forest ecosystem function. Reforestation is performed on reclaimed mined sites to 

accelerate the return of forest vegetation and ecosystem functions. Although considerable 

research has shown that the plant community can be well developed after 30 years, little is 

known on whether ecosystem functions are also recovered during a similar time period.  

As direct mediators of many ecological processes in the environment, soil 

microorganisms are important for understanding the restoration progress of ecosystems. They 

could also provide early indications of restoration progress compared to plants. Historically, 

most soil microorganisms have been difficult to study because they are highly diverse and the 

majority cannot be cultured in lab, making it difficult to understand changes in the total soil 

microbiota. However, technological advances such as DNA sequencing have made it feasible to 

study soil microorganisms in detail. In this work, we studied soil microbial communities from 

reclaimed mined sites ranging from 5 to 30 years post-reforestation.  

We found that overall the microbial community was recovering from the disturbances of 

surface mining, but many differences from unmined soils still remain after 30 years, such as the 

unrecovered function as methane sink. Two major groups of soil microorganisms, bacteria and 

fungi, showed different characteristics during recovery, which are likely due to differences 



 
 

between the two groups with regard to growth rates, tolerance to environmental change and 

relationships with plants.  

Mathematical modeling is a useful tool for simulating changes and impacts on microbial 

communities under different conditions, given that actual interactions between microorganisms 

and their environment can be difficult to measure. However, the high complexity of soil 

microbial communities becomes an obstacle for modeling that needs to be addressed by 

simplifying data describing soil microbial community. One approach is grouping organisms 

based on their natural evolutionary relationships, but this can mask the trends of some 

microorganisms since all organisms in these groups do not always respond the same to 

environmental change. Here we used a method of grouping microorganisms based on their co-

occurrence patterns, which resulted in better predictions of changes in community structure and 

environmental factors when applied in modeling.  
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Chapter 1. Introduction. 

Soil microorganisms are important mediators of biogeochemical functions and play essential 

roles in the establishment of plant communities during ecosystem succession. Similar to plant 

communities, microbial communities can be significantly altered by disturbances, which can lead 

to impaired ecosystem functions (1, 2). However, the succession of microbial communities after 

disturbance has been less intensively studied until only recently because soil microbial 

communities are highly diverse and the majority of organisms are unculturable. Fortunately, 

recent advances in next-generation methods for DNA sequencing have largely improved the 

feasibility of characterizing microbial community structure and function from environmental 

samples, making it possible to examine microbial recovery in greater detail.  

There are many advantages to studying the response of microorganisms specifically during 

ecosystem succession. For example, the rapid responses of microorganisms to environmental 

change, high turnover rates, and their involvement in many biogeochemical processes could 

potentially make them better indicators of ecosystem restoration progress compared to the plant 

community (3). Secondly, knowledge about post-disturbance microbial succession could greatly 

contribute to our understanding of the factors controlling the return of ecosystem structure and 

function during restoration. Finally, studying microbial succession provides an opportunity to 

compare observed processes to plant succession, which can help generalize the succession 

theories to a broader scale. 

In previous studies of microbial succession in different environments, some trends have emerged. 

Microbial biomass generally increases during the process, while microbial diversity can be 

highly variable without a universal pattern (4-7). Changes in microbial diversity during 
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succession are highly variable, but generally microbial diversity may increase in the early stages 

when new communities are established, and fluctuate during shifts in community type. It has 

been hypothesized that the phylogenetic diversity would peak when resource supply is 

intermediate and multiple various carbon resources meet the demands of different groups (4). 

However, such predictions above are based on the assumption that nutrient limitation is the 

primary factor influencing microbial succession, while the dynamics of microbial communities 

are also highly susceptible to environmental factors such as pH, moisture, and vegetation, which 

make a succession trajectory more difficult to predict. Resource limitation and other 

environmental influences must be both considered to understand phylogenetic and functional 

alteration of microbial communities during succession.  

Reclaimed mine soils represent a unique model to study soil development, including the roles of 

soil microorganisms (8), and have excellent potential for testing ecological theories related to 

microbial succession (9). This is primarily because reclamation and reforestation after mining 

follow similar procedures and create similar sites over time, which facilitates a chronosequence 

approach (10). Furthermore, surface mining causes severe disturbance of ecosystems (11, 12) as 

soils in mined sites are replaced by overburden and salvaged topsoil and original vegetation is 

removed. It also causes the displacement of the native soil microbial community and collapse of 

entire ecosystem, with negative influences remaining in soils even after 20 years of restoration 

(13). The study of microbial succession in reforested mine soils could provide information 

regarding factors that control the recovery of soil properties and reestablishment of soil 

ecological processes, which are essential for the recovery of ecologically sound system (8).  

In this study, I examined the post-disturbance patterns of microbial taxonomic and functional 
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succession using amplicon sequencing of bacterial and fungal phylogenetic marker regions and 

shotgun metagenome sequencing.  These approaches provide a comprehensive view of the 

changes in abundance, richness, taxonomic composition, potential interactions of bacterial and 

fungal communities, and changes in functional genes for the overall soil microbial community. 

With the resulting community structure data, I also proposed a way of simplifying microbial 

community structure for modeling and built artificial neural networks (ANN) to test its ability to 

predict changes in community structure and environmental factors.  
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Chapter 2. Literature review. 

The knowledge of microbial succession is not only important for the development of ecological 

theories but also could provide important information regarding the recovery of ecosystem 

processes after disturbances. Soil microbial communities are significant mediators of ecological 

functions and essential for the ecosystem function. Moreover, the high turnover rates and rapid 

response to environmental change of microorganisms make them potential indicators for the 

progress of ecosystem restoration. Microbial succession is under the influence of a variety of 

environmental factors such as nutrient availability and vegetation. The knowledge on the 

interactions between microorganisms and their environment is essential for a better 

understanding of the mechanisms controlling microbial succession. Here I reviewed studies of 

microbial succession in multiple environments and the influence of environmental factors on 

microbial succession.  

2.1. Microbial communities in restored mine soils 

In the restoration of mined sites, soils are replaced by overburden and salvaged topsoil, which 

differs substantially from developed soils (1, 2). Edaphic factors including texture, drainage and 

chemical characteristics are significantly altered, the original plant community has been 

removed, and the native soil microbial community has been significantly altered. In general, 

reclaimed mine soils are higher in pH but lower in organic matter, total C, and total N, and those 

effects can be detected even after 20 years of restoration, indicating long-standing influences of 

mining activities on soil biogeochemical processes and microbial communities (3).  

The recovery of soil properties and reestablishment of soil ecological functions are of significant 

influence for the recovery of ecosystem, given that they support the continued reestablishment of 
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the plant community (4). The close relationships between microbial communities and their 

environments support the hypothesis that microbial community could work as integrated 

estimation of the soil environment, which may be better than any single soil attribute at 

evaluating success of ecosystem restoration (5, 6). In addition, rapid responses of 

microorganisms to environmental factors and significant roles in biogeochemical cycling further 

make them good potential indicators of restoration of ecosystem function. Clear relationships 

between increases in soil microbial biomass, restoration time, and taxonomic shifts indicate that 

the structure of soil microbial communities can become more similar to unmined forest soils with 

reforestation age, and may follow a predictable succession pattern in developing ecosystems (6). 

For example, Banning et al. reported increasing similarity of bacterial community structure to 

unmined forest soils during restoration of bauxite mined soils, with community similarity values 

higher than for similar comparisons of vegetation structure (6).  

Some specific microbial taxa have been found to shift significantly during the restoration of post 

mining sites. Bacterial community shifts during restoration included a decrease in Firmicutes, 

Bacteroidetes, and Acidobacteria coupled with increases in Proteobacteria and Verrucomicrobia 

with restoration time in post-mining soils (3, 6). The finding that several proteobacterial genera, 

including Bradyrhizobium, Rhodoplanes, and Methylobacterium, had relatively higher 

abundance in un-mined soil than post-mining soils may suggest possibly unrecovered ecological 

processes associated with those organisms, as these species are considered metabolically 

versatile and involved in processes such as N fixation, nutrient cycling and pollutants 

degradation (7-9). Acidobacteria are poorly characterized, but sequenced acidobacterial genomes 

suggest that they might be able to tolerate long dry periods, low pH, and oligotrophic conditions 

(7, 10), which may aid their survival in newly restored soils.  
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In contrast to bacteria, previously studied fungal communities exhibited overall lower levels of 

similarity between unmined and reforested soils (6). It was also suggested that fungi, in 

particular mycorrhizal fungi, might have more association with vegetation structure and less 

efficient dispersal to newly restored sites compared to bacteria, which might lead to a slower 

recovery of fungal community (11). Overall, however, it remains unclear how environmental 

factors and/or the development of the microbial community itself drives ecosystem trends of 

succession during restoration, nor is it well known how changes of some specific microbial taxa 

are related to changes in environmental variables. Additional knowledge about which groups are 

mainly driving the shift of the soil microbial community and which environment factors most 

affect them will benefit the further development of successional theory and also the application 

of microbial indicators of ecosystem restoration.  

2.2 Examples of soil microbial succession in other systems 

2.2.1. Microbial succession in glacial forefields  

Soils exposed after glacial retreat are other ideal environments for studying chronosequences of 

microbial succession, as microorganisms are the first colonizers contributing to soil development 

and biogeochemical cycling, prior to plant colonization. Reported changes of microbial diversity 

during succession in these systems are variable, however, as both constant diversity and 

increases in diversity with soil age have been detected (12-14). These different results may 

suggest that soil age is not the only important factor driving changes of microbial diversity, 

which is possibly also related to other factors including climate, pH and soil texture.  

With regard to different soil microbiota, distinct shifts in bacterial, fungal and archaeal 

community structures can occur along glacial chronosequences (14). In early succession, limited 
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C and N select for specific microbial communities, which mainly comprise of C and N fixers and 

chemolithotrophic groups utilizing rock minerals (15-17). Once soils are vegetated, decomposers 

of plant residue can thrive and compete with microorganisms that are successful in the earlier 

stages. Overall, Proteobacteria has been reported as the most abundant phylum in all stages of 

succession (14) and the functional versatility of Proteobacteria, which consists of numerous 

phototrophs, photoheterotrophs and chemolithotrophs, gives this phylum advantages in 

environments with limited resources. Other abundant groups in early succession can include 

Cyanobacteria, Acidobacteria and Actinobacteria. As first colonizers, photoautotrophic 

cyanobacteria can survive with low nutrient inputs and they provide large inputs of C and N to 

soils, which are important for the further succession of heterotrophs (18, 19). The abundance of 

autotrophs would likely decrease with increasing plant input for heterotrophs and decreased light 

availability in the soil following canopy establishment.  

Patterns in archaeal diversity have been more difficult to generalize, as both increased and 

decreased diversity along a successional gradient have been reported (14, 20). Many archaea are 

known for the ability to survive in extreme conditions, so the fluctuations of temperature and 

moisture and the lack of nutrients in new bare soil may provide various microhabitats that can 

accommodate different archaeal species. In one study archaeal community structure differed 

between young and old soils, with a shift from Euryarchaeota-dominated to Crenarchaeota-

dominated (14), whereas in another study Crenarchaeota were dominant over the whole glacial 

forefield (20). Euryarchaeota and Crenarchaeota can adapt to soils with limited nutrients, and 

Crenarchaeota can be resistant to freeze-thaw cycles (21, 22). 
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Fungal communities have been found to be very different in bare soils and vegetated soils, which 

is likely related to the close relationships between fungi and plants. The most abundant phylum 

of fungal community shifted from Ascomycota, which could live on rocks (23), to 

Basidiomycota, which primarily colonize vegetated soils, during plant succession in deglaciated 

soils (14, 24). The dominance of Ascomycota can be partly explained by the appearance of 

lichen in early succession given that most lichen-forming fungal species belong to 

Lecanoromycetes, a class belonging to Ascomycota (14). The dominance of Basidiomycota in 

vegetated soils may be explained by their mycorrhizal associations with early colonizing plants 

and other litter decomposers in this phylum (25, 26).  

Soil microbial taxonomic shifts in glacial forefields were also found to be associated with 

changes in soil properties. Carbon and nitrogen content, base saturation, pH, and vegetation were 

all reported to explain 25–30% of the microbial community change along a glacial forefield 

chronosequence (14), and changes in soil C and N across deglaciated chronosequences were 

shown to influence bacterial community composition and function (27, 28). Besides nutrients, 

pH was also an important variable significantly related to microbial community structure (29), 

and water limitation also had effects on the microbial communities in dry Antarctic glacier soils 

(30). Plant colonization also influences the successional trajectory of microbial communities in 

deglaciated soils (31, 32), and microbial communities have been shown to have higher 

fungi:bacteria ratios in late-stage vegetated soils than in recently deglaciated bare soils (29, 33).  

In addition to overall community structure, soil parameters can also impact specific dominant 

taxa in glacial habitats. For example, the abundance of Bacteroidetes was correlated with cold 

(34-36), while Cyanobacteria, Deltaproteobacteria and Gemmatimonadetes have been shown to 
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increase with soil moisture and pH (37). Trace elements (magnesium, calcium, potassium) can 

influence the abundance of Actinobacteria (37), while nutrient availability and soil moisture have 

been shown to impact Acidobacteria (38). Overall, however, the controlling mechanisms of soil 

over dominant microbial taxa remain unclear because of the lack of enough cultured 

representatives from many microbial groups. 

2.2.2. Microbial succession in abandoned arable fields 

During secondary vegetative succession in chalk grasslands after abandonment of agriculture, 

microbial succession also shows clear patterns under more influence of soil nutrient change than 

vegetation (39). Different from the increases in plant diversity in these systems, microbial 

richness decreased with field age (39), which is congruent with the finding that agricultural soils 

can harbor higher microbial richness compared with forest soils (40). Firmicutes were abundant 

in all stages of grassland succession, and Actinobacteria was the second most abundant phylum 

(39). This microbial community composition is distinct from those in some other sites in the 

grassland system, where Bacteroidetes and Acidobacteria tend to have the highest abundance 

(40, 41). Soils of early successional stage had high relative abundance of Bacteroidetes, 

Cyanobacteria and Euryarchaeota, and low relative abundance of Acidobacteria, Actinobacteria, 

Crenarchaeota, Deltaproteobacteria and Verrucomicrobia, while soils of late stages had high 

relative abundances of Actinobacteria, Alphaproteobacteria, Betaproteobacteria and 

Planctomycetes and low relative abundances of Firmicutes and Crenarchaeota (39).  

One study of soil microbial succession in abandoned arable fields in dry ecosystems also 

revealed clear successional patterns regarding changes in microbial biomass, activity and 

community composition, along with increases of fungal and bacterial biomass and microbial 
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activity over time (42). Different from the study on chalk grasslands with the dominance of 

Firmicutes, Actinobacteria was the phylum of the highest abundance across all stages in this 

system. The higher abundances of Actinobacteria in the initial stages (42) agrees with a previous 

finding that Actinobacteridae are more abundant in soils without vegetation than under shrubs 

(43). In contrast, abundances of Acidobacteria and Gemmatimonadetes increased with soil age 

(42), which may be affected by soil particle size (44). In contrast to the study on chalk 

grasslands, microbial succession in this system was reported to be closely related to plant 

succession, which may be caused by the different climate and dominant plants of these two 

ecosystems. 

Overall, reports of microbial succession in different systems have followed different patterns as 

the starting conditions are different and the succession process is highly susceptible to the 

surrounding environment. But in general, succession in bare soils is usually characterized by the 

presence of autotrophic groups in early stages and the thriving of heterotrophic groups in later 

stages. Biomass increases during succession and diversity increases first and then decreases. 

Microbial succession in soils with ample nutrients, like abandoned arable fields, is less 

predictable. In these systems, the trajectory of succession seems to be more dependent on the 

changes of local nutrient availability and vegetation. Furthermore, it is still unclear how much 

different environmental factors contribute to the effects and which microbial groups are 

primarily influenced by those factors.  
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2.3. Environmental regulation of soil microbial succession 

2.3.1. pH 

Soil pH greatly influences the composition and structure of soil microbial communities across 

diverse biomes, which may be the best predictor for microbial community composition at a 

relatively large scale (45-49). Fierer et al. found that bacterial diversity across different 

ecosystems in a continental scale could be mostly explained by soil pH (49). At a smaller scale, 

Rousk et al. demonstrated that pH changes across 180 m in a liming experiment drove changes in 

microbial community structure that were approximately equal to the change in natural soils with 

a similar pH gradient across North and South America (45).  

Specific responses of soil microorganisms to pH include a general increase in diversity from pH 

4 to 8.5 (45). The relative abundance of Acidobacteria has been shown to negatively correlate 

with pH, while the relative abundance of Actinobacteria has not shown clear relationships with 

soil pH (45, 50, 51). The relative abundances of Bacteroidetes, Nitrospira and Proteobacteria 

have been shown to increase with pH, but the correlations are not always significant (13). The 

fungal community structure was also related to soil pH, but the observed relationship is not as 

strong as that for bacterial community (45). This could be explained by the different ecological 

physiologies of bacteria and fungi, specifically that fungi typically have wide pH optima (52, 53). 

It is also likely that competitive interactions between bacteria and fungi could influence the shift 

of fungal community along a pH gradient, as Rousk et al. reported that fungi were stimulated by 

inhibition of bacterial community (54).  
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2.3.2. Nutrients 

Resource availability is believed to be one of the fundamental drivers of microbial communities, 

so it is not surprising that it plays an important role during succession as well (55). For example, 

soil bacterial community structures in three-year old soils following one year of application of N 

and P fertilizer became more similar to unamended 85-year old soils, even though there were still 

differences in other soil properties (56). Adding organic waste has also been shown to largely 

increase gross N mineralization, nitrification and immobilization in coal mined sites, with an 

effect magnitude similar to comparison with the reference ecosystems (57). Besides direct effects 

from nutrient availability, microbial communities could also be indirectly mediated by nutrients 

through changes in other aspects of abiotic factors and vegetation. In addition to total nutrients, 

specific influences of carbon, nitrogen and phosphorus on microbial succession are discussed 

below.  

With regard to soil carbon, Eilers et al. reported that adding low molecular weight carbon 

compounds to soils caused the bacterial community to shift, and the bacterial communities had 

different compositions after different compounds were added (58). Added compounds included 

glucose, glycine and citric acid, which are common components of root exudate, and had large 

effects on Betaproteobacteria, Actinobacteria and Bacteroidetes, modest effects on 

Alphaproteobacteria and Gammaproteobacteria and little effects on Acidobacteria and 

Gemmatimonadates (58). Within Betaproteobacteria and Actinobacteria, the relative abundances 

of Burkholderiales, Actinobacteridae and Rubrobacteridae increased largely with addition of 

glucose (58). Increases in the relative abundance of Betaproteobacteria and 

Gammaproteobacteria were also found to be related to the addition of C in other studies (59, 60). 

The abundance of Acidobacteria decreased with addition of C compounds, which agrees with the 
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finding that Acidobacteria have a tendency of being more abundant in soils with low C 

availability (60, 61). This phenomenon may be explained by competitive interactions between 

copiotrophic and oligotrophic microorganisms. Copiotrophic bacteria can reproduce rapidly with 

high nutrient availability while oligotrophic bacteria are relatively abundant in resource-limited 

conditions. In natural ecosystems, microbial communities encounter much more complex 

combinations of C resources and have longer response times, so the microbial community shifts 

may be different from those induced by addition of simple carbon compounds. However, it is 

believed that in general, the competition between copiotrophs and oligotrophs will play an 

important role in regulating microbial community shifts.  

The significance of nitrogen (N) limitation in early stages of microbial succession was supported 

by several studies (18, 62, 63), and N fertilization can induce a shift in microbial community 

structure (64).  Microbial communities in soils with higher N additions had higher relative 

abundances of Proteobacteria, Bacteroidetes and Actinobacteria and a lower relative abundance 

of Acidobacteria (64), and many of the dominant groups have been identified as copiotrophic 

taxa, while groups with lower relative abundance were identified as oligotrophic. Metagenomic 

analysis and catabolic assays have also demonstrated that microbial communities with high N 

inputs are significantly different from those with no or low N inputs, and microbial communities 

became more copiotrophic with increasing N inputs (64). However, microbial communities in 

soils with low N inputs were not significantly different from those without N input, even though 

the low level of N addition caused shifts in plant communities and increases in plant productivity 

(64). It may be because plant communities are more sensitive to N additions and have advantages 

in competition with soil microbial communities for N. Using metagenomics, genes related to 

DNA/RNA replication, electron transport and protein metabolism have been shown to increase 
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across N gradients (64), but because of the shallow sequencing depths in this study, genes more 

directly associated with C and N cycles were not abundant enough to determine significant 

differences. Furthermore, this evidence is not sufficient to determine whether nitrogen effects on 

microbial communities are direct responses to N supply or indirect responses to increases in 

organic C caused by increased plant productivity.  

While it is typically expected that phosphorus exert a larger influence on autotrophs than 

heterotrophs, in general the influence of phosphorus (P) on microbial succession is not well 

studied. The addition of P altered autotrophic succession in unvegetated deglaciated soils, with 

the relative abundance of Cyanobacteria increasing significantly and microbial community 

structure shifting compared to the control (56). In contrast, the P addition did not show 

significant effects on the heterotrophic community (56). Autotrophs, especially photoautotrophs, 

have advantages over heterotrophs in soils with relatively low organic C concentration, as the 

availability of C may be a much more important limitation for heterotrophs than P.  

Overall, one of the clearest influences of nutrient availability on microbial community 

composition is the shift between different trophic groups, such as the shift between autotrophs 

and heterotrophs in the very early stages with low nutrient level and the shift between 

copiotrophs and oligotrophs with nutrient type change. Copiotrophs have relatively high 

metabolic activity, turnover rates and substrate use efficiency, while oligotrophs can metabolize 

more recalcitrant C substrates, survive with low nutrient availability and have lower growth rates 

(55). The copiotroph-oligotroph transition was driven by change of nutrient availability, and this 

transition could also lead to changes in soil biomass and respiration rates. Copiotrophic groups 

tend to comprise a small proportion of soil biomass but maintain high activity, so microbial mass 
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is not always positively correlated with microbial activity (64). Copiotrophs dominating soils 

could have a relatively low total microbial respiration rate because of little utilization of 

recalcitrant C, which is a major component of soil C pool (55). These hypotheses are consistent 

with the wide observation that soil microbial respiration rates and biomass decrease with 

addition of N (65-68). In addition to competition between copiotrophs and oligotrophs, 

competition between autotrophs and heterotrophs may occur even earlier in the process, at the 

beginning of secondary succession. Autotrophs in particular have advantages in soils with low 

concentrations of total C, but once vegetation recovers and accumulation of organic C begins, 

heterotrophs thrive and dominate in later stages (55).  

2.3.3. Temperature and moisture 

Temperature and precipitation across various ecosystems did not show significant effects on 

bacterial community composition at a global scale (49), even though microbial activity has been 

shown to decrease with decreasing soil moisture and temperature across biomes (69, 70). In 

contrast, it was found that mean annual temperature and precipitation had significant influences 

on fungal community composition at a continental scale (71, 72). Fungal richness increased with 

precipitation gradient at the high end, which is likely explained by variability in tree diversity 

across ecosystems. Fungal diversity is usually more closely related to tree species than bacterial 

diversity and there are obligate associations between some ectomycorrhizal fungi and host trees 

(73-75). For example, Russula and Cortinarius are ectomycorrhizal fungi dominating mature 

forest soils in high latitudes, but they were found to be absent in tropical and southern temperate 

soils (71).  

At smaller spatial scales, microbial community structure and activity have been observed to 
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change across a temperature and soil moisture gradient in deglaciated unvegetated sites (68).  At 

these sites microbial activity was higher in cold and moist sites than hot and dry sites. This could 

be explained by the relatively high accumulation and availability of organic C and nutrients in 

cold and moist soils (76), plus soil moisture increases microorganism motility and access to 

nutrients (77), as diffusion limitation can limit microbial activity in dry soils (69). With regard to 

specific taxa, Acidobacteria became more abundant in drier and warmer soils, and Actinobacteria 

exhibited the opposite pattern (78). Gammaproteobacteria were sensitive to soil moisture and 

usually of lower abundance in drier soils (78, 79). As Gammaproteobacteria are often considered 

to be a copiotrophic group (61), their abundance may be driven by the increased C availability in 

moist soils. Bacteroidetes was generally more abundant in dry soils, while Verrucomicrobia 

displayed an opposite pattern (80).  

