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1.1  Introduction 

Increasing emission of greenhouse gases since industrialization has substantially changed 

the atmospheric composition and is the primary cause of climate change (Krishnan et al., 

2020). Warming since 1950 has contributed significantly to weather and climate 

extremities, including heat waves, heavy precipitation, droughts, global monsoon pattern 

change, melting of glaciers, rise in sea level that have led to changes in marine and 

terrestrial ecosystems (Krishnan et al., 2020). In this regard, terrestrial microbial 

communities hold great significance as they play a crucial role in carbon (C) and nitrogen 

(N) cycles and lead to the emission of greenhouse gases like carbon dioxide (CO2),  

methane (CH4), and nitrous oxide (N2O) through decomposition of organic matter 

(Chatterjee and Saha, 2018; Dutta and Dutta, 2016; Singh et al., 2010). Therefore, soil 

microbial communities can provide positive feedback to climate change, and hence 

understanding the response of these communities to climate change requires much 

attention.   

The global mean surface temperature has increased by 1.5 ºC in the last century and is 

predicted to rise by 5 ºC at the end of the 21st century (“IPCC Climate Change 2013,” 

2013). However, the temperature rise will not be uniform globally, where some regions, 

including the high latitudes and mountains, will experience greater warming than the 

global average (Krishnan et al., 2020; Mountain Research Initiative EDW Working 

Group, 2015) (Figure 1.1). Among the mountain ecosystems, Himalaya is predicted to 

experience a temperature increase of about 5.2 °C under the RCP8.5 scenario by the 21st 

century (Shrestha et al., 2012a). Earlier studies prove that western Himalaya has already 

warmed by 0.9 °C from 1901–2003 (Dash et al., 2007). Moreover, it has been projected 

that warming will be more prominent in alpine regions (Chen and Tian, 2005; Mountain 

Research Initiative EDW Working Group, 2015). Almost one-third of India’s soil organic 
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C is present in the Himalaya (Bhattacharyya et al., 2008), of which alpine regions store a 

large proportion due to low decomposition and low turnover rate under extremely cold 

conditions (Budge et al., 2011). The alpine regions being C-rich and temperature-

sensitive, there are major concerns that rising temperature can deplete C store triggered 

by enhanced microbial decomposition, eventually reducing substrate for microbes and 

increasing C in the atmospheric pool (Bardgett et al., 2008; Donhauser and Frey, 2018; 

Trivedi et al., 2013).   

 

 

Figure 1.1 Projected temperature increase by the end of 21st across the globe. The white 
contour line depicts important mountain regions of the world (IPCC Climate Change 
2007). 
 

 

Plant communities sequester the atmospheric CO2 through photosynthesis, of which most 

are stored in the plant tissues, and the excess is excreted out as root exudates (Figure 1.2) 

(Trivedi et al., 2013). C from both root exudates and plant dead leaves and stems become 
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food for the microbes in the soil (Trivedi et al., 2013). The microbes degrade the SOC 

for sustaining their life processes and, in the process, liberate CO2 (Trivedi et al., 2013). 

The remaining C gets accumulated in the soil. The balance in the nature is such that soil 

acts as a C sink and currently stores about 2500 petagrams of C, which is 3 times that of 

the atmospheric pool (Figure 1.2) (Trivedi et al., 2013). There are two types of microbial 

communities in the soil, one that feeds on root exudates directly, and the other depends 

on the SOC store (Figure 1.3). The respiration from plant and microbial communities are 

termed autotrophic, and heterotrophic respiration, 

 

 

Figure 1.2 The role of plants and microbial decomposition in terrestrial carbon cycle. 
Background image courtesy to CMG Landscape Architecture (2000-2021). 
 

 

respectively, and together constitutes soil respiration (Trivedi et al., 2013).   Soil 

respiration is the largest land-to-air CO2 flux estimated to be 10 times more than the C 

liberated by anthropogenic sources (Hashimoto et al., 2015). Climate warming is 
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expected to increase C decomposition by microbes and, in turn, soil respiration providing 

positive feedback to climate warming (Bardgett et al., 2008).  

 

 

Figure 1.3 Effects of climate warming on soil microbial community and respiration and 
feed back to global climate warming.  
 

 

1.2  Review of literature 

The primary focus of this study was alpine bacterial communities. Upon in-depth review, 

it was found that studies have been conducted in some alpine ecosystems of the world, 

including Tibetan Plateau, Swiss, Italian, and European Alps, Colorado Rocky mountain, 

Peruvian Andes, Austrian Alps, Mount Fuji, Changbai Mountain and Mount Gongga 

(Donhauser and Frey, 2018) to understand the response of these communities to climate 

change (Figure 1.4, Appendix Table A1). These studies reveal a considerable bacterial 

diversity despite harsh and cold condition in the alpine environment. While it is well 

established that plant and animal diversity decreases with increasing elevation due to 

extreme climatic conditions at high altitudes, soil microbes are more adapted to cold 
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oligotrophic nutrient-limited conditions and follow distribution pattern that varied from 

place to place  (Bryant et al., 2008). Different environmental factors, including climate, 

vegetation and edaphic properties were found to primarily influence the community 

composition in the alpine soil (Donhauser and Frey, 2018).  

 

 

Figure 1.4 Climate change impact studies on alpine soil bacterial communities. The map 
was generated in Google maps and the satellite imagery used is a base map. 
 

 

The inconsistency in distribution patterns is mainly due to local edaphic conditions and 

climate variability (Singh et al., 2014; Yashiro et al., 2016). It is only when more studies 

on bacterial diversity patterns from alpine ecosystems having similar geological and 

climatic conditions are performed over spatial and temporal scales, appropriate 

conclusions can be made regarding their response to climate change. 

Current knowledge regarding soil bacterial community response to climate change is 

based mainly on studies conducted in the Tibetan Plateau (as can be seen by the high 

density of study points in the Figure 1.4), while the nearby Himalayan region entirely 
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lacks any such study. Major subject focus on soil bacterial research has been on applied 

and functional research, taxonomy, ecology, bacterial genetics/genomics and biodiversity 

conservation. Applied and functional research include investigation of soil bacterial 

diversity in different ecological niches along altitudinal gradients for isolation and 

identification of biotechnologically and agriculturally potential strains and novel species 

(Kasana and Yadav, 2007; Duraipandiyan et al., 2010; Bharti et al., 2010; Saba et al., 

2012; Sharma et al., 2014; Kshetri et al., 2015). 

Encompassing the world's highest mountain ranges, the Himalaya represents diverse 

ecosystems with immense biodiversity (Padma, 2014). In addition, it retains about 33% 

of India's C stock (Bhattacharyya et al., 2008) and has a critical role in the global carbon 

cycle and climate warming (Longbottom et al., 2014; Yang et al., 2008). However, our 

knowledge on soil bacterial community is limited to only their diversity and composition 

based on cloning techniques. Furthermore, studies based on metagenomics are at its 

nascent stage and no effort have been taken till date to understand the influence of 

environmental factors on these communities (Bhattacharya et al., 2016).  

Earlier studies on climate change impacts on soil bacterial communities involved 

laboratory incubation of soil samples at different temperatures (Figure 1.5) (Bradford et 

al., 2010). However, this approach led to changes in the microclimate and edaphic 

properties, and the results were unreliable. Recent strategies include the assessment of 

bacterial communities at their natural sites (Figure 1.5) (Donhauser and Frey, 2018). 

Some efforts have been made to use the deglaciation event for understanding patterns in 

the bacterial communities at different time periods of glacier retreat induced by climate 

change (Figure 1.5) (Ciccazzo et al., 2016; Hotaling et al., 2017) Another popular 

approach involves using elevation gradients as a proxy for climate change, where 

decreasing elevation represented increasing temperature (Figure 1.5) (Margesin and 



8 

 
 

Niklinska, 2019). The most recent approach consists of the use of open-top chambers 

(OTCs) to simulate climate warming in the field (Figure 1.5) (Donhauser and Frey, 2018; 

Marion et al., 1997).  

 

 

 

Figure 1.5 Different approaches to study climate change impacts on soil microbial 
communities. 
 

Microbial communities can be analysed through two different techniques, i.e., culture-

dependent and culture-independent, to estimate their diversity and taxonomic 

composition  (Figure 1.6) (Botta and Cocolin, 2012).  With the development of 

technology, we have now shifted from laborious culture dependent to fast and efficient 

next generation sequencing (NGS) (Suyal et al., 2019). Using this technique not only we 

can identify a large number of microbial taxa at species level in a community but also the 

metagenome functional potential by virtue of computational methods (Shendure and Ji, 

2008). NGS has several advantages over sanger sequencing (Figure 1.7) (Shendure and 

Ji, 2008).  Unlike sanger sequencing, NGS does not require cloning of microbial marker 

genes. Moreover NGS can generate millions of reads per sample at once and 96 samples 

can be sequence parallelly which saves both time and cost (Shendure and Ji, 2008). 
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Figure 1.6 Different techniques to analyse bacterial community diversity and functions. 

 

 

Figure 1.7 Work flow of (a) Sanger sequencing and (b) Next generation sequencing.
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1.3 Research objectives 

The proposed study aims to use  molecular data to understand the ecology of bacterial 

community including variation in their diversity, composition and functions in response 

to climate warming in alpine region of Gangotri National Park, western Himalaya. Earlier 

to this study, knowledge regarding the ecological traits of these communities and the 

impact of climate warming was entirely lacking. The primary focus of this thesis work 

was to generate baseline data on alpine soil bacterial community in the Himalaya. 

The objectives of this doctoral research are: 

1. Understanding the shifts in soil bacterial diversity and ecological traits at different 

periods post deglaciation of Gangotri glacier, western Himalaya. 

2. Assessing climate change impacts on soil bacterial diversity and functional traits 

using alpine elevation-vegetation gradient as proxy. 

3. Evaluating the role of temperature and edaphic factors in shaping the community 

diversity and composition along the elevation-vegetation gradient. 

4. Investigating bacterial community response to experimental warming in an alpine 

meadow. 

 

1.4  Research questions  

The specific questions of this doctoral research are: 

1. How soil bacterial communities respond to climate change in alpine region of 

Himalaya? 

2. What are the environmental parameters that influence the community diversity 

and composition ?
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1.5 Study area 

The study was conducted along a recently deglaciated valley in the upper Bhagirathi 

basin towards the snout of the Gaumukh glacier in Gangotri National Park, western 

Himalaya (30.95–30.99° N, 78.99–79.06° E) (Figure 1.8).  We selected an elevation 

gradient of ~ 700 m starting from 3373 m to 4020 m along the valley. The entire gradient 

encompasses a  ~14 km trail of 7 km2 area where anthropogenic interference is limited 

and livestock grazing is banned. In our study we have divided the gradient into low (3373-

3564 m), mid (3645-3770 m) and high (3890-4020m) elevation ranges as represented in 

figure 1.8 for ease in result interpretation.  

The Gangotri glacier is the largest in Himalaya, having a total ice cover of 200 km2 (Rao 

and Patil, 2017).  From 1935 to 1996, the glacier has retreated on an average of 19 m/year, 

double that of the previous century exposing 2.25 km2 (Rao and Patil, 2017). The 

deglaciated foreland now supports alpine and subalpine vegetation rich in high altitude 

flora that has been legally protected in the form of Gangotri National Park (Pusalkar and 

Singh, 2012). To understand the bacterial community succession with respect to plant 

community development after glacier retreat we selected three sites representing recent 

(~ 17 yrs.), intermediate (~ 120 yrs.), and late (~ 326 yrs.) post-deglaciation periods 

located at increasing distance from the snout of Gangotri glacier (three sites in high 

elevation zone in Figure 1.8). The recently deglaciated site represented a bare surface of 

sand, gravel, and small rocks. The intermediate site was characterized by fresh alluvial 

soil with sparse vegetation represented by pioneer communities such as Calamagrostis 

emodensis and other herbs.  The late-stage represented herbaceous formation where the 

soil was well developed. 



 12 

 

Figure 1.8 Map of the study area (a) Western Himalaya, India, (b) Gangotri National Park, and (c) soil sampling sites along a elevation gradient 
of ~ 700 m in Gangotri National Park. All maps were generated in ArcGIS version 10.7 (ESRI, CA, USA, https://desktop.arcgis.com/en/arcmap/). 
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High altitude habitats in the Himalaya, due to their ongoing formation in terms of soil 

and vegetation climax (Shrestha et al., 2012b), provide climate-vegetation gradient across 

short elevation ranges and are ideal for studies on bacterial community dynamics. To 

understand the impact of climate change on these communities we selected twelve 

altitudinal sites across the gradient on the south west facing slope of the valley for 

bacterial community analysis. Vegetation in this region changes with increasing elevation 

forming elevation-vegetation gradient from a subalpine forest in lower elevations to 

alpine scrub in mid and alpine meadow at the higher elevations (Pusalkar and Singh, 

2012). 

Majority of alpine meadows are covered by herbaceous meadows dominated by 

graminoids i.e., grasses and sedges (Tiwari et al., 2021b). The ability of the graminoid 

plant communities to adapt to harsh climate, translocate carbon compounds to the 

belowground parts and sensitivity to climatic conditions make these meadows 

ecologically important (Tiwari et al., 2021b). Soil bacterial community diversity and 

composition in these habitats are expected to change with rising temperature leading to 

change in their organic carbon decomposition rate setting positive feedback to climate 

warming. To understand the impact of increasing temperature on the  bacterial 

communities we conducted experimental warming using open top chambers to simulate 

climate warming in the alpine meadow (Marion et al., 1997). 
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1.6 Thesis Structure 

This thesis focuses on understanding the response of soil bacterial community to climate 

warming along elevation-vegetation gradient in the alpine region of a recently 

deglaciated valley towards Gangotri Glacier in Gangotri National Park, western 

Himalaya. To the best of my knowledge, this is the first study that provides baseline on 

soil bacterial community and the major environmental regulators along elevation-

vegetation gradient in the high altitude of the Himalaya.  

• The thesis 1st chapter provides insight into the ecological traits of the bacterial 

community during succession at different time periods post-deglaciation of 

Gangotri glacier, using 16S metagenomics.  

• The 2nd and 3rd chapter aims to understand the impact of climate warming on the 

community along an alpine elevation-vegetation gradient and identify the direct 

and indirect impacts of temperature and edaphic properties using metagenomics 

and statistical models.  

• The 4th chapter aims to confirm the impact of rising temperature on the 

community through experimental warming using open-top-chambers at an alpine 

meadow. 

• In the thesis conclusion, the key findings of each chapter have been highlighted, 

and the implications regarding the impact of climate warming on alpine soil 

bacterial community have been discussed.  

This work substantially enhances our understanding of the relationship of soil bacterial 

community to temperature and edaphic properties in the western Himalaya. Overall, the 

study will assist in the prediction of the soil bacterial response to future climate warming.  
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                                                                             ©Pankaj Tiwari 

Chapter 2 

Shifts in soil bacterial community diversity, 
composition and functional traits along glacial foreland 
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2.1 Introduction 

Increasing global average surface temperature since the past decade has led to rapid 

changes in terrestrial ecosystems (Cramer et al., 2001). The high altitude ecosystems and 

polar regions have particularly experienced higher warming rates, leading to rapid 

melting of ice and retreat of glaciers (SchüTte et al., 2010; Venkatachalam et al., 2021; 

Wu et al., 2012). As the glaciers retreat, new lands are exposed for colonization by 

pioneer bacterial communities capable of surviving in cold oligotrophic environments 

primarily by utilizing atmospheric carbon (C) and nitrogen (N) depositions as energy 

sources (Hotaling et al., 2017; Schütte et al., 2009). Increasing bacterial activity promotes 

mineral weathering leading to nutrient mobilization and soil formation (Alfaro et al., 

2020; Hotaling et al., 2017; Kim et al., 2017; Schütte et al., 2009). Availability of 

essential nutrients such as phosphorus (P), calcium, and potassium facilitates the 

recruitment and growth of other microbial communities and plant colonization (Alfaro et 

al., 2020; Frkova et al., 2021). Microbial activity and primary production eventually drive 

biogeochemical transformations in recently exposed soils leading to the gradual 

accumulation of organic matter and ecosystem maturation (Alfaro et al., 2020; Bradley 

et al., 2017). Despite the critical role of bacterial communities in initiating soil and 

ecosystem development, there is limited understanding of the ecological attributes of the 

community, including the relationship between their composition and functional traits, 

interspecies interactions, and environmental control on the diversity. Understanding the 

ecological characteristics of abundant bacterial taxa is required for insight into the crucial 

microbial process involved in ecosystem development.  

Taxonomic classification of bacterial meta-genome is gradually progressing with cost-

effective next-generation sequencing techniques (Gilbert and Dupont, 2011). However, 

the functional traits of bacterial communities are poorly characterized due to the low 
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similarity of environmental 16S rRNA sequence with the existing meta-genome 

databases (Gilbert and Dupont, 2011). Additionally, functional characterization of the 

meta-genomes using meta-transcriptomics is expensive (Feng et al., 2020; Gilbert and 

Dupont, 2011). Therefore, this has inhibited understanding the functional potential of the 

newly evolving ecosystems post-deglaciation. Recently, efforts have been made to 

predict bacterial meta-genome functions using various less expensive computational 

approaches based on 16S rRNA sequences (Ortiz-Estrada et al., 2019). PICRUST 

platform is one of the effective computational tools to predict soil bacterial functions 

taking into account the relationship between phylogeny and function (Langille et al., 

2013). Although these metagenome function prediction tools are widely used for 

environmental bacterial community function prediction, they have certain limitations (S. 

Sun et al., 2020). Since the microbial metagenome database used for alignment of the 

16S rDNA sequences majorly represent microorganisms associated with human 

microbiota, the predictive power of these tools for environmental samples is 

compromised and needs to be used with caution (S. Sun et al., 2020). 

The Himalayan region, representing the highest mountain ranges globally, has warmed 

significantly in the past years and is predicted to experience a temperature rise of 3 °C by 

2050 (Shrestha et al., 2012b). Almost 17% of the Himalayan landscape is glaciated, of 

which 21% have retreated over the last 50 years (Rao and Patil, 2017). The Gangotri 

glacier is the largest in Himalaya, having a total ice cover of 200 km2 (Rao and Patil, 

2017).  This glacier is the primary source of the river Ganga on which 42% of the Indian 

population is dependent (Misra, 2011). From 1935 to 1996, the glacier has retreated on 

an average of 19 m/year, double that of the previous century exposing 2.25 km2 (Rao and 

Patil, 2017). The deglaciated foreland now supports sub-alpine and alpine vegetation rich 

in high altitude flora that has been legally protected in the form of Gangotri National Park 
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(Pusalkar and Singh, 2012). Quantification of soil microbial community along a temporal 

sequence in glacial forelands advances our understanding of the past and future trends in 

ecosystem functioning during deglaciation.  In this study, we investigated the succession 

in soil bacterial community at different periods in the forelands of Gangotri glacier with 

the following objectives:  i) assessment of the shift in bacterial community richness, 

diversity, and composition at different taxonomic levels (phyla, class, and genera), ii) 

assessment of bacterial co-occurrence pattern,  iii) evaluation of the shifts in the 

community traits associated with a) most abundant functions and b) biogeochemical 

cycles, i.e., C, N, P and sulphur (S), and iv) evaluate the impact of environmental factors 

on the community diversity and composition.  

 

2.2 Study area 

The study was conducted along an alpine glacier foreland on the southwest-facing slope 

of the Gangotri glacier located in western Himalaya, India (30.95-30.99° N, 78.99-79.06° 

E, 4000 m above mean sea level) (Figure 2.1). We selected three sites representing recent 

(~ 17 yrs.), intermediate (~ 120 yrs.), and late (~ 326 yrs.) post-deglaciation periods 

located at increasing distance from the snout of Gangotri glacier (Figure 2.2). We 

calculated the age of each site by calculating the average rate of glacier retreat via Google 

earth imagery from 2010 to 2016 (Figure 2.2 and Table 2.1). Using the images the 

distance between the glacier snout at different time periods were used to estimate the rate 

of glacier retreat (Rao and Patil, 2017) (Figure 2.2 and Table 2.1). The recently 

deglaciated site was 340 m away from the snout and represented a bare surface of sand, 

gravel, and small rocks (Figure 2.2 and Table 2.1). The intermediate site was 1.96 km 

away from the snout, characterized by fresh alluvial soil with sparse vegetation 
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represented by pioneer communities such as Calamagrostis emodensis and other herbs 

(Table 2.2).  The late stage was 3.8 km away from the snout, where the soil  

 

 

Figure 2.1 Map of the study area (a) Western Himalaya, India, (b) Gangotri National 
Park, and (c) soil sampling sites representing three post-deglaciation periods in Gangotri 
National Park. All maps were generated in ArcGIS version 10.7 (ESRI, CA, USA, 
https://desktop.arcgis.com/en/arcmap/).  
 
 
was well developed, representing herbaceous formation. From the recent to the late stage, 

the soil pH ranged from 6.7 ± 0.3 to 4.9 ± 0.3 (Table 2.2). Soil organic carbon (SOC) and 

total nitrogen (TN) ranged from 0.4 ± 0.03 to 56.2 ±11.8 g Kg-1 and 0.1 ± 0.01 to 4.2 ± 

0.3 g Kg-1, respectively (Table 2.2). The region is completely covered with snow from 

December to mid-May (Pusalkar and Singh, 2012; Tiwari et al., 2021c). Mean annual 

precipitation (MAP) and mean annual temperature (MAT) close to the study sites were 

around 1500 mm and 2.92 ± 0.36 °C, respectively (Sanyal et al., 2013; Tiwari et al., 

2021b). 
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Figure 2.2 Soil sampling sites at different post-deglaciation periods of gangotri glacier and 
google earth images showing retreat of Gangotri glacier since 2010. (a) Gangotri National 
Park in western Himalaya, (b) soil sampling sites representing three post-deglaciation 
periods in Gangotri National Park, (c) recent deglaciation site (~ 17 yrs), (d) intermediate 
deglaciation site (~ 120 yrs), (e) late deglaciation site (~ 326 yrs), (f) location of the glacier 
in 2010, (g) location of the glacier in 2012, and (g) location of the glacier in 2016. S 
represents our first soil sampling site in the year 2016.  
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Table 2.1 Distance and deglaciation time of each site from the snout of the Gangotri 
glacier.  
 
 

Deglaciation 
period 

Distance from 
glacier snout 

(m) 

Rate of 
deglaciation 

(m/year) 
Years of 

deglaciation 
References for rate of 

deglaciation 

Recent  340 20 17 Google earth images  
(Figure 2.2) 

Intermediate  1960 19 120 Rao and Patil, 2017  

Late  3800 7.3 326 Rao and Patil, 2017 

 

 

2.3 Materials and Methods 

2.3.1 Site selection and soil sampling 

We selected four 5 × 5 m plots (approximately 50 m apart) at each site. In each plot, five 

1 × 1 m sub-plots were selected randomly to better represent habitat heterogeneity before 

vegetation analysis and soil sampling (Figure 2.3). Sampling was performed in autumn 

of 2016 between 24th to 27th October. Vegetation was estimated at each subplot by the 

quadrat method (Gleason, 1920). At each subplot, five soil cores (~ 1 g each) were 

collected at four corners and center from 5 cm depth using hand-held sterile soil corer 

(50 ml centrifuge tube of diameter 2.5 cm, Tarsons Products Pvt. Ltd, India). Before soil 

collection, aboveground vegetation and leaf litter were removed if present. Based on the 

design of Lanzén et al. (2016) (Lanzén et al., 2016), soil cores at each plot (n = 25) were 

pooled in a sterile zip-lock bag homogenized.  We aliquoted 5 g soil from this pool and 

preserved it in 100% ethanol (Merck, Germany) for molecular analysis (Harry et al., 

2000). The remaining soil was kept for soil physicochemical analyses. All samples (n = 

4 per site) were transported in a cool box containing dry ice within 48 hours of sampling 

to the laboratory for downstream analysis.
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Table 2.2 Dominant plants and edaphic properties including soil moisture content (SMC), pH, soil organic carbon (SOC), total nitrogen (TN), 
and carbon to nitrogen ratio (C/N) across three sites post-deglaciation of Gangotri glacier, Himalaya. Values are mean ± SE of mean, n = 4. 

Deglaciation 
period 

Altitude 
(m.a.s.l) Vegetation MAT SMC (%) SOC (g Kg-1) TN (g Kg-1) C/N ratio pH 

Recent 3940 – 4036 m Barren land 1.8 ± 0.16a 5.8 ± 1.9a 0.4 ± 0.03a 0.1 ± 0.01a 4.3 ± 0.7a 6.7 ± 0.3a 

Intermediate  3930 – 3970 m 

Calamagrostis 
emodensis, 
Saxifraga 
brunoniana, 
Anaphalis 
contorta, 
Chamerion 
speciosum 

2.2 ± 0.07a 6.7 ± 2.9a 1.5 ± 0.5b 0.14 ± 0.03b 10.4 ± 0.7b 5.8 ± 0.4ab 

Late  3980 – 4020 m 

Geranium 
himalayense, 
Aconogonum 
tortuosum, Nepeta 
discolor, 
Potentilla 
atrisanguinea 

1.9 ± 0.05a 20.1 ± 2.2b 56.2 ±11.8c 4.2 ± 0.3c 13.2 ± 2.2b 4.9 ± 0.3b 
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2.3.2 Measurement of soil properties 

We estimated soil properties, including soil moisture content (SMC), pH, SOC, TN, and 

carbon to nitrogen ratio (C/N). SMC was measured gravimetrically using 5 g soil sample 

immediately after soil transport to the laboratory (Rayment and Lyons, 2011). The 

remaining soil was air-dried and made free of gravels, plant roots, and leaf litter by 

sieving through a 1 mm sieve. We measured soil pH using a glass electrode pH meter 

(Sension 7, Hach Company, USA) in a suspension (1:2.5 (w/v)) of soil in deionized water 

(Blakemore et al., 1987). SOC and TN were measured using the potassium dichromate 

(K2Cr2O7) oxidation method (Walkley and Black, 1934) and Kjeldahl method (Bremner, 

2018) using Kjeltec 8400 (Foss India Pvt. Ltd), respectively. C/N ratio was estimated 

from the SOC and TN values. 

 

 

Figure 2.3 Soil sampling site and sampling design. 
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2.3.3 DNA extraction, PCR amplification, and Illumina sequencing 

Approximately 0.25 g of each soil sample was taken to extract environmental genomic 

DNA using a Nucleopore GDNA soil kit (Genetix Biotech Asia Pvt. Ltd, India) following 

the manufacturer's instructions. DNA concentrations were estimated using Qubit dsDNA 

HS Assay Kit (Life Technologies, USA). The bacterial V3 and V4 regions were amplified 

using the primer pair 338F (5′-CCTACGGGNGGCWGCAG-3′) and 806R (5′-

GACTACHVGGGTATCTAATCC-3′) (Luo et al., 2019) with Illumina 16S 

Metagenomics Sequencing library preparation protocol. The PCR reaction was 

conducted with 12.5 µl of 2X Kappa Hifi Hotstart ReadyMix (Kappa Biosystems, Roche 

Sequencing and Life Science, USA), 1 µl each of 5 µM forward and reverse primer and 

10.5 µl of the template (12.5 ng of microbial DNA). The conditions for PCR reaction 

included an initial denaturation of 95 °C for 3 min, followed by 25 cycles of 95 °C for 30 

s, 55 °C for 30 s, and 72 °C for 30 s, followed by a final extension for 10 min at 72 °C. 

A negative PCR (no template DNA) was included to monitor contamination. We purified 

and barcoded PCR products using Nextera XT kit (Illumina Inc., United States) and 

normalized amplicons to 2 nM for each library. An equal volume of each library was 

pooled, denatured, and diluted to 4 pM before loading onto the MiSeq flow cell (Illumina 

Inc., United States). Sequencing was performed at the Next Generation Genomics 

Facility at Center for Cellular, and Molecular Platforms (C-CAMP), Bangalore, India, 

using a 2×300 bp paired-end protocol on the Illumina MiSeq platform. 

 

2.3.5 Sequence Data Processing 

We used the MiSeq S.O.P. pipeline in Mothur v.1.40.5 to process Illumina-generated raw 

sequences (Kozich et al., 2013; Schloss et al., 2009).  We prepared full-length sequences 

from which good reads (> 460 bp length with no homopolymer stretches longer than 8bp) 
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were identified and clustered (based on ≥ 97% similarity) using 16S rRNA reference 

database Greengenes (v.13_5). Subsequently, chimeric sequences were removed using 

Uchime, followed by all singletons, chloroplasts, archaea, mitochondria, and unknown 

origin sequences (Edgar et al., 2011).  We used high-quality sequences to estimate pair-

wise distances and generate single-linkage clusters with ≥ 97% sequence similarity. The 

longest read from each cluster was used as the reference sequence for a taxonomic 

assignment against the Greengenes database (v.13_5). Quantitative estimates of 

individual reads per taxonomic unit were generated from all sequences in each cluster 

and their replicates (≥ 97% similarity). The dataset was normalized by rarefying the 

sequences to the lowest sample-specific sequencing depth with maximum Good's 

coverage (Kozich et al., 2013). Finally, the sequences were clustered into different 

taxonomic levels for operational taxonomic unit (OTU) abundance and composition 

analysis. The data were sorted to separate the abundant and rare taxa based on their 

relative abundances. OTUs with ≥1% relative abundance was considered abundant, 

whereas ≤0.1% was considered rare (Pedrós-Alió, 2006). 

 

2.3.6 Co-occurrence network construction 

Bacterial interspecies interactions were identified by constructing co-occurrence 

ecological networks using Random Matrix Theory (RMT)-based method in Molecular 

Ecological Network Analysis (MENA) pipeline (Deng et al., 2012; Zhou et al., 2011). 

We performed Pearson correlation (p<0.05) between OTUs at genus level having relative 

abundances > 0.1% in all samples during network construction at an identical similarity 

threshold of 0.87 between recent and intermediate communities (network-RI) and 

intermediate and late communities (network-IL). Two networks (RI and IL) were 

constructed to understand the shift in interspecies interaction during bacterial succession 
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from one period to the other. Various indices were calculated, including node and link 

numbers, average degree (avgK), average clustering coefficient (avgCC), average path 

distance (GD), density (D), modularity (M), and connectedness (Con) to evaluate and 

compare the overall topological features of the networks (Deng et al., 2012). The 

networks were separated into different modules using fast greedy modularity 

optimization (Deng et al., 2012) and a submodule structure layout for the network graphs 

were visualized using Cytoscape 3.8.2 (Shannon et al., 2003).  In the graphs, each node 

represents one genus, and each link represents one significant correlation.  

 

2.3.7 Functional analysis of the bacterial community 

The genetic functional potential of the bacterial community was predicted using 

PICRUST (Phylogenetic Investigation of Communities by Reconstruction of 

Unobserved States) pipeline on the galaxy server (Langille et al., 2013) 

(https://galaxyproject.org/use/langille-lab/). Taxonomic classification of 16S sequences 

at ≥ 97% similarity was conducted against the Greengenes database. Each 16S sequence 

was processed to pre-computed closed-reference OTUs against the Greengenes database 

13.5 to find the "nearest neighbour of the reference sequence". The OTU. table was 

normalized according to the 16S rRNA gene copy number. The functional prediction was 

performed using the normalized OTU table against the Kyoto Encyclopedia of Genes and 

Genomes (KEGG) orthology database. The KEGG orthology (KO) assignments were 

performed at level 1 and 2 categories. The nearest sequence taxon index assessed the 

accuracy of the predicted metagenome. For our analysis, we classified the predicted 

functions into most abundant traits having relative abundance ≥1% at KO levels 1 and 2. 

Relative abundance of genes (Table 2.3) involved in C, N, S, and P cycles were calculated 

from the predicted functions of the meta-genome. 
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Table 2.3 Genes involved in biogeochemical cycles. 

Biogeochemical 
cycle Pathways Genes involved 

Carbon 

Carbon fixation 
Carbon-monoxide dehydrogenase,acetyl-CoA 
decarbonylase/synthase, formate dehydrogenase 
and formate-tetrahydrofolate ligase 

Chitin decomposition 

Chitinase, bifunctional chitinase/lysozyme, 
alpha-N-acetylglucosaminidase, beta-
hexosaminidase and beta-N-
acetylhexosaminidase 

Lignin decomposition Tyrosinase 

Pectin decomposition Polygalacturonase and alpha-L-rhamnosidase 

Cellulose 
decomposition 

Endoglucanase, beta-glucosidase, cellulose 1,4-
beta-cellobiosidase, 6-phospho-beta-glucosidase 
and glucan 1,3-beta-glucosidase 

Hemi-cellulase 
decomposition 

Endo-1,4-beta-xylanase 

Starch decomposition 
Alpha-amylase, pullulanase, glucoamylase, 
cyclomaltodextrinase and isoamylase 

Nitrogen 

Nitrogen fixation Nitrogenase 

Nitrification 
Ammonia monooxygenase, hydroxylamine 
oxidase and nitrate reductase 

Dissimilatory nitrate 
reduction 

Nitrate reductase, periplasmic nitrate reductase, 
nitrite reductase and cytochrome c-552 

Assimilatory nitrate 
reduction 

Ferredoxin-nitrate reductase and nitrate 
reductase 

Denitrification 
Nitrate reductase, periplasmic nitrate reductase, 
nitrite reductase, nitric oxide reductase and 
nitrous-oxide reductase 

Nitrogen 
mineralization 

Leucyl aminopeptidase, urease and arginase 

Phosphorus 
Phosphorus 
mineralization 

Alkaline phosphatase, phosphodiesterase, acid 
phosphatase and 4-phytase acid phosphatase  

Sulphur 

Dissimilatory sulfate 
reduction 

Sulfate adenylyltransferase, adenylylsulfate 
reductase and sulfite reductase 

Assimilatory sulfate 
reduction 

3'-phosphoadenosine 5'-phosphosulfate 
synthase, sulfate adenylyltransferase, 
bifunctional enzyme, sulfate adenylyltransferase, 
adenylylsulfate kinase, phosphoadenosine 
phosphosulfate reductase and sulfite reductase 
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2.3.8 Data analysis 

We calculated bacterial alpha diversity through three indices: species richness (Sobs), 

evenness, and diversity based on Shannon's Index (H) (Spellerberg and Fedor, 2003) for 

each sample using the Mothur platform. Before the analysis, we tested normality and 

heteroscedasticity of data by the Shapiro-Wilk and Levene tests, respectively. We used 

One-way analysis of variance (ANOVA) to determine significant differences in 

environmental variables, alpha diversity indices, and functional traits between the sites. 

Further, Tukey's honest significance difference (HSD) post-hoc test was applied for pair-

wise comparisons of mean at 95% confidence intervals where differences were 

significant.  

We calculated the Bray-Curtis dissimilarity matrix for beta diversity estimation after 

Hellinger transformation of rarefied abundance data at phyla, class, and genus levels. For 

visual interpretation of differences in the bacterial community, composition principal 

coordinates analysis (PCoA) using the Bray-Curtis dissimilarity matrix was used. We 

used Multi-Response Permutation Procedure (MRPP) analysis (Oksanen et al., 2019) 

with 9,999 permutations to test any significance in compositional differences.  

We performed multiple ordinary least square (OLS) regression analyses with stepwise 

forward selection to assess the relationship of environmental variables with bacterial 

richness, evenness, and diversity. Since SOC and TN showed high correlation (r = 0.94, 

p < 0.001) (Figure 2.4), regressions were performed with SOC only. Based on Akaike's 

information criterion, the most parsimonious model was selected (Johnson and Omland, 

2004). We performed the Mantel test with Pearson correlation to test the relationship of 

bacterial community composition with environmental variables. A forward selection was 

performed with environmental variables using stepwise regression (with 999 

permutations), followed by Redundancy analysis (RDA) using Hellinger transformed 
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Figure 2.4 Correlogram showing Pearson correlation between bacterial richness, 
evenness, diversity, and environment variables. 
 

 

bacterial abundance data to identify environmental variables that significantly explained 

the variation in abundant phyla. Only those environmental variables having VIF value 

less than 10 were included in the analysis. The RDA model and the environmental 

variables were tested by permutation test using ANOVA. Finally, we performed a 

structural equation model (SEM) analysis to determine both direct and indirect effects of 

environmental variables on bacterial richness, α-diversity, and composition. We used the 

first axis of PCoA of the Bray-Curtis dissimilarity matrix for the community composition  

(Li et al., 2015). We developed a path model based on theoretical knowledge to relate 

environmental variables including vegetation, MAT, SMC, SOC, C/N, and pH with 

bacterial richness, diversity, and composition. To improve the fit between the model and 

the data, the initial theoretical model was modified for the correct specification of 
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theoretical causal relationships between variables before analysis. Maximum likelihood 

estimation was used to compare the SEM model with the observations. The model fitness 

with the data was tested using Comparative Fit Index (CFI), Akaike Information Criteria 

(AIC), and Root Square Mean Errors of Approximation (RMSEA). Good model fits were 

indicated by a high CFI (> 0.90), low AIC, and low RMSEA(< 0.05) (“Structural 

Equation Modeling and Natural Systems by J. B. GRACE,” 2007). All analyses were 

conducted in R 4.0.3 (http://www.R-project.org/) through RStudio 1.3.1093, 2020 

(https://rstudio.com/products/rstudio/) using vegan 2.5-7 (https://cloud.r-

project.org/package=vegan), lavaan 0.6-9 (https://cloud.r-project.org/package=lavaan), 

dplyr 1.0.5 (https://cloud.r-project.org/package=dplyr) and ggplot2 3.3.3 (https://cloud.r-

project.org/package=ggplot2) (Oksanen et al., 2019; R Core Team, 2020). 

 

2.3.9 Availability of data and material 

The DNA sequence data set has been deposited to the National Centre for Biotechnology 

Information (NCBI) Short Read Archive (https://www.ncbi.nlm.nih.gov/sra). The 

BioProject accession number is PRJNA754406. 

 

2.4 Results 

2.4.1 Variation in soil properties  

Soil properties varied significantly across the sites (Table 2.2). SMC, SOC, TN, and C/N  

significantly increased (p < 0.05), while pH significantly decreased (p < 0.05) from the 

recent to late stage. MAT showed no significant difference (p = 0.079). 
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2.4.2 Variation in bacterial α-diversity  

Illumina sequencing across 12 samples resulted in a total of 654,842 high-quality 

sequences averaging 54,570 ± 8,940 sequence reads per sample (Table 2.4). Good's 

coverage ranged from 92% to 99.9% (Table 2.4), indicating that the sequencing was 

adequate and represented most of the bacterial communities at the study sites.   

The alpha diversity indices indicated that bacterial community richness, evenness, and 

Shannon diversity increased significantly from 816 to 8008, 0.36 to 0.83, and 2.42 to 

7.52, respectively, from the recent to late-stage post-deglaciation (p < 0.05) (Figure 2.5). 

 

Table 2.4 Number of sequences and Good’s coverage at all sampling sites. 

Sample 
number 

Altitude 
(m) 

Date of 
sampling 

Sample 
ID 

Total paired 
end reads 

Total quality 
reads 

Good's 
coverage (%) 

1 4036 October_2016 RS1 168068 58742 0.99 
2 4025 October_2016 RS2 144905 50092 0.99 
3 3975 October_2016 RS3 164238 40601 0.99 
4 3940 October_2016 RS4 163849 56245 0.99 
5 3970 October_2016 IS1 151220 42596 0.99 
6 3940 October_2016 IS2 213886 73403 0.98 
7 3930 October_2016 IS3 188478 60673 0.98 
8 3922 October_2016 IS4 188389 60044 0.98 
9 4020 October_2016 LS1 235374 56467 0.94 
10 4000 October_2016 LS2 285827 53606 0.92 
11 3990 October_2016 LS3 301118 56241 0.93 
12 3980 October_2016 LS4 311183 46132 0.93 

 

 

2.4.3 Variation in bacterial β-diversity 

Considering a ≥ 97% sequence similarity, we identified 42794 OTUs that were classified 

into 37 phyla (97% of the OTUs), 93 classes (96.9%), 168 orders (72.4%), 332 families 

(68.5%), 452 genera (57%) and 86 species (1%). Due to the low classification percentage 

at the species level, all further diversity analyses were conducted at phyla, class, and 

genera level only.   
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Figure 2.5 Variation in bacterial alpha diversity indices at different deglaciation periods. Significant differences in alpha diversity indices 

was assessed by one way ANOVA followed by Tukey's honest significance difference (HSD) post-hoc test. Bars represent mean ± SE of 

mean, n = 4. Different letters (above each bar) indicate a significant difference between the periods (p < 0.05).  
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The number of abundant bacterial taxa and their relative abundances increased drastically 

from recent to late stages at all three taxonomic levels (Figure 2.6a). At phyla level the 

increasing abundant taxa were Proteobacteria (relative abundance from recent to 

intermediate to late-stage: 6.8-27.2-14.5%), Firmicutes (1.4-0.9-24.2%), Planctomycetes 

(0.01-0.36-7.6%), Acidobacteria (0-1.3-6%), Verrucomicrobia (0.01-0.5-5.8%), 

Candidatus TM6 (0.003-0.12-4.1%), and Chloroflexi (0.04-0.17-3.6%), while the 

decreasing abundant taxa was Actinobacteria (89%-62%-27.5%). Increasing abundant 

taxa at class level were Bacilli (0.53-0.6-22.9%), Thermoleophilia (0.09-0.5-9.3%), 

Alphaproteobacteria (1.4-14.5-10.44%), Planctomycetia (0.01-0.27-5.5%), and 

Spartobacteria (0.01-0.43-5.4%), while Actinobacteria (90-62-15.7%) decreased 

inabundance.  At genus level Bacillus (0.08-0.04-16.5%), Candidatus DA101 (0.01-

0.375-5.11%), Sporosarcina (0-0.38-3.2%), Rhodoplanes (0.01-1.03-3.3%), and 

Pseudonocardia (0.07-0.07-2%) became more abundant, while Mycobacterium 

decreased (89%-62%-0.9%). This increase in abundance of bacterial taxa led to a more 

evenly distributed community in the late stage compared to the recent stage, which was 

dominated by a single bacterial taxon at different taxonomic levels viz., Actinobacteria 

at phyla and class level (89% and 90%, respectively) and Mycobacterium (89%) at the 

genus level. 

Bacterial beta-diversity varied significantly between the three habitats as indicated by the 

MRPP analysis at phyla (A = 0.439 and p < 0.001), class (A = 0.398 and p < 0.001) and 

genus levels (A = 0.357 and p < 0.001). The significant change in bacterial beta diversity 

is visually represented by PCoA analysis (Figure 2.6b), where three distinct clusters were 

formed at three levels.
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Figure 2.6 Variation in bacterial beta diversity at different post-deglaciation periods. (a) Relative abundances of bacterial phyla, class, and 
genera across the periods.  Here "Others" represent all taxa with relative abundances < 1% and (b) Principal coordinates analysis (PCoA) based 
on Bray-Curtis dissimilarity of bacterial communities at phyla, class, and genera levels. 
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2.4.4 Bacterial co-occurrence pattern across the site 

 The bacterial co-occurrence networks between the sites showed all features of ecological 

networks, including scale-free (R2 of power-law ranged from 0.57 to 0.61), small world 

(GD ranged from 3.1 to 3.5), non-random, and modular (modularity = 0.53) (Table 2.5). 

Comparison of topological features showed that the number of nodes, links, and links per 

node was greater in the network-IL than network-RI by 168%, 455%, and 110%, 

respectively (Supplementary Table S4 and Fig. 3). In both the networks, 4 joint modules 

having nodes ≥6 were observed within the bigger network (Fig. 2.7 and Appendix Figure 

A1). The modules in network-IL showed 15% more positive interactions than network-

RI. In network-RI, most genera belonging to the phyla Proteobacteria, Actinobacteria, 

Verrucomicrobia, and Bacteroidetes showed more negative interactions than positive. In 

network-IL, most genera of the phyla Proteobacteria, Actinobacteria, Planctomycetes, 

Gemmatimonadetes, and Bacteroidetes showed more positive interactions, while 

Verrucomicrobia, Acidobacteria, and Firmicutes showed more negative interactions. The 

avgK, avgCC, GD, and Con increased by 102%, 28%, 12%, and 5%, respectively, from 

network-RI to network-IL, whereas D decreased by 24%. 
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Table 2.5 Co-occurrence network topological properties for networks between recent and 
intermediate communities (Network-RI) and intermediate and late communities 
(Network-IL). 

 Network Indices Network-RI  Network-IL 
    
Empirical 
network R square of power-law 0.614 0.577 
 Total nodes 45 121 
 Total links 86 478 
 Links per node 1.9 4 
 Positive co-occurrence (%) 35 50 
 Modularity(fast greedy) 0.525 0.529 
 Connectedness (Con) 0.756 0.798 
 Average degree (avgK) 3.822 7.901 
 Average clustering coefficient (avgCC) 0.371 0.476 
 Average path distance (GD) 3.08 3.46 
 Density (D) 0.087 0.066 
       
Random 
network Average path distance (GD) 2.825 +/- 0.088 2.630 +/- 0.029 
 Average clustering coefficient (avgCC) 0.130 +/- 0.031 0.112 +/- 0.013 
 Modularity(fast greedy) 0.391 +/- 0.015 0.280 +/- 0.009 
 Connectedness (Con) 0.980 +/- 0.039 0.994 +/- 0.013 
    



 37 

 
 
Figure 2.7 Submodule structure layout of bacterial co-occurrence networks of (a) recent and intermediate communities (Network-RI) and (b) 
intermediate and late communities (Network-IL) based on Random Matrix Theory. Each node represents a genera, and each straight line (link) 
represent a significant (p < 0.05) correlation. Nodes of the same color represent the same phyla the genera belong to. Nodes with triangle shapes 
represent genera with increasing abundance, inverted triangle shapes represent decreasing abundance, and oval shapes represent genera with no 
change in their relative abundance. Green and red lines indicate positive and negative correlations between nodes, respectively. Each module in 
the network is represented by a circle composed of nodes. 
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2.4.5 Shifts in abundant functional traits of the bacterial community 

 
PICRUST predicted metagenome functions are shown in Figure 2.8 and 2.9, representing 

the most abundant traits and biogeochemical cycles, respectively, at levels 1 and 2 KO 

categories. The nearest taxon sequence index (NSTI) value of the samples ranged from 

0.008 to 0.24. At level 1 KO category, we identified four abundant functional pathways 

of the metagenome, i.e., metabolism, environmental information processing, genetic 

information processing, and cellular processes. Of these functions, the relative 

abundances of the environmental and genetic information processing (6.8-12% and 4-

10%, respectively) and cellular processes (0.12-1.4%) increased significantly from the  

 

 

Figure 2.8 Relative abundance of most abundant predicted metagenome functions at 
level 1 KO category across different post-deglaciation periods. Each bar represents the 
relative abundances of all pathways associated with the abundant functions at the level 2 
KO category. 
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recent to late-stage (p < 0.05). In contrast, the relative abundance of metabolism, the 

dominant pathway at the recent stage, decreased drastically in the later stage (38-24%, p 

< 0.05) (Figure 2.8). However, we observed an increase in the relative abundance of 

energy and enzymes metabolism at the level 2 KO category.   

 

2.4.6 Shifts in biogeochemical pathways of the bacterial community 

The overall relative abundance of genes involved in each of C, S, and P cycles increased 

significantly (p < 0.05), whereas that of N remained the same from recent to late-stage at 

level 1 KO category (p = 0.92) (Figure 2.9). Relative abundance of both labile (cellulose, 

hemicellulose, and starch) and recalcitrant (chitin and pectin) C decomposition and C  

 

 

Figure 2.9 Relative abundance of genes involved in carbon (C), nitrogen (N), phosphorus 
(P), and sulfur (S) cycles across different post-deglaciation periods. Each bar represents 
relative abundances of all pathways of the C, N, S, and P cycles at the level 2 KO 
category.  
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fixation pathways significantly increased (p < 0.05) post-deglaciation at level 2 KO. 

Although the overall relative abundance of N cycling genes showed no change, N 

fixation, nitrification, and denitrification relative abundances increased. On the other 

hand, the relative abundance of dissimilatory N reduction pathways decreased (p < 0.05). 

 

2.4.7 Factors affecting α and β-diversity 

Multiple linear regressions showed that SMC, SOC and C/N ratio positively affected α-

diversity across the sites (Table 2.6). Variability in richness (R2 = 0.8, p < 0.001) was 

significantly explained by SMC and CN ratio, while that in evenness (R2 = 0.67, p < 

0.001)  and diversity (R2 = 0.7, p < 0.001) were significantly explained by SOC. We 

found no significant relationships between α-diversity and pH, CN, and MAT. The 

mantel test showed that β-diversity was significantly correlated to all the measured soil 

properties (SMC: r = 0.565, p < 0.001; SOC: r = 0.66, p < 0.01; TN: r = 0.715, p < 0.01; 

C/N: r = 0.419, p < 0.05, and pH: r = 0.365, p < 0.05) and not MAT. 

 

Table 2.6 Multiple linear regression models show a significant relationship between 
richness, evenness, diversity, and environmental variables. 
 

α-diversity Predictor 
variables R2 α β F p AIC 

        
Richness  SMC 0.8 2.6 (0.14) 0.022 (0.01) 17.97 <0.0007 -34.65 
 CN 0.056 (0.02) 
        
Evenness SOC 0.67 0.46 (0.05) 0.006 (0.001) 20.53 < 0.001 -46.38 
        
        
Diversity  SOC 0.7 3.42 (0.46) 0.066 (0.01) 23.9 < 0.001 8.72 
        

Values within parenthesis indicate standard error. α and β are constants. Significant at p <0.001. 
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The Redundancy Analysis showed that SMC and C/N explained 65% (F(2,9) = 8.5, p < 

0.001) of the variability in the relative abundances of the abundant phyla across the sites, 

except Proteobacteria, Actinobacteria, Chlamydiae, and Candidatus OD1 (Figure 2.10). 

The SEM model (CFI = 0.95, AIC = 78.4, RMSEA = 0.2, p < 0.05) explained 80%, 93%, 

and 95% of the variation in bacterial richness, α-diversity and composition, respectively 

(Figure 2.11). Diversity was strongly related to SOC (λ = 0.24, p < 0.05) and richness (λ 

= 0.77, p < 0.001) which was influenced directly by SMC (λ = 0.42, p < 0.01) and C/N 

(λ = 0.59, p < 0.001) and indirectly by SOC (λ = 0.47, p < 0.01), vegetation type (λ = - 

0.33, p < 0.01). Community composition was related to richness (λ = 0.34, p < 0.001) 

and affected directly by SOC (λ = 0.46, p < 0.001), SMC (λ = - 0.46, p < 0.001), and C/N 

(λ = - 0.2, p < 0.05). The standardized path coefficients of direct, indirect and total effects 

is shown in (Table 2.7). 

 

 

Figure 2.10 Redundancy analysis (RDA) showing significant relationships between 
abundant bacterial phyla and environmental variables. The figure is generated in R 4.0.3 
(http://www.R-project.org/) using vegan 2.5-7 (https://cloud.r-project. 
org/package=vegan). 
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Figure 2.11 Structural equation model (SEM) showing the causal influences of 
vegetation, MAT, SMC, SOC, and C/N ratio on bacterial richness, α-diversity, and 
composition. Red and green lines, respectively, represent significant negative and positive 
effects. The width of the arrows is based on the standardized path coefficients indicating 
the strength of the causal effect. The standardize coefficients are marked above each path 
(* indicates significant (p < 0.05) effects, ** indicates significant (p < 0.01) effects, *** 
indicates significant (p < 0.001) effects). R2 values represent the percentage of variance 
explained for each variable. 
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Table 2.7 Direct, indirect and total effect coefficients of each variable in the structural 
model.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Effects were calculated using standardized path coefficients for significant relations (p<0.05, p<0.01 and 
p<0.001). 
 

 

2.5 Discussion 

This study on bacterial community succession across a temporal sequence ranging from 

~ 20 to 300 years in the foreland of the Gangotri glacier provides an in-depth 

understanding of changes in the community diversity and functional traits during 

different periods post-deglaciation. Alpha diversity measurements indicated that the 

community in the recently exposed site had low richness and diversity. This community 

possibly originates from atmospheric depositions of dust particles through precipitation 

and wind or from supraglacial snow (a glacier zone where sunlight penetrates) and 

subglacial sediments (bedrock at ice-melt water interface) through glacial runoff 

(Ciccazzo et al., 2016; Hotaling et al., 2017; Stres et al., 2014). In the cold, nutrient-poor 

Variable Direct effect Indirect effect Total effect 
Richness    

SMC 0.42 - 0.42 
CN 0.59 - 0.59 
SOC  0.47 0.47 
Vegetation - -0.33 -0.33 
MAT - 0.21 0.21 

Diversity    
Richness 0.77 - 0.77 
SOC 0.24 0.36 0.6 
SMC - 0.32 0.32 
Vegetation - 0.25 0.25 
MAT - 0.16 0.16 

Composition    
Richness 0.34 - 0.34 
SMC 0.46 0.14 0.6 
CN -0.20  -0.20 

     SOC 0.43 -0.16 0.27 
Vegetation - 0.11 0.11 
MAT - 0.07 0.07 

Vegetation    
MAT -0.64 - -0.64 
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environment, the community focuses on cell metabolism (Figure 2.8) rather than growth, 

probably acquiring energy from atmospheric deposition of C and N sources or trace gases 

such as H2 and CO (Hotaling et al., 2017; Ji et al., 2017). With time the bacterial 

community shifted towards a richer and evenly distributed community from the recently 

deglaciated stage to late. A substantial increase in bacterial OTUs and their relative 

abundances resulted in a highly diverse community during the transition. Our results are 

in agreement with previous studies from other glaciated regions of the world reporting 

an increase in bacterial diversity during progressive stages post-deglaciation (Jangid et 

al., 2013; Nemergut et al., 2007; SchüTte et al., 2010; Wu et al., 2012).   

The linear increase in alpha diversity suggests that environmental factors increasing 

across the sites might control the bacterial community diversity. In our study, the barren 

land in the recent stage developed into a sparsely vegetated area in the intermediate stage 

and a well-developed meadow in the late phase (Table 2.1). The increase in alpha 

diversity corresponds to the increase in SOC, C/N ratio, and SMC associated with 

developing vegetation (Figure 2.5 and Table 2.1), indicating that soil nutrients and their 

availability influence bacterial diversity post-deglaciation. This assumption was 

supported by the regression analysis where the majority of variability in bacterial richness 

(80%), evenness (67%), and diversity (70%) were explained by SMC, SOC (and in turn 

TN for its high correlation with SOC, r = 0.94, p < 0.001) and C/N ratio (Table 2.6). The 

SEM analysis established the positive influence of soil nutrients and their availability on 

bacterial richness and diversity (Figure 2.11). Previous studies have shown the critical 

role of soil nutrients in regulating bacterial diversity post deglaciation due to its direct 

influence on bacterial growth, metabolism, and reproduction (Bhattacharya et al., 2022; 

Tarlera et al., 2008). It is well known that soil microorganisms have a C/N ratio of 8:1 

and grow optimally in soil with a C/N ratio close to 24:1 (Brady, N.C. and Weil, R.R., 
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2002). The increasing C/N ratio from recent to late-stage supported more bacterial taxa 

to increase due to more available organic C, which resulted in greater bacterial diversity. 

The crucial role of the C/N ratio was also reported by earlier studies (Lanzén et al., 2016). 

The community composition showed rapid turnover during 300 years post-deglaciation. 

The community shifted from a single bacterial taxa-dominated community in the recent 

stage to a diverse one in the late stage, where several taxa become relatively abundant 

(Figure 2.6). This shift in the bacterial composition is most likely related to vegetation 

development and an adequate supply of nutrients (Bhattacharya et al., 2022; Qiang et al., 

2021). Under nutrient-limited conditions, communities compete for substrate resulting in 

the dominance of specific taxa (Zhu et al., 2020). In the recent and intermediate 

communities, negative and competitive interactions led to the dominance of 

Actinobacteria, followed by an increasing abundance of Proteobacteria and 

Verrucomicrobia (Figure 2.6 and 2.7). With adequate nutrient supply, communities 

become cooperative, favoring the growth of multiple taxa (Zhu et al., 2020). This 

cooperative nature was observed in the co-occurrence pattern between intermediate and 

late-stage, where positive interactions led to an increase in abundance of different 

bacterial phyla Planctomycetes, Gemmatimonadetes, and Bacteroidetes (Figure 2.6 and 

2.7). The positive feedback influence of vegetation development and nutrients on 

community composition was established by mantel test, RDA, and SEM analysis (Figure 

2.10 and 2.11).  

The taxonomic analysis showed the genus Mycobacterium belonging to Actinobacteria 

phyla was the pioneer bacterial taxa dominating the recent stage. This genus is abundant 

in many natural ecosystems, including soil, lakes, and rivers (Santos et al., 2015). They 

have also been found in inorganic sediments, rocks, and dust particles and are the most 

stress-tolerant bacteria so far identified (Santos et al., 2015). Due to their exceptional 
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stress tolerance, they are ubiquitous in nature and can survive extreme environments such 

as hot springs, permafrost, and glaciers (Santos et al., 2015). They generally colonize 

environments with low microbial diversity (Santos et al., 2015) and, in this study, have 

been found to inhabit an active moraine solely. This contrasts to earlier studies from polar 

and alpine glaciers where it co-inhabited with other abundant taxa such as 

Methylobacterium, Rhodococcus, Sphingomonas, Arthrobacter, and Frigoribacterium 

(Miteva et al., 2004; Santos et al., 2015). The phyla Actinobacteria is the oldest living 

organism with extraordinary temperature stress tolerance (Santos et al., 2015). 

Actinobacteria can predominate cold oligotrophic environments by forming mycelia 

required to acquire nutrients (Gupta et al., 2015). In addition, they play a crucial role in 

soil development through N and P mobilization, chitin degradation, and inhibition of 

plant pathogenic fungal species growth (Shao et al., 2019). Consequently, they create 

favorable soil conditions by establishing C, N, and P pools to assist the growth of other 

microbes and eventually plant colonization. The role of Actinobacteria was evident in 

our study as different bacterial phyla Proteobacteria, Firmicutes, Planctomycetes, 

Acidobacteria, Verrucomicrobia, and Chloroflexi, gradually increased in abundance in 

the intermediate and late-stage with the concurrent development of soil and plants 

communities. Actinobacteria was earlier reported from polar and alpine glacial forelands 

and lakes (Mapelli et al., 2011; Philippot et al., 2011; SchüTte et al., 2010; 

Venkatachalam et al., 2021; Wu et al., 2012), cryoconite holes (Edwards et al., 2013), 

and glacial meltwater (Ahmad et al., 2021), suggesting their ubiquitous nature in diverse 

cold habitats. Their ability to utilize atmospheric trace gases as energy sources make them 

efficient to adapt and survive in low nutrient cold habitats (Ji et al., 2017). 

The high degree of shift in bacterial diversity and composition post-deglaciation led to 

considerable variation in the functional traits (Figure 2.8 and 2.9). The community in the 
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recent stage mainly depended on metabolic functions to develop resting cellular forms 

for sustaining life in the cold oligotrophic environment (Dube et al., 2019). As the 

community diversified in the later stages, they focused more on functions that allowed 

them to gain mobility, sense environmental signals, and import nutrients to reproduce 

and grow faster for their co-existence with soil development and plant growth (Ahmad et 

al., 2021; Kazemi et al., 2016). The functional progression was evident from the high 

relative abundance of Proteobacteria, Firmicutes, Planctomycetes, and Acidobacteria at 

the later stages that are well-known copiotrophs having efficient membrane transport and 

signaling pathways, stress response regulatory system, and carbohydrate metabolism 

(Ahmad et al., 2021; Koch, 2001).  