2.3.4. Soil Texture 

Soil texture can also have significant effects on bacterial biomass, richness and community 

structure across ecosystems (71, 81), although this may be a result of significant correlations 

between the soil texture index and other soil properties including pH, C, N and soil moisture (71, 

76). In studies where bacterial richness increased with the coarseness of soil (81, 82), it was 

hypothesized that the more highly fragmented water phase present in coarser soils provides more 

isolated microhabitats, which foster a higher richness of microorganisms. Moreover, compared 

with fine-textured soils, microhabitats are more heterogeneous because of the hydrologic 

disconnectedness. In contrast, other studies have found higher microbial richness and diversity in 

finer soils (44, 83), but it is important to note that since none of the studies above are designed as 

single variable experiments, their results may be biased by other soil properties.  
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Finer soil texture was also observed to increase the resilience of microbial communities during 

deforestation, as microbial communities did not change as much in finer soils as they did in 

coarse soils after reforestation (71). Nutrients and moisture in fine-textured soils are better 

protected from decomposition and leaching due to relatively high aggregation and absorption and 

low aeration common in these soil types. The highly reactive surface areas and porosity of silt 

and clay particles are better at buffering changes in soil conditions such as moisture, pH and 

nutrient (84). In fact, the susceptibility of bacterial biomass and richness and fungal biomass to 

deforestation was successfully predicted by soil texture (71). However, the role of soil texture in 

shaping microhabitats, influencing connectivity between niches, regulating interactions between 

microbes and substrates, and thus controlling microbial community composition are poorly 

understood.  

2.3.5. Vegetation 

Differences in vegetation play an important role in modulating variability in soil microbial 

communities (71, 85, 86). Vegetation types (forest and grassland) were reported to have 

consistent effects on biomass and richness of both bacterial and fungal community at a 

continental scale (71, 85). The dominant trees also influenced the activity of extracellular 

enzymes (86). But this influence is a complicated interaction of both abiotic and biotic factors. 

For example, microorganisms are directly associated with vegetation through symbioses 

including mutualism, parasitism and commensalism, but vegetation can also exert indirect 

control by altering nutrient supply and soil properties.  

The differences in microbial community composition among different vegetation cover types are 

partly driven by plant inputs (71). The diversity of compounds in leaf litter, dead roots and root 
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exudate all influence the resource heterogeneity for a microbial community, and the amount of 

organic matter added to soils also differs among plant species (87-89). However, some work with 

detailed chemical analysis of the plant litter has suggested that their chemical composition were 

more similar than expected taxonomically (72). Studies on quantity and characteristics of organic 

matter input from litter, root exudate and dead roots in a single ecosystem and across ecosystems 

are required to fully understand these influences on microbial communities.  In addition, 

vegetation may influence soil properties through modifying pH, moisture, soil texture and 

chemical forms of nutrients (90, 91).  

Specific associations of microorganisms with the rhizosphere of different plant species are likely 

to be even stronger mediators of the vegetation effects than litter chemistry (86). However, 

fungal richness and diversity were not significantly correlated to tree species in a single biome 

(neotropical rain forests) (72), potentially indicating that fungal communities are more strongly 

correlated with plant communities, which are primarily determined by climate. Also, the strength 

of this effect can change depending on whether dominant trees are ectomycorrhizal or non-

ectomycorrhizal (92), so the interactions between various ectomycorrhizal fungi and their host 

trees are important for a better understanding of the influence of vegetation.  

Tree species also have a large influence on microbial communities during afforestation and 

deforestation processes within a single ecosystem, as the development of soils subjected to 

revegetation was found to be largely influenced by the dominant tree species via changes in soil 

organic matter (86). Microbial community shifts observed during afforestation and deforestation 

further reveal the significant influence of vegetation on underground communities. For example, 

microbial biomass and enzyme activities increased and microbial community composition 
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changed during the development of soils in spoil heaps succession after brown coal mining (93), 

but enzyme activity did not reach values observed in undisturbed forest soils after 25 years (94). 

It was also suggested that afforestation altered the microbial functional gene abundance, which 

may lead to changes in soil biogeochemical cycles (95). There are also studies suggesting that 

deforestation can drive microbial community responses through the reduction of soil C and N 

concentration (96, 97), resulting in reductions in bacterial biomass and increases in bacterial 

diversity (71). Previous studies suggests that Acidobacteria and Basidiomycota, respectively, had 

the largest shifts in bacterial and fungal community composition in response to deforestation and 

the relative abundance of Acidobacteria and Basidiomycetes were consistently low in deforested 

soil (71). It is hypothesized that these responses were driven by increased recalcitrant organic 

matter in late-stage successional forest plant input and the acidic property of forest soils, because 

Acidobacteria usually thrive with relatively low pH (64) and Basidiomycetes are the major 

players in decomposing lignocellulose-rich plant input (98, 99).  

Vegetation effects on soil fungi are dependent on whether fungal taxa are ectomycorrhizal, 

arbuscular mycorrhizal, or saprotrophic fungi according to their function (71). Ectomycorrhizal 

fungi are possibly experiencing the strongest effects because their diversity is closely related to 

tree species. For example, ectomycorrhizal fungi colonizing the roots of temperate and boreal 

forest trees were absent in grassland soils, which contributed largely to the differences of fungal 

communities between forest and grassland soils (71). However, the catabolic response profiles, 

which estimate the community function, did not change significantly between vegetation types 

even though microbial catabolic function is correlated with taxonomic composition (40). This 

phenomenon addresses an ongoing important question in microbial ecology of whether the 

ecological functions of microbial communities change with taxonomic shifts, and given that 
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dormancy and functional redundancy are common among soil microorganisms, the extent to 

which microbial function can be explained by phylogenetic profiles is still controversial.  

When all of these mechanisms of interactions between soil microorganisms, the environment, 

and plant species are examined together, it is clear that the regulation of succession by 

environmental factors is complicated by the diversity of microorganisms and the heterogeneity of 

the environment. Soil environments are rarely defined by any single factor, but by a combination 

of factors to which microorganisms must adapt simultaneously. The mechanisms of microbial 

succession are sure to be more complicated than the sum of individual influences by the factors 

discussed so far, and in addition microbial dormancy, physiological diversity, and rapid growth 

make succession patterns difficult to predict. Species with advantages in local habitats may 

become dominant and modify the microhabitat over short time frames, and the relatively rapid 

adaptation rates may alleviate some environmental stresses. However, if environmental stresses 

are persistent or large enough to alter community dynamics, they will still exert significant 

influences on driving microbial succession and shaping local microbial communities.  

2.4. Techniques in microbial ecology  

One important aspect of any study in microbial ecology is the limitation of the methods used to 

detect and quantify microorganisms in the system. Most soil microorganisms cannot be isolated 

and cultured in the laboratory, which has historically hampered studies on structure and function 

of soil microbial communities (100). The recent development of culture-independent techniques 

has increased our knowledge about soil microorganisms, but most previous work has still relied 

on DNA fingerprinting methods including denaturing gradient gel electrophoresis (DGGE) (101) 

and terminal restriction fragment length polymorphism (T-RFLP) (49), which can only quantify 
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community shifts with limited phylogenetic resolution. The recent adaptation of next-generation 

sequencing approaches to microbial ecology has provided unprecedented sampling depth, 

resolution, and phylogenetic information compared to traditional approaches. As such, microbial 

diversity assessed by sequencing of phylogenetically conserved marker genes provides a detailed 

overview of microbial phylogenetic profiles. In addition, the development of high-throughput 

sequencing finally makes it feasible to analyze microbial communities from a large number of 

samples with great detail (102). 

The conserved marker gene analysis, especially 16S rRNA gene analysis, is commonly utilized 

for studying microbial community composition, but it is more difficult to use for estimation of 

microbial function because the metabolic characteristics of a large number of taxa are not well 

known and the relation between phylogenetic profiles and functional attributes is controversial. 

Previous studies revealed consistent correlation between microbial taxonomic dissimilarity and 

catabolic profile dissimilarity at a continental scale (71), which supports that the functional gene 

diversity is related to the taxonomic diversity of the microbial community to some extent (45, 80, 

103, 104). However, it was also found that changes in biogeochemical processes are not 

consistent with soil microbial community structure change at a temporal scale (105), given that a 

major part of microorganisms in soils are dormant and inactive in different parts of a year (78, 

105). Therefore, changes in the relative abundance of active microbial community members may 

contribute more to the temporal variability of soil ecological processes (105). For example, 

Actinobacteria are known to be persistent survivors in soils and they were found abundant in 

soils with 16S rRNA sequencing (106, 107), but if they are dormant they may not contribute 

much to biogeochemical cycling. In contrast, functional redundancy, which is the ability of two 

or more microbial taxa to perform a same process under similar conditions with similar rates, 
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may further obscure the relationships between taxonomic profiles and functions (108). If many 

taxa can perform the same biogeochemical function, species loss can occur without changes in 

function, at least to some degree.  

Metagenomic methods, which are approaches studying the genomes of all microorganisms in a 

sample, have made it possible to estimate the functional attributes of microbial communities 

more directly. Shotgun metagenome sequencing provides information about the functional 

potential of microbial communities by randomly sequencing a proportion of all genes from soil 

microorganisms (in contrast to the target gene sequencing describe above). It has also been 

considered as the most accurate method for estimating taxonomic composition (109) because 

metagenomic analysis can characterize the phylogenetic and functional gene composition of 

samples and avoid bias from gene amplification.  

Metagenome data can also provide insight to metabolic pathways in soils based on the 

abundance of genes responsible for specific reactions. For example, this approach has been used 

to study the prevalence of methanogenesis and denitrification in permafrost metagenomes (106) 

as well as carbon and nitrogen cycling in warmed soils in climate change simulation experiments, 

which were found to be community-wide and not attributable to specific taxa (110). 

Metagenomic analysis of an endophyte community colonizing rice roots revealed the 

involvement of bacterial endophytes in nitrogen cycling (111) and discovered several new 

enzymes including a thermostable lipase from Brazilian Atlantic Forest soil (112) and 

cellulolytic and hemicellulolytic enzymes from German grassland soil (113). Application of 

metagenomic analysis during ecosystem restoration, therefore, may provide important 

information on abundance changes of key functional genes, which can increase the 
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understanding of ecosystem function recovery. With the increase of sequencing capacities, we 

will continue to gain a more comprehensive understanding of how soil microbial community 

structure and function change with environmental factors. 
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Abstract 

Bacteria and fungi are important mediators of biogeochemical processes and play essential roles 

in the establishment of plant communities, which makes knowledge about their recovery after 

extreme disturbances valuable for understanding ecosystem development. However, broad 

ecological differences between bacterial and fungal organisms, such as growth rates, stress 

tolerance, and substrate utilization, suggest they could follow distinct trajectories and show 

contrasting dynamics during recovery. In this study, we analyzed both the intra-annual variability 

and decadal scale recovery of bacterial and fungal communities in a chronosequence of 

reclaimed mine soils using next-generation sequencing to quantify their abundance, richness, β-

diversity, taxonomic composition and co-occurrence network properties. Bacterial communities 

shifted gradually with overlapping β-diversity patterns across chronosequence ages, while shifts 

in fungal communities were more distinct among different ages. In addition, the magnitude of 

intra-annual variability in bacterial β-diversity was comparable to the changes across decades of 

chronosequence age, while fungal communities changed minimally across months. Finally, the 

complexity of bacterial co-occurrence networks increased with chronosequence age, while 

fungal networks did not show clear age-related trends. We hypothesize that these contrasting 

dynamics of bacteria and fungi in the chronosequence result from: (1) faster growth rates for 

bacteria leading to higher intra-annual variability; (2) higher tolerance to environmental changes 

for fungi; and (3) stronger influence of vegetation on fungal communities. 

3.1 Introduction 

Ecologists have been studying the succession dynamics of plant communities for more than a 

century (1, 2) and the patterns of changes in plant community composition are used as indicators 
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for the restoration of ecosystems (3-5). However, patterns and mechanisms of soil microbiota 

recovery after disturbance has been much less intensively studied until the recent rise of next 

generation sequencing techniques. Similar to plants, microbial succession is likely to be 

regulated by resource limitation, environmental stress, biological interactions, and historical 

effects (6-9). However, key biological differences between plants and microorganisms such as 

phylogenetic diversity, metabolic versatility, and dormancy are likely to cause some disparities 

in mechanisms driving recovery of the soil microbiota (10, 11). The rapid responses of 

microorganisms to alterations in environmental conditions and their high turnover rates may 

provide additional information and possibly an early indication of the restoration progress 

following ecosystem disturbance (12).  

Both bacteria and fungi are significant components of soil microbiota and perform critical 

ecological functions, but they also have many differences in phenotype, phylogeny, and life 

history that could cause different succession patterns during recovery. For example, typical soil 

fungal growth rates appear to be about tenfold slower than soil bacteria, and fungi tend to be 

more tolerant of low temperatures and dry soils (13, 14). From a simplified perspective, fungi are 

considered to be dominant degraders of refractory organic matter and mediators of slower carbon 

cycling, whereas bacteria are typically considered more important regulators of the fast carbon 

cycling pathways in soil (15). While there are exceptions to these characterizations, at a broad 

scale they highlight the potential for functional differences in how each group responds to 

ecosystem restoration. Furthermore, while both bacteria and fungi form symbiotic relationships 

with plants, fungal symbionts are more common, with occurrence in over 85% of all 

angiosperms (16), and tend to have more specific relationships with plant species (17-20). Fungi 
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may also be more dispersal limited than bacteria due to their larger sizes (21), and priority effects 

can have greater influence on fungal communities (22). 

The analysis of ecosystem recovery after disturbance is challenging because it requires 

observation over long time periods. Chronosequences (i.e., space for time substitutions) are an 

established approach to this challenge and have been used to study soil microbial succession 

dynamics spanning hundreds of years (23-25). However, reported patterns in chronosequences 

are not easily generalized. For example, microbial diversity has not shown consistent patterns in 

glacial chronosequences (26-29), and abundance of bacterial phyla showed different trends along 

chronosequence ages in two glacier forelands within the same study (30). These differences have 

been attributed to heterogeneity of physical landforms, soil structure, environmental conditions, 

and vegetation across those gradients (31). Compared with natural chronosequences, reforested 

lands reclaimed from mining operations represent an opportunity to study replicated sites with 

similar starting conditions. Surface mining removes all overlying soil and rock, which are then 

replaced during reclamation and reforested to accelerate ecosystem recovery (32). The use of 

specific controlled reforestation practices (32, 33) aids in creating replicated sites over time with 

relatively well controlled ecosystem development in terms of soil properties, landscapes, and 

vegetation (34).  

In this study, we characterized both the intra-annual variability and long-term recovery in 

bacterial and fungal components of soil microbiota in a chronosequence of reclaimed mine lands 

that spans 5 to 30 years post-reforestation and includes unmined reference plots. We used next-

generation sequencing to describe shifts in diversity and taxonomic composition and constructed 

co-occurrence networks to reveal potential interaction patterns. Specific research objectives were 
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to determine: (a) how bacterial and fungal communities changed during recovery in terms of 

abundance, richness and taxonomic composition; (b) how the bacterial and fungal co-occurrence 

network properties changed throughout the recovery process; (c) how the observed intra- and 

interannual dynamics differed between the bacterial and fungal communities.  

3.2 Materials and methods 

3.2.1 Study site and sample collection 

The reforested mined sites are located in Wise County, Virginia, USA in the central Appalachian 

Coal Basin (35). The samples for this study were collected in collaboration with work done by 

Avera et al. (36) to look at ecosystem recovery at the same sites. Details of the sampling sites 

(climate, aspect, slope, vegetation, etc.) and plot design are described in the “Soil dynamics” 

section of that publication. Briefly, four reclaimed sites were selected to establish a 

chronosequence of 5, 11, 21, and 30 years (yr) post reforestation, and an unmined site in a 

natural hardwood forest nearby was used as a reference (Figure S1). Triplicate study plots were 

randomly located within each site. Three soil samples were taken from 0-10cm depth in each plot, 

pooled, and homogenized, to more fully capture the diversity at the plot level, while using the 

replicated plots to characterize variation in soil microbiota at each site. Soil samples were 

collected in the third or fourth week of May, July, September and October 2013 to estimate intra-

annual variation of microbial communities. All samples were transported to the lab on ice, sieved 

to 4 mm to remove coarse roots and stones, and stored at -80 oC until DNA extraction. As part of 

their research, Avera et al. (36) measured other ecosystem properties and some of their results 

are further analyzed here to aid in the understanding of the factors influencing microbiota 

recovery. These include soil properties such as temperature (Temp), moisture, available NH4
+ 
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and NO3
-; gas fluxes of N2O, CO2 and CH4; and total microbial biomass (TMB) and substrate-

induced respiration (SIR). 

3.2.2 DNA extraction, amplification, and sequencing 

Total DNA was extracted from approximately 0.25 g soil using the MoBio PowerSoil Soil DNA 

isolation kit (MoBio Laboratories, Carlsbad, CA, USA). Quantitative polymerase chain reaction 

(qPCR) was performed to estimate the abundance of bacteria and fungi in soil samples. Bacteria 

were targeted with the Eub338 (5’-ACT CCT ACG GGA GGC AGC AG-3’) and Eub518 (5’-

ATT ACC GCG GCT GCT GG-3’) primer pair, and fungi were targeted with ITS1f (5’-TCC 

GTA GGT GAA CCT GCG G-3’) and 5.8s (5’- CGC TGC GTT CTT CAT CG-3’) primer pair 

(37). Each 25 µL reaction contained 12.5 µL iTaqTM Universal SYBR Green Supermix (Bio-Rad, 

Hercules, CA, USA), 5 µL PCR water (MoBio Laboratories, Carlsbad, CA, USA), 1.25 µL of 

each of the primers (10 µM), and 5 µL of isolated DNA as template. Conditions were 15 min at 

95°C, followed by 40 cycles of 95°C for 1 min, 53°C for 30 s and 72°C for 1 min. Standards 

were made from 10-fold dilution series of plasmids containing cloned target sequences. Standard 

curves for all qPCR runs had efficiency values ranging from 0.97 to 1.07 and R2 values >0.99.  

The V4 region of the bacterial 16S rRNA gene and the fungal ITS1 region were amplified by 

PCR to characterize bacterial and fungal communities, respectively. The PCR reaction mixture 

(25 µL) contained 10 µL 2.5X 5 Prime HotMaster mix (5 Prime, Gaithersburg, MD), 13 µL PCR 

water (MoBio Laboratories, Carlsbad, CA, USA), 0.5 µL of each of the primers (10 µM), and 1 

µL of isolated DNA as template. The V4 region was amplified with the 515F and 806R primer 

pair (38), and the ITS1 region was amplified with ITS1F and ITS2 primer pair (39). Primers 

were designed for Illumina sequencing with adapters, primer pads and 2-bp linker sequences, 
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and the reverse primer contained a 12-bp barcode sequence unique to each sample (38, 39). The 

thermal cycling protocol was: 94 °C for 5 min, 35 cycles of 94°C for 45 s, 50 °C for 45 s and 

72°C for 90 s, followed by a final extension period at 72 °C for 10 min. All samples were 

amplified in triplicate on thermal cyclers (Bio-Rad, Hercules, CA, USA), pooled and visualized 

on agarose gels. PCR products were purified using the UltraClean PCR cleanup kit (MoBio 

Laboratories, Carlsbad, CA, USA). Amplicon concentrations were quantified using Qubit 2.0 

fluorometer (Invitrogen, USA) according to the manufacturer’s protocol and amplicons from all 

samples were combined in equimolar ratios. Bacterial and fungal amplicons were sequenced 

separately on the Illumina Miseq platform using 250 bp and paired ends. The resulting raw reads 

were deposited in the NCBI BioProject database (accession number PRJNA324696). Sequencing 

reads were quality-filtered and processed using the USEARCH pipeline (40). In brief, the 

forward and reverse reads were merged with at least 150 bp overlap. The merged reads were 

filtered with a minimum length of 200 bp and expected errors per read lower than 0.5, which are 

calculated from quality scores. Chimeric sequences were identified with UCHIME and removed 

(41). SILVA and UNITE databases were used as references for bacteria and fungi, respectively 

(42, 43), and taxonomy was assigned using the RDP classifier (44). The Chao1 index was 

generated with QIIME (Quantitative Insights Into Microbial Ecology) to estimate the richness of 

bacterial and fungal communities (45).  

3.2.3 Statistical and co-occurrence network analyses 

The R program (46) was primarily used for statistical analyses and plotting. Significant 

differences in bacterial and fungal abundance and richness were detected across chronosequence 

ages or sampling months using ANOVA and Tukey’s HSD tests. Matrices of pairwise 

similarities for all samples were calculated independently for bacterial and fungal communities 
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using the Bray-Curtis distance metric. Patterns of similarity among samples were visualized with 

non-metric multidimensional scaling (NMDS) using the ‘metaMDS’ function in the R vegan 

package (47), and environmental variables (Temp, moisture, NH4
+, NO3

-, N2O, CO2, CH4), TMB 

and SIR (36) were added to the ordination with the ‘envfit’ function in the same package. The 

ANOSIM function in vegan was used to test the statistical significance of all pairs of samples 

with 999 permutations. The multivariate dispersion of all months and chronosequence groups 

was calculated with function ‘betadisper’. Microbial OTUs that showed significant differences in 

abundance across sampling months or chronosequence ages were selected using the edgeR 

program with a false discovery rate (FDR) <0.05 and count per million (CPM) >26 in order to 

choose highly abundant and significantly variable OTUs for downstream analysis (48). After 

filtering, 2,480 bacterial OTUs and 1,340 fungal OTUs remained for further analysis.  

Co-occurrence analyses have recently been increasingly used in microbial ecology to better 

understand community structure, characterize potential intra-community interactions, and 

identify potentially shared and contrasting niches (49, 50). The co-occurrence network analysis 

in this study was performed with the ‘igraph’ R package (51). The 500 most abundant OTUs 

(accounting for 61.6% of bacterial sequences and 48.0% of fungal sequences) per 

chronosequence age were used to build individual networks for each age. The cutoff value of 500 

was based upon a similar approach used by Dini-Andreote et al. (23), but we also constructed 

networks using the most abundant 800 and 1,000 OTUs to verify that the interpretation of the 

general trends of network properties did not change. Spearman Rank Correlations (SRC) were 

calculated for each pair of OTUs in the same chronosequence age.  The edges in the networks 

represent statistically significant (FDR<0.05) correlations with an absolute SRC value >0.9. The 

nodes in the networks represent individual OTUs with at least one significant correlation with 
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another OTU. The numbers of nodes and edges, average degree, clustering coefficient, and 

closeness centrality were calculated using the ‘igraph’ R package. Degree is the number of edges 

of each node, representing how many other nodes (OTUs) in the network are connected with the 

given node. Clustering coefficient is a measure of how often a node’s neighbors are also 

connected (52). Closeness centrality measures the inverse distance to all other nodes from one 

node (53). The overlapping nodes and edges of networks from two consecutive stages were 

identified, and the significance of the difference between the number of actual overlaps and 

randomized overlaps were analyzed with Fisher’s exact test and permutation methods (999 

permutations). The abundance, degree and closeness centrality of nodes in overlapping edges 

were compared with the average of the whole network with Welch two sample t-tests.  

3.3 Results 

3.3.1 Sequencing results 

The processing of raw sequencing reads resulted in 16.8 million high quality V4 sequences 

averaging about 280,000 sequences per sample and 5.1 million high quality ITS1 sequences 

averaging about 86,000 sequences per sample. The rarefaction curves are shown in Figure S2. Of 

the initial 60 samples for ITS1 sequencing, 59 samples were used for downstream analyses. 

Sequences were then clustered to 17, 017 bacterial operational taxonomic units (OTUs) and 

5,979 fungal OTUs with a 97% identity threshold (54). For all downstream analyses, 97,000 

reads were randomly selected for bacteria, and 28,000 reads were randomly selected for fungi 

per sample to correct for differences in sequencing depth. 



 
 

41 

3.3.2 Abundance and richness of microbial communities 

Abundances of bacterial 16S rRNA copies decreased significantly from May and July to 

September and October, while abundances of fungal ITS copies increased significantly over the 

same period (P-value<0.05, Tukey’s honestly significant difference [HSD] test) (Figure 3.1e and 

g). However, along the chronosequence age, there were no obvious patterns in abundance of 16S 

rRNA or ITS copy numbers, except that bacterial abundance was significantly lower at 5 yr (P-

value<0.05, Tukey’s HSD) (Figure 3.1f and h). Overall, the monthly shifts in bacterial and 

fungal abundance were as great or greater than the shifts across chronosequence ages. Bacterial 

richness, estimated by the Chao1 index, was significantly higher in May and July than September 

but not October, while fungal community richness was significantly higher in May than 

September only (P-value<0.05, Tukey’s HSD) (Figure 3.1a and c). Both bacterial and fungal 

richness increased generally with chronosequence age up to 30 yr, but were lower in the unmined 

sites (Figure 3.1b and d). There were no significant interactions between chronosequence age 

and sampling month for either richness or abundance of either bacteria or fungi.    