Nutrient availability is well known to impact bacterial succession (Ortiz-Álvarez et al., 

2018). We observed a substantial increase in relative abundances of functional pathways 

along with the development of new ones involved in C, N, S, and P cycles post-

deglaciation (Figure 2.9). The increase in labile and recalcitrant C decomposition 

suggests functional adaptation of the bacterial community to utilize new nutrient 

resources such as cellulose, hemicellulose, starch, pectin, and chitin, accumulating in soil 

due to the growth of plants and other microbial communities (Jangid et al., 2013; Kazemi 

et al., 2016). The community in the later stages increased their C fixation ability, 

coinciding with the increase in abundance of the genus Clostridia, known to fix 

atmospheric CO2 using the Wood-Ljungdahl pathway (Drake et al., 2008).  

N mineralization and assimilatory N reduction relative frequencies showed no variation, 

suggesting a functional similarity between the communities. On the contrary, N fixation, 

nitrification, and denitrification increased from the intermediate to late-stage, indicating 

that specific bacterial taxa display these functional abilities. For instance, bacterial genera 

Allorhizobium, Mesorhizobium, Bradyrhizobium known to fix N, and Pseudomonas and 
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Bacillus known for denitrification (Kuypers et al., 2018; Mancinelli, 1996; Zahran, 1999) 

increased in abundance from the intermediate to late periods. The increase in N fixation 

processes most likely led to N accumulation in the ecosystem, promoting microbial and 

plant growth in the late stage (Brankatschk et al., 2011; Wang et al., 2021). Similarly, an 

increase in phosphate mineralization can enhance phosphate availability for microbial 

and plant growth (Tiwari and Singh, 2017), whereas sulfur reduction pathways are used 

to fulfil increasing energy demand (Florentino et al., 2016).  
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Soil bacterial diversity, composition, and interspecies 
interactions along an elevation-vegetation gradient
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3.1 Introduction 

Alpine ecosystems, despite having extreme cold environments, harbour a considerable 

bacterial diversity (Adamczyk et al., 2019; Donhauser and Frey, 2018). The alpine 

bacterial communities play crucial role in soil development and cycling of nutrients 

essential for plant colonization, growth, and survival (Donhauser and Frey, 2018). The 

community diversity and functions are largely dependent on the soil physicochemical 

properties, vegetation types, nutrient contents, temperature, and other climatic variables 

(Donhauser and Frey, 2018). The ongoing higher rate of climate change in the alpine 

regions, is expected to induce change in plant communities and nutrient contents which 

may further alter bacterial community diversity and composition (Djukic et al., 2010). 

However, knowledge regarding impacts of climate change on bacterial communities 

associated with different vegetation types is limited. 

Earlier studies have mostly used elevation gradients in alpine ecosystems to study the 

patterns in bacterial community diversity as a response to climate change. However, the 

distribution patterns reported in these studies are contrasting and site-specific. For 

instance, studies from the Italian and Swiss Alps (Adamczyk et al., 2019; Siles and 

Margesin, 2017), Mount Gongga, Changbai Mountain, and Colorado Rocky Mountains  

(Bryant et al., 2008; Shen et al., 2015; Zhu et al., 2020) showed decreasing bacterial 

diversity across elevation. In contrast, Tibetan Plateau and Mount Wutai exhibited an 

increasing trend (Luo et al., 2019; Zhang et al., 2019), and Mt Fuji showed a hump-back 

trend in bacterial diversity (Singh et al., 2012). Additionally, studies also observed no 

definite trends along elevation (Siles and Margesin, 2016; Yashiro et al., 2016). The 

inconsistency in elevation patterns is mainly due to local edaphic conditions and climate 

variability (Singh et al., 2014; Yashiro et al., 2016). It is only when more studies on 

bacterial diversity patterns from alpine ecosystems having similar geological and climatic 
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conditions are performed over spatial and temporal scales, appropriate conclusions can 

be made regarding their response to climate change. 

To account for spatial and temporal variability simultaneously, we take advantage of a 

short elevation gradient with vegetation shift in the Himalaya to investigate the patterns 

in bacterial diversity across three years. Encompassing the world's highest mountain 

ranges, the Himalaya represents diverse ecosystems with immense biodiversity (Padma, 

2014). In addition, it retains about 33% of India's carbon stock (Bhattacharyya et al., 

2008) and has a critical role in the global carbon cycle and climate warming (Longbottom 

et al., 2014; Yang et al., 2008). Recent assessments predict a 4.6 °C temperature rise in 

Himalaya by 2050 (R. Krishnan et al., 2020). High altitude habitats in the Himalaya, due 

to their ongoing formation in terms of soil and vegetation climax (Shrestha et al., 2012b), 

provide climate-vegetation gradient across short elevation ranges and are ideal for studies 

on bacterial community dynamics. The objectives of our study were to (i) assess the 

patterns in bacterial α and β-diversity across an elevation-vegetation gradient, (ii) 

determine seasonal and inter-annual variability in bacterial diversity, and (iii) assess 

bacterial co-occurrence pattern across the gradient. We hypothesized an increasing co-

operative interactions between the bacterial communities with a decreasing diversity 

across the elevation-vegetation gradient.  

 

3.2 Study Area 

The study was conducted along an elevation gradient on a southwest-facing slope of a 

glaciated valley in Western Himalaya, India (30.95–30.99° N, 78.99–79.06° E) (Figure 

3.1). The entire gradient (3373–4020 m) encompasses a  ~10 km trail inside a protected 

area (Gangotri National Park) where anthropogenic interference is limited and livestock 

grazing is banned. Vegetation in this region changes with increasing elevation forming 
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elevation-vegetation gradient from a subalpine forest in lower elevations to alpine scrub 

in mid and alpine meadow at the higher elevations (Figure 3.2). The ground vegetation 

cover in the forest, alpine scrub, and meadow was estimated ca. 40 ± 14%, 22.5 ± 3.5%, 

and 70 ± 14%, respectively. Table 3.1 details the dominant plant species in each 

vegetation type. The soil is poorly formed and slightly acidic (Table 3.1). Mean annual 

precipitation is around 1500 mm, which occurs in the form of rainfall during June to 

September and snowfall from December to May (Sanyal et al., 2013) while, mean annual 

air temperature (MAT) range from 1.85 ± 0.22 °C to 6.13 ± 0.16 °C (Table 3.1). 

 

 

 

Figure 3.1 Map of the study area (a) Western Himalaya, India, (b) Gangotri National 
Park, and (c) sampling sites along an elevation-vegetation gradient in Gangotri National 
Park. All maps were generated in ArcGIS version 10.7 (ESRI, CA, USA, 
https://desktop.arcgis.com/en/arcmap/).  
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Figure 3.2 Dominant vegetation types across the elevation-vegetation gradient.
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Table 3.1 Vegetation, mean annual air temperature (MAT), and soil pH, at sampling sites 
across elevation.  
 

Values are mean ± S.E of mean, n = 5. Mean values followed by different letters are significantly different 
(p < 0.05). 
 

 

3.3 Material and methods 

3.3.1 Site selection and soil sampling  

We selected twelve altitudinal sites across the gradient (Figure 3.1c) and marked a 5 × 5 

m plot at each altitude (Figure 3.3). In each plot, we randomly selected five 1 × 1 m sub-

plots for soil sampling (Figure 3.3). Five soil cores (~1 g each) were collected from 5 cm 

depth at four corners and center of the sub-plot using hand-held sterile soil corer (50 ml 

centrifuge tube of diameter 2.5 cm, Tarsons Products Pvt. Ltd, India). Before soil 

collection, ground vegetation was clipped, and litter was removed. Then, following the 

Altitude 
(m.a.s.l) Vegetation Dominant Plants MAT (°C) pH 

3373 

Su
ba

lp
in

e 
fo

re
st

 Tree species:  Betula utilis, 
Populus ciliata, Acer caesium, 
Sorbaria tomentosa 
Ground vegetation:  Astragalus 
candolleanus, Anaphalis 
triplinervis, Rosularia alpestris, 
Calamogrostis emodensis,  

6.13 ± 0.16e 5.34 ± 0.2a 

3483 6.04 ± 0.03e 5.77 ± 0.19a 

3552 5.48 ± 0.01de 5.19 ± 0.42a 

3564 5.32 ± 0.13de 5.07 ± 0.35a 

3645 

A
lp

in
e 

sc
ru

b 

 
 
Rosa sericea, Spiraea canescens, 
Artemisia santolinifolia, Lonicera 
obovata, Viburnum cotinifolium, 
Berberis jaeschkeana, Juniperus 
communis 

4.73 ± 0.05cd 5.96 ± 0.26a 

3730 4.04 ± 0.09bc 5.8 ± 0.39a 

3763 3.42 ± 0.19b 5.5 ± 0.39a 

3770 3.71 ± 0.11bc 5.11 ± 0.3a 

3980 

A
lp

in
e 

m
ea

do
w

 

Geranium himalayense, 
Aconogonum tortuosum, Nepeta 
discolor, Potentilla atrisanguinea 

2.01 ± 0.21a 5.34 ± 0.4a 

3990 1.93 ± 0.22a 5.14 ± 0.42a 

4000 1.85 ± 0.22a 5.54 ± 0.37a 

4020 2.08 ± 0.43a 5.22 ± 0.32a 
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design of (Lanzén et al., 2016), soil core at each altitude (n = 25) were pooled in a sterile 

ziplock bag and homogenized.  From this pool, 5 g soil was aliquoted and preserved 

 

 

 

Fig. 3.3 Site selection and soil sampling strategy along the elevation-vegetation gradient 
in Gangotri National Park. 
 

 

in 100% ethanol (Merck, Germany) to prevent the environmental DNA from hydrolytic 

damage before molecular analyses (Harry et al., 2000).  

Both samples (one for molecular analysis and the other for soil physicochemical 

analyses) were transported to the laboratory in a cool box containing dry ice. Soil 

sampling was performed during spring (May) and autumn (October) at five time-points 
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during October 2016, May and October 2017, and May and October 2018, giving us a 

total sample size of 60 (n = 5 for each altitude). 

 

3.3.3 DNA extraction, PCR amplification, and Illumina sequencing  

We extracted soil genomic DNA from approximately 0.25 g of each soil sample using a 

Nucleopore GDNA soil kit (Genetix Biotech Asia Pvt. Ltd, India) following the 

manufacturer's kit protocol. We quantified DNA concentrations using Qubit dsDNA HS 

Assay Kit (Life Technologies, USA). We used Illumina 16S Metagenomics Sequencing 

library preparation protocol to prepare sequencing libraries for bacterial V3 and V4 

regions using the primers 338F (5′-CCTACGGGNGGCWGCAG-3′) and 806R (5′-

GACTACHVGGGTATCTAATCC-3′) (Luo et al., 2019). The PCR reaction contained 

12.5 μl of 2×Kappa Hifi Hotstart ReadyMix (Kappa Biosystems, Roche Sequencing and 

Life Science, USA), 1 μl each of 5 μM forward and reverse primer, and 10.5 μl of the 

template (12.5 ng of microbial DNA), respectively. PCR conditions included an initial 

denaturation of 95 °C for 3 min, followed by 25 cycles of 95 °C for 30 s, 55 °C for 30 s, 

and 72 °C for 30 s, followed by a final extension for 10 min at 72 °C. PCR negative (no 

template DNA) was included to monitor any contamination. PCR products were purified, 

barcoded using Nextera XT kit (Illumina Inc., United States), and normalized to 2 nM 

for each library. The equal volume of these libraries was pooled, denatured, and diluted 

to 4 pM before loading onto the MiSeq flow cell (Illumina Inc., United States). 

Sequencing was performed on Illumina MiSeq platform using a 2 × 300 bp paired-end 

protocol at the Next Generation Genomics Facility at Center for Cellular and Molecular 

Platforms (C-CAMP), Bangalore, India.  
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3.3.4 Sequence data processing  

We processed the raw sequences using the MiSeq SOP pipeline in Mothur v.1.40.5 

(Kozich et al., 2013; Masse et al., 2017; Schloss et al., 2009). Full-length sequences were 

prepared, and good reads (>460 bp length with no homopolymer stretches longer than 8 

bp) were identified and clustered (based on ≥97% similarity) using 16S rRNA database 

SILVA 132 SSU SEED (Quast et al., 2012). Uchime was used to remove chimeric 

sequences, followed by eliminating all singletons, chloroplasts, archaea, mitochondria, 

and unknown origin sequences (Edgar et al., 2011). Only high-quality sequences were 

used to estimate pairwise distances and generate single-linkage clusters with ≥97% 

sequence similarity. The longest read from each cluster was used as the reference 

sequence for taxonomic assignments against the SILVA SSU NR Ref database (Quast et 

al., 2012). All sequences in each cluster and their replicates (≥97% similarity) provided 

the quantitative estimates of individual reads per taxonomic unit. The dataset was 

normalized by rarefying the sequences to the lowest sample-specific sequencing depth 

with maximum Good's coverage (Kozich et al., 2013). Four samples with a sequence read 

less than the rarefaction depth were excluded from the downstream analyses. Finally, we 

clustered the sequences to phylum levels for operational taxonomic unit (OTU) 

abundance and composition analysis. We further classified the data into abundant taxa 

based on their relative abundances. OTUs with ≥1% relative abundance were considered 

abundant (Pedrós-Alió, 2006).  

 

3.3.5 Co-occurrence network construction  

To identify bacterial interspecies interactions, we constructed co-occurrence ecological 

networks following Random Matrix Theory (RMT)-based method through Molecular 

Ecological Network Analysis (MENA) pipeline (Deng et al., 2012; Zhou et al., 2011). 
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Pearson correlation between OTUs at genus level having relative abundances >0.1% in 

all samples were used to construct the network with an identical similarity threshold 0.7 

at three elevation ranges low (3373–3564 m), mid (3645–3770 m), and high (3980–4020 

m). We calculated various indices, including node and link numbers, average degree 

(avgK), average clustering coefficient (avgCC), average path distance (GD), density (D), 

modularity (M), and connectedness (Con) to evaluate and compare the overall topological 

features of the networks (Deng et al., 2012). The networks were separated into different 

modules using fast greedy modularity optimization (Deng et al., 2012). The network 

graphs were visualized using Cytoscape 3.8.2 (Shannon et al., 2003), where each node 

represents one genus, and each link represents one significant correlation.  

 

3.3.6 Data analysis  

We calculated three bacterial α-diversity indices: richness (Sobs), evenness, and Shannon 

diversity index for each sample using the Mothur platform. We used one-way analysis of 

variance (ANOVA) to determine significant differences in α-diversity indices, MAT, and 

edaphic factors (SMC, SOC, total nitrogen, pH, and C/N) between altitudinal sites. 

Where differences were significant, Tukey's honest significance difference (HSD) post-

hoc test was applied for pairwise comparisons of mean at 95% confidence intervals. 

Seasonal and inter-annual variability in α-diversity was evaluated by grouping the data 

into low (3373–3564 m), mid (3645–3770 m), and high elevation ranges (3980–4020 m) 

followed by independent sample t-test and ANOVA, respectively. Before the analysis, 

we tested normality and heteroscedasticity of data by the Shapiro-Wilk and Levene tests, 

respectively. We calculated the Bray-Curtis dissimilarity matrix after Hellinger 

transformation of rarefied abundance data at the phyla level for β-diversity estimation. 

Principal Coordinate Analysis (PCoA) using the Bray- Curtis dissimilarity matrix was 
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used to interpret differences in bacterial community composition visually. To test any 

significant compositional differences, we used Multi-Response Permutation Procedure 

(MRPP) analysis (Oksanen et al., 2019) with 9999 permutations, where chance corrected 

within-group agreement (a measure of effect size presented as A value) was calculated. 

The A value ranges between 0 and 1, where A = 0 indicates samples within a group are 

heterogeneous, and A = 1 depicts they are identical. We evaluated seasonal and inter-

annual variability in β-diversity by grouping the data into low (3373–3564 m), mid 

(3645–3770 m), and high elevation ranges (3980–4020 m) followed by MRPP analysis. 

All analyses were conducted in R 4.0.3 (http://www.R-project.org/) through RStudio 

1.3.1093, 2020 (https://rstudio.com/products/rstudio/) using vegan 2.5-7 (https://cloud.r-

project.org/package=vegan), dplyr 1.0.5 (https://cloud.r-project.org/package=dplyr) and 

ggplot2 3.3.3 (https://cloud.r-project.org/package=ggplot2) (Oksanen et al., 2019; 

Wickham, 2011; Wickham and Wickham, 2017). 

 

3.3.7 Accession number  

The DNA sequence data set has been deposited to National Centre for Biotechnology 

Information (NCBI) Short Read Archive (https://www.ncbi.nlm.nih.gov/sra). The 

BioProject accession number PRJNA705032. 

 

3.4 Results 

3.4.1 Taxonomic overview  

A total of 2,542,679 high-quality sequences across 60 samples were generated, averaging 

42,378 ± 14,204 sequences per sample (Appendix Table A2). Rarefaction based on 

sequence reads of one of the samples (23,821) provided maximum Good's coverage 

(>82%) (Appendix Table A2) for 56 samples. The remaining four samples (at altitudes 
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3645 m, 3730 m, 3763 m, and 3770 m in May 2018) having sequence reads less than the 

rarefaction depth were eliminated, and downstream analyses were performed only with 

56 samples. We identified 126,667 OTUs at ≥97% similarity and were grouped into 35 

phyla. Out of these 35 phyla, 34 were classified, of which 12 were abundant (relative 

abundance ≥1%), accounting for 98% of the total bacterial sequences (Figure. 3.4a).  

 

 
 

Figure 3.4 Bacterial β-diversity across elevation-vegetation gradient (a) variation in 
relative abundances of bacterial phyla where “Others” _represent all phyla with relative 
abundances <1%, (b) Principal Co-ordinates Analysis (PCoA) based on Bray-Curtis 
dissimilarity of bacterial communities and (c) variation in relative abundance of 
individual abundant bacterial phyla. b was generated in R 4.0.3 (http://www.R-
project.org/) using vegan 2.5-7 (https://cloud.r-project.org/package=vegan), dplyr 1.0.5 
(https://cloud.r-project.org/package=dplyr) and ggplot2 3.3.3 (https://cloud.r-
project.org/package=ggplot2). 
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These abundant phyla were Proteobacteria (relative abundance 39.22%), Actinobacteria 

(20.3%), Firmicutes (12.4%), Acidobacteria (5.17%), Planctomycetes (4.37%), 

Verrucomicrobia (3.66%), Patescibacteria (3.56%), Bacteroidetes (3.02%), 

Gemmatimonadetes (2.17%), Chloroflexi (2%), Chlamydiae (1.58%) and Dependentiae 

(1.28%). 

 

3.4.2. Bacterial α and β-diversity across elevation-vegetation gradient  

Bacterial α-diversity (richness, evenness and, Shannon diversity) followed a similar trend 

as edaphic properties (SMC, SOC, and total nitrogen) with similarities at low and high 

elevation and dip in mid-elevations (Figure. 3.5). As a result, three distinct groups 

encompassing four altitudes each were visible across the gradient.  

Bacterial β-diversity also showed the influence of mid-elevations. The abundant phyla 

decreased from 12 in the low elevations (3373–3564 m) to 5–7 across 3645–3770 m, then 

regained to 9–12 in higher elevations (Figure. 3.4a). As the number of abundant phyla 

decreased in mid-elevations, the communities showed less even distribution. 

Proteobacteria dominated community composition up to 3770 m with relative abundance 

ranging from 33 to 75%. However, Actinobacteria (21–29%) and Firmicutes (8–36%) 

seemed to dominate the community at higher elevations equally. We also observed the 

presence of Cyanobacteria with a relative abundance of 1.98% at only 3645 m. Three 

significantly distinct (A = 0.26, p < 0.001) community clusters were observed at low, 

mid, and high elevation ranges (Figure. 3.4b). However, we observed high overlaps 

between the clusters at low and high elevations. 

Figure. 3.4c shows trends in the relative abundance of abundant phyla across the 

elevation-vegetation gradient. Except for the most abundant Proteobacteria, which 
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peaked in mid-elevations and dipped at higher elevations, several bacterial phyla showed 

a mid-elevation dip. Three types of curves with such mid-elevation dips were observed, 

 

 

Figure 3.5 Variation in bacterial richness, evenness, and diversity across the elevation-
vegetation gradient. Bars represent mean ± S.E of mean, n = 5 at each altitude. Different 
letters (above each bar) indicate significant difference between altitudes (p < 0.05). 
Bacterial β-diversity also showed the influence of mid-elevations. The abundant phyla  
 

one, with similar abundances at low and high elevations (Acidobacteria and 

Dependentiae), second, with a gradual decrease up to mid-elevations and then an abrupt 

increase in higher elevations (Planctomycetes, Verrucomicrobia, Chloroflexi), and 

thirdly with the highest abundance at low elevations with a dip in mid and stable towards 
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higher elevations (Patescibacteria, Chlamydiae). On the contrary, Actinobacteria and 

Firmicutes increased, whereas Bacteroidetes and Gemmatimonadetes decreased across 

elevation. 

 

3.4.3  Bacterial α and β-diversity across seasons and years  

We assessed the variability in α and β-diversity across seasons (spring and autumn) and 

years (2016, 2017, and 2018) within 3373–3564 m, 3645–3770 m, and 3980–4020 m 

elevation ranges. We observed no significant difference (p > 0.05) in both α and β-

diversity across seasons and years except for a decrease in richness during spring in the 

elevation range 3980–4020 m (Fig. 3.6, Table 3.2, 3.3 and 3.4).  

 

Figure 3.6 Inter-annual variations in bacterial richness, evenness, and diversity. Bars 
represent mean ± S.E of mean, n = 5 at each altitude. Different letters (above each bar) 
indicate significant difference between altitudes (p < 0.05).
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Table 3.2 Results of independent sample t-test for bacterial community α-diversity comparison between two seasons 
(Spring and Autumn) at different elevation ranges (3373-3564 m), (3645-3770 m), and (3890-4020 m). 

 

Values are mean ± S.E of the mean. n = 8 and12 for spring and autumn, respectively. Significant at p < 0.05. 
 
 

 
 
 

Elevation 
range 

Richness (Sobs) Evenness Diversity (Shannon Index) 

Spring Autumn p-value Spring Autumn p - value Spring Autumn p-
value 

 (3373-3564 m) 
 5365 ± 534 5391 ± 382 0.96 0.86 ± 0.02 0.87 ±0.01 0.83 7.4 ± 0.18 7.4 ± 0.18 0.86 
 (3645-3770 m) 
 1008 ± 220 1452 ± 257 0.36 0.74 ± 0.03 0.72 ± 0.02 0.773 5.1 ± 0.33 5.2 ± 0.27 0.79 
 (3890-4020 m) 5644 ± 226 6745 ± 301 0.016 0.84 ± 0.02 0.86  ± 0.014 0.26 7.2 ± 0.2 7.6 ± 0.2 0.143 
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Table 3.3 Results of MRPP analyses for bacterial community composition comparison 

between two seasons (Spring and Autumn) at low (3373-3564 m), mid (3645-3770 m) 

and high (3890-4020 m) elevation ranges. 

 

Elevation range Seasons A value p value 

3373-3564 m Spring &Autumn 0.0067 0.266 

3645-3770 m Spring &Autumn 0.01632 0.215 

3890-4020 m Spring &Autumn 0.001549 0.3723 

 

 

Table 3.4 Results of MRPP analyses for bacterial community composition comparison 

between three years at low (3373-3564 m), mid (3645-3770 m) and high (3890-4020 m) 

elevation ranges. 

 

Elevation range Year A value p value 

3373-3564 m 2016, 2017 & 2018 0.03885 0.0984 

3645-3770 m 2016, 2017 & 2018 -0.03968 0.8083 

3890-4020 m 2016, 2017 & 2018 -0.009465 0.5645 

 

 

 

3.4.4 Bacterial co-occurrence pattern across elevation-vegetation gradient  

The bacterial co-occurrence networks at the three elevation ranges showed scale-free 

(connectivity distribution obeyed power-law model, R2 ranged from 0.3 to 0.92), non-

random, small world (average path distance ranged from 3.1 to 4.5), and modular 

(modularity ranged from 0.45 to 0.57) features of ecological networks (Table 3.5) (Deng 

et al., 2012; Zhou et al., 2011). Comparison of topological features between the three 

networks revealed a dip in the number of nodes and links at the mid-elevation range with 

the highest value at the high-elevation range (Table 3.5 and Fig. 3.7). The low and high 

elevation range consisted of eleven and five modules, respectively, with most nodes 

connected positively (63–86%). In contrast, the mid-elevation range showed mainly 
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negative relation (70%) among nodes of the four constructed modules. A dip in network 

modularity (connectivity within a module) was observed in the mid-elevation range 

(0.45), where the density (0.084) and connectedness (1) peaked. The average degree (3.3–

4.6) and clustering coefficient (0.14–0.23) increased linearly across the elevation ranges. 

 

 

Figure 3.7  Co-occurrence networks of bacterial genera at (a) high (3980-4020 m), (b) 

mid (3645-3770 m), and (c) low (3373-3564) elevation range based on Random Matrix 

Theory. Each genus is represented as a node having an oval shape, and each significant 

(p<0.05) correlation (link) is represented as a straight line. Nodes of the same color 

represent the same phyla the genera belong to. Green and red lines indicate positive and 

negative correlations between nodes, respectively. Each module in the network is 

represented by a circle composed of nodes. The figure was generated in Cytoscape 3.2.8. 

 

 

 

3.5 Discussion 

Earlier studies on soil bacterial communities from various mountain ecosystems of the 

world have described different elevation patterns of α-diversity, such as increasing (Luo 

et al., 2019; Zhang et al., 2019), decreasing (Adamczyk et al., 2019; Bryant et al., 2008; 
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Table 3.5 Co-occurrence network topological properties at low, mid, and high elevation 

ranges. 

 

 Network Indexes Low 
(3373-3564 m) 

Mid 
(3645-3770 m) 

High 
(3980-4020 m) 

 

Empirical R square of power-law 0.92 0.3 0.864 

 Total nodes 75 52 124 
 Total links 122 112 285 
 Links per node 1.6 2.2 2.3 
 Positive co-occurrence (%) 63 30 86 
 Average path distance (GD) 3.47 3.08 4.5 
 Modularity 0.55 0.45 0.57 
 Average degree (avgK) 3.25 4.31 4.6 
 Average clustering coefficient 0.14 0.17 0.233 
 Density (D) 0.044 0.084 0.037 
 Connectedness 0.751 1 0.937 
     
Randomized Average clustering coefficient 0.06 ± 0.02 0.08 ± 0.03 0.06 ± 0.01 
 Average path distance (GD) 3.36 ± 0.11 2.81 ± 0.05 3.23 ± 0.05 
 Modularity(fast greedy) 0.49 ± 0.02 0.39 ± 0.02 0.41 ± 0.01 
 Connectedness (Con) 0.90 ± 0.07 0.99 ± 0.02 0.98 ± 0.03 
     

 

 

Shen et al., 2015; Siles and Margesin, 2017; Zhu et al., 2020) and unimodal trends (Singh 

et al., 2012). In contrast, α-diversity in our study followed a hollow trend, which dipped 

in the mid-elevations (Figure 3.5). The same trend was found across all three sampling 

years (Figure 3.6). Upon an in-depth literature review, we came across only a single study 

reporting a similar mid-elevation dip in bacterial α-diversity in the southwest and 

northeast slopes of Mt Halla, both at 700–1300 m elevation range (Singh et al., 2014). 

This suggests that there are factors other than elevation or temperature that control the 

bacterial richness and diversity. The major factors responsible for this trend is possibly 

the underlying gradient in soil properties caused by the variation in vegetation types along 

the studied gradient. In our study, the vegetation types in the low and high elevations 

were subalpine forest and alpine meadow, respectively, having moist soil and equally 

high organic carbon content, whereas in the mid elevations the vegetation was alpine 

scrub having dry soil and low organic carbon content. The dry and less nutrient soil in 
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the mid elevations probably led to a decrease in the bacterial richness, evenness and 

diversity.  

Similar mid elevation dip pattern was observed in relative abundance of most abundant 

bacterial phyla (Figure 3.4a & c). This led to a different community composition in the 

mid elevations compared to similar compositions at low and high elevations (Figure 

3.4b). The difference in community composition at mid-elevations was reflected in most 

phyla's relative abundances (Acidobacteria, Dependentiae, Planctomycetes, 

Verrucomicrobia, Chloroflexi, Patescibacteria, and Chlamydiae) showing mid-elevation 

dips (Figure. 3.4c, Chapter 3). Such mid elevation dip pattern has rarely been observed 

in nature, apart from a study in China where decrease in phylogenetic diversity of biofilm 

bacterial community was observed in the mid elevations (Wang et al., 2012). The 

observed pattern in our study suggests that the abundance of most abundant phyla are 

possibly dependent on soil properties and not climatic factors. The low moisture in the 

mid elevations probably led to low nutrient availability giving rise to a competitive 

community where members compete for nutrients (Figure 3.7). On the other hand, the 

high moisture and nutrient availability in the low and high elevation the communities 

were co-operative in nature (Figure 3.7).  

The patterns observed in our study indicates that the bacterial community diversity and 

composition may be majorly regulated by soil properties and vegetation types along 

elevation gradient.
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4.1  Introduction 

Bacterial communities play a crucial role in soil formation, nutrient cycling, and plant 

colonization (Donhauser and Frey, 2018). These communities also regulate soil carbon 

storage through decomposition and mediate feedbacks between climate change and 

ecosystem functioning by heterotrophic respiration (Trivedi et al., 2013). Recent studies 

have demonstrated that incorporating trophic level information of these communities in 

carbon dynamic-based ecosystem models has enhanced predictive power (Treseder et al., 

2012; Wieder et al., 2015). However, despite their pivotal role in ecosystem functioning 

and environmental susceptibility (Xu et al., 2014), knowledge regarding their 

environmental drivers has been inconclusive due to considerable variability in observed 

diversity patterns (Crowther et al., 2019).  