3.3.3 β-diversity and taxonomic composition 

The patterns of bacterial and fungal β-diversity were visualized with NMDS plots and tested for 

significant differences using ANOSIM. Bacterial β-diversity varied significantly within the study 

year, with May and July harboring significantly different communities from September and 

October, regardless of chronosequence age (P-value=0.001, ANOSIM with 999 permutations) 

(Figure 3.2a and Table S1a). The differences between May and July or between September and 

October were not significant (P-values range from 0.437 to 0.846, ANOSIM with 999 

permutations) (Table S1a). All pairwise comparisons of bacterial community structure among 
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chronosequence ages were significantly different (P-values range from 0.001 to 0.037, ANOSIM 

with 999 permutations) (Table S1b). Interestingly, the overall pattern of β-diversity across the 

chronosequence age was maintained in each of the two clusters (Figure 3.2a), with bacterial 

community structure becoming more similar to reference sites with increasing chronosequence 

age. The magnitude of the shift in bacterial β-diversity within a year was comparable to that 

observed across decades of succession as evidenced by separation on the NMDS plot (Figure 

3.2a) and average Bray-Curtis similarity values among samples (data not shown). In contrast, 

fungal communities from different chronosequence ages clustered more tightly without any 

overlap across ages (Figure 3.2b) and communities in each age were significantly different from 
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all other ages (P-value=0.001, ANOSIM with 999 permutations). In contrast, intra-annual 

variability across months in each chronosequence age was not significant (P-values range from 

0.146 to 0.996, ANOSIM with 999 permutations) (Table S2). In addition, multivariate dispersion 

analysis showed that dispersion of bacterial communities by month and chronosequence age 

were not significantly different (Welch Two Sample t-test, t = 1.629, P-value = 0.147), while for 

fungi, the dispersion of fungal communities in each age class was significantly lower (i.e., tighter 

clustering) than when tested by month (Welch Two Sample t-test, t = 3.2691, P-value = 0.023).  

Patterns of β-diversity were also related to soil and environmental data collected by Avera et al. 

(36) at each site. Changes in temperature, moisture, TMB, SIR and NH4
+ were significantly 

correlated with bacterial community shifts (P-values range from 0.001 to 0.041) (Table S3). 

Moisture and NH4
+ were mainly correlated with the intra-annual bacterial community shifts, with 

higher moisture in May and July and higher NH4
+ in September and October (Figure 3.2a). In 

contrast, SIR was mainly correlated with bacterial community shifts that occurred with 

chronosequence age, with an increase along the chronosequence. For fungi, changes in 

temperature, moisture, TMB, SIR and NO3
- were significantly correlated with community shifts 

(P-values range from 0.001 to 0.004) (Table S3). SIR, TMB and temperature were most strongly 

correlated with fungal shifts in β-diversity (Figure 3.2b), with higher SIR and TMB and lower 

soil temperature associated with fungal communities from older chronosequence ages. It is 

important to remember, however, that associated environmental factors could also be auto-

correlated, and additional experimentation would be required to determine which might be 

directly driving or resulting from changes in soil microbiota.  
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The dominant bacterial phyla and proteobacterial classes across all samples were Acidobacteria 

and Alphaproteobacteria, respectively representing 21.5% and 18.0% of all sequences assigned 

to domain Bacteria (Figure 3.3a). Sampling month had significant influences on some taxa, with 

the relative abundances of Bacteroidetes, Deltaproteobacteria, Gemmatimonadetes, 

Betaproteobacteria and Gammaproteobacteria significantly higher in May and July and the 

relative abundances of Chloroflexi and Planctomycetes significantly higher in September and 

October (P-value<0.05, Tukey’s HSD) (Figure 3.3b and Table S4). Chronosequence age also had 

significant influences on some taxa (P-value<0.05, ANOVA) (Figure 3.3c and Table S4). The 

relative abundances of Actinobacteria, Chloroflexi, Gemmatimonadetes were significantly higher 

in 5 yr sites than others, while the relative abundances of Nitrospirae, Alphaproteobacteria and 

Verrucomicrobia were significantly higher in later chronosequence ages. Nitrospirae were higher 

in 30 yr and UM sites than 5 yr and 11 yr sites, Alphaproteobacteria were higher in UM sites, 

and Verrucomicrobia were higher in UM sites than 5, 11, and 21 yr sites (P-value<0.05, Tukey’s 

HSD). A summary of the most abundant OTUs that changed significantly across the 

chronosequence ages is presented in Figure S6a. 

Ascomycota and Basidiomycota were the dominant fungal phyla at all sites, respectively 

representing 46% and 30% of classified OTUs, but their relative abundances were not clearly 

related to chronosequence age or sampling month. The dominant classes across all samples were 

Agaricomycetes (phylum Basidiomycota; 28.7%) and Sordariomycetes (phylum Ascomycota; 

20.0%) (Figure 3.3d). Sampling month had significant effects on some fungal classes (P-

value<0.05, ANOVA) (Figure 3.3e and Table S4). Dothideomycetes was significantly different 

between July and October, and Incertae sedis within Zygomycota was significantly different 

between May and September. Chronosequence ages had significant effects on more taxa, 
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including Dothideomycetes, Eurotiomycetes, Leotiomycetes, Sordariomycetes, Rozellomycota 

and Incertae sedis within Zygomycota (P-value<0.05, ANOVA) (Figure 3.3f and Table S4). The 

relative abundances of Dothideomycetes and Sordariomycetes were significantly higher in 5 yr 

sites, while the relative abundance of Agaricomycetes was significantly higher in UM site than 5 

yr sites. The relative abundance of Incertae sedis in Zygomycota was significantly higher in 30 

yr and UM sites than in 5 and 11 yr sites. All related P-values are shown in Table S4, and the 

most abundant fungal OTUs that changed significantly across the chronosequence ages are 

summarized in Figure S6b.  

 
Figure 3.2. Bacterial (a) and fungal (b) β-diversity. Microbial β-diversity was 
visualized with NMDS based on OTU abundance data. Environmental factors 
(Temp, moisture, available NH4

+, and NO3
-; gas fluxes of N2O, CO2, and CH4; 

and TMB and SIR) are fit to the ordination with function envfit in R vegan 
package. Only significant factors are shown in the figure. 
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3.3.4 Co-occurrence network analysis 

Co-occurrence networks were generated separately for bacteria and fungi at each 

chronosequence age and topological properties were calculated to characterize changes over 

time. The numbers of nodes and edges in the bacterial networks typically increased with 

chronosequence age, with the unmined reference network having the highest number of nodes 

and edges (Table 3.1). Moreover, the average degree also increased from early chronosequence 

ages (5 and 11 yr) to later chronosequence ages (21 and 30 yr) (Table 3.1 and Figure 3.4). The 

average degree of the unmined reference bacterial network (with an average degree of 11.66) is 

about 1.5 times of those at 21 and 30 yr (7.53 and 7.16). Networks in fungal communities, 

however, were markedly different from bacterial communities (Table 3.1 and Figure 3.5). The 

numbers of fungal nodes and edges both peak at 21 yr (Table 3.1), with the fungal networks at 5 

yr having the smallest number of nodes and edges and the lowest average degree. The average 

degree of the unmined reference network is larger than 5 yr but smaller than 11 yr and 21 yr. 

Overall, the nodes, edges and average degree of fungal networks typically peaked in the middle 

chronosequence ages.  

Networks in consecutive chronosequence ages were compared to identify overlapping nodes and 

edges. On average, 76% of bacterial nodes and 8% of bacterial edges in an earlier age appeared 

in the next age, and overlaps of both bacterial nodes and edges are significantly higher than 

would be expected from random (Fisher’s exact test for node, P-values range from 0.001 to 

0.004; Permutation test for edge with 999 permutations, P-value=0.001) (Table S5). In contrast, 

a mean of 27% of fungal nodes and 0.5% of fungal edges in an earlier age appeared in the next 

chronosequence age, and the number of overlapping fungal nodes and edges are not significantly 
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greater than random (Fisher’s exact test for node, P-values range from 0.872 to 0.999; 

Permutation test for edge with 999 permutations, P-values range from 0.614 to 0.990) (Table S5). 

Among the overlapping bacterial nodes, about 30% belong to the phylum Acidobacteria, which 

is higher than the relative abundance of Acidobacteria among all OTUs used for network 

analysis (22%). Bacteroidetes and Planctomycetes were also overrepresented in overlapping 

nodes compared to their percentages in all OTUs, at 14% and 10% compared to 10% and 6%, 

respectively. In contrast, taxa that were underrepresented in overlaps included Actinobacteria 

(5% of overlapping nodes vs. 13% of OTUs) and Alphaproteobacteria (11% of overlapping 

nodes vs. 16% of OTUs). Among the 352 overlapping bacterial edges, 223 (63%) involve 

Acidobacteria and 146 of 352 (42%) are between two Acidobacteria nodes. More broadly, about 

86% of overlapping edges involve Acidobacteria, Bacteroidetes or Planctomycetes, even though 

the combined relative abundance of these 3 taxa is only 38% of total OTUs used for network 

analysis. Nodes involved in the overlapping edges have significantly higher degrees and 

closeness centrality than average (P-values range from 0.001 to 0.006, Welch Two Sample t-test), 

but the relative abundance of OTUs represented by those nodes are not always significantly 

different from average (P-values range from 0.001 to 0.683, Welch Two Sample t-test) (Table 

S6). The overlapping fungal nodes mainly belong to Agaricomycetes, Sordariomycetes and 

Dothideomycetes, with Agaricomycetes being overrepresented (15% of overlapping nodes vs. 

12% of OTUs). In contrast to bacteria, there were only 3 overlapping fungal edges among all 

possible pairs of consecutive chronosequence ages. 

The bacterial and fungal networks show different patterns of co-occurrence, with typically higher 

numbers of nodes and edges in bacterial networks. The bacterial networks typically contained a 
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much higher number of interactions dominated by one large connected component that consisted 

of more than 65% of all OTUs (Figure 3.4). In contrast, fungal networks consisted of much 

fewer interactions scattered across multiple small clusters (i.e., only a few OTUs) that were 

discrete and densely clustered (higher clustering coefficients) (Figure 3.5, Table 3.1). It is 

important to note that the relatively low intra-annual turnover rates of fungi may result in less 

detectable co-occurrences. However, the stark differences between the two sets of networks, 

which were observed consistently even when the networks were re-analyzed with a range of 

alternative correlation cutoffs (Figure S3), suggest that there are real and significant differences 

between these sets of interactions. We also constructed bacteria-fungi co-occurrence networks 

with the 500 most abundant bacterial OTUs and the 500 most abundant fungal OTUs. In these 

networks, there are more bacterial nodes and edges than fungal (Figure S5 and Table S8), which 

is consistent with our observations in the separate networks. Also, the number of bacteria-

bacteria edges increased with chronosequence age, while the number of fungi-fungi edges peaks 

at 21 yr, which are also consistent with the trends in the separate networks. The number of 

bacteria-fungi edges increased with the chronosequence age, but they comprised only 7% of all 

edges on average. Additional characteristics of bacterial and fungal networks including scale free 

indices, small world indices, and modularity are summarized in Table S7 and Figure S4.  
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Figure 3.4. Co-occurrence network analysis of bacterial communities at different 
succession stages. Each dot represents a bacterial OTU. A connection stands for a 
spearman correlation with a magnitude > 0.9 (positive correlation—green edges) 
or < -0.9 (negative correlation—red edges) and statistically significant (FDR < 
0.05). The size of each node is proportional to the square root of number of 
connections. The colors of nodes represent their classification at phylum level or 
class level for those belonging to phylum Proteobacteria.  

5 years 11 years 21 years

30 years Unmined
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Verrucomicrobia
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other
Gemmatimonadetes
WS3
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Figure 3.5. Co-occurrence network analysis of fungal communities at different 
succession stages. Each dot represents a fungal OTU. A connection stands for a 
spearman correlation with a magnitude > 0.9 (positive correlation—green edges) or < -
0.9 (negative correlation—red edges) and statistically significant (FDR < 0.05). The size 
of each node is proportional to the square root of number of connections. The colors of 
nodes represent their classification at class level.  
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Table 3.1. Bacterial and fungal network properties at succession stages. 
 

  Stage 

 Network metrics 5 11 21 30 Un-
mined 

 Nodes 248 275 346 353 379 
 Edges 384 733 1303 1263 2210 

Bacteria Pos/Neg Edges 257/127 416/317 1044/259 892/371 1811/399 
 Average Degree 3.10 5.33 7.53 7.16 11.66 
 Cluster Coefficient 0.319 0.438 0.510 0.459 0.490 

 Nodes 80 133 147 134 105 
 Edges 127 256 266 240 188 

Fungi Pos/Neg Edges 124/3 256/0 262/4 240/0 188/0 
 Average Degree 3.17 3.85 3.62 3.58 3.58 
 Cluster Coefficient 0.998 0.744 0.984 0.983 0.986 

 

3.4 Discussion 

The results of this work highlight several key findings related to recovery of soil microbiota 

following extreme disturbance. Firstly, both bacterial and fungal fractions of the soil microbiota 

followed an observable taxonomic transition with chronosequence age, with community 

structure becoming more similar to unmined reference sites. Secondly, both bacterial and fungal 

community composition changes were apparent at high taxonomic levels (e.g., bacterial phylum 

and fungal class). Thirdly, the bacterial co-occurrence networks increased in complexity during 

succession while the fungal network complexity did not change monotonically with age. Overall, 

the bacterial and fungal fractions of the soil microbiota exhibited distinct patterns with regard to 

chronosequence age, intra-annual variability, and co-occurrence network properties. 
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3.4.1 Bacterial and fungal abundance, richness and β-diversity 

Richness of both bacteria and fungi peaked at 30 yr and were lower in the unmined reference 

sites. We hypothesize that the short time since disturbance at the younger sites was limiting, such 

that richness was still increasing up to the 30 yr sites. This aspect of ecosystem recovery allows 

the coexistence of species adapted for both high growth rates in high resource availability (r-

selected) and lower growth rates but higher competitive ability under low resource availability 

(k-selected) at the older sites, which could explain the peak richness at 30 yr site (55, 56). This 

general trend is in agreement with other observations of microorganisms in aquatic (57) and soil 

systems (58, 59) 

The β-diversity also followed a clear pattern for both bacteria and fungi in that the community 

structure became more similar to the unmined sites as chronosequence age increased. The 

bacterial community shifts were more gradual and overlapping while the fungal communities at 

different ages were more distinct. This agrees with previous observations that plant symbioses 

with fungi are more common than with bacteria (16), and that plant community composition has 

strong influences on the fungal community (17-20), which has been shown to extend to bulk soil 

in the form of common mycelial networks (60, 61).  The specificity with vegetation may explain 

the distinctness of fungal communities at different chronosequence ages, as the plant community 

is also experiencing taxonomic shifts from grass-dominated to tree-dominated during this 

timeframe (62). Furthermore, as dominant decomposers of litter (63), the variable litter 

properties with different vegetation (64, 65) could also influence fungal community composition. 

In contrast, most of bacteria inhabit small-scale niches in bulk soil and have less direct 

connection with plants than fungi (66). However, it is important to remember that in addition to 

external environmental factors, the fact that community changes along the chronosequence age 
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were correlated with TMB and SIR suggests that autogenic factors also play important roles in 

microbial recovery.  

The patterns of intra-annual variability among bacterial and fungal communities were also 

markedly different (Figure 3.1 and 3.2), with bacterial abundance higher in May and July and 

fungal abundance higher in September and October. This shift was likely related to seasonal 

dynamics of plant inputs, temperature and precipitation. For example, fungi are often identified 

as the primary decomposers of recalcitrant organic matter (63), such as cellulose and lignin, 

which are increased in the later seasons due to plant litter and may favor higher fungal 

abundance in the later sampling months. Based on the ANOSIM test and NMDS visualization, 

bacterial community structure shifted significantly among sampling months, while fungal 

community structures did not. This difference in intra-annual variability may also be related to 

growth rates and highlights the ecological differences between these two communities. For 

example, soil fungal biomass turnover times have been estimated to be >100 days, which is 

about tenfold slower than typical soil bacteria (14, 67). In addition, bacteria are more sensitive to 

changes in soil moisture (68, 69), which correlated significantly with the intra-annual bacterial 

community shifts observed in this study (r2=0.157, P-values=0.012). Short-term variability of 

bacterial communities has been observed previously, but the magnitude of change varies with 

soil or ecosystem types (70-72). In our study, β-diversity indicates that the shifts of soil bacterial 

communities within a 6-month span could be as large as those observed across decades of 

ecosystem recovery, although the effect of chronosequence age was still observable within each 

monthly shift (Figure 3.2a). In contrast, fungal community structures did not change significantly 

over 6 months, implying that the majority of change in soil fungal communities occurs over 

longer time scales than for bacteria. 
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3.4.2 Bacterial and fungal taxonomic shifts 

Changes in the types of soil microbiota along chronosequence age were apparent at both low and 

high taxonomic levels, including bacterial phylum and fungal class (Figure 3.3c and f), which 

suggests that significant taxonomic changes were occurring across the entire community and 

supports the theory that at least some degree of ecological coherence exists among broad 

phylogenetic groups (73-75).  In succession, bacterial communities appeared to shift from 

copiotrophic groups to oligotrophic groups, with decreased Bacteroidetes and increased 

Verrucomicrobia (Figure 3.3c) (76-79). This shift potentially resulted from the decrease of 

abundant labile C and N substrates and the increase of nutrient-poor and recalcitrant C 

compounds, which is supported by a measured increase in mineral soil C:N ratio with 

chronosequence age at these sites (36). Ecosystem changes are also apparent at lower taxonomic 

levels. Many of the OTUs that increase significantly over the chronosequence, such as 

Bradyrhizobium, Chthoniobacteraceae: DA101, Mycobacterium, and Rhodoplanes, indicate 

increased soil organic matter decomposition and nutrient cycling as conditions become more 

oligotrophic. Interestingly, we also saw an increase in Candidatus Xiphinematobacter in our data, 

suggesting an increase in nematode populations (80) and potential development of higher trophic 

levels in the soil ecosystem. 

Overall, these composition changes also likely result from broader ecosystem succession and 

vegetation change, as plant inputs (leaf litter, root biomass, and exudates) vary with vegetation 

type (64, 65, 81) and have a strong influence on microbial community composition (82, 83). For 

example, we observed increased Alphaproteobacteria and decreased Actinobacteria (Figure 3.3c), 

which is a change consistent with a shift from grassland to forest soil (84). With regard to fungi, 

many of the Dothideomycetes are tolerant of extreme environmental conditions including 
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extreme heat and cold, drought and UV radiation, and some produce enzymes that help degrade 

rocks (85, 86). Given that the 5 yr sites lacked mature tree coverage that can help buffer rapidly 

fluctuating conditions and reduce direct UV radiation, Dothideomycetes may have competitive 

advantages in this relatively harsh environment (Figure 3.3f). Among more specific taxa, we saw 

increases in fungal genera like Hygrophorus, which includes tree-associated ectomycorhizzae 

(87, 88), and other common forest saprotrophs such Entoloma and Mortierella.  

3.4.3 Changes in co-occurrence network properties  

In larger organisms, the complexity of ecological networks has been shown to increase during 

ecosystem succession, leading to greater food web stability (89). Similarly, we observed 

increased bacterial co-occurrence network complexity with chronosequence age, with more co-

occurrent OTUs retained and higher connectivity in later ages. Functionally, this development 

was also accompanied by previously reported increases in microbial activity at these sites (36). A. 

Zelezniak et al. (90) found that, across multiple habitat types, species co-occurrence tends to be 

mainly driven by metabolic dependencies. This supports the connection between network 

complexity and microbial activity at these sites, and illustrates the need to conduct more complex 

investigations of how interaction networks can be used to gain insight into the relationship 

between changes in microbial function and diversity and how they relate to ecosystem change. 

To further explore changes in co-occurrence networks at different chronosequence ages, we 

quantified the overlaps of networks at consecutive stages, including the significance of 

overlapping OTUs and their taxonomic compositions. The significantly higher than average 

numbers of overlaps in both bacterial OTUs and co-occurrences indicates that a portion of the 

bacterial interaction network persists over relatively long periods of time during recovery of soil 
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microbiota. In contrast, fungal networks changed more substantially and displayed new 

interactions in each chronosequence age with no more overlaps between stages than would be 

expected from random chance, suggesting minimal to no influence from the previous stage. 

These network differences are consistent with the β-diversity results illustrating a gradual shift of 

bacterial communities between ages but relatively distinct shifts between fungal communities.  

In a simulation of co-occurrence networks, D. Berry and S. Widder (91) identified keystone 

species as having higher values for mean degree and closeness centrality. Applying this rationale, 

we identified bacterial OTUs in overlapping edges as potential keystone species, which have 

degrees and closeness centrality significantly higher than average (Table S6). The potential 

keystone OTUs observed in our study were dominated mostly by Acidobacteria, but also by 

Bacteroidetes and Planctomycetes. It is important to note that these are not simply a result of 

more abundant taxa having a higher chance to co-occur with other taxa, because the relative 

abundance of some keystone OTUs identified in our study were not significantly different from 

average (Table S6). Identification of potentially important OTUs is critical to improving our 

understanding of the ecological roles played by specific bacterial taxa. For example, although 

Acidobacteria is one of the most abundant phyla in soils and represented many of the potential 

keystone OTUs identified in this study, little is known about them because they have been very 

difficult to isolate and culture (92, 93).  

Overall, these results provide a comprehensive view of how the recovery of the bacterial and 

fungal components of the soil microbiota can be strikingly different during ecosystem recovery 

following extreme disturbance. This work highlights numerous ways in which different 

properties of soil bacteria and fungi can influence their variability during ecosystem recovery 
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within the same environment. Further investigations that focus on the ecological roles of specific 

taxa, microbial interactions, and potential keystone species are essential to obtaining a better 

understanding of the mechanisms that shape patterns of microbial diversity and function during 

ecosystem recovery after disturbances.  
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Chapter 4. Metagenomic analysis reveals potential changes in 

microbial function during forest ecosystem restoration.  

Abstract 

The soil microbial community mediates numerous important ecological processes and plays 

essential roles in the recovery of an ecosystem after disturbance. However, given that 

relationships between microbial phylogeny and ecological function can be difficult to predict, 

data on microbial community structure alone can make it difficult to identify and interpret 

processes and relationships between microorganisms and ecosystem processes during recovery. 

In contrast, direct examination of microbial functional genes within the community via shotgun 

metagenome sequencing can provide a more comprehensive picture of the functional interactions 

driving recovery of the microbial community and the two-way regulation between 

microorganisms and their environment. In this study, we analyzed 15 metagenomes from a 

chronosequence of reforested mine soils spanning 6 to 31 years and from unmined reference 

soils. Patterns of phylogenetic change within the soil microbiota as characterized by metagenome 

analysis are highly similar to those revealed with amplicon sequencing, and the changes further 

reinforce a shift from copiotrophic to oligotrophic taxa. With regard to functional shifts, changes 

in relative abundances of genes involved in virulence, defense, and stress response indicated 

increased competition between microorganisms with increasing chronosequence age, which is 

likely related to decreases in available nutrients. Low relative abundances of methanotrophs and 

methane monooxygenase genes in all reforested soils compared to reference sites indicate that 

the ecosystem function of forest soil as methane sink is not recovered even 31 years after 
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reforestation. This work provides a detailed look at the important information regarding the 

possible mechanisms influencing microbial succession and the recovery of ecosystem functions.  

4.1 Introduction 

Forest ecosystems provide important ecological services; they play essential roles in global 

biogeochemical cycling and regulate atmospheric greenhouse gases (1). The nitrogen cycle is of 

particular importance in forest ecosystems, where N is usually a major limiting nutrient for 

plants and microorganisms (2). Forest clearing and disturbance can disrupt the nitrogen cycle (3), 

and the return of nitrogen cycle during reforestation is essential for the recovery of ecosystem 

functions. Within forest ecosystems, soil supports most ecosystem processes (4), and soil 

microbial communities mediate many of the ecological processes essential for ecosystem 

function and biogeochemical cycling (5, 6). In particular, soil microorganisms play important 

roles in C and N cycling, which influence the ecosystem services such as C sequestration and N 

retention (7, 8); methanotrophs in forest soils, for example, are the largest biological sinks for 

methane in atmosphere (9). Therefore, knowledge about soil microbial communities and their 

interactions with the environment is important for understanding the change and recovery of 

ecosystem function after disturbance.  