Earlier studies understanding the factors regulating bacterial diversity patterns have 

primarily used elevation gradient in mountain ecosystems to proxy environmental change 

(Donhauser and Frey, 2018). However, the distribution patterns reported in these studies 

are contrasting and site-specific. For instance, studies from the Italian and Swiss Alps 

(Adamczyk et al., 2019; Siles and Margesin, 2016), Mount Gongga, Changbai Mountain, 

and Colorado Rocky Mountains (Bryant et al., 2008; Shen et al., 2015; Zhu et al., 2020) 

showed decreasing bacterial diversity across elevation. In contrast, Tibetan Plateau and 

Mount Wutai exhibited an increasing trend (Luo et al., 2019; Zhang et al., 2019), and Mt 

Fuji showed a hump-back trend in bacterial diversity (Singh et al., 2012). Additionally, 

studies also observed no definite trends along elevation (Siles and Margesin, 2016; 

Yashiro et al., 2016). The inconsistency in elevation patterns is mainly due to local 

edaphic and climate variability (Singh et al., 2014; Yashiro et al., 2016).  

Seasonal and interannual variations in climatic and edaphic factors influence bacterial 

community diversity and composition (Siles et al., 2017, 2016). However, earlier studies 
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have been conducted across either a single time-point or seasons within a year across 

different spatial scales. Small scale studies (<1000 m elevation gradient) with relatively 

uniform vegetation have identified the role of climate but have masked the influence of 

edaphic factors (H. Sun et al., 2020). While large scale studies (>1000 m elevation 

gradient) have accounted for both climatic as well as edaphic factors (Xue et al., 2018; 

Yashiro et al., 2016) however are limited in numbers due to logistic feasibility. To 

account for spatial and temporal variability simultaneously, we take advantage of a short 

elevation gradient with vegetation shift in the Himalaya to investigate the influence of 

both edaphic and climatic factors on bacterial diversity across three years. These 

gradients provide an array of environmental factors within small distances and are easy 

to monitor across multiple time points (Djukic et al., 2010; Tang et al., 2020; Zhu et al., 

2020).  

Encompassing the world's highest mountain ranges, the Himalaya represents diverse 

ecosystems with immense biodiversity (Padma, 2014). In addition, it retains about 33% 

of India's carbon stock (Bhattacharyya et al., 2008) and has a critical role in the global 

carbon cycle and climate warming (Longbottom et al., 2014; Yang et al., 2008). Recent 

assessments predict a 3 °C temperature rise in Himalaya by 2050 (Shrestha et al., 2012b). 

High altitude habitats in the Himalaya, due to their ongoing formation in terms of soil 

and vegetation climax (Shrestha et al., 2012b), provide climate-vegetation gradient across 

short elevation ranges and are ideal for studies on bacterial community dynamics. The 

objectives of our study were to evaluate the role of temperature and edaphic factors in 

shaping the community diversity and composition. We hypothesized increasing co-

operative interactions between the bacterial communities with a decreasing diversity 

across the elevation-vegetation gradient mainly regulated by temperature.  
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4.2 Study Area 

As described in Chapter 3. 

 

4.3 Material and methods 

4.3.1  Site selection and soil sampling  

Temperature and edaphic factors were estimated at the same twelve altitudinal sites 

selected across the gradient as in Chapter 3 (Figure 3.1c). At each site the soil samples 

collected for bacterial community analysis in Chapter 3 were also used for edaphic factor 

estimation. At each site a 5 × 5 m plot was marked and soil sampling was performed as 

described earlier (Figure 3.3). Samples were transported to the laboratory in a cool box 

containing dry ice. Soil sampling was performed during spring (May) and autumn 

(October) at five time-points during October 2016, May and October 2017, and May and 

October 2018, giving us a total sample size of 60 (n = 5 for each altitude). 

 

4.3.2 Measurement of air temperature and edaphic factors  

We deployed HOBO U23 Pro v2 data loggers (Onset Computer Corporation, USA) at 

3373 m, 3564 m, 3763 m, and 4020 m to monitor hourly air temperature at 1 m height 

and calculated mean annual temperature (MAT) for the study period (2016–2018). MAT 

at remaining altitudes was estimated by generating standard curves (Singh et al., 2014). 

We estimated edaphic factors, including soil pH, moisture content, organic carbon, total 

nitrogen, and C/N. Soil moisture content (SMC) was measured gravimetrically from a 5 

g soil sample (Rayment and Lyons, 2011). The remaining soil was air-dried and sieved 

through a 1 mm sieve to remove gravels, plant roots, and leaf litter. Soil pH was measured 

by a glass electrode pH meter (Sension 7, Hach Company, USA) in a 1:2.5 (w/v) 

suspension of soil and deionized water (Blakemore et al., 1987). Soil organic carbon 
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(SOC) was measured using the potassium dichromate (K2Cr2O7) oxidation method 

(Walkley and Black, 1934), and total nitrogen (TN) was determined by the Kjeldahl 

method (Bremner, 2018) using Kjeltec 8400 (Foss India Pvt. Ltd).  

 

4.3.3 Bacterial α, β-diversity and composition estimation 

Bacterial α, β-diversity and composition estimated in Chapter 3 were used for analysis in 

this chapter.  

 

4.3.4 Data analysis  

To assess the relationship of MAT and edaphic factors with bacterial richness and 

diversity, Multiple ordinary least square (OLS) regression analysis was performed with 

stepwise forward selection. For SOC and TN having high correlation (r = 0.95, p < 

0.001), regressions were performed with SOC only. A model was considered most 

parsimonious based on Akaike's information criterion (Johnson and Omland, 2004). 

Mantel test with Pearson correlation was used to test the relationship of bacterial 

community composition with environmental variables. A forward selection of 

environmental variables using stepwise regression (with 999 permutations) was 

performed. Redundancy analysis (RDA) was conducted using Hellinger transformed 

bacterial abundance data to identify environmental variables that significantly explained 

the variation in abundant phyla. The RDA model and the environmental variables were 

tested by permutation test using ANOVA. Subsequently, univariate regression analyses 

was conducted to assess the relationship of environmental variables with Hellinger 

transformed relative abundance of individual bacterial phyla. Finally, structural equation 

model (SEM) analysis was performed to determine the direct and indirect effects of 

environmental variables on bacterial richness, α-diversity, and composition. The 
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composition was characterized by the first axis of PCoA of the Bray-Curtis dissimilarity 

matrix (Li et al., 2015). Based on theoretical knowledge, a path model was developed to 

relate environmental variables including vegetation, MAT, SMC, SOC, and pH with 

bacterial richness, diversity, and composition. To improve the fit between the model and 

the data, the initial theoretical model was modified for the correct specification of 

theoretical causal relationships between variables before analysis. We used Maximum 

likelihood estimation to compare the SEM model with the observations. The model 

fitness with the data was tested using Comparative Fit Index (CFI), Akaike Information 

Criteria (AIC), and Root Square Mean Errors of Approximation (RMSEA). Adequate 

model fits were indicated by a high CFI (>0.90), low AIC, and low RMSEA (<0.05) 

(“Structural Equation Modeling and Natural Systems by J. B. GRACE,” 2007). All 

analyses were conducted in R 4.0.3 (http://www.R-project.org/) through RStudio 

1.3.1093, 2020 (https://rstudio.com/products/rstudio/) using vegan 2.5-7 (https://cloud.r-

project.org/package=vegan) and lavaan 0.6-9 (https://cloud.r-

project.org/package=lavaan) (Oksanen et al., 2019; R Core Team, 2020; Wickham, 2011; 

Wickham and Wickham, 2017). 

 

4.4 Results 

4.4.1 Air temperature and edaphic factors across elevation-vegetation gradient  

Both temperature and edaphic factors varied across the elevation gradient (Table 4.1). 

Mean annual air temperature (MAT) showed a monotonous decrease across the elevation 

gradient. In contrast, edaphic properties including SMC, SOC, and TN showed a dip in 

mid-elevations with similar values at low and high elevations. No significant difference 

was observed in the C/N ratio and pH at any altitude. 



 75 

Table 4.1 Vegetation, mean annual air temperature (MAT), and edaphic properties including soil moisture content (SMC), pH, soil organic carbon 

(SOC), total nitrogen (TN) and C/N ratio at sampling sites across elevation.  

Values are mean ± S.E of mean, n = 5. Mean values followed by different letters are significantly different (p < 0.05). 

Altitude 
(m.a.s.l) 

Vegetation Dominant Plants MAT (°C) SMC (%) pH SOC (g Kg-1) TN (g Kg-1) C/N ratio 

3373 

Su
ba

lp
in

e 
fo

re
st

 Tree species:  Betula utilis, 
Populus ciliata, Acer caesium, 
Sorbaria tomentosa 
Ground vegetation:  Astragalus 
candolleanus, Anaphalis 
triplinervis, Rosularia alpestris, 
Calamogrostis emodensis,  

6.13 ± 0.16e 19.87 ± 2.27abc 5.34 ± 0.2a 52.93 ± 10.21acd 4.23 ± 0.68abc 12.27 ± 1.06a 

3483 6.04 ± 0.03e 15.87 ± 5.5ab 5.77 ± 0.19a 52.74 ± 9.72acd 4 ± 1.06abc 14.22 ± 1.62a 

3552 5.48 ± 0.01de 22.86 ± 3.24abc 5.19 ± 0.42a 38.56 ± 9.33abc 3.28 ± 1.01ab 13.89 ± 1.18a 

3564 5.32 ± 0.13de 13.03 ± 3.56ab 5.07 ± 0.35a 35.19 ± 12.8abc 2.95 ± 1.31ab 13.07 ± 1.04a 

3645 

A
lp

in
e 

sc
ru

b 

 
 
Rosa sericea, Spiraea canescens, 
Artemisia santolinifolia, Lonicera 
obovata, Viburnum cotinifolium, 
Berberis jaeschkeana, Juniperus 
communis 

4.73 ± 0.05cd 7.57 ± 3.39a 5.96 ± 0.26a 27.99 ± 5.29ab 1.94 ± 0.27a 14.28 ± 1.64a 

3730 4.04 ± 0.09bc 7.35 ± 3.85a 5.8 ± 0.39a 15.44 ± 4.34b 1.24 ± 0.36a 13.05 ± 1.23a 

3763 3.42 ± 0.19b 7.41 ± 3.71a 5.5 ± 0.39a 24.07 ± 5.56ab 2.26 ± 0.51a 12.47 ± 1.7a 

3770 3.71 ± 0.11bc 8.21 ± 3.89a 5.11 ± 0.3a 24.19 ± 7.58ab 1.99 ± 0.57a 11.69 ± 0.97a 

3980 

A
lp

in
e 

m
ea

do
w

 

Geranium himalayense, 
Aconogonum tortuosum, Nepeta 
discolor, Potentilla atrisanguinea 

2.01 ± 0.21a 26.64 ± 2.32bc 5.34 ± 0.4a 46.02 ± 6.34abc 4.74 ± 0.75abc 9.83 ± 0.18a 

3990 1.93 ± 0.22a 34.46 ± 3.01c 5.14 ± 0.42a 44.92 ± 5.81abc 4.4 ± 0.53abc 10.22 ± 0.71a 

4000 1.85 ± 0.22a 22.54 ± 3.79abc 5.54 ± 0.37a 71.05 ± 4.16cd 6.3 ± 0.65bc 11.6 ± 0.89a 

4020 2.08 ± 0.43a 26.95 ± 5.1bc 5.22 ± 0.32a 87.98 ± 3.78d 7.27 ± 0.7c 12.65 ± 1.54a 
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4.4.2 Factors affecting α and β-diversity 

 Multiple linear regressions showed that α-diversity was positively affected by SMC and 

SOC across elevation (Table 4.2). Variability in richness (r2 = 0.50, p < 0.001) and 

diversity (r2 = 0.36, p < 0.001) were significantly explained by SMC and SOC, while that 

in evenness by only SOC (r2 = 0.21, p < 0.001). No significant relationships were 

observed between α-diversity and pH, C/N, and MAT. On the other hand, β-diversity was 

significantly correlated to MAT (r = 0.25, p < 0.001) and all the selected edaphic factors 

(SMC: r = 0.28, p < 0.001; SOC: r = 0.19, p < 0.001; TN: r = 0.18, p < 0.001 and pH: r 

= 0.07, p < 0.049) except C/N ratio (r = 0.08, p = 0.07) as revealed by Mantel test. Further, 

the Redundancy Analysis with 12 abundant phyla showed that MAT, SMC, and SOC 

explained 33% (F(3,52) = 8.68, p < 0.001) of the variability in their relative abundance 

across the elevation gradient (Figure 4.1).  

 

 
Figure 4.1 Redundancy analysis (RDA) showing significant relationships between 
abundant bacterial phyla and mean annual temperature (MAT), soil moisture content 
(SMC), and soil organic carbon (SOC).  
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Table 4.2 Multiple linear regression models for the relationship of richness, evenness, and diversity with mean annual temperature 

(MAT), soil moisture content (SMC), and soil organic carbon (SOC).  

α-diversity Predictor variables R2 α β F  p AIC 
        
Richness (Sobs) SMC 0.50 1473.93 (487.38) 75.66 (23.03) 26.35 < 0.001 836.12  SOC 38.49 (11.05) 
        
Evenness SOC 0.21 0.75 (0.02) 0.0015 (0.0003) 14.74 < 0.001 -290 
        
        
Diversity (Shannon index) SMC 0.36 5.43 (0.28) 0.03 (0.01) 14.81 < 0.001 1.3  SOC 0.02 (0.01) 
Values within parenthesis indicate standard error. α and β are constants. Significant at p <0.001. 
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We performed linear regressions to understand the effect of MAT, SMC, and SOC on 

each abundant phylum (Figure 4.2). Proteobacteria, Firmicutes, and Planctomycetes 

were significantly affected by all the three factors, whereas Bacteriodetes and 

Chlamydiae by MAT and SMC; Verrucomicrobia and Chloroflexi by SMC and SOC, 

Actinobacteria and Acidobacteria by SOC and Patescibacteria and Dependentiae by 

MAT. Gemmatimonadetes was not significantly affected by any of the three factors. The 

unexplained variability in bacterial α and β-diversity may be due to factors such as 

belowground biomass, plant species composition, and soil nutrients (phosphorus and 

others) not measured in this study.  

The SEM model (CFI = 0.94, AIC = 683.1, RMSEA = 0.16, p < 0.05) explained 36%, 

89%, and 65% of the variation in bacterial richness, α-diversity and composition, 

respectively (Figure 4.3). Diversity was strongly related to richness (λ = 0.94, p < 0.001) 

which was affected directly by SOC (λ = 0.32, p < 0.01) and SMC (λ = 0.49, p < 0.001) 

and indirectly by vegetation type (λ = 0.16, p < 0.01). Community composition was 

related to richness (λ = 0.77, p < 0.001) and affected directly by SOC (λ = - 0.36, p < 

0.001), pH (λ = - 0.25, p < 0.01) and MAT (λ = - 0.16, p < 0.05).  Table 4.3 shows the 

standardized path coefficients of direct, indirect and total effects. 

 

4.5 Discussion 

The mid-elevation dip observed in this study suggests the dominance of factors other than 

elevation or temperature in controlling bacterial α-diversity (Fierer et al., 2011; Singh et 

al., 2014). Notably, the vegetation in our study shifts from the subalpine forest in lower 

elevations (3373–3564 m) to alpine scrub in the mid (3645–3770 m) to the alpine 

meadow in the higher elevations (3890–4020 m) (Table 4.1). The dip in α-diversity 
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Figure 4.2 Linear relationships between Hellinger transformed relative abundance 
(HTRA) of bacterial phyla across elevation and mean annual temperature (MAT), soil 
moisture content (SMC) and soil organic carbon (SOC). Significant at ***p < 0.001, **p 
< 0.01 and *p < 0.05; ns represents non-significant. 
 
 
 

corresponds to the alpine scrub vegetation having low soil moisture, SOC, and TN 

compared to other elevations (Table 4.1). On the contrary, subalpine forest and alpine 

meadow occurring in extreme climate regimes with similar edaphic characteristics 

(moisture, carbon, and nitrogen) had comparable α-diversity. This finding indicates that 

edaphic factors corresponding to different vegetation types control bacterial diversity 

rather than elevation or temperature. The regression analysis supports this assumption, as  
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Figure 4.3 Structural equation model (SEM) showing the causal influences of vegetation, 
MAT, SOC, SMC, and pH on bacterial richness, α-diversity, and composition. Red and 
green lines indicate significant negative and positive effects, respectively. The width of 
the arrows is based on the standardized path coefficients indicating the strength of the 
causal effect. The standardize coefficients are marked above each path (* indicates 
significant (p < 0.05) effects, ** indicates significant (p < 0.01) effects, *** indicates 
significant (p < 0.001) effects). R2 values represent the percentage of variance explained 
for each variable. 
 

 

 

most variability in bacterial richness, evenness, and diversity were explained by SMC 

and SOC (and in turn TN because of its high correlation with SOC, r = 0.95, p < 0.001) 

and not by temperature. The SEM analysis also indicated the direct effect of edaphic 

properties (SMC and SOC) on the bacterial richness and, in turn, diversity. The 
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Table 4.3 Direct, indirect and total effect coefficients of  each variable in the structural 

model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Effects were calculated using standardized path coefficients for significant relations (p<0.05, p<0.01 and 

p<0.001). 

 

 

dominance of edaphic factors in governing bacterial diversity along elevation gradient 

has also been described earlier from Mt Changbai, the Italian Alps, the Andes, and 

southwest Wales (Fierer et al., 2011; Shen et al., 2015, 2013; Siles and Margesin, 2016; 

Xue et al., 2018). We found no effect of pH and C/N ratio on bacterial α-diversity and is 

in contrast to other studies where they have been identified as significant drivers of 

bacterial communities (Adamczyk et al., 2019; Lanzén et al., 2016; Shen et al., 2015; 

Yashiro et al., 2016).  

Variable Direct effect Indirect effect Total effect 
Richness    

SOC 0.49 - 0.49 
SMC 0.32 - 0.32 
MAT - -0.16 -0.16 
Vegetation - -0.16 -0.16 

Diversity    
Richness 0.94 - 0.94 
SOC - 0.30 0.30 
SMC - 0.46 0.46 
Vegetation - 0.01 0.01 
MAT - 0.02 0.02 

Composition    
Richness 0.77 - 0.77 
SOC -0.36 - -0.36 
MAT -0.16 -0.1 -0.26 
pH -0.25 - -0.25 
SMC - 0.38 0.38 
Vegetation - 0.11 0.11 

SMC    
Vegetation -0.34 - -0.34 

SOC    
Vegetation -0.3 - -0.3 

Vegetation    
MAT 0.97 - 0.97 
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The effect of edaphic properties was further displayed in the patterns of bacterial β-

diversity. The overlaps found in community composition (Figure 3.4, Chapter 3) between 

low and high elevation suggested possible relatedness due to similarity in their edaphic 

properties. In contrast, the mid-elevations, having contrasting soil properties, showed 

different community compositions. Low moisture-induced drier conditions and low 

substrate availability in mid-elevations may have limited the growth of these phyla and 

hence reduced their relative abundance (Brockett et al., 2012; Lladó et al., 2017). Low 

relative abundance of these bacterial phyla led to the dominance of Proteobacteria (54.1–

74.2%) in the mid-elevations and resulted in less evenly distributed community 

composition (Figure 3.4a, Chapter 3), which was also evident from low evenness (0.69–

0.77) (Figure 3.5, Chapter 3).  

Mantel test, RDA, and SEM showed that the community composition across elevation 

gradient was influenced directly by both edaphic factors (SOC and pH) and temperature 

(Figures 4.1 and 4.3). Linear regression also indicated the relationship of many phyla to 

temperature along with edaphic factors (Figure 4.2). Consequently, irrespective of mid-

elevation dips, relative abundances of such phyla increased or decreased across elevation. 

This was expected as temperature stimulates the growth and metabolic activities of 

bacteria and, in turn, affects the community (Zhou et al., 2011). However, the increasing 

temperature is only efficient in shaping community composition when nutrient and water 

supply is adequate (Lladó et al., 2017; Peltoniemi et al., 2015; Rousk et al., 2012). 

Moreover, the quality of nutrients also determines the fate of community distribution 

across elevation gradients in mountain ecosystems (Xu et al., 2015; Zheng et al., 2018). 

For instance, sub-alpine forest in the lower altitudes provides a high amount of leaf litter 

rich in recalcitrant carbon compared to alpine scrub and meadows, where leaf litter input 

is comparatively low and primarily seasonal. High leaf litter facilitates the growth of 
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specific communities, such as, Acidobacteria that can derive energy by oxidizing the 

recalcitrant form of carbon (Lladó et al., 2017). On the contrary, the labile form of carbon 

mainly comes from root exudates and depends on the formation of root networks and 

carbon allocation from photosynthesis (Cleveland et al., 2007; Lladó et al., 2017). Soil 

carbon content also depends on soil respiration, a process where soil carbon (mainly 

labile form) is lost due to carbon decomposition by microbes (Bokhorst et al., 2007).  

Alpine scrub having low vegetation cover is exposed to warming leading to rapid soil 

carbon decomposition and emission (Zhao et al., 2019). These habitats also provide 

insufficient C supplies into the soil (Rawls et al., 2003). As a cumulative effect of high 

respiration and poor input, soils in these habitats are C deficient, as evident in our study 

(Table 3.1, Chapter 3). Low carbon in soils often reduces their ability to hold water 

(Fierer et al., 2007; Koch, 2001), which further reduces microbial enzyme activity of 

communities and facilitates the growth of only those species that can grow in carbon and 

moisture-limited soils (Adamczyk et al., 2019; Tiwari et al., 2021b). Despite low carbon 

input due to low photosynthesis, alpine meadows act as sinks as decomposition rates are 

limited by low temperature (Barboza et al., 2018; Lanzén et al., 2016; Lazzaro et al., 

2015). Overall, we see three habitat types in our study area, (i) high moisture-nutrient-

temperature (HMNT) habitat at lower elevations, (ii) low moisture-nutrient-high-

temperature (LMNHT) habitat at mid-elevations, and (iii) high moisture-nutrient-low-

temperature (HMNLT) habitat at higher elevations. These habitats showcase two kinds 

of stress, one by the temperature (HMNLT) and the other by moisture and nutrients 

(substrate availability) (LMNHT). Under temperature stress with adequate nutrients 

(HMNLT), the communities are co-operative, as seen by high positive interactions in the 

co-occurrence network at the high elevation range. Under nutrient stress with optimum 

temperature (LMNHT), communities compete for the limited substrate wherein certain 
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species dominate, eventually decreasing the community evenness. This was indicated by 

the dominance of Proteobacteria in the mid-elevation (Figure 3.4a, Chapter 3), having 

high negative interactions with the other bacterial taxa (Figure 3.7b, Chapter 3). When 

temperature, moisture, and nutrients are optimum (HMNT), the communities participate 

in both positive and negative interactions (Figure 3.7c, Chapter 3), leading to the 

dominance of specific taxa (Proteobacteria in this study, Figure 3.4a) along with high 

overall community evenness (Figure 3.5).  

In contrast to previous studies (Mountain Research Initiative EDW Working Group, 

2015)(Barboza et al., 2018; Lanz´en et al., 2016; Lazzaro et al., 2015), we found no 

seasonal or inter-annual variation in bacterial diversity and composition, indicating the 

resilient nature of bacterial communities to environmental changes over the selected time 

window (Figure 3.6, Table 3.2, 3.3 and 3.4). This finding also confirms the mid-elevation 

dip pattern across all years, thereby supporting the effect of edaphic factors over the 

temperature in community distribution.
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Chapter 5 

Soil bacterial community response to an experimental 
warming  
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5.1 Introduction 

Ongoing climate change due to human activities involving fossil fuel combustion and 

land-use change have substantially increased greenhouse gas concentrations leading to 

global mean surface temperature (IPCC, 2013). The rate of increase in temperature has 

been more pronounced at higher altitudes, particularly alpine regions (Mountain 

Research Initiative EDW Working Group, 2015). These regions store a large quantity of 

soil organic carbon (SOC) due to low decomposition and low turnover rates under cold 

environment (Budge et al., 2011).  Since SOC decomposition is a temperature dependant 

process (Zi et al., 2018a), the impact of climate warming on organic carbon 

decomposition will determine the strength of an alpine ecosystem to sustain as a C sink 

or a source (Zi et al., 2018a). The organic carbon decomposition is majorly carried out 

by soil bacterial communities through respiration. Although Climate-modelling has 

predicted a positive feedback of soil respiration under warming eventually reducing the 

soil C store (Heimann and Reichstein, 2008), in field experimental warming studies on 

alpine ecosystem soil respiration and C storage showed no consistent results. Such 

inconsistency stems from the uncertainties in the response of soil bacterial communities 

to increasing temperature and associated change in the micro-environment. Therefore, 

understanding the response of these communities to elevated temperature is essential for 

predicting effects of future temperature rise on soil C store (Schindlbacher et al., 2010). 

Soil microorganisms depend on water, carbon, nitrogen and phosphorus to generate 

energy and synthesize cellular macromolecules. The rates of these bacterial processes are 

influenced by environmental factors such as temperature, soil moisture, nutrient contents, 

pH and salinity. Any changes in atmospheric temperature are likely to effect soil 

environment such as soil temperature and moisture (Zi et al., 2018a). This change in soil 

conditions can promote changes in soil bacterial communities (Steinweg et al., 2012) and 
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their activities (Sheik et al., 2011). For instance, a study by Deslippe et al. (2012) 

(Deslippe et al., 2012) showed that warming significantly reduced the evenness of 

bacterial communities in the Arctic. Further another study in an Oklahoma prairie soil 

reported that warming treatment significantly increased the bacterial population size by 

40–150%, but decreased the alpha diversity eventually changing the composition of the 

community (Sheik et al., 2011a) Variations in the bacterial community composition may 

likely affect the degradation of different soil organic carbon pools through the production 

of different extracellular enzymes (Sinsabaugh, 2010). Despite of such critical role in the 

soil, the responses of bacterial community diversity, composition and function  under 

warming have rarely been investigated in carbon rich soils at high elevation mountain 

ecosystems. 

In the Himalaya, alpine region encompasses almost 33% of the geographical area and 

store a considerable amount of SOC (Tiwari et al., 2021b). Majority of these alpine 

regions are covered by herbaceous meadows dominated by graminoids i.e., grasses and 

sedges (Tiwari et al., 2021b). These meadows are of much ecological interest due to the 

presence of plant forms specially adapted to harsh climatic conditions, their ability to 

translocate synthesized carbon to underground parts and their sensitivity to changing 

climate (Körner, 1999; Rawat, 2007; Rawat and Adhikari, 2005). Soil bacterial 

community diversity and composition in these habitats are expected to change with rising 

temperature leading to change in their organic carbon decomposition rate setting positive 

feedback to climate warming. The Himalayan region have experienced an increase of 0.9 

ºC average temperature during 1901–2003 (Shrestha et al., 2012b). However, studies 

focused on assessing the impacts of warming on soil bacterial community from alpine 

region of Himalaya are lacking. This is the first study where we investigate the effects of 

climate warming on soil bacterial community in the alpine region of Himalaya based on 
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warming experiment. The major objectives of our study were to assess the effect of 

experimental warming on bacterial community i) alpha diversity and composition, and 

ii) functional traits.  

 

5.2 Study Area 

We conducted this study in an alpine meadow of Gangotri National Park located in 

Western Himalaya, India (30º57′01.93″ N, 79º03′28.24″ E, 4000 m above sea level) 

(Figure 5.1a and 5.1b).  

 

 

Figure 5.1 (a) State map of India, (b) Gangotri National Park in western Himalaya and 
(c) study site with open-top chambers at Herbaceous Meadow, and (d) an open top 
chamber with a control plot. Maps in figures a and b were generated with ArcGIS version 
10.7 (ESRI, CA, USA, https://desktop.arcgis.com/en/arcma p/) and image in figure c was 
acquired using Google Earth Pro version 7.3.3. 
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The site was characterized by dense herbaceous vegetation and high soil organic carbon 

(SOC) and soil water content (SMC). Vegetation was dominated by dicotyledonous herbs  

such as Geranium himalayense, Nepeta discolor, Artemisia gmelinii, Thalictrum 

alpinum, Cynoglossum wallichii and Galium rotundifolium and few other plant types 

including Polygonatum graminifolium, Persicaria polystachya, Euphorbia stracheyi and 

Astragalus candolleanus.  Mean annual precipitation was 1500 mm and mean annual 

temperature (MAT) measured by data loggers at the study sites from May 2017 to 

October 2018 was 2.92 ºC ± 0.36 ºC (Tiwari et al., 2021b). 

 

5.3 Material and methods 

5.3.1 Site selection and soil sampling  

In our study site, we selected 4 homogeneous plots (2 m X 2 m) (approximately 10 m 

apart) with similar plant communities and soil properties in October 2016 and installed 1 

open top chamber (OTC) for warming treatment at each plot (Figure 5.1c, 5.1d and 5.2). 

A control plot with similar vegetation adjacent to each OTC (approximately 1 m apart) 

was established by fencing to prevent grazing. For warming treatment, we used 

hexagonal OTCs that has been modified from the design developed by Molau and Alatalo 

(Molau and Alatalo, 1998). The chambers were built by polycarbonate sheets (3 mm) 

having top and bottom diameter and height as 110 cm, 170 cm and 70 cm, respectively. 

Since installation, the OTCs were left on plots all year around for bacterial community 

assessment.  
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Figure 5.2 Open top chamber modified based on the design from Molau and Alatalo et 
al., 1998. 
 
 
 

 

Figure 5.3 Soil sampling inside open top chambers. 
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In each warming and control plot, five 1 × 1 ft sub-plots were randomly selected for soil 

sampling. Sampling was performed during May and October in 2017 and May, July, 

September  

and October in 2018. At each subplot, five soil cores (~1 g each) were collected at four 

corners and center from 5 cm depth using hand-held sterile soil corer (50 ml centrifuge 

tube of diameter 2.5 cm, Tarsons Products Pvt. Ltd, India). Before soil collection, 

aboveground vegetation and leaf litter were removed if present. Based on the design of 

Lanzen et al. (2016) (Lanzén et al., 2016), soil cores at each plot (n = 30) were pooled in 

a sterile zip-lock bag homogenized and stored in 100% ethanol (Merck, Germany) for 

molecular analyses. All samples, n = 48  (4 OTC + 4 control) x 1 composite sample per 

sampling time x 6 sampling time), were transported to the laboratory in a cool box. 