Microbial communities are exposed to varying environmental factors and are likely under the 

regulation of available resources, vegetation impacts, environmental stress and biological 

interactions (10-12). For example, the influence of plant litter deposition and root exudates on 

microbial community suggested that vegetation could be an important driver of microbial 

succession post disturbances (13, 14), and changes in resource availability can also influence 

microbial succession (10). Previous studies have observed increases in microbial biomass, 
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respiration, N mineralization and nitrification during succession (15-17). Soil pH, accumulated 

organic matter, plant community structure and litter chemistry influenced microbial community 

function during succession (17). Studies of microbial taxonomic changes during ecosystem 

succession suggest that microbial communities follow predictable patterns, which likely reflect 

corresponding changes in environmental conditions and also likely play an important role in the 

recovery of ecosystem functions (18-20). However, taxonomic changes alone can only provide 

limited information regarding functions based on the assumption of ecological coherence within 

taxonomic groups (21). In contrast, changes in the abundances of specific functional genes 

within the soil microbial community during recovery can provide more direct insight into how 

environmental changes impact microbial processes that relate to ecosystem functions.  

Because of the importance of nitrogen cycle, many studies have focused on functional genes 

involved in nitrogen cycling, most commonly using qPCR to quantify specific genes directly 

from mixed microbial communities in soil samples. With regard to ecosystem recovery, one 

study in a salt marsh system found that abundances of genes involved in N fixation (nifH) and 

denitrification (nirS, nirK) all peaked at intermediate succession (35 yr) (14). Studies in 

deglaciated forelands show different results, with one showing that denitrification (nirS) and 

ammonia oxidation (ammonia oxidizing bacteria-amoA) decreased with succession age (22) and 

another study showing the opposite pattern (23). In forest ecosystems, these processes can create 

a significant sink for greenhouse gases such as CO2 and CH4 (24) and a sink for N2O under 

certain conditions (25). As a result, land use change and deforestation can contribute 

significantly to global greenhouse gases emissions (26), and the function as greenhouse gas sink 

may take >100 years to recover (27).  
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Advances in DNA sequencing methods in recent years have greatly increased the capability to 

characterize environmental microbial communities beyond what can be done using qPCR. 

However, the widely used approach of targeted 16S rRNA amplicon sequencing mainly focuses 

on characterizing dynamics of community structure including changes in diversity and 

taxonomic composition, while changes in ecological function must be inferred from these 

patterns (21). In contrast, shotgun metagenomic approaches sequence DNA randomly from all 

genetic material present in environmental samples, thus identifying the relative abundance of 

many functional genes directly (28, 29). They also provide a comprehensive view of the relative 

abundances of thousands of functional genes present in an environmental sample, including 

those difficult to target with qPCR because of high phylogenetic diversity (21). This new 

capability has provided increased understanding of microbial function and change in response to 

environmental variation or disturbance, especially in complicated environments like soil (30). As 

a result, this approach can be a more reliable assessment of changes in potential function among 

microbial communities, and thus provides valuable additional insights into the mechanisms by 

which microorganisms interact with the surrounding environment. 

In this study, we analyzed the metagenomes of soil microbial communities in a chronosequence 

of reforested reclaimed mine sites spanning 6 to 31 years plus unmined reference sites. Our 

objectives were to determine: (a) whether changes in the taxonomic composition as characterized 

by metagenomics followed a similar pattern along chronosequence ages as was previously found 

using amplicon sequencing; (b) how the taxonomic composition and functional genes changed 

during ecosystem succession and what those changes indicated about the recovery of ecosystem 

functions; (c) how taxa and functional genes associated with nitrogen cycling and greenhouse 

gas emission reflect changes previously reported in these ecosystem processes at these sites.  
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4.2 Materials and methods 

The soil samples for this study were collected in September 2014 in the same triplicate plots 

described in Chapter 3 following the same procedures. Sampling three plots from five different 

chronosequence sites (ages 6, 12, 22, 31 and unmined reference) resulted in 15 total 

metagenomes. The samples were transported to the lab on ice and stored at -80 °C until DNA 

was extracted from approximately 0.25 g soil using the PowerSoil Soil DNA isolation kit 

(MoBio Laboratories, Carlsbad, CA, USA). DNA concentrations were measured with Qubit 2.0 

fluorometer (Invitrogen, USA).  

For shotgun metagenomics, DNA concentrations from all samples were adjusted equally with 

PCR water (MoBio Laboratories, Carlsbad, CA, USA) and sheared to 300bp using an M220 

Focused-ultrasonicator (Covaris, USA) in 50ul tubes for 90 seconds. All 15 DNA libraries were 

then multiplexed and sequenced on the Illumina Hiseq platform in a 101bp paired-end 

sequencing run at the Virginia Tech Biocomplexity Institute. The raw sequence reads were 

uploaded to MG-RAST (31)for quality control and annotation. The reads were annotated with 

the Genbank database for taxonomy and the Subsystem database for functional genes. 

Annotations were filtered with a minimum identity of 80%, a minimum aligned length of 20bp 

and an E-value cutoff of 1×10-5, which is stricter than the default value. In the output files of 

MG-RAST, the annotations of functional genes were listed as enzymes encoded by the genes and 

classified to three levels of broad categories (level1, level2 and level3) in Subsystem database. 

The metagenome sequences can be accessed with project ID mgp16415 in the MG-RAST 

database.  
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Variations in the relative abundances of functional genes and phylogenetic composition among 

the samples were analyzed with both univariate and multivariate methods and visualized with the 

R program. The sequences for each category (level1, level2 and function) were rarefied to the 

minimum number of sequences (831,310) among all samples. Bray-Curtis distances between 

sample pairs were calculated based on species composition and visualized with non-metric 

multidimensional scaling (NMDS) using the ‘metaMDS’ function in package ‘vegan’ (32), and 

the phyla significantly correlated with the ordinations were selected with function ‘envfit’ and 

plotted. The Bray-Curtis distances were also calculated using functional gene relative 

abundances, with the significantly correlated level1 categories included in Figure 4.2b. The 

relative abundances of functional genes and taxa were averaged for each site, z-transformed and 

visualized as heatmaps using the R package ‘pheatmap’. To analyze the variations of functional 

genes and taxa across chronosequence ages, generalized linear models were applied to test the 

significance of correlations between chronosequence ages and taxa/function with R function 

‘glm’.  

4.3 Results 

4.3.1 Shotgun metagenome sequencing results 

Shotgun metagenome sequencing resulted in approximately 227 million total sequences, 

averaging about 15 million per sample. Among all the sequences, 2.81% sequences failed to pass 

quality control, 2.71% were identified as neither rRNA nor proteins, 6.61% were identified as 

rRNA, 20.8% were identified as annotated proteins, and 67.1% were identified as unknown 

proteins (Figure 4.1). The percentages are similar to those reported in other soil metagenome 

studies (21, 33, 34).   
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4.3.2 Changes in OTU and functional gene relative abundances 

To understand microbial changes with regard to both taxa and functions, we calculated the Bray-

Curtis distances between sample pairs based upon both OTU and functional gene relative 

abundances, respectively, and visualized the patterns with NMDS. As shown in Figure 4.2a, the 

patterns of β-diversity based upon OTU relative abundances generally transition along the 

chronosequence ages from 6 yr to 31 yr, which is consistent with the patterns of these same 

communities characterized with 16S amplicon sequencing and presented in Chapter 3. The 

relative abundances of phyla Actinobacteria, Acidobacteria, Bacteroidetes, Verrucomicrobia, 

Alphaproteobacteria, Deltaproteobacteria and Gammaproteobacteria were significantly 

Figure 4.1. Averaged percentage of sequences assigned to predicted features.  
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correlated with the ordinations of samples (P = 0.001-0.012) (Table 4.1), with Actinobacteria and 

Bacteroidetes being more abundant in earlier ages and Acidobacteria more abundant in later ages.  

In contrast, the ordination plot based on relative abundances of functional genes shows a 

different pattern (Figure 4.2b); the unmined sites were more similar to 22 yr sites and shifted 

away from the 6 - 31 yr trajectory. The changes in relative abundance of some level1 function 

categories were significantly correlated with the ordinations (P = 0.001-0.043), including 

respiration (Res), Virulence, Disease and Defense (VDD), Stress Response (SR), Phages, 

Prophages, Transposable elements, Plasmids (PPTP), Cofactors, Vitamins, Prosthetic Groups, 

Pigments (CVPP), Fatty Acids, Lipids, and Isoprenoids (FLI), Nitrogen Metabolism (NM), 

Phosphorus Metabolism (PhM) and Protein Metabolism (PrM) (Table 4.2). PPTP, SR and VDD 

increased with chronosequence ages, while CVPP and FLI decreased, and Res was higher at 

unmined sites. The correlation coefficients and P-values are shown in Table 4.1 and Table 4.2.  
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Table 4.1.  Results of correlation analyses between taxa and β-diversity patterns (P-values 
based on 999 permutations). 
 
Taxa Abbreviations r2 P-value  
Acidobacteria Acido 0.6598 0.003 ** 
Actinobacteria Actino 0.8066 0.001 *** 
Bacteroidetes Bacter 0.5893 0.008 ** 
Verrucomicrobia Ver 0.6477 0.002 ** 
Alphaproteobacteria AlphaP 0.5231 0.012 * 
Betaproteobacteria BetaP 0.2221 0.235  
Deltaproteobacteria DeltaP 0.6189 0.002 ** 
Gammaproteobacteria GammaP 0.7618 0.001 *** 
 

 

 

 

Figure 4.2. NMDS analyses based on species relative abundance (a) and functional 
gene relative abundance (b). Keys to the abbreviations were shown in Table 4.1 and 
Table 4.2.   

a b 
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Table 4.2.  Results of correlation analyses between Level1 functional category and 
functional gene shifting patterns (P-values based on 999 permutations). 
 

 

 

 

 

 

 

 

 

 

 
4.3.3 Variations among high taxonomic levels across ages 

Based on similarities to rRNA entries in the MG-RAST database, 97.64% of sequences were 

classified as Bacteria, 0.59% were classified as Archaea, 1.61% were classified as Eukaryota and 

0.02% were classified as viruses. The dominant microbial phyla or proteobacterial classes were 

Alphaproteobacteria, Actinobacteria and Betaproteobacteria, which respectively represent 

34.1%, 18.5% and 12.5% of all rRNA genes (Figure 4.3). Acidobacteria (6.8%) represents 

relatively less of the shotgun metagenome database than it did in the amplified 16S rRNA 

sequences in Chapter 3, where it was around 21.5%, while Alphaproteobacteria were abundant 

when characterized with both methods. 

Level1 functional category Abbreviation r2 P-value 
Amino Acids and Derivatives AAD 0.4235 0.043 * 
Carbohydrates CH 0.2979 0.126  
Cell Division and Cell Cycle CDCC 0.4987 0.012 * 
Cofactors, Vitamins, Prosthetic Groups, 
Pigments 

CVPP 0.8829 0.001 *** 

DNA Metabolism DM 0.1694 0.354  
Fatty Acids, Lipids, and Isoprenoids FLI 0.7039 0.002 ** 
Membrane Transport MT 0.1504 0.362  
Metabolism of Aromatic Compounds MAC 0.1648 0.338  
Nitrogen Metabolism NM 0.8553 0.001 *** 
Nucleosides and Nucleotides NN 0.5651 0.013 * 
Phages, Prophages, Transposable elements, 
Plasmids 

PPTP 0.7532 0.001 *** 

Phosphorus Metabolism PhM 0.5623 0.008 ** 
Protein Metabolism PrM 0.7263 0.001 *** 
RNA Metabolism RM 0.2978 0.123  
Respiration Res 0.7313 0.004 ** 
Stress Response SR 0.8104 0.001 *** 
Sulfur Metabolism SM 0.02 0.879  
Virulence, Disease and Defense VDD 0.8397 0.001 *** 
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The heatmap in Figure 4.4 shows the variations of dominant microbial phyla and proteobacterial 

classes (relative abundance > 1%) across chronosequence ages. Actinobacteria were more 

abundant at 5 yr sites, while Alphaproteobacteria were more abundant at the unmined reference 

sites. More generally, the relative abundance of Bacteroidetes was higher at earlier ages while 

that of Acidobacteria was higher at later ages (Figure 4.4). To further test these trends, linear 

regression was performed to quantify the significance of the taxonomic variations across ages (6 

- 31 yr) (Figure 4.5). The relative abundance of Actinobacteria decreased significantly with age 

(P=0.0036), while the relative abundances of Acidobacteria, Deltaproteobacteria, Chlorobi, 

Euryarchaeota, Aquificae, Nitrospirae, Therotogae and Firmicutes increased significantly 

(P=0.0009-0.0358). Because of the dominance of Alphaproteobacteria, I also analyzed order-

level variation in this phylum, including Caulobacterales, Sphingomonadales, Parvularculales, 

Rhodobacterales, Rickettsiales, Rhizobiales and Rhodospirillales (Figure 4.6). Among these, the 

relative abundances of Caulobacterales and Sphingomonadales decreased significantly with ages 

Figure 4.3. Averaged relative abundance of phyla or classes (within Proteobacteria) 
across all samples.  
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(P=0.0005-0.0199), while that of Rhodospirillales increased significantly (P=0.0008) (Figure 

4.7). 

 

Figure 4.4. The heatmap shows changes in the relative abundance of bacterial phyla or 
proteobacterial classes over succession ages. The key represents the z-scores of the 
relative abundance of the taxa.  
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Figure 4.5. The phyla or classes (within Proteobacteria) with shifting trends significantly 
correlated with succession ages.  
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Figure 4.6. The heatmap shows changes in the relative abundance of 
alphaproteobacterial orders across succession ages. The key represents the z-
scores of the relative abundance of the taxa.  
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4.3.4 Variations of broad functional categories across ages 

The functional genes were clustered into 21 level 1 categories based on the Subsystem database. 

The dominant categories were Clustering-based subsystems (CBS), Carbohydrates (Ch), Protein 

Metabolism (PrM) and Amino Acids and Derivatives (AAD), representing 14.2%, 11.8%, 10.4% 

and 10.3% of the total annotated genes (Figure 4.8). Among all the categories, Respiration (Res), 

Virulence, Disease and Defense (VDD), Stress Response (SR), Phages, Prophages, Transposable 

elements, Plasmids (PPTP) were more abundant in later stages (Figure 4.9). Photosynthesis (Phs) 

Figure 4.7. Linear regression between the relative abundance of alphaproteobacterial 
orders and chronosequence ages.  
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genes had high relative abundances at 6 yr sites, while the relative abundances of genes encoding 

for Potassium metabolism (PoM) and Metabolism of Aromatic Compounds (MAC) were higher 

at unmined sites. Among these categories, the relative abundance of PPTP, SR, VDD and 

Membrane Transport (MT) increased significantly with age (P=0.0024-0.0182), while the 

relative abundance of FLI, CBS and CVPP decreased significantly (P=0.0004-0.399) (Figure 

4.10). The level2 categories were also examined to find out those changing significantly with 

chronosequence ages. The relative abundances of genes related to Cell division, CO2 fixation and 

Monosaccharides metabolism decreased significantly, while genes related to Polysaccharides, 

Cold shock, Oxidative stress, Pathogenicity islands, Phages, Prophages, Resistance to antibiotics 

and toxic compounds, and Toxins and superantigens increased significantly (P=0.001-0.0191) 

(Figure 4.11).  

 

 
Figure 4.8. Averaged composition of level1 functional category across all samples.  
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Figure 4.9. The heatmap shows the variations of level1 functional category across succession 
ages. The key represents the z-scores of the category abundance.  
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1

Figure 4.10. The level1 functional category with shifting trends significantly correlated 
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Figure 4.11. The level2 functional category with shifting trends significantly correlated with 
succession ages.  
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4.3.5 Variations taxa and functional genes involved in nitrogen cycle  

In order to understand the potential change of microbial nitrogen cycling in the chronosequence, 

we specifically focused on the relative abundances of some taxa and functional genes known to 

affect nitrogen transformations. For nitrification, ammonia-oxidizing bacteria (AOB) and nitrite-

oxidizing bacteria (NOB) both increased significantly with chronosequence age (P=0.026 and 

0.0098), but the relative abundance of NOB was the highest at the unmined sites while the 

relative abundance of AOB at unmined sites were lower than 22- and 31-yr sites (Figures 4.12 & 

4.14). This was also further complicated because taxa within the same functional group showed 

different trends with chronosequence age. For example, ammonia oxidizing microbes (relative 

abundance > 0.005% of all sequences), Nitrosomonas and Nitrosococcus (AOB) increased 

significantly from 6 to 31 yr sites (P=0.030 and 0.0072) and the trends of Nitrosospira (AOB) 

were close to being statistically significant (P=0.053), but they were all less abundant at unmined 

sites (Figure 4.14). In contrast, Nitrosopumilus (the most abundant ammonia-oxidizing archaea 

(AOA)) reached the highest relative abundance at the unmined sites (Figure 4.12). Furthermore, 

patterns of functional gene change were also different, with the relative abundance of ammonia 

monooxygenase, the key functional gene in the oxidation of ammonium to begin nitrification, 

more abundant at 5 yr sites than all other sites (Figure 4.14).  

Within the NOB, the relative abundance of Nitrobacter increased significantly from 6 to 31 yr 

sites (P=0.020) and reached the highest proportion in unmined sites, while Nitrococcus, 

Leptospirillum and Thermodesulfovibrio also increased significantly from 6 to 31 yr sites 

(P=0.00097, 0.0021 and 0.00019) but were then less abundant at unmined sites (Figure 4.12 & 

4.14). However, Nitrobacter was the most dominant NOB, with a relative abundance of one 

order of magnitude higher than others, so its shift mainly drove the overall NOB trend. Nitrate 
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reductase (EC 1.7.99.4), which is also known as nitrite oxidoreductase and is involved in both 

nitrification and denitrification, was more abundant at the earlier stages (Figure 4.13).  

For denitrification, the high phylogenetic diversity of this group and the wide distribution of 

nitrite reductase genes make it difficult to provide a complete list of denitrifiers, with > 50 

potential denitrifying genera belonging to 12 phyla (35, 36). Instead, genes involved in 

denitrification have been mainly used to estimate the potential activity of denitrifiers in the 

environment. Across the chronosequence ages, nitrate and nitrite transporters and nitrite 

reductase (EC 1.7.1.4) were generally higher in relative abundance at earlier stages than later 

stages (Figure 4.13), which may imply more active denitrification in the earlier stages. The large 

subunit of nitrite reductase [NAD(P)H], which is the major part of nitrite reductase, also 

decreased significantly with age (P = 0.0021). In contrast, nitrogenase (EC1.18.6.1), which 

metabolizes nitrogen fixation, was highest at 30 yr sites and lowest at the unmined sites.  

 

Figure 4.12. The heatmap shows the variations of genera identified as AOA, 
AOB, NOB (abundance > 0.0005%). The key represents the z-scores of the 
relative abundance of the taxa.  
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Figure 4.13. The heatmap shows the variations of functional genes involved in 
nitrogen cycle. The key represents the z-scores of the category abundance.  
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Figure 4.14. AOB, NOB and the genera involved in nitrogen cycle whose shifting 
trends were significantly correlated with succession ages.  
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4.3.6 Variations of taxa and functional genes involved in greenhouse gas emissions  

Methanotrophs, which metabolize methane for carbon source and energy, comprised 0.30% of 

all sequences, while the methanogens, which use CO2 as an electron acceptor during anaerobic 

respiration and produce methane, comprised 0.013% of all sequences. Within the characterized 

methanotrophs, Methylocella, Methylobacterium, Methylocystis and Methylosinus were most 

abundant at the unmined sites, and they were also more abundant at 31 yr than earlier stages. In 

contrast, several other methanotrophic genera were more abundant at 12-31 yr sites (Figure 

4.15). However, Methylocella, Methylobacterium, Methylocystis and Methylosinus comprised 

80.5% of all methanotrophs, which may explain the overall observation that unmined sites 

operate best as methane sinks (37). For methanogens, they were overall most abundant at 31 yr 

sites but in much lower relative abundances than the methanotrophs.  

With regard to functional genes related to methane cycling, no methyl-coenzyme M reductase 

genes (the primary gene involved in methanogenesis) were detected, so it appears that changes in 

methanogenesis may contribute less overall to net fluxes of methane than changes in 

methanotrophy. In this regard, methane monoxygenase, the functional gene metabolizing 

methane during methanotrophy, was most abundant in unmined sites (Figure 4.16), which further 

supports that methane sequestration was only active at the unmined sites. With regard to other 

greenhouse gases, carbon monoxide dehydrogenase, an enzyme involved in CO2 production, was 

less abundant at 30 yr sites, but otherwise there was no difference among other sites (Figure 

4.16). Similarly, nitric oxide reductase and nitrous oxide reductase, which are involved in N2O 

production, did not show strong significant trends across ages (Figure 4.16).  
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Figure 4.15. The heatmap shows the variations of genera identified as 
methanogens and methanotrophs (abundance > 0.0005%). The key represents 
the z-scores of the relative abundance of the taxa.  
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Figure 4.16. The heatmap shows the variations of functional genes involved in the 
production of greenhouse gas. The key represents the z-scores of the functional gene 
abundance.  
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4.4 Discussion 

4.4.1 Taxonomic change during succession 

The β-diversity patterns and taxonomic changes, as characterized by shotgun metagenome 

sequencing, were generally similar to those identified using amplicon sequencing in Chapter 3. 

Based on Bray-Curtis distances among the samples, microbial communities were again found to 

be separated along chronosequence age, with the community structure becoming more similar to 

unmined references as age increased (Figure 3.2a). Given that the current metagenome approach 

directly sequenced the DNA extracted from soil samples without further amplification, the 

resultant data should be more accurate in terms of relative abundance, without potential bias 

from amplicon sequencing. As a result, this work has helped verify the broad patterns describing 

recovery of a complex soil microbial community during the restoration of a forest ecosystem.  

Significant increases of Acidobacteria, Verrucomicrobia and Nitrospirae (38-41) coupled with 

significant decreases of Actinobacteria (33, 42) also supported the shift from copiotrophic groups 

to oligotrophic groups described in Chapter 3, which also agrees with the increasing soil C:N 

ratio that was previously reported at these sites (37). Again, this suggests that the recalcitrant C 

compounds increased and labile C substrates decreased with chronosequence age, which was 

also supported by the increase of genes involved in polysaccharide metabolism and the decrease 

of genes involved in monosaccharide metabolism (Figure 4.11). Because of the high relative 

abundance of Alphaproteobacteria, we further examined the shifting trends of orders belonging 

to Alphaproteobacteria. Among the 7 alphaproteobacterial orders, Caulobacterales and 

Sphingomonadales significantly decreased while Rhodospirillales increased significantly. Given 

that Sphingomonadales are known to interact with plants and utilize root exudates (43), 
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development of the tree canopy and reduced cover of grasses in later ages could explain the 

decrease of Sphingomonadales, given that root biomass has been shown to decrease with reduced 

grass dominance in other systems (44) and grass rooting occurs more closely to surface (where 

these samples were collected) compared with deeper tree rooting in mine soils (45) . In contrast, 

Rhodospirillales are abundant in forest soils compared with grassland soils (46) and are generally 

oligotrophs that are negatively correlated with soil nutrients such as total dissolved nitrogen and 

dissolved organic carbon (47). Overall, our results support that the change of soil nutrients, 

especially the ratio of labile:recalcitrant carbon and change from grass- to tree-dominated 

vegetation, are important factors driving microbial succession in the recovery of forest 

ecosystems.  

4.4.2 Functional change during succession 

Changes in relative abundances of functional genes also indicated that the availability of 

resources and microbial interactions play important roles in microbial succession. For example, 

significant increases in relative abundances of genes were found related to Phages, Prophage, 

Transposable elements and Plasmids (PPTP), Stress Response (SR), Virulence, Disease and 

Defense (VDD) and Membrane Transport (MT), and significant decreases of Fatty Acids, Lipids, 

and Isoprenoids (FLI), Clustering-based subsystems (CBS) and Cofactors, Vitamins, Prosthetic 

Groups, Pigments (CVPP). Soil is an important reservoir of phages, prophages and transposable 

elements (48, 49), and these mobile genetic elements play important roles in shaping microbial 

communities (50, 51). For example, the transposable elements are essential in the construction 

and spread of catabolic pathways among bacteria, which lead to a more rapid adaptation of the 

bacterial community to new xenobiotics (52, 53). This suggests that the increase of PPTP during 

succession could result from the adaption of bacterial community to the appearance of new 
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compounds in litter deposition due to the vegetation development. It also suggests that the 

activity of transposable elements could be a response to stresses on the community such as 

nutrient deficiency or temperature change (54, 55), which explains the concurrent increase of 

PPTP and SR.  

The relative abundance of genes involved in VDD could serves as an indicator of stress-related 

environments (56), which could be related with nutrient deficiency from increased competition 

within microbial community. For example, bacteria have been shown to increase production of 

antibiotics and bacteriocin when detecting nutrient competition (57). In this study, among genes 

involved in VDD, the relative abundance of genes involved in toxins, superantigens, and 

resistance to antibiotics and toxic compounds significantly increased with chronosequence age, 

which indicates that competition increased among microorganisms for nutrients during 

succession (58). Transporter proteins are more abundant in low nutrient conditions in order to 

increase the chance of substrate acquisition (59, 60), which could explain the increase of MT 

with age.  Genes involved in secondary metabolism also increased in later stages, and 

synthesizing and secreting secondary metabolites are another mechanism involved in virulence 

and defense (56). When viewed together, these broad trends also suggest that interactions among 

microorganisms become more abundant and complex as ecosystems develop, which agrees with 

the increased complexity inherent in the interaction networks presented in Chapter 3. It also 

further supports that the increased complexity could be related to mechanisms for dealing with 

the nutrient deficiency stress.  

Other metagenome changes also provided insights into changes in microbial processes that occur 

during ecosystem succession. Photosynthesis-related genes were most abundant at 6 yr sites, 

where the undeveloped tree canopy allowed the most light at the soil surface. Genes involved in 
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the metabolism of aromatic compounds (MAC) were most abundant at unmined sites, where the 

buildup of recalcitrant organic carbon was also most abundant (37). Respiration-related genes 

also increased with succession age, which are consistent with the observation by Avera et al. that 

both substrate induced respiration and total microbial biomass increased with chronosequence 

age (37). In addition, others have observed that soil microbial respiration rates decrease when the 

microbial community shifts from oligotrophic to copiotrophic groups following N addition (61-

63). Although copiotrophs usually have higher activity and higher turnover rates, they are less 

likely to access the recalcitrant C pool, which is the major part of soil organic carbon (33). Thus, 

the respiration rate of the overall microbial community is expected to increase across 

chronosequence ages, with the decrease of copiotrophs and increase of oligotrophs. Coupled with 

this change, genes involved in cell division decreased along chronosequence age, which also 

suggests a decrease of copiotrophs, as they tend to have higher growth rates.  

4.4.3 Potential changes in nitrogen cycle during succession 

AOB and NOB both increased significantly with succession age, which agrees with the 

corresponding significant increase of total N reported by Avera et al. (37). AOA reached the 

highest relative abundance at unmined sites, differing from the trends of AOB, which suggests an 

AOB-AOA shift with age. This agrees with previous reports that AOB usually inhabit 

ammonium rich environments, while AOA are less dependent on ammonium concentrations (64), 

suggesting these two groups could be respectively r- and k-selected. Although the total N was the 

highest at unmined sites (37), N in soil tends to get embedded in complex organic compounds 

over time, after which soil nitrogen bioavailability highly depends on the depolymerization of N 

bound in soil organic matter (SOM) (65).  
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Similar taxonomic shifts also occurred within the NOB. Nitrobacter, Nitrococcus and 

Nitrospirae all increased with chronosequence age, but Nitrobacter was highly abundant at 

unmined sites while the others were not. Nitrobacter has a lower nitrite affinity than Nitrospira, 

indicating that Nitrobacter is more adapted to environments with higher nitrite concentration 

(66). This shift suggests that the unmined sites have a higher concentration of nitrite, which 

could also be related to the shift from AOB to AOA in unmined sites. Although the contribution 

of archaea and bacteria to ammonia oxidation is largely unknown, archaeal amoA genes have 

been found to be more abundant than bacterial amoA genes in most soil environments, which 

agrees with these results (67, 68).  

In contrast, functional genes involved in ammonia and nitrite oxidation showed different trends. 

The relative abundance of ammonia monooxygenase genes was highest in the 6 yr sites, with no 

obvious differences among other sites. However, the detected abundance of ammonia 

monooxygenase was extremely low, averaging only six copies of genes for each sample, while 

~104 copies of AOB 16S rRNA were detected. Thus, the trends need further verification. Nitrite 

oxidoreductase was generally higher in the earlier chronosequence ages, but it is important to 

remember that it metabolizes the nitrite-nitrate transformation in both directions. As a result, it is 

difficult to distinguish its contribution to nitrification specifically. Nitrite oxidoreductase is also 

less intensely studied because of its high phylogenetic diversity, and the 16S rRNA of nitrifiers 

are usually used for estimating nitrite oxidation in the environment on a molecular basis (69).  

Because of the broad phylogenetic diversity of denitrification, it is difficult to estimate the 

abundance of denitrifiers from taxonomic data sets. However, genes related with nitrite reduction 

generally decreased with chronosequence age, implying higher denitrifying activity in younger 

ages, which is consistent with previous studies (22, 70). Finally, although the change of 
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functional genes provided considerable information about potential shifts in nitrogen cycle, the 

abundance of a gene does not equal to enzyme activity, so additional experimental transcriptomic 

or enzymatic work would be required to verify mechanisms.  

4.4.4 Changes in greenhouse gas emission during succession 

The low relative abundances of methanotrophs and methane monooxygenase genes at all sites 

except the unmined sites are in agreement with the finding of Avera et al. that the reforested soils 

at these same sites have not recovered their function as a methane sink (37). Methane is an 

important greenhouse gas, and its emissions provide the second largest contribution to global 

warming following carbon dioxide (71). Temperate forest soils work as an important methane 

sink, contributing to around 30-50% of methane oxidation (72). Land use change can alter 

methanotrophic communities (73), and deforested soils can switch to a net source of methane 

from a net sink (74). This work confirms that reversing these trends could take significant time 

(i.e., decades) following reforestation. 

Methanotrophs have been divided into type-I (e.g. Methylococcus and Methylobacter) and type-

II (e.g. Methylosinus and Methylocystis), and they showed different trends in our sites, with a 

shift from type-I to type-II with age, which is consistent with a previous study (72). The trends of 

type-II methanotrophs were consistent with methane monoxygenase, both reaching the highest 

relative abundance at the unmined sites, which agrees with the observation that the relative 

abundance of type-II methanotrophs were significantly correlated with methane oxidation (72). 

The relative abundance of type-II was much higher than type-I (80% vs. 20% of all 

methanotrophs), and the four dominant type-II methanotrophs were all members of class 
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Alphaproteobacteria, while the 6 dominant type-I methanotrophs belong to Betaproteobacteria 

and Gammaproteobacteria.  

Although all of the type-II methanotrophs increased significantly with age (P = 0.00014-0.0025), 

their relative abundances were still much lower than the unmined sites, which suggests that the 

methanotrophic community was recovering but will take much longer than 31 years to become 

comparable to undisturbed forest soils. Methanotrophs living at low methane concentrations are 

extremely vulnerable to disturbances (75, 76), and the recovery time of the soil methane sink 

after the disturbance of land use change have been estimated to be >100 years (27). 

Unfortunately, factors controlling this recovery are currently unknown (77) but they are likely to 

include not only abiotic factors but also interactions with methanogens and r-selected 

methanotrophs.  

Overall, this work provides a comprehensive view of changes in relative abundance of functional 

genes and microbial community structure using shotgun metagenomics during microbial 

recovery following ecosystem disturbance, and it elucidates possible mechanisms driving 

microbial succession after disturbance and their potential ecological implications. The shift of 

microbial taxa and functional genes both indicated that a transition from labile to recalcitrant 

carbon played an important role in driving microbial change. The resource availability change 

likely led to the transition from copiotrophic to oligotrophic groups and increased competition 

between microorganisms. Microbial succession not only occurred at the overall microbial 

community level but also was apparent within functional groups, such as the transition between 

AOB and AOA within ammonia oxidizers and the transition between Nitrospirae and Nitrobacter 

within nitrite oxidizers. The analysis of community structure and functional genes involved in 

methane metabolism also indicated that the extremely long recovery time of methanotrophs 
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could be the reason that the forest soils did not recover its function as methane sinks after 31 

years.  
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Chapter 5. Models of bacterial co-occurrence groups are predictive 

of bacterial succession dynamics during forest restoration.  

Abstract 

Soil microbiota play vital roles in biogeochemical processes and constitute an essential part of 

terrestrial ecosystems, but their ecology is difficult to examine directly because of high diversity 

and complexity of interactions. Modeling is a useful tool for predicting microbial community 

dynamics over space and time, and has been applied in different types of systems to identify the 

linkages between microbial communities and their environments. However, it is particularly 

difficult to model soil microbiota because of the extremely high taxonomic richness. 

Furthermore, due to uncertainty about coherence of ecological function at high microbial 

taxonomic levels, simplifying community structure data by grouping OTUs at the phylum or 

class levels may mask significant trends of some important OTUs. We present a method of 

instead grouping OTUs based on their co-occurrence patterns and tested the ability of the 

resulting groups to predict community dynamics and environmental factors within artificial 

neural networks (ANN). Bacterial co-occurrence groups (BCGs) were built based on their 

consistent co-occurrence patterns in soils from reclaimed mine sites representing a 

chronosequence of ages since reforestation to follow the development of the forest ecosystem. 

The abundances of BCGs and previously published measurements of environmental factors were 

incorporated into an ANN in order to test the utility of BCGs as predictors of changes in 

community structure and environmental factors. Compared with grouping OTUs into phylum or 

class, BCGs simplified microbial communities further, with only eleven groups to model, but 

more accurately reproduced patterns of community structure change, with a higher similarity to 
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the patterns characterized at OTU level. BCGs also predicted community structures and 

environmental factors more accurately than phylum and class when used as input information in 

ANN models.  

5.1 Introduction 

Soil microorganisms play essential roles in ecosystem function; they mediate the biogeochemical 

processes and influence the establishment of the plant community. The recent advances of next-

generation sequencing have made it tractable to examine the taxonomic structure of numerous 

microbial communities from different ecosystems or different stages of ecosystem development 

(1, 2). However, besides shifts of taxonomic structure, information about relationships among 

different microbial groups and ecological processes is also important for understanding the role 

of microbiota in maintaining ecosystem processes (1, 3). Unfortunately, because of the 

complexity of most microbial communities and the inability to culture the majority of 

microorganisms, it is difficult to track these relationships and interactions in situ, particularly in 

soil systems (4-6).  

Modeling can be a valuable tool to predict shifts in microbial community structure and to infer 

important interactions among microbes and external factors (7). For example, the generalized 

Lotka-Volterra model was used to predict intestinal bacterial community dynamics under 

antibiotic perturbations (8) and an ecosystem reliability model was used to identify connections 

between bacterial community structure and nitrate removal in a denitrifying bioreactor (4). 

However, in contrast to relatively simple systems like the human gut and bioreactors, soil 

microbial communities exhibit complex structures, with thousands of or even tens of thousands 

of species that potentially involve even more interactions (9, 10). As a result, it is 
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computationally expensive to model the soil microbiome at the species level, overwhelming to 

interpret the results with thousands of predicting variables, and tends to cause overfitting in some 

models when there are more variables than observations.  

One method to overcome the unmanageable complexity and simplify soil microbial community 

structure is to group operational taxonomic units (OTUs) at higher taxonomic levels. For 

example, order abundance has been used in modeling microbial communities in sea and river 

water, which, after excluding less abundant orders, resulted in 24 and 7 groups respectively as 

input variables for modeling (3, 11). However, soil microbiota are still much more diverse (12), 

with thousands of microbial OTUs comprising hundreds of orders occurring in a gram of soil 

(13, 14). Furthermore, while models based on high taxonomic levels such as phylum or class do 

simplify the structure, the coherence of ecological function at these taxonomic levels remains 

controversial (15).  For example, all known organisms in phylum Cyanobacteria are 

photoautotrophic, and all known members of phylum Chlamydiae are obligate intra-cellular 

symbionts or parasites (15). In contrast, phylum Proteobacteria includes an extremely high 

diversity of functions, including the class Alphaproteobacteria, which is considered one of the 

most ecologically diverse groups (15). Even lower taxonomic ranks, such as family and genus 

have shown different levels of ecological coherence in different cases (15). In addition to 

uncertainty about correlation between taxonomy and ecological function, bacteria belonging to 

the same taxa may actually have counteractive ecological roles that, as a result of grouping 

OTUs into higher taxonomy ranks, could potentially average their trends out and remain 

undetected.  
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As opposed to taxonomic grouping, another method to simplify intricate community structure is 

to group OTUs based on co-occurrence across multiple samples. For example, microorganisms 

in lake water communities were grouped based on their different peak time during a year for 

modeling the community dynamics and the influence of environmental factors (16). Another 

approach to this challenge has been to use weighted correlation network analysis (also known as 

weighted gene co-expression network analysis; WGNCA) (17). While WGCNA was originally 

designed to identify highly correlated gene expression patterns among complex transcriptome 

data sets, it has also been successfully used for identifying groups of highly correlated microbial 

OTUs (18-21).  Previously, the application of WGCNA has been limited to identifying microbial 

groups related to clinical traits or environmental factors with correlation analysis, but it is also 

possible to identify groups of co-occurrent OTUs that can be used to simplify and model 

microbial community structure in complex systems.  

In this study, we present a modeling approach incorporating simplified bacterial community 

structures that reproduce the recovery and intra-annual patterns of bacterial communities 

previously described during ecosystem recovery following reforestation of reclaimed mine lands 

(10). The bacterial co-occurrence groups (BCGs) were generated using WGCNA based on their 

co-occurrence patterns across a chronosequence of reclaimed mine soils representing different 

ages since reforestation and intra-annual sampling time points. The patterns of soil community 

structure change across the chronosequence ages were characterized using the BCG abundances, 

and ANNs incorporating BCG abundance were built to test the ability of BCGs to predict 

community structure and some previously published environmental factors. Our specific 

objectives were to test: (1) whether the BCGs could be identified that show different intra- and 

interannual patterns and different taxonomic compositions, which indicates that they represent 
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different ecological responses to environment change; (2) whether BCGs could re-create patterns 

of community structures more reliably than phylum and class, with a higher similarity to the 

patterns characterized using thousands of OTUs; (3) whether the ANN built with BCGs would 

have lower errors when predicting community structure and environmental factors, compared 

with an ANN built on phylum or class abundances. 

5.2 Materials and methods 

5.2.1 Data collection and processing 

The data used in this study are amplicon sequencing libraries of bacterial communities in soils 

collected from a chronosequence since reforestation of reclaimed mine lands (5, 11, 21 and 30 

years (yr) post reforestation) and a nearby unmined reference forest site. Details on the methods 

for characterizing bacterial community structure were described in detail by Sun et al. (10) and in 

Chapter 3. Briefly, soil was sampled at four separate times in 2013 (May, July, September and 

October) from triplicate plots randomly located within each site. Details of sampling sites, plot 

design and sampling methods were further described in the “Soil dynamics” section of Avera et 

al. (22). The V4 region of the 16S rRNA of soil sample DNA was sequenced on the Illumina 

Miseq platform and raw reads are available in the NCBI BioProject database (accession number 

PRJNA324696).  

The taxonomic composition of each sample at the phylum, class, and OTU levels were used as 

input data in this study. Soil properties analyzed from these samples and described by Avera et 

al. (22) were also used as input data, which included temperature (Temp) (°C), moisture (%) , 

available NH4
+ and NO3

- (mg N cm−2 day−1); gas fluxes of CO2 (mg CO2-C m−2 h−1), CH4 (µg 

CH4-C m−2 h−1) and N2O (µg N2O-N m−2 h−1); and total microbial biomass C (TMB) 
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(mg C g−1 dry soil) and substrate-induced respiration (SIR) (µg CO2-C mg−1 soil h−1). All 

environmental variables above were normalized with the formula:   

𝒆_𝒏𝒐𝒓𝒎𝒊𝒋 = (𝒆𝒊𝒋 −𝐦𝐢𝐧 𝒆𝒋 )/(𝐦𝐚𝐱 𝒆𝒋 −𝐦𝐢𝐧 𝒆𝒋 )   (1) 

where e_normij is the normalized parameter j of sample i and eij is the observed parameter j of 

sample i. Euclidean distances between pair-wise samples were calculated based on the 

normalized values and visualized by principle component analysis (PCoA) (function “princomp” 

in R package ‘vegan’ (23)). Analysis of similarity (ANOSIM) was used to test the significance of 

differences among groups of samples (function ‘anosim’ in R package ‘vegan’).  

5.2.2 Generation of BCGs 

The R package ‘WGCNA’ (17) was used to construct BCGs from bacterial OTU abundance 

data. The bacterial OTU abundance matrix represented the number of sequences belonging to 

each OTU in each sample, and the total sequence count of each sample was rarefied to 97,000 

for normalization. OTUs with lower abundances (CPM (counts per million) <6) or non-

significant variance (FDR (False discovery rate) > 0.05) were excluded from downstream 

analysis. The filtered OTU matrix was log2 transformed, scaled by subtracting means, and 

divided by the standard deviations. The scaled OTU matrix was analyzed using the 

‘blockwiseModules’ command to identify groups of highly correlated OTUs using the value of 7 

for the soft-thresholding power (used in power transformation to suppress low correlations that 

are likely noise), selected using the ‘pickSoftThreshold’ command, 50 for the minimum group 

size, and 0.25 for mergeCutHeight. As a result, 11 BCGs were identified and their eigengenes 

(first principal components), taxonomic compositions and abundances were calculated for each 

sample. The Bray-Curtis distances between all sample pairs were re-calculated based on their 
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BCG compositions, phylum compositions, class compositions and OTU compositions using the 

‘vegdist’ function in the R package ‘vegan’ (23). The correlations among distance matrices were 

calculated using Mantel test (‘mantel’ function in R package ‘vegan’).  

5.2.3 Artificial neural network model 

The development of artificial neural networks (ANN) was inspired by the interconnected 

network of neurons in the brain; mimicking these natural processes, model neurons receive input 

from other neurons, process that input, and pass the output to downstream neurons (24). Because 

of their capability to reveal sophisticated interactions and recognize complicated patterns (24, 

25), we applied an ANN model here to predict the trends of BCG abundances and changes in 

environmental factors. The BCG abundances and environmental factors were combined as one 

matrix, and all values were normalized to a range from 0 to 1 with the formula:  

𝒎_𝒏𝒐𝒓𝒎𝒊𝒋 = (𝒎𝒊𝒋 −𝐦𝐢𝐧 𝒎𝒋 )/(𝐦𝐚𝐱 𝒎𝒋 −𝐦𝐢𝐧 𝒎𝒋 )   (2) 

where m_normij is the normalized parameter j of sample i and mij is the observed parameter j of 

sample i. Because of missing data for some environmental variables, only 57 of 60 samples 

could be used for modeling. The total dataset was divided into a training set and a validation set, 

with data from 43 randomly selected samples used for training and the remaining 14 samples 

used for validation (3-fold cross-validation) (26), and then the ANN model was cross-validated 

100 times.  
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The ANN models were generated from the training dataset with R package ‘neuralnet’ (27). 

With the interactions among BCGs and their relationships with environmental factors calculated, 

the abundance of one BCG was predicted from the abundances of other BCGs and environmental 

factors, and hence one model was generated for each BCG. Similarly, each of the environmental 

factors was predicted from the abundances of 11 BCGs and the other environmental factors. The 

ANN was trained with a resilient backpropagation algorithm with weight backtracking (28) and 

consisted of four layers: one input layer, two hidden layers (8 and 3 neurons respectively), and 

one output layer, which are similar to other studies (26, 29). The model was also trained using 

data from only 3 of the 4 sampling months and tested for the remaining month to evaluate its 

ability to predict the age-related community structure changes in the remaining month. To test its 

prediction of intra-annual community structure change, the model was trained with 4 

chronosequence ages and tested with the remaining age. When modeling with phylum or class 

abundance, the procedures were the same except that the phylum or class abundances were used 

instead of BCG abundances.  

5.2.4 Bayesian Network 

Bayesian networks are used to identify relationships among networks of variables (30). 

Specifically, they calculate the conditional dependencies among a set of variables, and the 

directed acyclic graph (DAG) built from the dependencies represents the probabilistic 

relationships among microbial groups and environmental factors. Unlike some other network 

models, Bayesian networks can capture multiple types of relationships and are relatively robust 

with small datasets (31). In order to infer relationships between BCGs and environmental factors 

in this study, a Bayesian network was constructed from the same normalized matrix as the ANN 

with R package ‘bnlearn’ (32). With the interactions among BCGs, environmental factors, 
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chronosequence ages, and sampling months considered, any of those mentioned above could be 

the parent node (the node directing to the given node) for another, except that chronosequence 

age and sampling month were not assigned parent nodes and temperature and moisture were not 

assigned parent nodes besides age and month, as the chronosequence age and sampling month 

are not dependent on other factors. The hill-climbing algorithm was used to construct the model, 

and the Bayesian Information Criterion was used as the network score for evaluating its 

performance. In the generated network, each node is one of the factors mentioned earlier, and 

each directed edge (from parent node to child node) indicates that change of the child node is 

conditionally dependent on change of the parent node.  

5.3 Results 

5.3.1 Abundance and taxonomic composition of BCGs 

Analysis of OTU abundance data collected from all 60 samples (3 replicate plots in 5 

chronosequence ages collected in 4 different months) using WGCNA successfully identified 

clusters of OTUs that were significant correlated and resulted in the formation of 11 BCGs. The 

cluster dendrogram in Figure 5.1 represents the clustering of bacterial OTUs based on the 

similarity of their co-occurrence patterns, and each BCG (represented by different colors) 

comprised of OTUs that are clustered together. The eigengenes (first principle component) of 

BCGs showed high variations in intra- and interannual patterns, indicating that the BCGs 

responded differently to environmental change (Figure 5.2). For example, BCGs 1, 3, 4 and 9 are 

characterized mainly by intra-annual shifts among months, while the remaining BCGs were 

related to changes among chronosequence ages (Figure 5.2). The OTUs belonging to the same 
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BCG tend to have similar shifting trends, which could indicate that they react similarly to 

environmental change and could have similar or related functional roles in the environment.  

 

Figure 5.1. Cluster dendrogram of BCGs identified with WGCNA and the number of 
OTUs within each BCG. The cluster dendrogram represents the similarity of co-occurrence 
patterns of bacterial OTUs.  
 

Within each BCG, OTUs belonged to between 12 and 22 different phyla, with different relative 

abundances of each phylum in each BCG (Figure 5.3). Some phyla, such as Acidobacteria, 

Verrucomicrobia and Bacteroidetes, appeared in all BCGs, but most of BCGs are dominated by 

only one or two specific phyla. For example, many of the OTUs in BCGs 1, 4 and 6 belong to 

Planctomycetes (41.6% and 38.8% and 34.9%, respectively). The eigengenes of BCG 1 and 4 are 

higher in September and October than May and July, while the eigengenes of BCG 6 do not 

shown clear patterns regarding to sampling month. Likewise, Acidobacteria and Planctomycetes 

are dominant in BCG 9 (36% and 25.5%), and its eigengenes are also higher in September and 
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October. In contrast, Bacteroidetes are dominant in BCG3 (31.1% of OTUs), and the eigengenes 

of BCG 3 are higher in May and July. With respect to chronosequence age, Actinobacteria were 

dominant in BCG 11 (33%), which decreases with increasing age, while Alphaproteobacteria are 

dominant in BCG 8 (25.5%), which increases.   

  



 
 

116 

 

Fi
gu

re
 5

.2
. T

re
nd

s o
f t

he
 e

ig
en

ge
ne

s o
f t

he
 1

1 
B

C
G

s a
cr

os
s s

am
pl

in
g 

m
on

th
s a

nd
 c

hr
on

os
eq

ue
nc

e 
ag

es
.  



 
 

117 
 

 

Fi
gu

re
 5

.3
. T

ax
on

om
ic

 c
om

po
sit

io
ns

 o
f t

he
 1

1 
BC

G
s a

t p
hy

lu
m

 le
ve

l o
r 

cl
as

s l
ev

el
 fo

r 
Pr

ot
eo

ba
ct

er
ia

.  