 

5.3.2 DNA extraction, PCR amplification, and Illumina sequencing 

Approximately 0.25 g of each soil sample was taken to extract environmental genomic 

DNA using a Nucleopore GDNA soil kit (Genetix Biotech Asia Pvt. Ltd, India) following 

the manufacturer's instructions. DNA concentrations were estimated using Qubit dsDNA 

HS Assay Kit (Life Technologies, USA). The bacterial V3 and V4 regions were amplified 

using the primer pair 338F (5′-CCTACGGGNGGCWGCAG-3′) and 806R (5′-

GACTACHVGGGTATCTAATCC-3′) (Luo et al., 2019) with Illumina 16S 

Metagenomics Sequencing library preparation protocol. The PCR reaction was 

conducted with 12.5 µl of 2X Kappa Hifi Hotstart ReadyMix (Kappa Biosystems, Roche 

Sequencing and Life Science, USA), 1 µl each of 5 µM forward and reverse primer and 

10.5 µl of the template (12.5 ng of microbial DNA). The conditions for PCR reaction 

included an initial denaturation of 95 °C for 3 min, followed by 25 cycles of 95 °C for 30 

s, 55 °C for 30 s, and 72 °C for 30 s, followed by a final extension for 10 min at 72 °C. 
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A negative PCR (no template DNA) was included to monitor contamination. We purified 

and barcoded PCR products using Nextera XT kit (Illumina Inc., United States) and 

normalized amplicons to 2 nM for each library. An equal volume of each library was 

pooled, denatured, and diluted to 4 pM before loading onto the MiSeq flow cell (Illumina 

Inc., United States). Sequencing was performed at the Next Generation Genomics 

Facility at Center for Cellular, and Molecular Platforms (C-CAMP), Bangalore, India, 

using a 2×300 bp paired-end protocol on the Illumina MiSeq platform. 

 

5.3.3 Sequence Data Processing 

We used the MiSeq S.O.P. pipeline in Mothur v.1.40.5 to process Illumina-generated raw 

sequences (Schloss et al., 2009).  We prepared full-length sequences from which good 

reads (> 460 bp length with no homopolymer stretches longer than 8bp) were identified 

and clustered (based on ≥ 97% similarity) using 16S rRNA database SILVA 132 SSU 

SEED. Subsequently, chimeric sequences were removed using Uchime, followed by all 

singletons, chloroplasts, archaea, mitochondria, and unknown origin sequences.  We used 

high-quality sequences to estimate pair-wise distances and generate single-linkage 

clusters with ≥ 97% sequence similarity. The longest read from each cluster was used as 

the reference sequence for a taxonomic assignment against the SILVA SSU NR Ref 

database. Quantitative estimates of individual reads per taxonomic unit were generated 

from all sequences in each cluster and their replicates (≥ 97% similarity). The dataset was 

normalized by rarefying the sequences to the lowest sample-specific sequencing depth 

with maximum Good's coverage (Kozich et al., 2013). Finally, the sequences were 

clustered into different taxonomic levels for operational taxonomic unit (OTU) 

abundance and composition analysis. The data were further sorted to separate the 

abundant and rare taxa based on their relative abundances. OTUs with ≥1% relative 
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abundance was considered abundant and used for further analysis. 

 

5.3.4 Functional analysis of the bacterial community 

The genetic functional potential of the bacterial community was predicted using 

PICRUST (Phylogenetic Investigation of Communities by Reconstruction of 

Unobserved States) pipeline on the galaxy server (https://galaxyproject.org/use/langille-

lab/) (Langille et al., 2013). Taxonomic classification of 16S sequences at ≥ 97% 

similarity was conducted against the Greengenes database. Each 16S sequence was 

processed to pre-computed closed-reference OTUs against the Greengenes database 13.5 

to find the "nearest neighbor of the reference sequence". The OTU table was normalized 

according to the 16S rRNA gene copy number. The functional prediction was performed 

using the normalized OTU table against the Kyoto Encyclopedia of Genes and Genomes 

(KEGG) orthology database. The KEGG orthology (KO) assignments were performed at 

level 1 and 2 categories. The nearest sequence taxon index assessed the accuracy of the 

predicted metagenome. For our analysis, we classified the predicted functions into most 

abundant traits having relative abundance ≥1% at KO levels 1 and 2.  

 

5.3.5 Data analysis 

We calculated bacterial alpha diversity through three indices: OTU richness (Sobs), 

evenness, and Shannon diversity index for each sample using the Mothur platform. 

Before the analysis, we tested normality and heteroscedasticity of data by the Shapiro-

Wilk and Levene tests, respectively. We used  parametric t test or non-parametric Mann-

Whitney U test when data was normal or not normal, respectively, to analyse the effects 

of warming on alpha diversity, bacterial taxa relative abundances and functional traits 
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between the sites. All analyses were conducted in SPSS software (version 23.0, IBM, 

Chicago, IL, USA) and significant differences were assessed at the level p < 0.05. 

 

5.4 Results 

5.4.1 Effect of warming on microclimate  

Experimental warming resulted in significant and consistent increase in air temperature 

(AT) inside OTC at 30 cm height by 1.49 ºC ± 0.37 ºC across the seasons (p < 0.001) 

(Tiwari et al., 2021b) On the other hand soil temperature (ST) at 5 cm depth inside OTC 

showed low and inconsistent increase across the seasons with a mean of 1.0 ºC ± 0.36 ºC 

(p = 0.03), which was significant only during May, July and October (p < 0.001) of both 

years.  

 

5.4.2 Effect of warming on α-diversity  

Illumina sequencing across 48 samples resulted in a total of 654,842 high-quality 

sequences averaging 54,570 ± 8,940 sequence reads per sample. Good's coverage ranged 

from 83% to 99%, indicating that the sequencing was adequate and represented most of 

the bacterial communities at the study sites.   

The alpha diversity indices indicated no significant change in bacterial community 

richness, evenness, and diversity due to warming across the seasons (p>0.05) (Figure 

5.4). Bacterial richness in the control and warming plots was 6359 ± 302 and 6172 ± 219, 

respectively, evenness was 0.85 ± 0.12 and 0.85 ± 0.01, respectively, and diversity was 

7.4 ± 0.15 and 7.4 ± 0.07, respectively. 
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Figure 5.4 Variation in bacterial alpha diversity indices, i.e., richness, evenness and 
diversity under warming and control. Significant differences in alpha diversity indices 
was assessed by one way ANOVA followed by Tukey's honest significance difference 
(HSD) post-hoc test. Circles represent mean ± SE of mean of each season, n = 4. Bars 
represent mean ± SE of mean of all seasons, n = 24. Red star above the circle indicate a 
significant difference between the treatments (p < 0.05).  
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5.4.3 Effect of warming on bacterial taxa abundance  

Considering a ≥ 97% sequence similarity, we identified 529,771 OTUs that were 

classified into 31 phyla (96.9% of the OTUs), 93 classes (96.9%), 168 orders (72.4%), 

332 families (68.5%), 452 genera (57%) and 46754 species (8.8%) (Figure 5.5). Due to 

the low classification percentage at the species level, all further diversity analyses were 

conducted at phyla, class, and genera level only.  Of the classified bacterial taxa we 

identified 12 abundant phyla, 23 abundant classes, and 30 abundant genus (Figure 5.5). 

Across the seasons experimental warming resulted in no significant change in the relative 

abundances of any bacterial taxa (p>0.05).  

 
5.4.4 Effect of temperature on functional traits of the bacterial community 

PICRUST predicted metagenome functions are shown in (Figure 5.6), representing the 

most abundant traits at levels 1 and 2 KO categories. The nearest taxon sequence index 

(NSTI) value of the samples ranged from 0.1 to 0.25. At level 1 KO category, we 

identified four abundant functional pathways of the meta-genome, i.e., metabolism, 

environmental information processing, genetic information processing, and cellular 

processes. At level 2 KO category, we identified 6 functional pathways of metabolism 

i.e., carbohydrate, amino acids, lipid, nucleotide, enzyme and energy, 3 pathways of 

genetic information processing i.e., replication, transcription and translation, and 2 

pathways of environmental information processing i.e., membrane transport and signal 

transduction. None of these functions showed any change due to warming across the 

seasons (p>0.05). 
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(a)  

    (b)   

                         (c )    

Figure 5.5 Variation in bacterial beta diversity under warming and control. Relative 
abundances of bacterial (a) phyla, (b) class, and (c) genera under the treatments.  Here 
"Others" represent all taxa with relative abundances < 1%. 
 



 98 

 

Figure 5.6 Relative abundance of most abundant predicted metagenome functions at 
level 1 KO category under warming and control. Each bar represents the relative 
abundances of all pathways associated with the abundant functions at the level 2 KO 
category. 
 

 

5.5 Discussion 

Our study provides evidence that 2 years of experimental warming resulted in no 

significant change in alpine soil bacterial community alpha diversity, composition and 

their abundant functions at 5 cm soil depth. Some recent studies have reported similar 

observations from alpine meadow in north western Sichuan, China (Zi et al., 2018) and 

Sub-Artic peatland in Sweden (Weedon et al., 2017). Notably in our study, the 

temperature increase inside the OTC was achieved successfully (~ 1.5 ºC), however soil 

moisture remained constant. Since bacterial physiological processes are dependent on 

both soil temperature and moisture, therefore increase in temperature solely did not affect 

the community diversity, composition and function (Zi et al., 2018). Similarly an earlier 

study on the effects  of experimental warming on soil respiration from an alpine meadow 

in western Himalaya, also reported no change in the rate of soil respiration due to non-
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significant change in soil moisture although temperature increased significantly (Tiwari 

et al., 2021b). Contrarily, other studies on experimental warming that resulted in change 

in both soil temperature, moisture and plant coverage exhibited increase in microbial 

biomass and their composition (Walker et al., 2006; Wang et al., 2017; Zi et al., 2018a). 

All these results indicate that it is only when moisture and in turn nutrient availability is 

altered under increasing temperature, soil microbial communities are affected. 

Review of earlier experimental studies suggest three ways in which microbial 

communities can respond to any change or disturbance (Allison and Martiny, 2008). 

Firstly, microbial communities are resistant to increase in temperature only. Secondly, 

microbial communities particularly bacterial community composition although is 

sensitive to any environmental change, they are resilient and immediately return to their 

pre-disturbed state. Thirdly, even if composition of the community changes, the new 

community might have same functional as that of the original. Results obtained in our 

study indicates that the community might be either resistant or resilient to temperature 

increase. Since in our study there was no change in the community composition, we found 

no change in the relative abundance of abundant functions. Overall, our results implies 

that due to resistant and resilient nature of soil bacterial community in high altitude alpine 

habitats in western Himalaya, they might not experience any loss in diversity, 

composition and function under short-term temperature rise scenarios as long as soil 

moisture, plant coverage and nutrient availability remains unaltered.
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Chapter 6 

Key findings and implications 

Increasing global average surface temperature since the past decade has led to rapid 

changes in terrestrial ecosystems (Cramer et al., 2001). Alpine ecosystems are 

particularly susceptible to more temperature rise than global average (Mountain Research 

Initiative EDW Working Group, 2015), and are experiencing rapid melting of ice and 

retreat of glacier (Venkatachalam et al., 2021; Wu et al., 2012). Soil bacterial 

communities in alpine ecosystems play a critical role in soil formation, plant colonization, 

nutrient cycling, regulation of soil carbon storage through decomposition, and mediate 

feedbacks between climate change and ecosystem functioning by heterotrophic 

respiration (Donhauser and Frey, 2018; Trivedi et al., 2013). Although a few studies have 

focused on macro-level deglaciation impacts, little is known about such effects on the 

bacterial community succession which formed the rational for this thesis 1st Chapter.  

This study provides the first report on soil bacterial community ecological traits 

associated with their succession and nutrient cycling in a newly exposed soil till a 

developed  stage after ~300 years of post-deglaciation of Gangotri glacier, western 

Himalaya. Three sites were selected along a terminal moraine representing recent (~20 

yrs), intermediate (~100 yrs), and late (~300 yrs) deglaciation periods.  Results showed 

that the genus Mycobacterium belonging to phylum Actinobacteria dominated recently 

deglaciated land. Relative abundance of these pioneer bacterial taxa decreased by 20-

50% in the later stages with the emergence of new and rising of the less abundant 

members of the phyla Proteobacteria, Firmicutes, Planctomycetes, Acidobacteria, 

Verrucomicrobia, Candidatus TM6, and Chloroflexi. The community in the recent stage 

was less rich and harboured competitive interactions, while the later stages experienced 
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a surge in bacterial diversity with cooperative interactions. The shift in α-diversity and 

composition was strongly influenced by soil organic carbon, carbon to nitrogen ratio, and 

soil moisture content. The functional analyses revealed a progression from a metabolism-

focused to a functionally progressive community required for bacterial co-existence and 

succession in plant communities.  Overall the results reveal the evolution of a simple 

pioneer community (dominated by Mycobacterium genus), mainly focused on metabolic 

activities, into a more diverse and functionally specialized community at the later stages. 

The study also demonstrates the progression in biogeochemical pathways necessary for 

soil fertility and plant growth post-deglaciation. This study was a single time point 

sampling which may not reflect the community trait variations during different seasons 

and years. However, as evidenced in other studies, due to the non-significant seasonal 

and interannual variation in the bacterial community (Bhattacharya et al., 2022; Zhu et 

al., 2020), results generated in this study indicate that the bacterial communities inhabit, 

diversify and develop specialized functions post-deglaciation leading to nutrient inputs 

to soil and vegetation development, which may provide feedback to climate change.  

We also assessed bacterial community distribution patterns along elevation gradients as 

it is invaluable in understanding the underlying mechanism involved in their diversity 

formation, sustenance, and response to environmental changes (Donhauser and Frey, 

2018; Margesin and Niklinska, 2019). However, earlier studies show contrasting patterns 

with different regulating factors due to habitat specificity and associated environmental 

conditions (Donhauser and Frey, 2018). The lack of consensus formed the basis for 

understanding the effects of environmental changes on soil bacterial communities and 

their driving factors across elevation-vegetation gradient (3373–4020 m) along the 

deglaciated valley of Gangotri glacier, western Himalaya in this thesis 2nd and 3rd chapter. 

Results demonstrates a mid-elevation dip in soil bacterial community diversity along an 
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elevation-vegetation gradient across three years governed primarily by edaphic properties 

(SOC, TN, SMC and pH) rather than temperature (Bhattacharya et al., 2022). This dip in 

diversity is a consequence of the shift in the bacterial socio-interactive array from co-

operative to competitive under moisture and nutrient limitations. Further, the 

communities' seasonal and inter-annual stability confirms the mid-elevation pattern and 

provides evidence for their resilience towards climate shifts. By considering both spatial 

and temporal variability, our results enhance the reliability of the observed distribution 

pattern and the regulating factors. This is the first study from the temperature-sensitive 

high-altitude region of Himalaya that will help to understand the factors underlying 

bacterial diversity distribution and enhance the predictability of environmental change 

impacts on these communities across broader spatio-temporal scales (Bhattacharya et al., 

2022). 

We further established experimental warming plots in an alpine meadow of the study area 

to confirm the responses of bacterial community to rising temperature in the thesis last 

chapter. Response of these communities to warming have rarely been investigated in 

carbon rich soils at high elevation mountain ecosystems (Zhang et al., 2014). Results 

from this chapter showed that short-term increase in temperature with no change in soil 

moisture and nutrient content had any significant effect on bacterial alpha diversity, 

composition and function. The no effect of short term warming on these community 

functions was also reported in our earlier study where no change was observed in soil 

respiration under warming conditions throughout growing period of a year (Tiwari et al., 

2021a). The warming experiment confirmed the neutral response of bacterial community 

to temperature and further established that these communities are resilient to climate 

warming however, a shift in edaphic properties may alter community diversity and its 

functional potential. 
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Appendix 

Table  A1 List of studies on effects of climate change on soil bacterial communities 
across mountain ecosystems of the world. 
 

No. Study Location 
Altitude 

(m) Longitude Latitude Reference 

1 Himalaya 3700–5970 77.58 E 34.75 N 
Rehakova et al., 2011; https://doi.org/10.1007/s00248-011-9878-
8 

2 Swiss Alps 2100 10.24 E 46.63 N Bernasconi et al., 2011; https://doi.org/10.2136/vzj2010.0129 

3 Swiss Alps 2101 8.45 E 46.60 N Brankatschk et al., 2010; https://doi.org/10.1038/ismej.2010.184 

4 Italian Alps 545-2000 11.45 E 46.58 N Siles et al., 2017; http://dx.doi.org/10.1016/j.soilbio.2017.04.014 

5 Italian Alps 545-2001 11.43 E 46.58 N Siles and Margesin 2016; doi:10.1007/s00248-016-0748- 

6 Spain 1500-2600 1 E 42.66 N Lanzen et al., 2016; https://doi.org/10.1038/srep28257 

7 Tibetan plateau 3000–3600 102.35 E 31.51 N Tan et al., 2012; https://doi.org/10.5897/AJMR11.1537 

8 Tibetan plateau 5300–5900 92.56 E 31.51 N Janatkova et al., 2013; https://doi.org/10.1111/1462-2920.12132 

9 Tibetan plateau 3400–4813 102.58 E 31.58  N Zhang et al., 2013; https://doi.org/10.1186/1471-2180-13-72 

10 Tibetan plateau 3200–3800 102.55 E 32.8 N Yang et al., 2013; https://doi.org/10.1038/ismej.2013.146 

11 Tibetan plateau 4400–5210 100.43 E 34.28 N Yuan et al., 2014; https://doi.org/10.1111/1574-6941.12197 

12 Tibetan plateau 3650 92.01 E 31.43 N Xie et a., 2014; https://doi.org/10.1016/j.soilbio.2014.06.024 

13 Tibetan plateau 3105–4556 90.21 E 28.90 N Xu et al., 2014; https://doi.org/10.1016/j.ejsobi.2014.06.002 

14 Mount Wutai 2080-3000 112.8 E 38.45 N Luo et al, 2019; doi: 10.3389/fmicb.2019.00169 

15 Chanbai mountain 2000-2500 126.91 E 41.38 N Shen et al., 2013; https://doi.org/10.1016/j.soilbio.2012.07.013 

16 Mount Gongga 2000-3000 101.48 E 29.01 N Shen et al., 2015; doi:10.3389/fmicb.2015.00582 

17 Mount Fuji 880-1830 138.86 E 35.93 N Singh et al, 2012; https://doi.org/10.1007/s00248-011-9900-1 

18 Mt. Halla 100-1950 126.53 E 33.36 N Singh et al, 2014; http://dx.doi.org/10.1016/j.soilbio.2013.09.027 

19 New Zealand 500 -1900 168.95 E 44.85 S Wu et al., 2017; doi: 10.1093/femsec/fiw253 

20 Rocky mountain 2460–3380 105.58 W 40.05 N Bryant et al., 2008; https://doi.org/10.1073/pnas.0801920105 

21 Canada 2214 111.63 W 64.83 N Kazemi et al., 2016;  https://doi.org/10.1111/mec.13835 

22 Peruvian Andes 5000 71.04 W 13.46 S Schmidst et al., 2008; https://doi.org/10.1098/rspb.2008.0808 

23 Austrian Alps 2300–2530 12.69 E 47.07 N 
Margesin et al., 2009; https://doi.org/10.1111/j.1574-
6941.2008.00620.x 

24 French Alps 2227–2818 06.63 E 45.0 N Zinger et al., 2020; https://doi.org/10.1128/AEM.00748-09 

25 Tianshan Mountains 3523 86.83 E 43.10 N Wang et al., 2010; https://doi.org/10.1007/s00253-010-2564-9 

26 Tianshan Mountains 3523 119.18 W 53.18 N Wang et al., 2010; https://doi.org/10.1007/s00253-010-2564-10 

27 Robson Glacier 3954 119.67 W 41.84 N Hahn and Quideau 2013; https://doi.org/10.4141/cjss2012-133 

28 Crooked Creek 3954 120.33 W 42.68 N Hahn and Quideau 2013; https://doi.org/10.4141/cjss2012-134 

29 Barcroft 3954 138.92 W 60.95 N Hahn and Quideau 2013; https://doi.org/10.4141/cjss2012-135 

30 Tibetan plateau 4628 102.83 E 31.23 N Zhang et al., 2014; https://doi.org/10.1007/s12665-013-3001-z 

31 Tibetan plateau 3200–3800 102.38 E 36.26 N Yang et al., 2013; https://doi.org/10.1038/ismej.2013.146 

32 French Alps 2227–2818 10.69  E 46.77 N Zinger et al., 2011; https://doi.org/10.1371/journal.pone.0019950 

33 Tibetan plateau 4400–5100 101.2 E 37.61 N Guo et al., 2015; https://doi.org/10.1007/s00253-015-6723-x 

34 Tibetan plateau 4149–5033 91.05 E 30.5 N Liu et al., 2015; https://doi.org/10.1093/femsec/fiv078 
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Table A2. Number of sequences and Good’s coverage at all sampling sites. 

Sample 
no 

Altitude 
(m) 

Date of 
sampling Sample ID Total number of   

paired end reads 
Total number of  

quality reads  
Good's 

coverage (%) 
1 3373 October_2016 Alt1_Oct2016 244920.87 61246 88.30 
2 3373 October_2017 Alt1_Oct2017 225528.30 48170 88.37 
3 3373 October_2018 Alt1_Oct2018 215173.63 55198 87.75 
4 3373 May_2017 Alt1_May2017 187102.30 33101 89.24 
5 3373 May_2018 Alt1_May2018 203472.26 44950 85.61 
6 3483 October_2016 Alt2_Oct2016 181176.80 32997 90.14 
7 3483 October_2017 Alt2_Oct2017 126680.11 34495 94.23 
8 3483 October_2018 Alt2_Oct2018 239593.90 56914 88.93 
9 3483 May_2017 Alt2_May2017 220650.24 43272 90.63 

10 3483 May_2018 Alt2_May2018 131438.47 34333 96.97 
11 3552 October_2016 Alt3_Oct2016 207662.01 50412 91.27 
12 3552 October_2017 Alt3_Oct2017 359241.21 88603 83.92 
13 3552 October_2018 Alt3_Oct2018 230585.93 54106 86.81 
14 3552 May_2017 Alt3_May2017 197217.56 52893 91.69 
15 3552 May_2018 Alt3_May2018 190304.47 37164 90.04 
16 3564 October_2016 Alt4_Oct2016 186084.79 55086 94.13 
17 3564 October_2017 Alt4_Oct2017 181924.97 54668 96.18 
18 3564 October_2018 Alt4_Oct2018 105043.04 29768 96.56 
19 3564 May_2017 Alt4_May2017 152866.05 45551 96.17 
20 3564 May_2018 Alt4_May2018 174892.17 40420 89.20 
21 3645 October_2016 Alt5_Oct2016 157684.27 50513 98.65 
22 3645 October_2017 Alt5_Oct2017 159120.75 48436 97.28 
23 3645 October_2018 Alt5_Oct2018 113153.20 31023 99.09 
24 3645 May_2017 Alt5_May2017 127308.57 23821 99.91 
25 3645 May_2018 Alt5_May2018 36450.83 10063 Eliminated 
26 3730 October_2016 Alt6_Oct2016 134401.22 33397 99.32 
27 3730 October_2017 Alt6_Oct2017 108634.25 33312 98.94 
28 3730 October_2018 Alt6_Oct2018 104594.14 28278 99.60 
29 3730 May_2017 Alt6_May2017 186443.91 53315 97.56 
30 3730 May_2018 Alt6_May2018 149424.47 15149 Eliminated 
31 3763 October_2016 Alt7_Oct2016 146491.65 42221 98.80 
32 3763 October_2017 Alt7_Oct2017 127907.11 40970 98.63 
33 3763 October_2018 Alt7_Oct2018 102050.36 28864 99.56 
34 3763 May_2017 Alt7_May2017 146641.28 34144 99.11 
35 3763 May_2018 Alt7_May2018 43872.68 10710 Eliminated 
36 3770 October_2016 Alt8_Oct2016 185905.23 60098 96.68 
37 3770 October_2017 Alt8_Oct2017 122550.21 39640 98.27 
38 3770 October_2018 Alt8_Oct2018 114948.81 33200 96.13 
39 3770 May_2017 Alt8_May2017 142750.80 35417 99.37 
40 3770 May_2018 Alt8_May2018 56771.12 12440 Eliminated 
41 3980 October_2016 Alt9_Oct2016 311183.64 46996 85.73 
42 3980 October_2017 Alt9_Oct2017 248722.29 37630 87.18 
43 3980 October_2018 Alt9_Oct2018 378050.44 56482 84.47 
44 3980 May_2017 Alt9_May2017 220644.92 49711 91.24 
45 3980 May_2018 Alt9_May2018 305827.34 31009 90.67 
46 3990 October_2016 Alt10_Oct2016 301118.98 56895 88.22 
47 3990 October_2017 Alt10_Oct2017 316280.76 63627 85.91 
48 3990 October_2018 Alt10_Oct2018 365959.87 47314 90.15 
49 3990 May_2017 Alt10_May2017 273905.53 37462 91.00 
50 3990 May_2018 Alt10_May2018 186832.96 42392 88.67 
51 4000 October_2016 Alt11_Oct2016 285827.61 54449 83.70 
52 4000 October_2017 Alt11_Oct2017 254553.75 49249 82.55 
53 4000 October_2018 Alt11_Oct2018 377540.88 37549 86.89 
54 4000 May_2017 Alt11_May2017 294121.24 49034 86.86 
55 4000 May_2018 Alt11_May2018 227742.89 27451 92.68 
56 4020 October_2016 Alt12_Oct2016 235374.74 57290 88.31 
57 4020 October_2017 Alt12_Oct2017 286475.55 63125 81.71 
58 4020 October_2018 Alt12_Oct2018 343168.44 45733 87.34 
59 4020 May_2017 Alt12_May2017 147000.40 39902 91.82 
60 4020 May_2018 Alt12_May2018 187042.45 31021 90.09 
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Figure A1 Organic layout of bacterial co-occurrence networks of (a) recent and 
intermediate communities (Network-RI) and (b) intermediate and late communities 
(Network-IL) based on Random Matrix Theory. Each node represents a genera, and each 
straight line (link) represent a significant (p < 0.05) correlation. Nodes of the same color 
represent the same phyla the genera belong to. Nodes with triangle shapes represent 
genera with increasing abundance, inverted triangle shapes represent decreasing 
abundance, and oval shapes represent genera with no change in their relative abundance. 
Green and red lines indicate positive and negative correlations between nodes, 
respectively. The figure was generated in Cytoscape 3.2.8.  
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Abstract
Climate change causes an unprecedented increase in glacial retreats. The melting ice exposes land for colonization and diver-
sification of bacterial communities leading to soil development, changes in plant community composition, and ecosystem 
functioning. Although a few studies have focused on macro-level deglaciation impacts, little is known about such effects on 
the bacterial community succession. Here, we provide meta-barcoding-based insight into the ecological attributes of bacte-
rial community across different retreating periods of the Gangotri glacier, western Himalaya. We selected three sites along 
a terminal moraine representing recent (~ 20 yrs), intermediate (~ 100 yrs), and late (~ 300 yrs) deglaciation periods. Results 
showed that the genus Mycobacterium belonging to phylum Actinobacteria dominated recently deglaciated land. Relative 
abundance of these pioneer bacterial taxa decreased by 20–50% in the later stages with the emergence of new and rising 
of the less abundant members of the phyla Proteobacteria, Firmicutes, Planctomycetes, Acidobacteria, Verrucomicrobia, 
Candidatus TM6, and Chloroflexi. The community in the recent stage was less rich and harbored competitive interactions, 
while the later stages experienced a surge in bacterial diversity with cooperative interactions. The shift in α-diversity and 
composition was strongly influenced by soil organic carbon, carbon to nitrogen ratio, and soil moisture content. The functional 
analyses revealed a progression from a metabolism focused to a functionally progressive community required for bacterial 
co-existence and succession in plant communities. Overall, the findings indicate that the bacterial communities inhabit, 
diversify, and develop specialized functions post-deglaciation leading to nutrient inputs to soil and vegetation development, 
which may provide feedback to climate change.

Introduction

Increasing global average surface temperature since the past 
decade has led to rapid changes in terrestrial ecosystems 
[1]. The high altitude ecosystems and Polar Regions have 
particularly experienced higher warming rates, leading to 
rapid melting of ice and retreat of glaciers [2, 3]. As the 
glaciers retreat, new lands are exposed for colonization by 
pioneer bacterial communities capable of surviving in cold 
oligotrophic environments primarily by utilizing atmos-
pheric carbon (C) and nitrogen (N) depositions as energy 
sources [4]. Increasing bacterial activity promotes min-
eral weathering leading to nutrient mobilization and soil 

formation [4, 5]. Availability of essential nutrients such 
as phosphorus (P), calcium, and potassium facilitates the 
recruitment and growth of other microbial communities and 
plant colonization [5, 6]. Microbial activity and primary pro-
duction eventually drive biogeochemical transformations in 
recently exposed soils leading to the gradual accumulation 
of organic matter and ecosystem maturation [5, 7]. Despite 
the critical role of bacterial communities in initiating soil 
and ecosystem development, there is limited understanding 
of the ecological attributes of the community, including the 
relationship between their composition and functional traits, 
interspecies interactions, and environmental control on the 
diversity. Understanding the ecological characteristics of 
abundant bacterial taxa is required for insight into the cru-
cial microbial process involved in ecosystem development.

Taxonomic classification of bacterial metagenome is gradu-
ally progressing with cost-effective next-generation sequenc-
ing techniques [8]. However, the functional traits of bacterial 
communities are poorly characterized due to the low similarity 
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of environmental 16S rRNA sequence with the existing 
metagenome databases [8]. In addition, functional charac-
terization of the meta-genomes using meta-transcriptomics 
is expensive [8, 9]. Therefore, this has inhibited understand-
ing the functional potential of the newly evolving ecosystems 
post-deglaciation. Recently, efforts have been made to predict 
bacterial metagenome functions using various less expensive 
computational approaches based on 16S rRNA sequences 
[10]. PICRUST platform is one of the effective computational 
tools to predict soil bacterial functions taking into account the 
relationship between phylogeny and function [11]. Although 
these metagenome function prediction tools are widely used 
for environmental bacterial community function prediction, 
they have certain limitations [12]. Since the microbial metage-
nome database used for alignment of the 16S rDNA sequences 
majorly represents microorganisms associated with human 
microbiota, the predictive power of these tools for environ-
mental samples is compromised and needs to be used with 
caution [12].

The Himalayan region, representing the highest mountain 
ranges globally, has warmed significantly in the past years and 
is predicted to experience a temperature rise of 3 °C by 2050 
[13]. Almost 17% of the Himalayan landscape is glaciated, of 
which 21% have retreated over the last 50 years [14]. The Gan-
gotri glacier is the largest in Himalaya, having a total ice cover 
of 200 km2 [14]. This glacier is the primary source of the river 
Ganga on which 42% of the Indian population is dependent 
[14]. From 1935 to 1996, the glacier has retreated on an aver-
age of 19 m/year, double that of the previous century exposing 
2.25 km2 [14]. The deglaciated foreland now supports sub-alpine 
and alpine vegetation rich in high altitude flora that has been 
legally protected in the form of Gangotri National Park [15]. 
Quantification of soil microbial community along a temporal 
sequence in glacial forelands advances our understanding of the 
past and future trends in ecosystem functioning during deglacia-
tion. In this study, we investigated the succession in soil bacte-
rial community at different periods in the forelands of Gangotri 
glacier with the following objectives: (i) assessment of the shift 
in bacterial community richness, diversity, and composition at 
different taxonomic levels (phyla, class, and genera), (ii) assess-
ment of bacterial co-occurrence pattern, (iii) evaluation of the 
shifts in the community traits associated with (a) most abundant 
functions and (b) biogeochemical cycles, i.e., C, N, P and sulfur 
(S), and (iv) evaluate the impact of environmental factors on the 
community diversity and composition.

Materials and Methods

Study Area

The study was conducted in an alpine glacier foreland on 
the southwest-facing slope of the Gangotri glacier located 

in Western Himalaya, India (30.95–30.99 N, 78.99–79.06 E; 
4000 m above mean sea level). We selected three sites rep-
resenting recent (~ 20 yrs), intermediate (~ 100 yrs), and late 
(~ 300 yrs) post-deglaciation periods located at increasing 
distance from the snout of this glacier, which is referred to as 
Gaumukh (Fig. 1). We calculated the time of deglaciation via 
Google earth imagery and previously published articles [16] 
(Supplementary Fig. S1 and Table S1). The recently deglaci-
ated site was 340 m away from the snout and represented a 
bare surface of sand, gravel, and small rocks (Fig. 1, Table 1 
and Supplementary Table S1). The intermediate site was 
1.96 km away from the snout, characterized by fresh alluvial 
soil with sparse vegetation represented by pioneer communi-
ties such as Calamagrostis emodensis and other herbs. The 
late stage was 3.8 km away from the snout, where the soil was 
well developed, representing herbaceous formation. From the 
recent to the late stage, the soil pH ranged from 6.7 ± 0.3 
to 4.9 ± 0.3 (Table 1). Soil organic carbon (SOC) and total 
nitrogen (TN) ranged from 0.4 ± 0.03 to 56.2 ± 11.8 g kg−1 
and 0.1 ± 0.01 to 4.2 ± 0.3 g kg−1, respectively (Table 1). The 
region is completely covered with snow from December to 
mid-May [16]. Mean annual precipitation (MAP) and mean 
annual temperature (MAT) close to the study sites were 
around 1500 mm and 2.92 ± 0.36 °C, respectively [17, 18].

Site Selection and Soil Sampling

We selected four 5 × 5 m plots (approximately 50 m apart) 
at each site. In each plot, five 1 × 1 m sub-plots were 
selected randomly to better represent habitat heterogene-
ity before vegetation analysis and soil sampling. Sampling 
was performed in autumn of 2016 between 24 and 27th 
October. Vegetation was estimated at each subplot by the 
quadrat method. At each subplot, five soil cores (~10 g 
each) were collected at four corners and center from top-
soil to 5 cm depth using hand-held sterile soil corer (50 ml 
centrifuge tube of diameter 2.5 cm, Tarsons Products Pvt. 
Ltd, India). Before soil collection, above-ground vegeta-
tion and leaf litter were removed if present. Based on the 
design of Lanzen et al. [19], soil cores at each plot (n = 25) 
were pooled (~250 g) in a sterile ziplock bag and homog-
enized. We aliquoted 5 g soil from this pool and preserved 
it in 100% ethanol (Merck, Germany) for molecular analy-
sis. The remaining soil was kept for soil physicochemical 
analyses. All samples (n = 4 per site) were transported in 
a cool box containing dry ice within 48 h of sampling to 
the laboratory for downstream analysis.

Measurement of Soil Properties

We estimated soil properties, including soil moisture content 
(SMC), pH, SOC, TN, and carbon to nitrogen ratio (C/N). 
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SMC was measured gravimetrically using 5 g soil sample 
immediately after soil transport to the laboratory [20]. The 
remaining soil was air-dried and made free of gravels, plant 
roots, and leaf litter by sieving through a 1 mm sieve. We 
measured soil pH using a glass electrode pH meter (Sension 

7, Hach Company, USA) in a suspension [1:2.5 (w/v)] of soil 
in deionized water [21]. SOC and TN were measured using 
the potassium dichromate (K2Cr2O7) oxidation method [22] 
and Kjeldahl method [23] using Kjeltec 8400 (Foss India 
Pvt. Ltd), respectively.

Fig. 1   Map of the study area a Gangotri National Park in western 
Himalaya, India, b soil sampling sites at different post-deglaciation 
periods from the Gangotri glacier snout, and c, d, e images of differ-
ent deglaciation stages recent (~ 20 yrs), intermediate (~ 100 yrs), and 
late (~ 300 yrs), respectively. All maps were generated in ArcGIS ver-

sion 10.7 (ESRI, CA, USA, https://​deskt​op.​arcgis.​com/​en/​arcmap/). 
SRTM DEM (Shuttle Radar Topography Mission, Digital Elevation 
Model) data (30 m) in (a) was downloaded from the US Geological 
Survey Earth Explorer (http://​earth​explo​rer.​usgs.​gov/)

Table 1   Dominant plants, mean annual temperature (MAT), and soil properties including soil moisture content (SMC), soil organic carbon 
(SOC), total nitrogen (TN), C/N ratio, and pH across three sites post-deglaciation of Gangotri glacier, Himalaya

Values are mean ± SE of mean, n = 4. Mean values followed by different letters in superscript are significantly different (P < 0.05)

Deglaciation period Altitude
(m.a.s.l)

Dominant plants MAT SMC (%) SOC  
(g kg−1)

TN (g kg−1) C/N ratio pH

Recent 3940–4036 m Barren land 1.8 ± 0.16a 5.8 ± 1.9a 0.4 ± 0.03a 0.1 ± 0.01a 4.3 ± 0.7a 6.7 ± 0.3a

Intermediate 3930–3970 m Calamagrostis emodensis, 
Saxifraga brunoniana, 
Anaphalis contorta, Cha-
merion speciosum

2.2 ± 0.07a 6.7 ± 2.9a 1.5 ± 0.5b 0.14 ± 0.03b 10.4 ± 0.7b 5.8 ± 0.4ab

Late 3980–4020 m Geranium himalayense, 
Aconogonum tortuosum, 
Nepeta discolor, Potentilla 
atrisanguinea

1.9 ± 0.05a 20.1 ± 2.2b 56.2 ± 11.8c 4.2 ± 0.3c 13.2 ± 2.2b 4.9 ± 0.3b

https://desktop.arcgis.com/en/arcmap/
http://earthexplorer.usgs.gov/
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DNA Extraction, PCR Amplification, and Illumina 
Sequencing

Approximately 0.25 g of each soil sample was taken to 
extract environmental genomic DNA using a Nucleopore 
GDNA soil kit (Genetix Biotech Asia Pvt. Ltd, India) fol-
lowing the manufacturer's instructions. DNA concentra-
tions were estimated using Qubit dsDNA HS Assay Kit 
(Life Technologies, USA). The bacterial V3 and V4 regions 
were amplified using the primer pair 338F (5′-CCT​ACG​
GGNGGC​WGC​AG-3′) and 806R (5′-GAC​TAC​HVGGG​
TAT​CTA​ATC​C-3′) [24] with Illumina 16S Metagenomics 
Sequencing library preparation protocol. The PCR reac-
tion was conducted with 12.5 μl of 2X Kappa Hifi Hotstart 
ReadyMix (Kappa Biosystems, Roche Sequencing and 
Life Science, USA), 1 μl each of 5 μM forward and reverse 
primer, and 10.5 μl of the template (12.5 ng of microbial 
DNA). The conditions for PCR reaction included an initial 
denaturation of 95 °C for 3 min, followed by 25 cycles of 
95 °C for 30 s, 55 °C for 30 s, and 72 °C for 30 s, followed 
by a final extension for 10 min at 72 °C. A negative PCR (no 
template DNA) was included to monitor contamination. We 
purified and barcoded PCR products using Nextera XT kit 
(Illumina Inc., United States) and normalized amplicons to 
2 nM for each library. An equal volume of each library was 
pooled, denatured, and diluted to 4 pM before loading onto 
the MiSeq flow cell (Illumina Inc., United States). Sequenc-
ing was performed at the Next Generation Genomics Facility 
at Center for Cellular, and Molecular Platforms (C-CAMP), 
Bangalore, India, using a 2 × 300 bp paired-end protocol on 
the Illumina MiSeq platform.

Sequence Data Processing

We used the MiSeq S.O.P. pipeline in Mothur v.1.40.5 to 
process Illumina-generated raw sequences [25]. We prepared 
full-length sequences from which good reads (>460 bp 
length with no homopolymer stretches longer than 8 bp) 
were identified and clustered (based on ≥97% similarity) 
using 16S rRNA reference database Greengenes (v.13_5). 
Subsequently, chimeric sequences were removed using 
Uchime, followed by all singletons, chloroplasts, archaea, 
mitochondria, and unknown origin sequences [26]. We used 
high-quality sequences to estimate pair-wise distances and 
generate single-linkage clusters with ≥97% sequence simi-
larity. The longest read from each cluster was used as the 
reference sequence for a taxonomic assignment against the 
Greengenes database (v.13_5). Quantitative estimates of 
individual reads per taxonomic unit were generated from 
all sequences in each cluster and their replicates (≥97% 
similarity). The dataset was normalized by rarefying the 
sequences to the lowest sample-specific sequencing depth 
with maximum Good's coverage [25]. Finally, the sequences 

were clustered into different taxonomic levels for operational 
taxonomic unit (OTU) abundance and composition analysis. 
The data were sorted to separate the abundant and rare taxa 
based on their relative abundances. OTUs with ≥1% relative 
abundance were considered abundant, whereas ≤0.1% was 
considered rare [27].

Co‑occurrence Network Construction

Bacterial interspecies interactions were identified by con-
structing co-occurrence ecological networks using Random 
Matrix Theory (RMT)-based method in Molecular Ecologi-
cal Network Analysis (MENA) pipeline [28]. We performed 
the Pearson correlation (P < 0.05) between OTUs at genus 
level having relative abundances >0.1% in all samples dur-
ing network construction at an identical similarity threshold 
of 0.87 between recent and intermediate communities (net-
work-RI) and intermediate and late communities (network-
IL). Two networks (RI and IL) were constructed to under-
stand the shift in interspecies interaction during bacterial 
succession from one period to the other. Various indices 
were calculated, including node and link numbers, average 
degree (avgK), average clustering coefficient (avgCC), aver-
age path distance (GD), density (D), modularity (M), and 
connectedness (Con) to evaluate and compare the overall 
topological features of the networks [28]. The networks were 
separated into different modules using fast greedy modular-
ity optimization [28], and a submodule structure layout for 
the network graphs was visualized using Cytoscape 3.8.2 
[29]. In the graphs, each node represents one genus, and each 
link represents one significant correlation.

Functional Analysis of the Bacterial Community

The genetic functional potential of the bacterial community 
was predicted using the PICRUST (Phylogenetic Investi-
gation of Communities by Reconstruction of Unobserved 
States) pipeline on the galaxy server [11] (https://​galax​
yproj​ect.​org/​use/​langi​lle-​lab/). Taxonomic classification of 
16S sequences at ≥97% similarity was conducted against 
the Greengenes database. Each 16S sequence was pro-
cessed to pre-computed closed-reference OTUs against the 
Greengenes database 13.5 to find the “nearest neighbor of 
the reference sequence.” The OTU table was normalized 
according to the 16S rRNA gene copy number. The func-
tional prediction was performed using the normalized OTU 
table against the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) orthology database. The KEGG orthology (KO) 
assignments were performed at level 1 and 2 categories. The 
nearest sequence taxon index assessed the accuracy of the 
predicted metagenome. For our analysis, we classified the 
predicted functions into most abundant traits having relative 
abundance ≥1% at KO levels 1 and 2. Relative abundance 

https://galaxyproject.org/use/langille-lab/
https://galaxyproject.org/use/langille-lab/
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of genes (Supplementary Table S2) involved in C, N, S, and 
P cycles was calculated from the predicted functions of the 
metagenome.

Data Analyses

We calculated bacterial alpha diversity through three indi-
ces: species richness (Sobs), evenness, and diversity based 
on Shannon's Index (H) [30] for each sample using the 
Mothur platform. Before the analysis, we tested normality 
and heteroscedasticity of data by the Shapiro–Wilk and Lev-
ene tests, respectively. We used One-way analysis of vari-
ance (ANOVA) to determine significant differences in envi-
ronmental variables, alpha diversity indices, and functional 
traits between the sites. Further, Tukey's honest significance 
difference post-hoc test was applied for pair-wise compari-
sons of mean at 95% confidence intervals where differences 
were significant.

We calculated the Bray–Curtis dissimilarity matrix for 
beta diversity estimation after the Hellinger transformation 
of rarefied abundance data at phyla, class, and genus levels. 
For visual interpretation of differences in the bacterial com-
munity, composition principal coordinates analysis (PCoA) 
using the Bray–Curtis dissimilarity matrix was used. We 
used Multi-Response Permutation Procedure (MRPP) analy-
sis [31] with 9999 permutations to test any significance in 
compositional differences.

We performed multiple ordinary least-square (OLS) 
regression analyses with stepwise forward selection to assess 
the relationship of environmental variables with bacterial 
richness, evenness, and diversity. Since SOC and TN showed 
high correlation (r = 0.94, P < 0.001) (Supplementary Fig. 
S2), regressions were performed with SOC only. Based 
on Akaike's information criterion, the most parsimonious 
model was selected [32]. We performed the Mantel test with 
the Pearson correlation to test the relationship of bacterial 
community composition with environmental variables. A 
forward selection was performed with environmental vari-
ables using stepwise regression (with 999 permutations), 
followed by redundancy analysis (RDA) using the Hellinger 
transformed bacterial abundance data to identify environ-
mental variables that significantly explained the variation in 
abundant phyla. Only those environmental variables having 
VIF value less than 10 were included in the analysis. The 
RDA model and the environmental variables were tested 
by permutation test using ANOVA. Finally, we performed 
a structural equation model (SEM) analysis to determine 
both direct and indirect effects of environmental variables 
on bacterial richness, α-diversity, and composition. We 
used the first axis of PCoA of the Bray–Curtis dissimilar-
ity matrix for the community composition [33]. We devel-
oped a path model based on theoretical knowledge to relate 

environmental variables including vegetation, MAT, SMC, 
SOC, C/N, and pH with bacterial richness, diversity, and 
composition. To improve the fit between the model and the 
data, the initial theoretical model was modified for the cor-
rect specification of theoretical causal relationships between 
variables before analysis. Maximum likelihood estimation 
was used to compare the SEM model with the observations. 
The model fitness with the data was tested using Compara-
tive Fit Index (CFI), Akaike Information Criteria (AIC), and 
Root-Square-Mean Errors of Approximation (RMSEA). 
Good model fits were indicated by a high CFI (>0.90), 
low AIC, and low RMSEA (<0.05) [34]. All analyses were 
conducted in R 4.0.3 (http://​www.R-​proje​ct.​org/) through 
RStudio 1.3.1093, 2020 (https://​rstud​io.​com/​produ​cts/​rstud​
io/) using vegan 2.5-7 (https://​cloud.r-​proje​ct.​org/​packa​ge=​
vegan), lavaan 0.6–9 (https://​cloud.r-​proje​ct.​org/​packa​ge=​
lavaan), dplyr 1.0.5 (https://​cloud.r-​proje​ct.​org/​packa​ge=​
dplyr), and ggplot2 3.3.3 (https://​cloud.r-​proje​ct.​org/​packa​
ge=​ggplo​t2) [31, 35].

Availability of Data and Material 

The DNA sequence dataset has been deposited to the 
National Centre for Biotechnology Information (NCBI) 
Short Read Archive (https://​www.​ncbi.​nlm.​nih.​gov/​sra). The 
BioProject accession number is PRJNA754406.

Results

Variation in Soil Properties

Soil properties varied significantly across the sites (Table 1 
and Supplementary data.xlsx). SMC, SOC, TN, and C/N 
significantly increased (P < 0.05), while pH significantly 
decreased (P < 0.05) from the recent to late stage. MAT 
showed no significant difference (P = 0.079).

Variation in Bacterial α‑Diversity

Illumina sequencing across 12 samples resulted in a total 
of 654,842 high-quality sequences averaging 54,570 ± 8940 
sequence reads per sample (Supplementary Table  S3). 
Good's coverage ranged from 0.92% to 99.9% (Supplemen-
tary Table S3), indicating that the sequencing was adequate 
and represented most bacterial communities at the study 
sites.

The alpha diversity indices indicated that bacterial com-
munity richness, evenness, and Shannon diversity increased 
significantly from 816 to 8008, 0.36–0.83, and 2.42–7.52, 
respectively, from the recent to late-stage post-deglaciation 
(P < 0.05) (Supplementary Fig. S3).

http://www.R-project.org/
https://rstudio.com/products/rstudio/
https://rstudio.com/products/rstudio/
https://cloud.r-project.org/package=vegan
https://cloud.r-project.org/package=vegan
https://cloud.r-project.org/package=lavaan
https://cloud.r-project.org/package=lavaan
https://cloud.r-project.org/package=dplyr
https://cloud.r-project.org/package=dplyr
https://cloud.r-project.org/package=ggplot2
https://cloud.r-project.org/package=ggplot2
https://www.ncbi.nlm.nih.gov/sra
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Variation in Bacterial β‑Diversity

Considering a ≥97% sequence similarity, we identified 
42,794 OTUs that were classified into 37 phyla (97% of the 
OTUs), 93 classes (96.9%), 168 orders (72.4%), 332 families 
(68.5%), 452 genera (57%), and 86 species (1%). Due to the 
low classification percentage at the species level, all further 
diversity analyses were conducted at phyla, class, and genera 
level only.

The number of abundant bacterial taxa and their rela-
tive abundances changed drastically from recent to late 
stages at all three taxonomic levels (Fig. 2a). At phyla level, 
the increasing abundant taxa were Proteobacteria (rela-
tive abundance from recent to intermediate to late stage: 
6.8–27.2–14.5%), Firmicutes (1.4–0.9–24.2%), Plancto-
mycetes (0.01–0.36–7.6%), Acidobacteria (0–1.3–6%), 
Verrucomicrobia (0.01–0.5–5.8%), Candidatus TM6 
(0.003–0.12–4.1%), and Chloroflexi (0.04–0.17–3.6%), 
while the decreasing abundant taxa was Actinobacteria 
(89–62–27.5%). Increasing abundant taxa at class level were 
Bacilli (0.53–0.6–22.9%), Thermoleophilia (0.09–0.5–9.3%), 
Alphaproteobacteria (1.4–14.5–10.44%), Planctomycetia 
(0.01–0.27–5.5%), and Spartobacteria (0.01–0.43–5.4%), 
while Actinobacteria (90–62–15.7%) decreased in 

abundance. At genus level, Bacillus (0.08–0.04–16.5%), 
Candidatus DA101 (0.01–0.375–5.11%), Sporosarcina 
(0–0.38–3.2%), Rhodoplanes (0.01–1.03–3.3%), and Pseu-
donocardia (0.07–0.07–2%) became more abundant, while 
Mycobacterium decreased (89–62–0.9%). This increase in 
abundance of bacterial taxa led to a more evenly distributed 
community in the late stage compared to the recent stage, 
which was dominated by a single bacterial taxon at different 
taxonomic levels viz., Actinobacteria at phyla and class level 
(89% and 90%, respectively) and Mycobacterium (89%) at 
the genus level.

Bacterial beta diversity varied significantly between the 
three habitats as indicated by the MRPP analysis at phyla 
(A = 0.439 and P < 0.001), class (A = 0.398 and P < 0.001) 
and genus levels (A = 0.357 and P < 0.001). The significant 
change in bacterial beta diversity is visually represented by 
PCoA analysis (Fig. 2b), where three distinct clusters were 
formed at three levels.

Bacterial Co‑occurrence Pattern Across the Site

The bacterial co-occurrence networks between the sites 
showed all features of ecological networks, including scale 
free (R2 of power-law ranged from 0.57 to 0.61), small world 

Fig. 2   Variation in bacterial beta diversity at different post-deglacia-
tion periods. a Relative abundances of bacterial phyla, class, and gen-
era across the periods. Here "Others" represent all taxa with relative 

abundances < 1% and b principal coordinates analysis (PCoA) based 
on Bray–Curtis dissimilarity of bacterial communities at phyla, class, 
and genera levels
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(GD ranged from 3.1 to 3.5), non-random, and modular 
(modularity = 0.53) (Supplementary Table S4). Comparison 
of topological features showed that the number of nodes, 
links, and links per node were greater in the network-IL than 
network-RI by 168%, 455%, and 110%, respectively (Supple-
mentary Table S4 and Fig. 3). In both the networks, 4 joint 
modules having nodes ≥ 6 were observed within the bigger 
network (Fig. 3 and Supplementary Fig. S4). The modules 
in network-IL showed 15% more positive interactions than 
network-RI. In network-RI, most genera belonging to the 
phyla Proteobacteria, Actinobacteria, Verrucomicrobia, 
and Bacteroidetes showed more negative interactions than 
positive. In network-IL, most genera of the phyla Proteobac-
teria, Actinobacteria, Planctomycetes, Gemmatimonadetes, 
and Bacteroidetes showed more positive interactions, while 
Verrucomicrobia, Acidobacteria, and Firmicutes showed 
more negative interactions. The avgK, avgCC, GD, and Con 
increased by 102%, 28%, 12%, and 5%, respectively, from 
network-RI to network-IL, whereas D decreased by 24%.

Shifts in Abundant Functional Traits of the Bacterial 
Community

PICRUST predicted metagenome functions are shown in 
Fig. 4a and b, representing the most abundant traits and 
biogeochemical cycles, respectively, at levels 1 and 2 KO 
categories. The nearest taxon sequence index (NSTI) value 
of the samples ranged from 0.008 to 0.24. At level 1 KO 
category, we identified four abundant functional pathways 
of the metagenome, i.e., metabolism, environmental infor-
mation processing, genetic information processing, and cel-
lular processes. Of these functions, the relative abundances 
of the environmental and genetic information processing 
(6.8–12% and 4–10%, respectively) and cellular processes 
(0.12–1.4%) increased significantly from the recent to 
late stage (P < 0.05). In contrast, the relative abundance 
of metabolism, the dominant pathway at the recent stage, 
decreased drastically in the later stage (38–24%, P < 0.05) 
(Fig. 4a). However, we observed an increase in the relative 

Fig. 3   Submodule structure layout of bacterial co-occurrence net-
works of a recent and intermediate communities (Network-RI) and b 
intermediate and late communities (Network-IL) based on Random 
Matrix Theory. Each node represents a genera, and each straight line 
(link) represents a significant (P < 0.05) correlation. Nodes of the 
same color represent the same phyla the genera belong to. Nodes with 
triangle shapes represent genera with increasing abundance, inverted 

triangle shapes represent decreasing abundance, and oval shapes rep-
resent genera with no change in their relative abundance. Green and 
red lines indicate positive and negative correlations between nodes, 
respectively. Each module in the network is represented by a circle 
composed of nodes. The figure was generated in Cytoscape 3.2.8 
(Color figure online)
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abundance of energy and enzymes metabolism at the level 
2 KO category.

Shifts in Biogeochemical Pathways of the Bacterial 
Community

The overall relative abundance of genes involved in each of 
C, S, and P cycles increased significantly (P < 0.05), whereas 
that of N remained the same from recent to late stage at level 
1 KO category (P = 0.92) (Fig. 4b). Relative abundance of 
both labile (cellulose, hemicellulose, and starch) and recal-
citrant (chitin and pectin) C decomposition and C fixation 
pathways significantly increased (P < 0.05) post-deglaciation 
at level 2 KO. Although the overall relative abundance of 

N cycling genes showed no change, N fixation, nitrifica-
tion, and denitrification relative abundances increased. On 
the other hand, the relative abundance of dissimilatory N 
reduction pathways decreased (P < 0.05).

Factors Affecting α and β‑Diversity

Multiple linear regressions showed that SMC, SOC, and C/N 
ratio positively affected α-diversity across the sites (Sup-
plementary Table S5). Variability in richness (R2 = 0.8, 
P < 0.001) was significantly explained by SMC and CN 
ratio, while that in evenness (R2 = 0.67, P < 0.001) and 
diversity (R2 = 0.7, P < 0.001) were significantly explained 
by SOC. We found no significant relationships between 

Fig. 4   Relative abundance of 
a most abundant predicted 
metagenome functions and b 
genes involved in C, N, P, and 
S cycles at level 1 KO category 
across different post-deglaci-
ation periods. Each bar repre-
sents the relative abundances of 
all pathways associated with the 
abundant functions and C, N, S, 
and P cycles at the level 2 KO 
category (Color figure online)
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α-diversity and pH, CN, and MAT. The mantel test showed 
that β-diversity was significantly correlated to all the meas-
ured soil properties (SMC: r = 0.565, P < 0.001; SOC: 
r = 0.66, P < 0.01; TN: r = 0.715, P < 0.01; C/N: r = 0.419, 
p < 0.05, and pH: r = 0.365, P < 0.05) and not MAT. The 
Redundancy Analysis showed that SMC and C/N explained 
65% (F (2,9) = 8.5, P < 0.001) of the variability in the rela-
tive abundances of the abundant phyla across the sites, 
except Proteobacteria, Actinobacteria, Chlamydiae, and 
Candidatus OD1 (Supplementary Fig. S5). The SEM model 
(CFI = 0.95, AIC = 78.4, RMSEA = 0.2, P < 0.05) explained 
80%, 93%, and 95% of the variation in bacterial richness, 
α-diversity, and composition, respectively (Fig. 5). Diversity 
was strongly related to SOC (λ = 0.24, P < 0.05) and rich-
ness (λ = 0.77, P < 0.001) which was influenced directly by 
SMC (λ = 0.42, P < 0.01) and C/N (λ = 0.59, P < 0.001) and 
indirectly by SOC (λ = 0.47, P < 0.01), and vegetation type 
(λ = − 0.33, P < 0.01). Community composition was related 
to richness (λ = 0.34, P < 0.001) and affected directly by 
SOC (λ = 0.46, P < 0.001), SMC (λ = − 0.46, P < 0.001), and 
C/N (λ = − 0.2, P < 0.05). The standardized path coefficients 
of direct, indirect, and total effects are shown in Supplemen-
tary Table S6.

Discussion

This study on bacterial community succession across a 
temporal sequence ranging from ~ 20 to 300 years in the 
foreland of the Gangotri glacier provides an in-depth 
understanding of changes in the community diversity and 
functional traits during different periods’ post-deglaci-
ation. Alpha diversity measurements indicated that the 
community in the recently exposed site had low richness 
and diversity. This community possibly originates from 
atmospheric depositions of dust particles through pre-
cipitation and wind or from supraglacial snow (a glacier 
zone where sunlight penetrates) and subglacial sediments 
(bedrock at ice-melt water interface) through glacial runoff 
[4, 36]. In the cold, nutrient-poor environment, the com-
munity focuses on cell metabolism (Fig. 4) rather than 
growth, probably acquiring energy from atmospheric dep-
osition of C and N sources or trace gases such as H2 and 
CO [4, 37]. With time, the bacterial community shifted 
towards a richer and evenly distributed community from 
the recently deglaciated stage to late stage. A substantial 
increase in bacterial OTUs and their relative abundances 
resulted in a highly diverse community during the transi-
tion. Our results are in agreement with previous studies 
from other glaciated regions of the world reporting an 
increase in bacterial diversity during progressive stages 
post-deglaciation [3, 38].