 



 
 

118 

5.3.2 BCGs reproduced intra-annual and succession dynamics of the total bacterial community 

The relative abundances of 11 BCGs successfully reproduced the patterns of chronosequence 

age- and month-related community structure change observed when analyzing the total OTU 

data presented in Chapter 3 (Figure 5.4). For example, the NMDS plot based solely on BCG 

abundance is very similar to the plot based on the abundances of all OTUs, with May and July 

clearly separated from September and October, and succession trajectory following the 

chronosequence age (Figure 5.4a). In contrast, plots that were based on phylum or class 

abundances did not reproduce the age-related patterns correctly (Figure 5.4c&d). For example, in 

the NMDS plot of phylum abundance, one sample from unmined sites was closer to the 5 yr 

samples than other unmined samples, while in the NMDS plot of class abundance, the shifting 

trends do not follow the trajectory with chronosequence ages as closely as the NMDS plot of 

OTU abundance. ANOSIM was used to test the significance of the differences between pairwise 

community structures characterized respectively by BCG, phylum and class (Table 5.1, 5.2 and 

5.3), and the results were compared to the differences of community structures characterized by 

OTU abundance. The significance of differences between months detected by BCG, phylum and 

class were all the same to those detected by OTU abundance, with May and July significantly 

different from September and October. However, they showed different power in detecting the 

differences between ages. While ANOSIM with OTU abundance found that all ages are 

significantly different, BCG, phylum and class all failed to detect differences between certain 

age groups. BCG abundance failed to detect the differences of 2 pairs out of 10 pairs (11 yr and 

21 yr, 21yr and 30 yr) (Table 5.1). Phylum abundance failed to detect the differences of 8 pairs 

out of 10 pairs, with it only revealing the 5-30 and 5-UM differences correctly (Table 5.2). Class 
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abundance failed to detect the differences of 3 pairs out of 10 pairs (11 yr and 21 yr, 11 yr and 30 

yr, 21 and 30) (Table 5.3).  

The pair-wise Bray-Curtis distances of all samples calculated from BCG abundances were 

significantly correlated to those calculated from the abundances of all 16,891 OTUs (mantel test, 

r=0.925, p=0.001). While the distances calculated from phylum and class abundances are also 

significantly correlated with distances calculated from OTU abundances (mantel test; phylum: 

r=0.555, p=0.001; class: r=0.847, p=0.001), the correlations are not as strong, especially for 

phylum, as the one calculated with BCG abundance. Likewise, the distances calculated from 

OTU, BCG, phylum and class abundances were all significantly correlated with those calculated 

from environmental variables, but the strength of correlations decreased in the order of OTU > 

BCG > phylum > class (mantel test; OTU: r=0.306, p=0.0004; BCG: r=0.256, p=0.0004; 

phylum: r=0.152, p=0.0114; class: r=0.131, p=0.0192). Moreover, the number of BCGs is less 

than the number of phyla and far less than the number of classes (11 vs 49 and 164, 

respectively), which means that, in addition to better explanatory power, BCGs also have the 

benefit of further model simplification.  
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Table 5.1.  Results of significance tests of the differences between pairwise community 
structures characterized with BCG abundance regarding to chronosequence ages and 
sampling months with ANOSIM (based on 999 permutations; data in each cell is R-
statistic/P-value).  
 
a. 
Month May Jul Sep Oct 
May  -0.028/0.736 0.539/0.001 0.512/0.001 
Jul -0.028/0.736  0.448/0.001 0.425/0.001 
Sep 0.539/0.001 0.448/0.001  -0.037/0.845 
Oct 0.512/0.001 0.425/0.001 -0.037/0.845  
b. 
Chronosequence 
Stage 5 11 21 30 UM 

5  0.580/0.001 0.522/0.001 0.710/0.001 0.711/0.001 
11 0.580/0.001  0.017/0.238 0.267/0.007 0.508/0.001 
21 0.522/0.001 0.017/0.238  0.095/0.071 0.270/0.003 
30 0.710/0.001 0.267/0.007 0.095/0.071  0.206/0.007 
UM 0.711/0.001 0.508/0.001 0.270/0.003 0.206/0.007  
 
 
 
Table 5.2.  Results of significance tests of the differences between pairwise community 
structures characterized with phylum abundance regarding to chronosequence ages and 
sampling months with ANOSIM (based on 999 permutations; data in each cell is R-
statistic/P-value).  
a. 
Month May Jul Sep Oct 
May  -0.029/0.806 0.757/0.001 0.779/0.001 
Jul -0.029/0.806  0.713/0.001 0.723/0.001 
Sep 0.757/0.001 0.713/0.001  0.010/0.335 
Oct 0.779/0.001 0.723/0.001 0.010/0.335  
b. 
Chronosequence 
Stage 5 11 21 30 UM 

5  0.056/0.148 0.123/0.055 0.279/0.003 0.291/0.001 
11 0.056/0.148  -0.052/0.922 0.050/0.169 0.086/0.084 
21 0.123/0.055 -0.052/0.922  0.014/0.279 0.038/0.203 
30 0.279/0.003 0.050/0.169 0.014/0.279  0.009/0.308 
UM 0.291/0.001 0.086/0.084 0.038/0.203 0.009/0.308  
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Table 5.3.  Results of significance tests of the differences between pairwise community 
structures characterized with class abundance regarding to chronosequence ages and 
sampling months with ANOSIM (based on 999 permutations; data in each cell is R-
statistic/P-value). 
a. 
Month May Jul Sep Oct 
May  0.0003/0.423 0.789/0.001 0.731/0.001 
Jul 0.0003/0.423  0.854/0.001 0.772/0.001 
Sep 0.789/0.001 0.854/0.001  -0.021/0.672 
Oct 0.731/0.001 0.772/0.001 -0.021/0.672  
b. 
Chronosequence 
Stage 5 11 21 30 UM 

5  0.231/0.017 0.158/0.037 0.327/0.005 0.322/0.002 
11 0.231/0.017  -0.016/0.455 0.094/0.08 0.309/0.001 
21 0.158/0.037 -0.016/0.455  0.023/0.228 0.150/0.017 
30 0.327/0.005 0.094/0.08 0.023/0.228  0.193/0.012 
UM 0.322/0.002 0.309/0.001 0.150/0.017 0.193/0.012  
 
 
5.3.3 Artificial neural network and Bayesian network with BCG 

The artificial neural network model takes BCG abundances and environmental factors as input 

information and successfully predicted the intra- and interannual changes in bacterial community 

structure, with lower prediction errors than ANN models based upon phylum or class. The 

predicted BCG abundance matrices in 100 cross-validations were all significantly correlated with 

the actual abundance matrices (mantel test, r=0.80-0.97, p<=0.001). The rRMSE (relative root-

mean-square error) of BCG abundances was 0.20 on average, and the rRMSE of environmental 

factors was 0.31 on average (mean values for TMB = 0.229; SIR = 0.212; CO2 = 0.248; CH4 = 

0.366; N2O = 0.289; NH4 = 0.498; and NO3 = 0.327). The ANN models were also built with 

phylum and class abundances in order to compare the prediction accuracy. When phylum or 

class abundances were used for building the models, the rRMSEs were respectively 0.30 and 

0.27 for the abundances of taxa and 0.33 and 0.34 for environmental factors, which are all 

significantly higher than the model built with BCGs (Welch Two Sample t-test for community 
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structure: phylum: t = -7.77, P-value < 0.01; class: t = -9.55, P-value < 0.01; Welch Two Sample 

t-test for environmental factors: phylum: t = -2.12, P-value = 0.035; class: t = -2.09, P-value = 

0.037) (Figure 5.5). 

 In order to visualize the predicted intra-annual and overall succession dynamics of the bacterial 

communities, we trained the ANN model using only three months or four chronosequence ages, 

respectively, and tested its ability to predict each remaining one month or chronosequence age. 

The Bray-Curtis distances calculated from the predicted BCG abundances were visualized with 

NMDS.  The predicted BCG abundances mostly reproduced the intra-annual and 

chronosequence dynamics of bacterial community change, with a clear separation of May and 

July from September and October, and a successional trajectory that followed chronosequence 

ages (Figure 5.6). 

Figure 5.5. The performance of ANN models built with BCG, phylum and class abundance 
are evaluated with the rRMSEs when predicting community structure and environmental 
factors.  

a 

b a 

c 

b b 
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Figure 5.6. NMDS plots of the Bray-Curtis distances calculated from actual BCG 
abundances (a and c) and predicted BCG abundances (b and d). (a and b) The ANN model 
was trained with data of four ages and tested with one age in order to test whether the 
predicted intra-annual patterns could separate May and July from September and 
October. (c and d) The ANN model was trained with data of three months and tested with 
one month in order to test whether the predicted recovery patterns could follow the 
trajectory of ages.  

 

We constructed the Bayesian network to better understand potential relationships between BCGs 

and environmental factors (Figure 5.7). Based on the results of the Bayesian network, BCGs 1, 3, 

4, 6, 9, 10, and 11 were primarily influenced by chronosequence age. In contrast, sampling 

a 

d c 
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month is the primary driver of BCGs 2, 5, 7 and 8, while temperature drives BCGs 2 and 9. Age, 

temperature and BCG 2 all contribute to changes in TMB, while month, TMB and most BCGs (9 

out of 11) contribute to changes in SIR. Month, temperature and BCG 6 influence NH4
+, while 

age, moisture and BCG 3 influence NO3
-. For changes in gas fluxes in soil, month influences 

CO2, while month, TMB, CO2 and BCG 3 influence CH4, and month and BCG 6 influence N2O. 

While these relationships inferred from the change of BCG abundance and environmental factors 

by the Bayesian network indicate potentially important interactions between BCG abundances 

and other aspects of the ecosystem that warrant further study, it is important to remember these 

results do not prove a mechanistic linkage.  

 

Figure 5.7. The possible interactions between BCGs and environmental factors identified 
by Bayesian network.  
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5.4 Discussion 

Because of the large numbers of taxa identified in microbial communities, particularly in highly 

diverse soil systems, it can be difficult to identify meaningful linkages between changes in 

microbial community structure and ecosystem processes when using microbial data binned at 

low taxonomy levels (e.g., genus or species) (16). On the other hand, ongoing uncertainty about 

the ability to predict ecological function from classification at high taxonomic levels of bacterial 

phylogeny (e.g., phylum and class) make it difficult to simplify microbial community data in a 

meaningful way (15). To address this obstacle, we used an alternative method for simplifying 

microbial community data, independent of taxonomy, which can potentially be used for 

improved modeling of changes in soil microbial community structure and related environmental 

factors.  

Microorganisms are highly influenced by the environments they inhabit, but the characteristics 

of those microhabitats are hard to measure directly. As a result, microorganisms can share 

similar niches and coexist in the same microhabitats, and groups of ecologically similar bacteria 

are commonly described as ecotypes (1, 33). In fact, this aspect of microbial life is so critical that 

it has been considered as one of the secondary defining properties for the definition of a 

microbial species (34). Different ecotypes are likely also physically and biochemically different, 

which could possibly explain their ecological separation (35). By including the co-occurrence 

patterns in the analysis of changes in bacterial communities, it is potentially possible to gain new 

insights into how bacterial ecotypes operate in situ and reveal the influence of the environment in 

which they live (36).  
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The presence, absence, or changes in abundance of microorganisms can provide information 

about the environmental conditions that play long-term roles in shaping microbial communities. 

Successful identification of BCGs with different occurrence patterns in this study indicates that 

the groups of microorganisms may inhabit different niches and play different ecological roles. 

Following this theory, the BCGs were hypothesized to be a better approach for simplifying data 

describing microbial community structure while still being able to characterizing the bacterial 

community changes compared to binning into phylum or class. In addition, the BCGs not only 

provide phylogenetic information but also have advantages as modeling factors to predict other 

environmental conditions. To test this hypothesis ANN were used because they are particularly 

valuable for modeling data of high complexity given their multi-layer structure and observation-

inferred non-linear functions (24). The results of the ANN model supported this hypothesis in 

that they provided predictions with significantly lower errors from models with BCGs compared 

to those with phylum or class, for both community structure and environmental factors. They 

were also better at reproducing previously observed patterns of bacterial community structure at 

both intra-annual time scales and along the chronosequence age.  

The 11 BCGs identified in our study were made up of different taxonomic compositions at the 

phylum level and showed unique changes in abundance across chronosequence ages and 

sampling months as well. Some phyla, such as Acidobacteria, Verrucomicrobia and 

Bacteroidetes, appeared in all BCGs, which indicate that organisms belonging to the same 

phylum do not necessarily behave similarly as ecosystems change. However, many BCGs were 

dominated by particular phyla, such as Planctomycetes, which suggests that these phyla might be 

more ecologically coherent, meaning that they contain more OTUs that respond in a similar way 

to ecological change. In addition, the shifts of some BCGs across chronosequence ages or 
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sampling months showed similar patterns as the shifts observed by their dominant taxa as 

described in Chapter 3. For example, BCGs 1 and 4 are more abundant in September and 

October, and their dominant phylum, Planctomycetes, displayed the same trends when 

summarized as a group (10). Planctomycetes abundances are known to be moisture-dependent 

(37, 38), which suggests that other OTUs in the same BCGs may also be similarly affected by 

soil moisture. Likewise, the decrease of BCG 11 with chronosequence age was also consistent 

with the changes in the dominant phylum Actinobacteria, which is typically considered as 

copiotrophic. BCG 3 and its dominant taxa Bacteroidetes both decreased from May and July to 

September and October (10), and Bacteroidetes were generally more abundant in dry soils (13). 

Cyanobacteria are more abundant in BCG 7 than other BCGs, and BCG 7 is most abundant at 5 

yr sites, which agrees with that Cyanobacteria are photoautotrophs and its abundance decreased 

with the reduced sunlight from close tree canopy (10). Overall, the various trends of changes in 

relative abundance in BCGs in our study suggest a potential pattern of succession among BCGs, 

which likely resulted from their different niches and environmental change. Similar patterns of 

seasonal succession among groups of co-varying organisms has also been observed in surface 

seawater samples over time (21), suggesting this approach has potential beneficial applications 

across different types of ecosystems and temporal scales. 

The Bayesian network illustrated that BCGs are under the influence of different factors, with 

some primarily influenced by chronosequence age and some others mainly affected by sampling 

month. Temperature, moisture and other factors also have varied effects on different BCGs, 

which taken all together, further supports that BCGs inhabit separate niches and play dissimilar 

ecological roles. However, some BCGs are only under the influence of chronosequence age or 

month, but not linked with any of the environmental variables, suggesting they are related to 
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other environmental factors not included in our dataset. The mechanisms of BCG interactions 

inferred by the Bayesian network could be difficult to verify, but some of the inferred 

interactions between environmental factors were consistent with the findings by Avera et al., 

such as the influence of chronosequence age on methane flux and microbial biomass (22).  

It is also important to note that some of the relationships inferred by Bayesian network are 

different from what the trends of eigengenes indicate, such as that the eigengenes of BCG 4 and 

9 showed clear month-related difference while Bayesian network considered them independent 

of month. Eigengenes and Bayesian network independently inferred the most likely relationships 

based upon different approaches. Furthermore, the eigengenes (Figure 5.2) represent only the 

first principle component, which only explains part of the variance, while the Bayesian network 

calculated the relationships based on the best performance of the overall network. Although the 

Bayesian network has more explanatory power in deducing uncertain relationships from complex 

datasets than widely used methods like correlations (39), it is important to note that the 

relationships inferred by a Bayesian network are not equivalent to verified causative 

relationships between BCGs and environmental factors. However, they provide a valuable 

framework for reducing complex data sets to testable hypotheses that can provide focus to 

follow-up experimental work to investigate possible mechanisms inferred from observational 

data in the field. 

Overall, the application of BCGs to simplify complex soil microbiota data shows promising 

predictive power even using a relatively simple data structure. Given that the rapidly expanding 

sequencing technologies, modeling, and computational advances are being widely adopted to 

shed light on the myriad of interactions between microorganisms and their surrounding 
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ecosystem, continued development of tools will be required to manage the complex data sets 

resulting from this work. Although the BCGs in this work were developed for studying soil 

bacterial communities in the development of a forest ecosystem, this approach could applied to 

other systems with highly diverse microbial communities and complex structures. Still, further 

development of this approach is required to maximize the value of information about BCGs and 

their interactions with environment. For example, the BCG concept here should be tested in other 

systems including artificially created microbial community, and in systems where data 

quantifying more environmental factors are available for analysis. Other system variables could 

be integrated into the model to provide more insight into the ecological roles of BCGs. The 

improvements in understanding of the soil microbial community dynamics and microbiome-

environment interactions gained through this approach could greatly improve our knowledge 

about microbial controls of ecosystem functions.  
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Chapter 6. Conclusions. 

This study provided a comprehensive analysis of the microbial recovery during reforestation and 

ecosystem restoration of reclaimed mine sites by characterizing the abundance, diversity, 

taxonomic composition, potential interaction patterns, and functional gene composition of the 

soil microbial community. Generally, bacterial and fungal communities were both recovering 

from the disturbance of surface mining and became more similar to unmined sites with age. 

However, these two branches of microbiota showed differing characteristics during their 

recovery, with bacteria having higher intra-annual variability and increased interactions with age. 

Bacteria have a higher turnover rates and are more sensitive to environmental change, which 

supports the finding that they exhibited higher intra-annual variability during the study. In 

contrast, tight symbiotic coupling between specific fungi and plant species is a likely factor 

driving the high degree of age specificity among fungal communities.  

The changes in taxonomic and functional gene compositions observed in metagenome 

sequencing from these soils suggest that microbial recovery is likely under the influence of 

nutrient availability and concurrent succession of the plant community. The taxonomic changes 

among microbial communities suggest a transition from copiotrophic to oligotrophic organisms 

with increasing chronosequence age and this transition was supported by decreases in genes 

related with cell division, as oligotrophs tend to have lower turnover rates. This copiotroph-

oligotroph transition was also supported by increases of genes encoding for polysaccharide 

metabolism and decreases of monosaccharide-related genes, which also indicated that the 

biochemical forms of available nutrients were becoming more complex. This agreed with an 

increase of co-occurrence between microbes in constructed interaction networks and increased 

abundances of genes related to transposable elements. Species-occurrence is mainly driven by 
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metabolic dependencies (1), and transposable elements are important in transferring catabolic 

pathways, which could help microorganism rapidly adapt to xenobiotics (foreign substances to 

microbial community) (2, 3). The increased metabolic coupling was likely an adaptation by the 

community to metabolize new and more complex organic compounds being made available in 

the soil from increased litter deposition during ecosystem development. The reduced nutrient 

availability also appears to have increased competition among microorganisms based upon an 

increase of genes involved in toxins, superantigens, and resistance to antibiotics and toxic 

compounds as well as an increase in the number of negative relationships in co-occurrence 

networks. Bacteria known up-regulate the expression of toxin and antibiotics related genes under 

nutrient competition (4), and transposable elements can also be induced by nutrient stress to the 

organism (5).  

The taxa and functional genes involved in nitrogen cycle and greenhouse gases were examined 

separately to establish linkages with previously measured ecological functions at these same 

sites. The taxonomic changes among these specialist organisms further suggested transitions 

between r- and k-selected organisms within the same functional groups, such as the shifts 

between AOB and AOA, Nitrospira and Nitrobacter, and between type-I and type-II 

methanotrophs, which implies that successional shifts not only occurred in the overall microbial 

community but also within certain functional groups. The genes involved in nitrogen cycle 

indicated a higher nitrogen cycling activity at younger chronosequence ages, but standing NH4
+ 

and NO3
- concentrations in the same sites did not show significant differences (6), suggesting 

that N cycling rates of the same limiting stock likely decreased. However, the important 

ecological function of forest soils as methane sinks was not recovered after 31 years (6). The 

relative abundance of methanotrophs increased significantly from 6 to 31 years, but both 
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methanotrophs and methane monooxygenase genes at all previously-mined sites were much less 

abundant than the unmined sites. This agrees with previous conclusions that methanotrophs are 

extremely vulnerable to disturbance and could take as long as > 100 years to recover (7-9).  

The taxonomic data collected in this study was used to test the performance of BCGs, a method 

for simplifying microbial community structure by grouping OTUs based on their occurrence 

patterns instead of phylogenetic relationships. The high microbial richness in complex 

environments like soil has become an obstacle for modeling the microbiome, and grouping 

OTUs based only on their phylogenetic linkages may mask the trends of some OTUs because of 

the variance of ecological function among members of high taxonomic levels. The BCGs 

identified in this ecosystem performed better as microbial groups than either phylum and class 

with regards to characterizing the recovery patterns of the bacterial community and predicting 

both community structure and environmental factors, while at the same time simplifying 

microbial community structure and models to an even greater degree. Furthermore, BCGs had 

different taxonomic compositions, intra-annual and age-related dynamics, and were also under 

the influence of different environmental factors based upon Bayesian Networks, which supports 

the theory that BCGs could be a good mechanism for identifying new microbial ecotypes. Given 

their simplified structure but still superior predictive power, BCGs are a promising approach for 

modeling other complex microbiome systems.  
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Appendix A  

Supplementary materials for Chapter 3 
Table S1.  Results of significance tests of the differences between pairwise bacterial 
communities regarding to chronosequence ages and sampling months with ANOSIM (based on 
999 permutations; data in each cell is R-statistic/P-value). 
a. 
Month May Jul Sep Oct 
May  -0.005/0.437 0.473/0.001 0.469/0.001 
Jul -0.005/0.437  0.471/0.001 0.434/0.001 
Sep 0.473/0.001 0.471/0.001  -0.036/0.846 
Oct 0.469/0.001 0.434/0.001 -0.036/0.846  
b. 
Chronosequence 
Stage 5 11 21 30 UM 

5  0.672/0.001 0.583/0.001 0.803/0.001 0.720/0.001 
11 0.672/0.001  0.134/0.037 0.375/0.001 0.588/0.001 
21 0.583/0.001 0.134/0.037  0.179/0.014 0.3040.001 
30 0.803/0.001 0.375/0.001 0.179/0.014  0.311/0.001 
UM 0.720/0.001 0.588/0.001 0.304/0.001 0.311/0.001  
 
 
 
TableS2.  Results of significance tests of the differences between pairwise fungal communities 
regarding to chronosequence ages and sampling months with ANOSIM (based on 999 
permutations; data in each cell is R-statistic/P-value). 
a. 
Month May Jul Sep Oct 
May  -0.014/0.585 0.038/0.146 0.010/0.349 
Jul -0.014/0.585  0.016/0.287 0.014/0.322 
Sep 0.038/0.146 0.016/0.287  -0.077/0.996 
Oct 0.010/0.349 0.014/0.322 -0.077/0.996  
b. 
Chronosequence 
Stage 5 11 21 30 UM 

5  0.360/0.001 0.595/0.001 0.549/0.001 0.523/0.001 
11 0.360/0.001  0.232/0.001 0.381/0.001 0.478/0.001 
21 0.595/0.001 0.232/0.001  0.306/0.001 0.391/0.001 
30 0.549/0.001 0.381/0.001 0.306/0.001  0.235/0.001 
UM 0.523/0.001 0.478/0.001 0.391/0.001 0.235/0.001  
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TableS3.  Results of correlation analyses between environmental factors and β-diversity patterns 
(P-values based on 999 permutations). 
 
 bacteria fungi 
 r2 P-value r2 P-value 
Temp 0.26646 0.001* 0.3064 0.001* 
Moisture 0.15699 0.012* 0.3213 0.001* 
TMB 0.3084 0.001* 0.4289 0.001* 
SIR 0.18498 0.006* 0.2208 0.003* 
CO2 0.02561 0.486 0.0401 0.316 
CH4 0.07376 0.117 0.0032 0.953 
N2O 0.02426 0.498 0.0463 0.294 
NH4 0.12262 0.041* 0.1 0.061 
N03 0.06886 0.128 0.1999 0.004* 
 
 
 
Table S4. Statistical tests of bacterial phyla (classes for phylum Proteobacteria) and fungal 
classes with ANOVA (data in each cell is F-statistic/P-value).  
a. Bacterial taxa 
F/P-value Chronosequence age Month 
Acidobacteria 3.28/0.02 5.73/0.002 
Actinobacteria 9.70/1.40E-5 2.22/0.1 
Bacteroidetes* 12.32/1.28E-6 85.9/<2.2E-16 
Chloroflexi* 20.41/3.16E-9 40.1/3.88E-12 
Cyanobacteria* 3.65/0.013 3.53/0.023 
Gemmatimonadetes 21.4/1.67E-9 33.8/4.82E-11 
Nitrospirae 12.1/1.56E-6 4.50/0.008 
Plancotomycetes 3.21/0.02 76.8/<2E-16 
Alphaproteobacteria 8.81/3.36E-5 0.51/0.6804 
Betaproteobacteria 7.74/0.0001 15.8/6.26E-7 
Deltaproteobacteria 8.20/6.31E-5 55.3/2.7E-14 
Gammaproteobacteria 0.49/0.74 12.5/6.70E-5 
Verrucomicrobia 6.60/0.0004 1.22/0.31 
WS3 5.43/0.001 0.19/0.90 
 
*The interactions between chronosequence ages and months are significant for these 3 taxa. But 
as shown in the figure below, the general trends of Bacteroidetes and Chloroflexi are similar, 
which would have little influence on effects, while the interaction for Cyanobacteria is strong 
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and has influence on the main effects. 