The linear increase in alpha diversity suggests that envi-
ronmental factors increasing across the sites might con-
trol the bacterial community diversity. In our study, the 
barren land in the recent stage developed into a sparsely 
vegetated area in the intermediate stage and a well-devel-
oped meadow in the late phase (Table 1). The increase in 
alpha diversity corresponds to the increase in SOC, C/N 
ratio, and SMC associated with developing vegetation 
(Supplementary Fig. S3 and Table 1), indicating that soil 
nutrients and their availability influence bacterial diversity 
post-deglaciation. This assumption was supported by the 
regression analysis where the majority of variability in 
bacterial richness (80%), evenness (67%), and diversity 
(70%) were explained by SMC, SOC (and in turn TN for 
its high correlation with SOC, r = 0.94, P < 0.001) and 
C/N ratio (Supplementary Table S5). The SEM analysis 
established the positive influence of soil nutrients and their 
availability on bacterial richness and diversity (Fig. 5). 
Previous studies have shown the critical role of soil nutri-
ents in regulating bacterial diversity post-deglaciation due 
to its direct influence on bacterial growth, metabolism, and 
reproduction [39]. It is well known that soil microorgan-
isms have a C/N ratio of 8:1 and grow optimally in soil 
with a C/N ratio close to 24:1 [40]. The increasing C/N 
ratio from recent to late stage supported more bacterial 

Fig. 5   Structural equation model (SEM) showing the causal influ-
ences of vegetation, MAT, SMC, SOC, and C/N ratio on bacterial 
richness, α-diversity, and composition. Red and green lines, respec-
tively, represent significant negative and positive effects. The width 
of the arrows is based on the standardized path coefficients indicat-
ing the strength of the causal effect. The standardized coefficients are 
marked above each path (* indicates significant (P < 0.05) effects, 
** indicates significant (P < 0.01) effects, *** indicates significant 
(P < 0.001) effects). R2 values represent the percentage of variance 
explained for each variable (Color figure online)
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taxa to increase due to more available organic C, which 
resulted in greater bacterial diversity. The crucial role of 
the C/N ratio was also reported by earlier studies [19].

The community composition showed rapid turnover dur-
ing 300 years post-deglaciation. The community shifted 
from a single bacterial taxa-dominated community in the 
recent stage to a diverse one in the late stage, where sev-
eral taxa become relatively abundant (Fig. 2a). This shift 
in the bacterial composition is most likely related to veg-
etation development and an adequate supply of nutrients 
[39, 41]. Under nutrient-limited conditions, communities 
compete for substrate resulting in competitive interaction in 
the community eventually leading to the dominance of spe-
cific taxa [42]. In the recent and intermediate communities, 
negative and competitive interactions led to the dominance 
of Actinobacteria, followed by an increasing abundance of 
Proteobacteria and Verrucomicrobia (Figs. 2a and 3). With 
adequate nutrient supply, communities become cooperative, 
favoring the growth of multiple taxa [42]. This cooperative 
nature was observed in the co-occurrence pattern between 
intermediate and late stages, where positive interactions 
led to an increase in abundance of different bacterial phyla 
Planctomycetes, Gemmatimonadetes, and Bacteroidetes 
(Figs. 2a and 3). The positive feedback influence of vegeta-
tion development and nutrients on community composition 
was established by mantel test, RDA, and SEM analysis 
(Supplementary Fig. S5 and Fig. 5).

The taxonomic analysis showed that the genus Mycobac-
terium belonging to Actinobacteria phyla was the pioneer 
bacterial taxa dominating the recent stage. This genus is 
abundant in many natural ecosystems, including soil, lakes, 
and rivers [43]. They have also been found in inorganic sedi-
ments, rocks, and dust particles and are the most stress-tol-
erant bacteria so far identified [43]. Due to their exceptional 
stress tolerance, they are ubiquitous in nature and can sur-
vive extreme environments such as hot springs, permafrost, 
and glaciers [43]. They generally colonize environments 
with low microbial diversity [43] and, in this study, have 
been found to inhabit an active moraine solely. This contrasts 
to earlier studies from polar and alpine glaciers where it is 
co-inhabited with other abundant taxa such as Methylobac-
terium, Rhodococcus, Sphingomonas, Arthrobacter, and Fri-
goribacterium [43, 44]. The phyla Actinobacteria is the old-
est living organism with extraordinary temperature stress 
tolerance [43, 45]. Actinobacteria can predominate cold 
oligotrophic environments by forming mycelia required to 
acquire nutrients [46]. In addition, they play a crucial role in 
soil development through N and P mobilization, chitin deg-
radation, and inhibition of plant pathogenic fungal species 
growth [47]. Consequently, they create favorable soil condi-
tions by establishing C, N, and P pools to assist the growth 
of other microbes and eventually plant colonization. The 
role of Actinobacteria was evident in our study as different 

bacterial phyla Proteobacteria, Firmicutes, Planctomycetes, 
Acidobacteria, Verrucomicrobia, and Chloroflexi, gradually 
increased in abundance in the intermediate and late stage 
with the concurrent development of soil and plants commu-
nities. Actinobacteria were earlier reported from polar and 
alpine glacial forelands and lakes [2–4], cryoconite holes 
[48], and glacial meltwater [49], suggesting their ubiquitous 
nature in diverse cold habitats. Their ability to utilize atmos-
pheric trace gases as energy sources makes them efficient to 
adapt and survive in low nutrient cold habitats [37].

The high degree of shift in bacterial diversity (Supple-
mentary Fig. S3) and composition (Fig. 2) post-deglaciation 
led to considerable variation in the functional traits (Fig. 4). 
The community in the recent stage mainly depended on 
metabolic functions to develop resting cellular forms for 
sustaining life in the cold oligotrophic environment [50]. As 
the community diversified in the later stages, they focused 
more on functions that allowed them to gain mobility, sense 
environmental signals, and import nutrients to reproduce 
and grow faster for their co-existence with soil development 
and plant growth [49, 51]. The functional progression was 
evident from the high relative abundance of Proteobacte-
ria, Firmicutes, Planctomycetes, and Acidobacteria at the 
later stages that are well-known copiotrophs having efficient 
membrane transport and signaling pathways, stress response 
regulatory system, and carbohydrate metabolism [49, 52].

Nutrient availability is well known to impact bacterial 
succession [53]. We observed a substantial increase in 
relative abundances of functional pathways along with the 
development of new ones involved in C, N, S, and P cycles 
post-deglaciation (Fig. 4). The increase in labile and recal-
citrant C decomposition suggests functional adaptation of 
the bacterial community to utilize new nutrient resources 
such as cellulose, hemicellulose, starch, pectin, and chitin, 
accumulating in soil due to the growth of plants and other 
microbial communities [38]. The community in the later 
stages increased their C fixation ability, coinciding with the 
increase in abundance of the genus Clostridia, known to fix 
atmospheric CO2 using the Wood-Ljungdahl pathway [54].

N mineralization and assimilatory N reduction relative 
frequencies showed no variation, suggesting a functional 
similarity between the communities. On the contrary, N 
fixation, nitrification, and denitrification increased from the 
intermediate to late stage, indicating that specific bacterial 
taxa display these functional abilities. For instance, bacte-
rial genera Allorhizobium, Mesorhizobium, Bradyrhizobium 
known to fix N, and Pseudomonas and Bacillus known for 
denitrification [55] increased in abundance from the inter-
mediate to late periods. The increase in N fixation processes 
most likely led to N accumulation in the ecosystem, promot-
ing microbial and plant growth in the late stage [56]. Simi-
larly, an increase in phosphate mineralization can enhance 
phosphate availability for microbial and plant growth [57], 
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whereas sulfur reduction pathways are used to fulfill increas-
ing energy demand [58].

Conclusion

This study provides the first report on soil bacterial com-
munity ecological traits associated with their succession and 
nutrient cycling from newly exposed to late soil development 
stage over ~ 300 years post-deglaciation. Results reveal the 
evolution of a simple pioneer community (dominated by 
Mycobacterium genus), mainly focused on metabolic activi-
ties, into a more diverse and functionally specialized com-
munity at the later stages. The study also demonstrates the 
progression in biogeochemical pathways necessary for soil 
fertility and plant growth post-deglaciation. A possible limi-
tation of our study could be the single time point sampling 
which may not reflect the community trait variations during 
different seasons and years. However, as evidenced in earlier 
studies, the non-significant seasonal and interannual varia-
tion in the bacterial community [39, 42] results generated 
in this study can improve the predictability of ecosystem 
development and succession models under climate change.
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A B S T R A C T   

Assessment of bacterial community distribution patterns along elevation gradients is invaluable in understanding 
the underlying mechanism involved in their diversity formation, sustenance, and response to environmental 
changes. However, no consensus has been reached as studies show contrasting patterns with different regulating 
factors due to habitat specificity and associated environmental conditions. Moreover, limited studies have 
considered spatial and temporal variability in bacterial diversity simultaneously. Here, we provide three years of 
meta-barcoding-based insight into the effects of environmental changes on soil bacterial communities and their 
driving factors across elevation-vegetation gradient (3373–4020 m) in the Himalaya. We also assess their sea
sonal and inter-annual variations. Results indicate that extreme elevations viz., low and high, having similar 
edaphic factors but different climatic regimes, showed similar bacterial diversity compared to a dip at mid- 
elevations caused by low moisture and substrate availability. Bacterial α-diversity and relative abundances of 
major phyla showed mid-elevation dip mainly caused by the direct impact of edaphic factors (soil organic 
carbon, total nitrogen, and moisture) but not temperature. Community composition showed three distinct 
clusters across elevation gradient and was also influenced directly by edaphic properties in addition to tem
perature. Moreover, we observed no significant seasonal and inter-annual variability in α and β-diversity, sug
gesting stability in bacterial communities over time. The mid-elevations harbored predominantly competitive 
interactions, while low and high elevations exhibited co-operative interactions. Taken together, the results show 
the critical role of edaphic properties over the temperature in influencing bacterial diversity and indicate the 
community resilience towards climate warming. Our study will enhance the predictability of the community 
dynamics across broader spatio-temporal scales under changing climate.   

1. Introduction 

Bacterial communities play a crucial role in soil formation, nutrient 
cycling, and plant colonization (Donhauser and Frey, 2018). These 
communities also regulate soil carbon storage through decomposition 
and mediate feedbacks between climate change and ecosystem func
tioning by heterotrophic respiration (Trivedi et al., 2013). Recent 
studies have demonstrated that incorporating trophic level information 
of these communities in carbon dynamic-based ecosystem models has 
enhanced predictive power (Treseder et al., 2012; Wieder et al., 2015). 
However, despite their pivotal role in ecosystem functioning and envi
ronmental susceptibility (Xu et al., 2015), knowledge regarding their 
environmental drivers has been inconclusive due to considerable 

variability in observed diversity patterns (Crowther et al., 2019). 
Earlier studies understanding the factors regulating bacterial di

versity patterns have primarily used elevation gradient in mountain 
ecosystems to proxy environmental change (Donhauser and Frey, 2018). 
However, the distribution patterns reported in these studies are con
trasting and site-specific. For instance, studies from the Italian and Swiss 
Alps (Adamczyk et al., 2019; Siles and Margesin, 2017), Mount Gongga, 
Changbai Mountain, and Colorado Rocky Mountains (Bryant et al., 
2008; Shen et al., 2015; Zhu et al., 2020) showed decreasing bacterial 
diversity across elevation. In contrast, Tibetan Plateau and Mount Wutai 
exhibited an increasing trend (Luo et al., 2019; Zhang et al., 2019), and 
Mt Fuji showed a hump-back trend in bacterial diversity (Singh et al., 
2012). Additionally, studies also observed no definite trends along 
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elevation (Siles and Margesin, 2016; Yashiro et al., 2016). The incon
sistency in elevation patterns is mainly due to local edaphic and climate 
variability (Singh et al., 2014; Yashiro et al., 2016). 

Seasonal and interannual variations in climatic and edaphic factors 
influence bacterial community diversity and composition (Siles et al., 
2016; Siles et al., 2017). However, earlier studies have been conducted 
across either a single time-point or seasons within a year across different 
spatial scales. Small scale studies (<1000 m elevation gradient) with 
relatively uniform vegetation have identified the role of climate but 
have masked the influence of edaphic factors (Sun et al., 2020). While 
large scale studies (>1000 m elevation gradient) have accounted for 
both climatic as well as edaphic factors (Xue et al., 2018; Yashiro et al., 
2016) however are limited in numbers due to logistic feasibility. To 
account for spatial and temporal variability simultaneously, we take 
advantage of a short elevation gradient with vegetation shift in the 
Himalaya to investigate the influence of both edaphic and climatic 
factors on bacterial diversity across three years. These gradients provide 
an array of environmental factors within small distances and are easy to 
monitor across multiple time points (Djukic et al., 2010; Siles et al., 
2016; Tang et al., 2020; Zhu et al., 2020). 

Encompassing the world's highest mountain ranges, the Himalaya 
represents diverse ecosystems with immense biodiversity (Padma, 
2014). In addition, it retains about 33% of India's carbon stock (Bhat
tacharyya et al., 2008) and has a critical role in the global carbon cycle 
and climate warming (Longbottom et al., 2014; Yang et al., 2008). 
Recent assessments predict a 3 ◦C temperature rise in Himalaya by 2050 
(Shrestha et al., 2012). High altitude habitats in the Himalaya, due to 
their ongoing formation in terms of soil and vegetation climax (Shrestha 
et al., 2012), provide climate-vegetation gradient across short elevation 

ranges and are ideal for studies on bacterial community dynamics. The 
objectives of our study were to (i) assess the patterns in bacterial α and 
β-diversity across an elevation-vegetation gradient, (ii) determine sea
sonal and inter-annual variability in bacterial diversity, (iii) assess 
bacterial co-occurrence pattern across the gradient, and (iv) evaluate the 
role of temperature and edaphic factors in shaping the community di
versity and composition. We hypothesized increasing co-operative in
teractions between the bacterial communities with a decreasing 
diversity across the elevation-vegetation gradient mainly regulated by 
temperature. 

2. Material and methods 

2.1. Study site 

The study was conducted along an elevation gradient on a southwest- 
facing slope of a glaciated valley in Western Himalaya, India 
(30.95–30.99◦ N, 78.99–79.06◦ E) (Fig. 1, Table 1). The entire gradient 
(3373–4020 m) encompasses a ~10 km trail inside a protected area 
(Gangotri National Park) where anthropogenic interference is limited 
and livestock grazing is banned. Vegetation in this region changes with 
increasing elevation forming elevation-vegetation gradient from a sub
alpine forest in lower elevations to alpine scrub in mid and alpine 
meadow at the higher elevations. The ground vegetation cover in the 
forest, alpine scrub, and meadow was estimated ca. 40 ± 14%, 22.5 ±
3.5%, and 70 ± 14%, respectively. Table 1 details the dominant plant 
species in each vegetation type. The soil is poorly formed and slightly 
acidic (Table 1). Mean annual precipitation is around 1500 mm, which 
occurs in the form of rainfall during June to September and snowfall 

Fig. 1. Map of the study area (a) Western Himalaya, India, (b) Gangotri National Park, and (c) sampling sites along an elevation-vegetation gradient in Gangotri 
National Park. All maps were generated in ArcGIS version 10.7 (ESRI, CA, USA, https://desktop.arcgis.com/en/arcmap/). SRTM DEM (Shuttle Radar Topography 
Mission, Digital Elevation Model) data (30 m) in a and b were downloaded from the U.S. Geological Survey Earth Explorer (http://earthexplorer.usgs.gov/). The 
satellite imagery used in c is a base map in ArcMap 10.7 (ESRI, CA, USA, https://desktop.arcgis.com/en/arcmap/). 
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from December to May (Sanyal et al., 2013) while, mean annual air 
temperature (MAT) range from 1.85 ± 0.22 ◦C to 6.13 ± 0.16 ◦C 
(Table 1). 

2.2. Site selection and soil sampling 

We selected twelve altitudinal sites across the gradient (Fig. 1c) and 
marked a 5 × 5 m plot at each altitude. In each plot, we randomly 
selected five 1 × 1 m sub-plots for soil sampling. Five soil cores (~1 g 
each) were collected from 5 cm depth at four corners and center of the 
sub-plot using hand-held sterile soil corer (50 ml centrifuge tube of 
diameter 2.5 cm, Tarsons Products Pvt. Ltd, India). Before soil collec
tion, ground vegetation was clipped, and litter was removed. Then, 
following the design of Lanzén et al. (2016), soil cores at each altitude 
(n = 25) were pooled in a sterile ziplock bag and homogenized. From 
this pool, 5 g soil was aliquoted and preserved in 100% ethanol (Merck, 
Germany) to prevent the environmental DNA from hydrolytic damage 
before molecular analyses (Harry et al., 2000). Both samples (one for 
molecular analysis and the other for soil physicochemical analyses) were 
transported to the laboratory in a cool box containing dry ice. Soil 
sampling was performed during spring (May) and autumn (October) at 
five time-points during October 2016, May and October 2017, and May 
and October 2018, giving us a total sample size of 60 (n = 5 for each 
altitude). 

2.3. Measurement of air temperature and edaphic factors 

We deployed HOBO U23 Pro v2 data loggers (Onset Computer Cor
poration, USA) at 3373 m, 3564 m, 3763 m, and 4020 m to monitor 
hourly air temperature at 1 m height and calculated mean annual tem
perature (MAT) for the study period (2016–2018). MAT at remaining 
altitudes was estimated by generating standard curves (Singh et al., 
2014). 

We estimated edaphic factors, including soil pH, moisture content, 
organic carbon, total nitrogen, and C/N. Soil moisture content (SMC) 
was measured gravimetrically from a 5 g soil sample (Rayment and 
Lyons, 2011). The remaining soil was air-dried and sieved through a 1 
mm sieve to remove gravels, plant roots, and leaf litter. Soil pH was 

measured by a glass electrode pH meter (Sension 7, Hach Company, 
USA) in a 1:2.5 (w/v) suspension of soil and deionized water (Blakemore 
et al., 1987). Soil organic carbon (SOC) was measured using the potas
sium dichromate (K2Cr2O7) oxidation method (Walkley and Black, 
1934), and total nitrogen (TN) was determined by the Kjeldahl method 
(Bremner, 2018) using Kjeltec 8400 (Foss India Pvt. Ltd). 

2.4. DNA extraction, PCR amplification, and Illumina sequencing 

We extracted soil genomic DNA from approximately 0.25 g of each 
soil sample using a Nucleopore GDNA soil kit (Genetix Biotech Asia Pvt. 
Ltd, India) following the manufacturer's kit protocol. We quantified DNA 
concentrations using Qubit dsDNA HS Assay Kit (Life Technologies, 
USA). We used Illumina 16S Metagenomics Sequencing library prepa
ration protocol to prepare sequencing libraries for bacterial V3 and V4 
regions using the primers 338F (5′-CCTACGGGNGGCWGCAG-3′) and 
806R (5′-GACTACHVGGGTATCTAATCC-3′) (Luo et al., 2019). The PCR 
reaction contained 12.5 μl of 2× Kappa Hifi Hotstart ReadyMix (Kappa 
Biosystems, Roche Sequencing and Life Science, USA), 1 μl each of 5 μM 
forward and reverse primer, and 10.5 μl of the template (12.5 ng of 
microbial DNA), respectively. PCR conditions included an initial dena
turation of 95 ◦C for 3 min, followed by 25 cycles of 95 ◦C for 30 s, 55 ◦C 
for 30 s, and 72 ◦C for 30 s, followed by a final extension for 10 min at 72 
◦C. PCR negative (no template DNA) was included to monitor any 
contamination. PCR products were purified, barcoded using Nextera XT 
kit (Illumina Inc., United States), and normalized to 2 nM for each li
brary. The equal volume of these libraries was pooled, denatured, and 
diluted to 4 pM before loading onto the MiSeq flow cell (Illumina Inc., 
United States). Sequencing was performed on Illumina MiSeq platform 
using a 2 × 300 bp paired-end protocol at the Next Generation Genomics 
Facility at Center for Cellular and Molecular Platforms (C-CAMP), 
Bangalore, India. 

2.5. Sequence data processing 

We processed the raw sequences using the MiSeq SOP pipeline in 
Mothur v.1.40.5 (Kozich et al., 2013; Masse et al., 2017; Schloss et al., 
2009). Full-length sequences were prepared, and good reads (>460 bp 

Table 1 
Vegetation, mean annual air temperature (MAT), and edaphic properties including soil moisture content (SMC), pH, soil organic carbon (SOC), total nitrogen (TN) and 
C/N ratio at sampling sites across elevation.  

Altitude (m. 
a.s.l.) 

Vegetation Dominant plants MAT 
(◦C) 

SMC (%) pH SOC (g 
kg− 1) 

TN (g 
kg− 1) 

C/N ratio 

3373 Subalpine 
forest 

Tree species: Betula utilis, Populus ciliata, Acer caesium, Sorbaria 
tomentosa 
Ground vegetation: Astragalus candolleanus, Anaphalis 
triplinervis, Rosularia alpestris, Calamogrostis emodensis 

6.13 ±
0.16e 

19.87 ±
2.27abc 

5.34 ±
0.2a 

52.93 ±
10.21acd 

4.23 ±
0.68abc 

12.27 ±
1.06a 

3483 6.04 ±
0.03e 

15.87 ±
5.5ab 

5.77 ±
0.19a 

52.74 ±
9.72acd 

4 ±
1.06abc 

14.22 ±
1.62a 

3552 5.48 ±
0.01de 

22.86 ±
3.24abc 

5.19 ±
0.42a 

38.56 ±
9.33abc 

3.28 ±
1.01ab 

13.89 ±
1.18a 

3564 5.32 ±
0.13de 

13.03 ±
3.56ab 

5.07 ±
0.35a 

35.19 ±
12.8abc 

2.95 ±
1.31ab 

13.07 ±
1.04a 

3645 Alpine scrub Rosa sericea, Spiraea canescens, Artemisia santolinifolia, Lonicera 
obovata, Viburnum cotinifolium, Berberis jaeschkeana, Juniperus 
communis 

4.73 ±
0.05cd 

7.57 ±
3.39a 

5.96 ±
0.26a 

27.99 ±
5.29ab 

1.94 ±
0.27a 

14.28 ±
1.64a 

3730 4.04 ±
0.09bc 

7.35 ±
3.85a 

5.8 ±
0.39a 

15.44 ±
4.34b 

1.24 ±
0.36a 

13.05 ±
1.23a 

3763 3.42 ±
0.19b 

7.41 ±
3.71a 

5.5 ±
0.39a 

24.07 ±
5.56ab 

2.26 ±
0.51a 

12.47 ±
1.7a 

3770 3.71 ±
0.11bc 

8.21 ±
3.89a 

5.11 ±
0.3a 

24.19 ±
7.58ab 

1.99 ±
0.57a 

11.69 ±
0.97a 

3980 Alpine 
meadow 

Geranium himalayense, Aconogonum tortuosum, Nepeta discolor, 
Potentilla atrisanguinea 

2.01 ±
0.21a 

26.64 ±
2.32bc 

5.34 ±
0.4a 

46.02 ±
6.34abc 

4.74 ±
0.75abc 

9.83 ±
0.18a 

3990 1.93 ±
0.22a 

34.46 ±
3.01c 

5.14 ±
0.42a 

44.92 ±
5.81abc 

4.4 ±
0.53abc 

10.22 ±
0.71a 

4000 1.85 ±
0.22a 

22.54 ±
3.79abc 

5.54 ±
0.37a 

71.05 ±
4.16cd 

6.3 ±
0.65bc 

11.6 ±
0.89a 

4020 2.08 ±
0.43a 

26.95 ±
5.1bc 

5.22 ±
0.32a 

87.98 ±
3.78d 

7.27 ±
0.7c 

12.65 ±
1.54a 

Values are mean ± S.E of mean, n = 5. Mean values followed by different letters are significantly different (p < 0.05). 
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length with no homopolymer stretches longer than 8 bp) were identified 
and clustered (based on ≥97% similarity) using 16S rRNA database 
SILVA 132 SSU SEED (Quast et al., 2012). Uchime was used to remove 
chimeric sequences, followed by eliminating all singletons, chloroplasts, 
archaea, mitochondria, and unknown origin sequences (Edgar et al., 
2011). Only high-quality sequences were used to estimate pairwise 
distances and generate single-linkage clusters with ≥97% sequence 
similarity. The longest read from each cluster was used as the reference 
sequence for taxonomic assignments against the SILVA SSU NR Ref 
database (Quast et al., 2012). All sequences in each cluster and their 
replicates (≥97% similarity) provided the quantitative estimates of in
dividual reads per taxonomic unit. The dataset was normalized by rar
efying the sequences to the lowest sample-specific sequencing depth 
with maximum Good's coverage (Kozich et al., 2013). Four samples with 
a sequence read less than the rarefaction depth were excluded from the 
downstream analyses. Finally, we clustered the sequences to phylum 
levels for operational taxonomic unit (OTU) abundance and composition 
analysis. We further classified the data into abundant taxa based on their 
relative abundances. OTUs with ≥1% relative abundance were consid
ered abundant (Pedrós-Alió, 2006). 

2.6. Co-occurrence network construction 

To identify bacterial interspecies interactions, we constructed co- 
occurrence ecological networks following Random Matrix Theory 
(RMT)-based method through Molecular Ecological Network Analysis 
(MENA) pipeline (Deng et al., 2012; Zhou et al., 2011). Pearson corre
lation between OTUs at genus level having relative abundances >0.1% 
in all samples were used to construct the network with an identical 
similarity threshold 0.7 at three elevation ranges low (3373–3564 m), 
mid (3645–3770 m), and high (3980–4020 m). We calculated various 
indices, including node and link numbers, average degree (avgK), 
average clustering coefficient (avgCC), average path distance (GD), 
density (D), modularity (M), and connectedness (Con) to evaluate and 
compare the overall topological features of the networks (Deng et al., 
2012). The networks were separated into different modules using fast 
greedy modularity optimization (Deng et al., 2012). The network graphs 
were visualized using Cytoscape 3.8.2 (Shannon et al., 2003), where 
each node represents one genus, and each link represents one significant 
correlation. 

2.7. Data analysis 

We calculated three bacterial α-diversity indices: richness (Sobs), 
evenness, and Shannon diversity index for each sample using the Mothur 
platform. We used one-way analysis of variance (ANOVA) to determine 
significant differences in α-diversity indices, MAT, and edaphic factors 
(SMC, SOC, total nitrogen, pH, and C/N) between altitudinal sites. 
Where differences were significant, Tukey's honest significance differ
ence (HSD) post-hoc test was applied for pairwise comparisons of mean 
at 95% confidence intervals. Seasonal and inter-annual variability in 
α-diversity was evaluated by grouping the data into low (3373–3564 m), 
mid (3645–3770 m), and high elevation ranges (3980–4020 m) followed 
by independent sample t-test and ANOVA, respectively. Before the 
analysis, we tested normality and heteroscedasticity of data by the 
Shapiro-Wilk and Levene tests, respectively. 

We calculated the Bray-Curtis dissimilarity matrix after Hellinger 
transformation of rarefied abundance data at the phyla level for β-di
versity estimation. Principal Coordinate Analysis (PCoA) using the Bray- 
Curtis dissimilarity matrix was used to interpret differences in bacterial 
community composition visually. To test any significant compositional 
differences, we used Multi-Response Permutation Procedure (MRPP) 
analysis (Oksanen et al., 2020) with 9999 permutations, where chance 
corrected within-group agreement (a measure of effect size presented as 
A value) was calculated. The A value ranges between 0 and 1, where A =
0 indicates samples within a group are heterogeneous, and A = 1 depicts 

they are identical. We evaluated seasonal and inter-annual variability in 
β-diversity by grouping the data into low (3373–3564 m), mid 
(3645–3770 m), and high elevation ranges (3980–4020 m) followed by 
MRPP analysis. 

Multiple ordinary least square (OLS) regression analysis with step
wise forward selection was done to assess the relationship of MAT and 
edaphic factors with bacterial richness and diversity. For SOC and TN 
having high correlation (r = 0.95, p < 0.001), regressions were per
formed with SOC only. A model was considered most parsimonious 
based on Akaike's information criterion (Johnson and Omland, 2004). 
Mantel test with Pearson correlation was used to test the relationship of 
bacterial community composition with environmental variables. We 
performed a forward selection of environmental variables using step
wise regression (with 999 permutations). Redundancy analysis (RDA) 
was conducted using Hellinger transformed bacterial abundance data to 
identify environmental variables that significantly explained the varia
tion in abundant phyla. The RDA model and the environmental variables 
were tested by permutation test using ANOVA. Subsequently, we used 
univariate regression analyses to assess the relationship of environ
mental variables with Hellinger transformed relative abundance of in
dividual bacterial phyla. Finally, we conducted structural equation 
model (SEM) analysis to determine the direct and indirect effects of 
environmental variables on bacterial richness, α-diversity, and compo
sition. The composition was characterized by the first axis of PCoA of the 
Bray-Curtis dissimilarity matrix (Li et al., 2015). Based on theoretical 
knowledge, we developed a path model to relate environmental vari
ables including vegetation, MAT, SMC, SOC, and pH with bacterial 
richness, diversity, and composition. To improve the fit between the 
model and the data, the initial theoretical model was modified for the 
correct specification of theoretical causal relationships between vari
ables before analysis. We used Maximum likelihood estimation to 
compare the SEM model with the observations. The model fitness with 
the data was tested using Comparative Fit Index (CFI), Akaike Infor
mation Criteria (AIC), and Root Square Mean Errors of Approximation 
(RMSEA). Adequate model fits were indicated by a high CFI (>0.90), 
low AIC, and low RMSEA (<0.05) (Grace, 2006). All analyses were 
conducted in R 4.0.3 (http://www.R-project.org/) through RStudio 
1.3.1093, 2020 (https://rstudio.com/products/rstudio/) using vegan 
2.5-7 (https://cloud.r-project.org/package=vegan), lavaan 0.6-9 
(https://cloud.r-project.org/package=lavaan), dplyr 1.0.5 (https://c 
loud.r-project.org/package=dplyr) and ggplot2 3.3.3 (https://cloud. 
r-project.org/package=ggplot2) (Oksanen et al., 2020; Team, 2020; 
Wickham, 2011; Wickham and Wickham, 2017). 

2.8. Accession number 

The DNA sequence data set has been deposited to National Centre for 
Biotechnology Information (NCBI) Short Read Archive (https://www. 
ncbi.nlm.nih.gov/sra). The BioProject accession number PRJNA705032. 

3. Results 

3.1. Air temperature and edaphic factors across elevation-vegetation 
gradient 

Both temperature and edaphic factors varied across the elevation 
gradient (Table 1). Mean annual air temperature (MAT) showed a 
monotonous decrease across the elevation gradient. In contrast, edaphic 
properties including SMC, SOC, and total nitrogen showed a dip in mid- 
elevations with similar values at low and high elevations. No significant 
difference was observed in the C/N ratio and pH at any altitude. 

3.2. Taxonomic overview 

A total of 2,542,679 high-quality sequences across 60 samples were 
generated, averaging 42,378 ± 14,204 sequences per sample 
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(Supplementary Table S1). Rarefaction based on sequence reads of one 
of the samples (23,821) provided maximum Good's coverage (>82%) 
(Supplementary Table S1) for 56 samples. The remaining four samples 
(at altitudes 3645 m, 3730 m, 3763 m, and 3770 m in May 2018) having 
sequence reads less than the rarefaction depth were eliminated, and 
downstream analyses were performed only with 56 samples. We iden
tified 126,667 OTUs at ≥97% similarity and were grouped into 35 
phyla. Out of these 35 phyla, 34 were classified, of which 12 were 
abundant (relative abundance ≥1%), accounting for 98% of the total 
bacterial sequences (Fig. 2a). These abundant phyla were Proteobacteria 
(relative abundance 39.22%), Actinobacteria (20.3%), Firmicutes 
(12.4%), Acidobacteria (5.17%), Planctomycetes (4.37%), Verrucomicro
bia (3.66%), Patescibacteria (3.56%), Bacteroidetes (3.02%), Gemmati
monadetes (2.17%), Chloroflexi (2%), Chlamydiae (1.58%) and 
Dependentiae (1.28%). 

3.3. Bacterial α and β-diversity across elevation-vegetation gradient 

Bacterial α-diversity (richness, evenness and, Shannon diversity) 
followed a similar trend as edaphic properties (SMC, SOC, and total 
nitrogen) with similarities at low and high elevation and dip in mid- 
elevations (Fig. 3). As a result, three distinct groups encompassing 
four altitudes each were visible across the gradient. 

Bacterial β-diversity also showed the influence of mid-elevations. 
The abundant phyla decreased from 12 in the low elevations 
(3373–3564 m) to 5–7 across 3645–3770 m, then regained to 9–12 in 
higher elevations (Fig. 2a). As the number of abundant phyla decreased 
in mid-elevations, the communities showed less even distribution. Pro
teobacteria dominated community composition up to 3770 m with 
relative abundance ranging from 33 to 75%. However, Actinobacteria 
(21–29%) and Firmicutes (8–36%) seemed to dominate the community at 
higher elevations equally. We also observed the presence of 

Fig. 2. Bacterial β-diversity across elevation-vegetation gradient (a) variation in relative abundances of bacterial phyla where “Others” represent all phyla with 
relative abundances <1%, (b) Principal Co-ordinates Analysis (PCoA) based on Bray-Curtis dissimilarity of bacterial communities and (c) variation in relative 
abundance of individual abundant bacterial phyla. b was generated in R 4.0.3 (http://www.R-project.org/) using vegan 2.5-7 (https://cloud.r-project.org/pac 
kage=vegan), dplyr 1.0.5 (https://cloud.r-project.org/package=dplyr) and ggplot2 3.3.3 (https://cloud.r-project.org/package=ggplot2). 
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Cyanobacteria with a relative abundance of 1.98% at only 3645 m. Three 
significantly distinct (A = 0.26, p < 0.001) community clusters were 
observed at low, mid, and high elevation ranges (Fig. 2b). However, we 
observed high overlaps between the clusters at low and high elevations. 

Fig. 2c shows trends in the relative abundance of abundant phyla 
across the elevation-vegetation gradient. Except for the most abundant 
Proteobacteria, which peaked in mid-elevations and dipped at higher 
elevations, several bacterial phyla showed a mid-elevation dip. Three 
types of curves with such mid-elevation dips were observed, one, with 
similar abundances at low and high elevations (Acidobacteria and 
Dependentiae), second, with a gradual decrease up to mid-elevations and 
then an abrupt increase in higher elevations (Planctomycetes, Verruco
microbia, Chloroflexi), and thirdly with the highest abundance at low 
elevations with a dip in mid and stable towards higher elevations 

(Patescibacteria, Chlamydiae). On the contrary, Actinobacteria and Fir
micutes increased, whereas Bacteroidetes and Gemmatimonadetes 
decreased across elevation. 

3.4. Bacterial α and β-diversity across seasons and years 

We assessed the variability in α and β-diversity across seasons (spring 
and autumn) and years (2016, 2017, and 2018) within 3373–3564 m, 
3645–3770 m, and 3980–4020 m elevation ranges. We observed no 
significant difference (p > 0.05) in both α and β-diversity across seasons 
and years except for a decrease in richness during spring in the elevation 
range 3980–4020 m (Table 2, Fig. 4, Supplementary Tables S2 and S3). 

3.5. Bacterial co-occurrence pattern across elevation-vegetation gradient 

The bacterial co-occurrence networks at the three elevation ranges 
showed scale-free (connectivity distribution obeyed power-law model, 
R2 ranged from 0.3 to 0.92), non-random, small world (average path 
distance ranged from 3.1 to 4.5), and modular (modularity ranged from 

Fig. 3. Variation in bacterial richness, evenness, and diversity across the 
elevation-vegetation gradient. Bars represent mean ± S.E of mean, n = 5 at each 
altitude. Different letters (above each bar) indicate significant difference be
tween altitudes (p < 0.05). 

Table 2 
Results of independent sample t-test for bacterial community α-diversity comparison between two seasons (Spring and Autumn) at different elevation ranges 
(3373–3564 m), (3645–3770 m), and (3890–4020 m).  

Elevation range Richness (Sobs) Evenness Diversity (Shannon Index) 

Spring Autumn p-Value Spring Autumn p-Value Spring Autumn p-Value 

(3373-3564 m) 5365 ± 534 5391 ± 382  0.96 0.86 ± 0.02 0.87 ± 0.01  0.83 7.4 ± 0.18 7.4 ± 0.18  0.86 
(3645–3770 m) 1008 ± 220 1452 ± 257  0.36 0.74 ± 0.03 0.72 ± 0.02  0.773 5.1 ± 0.33 5.2 ± 0.27  0.79 
(3890–4020 m) 5644 ± 226 6745 ± 301  0.016 0.84 ± 0.02 0.86 ± 0.014  0.26 7.2 ± 0.2 7.6 ± 0.2  0.143 

Values are mean ± S.E of the mean. n = 8 and12 for spring and autumn, respectively. Significant at p < 0.05. 

Fig. 4. Inter-annual variations in bacterial richness, evenness, and diversity. 
Bars represent mean ± S.E of mean, n = 5 at each altitude. Different letters 
(above each bar) indicate significant difference between altitudes (p < 0.05). 
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0.45 to 0.57) features of ecological networks (Table 3) (Deng et al., 
2012; Zhou et al., 2011). Comparison of topological features between 
the three networks revealed a dip in the number of nodes and links at the 
mid-elevation range with the highest value at the high-elevation range 
(Table 3 and Fig. 5). The low and high elevation range consisted of 
eleven and five modules, respectively, with most nodes connected 
positively (63–86%). In contrast, the mid-elevation range showed 
mainly negative relation (70%) among nodes of the four constructed 
modules. A dip in network modularity (connectivity within a module) 
was observed in the mid-elevation range (0.45), where the density 
(0.084) and connectedness (1) peaked. The average degree (3.3–4.6) 
and clustering coefficient (0.14–0.23) increased linearly across the 
elevation ranges. 

3.6. Factors affecting α and β-diversity 

Multiple linear regressions showed that α-diversity was positively 
affected by SMC and SOC across elevation (Table 4). Variability in 
richness (r2 = 0.50, p < 0.001) and diversity (r2 = 0.36, p < 0.001) were 
significantly explained by SMC and SOC, while that in evenness by only 
SOC (r2 = 0.21, p < 0.001). No significant relationships were observed 
between α-diversity and pH, C/N, and MAT. On the other hand, β-di
versity was significantly correlated to MAT (r = 0.25, p < 0.001) and all 
the selected edaphic factors (SMC: r = 0.28, p < 0.001; SOC: r = 0.19, p 
< 0.001; total nitrogen: r = 0.18, p < 0.001 and pH: r = 0.07, p < 0.049) 
except C/N ratio (r = 0.08, p = 0.07) as revealed by Mantel test. Further, 
the Redundancy Analysis with 12 abundant phyla showed that MAT, 

SMC, and SOC explained 33% (F(3,52) = 8.68, p < 0.001) of the vari
ability in their relative abundance across the elevation gradient (Fig. 6). 
We performed linear regressions to understand the effect of MAT, SMC, 
and SOC on each abundant phylum (Fig. 7). Proteobacteria, Firmicutes, 
and Planctomycetes were significantly affected by all the three factors, 
whereas Bacteriodetes and Chlamydiae by MAT and SMC; Verrucomicrobia 
and Chloroflexi by SMC and SOC, Actinobacteria and Acidobacteria by 
SOC and Patescibacteria and Dependentiae by MAT. Gemmatimonadetes 
was not significantly affected by any of the three factors. The unex
plained variability in bacterial α and β-diversity may be due to factors 
such as belowground biomass, plant species composition, and soil nu
trients (phosphorus and others) not measured in this study. 

The SEM model (CFI = 0.94, AIC = 683.1, RMSEA = 0.16, p < 0.05) 
explained 36%, 89%, and 65% of the variation in bacterial richness, 
α-diversity and composition, respectively (Fig. 8). Diversity was strongly 
related to richness (λ = 0.94, p < 0.001) which was affected directly by 
SOC (λ = 0.32, p < 0.01) and SMC (λ = 0.49, p < 0.001) and indirectly 
by vegetation type (λ = 0.16, p < 0.01). Community composition was 
related to richness (λ = 0.77, p < 0.001) and affected directly by SOC (λ 
= − 0.36, p < 0.001), pH (λ = − 0.25, p < 0.01) and MAT (λ = − 0.16, p 
< 0.05). Supplementary Table S4 shows the standardized path co
efficients of direct, indirect and total effects. 

4. Discussion 

Earlier studies on soil bacterial communities from various mountain 
ecosystems of the world have described different elevation patterns of 

Table 3 
Co-occurrence network topological properties at low, mid, and high elevation ranges.   

Network indices Low (3373–3564 m) Mid (3645–3770 m) High (3980–4020 m) 

Empirical networks R square of power-law 0.92 0.3 0.864 
Total nodes 75 52 124 
Total links 122 112 285 
Links per node 1.6 2.2 2.3 
Positive co-occurrence (%) 63 30 86 
Average path distance (GD) 3.47 3.08 4.5 
Modularity 0.55 0.45 0.57 
Average degree (avgK) 3.25 4.31 4.6 
Average clustering coefficient (avgCC) 0.14 0.17 0.233 
Density (D) 0.044 0.084 0.037 
Connectedness (Con) 0.751 1 0.937 

Randomized networks Average clustering coefficient (avgCC) 0.06 ± 0.02 0.08 ± 0.03 0.06 ± 0.01 
Average path distance (GD) 3.36 ± 0.11 2.81 ± 0.05 3.23 ± 0.05 
Modularity (fast_greedy) 0.49 ± 0.02 0.39 ± 0.02 0.41 ± 0.01 
Connectedness (Con) 0.90 ± 0.07 0.99 ± 0.02 0.98 ± 0.03  

Fig. 5. Co-occurrence networks of 
bacterial genera at (a) high (3980–4020 
m), (b) mid (3645–3770 m), and (c) low 
(3373–3564 m) elevation range based 
on Random Matrix Theory. Each genus 
is represented as a node having an oval 
shape, and each significant (p < 0.05) 
correlation (link) is represented as a 
straight line. Nodes of the same color 
represent same phyla the genera belong 
to. Green and red lines indicate positive 
and negative correlations be tween 
nodes, respectively. Each module in the 
network is represented by a circle 
composed of nodes. The figure was 
generated in Cytoscape 3.2.8.   
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α-diversity, such as increasing (Luo et al., 2019; Zhang et al., 2019), 
decreasing (Adamczyk et al., 2019; Bryant et al., 2008; Shen et al., 2015; 
Siles and Margesin, 2017; Zhu et al., 2020) and unimodal trends (Singh 
et al., 2012). In contrast, α-diversity in our study followed a hollow 
trend, which dipped in the mid-elevations (Fig. 3). The same trend was 
found across all three sampling years (Fig. 4). Upon an in-depth litera
ture review, we came across only a single study reporting a similar mid- 
elevation dip in bacterial α-diversity in the southwest and northeast 
slopes of Mt Halla, both at 700–1300 m elevation range (Singh et al., 
2014). The mid-elevation dip suggests the dominance of other factors in 
controlling bacterial α-diversity rather than elevation or temperature 
(Fierer et al., 2011; Singh et al., 2014). Notably, the vegetation in our 
study shifts from the subalpine forest in lower elevations (3373–3564 m) 
to alpine scrub in the mid (3645–3770 m) to the alpine meadow in the 
higher elevations (3890–4020 m) (Table 1). The dip in α-diversity cor
responds to the alpine scrub vegetation having low soil moisture, SOC, 
and nitrogen compared to other elevations (Table 1). On the contrary, 
subalpine forest and alpine meadow occurring in extreme climate re
gimes with similar edaphic characteristics (moisture, carbon, and ni
trogen) had comparable α-diversity. This finding indicates that edaphic 
factors corresponding to different vegetation types control bacterial 
diversity rather than elevation or temperature. The regression analysis 
supports this assumption, as most variability in bacterial richness, 
evenness, and diversity were explained by SMC and SOC (and in turn 
nitrogen because of its high correlation with SOC, r = 0.95, p < 0.001) 
and not by temperature. The SEM analysis also indicated the direct effect 
of edaphic properties (SMC and SOC) on the bacterial richness and, in 
turn, diversity. The dominance of edaphic factors in governing bacterial 
diversity along elevation gradient has also been described earlier from 
Mt Changbai, the Italian Alps, the Andes, and southwest Wales (Fierer 
et al., 2011; Shen et al., 2013, 2015; Siles and Margesin, 2017; Xue et al., 
2018). We found no effect of pH and C/N ratio on bacterial α-diversity 
and is in contrast to other studies where they have been identified as 
significant drivers of bacterial communities (Adamczyk et al., 2019; 
Lanzén et al., 2016; Shen et al., 2015; Yashiro et al., 2016). 

The effect of edaphic properties was further displayed in the patterns 
of bacterial β-diversity. The overlaps found in community composition 
(Fig. 2) between low and high elevation suggested possible relatedness 
due to similarity in their edaphic properties. In contrast, the mid- 
elevations, having contrasting soil properties, showed different com
munity compositions. The difference in community composition at mid- 
elevations was reflected in most phyla's relative abundances (Acid
obacteria, Dependentiae, Planctomycetes, Verrucomicrobia, Chloroflexi, 
Patescibacteria, and Chlamydiae) showing mid-elevation dips (Fig. 2c). 
Low moisture-induced drier conditions and low substrate availability in 
mid-elevations may have limited the growth of these phyla and hence 
reduced their relative abundance (Brockett et al., 2012; Lladó et al., 
2017). Low relative abundance of these bacterial phyla led to the 
dominance of Proteobacteria (54.1–74.2%) in the mid-elevations and 
resulted in less evenly distributed community composition (Fig. 2a), 
which was also evident from low evenness (0.69–0.77) (Fig. 3). 

Mantel test, RDA, and SEM showed that the community composition 
across elevation gradient was influenced directly by both edaphic fac
tors (SOC and pH) and temperature (Figs. 6 and 8). Linear regression 

also indicated the relationship of many phyla to temperature along with 
edaphic factors (Fig. 7). Consequently, irrespective of mid-elevation 
dips, relative abundances of such phyla increased or decreased across 
elevation. This was expected as temperature stimulates the growth and 
metabolic activities of bacteria and, in turn, affects the community 
(Zhou et al., 2016). However, the increasing temperature is only effi
cient in shaping community composition when nutrient and water 
supply is adequate (Lladó et al., 2017; Peltoniemi et al., 2015; Rousk 
et al., 2012). Moreover, the quality of nutrients also determines the fate 
of community distribution across elevation gradients in mountain eco
systems (Xu et al., 2014; Zheng et al., 2018). For instance, sub-alpine 
forest in the lower altitudes provides a high amount of leaf litter rich 
in recalcitrant carbon compared to alpine scrub and meadows, where 
leaf litter input is comparatively low and primarily seasonal. High leaf 
litter facilitates the growth of specific communities, such as, Acid
obacteria that can derive energy by oxidizing the recalcitrant form of 
carbon (Lladó et al., 2017). On the contrary, the labile form of carbon 
mainly comes from root exudates and depends on the formation of root 
networks and carbon allocation from photosynthesis (Pollierer et al., 
2007). Soil carbon content also depends on soil respiration, a process 
where soil carbon (mainly labile form) is lost due to carbon decompo
sition by microbes (Cleveland et al., 2007; Lladó et al., 2017). 

Alpine scrub having low vegetation cover is exposed to warming 
leading to rapid soil carbon decomposition and emission (Bokhorst 
et al., 2007). These habitats also provide insufficient C supplies into the 
soil (Zhao et al., 2019). As a cumulative effect of high respiration and 
poor input, soils in these habitats are C deficient, as evident in our study 
(Table 1). Low carbon in soils often reduces their ability to hold water 
(Rawls et al., 2003), which further reduces microbial enzyme activity of 
communities and facilitates the growth of only those species that can 
grow in carbon and moisture-limited soils (Fierer et al., 2007; Koch, 

Table 4 
Multiple linear regression models for the relationship of richness, evenness, and diversity with mean annual temperature (MAT), soil moisture content (SMC), and soil 
organic carbon (SOC).  

α-Diversity Predictor variables R2 α β F p AIC 

Richness (Sobs) SMC  0.50 1473.93 (487.38) 75.66 (23.03)  26.35  <0.001  836.12 
SOC 38.49 (11.05) 

Evenness SOC  0.21 0.75 (0.02) 0.0015 (0.0003)  14.74  <0.001  − 290 
Diversity (Shannon Index) SMC  0.36 5.43 (0.28) 0.03 (0.01)  14.81  <0.001  1.3 

SOC 0.02 (0.01) 

Values within parenthesis indicate standard error. α and β are constants. Significant at p < 0.001. 

Fig. 6. Redundancy analysis (RDA) showing significant relationships between 
abundant bacterial phyla and mean annual temperature (MAT), soil moisture 
content (SMC), and soil organic carbon (SOC). The figure is generated using R 
4.0.3 (http://www.R-project.org/) using vegan 2.5-7 (https://cloud.r-project. 
org/package=vegan). 
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2001). Despite low carbon input due to low photosynthesis, alpine 
meadows act as sinks as decomposition rates are limited by low tem
perature (Adamczyk et al., 2019; Tiwari et al., 2021). Overall, we see 
three habitat types in our study area, (i) high moisture-nutrient- 
temperature (HMNT) habitat at lower elevations, (ii) low moisture- 
nutrient-high-temperature (LMNHT) habitat at mid-elevations, and 
(iii) high moisture-nutrient-low-temperature (HMNLT) habitat at higher 
elevations. These habitats showcase two kinds of stress, one by the 
temperature (HMNLT) and the other by moisture and nutrients (sub
strate availability) (LMNHT). Under temperature stress with adequate 
nutrients (HMNLT), the communities are co-operative, as seen by high 
positive interactions in the co-occurrence network at the high elevation 
range. Under nutrient stress with optimum temperature (LMNHT), 
communities compete for the limited substrate wherein certain species 
dominate, eventually decreasing the community evenness. This was 
indicated by the dominance of Proteobacteria in the mid-elevation 
(Fig. 2a), having high negative interactions with the other bacterial 
taxa (Fig. 5b). When temperature, moisture, and nutrients are optimum 
(HMNT), the communities participate in both positive and negative in
teractions (Fig. 5c), leading to the dominance of specific taxa 

(Proteobacteria in this study, Fig. 2a) along with high overall community 
evenness (Fig. 3). 

In contrast to previous studies (Barboza et al., 2018; Lanzén et al., 
2016; Lazzaro et al., 2015), we found no seasonal or inter-annual vari
ation in bacterial diversity and composition, indicating the resilient 
nature of bacterial communities to environmental changes over the 
selected time window (Table 2, Fig. 4, Supplementary Tables S2 and S3). 
This finding also confirms the mid-elevation dip pattern across all years, 
thereby supporting the effect of edaphic factors over the temperature in 
community distribution. 

5. Conclusion 

This study demonstrates a mid-elevation dip in soil bacterial com
munity diversity along an elevation-vegetation gradient across three 
years governed primarily by edaphic properties (SOC, total nitrogen, 
moisture, and pH) rather than temperature. This dip in diversity is a 
consequence of the shift in the bacterial socio-interactive array from co- 
operative to competitive under moisture and nutrient limitations. 
Further, the communities' seasonal and inter-annual stability confirms 

Fig. 7. Linear relationships between Hellinger transformed relative abundance (HTRA) of bacterial phyla across elevation and mean annual temperature (MAT), soil 
moisture content (SMC) and soil organic carbon (SOC). Significant at ***p < 0.001, **p < 0.01 and *p < 0.05; ns represents non-significant. 
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the mid-elevation pattern and provides evidence for their resilience to
wards climate shifts. By considering both spatial and temporal vari
ability, our results enhance the reliability of the observed distribution 
pattern and the regulating factors. This is the first study from the 
temperature-sensitive high-altitude region of Himalaya that will help to 
understand the factors underlying bacterial diversity distribution and 
enhance the predictability of environmental change impacts on these 
communities. 
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Pedrós-Alió, C., 2006. Marine microbial diversity: can it be determined? Trends 

Microbiol. 14, 257–263. 
Peltoniemi, K., Laiho, R., Juottonen, H., Kiikkilä, O., Mäkiranta, P., Minkkinen, K., 
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Importance of monitoring soil microbial community responses to  
climate change in the Indian Himalayan region 
 
Pamela Bhattacharya, Gautam Talukdar, Gopal Singh Rawat and Samrat Mondol 
 
Increasing emission rate of carbon dioxide (CO2) and other greenhouse gases is the major driver of global tem-
perature increase. Soil microbial respiration is accelerating the release of CO2 in the environment, but the 
mechanistic understanding of this process is still at its nascent stage. In this note, we discuss the importance of 
understanding the microbial responses to climate change and associated respiration process in the Indian  
Himalayan region. We also discuss the goals of microflora component of the ongoing National Mission for Sus-
taining the Himalayan Ecosystem project in tracking climate change impacts in this fragile, mountainous eco-
system. 
 
Global climate change is currently a ma-
jor challenge for modern science and so-
ciety. Increasing emission rate of carbon 
dioxide (CO2) from both natural and an-
thropogenic sources, along with other 
greenhouse gases is playing a major role 
in global warming. CO2 emission from 
soil respiration (both autotrophic root 
respiration and heterotrophic microbial 
respiration) is known to be the second 
largest natural terrestrial flux of carbon1. 
Conversely, rising temperature leads to 
depletion of soil organic carbon (SOC) 
stocks through enhanced microbial de-
composition and rapid release of CO2, 
providing a positive feedback to climate 
change2. Although recent climate-carbon 
models support such positive feedback 
responses, the detailed process is still 
unknown due to our limited understand-
ing of temperature sensitivity of micro-
bial SOC decomposition3. Despite soil 
microbial decomposition of SOC results 
in emitting up to 25% natural CO2 each 
year4, the process of microbial commu-
nity respiration with regard to climate 
change under varying soil environment 
has not been studied globally.  
 Soil microbial communities mediate 
global biogeochemical cycles (carbon, 
nitrogen), and any climate-driven physio-
logical changes can affect the rates of 
these cyclic processes5. To understand 
patterns of temperature-induced micro-
bial respiration at the level of ecosys-
tems, there is a need for paradigm shift 
from earlier climate models which  
focused mainly on soil carbon pool size6. 
Particular emphasis is needed on under-
standing soil microbial community  
diversity, composition and functions for 
mechanistic insight into their feedback 
responses to climate warming5. A num-
ber of studies suggest that soil micro-
organisms either undergo functional 

modifications of their existing popula-
tions, or changes in their community 
composition in response to environ-
mental changes, leading to altered  
temperature sensitivity of SOC decom-
position5,7. Functional modifications 
might happen in the short-term tempera-
ture rise scenario, resulting in an increas-
ing soil microbial respiration from faster 
microbial growth and physiological proc-
esses5,7. However, in the long-term cli-
mate change scenario, the increase or 
decrease in microbial respiration rate 
will depend on the environmental condi-
tions and resource availability (substrate) 
for the existing microbial community5,7. 
Similarly, shift in microbial community 
composition can also be driven by envi-
ronmental changes and consequently 
may affect soil respiration rates5,7. If the 
changed community has higher carbon 
efficiency (i.e. it stores more carbon than 
it metabolizes), then SOC decomposition 
will decrease along with microbial respi-
ration rate5. However, in the event of 
community shifts towards greater diver-
sity with microbes capable of degrading 
complex soil carbon, SOC decomposition 
will increase favouring CO2 emission 
from soil and provide positive feedback 
to climate change7. Therefore, identify-
ing different functional groups of mi-
crobes is essential in understanding the 
feedback responses, as they have varying 
capacities to decompose SOC8. Since 
such feedback responses will vary across 
ecosystems and regions, a clear under-
standing on which of these mechanisms 
is prevalent and how microbial diversity 
will affect the responses is critical in 
quantifying them. Although a number of 
studies have focused on addressing these 
issues in different parts of the world9,10, 
data from the Indian subcontinent are 
completely lacking.  

 The Himalayan region comprising  
diverse and fragile ecosystems offers an 
excellent opportunity to study the res-
ponse of changing climate on soil micro-
bial environment, and is considered most 
vulnerable to increasing temperature. 
Harbouring a gradient of environments 
and ecosystems from extremely low car-
bon stock such as morainic soils to car-
bon-rich peatlands, this region plays a 
significant role in global carbon cycle11. 
A perusal of the literature on the Indian 
Himalayan region (IHR) reveals that it 
retains about 33% of the country’s 
SOC12 that changes along elevation gra-
dient13. However, very few attempts have 
been made to quantify the rates of mi-
crobial respiration and short-term im-
pacts of temperature and precipitation 
variations on SOC storage across differ-
ent forest types14. There is a need to  
establish baselines on these parameters 
and initiate long-term monitoring. To 
address the information gap and also un-
derstand the impacts of climate change 
on the Himalayan ecosystems, the De-
partment of Science and Technology, 
Government of India has initiated a dedi-
cated National Mission for Sustaining the 
Himalayan Ecosystem (NMSHE) in the 
IHR in 2015. As part of this mission, 
studies on soil microflora and fauna have 
been initiated along an elevational gradi-
ent in the Gangotri National Park and ad-
joining regions to generate baseline data 
on soil microbial community diversity 
and their SOC degrading potential. With 
specific focus on soil bacteria, fungi,  
lichens and nematodes along with soil 
physico-chemical properties and SOC 
degrading enzyme activities, this compo-
nent will provide valuable insights into 
the microbial control of soil CO2 emis-
sion and a rapid method to track climate 
change impacts at ecosystem level.  
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Baseline data generated on soil proper-
ties, microbial biodiversity, activity and 
respiration in the IHR will assist in un-
derstanding the mechanisms and control-
ling factors of SOC decomposition in the 
region. Through modeling of these soil 
microbial community data along with 
other climate factors, the results will help 
us in developing long-term strategies to 
monitor climate change impacts and pro-
pose policy briefs/management strategies 
to manage microbial systems for mitiga-
tion of climate change.  
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Declaring the commercial source and grade of chemicals, and  
equipment, in a scientific paper 
 
Jaime A. Teixeira da Silva and Judit Dobránszki 
 
Scientific biomedical papers widely use chemicals, reagents and/or equipment. These are described in the 
materials and methods section. The source of these methodological props needs to be precisely defined for 
scientific and proprietary reasons. The commercial source or grade of a chemical can affect the quality and 
outcome of an analysis, e.g. in plant tissue culture. Failure to recognize the commercial source deprives a 
company of its due proprietary investment in a product, reduces reproducibility and thus constitutes an  
incomplete or erroneous methodology. Such errors should be corrected, which should be the responsibility 
of authors, editors and publishers. 
 
A methodological prop or tool (MPT) is 
defined here as any chemical, utensil, or 
equipment (CUE) that serves to support  
a methodology within a scientific  
manuscript. Not only do MPTs serve as 
important and fundamental tools for 
completing a method, their commercial 
source can, in select cases, also influence 
the outcome of a scientific manuscript. 
This note aims, using plant tissue culture, 
to (a) highlight the importance of speci-
fying the commercial source and grade of 
CUEs; (b) show through select and con-
crete examples, how specific CUEs from 
different sources, or of different quality, 
can lead to qualitative and quantitative 
differences in the outcome of an experi-
ment; (c) encourage authors, editors and 
publishers to correct the literature, to 
correct the weaknesses of traditional peer 
review1, through post-publication peer 

review (PPPR), in a bid to make the 
methodological sections as accurate and 
precise as possible. In doing so, repro-
ducibility of weak, unclear or unstated 
methodological flaws might increase. 
However, efforts to increase reproduci-
bility will be in vain, unless all parties 
are involved2. 
 Using select examples of plant tissue 
culture, a branch of plant biotechnology, 
we demonstrate how differences in the 
choice of MPTs and CUEs can influence 
the outcome of an experiment. Thus, de-
fining these elements is a central aspect 
of reproducibility of a protocol. This 
concept is fortified by a respectable  
leading Society in the plant science 
community – The American Society for 
Horticultural Science3, which states that 
‘In general, refer to trade or brand names 
only parenthetically with the active in-

gredient, chemical formula, purity, and 
diluent or solvent stated clearly in the 
text and emphasized in preference to  
the commercial product; also, include the 
name, city, and state/country of the com-
pany that produces the product.’ 

The effect of chemicals, vessels, or  
medium components on analytical 
and developmental outcome in  
plant tissue culture 

Plant cells and tissues can grow and de-
velop in vitro on different media contain-
ing inorganic and organic nutrients and 
plant growth regulators that are added, 
creating an artificial growth environ-
ment, and either benefiting or negatively 
affecting growth. However, such nutri-
ents may also contain impurities in the 
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