 
 
 
 
b. Fungal taxa 
F/P-value Chronosequence age Month 
Dothideomycetes 6.77/0.0003 4.78/0.006 
Eurotiomycetes 3.47/0.016 0.63/0.60 
Leotiomycetes 4.23/0.006 2.40/0.082 
Pezizomycetes 0.85/0.50 1.27/0.30 
Sordariomycetes 9.94/1.21E-5 3.57/0.0226 
Agaricomycetes 2.28/0.08 0.69/0.57 
Chytridiomycetes 2.28/0.08 1.97/0.13 
Rozellomycota 4.99/0.002 0.21/0.89 
Incertae sedis in Zygomycota_ 9.32/2.2E-5 6.32/0.21 
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c. Results of Tukey’s HSD post-hoc comparisons for pairwise differences in bacterial and fungal 
taxa when the overall effect is significant (P-value < 0.05) with letters denoting differences and 
the mean relative abundance of each taxon in each group.  
 
 
 
 Chronosequence age (yr) Month 

  5 11 21 30 UM May Jul Sep Oct 

Bacteria     

Acidobacteria 
16.54% 20.23% 24.22% 23.36% 23.07% 17.96% 18.63% 25.15% 24.20% 

a a a a a a ab b ab 

Actinobacteria 
14.21% 8.90% 8.13% 6.40% 8.82%  
a b b b b  

Bacteroidetes* 
8.22% 8.37% 7.97% 5.33% 4.18% 11.67% 9.73% 2.89% 2.96% 

a a a a a a a b b 

Chloroflexi* 
5.45% 3.08% 2.78% 2.90% 2.11% 1.84% 2.01% 4.10% 5.11% 

a b b b b a a b b 

Gemmatimonadetes 
2.34% 1.40% 1.30% 1.26% 1.05% 1.85% 2.04% 0.90% 1.07% 

a b b b b a a b b 

Nitrospirae 
0.13% 0.39% 0.48% 1.33% 1.79% 0.45% 0.54% 1.20% 1.10% 

a a ab bc c a a a a 

Plancotomycetes 
6.19% 8.05% 8.15% 8.62% 6.94% 3.97% 3.78% 12.23% 10.37% 

a a a a a a a b b 

Alphaproteobacteria 
17.18% 15.27% 17.02% 16.79% 23.85%  
a a a a b  

Betaproteobacteria 
7.36% 9.89% 7.74% 7.92% 5.19% 9.62% 9.30% 5.50% 6.07% 

ab a ab ab b a a b b 

Deltaproteobacteria 
5.98% 7.26% 6.51% 8.22% 5.96% 8.11% 9.24% 4.74% 5.06% 

a a a a a a a b b 

Gammaproteobacteria      6.42% 6.30% 3.83% 3.82% 

     a a b b 

Verrucomicrobia 
6.04% 6.54% 6.69% 8.41% 8.88%  
a a ab bc c     

WS3 
0.34% 0.70% 0.61% 0.69% 0.34%  
a bc ac cd ae     

Fungi 

Dothideomycetes 
3.92% 2.58% 1.32% 1.22% 0.44% 1.36% 0.93% 1.93% 3.23% 

a ab bc bc bc ab a ab b 

Eurotiomycetes 
1.34% 0.66% 1.86% 0.42% 0.83%  
ab ab a b ab     
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Table S5. Statistical tests of overlapping nodes and edges (fisher’s exact test for nodes and 
permutation test (999 permutations) for edges, data in each cell is P-value).  
 
Adjacent Stages 5 -11 11 -21 21 -30 30 -UM 

Bacteria Nodes 0.0041 0.001* 0.001* 0.001* 
Edges 0.001* 0.001* 0.001* 0.001* 

Fungi 
Nodes 0.976 0.999 0.999 0.872 
Edges 0.99 0.864 0.637 0.614 

 
Ha: the actual number of overlaps is greater than the number of overlaps in randomized networks  
* p-value is smaller or equal to 0.001.  
 
 
 
 
Table S6. Values for degree and closeness centrality of bacterial nodes and the abundance of 
corresponding OTUs in overlapping edges and in the whole network.  
 

Network 5 Nodes in 5-11 
overlapping edges 

Nodes in 5 yr 
network  

Average degree 6.54 3.10 
 Degree p-value 0.001*  
Average closeness 
centrality 0.016 0.013 

Closeness centrality 
p-value 0.001*  

Abundance 152 139 
Abundance p-value 0.683  
 

Leotiomycetes 
0.60% 1.19% 0.66% 4.11% 1.71%  
a ab a b ab     

Sordariomycetes 
10.56% 4.22% 5.94% 5.29% 3.29% 6.94% 7.28% 4.21% 4.59% 

a b b b b a a a a 

Rozellomycota 
0.25% 0.43% 0.94% 0.24% 0.16%  
a ab bc a a     

Incertae sedis in 
Zygomycota_ 

0.76% 0.97% 2.15% 3.37% 3.30% 3.04% 2.69% 1.24% 1.51% 

a a ab b b a ab b ab 
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Network 11 Nodes in 5-11 
overlapping edges 

Nodes in 11-21 
overlapping edges 

Nodes in 11 
yr network 

Average degree 9.69 11.13 5.33 
Degree p-value 0.006 0.001*  
Average closeness 
centrality 0.011 0.011 0.009 

Closeness centrality 
p-value 0.001* 0.001*  

Abundance 152 191 138 
Abundance p-value 0.660 0.131  
 

Network 21 Nodes in 11-21 
overlapping edges 

Nodes in 21-30 
overlapping edges 

Nodes in 21 
yr network 

Average degree 17.04 16.63 7.53 
Degree p-value 0.001* 0.001*  
Average closeness 
centrality 0.023 0.023 0.020 

Closeness centrality 
p-value 0.001* 0.001*  

Abundance 191 183 120 
Abundance p-value 0.037 0.001*  
 

Network 30 Nodes in 21-30 
overlapping edges 

Nodes in 30-UM 
overlapping edges 

Nodes in 30 
yr network 

Average degree 14.92 13.78 7.16 
Degree p-value 0.001* 0.001*  
Average closeness 
centrality 0.042 0.042 0.039 

Closeness centrality 
p-value 0.001* 0.001*  

Abundance 183 162 121 
Abundance p-value 0.001* 0.024  
 

Network UM Nodes in 30-UM 
overlapping edges 

Nodes in Unmined 
network 

Average degree 22.82 11.66 
Degree p-value 0.001*  
Average closeness 
centrality 0.027 0.025 

Closeness centrality 
p-value 0.001*  

Abundance 162 114 
Abundance p-value 0.006  
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The significance of difference between degree, closeness centrality and abundance were tested 
with Welch Two Sample t-test.  
 H0: the values of two datasets are not different 
* p-value is smaller or equal to 0.001.  
 
 
 
Table S7. Smallworldness and modularity of bacterial and fungal networks.  
 
  Age 

Network properties 5 11 21 30 Un-mined 

Bacteria Smallworldness 2.31 0.48 0.53 0.73 0.29 
Modularity 0.25 0.25 0.04 0.04 0.02 

Fungi 
Smallworldness 2.13 0.38 0.64 1.67 0.62 

Modularity 0.86 0.88 0.88 0.983 0.986 
 
Smallworldness is calculated with the ‘smallworldness’ function in the ‘qgraph’ R package. 
Modularity is calculated with the ‘cluster walktrap’ and ‘modularity’ functions in the ‘igraph’ R 
package. The network can be considered as a small world when the smallworldness is higher 
than 1, and the stricter standard requires smallworldness higher than 3 (1) The networks of 5 yr 
can be considered as small-world networks with the first standard, while others are not small-
world networks.  
 
 
 
Table S8. The numbers of bacterial nodes, fungal nodes, bacterial-bacterial, fungal-fungal and 
bacterial-fungal edges in the bacteria-fungi networks (constructed with 500 most abundant 
bacterial OTUs and 500 most abundant fungal OTUs).   
 
Age Bacterial 

nodes 
Fungal 
nodes 

Bacterial 
edges 

Fungal edges Bacteria-fungi-
edges 

5 312 103 613 125 64 
11 295 167 733 256 79 
21 357 167 1303 266 73 
30 359 148 1263 240 129 
UM 387 122 2210 188 163 
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Figure S1. The locations and ages of chronosequence plots built in reclaimed mined sites located 
in the Powell River Project research area in Wise County, Virginia.   
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Figure S2.  Rarefaction curves of bacterial and fungal richness estimated from sequencing depth.   
 
 
 
 

 
Figure S3. The comparison of bacterial and fungal networks in largest component percentage and 
clustering coefficient at different correlation coefficient cut-off.  
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Figure S4.  Scatter plots of a power-law degree distribution for bacterial and fungal networks. 
The networks are usually considered as scale free when alpha is between 2 and 3 (2).  
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Figure S5. Co-occurrence network analysis of combined bacterial and fungal communities at 
different chronosequence ages. Each node represents a bacterial (red) or fungal OTU (blue), and 
an edge represents a spearman correlation with a statistically significant (FDR < 0.05) correlation 
coefficient > 0.9 or < -0.9. The size of each node is proportional to the square root of its degree.  
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Figure S6. The abundance change and taxonomy of the most abundant OTUs that varied 
significantly across chronosequence ages for bacteria (a) and fungi (b). The key represents the z-
scores of the relative abundance of the taxa. OTUs selected have relative abundance > 0.3% for 
bacteria or > 0.2% for fungi per sample on average, and are also significantly different between 
at least one pair of ages with FDR<0.05.  
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Appendix B  

Generic composition of BCGs in Chapter 5 
 
BCG 1    
Genus Relative 

abundance Genus Relative 
abundance 

Thermacetogenium 8.24% Dokdonella 0.59% 
Leptospira 1.18% Longilinea 1.18% 
Rhodoplanes 0.59% Pasteuria 1.76% 
Pseudolabrys 1.76% Chitinophaga 0.59% 
Prosthecobacter 1.76% Caloramator 1.76% 
Planctomyces 2.94% Phycisphaera 1.18% 
Pelotomaculum 1.18% Cellvibrio 1.18% 
Sphingomonas 1.18% Aciditerrimonas 1.18% 
Conexibacter 0.59% Halochromatium 0.59% 
Desulfotomaculum 3.53% Zavarzinella 17.06% 
Thermovibrio 0.59% Gemmata 13.53% 
Dongia 0.59% Stella 0.59% 
Singulisphaera 0.59% Kushneria 0.59% 
Phenylobacterium 0.59% Verrucomicrobium 0.59% 
Haliangium 0.59% Geobacter 0.59% 
Beijerinckia 0.59% Caulobacter 0.59% 
Azospirillum 0.59% Parasegetibacter 0.59% 
Cytophaga 0.59% Leptospirillum 1.18% 
Halorhodospira 1.18% Thermodesulfovibrio 0.59% 
Actinoplanes 0.59% Luteibacter 0.59% 
Phaselicystis 0.59% Sporolituus 0.59% 
Sediminibacterium 1.18% Tistrella 0.59% 
Moorella 0.59% Thermodesulforhabdus 0.59% 
Rubritalea 0.59% Sporomusa 0.59% 
Sporotomaculum 0.59% Desulfomicrobium 1.18% 
Desulfomonile 1.76% Paenibacillus 0.59% 
Caldalkalibacillus 1.18% Thiodictyon 0.59% 
Desulfococcus 0.59% Methylocapsa 0.59% 
Gemmatimonas 1.76% Asticcacaulis 0.59% 
Hyphomicrobium 0.59% Gelria 0.59% 
Chloroflexus 1.18% Desulfurobacterium 0.59% 
Anderseniella 0.59% Thiomicrospira 0.59% 

Opitutus 1.18% Armatimonas/Armatimonad
etes_gp1 0.59% 
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Mucilaginibacter 1.18% Howardella 0.59% 
Acetomicrobium 0.59% Sulfobacillus 0.59% 
Isosphaera 0.59%   
    
    
BCG2    
Genus Relative 

abundance Genus Relative 
abundance 

Thermacetogenium 0.52% Rhodococcus 0.26% 
Leptospira 0.26% Lysobacter 0.26% 
Rhodoplanes 0.52% Aciditerrimonas 1.04% 
Nitrosococcus 0.78% Methylovirgula 0.26% 
Pseudolabrys 1.04% Halochromatium 0.52% 
Curvibacter 0.26% Zavarzinella 1.04% 
Desulfovibrio 1.04% Gemmata 1.04% 
Prosthecobacter 3.13% Stella 0.26% 
Planctomyces 0.78% Desulfitobacterium 0.26% 
Vasilyevaea 0.26% Kushneria 0.26% 
Pelotomaculum 2.09% Adhaeribacter 0.52% 
Solirubrobacter 0.52% Desulfosoma 0.26% 
Terrimonas 0.52% Haliea 0.26% 
Zoogloea 1.04% Verrucomicrobium 1.04% 
Thermanaeromonas 0.26% Desertibacter 0.26% 
Sphingomonas 0.26% Niastella 0.26% 
Ectothiorhodosinus 0.26% Thermobispora 0.26% 
Steroidobacter 1.31% Thiocystis 0.26% 
Conexibacter 2.87% Ilumatobacter 0.78% 
Desulfotomaculum 2.35% Formivibrio 0.26% 
Desulfovirgula 0.26% Methyloversatilis 0.26% 
Thiobacter 0.52% Propionivibrio 0.26% 
Dongia 0.26% Bauldia 0.26% 
Pyramidobacter 1.31% Paludibacter 0.78% 
Pelobacter 0.78% Agromyces 0.26% 
Dasania 0.26% Anaeromyxobacter 0.26% 
Alterococcus 1.83% Streptosporangium 0.26% 
Singulisphaera 0.52% Azoarcus 0.26% 
Phenylobacterium 1.04% Parasegetibacter 0.52% 
Rhodocista 1.31% Gemella 0.26% 
Lewinella 0.52% Haloferula 0.52% 
Chondromyces 1.57% Thermodesulfovibrio 1.04% 
Haliangium 1.04% Schlesneria 0.26% 
Nitrosospira 0.52% Georgfuchsia 0.26% 
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Desulfonema 1.57% Tepidamorphus 0.26% 
Azospirillum 1.04% Dendrosporobacter 0.78% 
Cytophaga 1.57% Hydrogenoanaerobacterium 0.26% 
Rhizobium 0.52% Fulvimonas 0.26% 
Burkholderia 1.57% Patulibacter 0.52% 
Limnobacter 0.26% Flavihumibacter 0.26% 
Byssovorax 0.52% Geothrix 0.26% 
Archangium 0.26% Kofleria 0.26% 
Halorhodospira 0.26% Dethiobacter 1.31% 
Oceanospirillum 0.52% Marinobacter 0.26% 
Blastopirellula 0.26% Desulfomicrobium 0.78% 
Actinoplanes 0.78% Catelliglobosispora 0.26% 
Salicola 0.26% Oceanibaculum 0.26% 
Solitalea 1.57% Amycolatopsis 0.52% 
Ectothiorhodospira 0.52% Stenotrophomonas 0.26% 
Phaselicystis 0.78% Caldilinea 0.26% 
Sediminibacterium 0.26% Cesiribacter 0.26% 
Salinispora 0.26% Escherichia/Shigella 0.52% 
Rubritalea 0.26% Kocuria 0.26% 
Dyella 0.26% Legionella 0.26% 
Streptomyces 0.52% Rhodothermus 0.78% 
Desulfomonile 4.44% Thiodictyon 0.26% 
Desulfobotulus 1.31% Granulosicoccus 0.52% 
Caldalkalibacillus 0.26% Rhodopirellula 0.26% 
Desulfococcus 1.04% Enhygromyxa 0.26% 
Gemmatimonas 2.87% Chelatococcus 0.26% 
Hyphomicrobium 0.52% Thalassomonas 0.26% 
Thermovenabulum 0.26% Acanthopleuribacter 0.26% 
Labrys 0.26% Thioalkalivibrio 0.52% 
Actinomadura 0.26% Sporichthya 0.26% 
Desulfosalsimonas 0.78% Thiohalocapsa 0.52% 
Anderseniella 0.52% Desulfurispora 0.26% 
Micromonospora 0.26% Aeromonas 0.26% 
Ktedonobacter 0.26% Geodermatophilus 0.26% 
Flavisolibacter 1.04% Kitasatospora 0.26% 
Oxalophagus 0.26% Nitratireductor 0.26% 

Acetomicrobium 1.31% Chthonomonas/Armatimona
detes_gp3 0.26% 

Shewanella 0.26% Wohlfahrtiimonas 0.26% 
Bellilinea 0.78% Heliobacterium 0.26% 
Dokdonella 0.52% Anaerobranca 0.26% 
Longilinea 0.26% Aquaspirillum 0.26% 
Arenimonas 0.26% Thermobrachium 0.26% 
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Pasteuria 0.78% Alkalispirillum 0.26% 
Chitinophaga 0.26% Nocardiopsis 0.26% 
Caloramator 0.52% Thermoleophilum 0.26% 
Caldicellulosiruptor 0.26% Desulfacinum 0.26% 
Denitratisoma 0.52% Thermomonas 0.52% 
Phycisphaera 0.78% Tessaracoccus 0.26% 
Cellvibrio 0.52% Heliothrix 0.26% 
Acidisphaera 0.26% Aquisalibacillus 0.52% 

    
    
BCG3    
Genus Relative 

abundance Genus Relative 
abundance 

Rhodoplanes 0.93% Pasteuria 0.93% 
Pseudolabrys 1.87% Phycisphaera 0.93% 
Nitrobacter 0.93% Thermosporothrix 0.93% 
Thermodesulfobium 0.93% Rhodococcus 0.93% 
Prosthecobacter 1.87% Lysobacter 0.93% 
Sulfuritalea 0.93% Rubrobacter 0.93% 
Zoogloea 1.87% Halochromatium 0.93% 
Sphingomonas 0.93% Zavarzinella 0.93% 
Steroidobacter 1.87% Verrucomicrobium 2.80% 
Conexibacter 1.87% Desertibacter 0.93% 
Actinoallomurus 0.93% Blastochloris 0.93% 
Desulfotomaculum 0.93% Vibrio 0.93% 
Desulfovirgula 0.93% Novosphingobium 0.93% 
Thiobacter 0.93% Ralstonia 0.93% 
Pelobacter 0.93% Anaeromyxobacter 0.93% 
Alterococcus 2.80% Streptosporangium 0.93% 
Rhodocista 2.80% Coprothermobacter 0.93% 
Haliangium 2.80% Kangiella 0.93% 
Nitrosospira 0.93% Thermodesulfovibrio 1.87% 
Pseudomonas 0.93% Collimonas 0.93% 
Hydrogenophaga 0.93% Caldicoprobacter 0.93% 
Azospirillum 0.93% Saccharothrix 0.93% 
Rhizobium 1.87% Stenotrophomonas 0.93% 
Burkholderia 0.93% Caldilinea 0.93% 
Limnobacter 0.93% Lentzea 0.93% 
Rudaea 0.93% Calditerricola 0.93% 
Phaselicystis 0.93% Actinophytocola 0.93% 
Sphaerobacter 1.87% Acanthopleuribacter 0.93% 
Streptomyces 1.87% Schlegelella 1.87% 
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Desulfomonile 4.67% Kitasatospora 0.93% 
Desulfobotulus 3.74% Cardiobacterium 0.93% 

Sphingobium 0.93% Chthonomonas/Armatimona
detes_gp3 0.93% 

Gemmatimonas 1.87% Methylothermus 0.93% 
Skermanella 0.93% Pyxidicoccus 0.93% 
Ktedonobacter 0.93% Desulfovirga 0.93% 
Massilia 0.93% Pseudofulvimonas 0.93% 
Acetomicrobium 3.74% Schwartzia 0.93% 
Bellilinea 2.80% Methylophaga 0.93% 

    
    
BCG4    
Genus Relative 

abundance Genus Relative 
abundance 

Leptospira 0.30% Arenimonas 0.30% 
Nitrosococcus 1.78% Pasteuria 0.89% 
Pseudolabrys 0.89% Caldicellulosiruptor 3.55% 
Eubacterium 0.59% Phycisphaera 0.89% 
Desulfovibrio 0.30% Cellvibrio 0.30% 
Prosthecobacter 3.85% Acidisphaera 0.30% 
Planctomyces 1.18% Actinocorallia 1.18% 
Pelotomaculum 0.89% Rhodococcus 1.48% 
Mycobacterium 0.30% Aciditerrimonas 0.89% 
Sulfuritalea 0.30% Butyricicoccus 0.30% 
Terrimonas 0.30% Methylovirgula 0.89% 
Zoogloea 0.30% Halochromatium 0.30% 
Sphingomonas 1.18% Zavarzinella 1.18% 
Ectothiorhodosinus 0.59% Stella 0.59% 
Steroidobacter 1.78% Amphibacillus 0.59% 
Conexibacter 2.37% Verrucomicrobium 1.78% 
Actinoallomurus 2.66% Selenomonas 0.30% 
Ignatzschineria 0.59% Niastella 0.30% 
Desulfotomaculum 1.78% Sinosporangium 0.30% 
Desulfovirgula 1.18% Nonomuraea 0.30% 
Thiobacter 0.30% Thiocystis 0.30% 
Dongia 0.59% Bauldia 0.30% 
Tepidimicrobium 0.30% Agromyces 0.30% 
Pyramidobacter 0.59% Anaeromyxobacter 0.30% 
Alterococcus 2.96% Fervidicoccus 0.30% 
Singulisphaera 1.18% Cellulosilyticum 0.30% 
Parvibaculum 0.30% Methylocystis 0.59% 
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Rhodocista 2.37% Azoarcus 0.30% 
Chondromyces 0.89% Bosea 0.30% 
Haliangium 0.59% Haloferula 0.30% 
Nitrosospira 0.30% Thermodesulfovibrio 0.30% 
Pseudomonas 0.30% Georgfuchsia 0.30% 
Beijerinckia 0.30% Sporolituus 0.59% 
Thermoanaerobacter 0.89% Hydrogenoanaerobacterium 0.30% 
Syntrophothermus 0.59% Frateuria 0.30% 
Desulfonema 0.30% Tistrella 0.30% 
Azospirillum 0.89% Thiorhodococcus 0.30% 
Ruminococcus 0.30% Angustibacter 0.30% 
Cytophaga 0.30% Kofleria 0.30% 
Burkholderia 0.59% Caldicoprobacter 0.30% 
Limnobacter 0.59% Thermofilum 0.30% 
Sulfurihydrogenibium 2.66% Sporomusa 0.30% 
Byssovorax 0.89% Craurococcus 0.30% 
Halorhodospira 1.18% Desulfomicrobium 0.30% 
Blastopirellula 0.59% Catelliglobosispora 0.30% 
Actinoplanes 0.59% Oceanibaculum 1.18% 
Salicola 1.48% Acidisoma 0.59% 
Solitalea 0.30% Brevundimonas 0.30% 
Ectothiorhodospira 0.30% Crossiella 0.30% 
Phaselicystis 0.30% Legionella 0.30% 
Sphaerobacter 0.30% Subdoligranulum 0.30% 
Sediminibacterium 0.30% Mucispirillum 0.30% 
Mesorhizobium 0.30% Acidiphilium 0.30% 
Salinispora 0.30% Methylosinus 0.30% 
Moorella 0.89% Catenulispora 0.30% 
Rubritalea 0.30% Bdellovibrio 0.30% 
Dyella 0.30% Thioalkalivibrio 0.30% 
Streptomyces 0.59% Paracoccus 0.30% 
Desulfomonile 2.07% Kineococcus 0.30% 
Desulfobotulus 0.89% Desulfurispora 0.30% 
Caldalkalibacillus 0.30% Ferrimicrobium 0.30% 
Ruminobacter 0.30% Levilinea 0.30% 
Desulfococcus 0.30% Wohlfahrtiimonas 0.30% 
Gemmatimonas 2.37% Williamsia 0.30% 
Skermanella 0.89% Ammonifex 0.30% 
Methylosoma 0.30% Methylothermus 0.30% 
Hyphomicrobium 0.30% Pyxidicoccus 0.30% 
Chloroflexus 0.89% Thermoleophilum 0.30% 
Actinomadura 1.48% Albimonas 0.30% 
Ktedonobacter 0.89% Erythrobacter 0.30% 
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Rhodopila 0.89% Armatimonas/Armatimonad
etes_gp1 0.59% 

Flavisolibacter 0.30% Acholeplasma 0.30% 
Ferruginibacter 0.30% Litoricola 0.30% 
Acetomicrobium 1.48% Thalassobaculum 0.30% 
Longilinea 0.30% Carboxydothermus 0.30% 
Perlucidibaca 0.59% Allocatelliglobosispora 0.30% 

    
    
BCG5    
Genus Relative 

abundance Genus Relative 
abundance 

Variovorax 0.34% Nisaea 0.69% 
Mycoplasma 0.34% Niastella 1.72% 
Prosthecobacter 1.38% Thioalkalibacter 0.34% 
Planctomyces 2.41% Devosia 0.69% 
Vasilyevaea 0.69% Thiocystis 0.34% 
Pelotomaculum 0.69% Segetibacter 0.69% 
Mycobacterium 0.34% Siphonobacter 0.34% 
Solirubrobacter 4.83% Bauldia 0.34% 
Terrimonas 2.07% Anaeromyxobacter 0.34% 
Zoogloea 0.69% Catenuloplanes 0.34% 
Sphingomonas 2.76% Bosea 0.34% 
Ectothiorhodosinus 0.34% Actinomycetospora 0.34% 
Steroidobacter 1.03% Haloferula 0.34% 
Conexibacter 6.21% Saxeibacter 0.34% 
Pyramidobacter 1.03% Acetobacterium 0.34% 
Alterococcus 0.69% Branchiibius 0.34% 
Phenylobacterium 0.34% Buttiauxella 0.34% 
Rhodocista 0.34% Kaistia 0.34% 
Chondromyces 0.34% Fulvimonas 0.34% 
Haliangium 2.41% Acidovorax 0.34% 
Nitrosospira 0.34% Subtercola 0.34% 
Pseudonocardia 1.03% Methylobacterium 0.69% 
Azospirillum 0.34% Kribbella 0.34% 
Humicoccus 0.34% Nakamurella 0.34% 
Cytophaga 1.38% Angustibacter 0.34% 
Rhizobium 1.03% Rhodomicrobium 0.34% 
Burkholderia 0.34% Sporomusa 0.69% 
Chryseoglobus 0.34% Dethiobacter 0.34% 
Byssovorax 1.03% Euzebya 0.34% 
Blastopirellula 1.03% Amycolatopsis 0.34% 
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Actinoplanes 1.38% Cryptosporangium 0.69% 
Cellulomonas 0.34% Stenotrophomonas 0.34% 
Phaselicystis 1.03% Balneimonas 0.34% 
Sphaerobacter 0.34% Brevundimonas 0.69% 
Dactylosporangium 0.34% Hydrotalea 0.34% 
Mesorhizobium 1.03% Cesiribacter 0.34% 
Salinispora 0.34% Chitinibacter 0.34% 
Porphyrobacter 0.34% Sphaerisporangium 0.34% 
Rubritalea 1.03% Luteimonas 0.34% 
Dyella 0.34% Kocuria 0.34% 
Desulfomonile 0.69% Myxococcus 0.34% 
Sphingobium 0.34% Leptolinea 0.34% 
Nocardioides 3.45% Altererythrobacter 0.34% 
Gemmatimonas 4.48% Tistlia 0.34% 
Skermanella 0.34% Modestobacter 0.34% 
Kineosporia 1.03% Demequina 0.34% 
Labrys 0.34% Sorangium 0.34% 
Desulfosalsimonas 0.34% Fibrobacter 0.34% 
Anderseniella 0.34% Cupriavidus 0.34% 
Micromonospora 0.34% Chelatococcus 0.34% 
Ktedonobacter 0.34% Cycloclasticus 0.34% 
Opitutus 0.34% Desulfitibacter 0.34% 
Mucilaginibacter 0.34% Schlegelella 0.34% 
Flavisolibacter 1.03% Terrabacter 0.34% 
Afipia 0.34% Asticcacaulis 0.34% 
Acetomicrobium 0.69% Marmoricola 0.69% 
Bellilinea 1.03% Kiloniella 0.34% 
Longilinea 0.34% Pleomorphomonas 0.34% 
Virgisporangium 0.34% Ferrimicrobium 0.34% 
Chitinophaga 0.34% Caminibacter 0.34% 
Rhodococcus 0.34% Halothiobacillus 0.69% 
Lysobacter 0.69% Dyadobacter 0.34% 
Arthrobacter 0.34% Finegoldia 0.34% 
Aciditerrimonas 1.72% Phycicoccus 0.34% 
Microvirga 0.69% Umezawaea 0.34% 
Bacillus 0.34% Propionispira 0.34% 
Zavarzinella 0.69% Chryseobacterium 0.34% 
Gemmata 0.34% Pseudoxanthomonas 0.34% 
Janibacter 0.34% Sphingopyxis 0.34% 
Crabtreella 0.34% Amaricoccus 0.34% 
Amphibacillus 0.34% Caldanaerobius 0.34% 
Kushneria 1.03% Aeromicrobium 0.34% 
Couchioplanes 0.34% Olsenella 0.34% 
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Haliea 0.34% Chelativorans 0.34% 
Selenomonas 0.34% Belnapia 0.34% 
Spirillospora 0.34% Jiangella 0.34% 
Caulobacter 0.34% Desulfothermus 0.34% 

    
    
BCG6    
Genus Relative 

abundance Genus Relative 
abundance 

Acetivibrio 0.37% Labrys 0.37% 
Acetobacterium 0.75% Laceyella 0.37% 
Acetomicrobium 0.37% Legionella 1.87% 
Acholeplasma 0.37% Leisingera 0.37% 
Acidiphilium 0.37% Levilinea 1.12% 
Acidisoma 0.37% Lewinella 0.37% 
Aciditerrimonas 0.37% Luedemannella 0.37% 
Acidothermus 0.37% Luteimonas 0.37% 
Actinocorallia 0.75% Luteolibacter 0.37% 
Aeromicrobium 0.37% Lysobacter 0.37% 
Alloactinosynnema 0.37% Martelella 0.37% 
Alterococcus 1.87% Massilia 0.37% 
Ammonifex 0.37% Meniscus 0.37% 
Anaeromyxobacter 1.12% Methylocapsa 0.37% 
Anaerospora 0.37% Methylopila 0.37% 
Archangium 1.12% Mogibacterium 0.37% 
Arthrobacter 0.37% Mycobacterium 0.37% 
Aurantimonas 0.75% Mycoplasma 0.37% 
Azoarcus 0.75% Neokomagataea 0.37% 
Bacillus 1.87% Niastella 1.12% 
Bauldia 0.75% Nitrosomonas 0.37% 
Bdellovibrio 0.75% Nitrosospira 0.37% 
Bellilinea 2.24% Nitrospira 0.75% 
Blastopirellula 0.37% Opitutus 0.37% 
Bordetella 0.37% Paenibacillus 1.49% 
Burkholderia 0.37% Paludibacter 0.37% 
Byssovorax 0.75% Paraliobacillus 0.37% 
Caldalkalibacillus 0.75% Parasegetibacter 0.37% 
Caldimonas 0.37% Parvibaculum 0.37% 
Cellulosimicrobium 0.37% Pasteuria 0.37% 
Cellvibrio 0.37% Pedomicrobium 0.37% 
Chitinophaga 0.75% Pelobacter 0.75% 
Chloroflexus 0.37% Pelomonas 0.37% 
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Chondromyces 1.49% Pelotomaculum 1.12% 
Chryseobacterium 0.37% Phaselicystis 0.75% 
Cohnella 0.37% Phenylobacterium 0.37% 
Conexibacter 0.75% Phycisphaera 0.37% 
Crossiella 0.37% Planctomyces 1.49% 
Cryptosporangium 0.37% Plantactinospora 0.37% 
Cupriavidus 0.37% Porphyrobacter 0.37% 
Cystobacter 0.37% Propionivibrio 0.37% 
Cytophaga 1.12% Prosthecobacter 5.97% 
Dactylosporangium 0.37% Pseudochrobactrum 0.37% 
Dechloromonas 0.37% Pseudolabrys 0.37% 
Denitratisoma 0.37% Pseudomonas 0.37% 
Derxia 0.37% Pyramidobacter 0.75% 
Desulfobacca 0.37% Pyxidicoccus 0.75% 
Desulfobotulus 1.12% Rhodocytophaga 0.37% 
Desulfococcus 0.37% Rhodomicrobium 0.37% 
Desulfomonile 0.75% Rhodopila 0.37% 
Desulfonema 0.75% Rhodoplanes 0.37% 
Desulfosalsimonas 0.75% Rubrobacter 0.75% 
Desulfovibrio 0.75% Rudaea 0.75% 
Dethiobacter 0.75% Rugosimonospora 0.37% 
Dethiosulfovibrio 0.37% Ruminococcus 0.75% 
Dictyoglomus 0.37% Salicola 0.37% 
Dokdonella 0.37% Serratia 0.37% 
Dongia 0.75% Simkania 0.37% 
Dyella 0.37% Skermanella 0.75% 
Ectothiorhodosinus 0.37% Solirubrobacter 0.75% 
Ectothiorhodospira 0.37% Solitalea 0.37% 
Ferruginibacter 0.37% Sphingobium 0.37% 
Flavisolibacter 0.37% Sphingomonas 0.75% 
Gemmata 0.37% Spirochaeta 0.37% 
Gemmatimonas 1.87% Steroidobacter 0.37% 
Geobacter 2.24% Streptomyces 0.37% 
Geothrix 1.12% Sulfobacillus 0.37% 
Gluconobacter 0.37% Sulfuricella 0.37% 
Gracilibacter 0.37% Sulfurihydrogenibium 0.37% 
Haematobacter 0.37% Sulfuritalea 0.75% 
Haliangium 2.24% Syntrophothermus 0.37% 
Haloferula 0.37% Terrimonas 1.49% 
Halothiobacillus 0.37% Thauera 0.37% 
Holophaga 0.37% Thioalkalispira 0.37% 
Hyphomicrobium 0.37% Tistrella 0.37% 
Kibdelosporangium 0.37% Vampirovibrio 0.37% 
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Kofleria 0.75% Verrucomicrobium 1.87% 
Kushneria 0.37% Zavarzinella 2.24% 

    
    
BCG7    
Genus Relative 

abundance Genus Relative 
abundance 

Acetomicrobium 0.88% Longilinea 0.29% 
Acidisoma 0.29% Luteolibacter 1.18% 
Acidisphaera 0.29% Marinilabilia 0.29% 
Aciditerrimonas 0.59% Marinobacter 0.29% 
Acidithiobacillus 0.29% Marinomonas 0.29% 
Acidothermus 0.29% Methylophilus 0.29% 
Adhaeribacter 0.29% Mucilaginibacter 0.29% 
Aeromonas 0.29% Naxibacter 0.29% 
Alterococcus 1.76% Niabella 2.35% 
Aquabacterium 0.29% Niastella 0.59% 
Aquimonas 0.29% Nisaea 0.29% 
Archangium 0.29% Nitrosococcus 0.59% 
Arenimonas 0.88% Nitrosospira 0.88% 
Asanoa 0.88% Novosphingobium 0.59% 
Azoarcus 0.29% Oceanibaculum 0.29% 
Azospirillum 0.59% Opitutus 1.47% 
Bacillus 0.29% Paenibacillus 0.29% 
Bacteriovorax 0.29% Paludibacter 1.18% 
Bdellovibrio 0.29% Pandoraea 0.29% 
Bellilinea 0.59% Paracoccus 0.29% 
Blastopirellula 0.29% Parasegetibacter 0.59% 
Brooklawnia 0.29% Pasteuria 0.59% 
Burkholderia 0.59% Patulibacter 0.29% 
Byssovorax 1.76% Pedobacter 0.88% 
Caldimicrobium 0.29% Pelagicoccus 0.29% 
Caloramator 0.29% Pelobacter 0.59% 
Caulobacter 0.29% Phaselicystis 1.76% 
Cellvibrio 0.59% Phenylobacterium 0.59% 
Cesiribacter 1.18% Piscinibacter 0.29% 
Chitinophaga 1.47% Polaromonas 0.29% 
Chlorobium 0.29% Porphyrobacter 0.29% 
Chondromyces 3.24% Prosthecobacter 1.47% 
Chryseobacterium 0.29% Proteiniclasticum 0.29% 
Corallococcus 0.29% Pseudochrobactrum 0.29% 
Crabtreella 0.29% Pseudomonas 1.18% 
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Craurococcus 0.59% Pseudorhodoferax 0.29% 
Curvibacter 0.29% Pyramidobacter 0.29% 
Cytophaga 3.53% Rhizobacter 0.29% 
Desertibacter 0.29% Rhizobium 0.88% 
Desulfitobacterium 0.29% Rhodobacter 0.88% 
Desulfobacterium 0.29% Rhodococcus 0.29% 
Desulfobotulus 0.29% Rhodoplanes 0.29% 
Desulfomonile 1.76% Roseivirga 0.29% 
Desulfonatronum 0.29% Rubrivivax 0.29% 
Desulfonema 0.29% Rudaea 0.88% 
Desulfotomaculum 0.29% Salicola 0.29% 
Desulfurispora 0.29% Sediminibacterium 2.35% 
Dethiosulfovibrio 0.59% Segetibacter 0.29% 
Dokdonella 0.29% Singulisphaera 2.94% 
Dongia 0.59% Siphonobacter 0.29% 
Duganella 0.29% Solitalea 4.12% 
Dyadobacter 0.29% Sphingomonas 0.88% 
Dyella 0.29% Spirochaeta 0.29% 
Ferruginibacter 3.82% Sporocytophaga 0.29% 
Filimonas 0.29% Steroidobacter 0.29% 
Flavisolibacter 0.29% Streptomyces 0.29% 
Flavobacterium 1.47% Sulfuritalea 0.59% 
Flectobacillus 0.59% Syntrophothermus 0.29% 
Fulvivirga 0.29% Tepidimicrobium 0.29% 
Gemmatimonas 3.24% Terrimonas 2.65% 
Glycomyces 0.29% Thauera 0.88% 
Haliangium 3.24% Thermoanaerobacter 0.29% 
Haliea 0.29% Thermosporothrix 0.29% 
Haliscomenobacter 0.29% Thiomonas 0.29% 
Hirschia 0.59% Thiorhodococcus 0.29% 
Hydrogenophaga 0.29% Turneriella 0.29% 
Hydrotalea 1.18% Uliginosibacterium 0.29% 
Iamia 0.29% Vasilyevaea 0.29% 
Ilumatobacter 0.59% Verrucomicrobium 0.29% 
Kushneria 0.29% Vogesella 0.29% 
Legionella 0.29% Zavarzinella 0.29% 
Lentisphaera 0.29% Zoogloea 0.59% 
Leptospira 0.29% Zooshikella 0.29% 
Lewinella 1.76%   
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BCG8    
Genus Relative 

abundance Genus Relative 
abundance 

Acetobacterium 0.34% Isosphaera 1.03% 
Acetomicrobium 0.34% Jeotgalibacillus 0.34% 
Acidisoma 0.34% Ktedonobacter 0.34% 
Acidithiobacillus 1.03% Levilinea 0.34% 
Adhaeribacter 0.34% Luteimonas 0.34% 
Algicola 0.68% Mesorhizobium 0.34% 
Alterococcus 0.68% Mucilaginibacter 0.34% 
Amorphus 0.34% Mycobacterium 0.34% 
Amphibacillus 0.34% Nannocystis 0.34% 
Anderseniella 0.34% Naxibacter 0.34% 
Azospirillum 0.68% Niastella 0.34% 
Bacillus 0.34% Nitrobacter 0.34% 
Bauldia 0.34% Opitutus 0.68% 
Bellilinea 2.05% Paraliobacillus 0.34% 
Blastopirellula 3.08% Parvibaculum 2.05% 
Branchiibius 0.34% Pasteuria 2.74% 
Byssovorax 0.68% Patulibacter 0.34% 
Caldalkalibacillus 1.71% Pedobacter 0.34% 
Caldicellulosiruptor 0.68% Pedomicrobium 0.34% 
Caldilinea 0.34% Pelagibius 0.68% 
Caloramator 0.34% Phenylobacterium 0.34% 
Cellulosilyticum 0.34% Phycisphaera 0.68% 
Cellvibrio 0.68% Planctomyces 7.19% 
Chitinophaga 0.68% Planifilum 0.34% 
Chloroflexus 0.34% Plesiomonas 0.34% 
Chondromyces 0.34% Prosthecobacter 1.71% 
Conexibacter 1.37% Prosthecochloris 0.34% 
Cytophaga 0.34% Psychrobacter 0.34% 
Desertibacter 0.34% Rhodocista 0.34% 
Desulfobacca 0.34% Rhodococcus 2.40% 
Desulfobotulus 0.68% Roseibacillus 0.34% 
Desulfobulbus 0.34% Rudaea 0.34% 
Desulfococcus 1.71% Rugosimonospora 0.34% 
Desulfoluna 0.34% Ruminobacter 0.34% 
Desulfomonile 1.03% Salinispora 0.34% 
Desulfonema 0.68% Salmonella 0.68% 
Desulfosalsimonas 0.34% Shewanella 0.34% 
Desulfotomaculum 2.74% Singulisphaera 0.34% 
Desulfovibrio 1.71% Solitalea 0.34% 
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Dethiobacter 0.34% Sphaerobacter 1.71% 
Dongia 2.74% Sphingomonas 1.03% 
Dyella 0.34% Spirochaeta 0.34% 
Edwardsiella 0.34% Sporolituus 1.37% 
Ferruginibacter 0.34% Sporomusa 0.34% 
Fibrobacter 0.34% Stenotrophomonas 0.34% 
Flavihumibacter 0.34% Streptomyces 0.34% 
Flavitalea 0.34% Syntrophothermus 0.68% 
Flexibacter 0.34% Tepidimicrobium 0.34% 
Fodinicurvata 0.34% Thermacetogenium 4.11% 
Gelria 0.34% Thermoanaerobacter 0.68% 
Gemmata 3.08% Thermodesulfobium 0.34% 
Gemmatimonas 1.03% Thermodesulfovibrio 0.68% 
Geobacillus 0.34% Thermoflavimicrobium 0.68% 
Geobacter 0.34% Thermovenabulum 0.34% 
Granulosicoccus 0.34% Thiodictyon 0.68% 
Haliangium 0.34% Thioflavicoccus 2.05% 
Halochromatium 0.34% Tistlia 0.34% 
Haloferula 0.34% Verrucomicrobium 0.68% 
Halorhodospira 0.68% Verrucosispora 0.34% 
Hyphomicrobium 0.34% Zavarzinella 9.59% 

    
    
BCG9    
Genus Relative 

abundance Genus Relative 
abundance 

Aciditerrimonas 1.54% Nitrobacter 3.08% 
Afipia 1.54% Pedomicrobium 3.08% 
Aquisalibacillus 1.54% Pelobacter 1.54% 

Azospirillum 4.62% Peptostreptococcaceae_incer
tae_sedis 1.54% 

Bacillus 3.08% Phaselicystis 3.08% 
Brachyspira 1.54% Pilimelia 1.54% 
Bradyrhizobium 6.15% Prosthecobacter 4.62% 
Chitinophaga 1.54% Pseudomonas 1.54% 
Chondromyces 1.54% Pyramidobacter 1.54% 
Conexibacter 3.08% Pyxidicoccus 1.54% 
Craurococcus 1.54% Rhodoplanes 6.15% 
Desulfomonile 1.54% Singulisphaera 1.54% 
Desulfotomaculum 1.54% Skermanella 1.54% 
Dictyoglomus 1.54% Solirubrobacter 1.54% 
Gemmata 1.54% Spirochaeta 1.54% 
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Halochromatium 1.54% Sporolituus 4.62% 
Halothiobacillus 1.54% Terrimonas 1.54% 
Hyphomicrobium 7.69% Thermoanaerobacter 1.54% 
Kaistia 1.54% Thermodesulfovibrio 1.54% 
Legionella 1.54% Thiocystis 1.54% 
Micromonospora 1.54% Variovorax 1.54% 
Niastella 1.54% Zavarzinella 1.54% 

    
    
BCG10    
Genus Relative 

abundance Genus Relative 
abundance 

Acetomicrobium 1.71% Leptospirillum 1.71% 
Actinoallomurus 1.71% Lutispora 0.85% 
Actinomadura 0.85% Methylocystis 0.85% 
Actinoplanes 0.85% Methylosoma 0.85% 
Alterococcus 1.71% Naxibacter 0.85% 
Anaeromyxobacter 2.56% Nitrosospira 0.85% 
Azospirillum 3.42% Nitrospira 0.85% 
Blastomonas 0.85% Pasteuria 0.85% 
Burkholderia 0.85% Planctomyces 2.56% 
Caldalkalibacillus 1.71% Pleomorphomonas 0.85% 
Chondromyces 0.85% Prosthecobacter 5.98% 
Chthonomonas/Armatimonadet
es_gp3 0.85% Pseudolabrys 0.85% 

Conexibacter 0.85% Pyramidobacter 0.85% 
Desertibacter 0.85% Rhodocista 1.71% 
Desulfobotulus 2.56% Rhodococcus 0.85% 
Desulfomonile 1.71% Rhodomicrobium 0.85% 
Desulfonema 0.85% Rhodoplanes 0.85% 
Desulfotomaculum 0.85% Roseomonas 0.85% 
Dethiosulfovibrio 0.85% Rubrobacter 0.85% 
Ethanoligenens 0.85% Ruminococcus 0.85% 
Ferrimicrobium 0.85% Singulisphaera 0.85% 
Ferruginibacter 0.85% Skermanella 2.56% 
Gemmata 11.97% Sphingomonas 0.85% 
Gemmatimonas 4.27% Stella 2.56% 
Haliangium 1.71% Steroidobacter 0.85% 
Halorhodospira 0.85% Sulfuritalea 0.85% 
Isosphaera 0.85% Thermacetogenium 0.85% 
Kangiella 0.85% Thermoanaerobacter 0.85% 
Kofleria 0.85% Thermodesulforhabdus 0.85% 
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Ktedonobacter 2.56% Thermogemmatispora 0.85% 
Leptonema 0.85% Zavarzinella 8.55% 

    
    
BCG11    
Genus Relative 

abundance Genus Relative 
abundance 

Archangium 0.91% Moorella 0.91% 
Bacillus 0.91% Mycoplasma 0.91% 
Bradyrhizobium 0.91% Parvibaculum 0.91% 
Brevundimonas 0.91% Pasteuria 0.91% 
Caldalkalibacillus 0.91% Patulibacter 0.91% 
Caldicellulosiruptor 0.91% Pedobacter 1.82% 
Chitinophaga 0.91% Pelagibius 0.91% 
Chloroflexus 0.91% Persephonella 0.91% 
Chondromyces 0.91% Phycisphaera 1.82% 
Coprothermobacter 0.91% Planctomyces 6.36% 
Corynebacterium 0.91% Prosthecobacter 0.91% 
Desulfotomaculum 0.91% Pseudochrobactrum 0.91% 
Desulfovibrio 0.91% Pseudomonas 0.91% 
Escherichia/Shigella 0.91% Rhodococcus 0.91% 
Fervidicoccus 0.91% Rubrobacter 0.91% 
Filimonas 0.91% Rudaea 0.91% 
Gemmata 7.27% Salicola 0.91% 
Gemmatimonas 0.91% Sediminibacterium 0.91% 
Halarsenatibacter 0.91% Segetibacter 0.91% 
Haliangium 0.91% Simkania 0.91% 
Haliscomenobacter 0.91% Singulisphaera 14.55% 
Halospina 0.91% Sneathiella 0.91% 
Hydrotalea 0.91% Solitalea 3.64% 
Kushneria 0.91% Sphingomonas 0.91% 
Lactobacillus 0.91% Terrimonas 2.73% 
Legionella 1.82% Thermacetogenium 2.73% 
Leptospira 0.91% Thermodesulfobium 0.91% 
Leptospirillum 0.91% Thermogymnomonas 0.91% 
Lewinella 0.91% Thiocystis 0.91% 
Massilia 0.91% Zavarzinella 11.82% 

 
 
 
 


