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A B S T R A C T

Microbial functional composition is important for biogeochemical cycles, and is usually constrained by taxo
nomic species pool and natural environmental gradients. However, the distribution of functional genes in deep 
lakes and the driving factors remains elusive. Here, we quantified the abundance of 71 functional genes relevant 
to carbon degradation, carbon fixation, methane metabolism, nitrogen cycling, phosphorus cycling, and sulfur 
cycling in 38 sediments along the water depth ranging from 0 to 90 m in Lugu Lake, China, using Quantitative 
Microbial Ecology Chip (QMEC) and then explored their water-depth diversity pattern and abiotic and biotic 
drivers. Functional gene diversity showed a hump-shaped pattern along the depth and peaked at around 50 m 
which is the low boundary of thermocline layer. There were specific environmental preferences among func
tional gene subgroups such as nitrogen and sulfur cycling genes preferring to deeper and shallow waters, 
respectively. The dissimilarity of total functional genes increased with water depth distance indicating a 
distance-decay relationship. There was a congruence between functional and taxonomic composition by showing 
the positive correlations between the compositions of functional genes and bacteria or archaea. This phenom
enon is consistently observed for the six functional gene subgroups, and the congruence strength was highest for 
nitrogen cycling while lowest for sulfur cycling. Compared to abiotic factors, biotic factors were more relevant to 
the functional gene diversity and composition. Biotic factors explained 28.5 % of the variance of functional gene 
diversity, while water depth and other environmental factors such as water total phosphorus and sediment 
carbon explained 4.2 % and 3.8 %, respectively. For functional gene composition, biotic factors accounted for 
25.2 % of the variance, whereas water depth and other environmental factors contributed to 0.7 % and 4.4 %, 
respectively. Among all explanatory variables for function genes, bacterial composition had the highest contri
bution, which was further supported by showing its direct effects of 1.45 and 0.86 on functional diversity and 
composition, respectively. This study for the first time quantified the microbial functional genes along water 
depth in deep lakes and provided a more comprehensive understanding of the functional dynamics in microbial 
communities within aquatic ecosystems.

1. Introduction

The functional genes of microbial community have significant 
importance in aquatic ecosystems as they encode specific metabolic 
pathways, biological processes, or ecological functions (Madsen, 2011). 
Focusing on the diversity and composition of functional genes rather 
than just species level can provide more comprehensive insights into the 
microbial communities and functions of ecosystems (Fuhrman, 2009). 

Understanding the biogeographical patterns of functional gene diversity 
and composition along natural environmental gradients such as altitude, 
latitude, and water depth contributes to a better understanding of the 
structure and functioning of aquatic ecosystems (Broman et al., 2022). 
Previous research had explored the functional diversity declines towards 
higher elevations and composition of microbial communities exhibits 
increasing turnover with larger elevational distances (Picazo et al., 
2020). Additionally, resources, temperature, pH and geographical 
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location independently affect lake microbial communities (Bastida et al., 
2021; Garner et al., 2023; Liu et al., 2020; Schulhof et al., 2020). As a 
unique aquatic ecosystem, the lake exhibits a close correlation between 
its water depth gradient and various environmental characteristics, such 
as temperature, nutrient concentration, and electrical conductivity. 
Hence, water depth in deep lake provides a strong environmental filter 
for aquatic microbial communities (Pearman et al., 2022; Wang et al., 
2017). However, no previous studies have reported the distribution 
pattern of functional genes of microbial communities along natural 
gradients of water depth in deep lakes. This might be due to the 
considerable depth and harsh conditions of deep lakes, making signifi
cant challenges in obtaining samples. Furthermore, past research has 
been limited by the absence of techniques for high-throughput quanti
tative analysis of functional genes (Zheng et al., 2018; Zheng et al., 
2017).

Water depth often closely covary with physiochemical conditions, 
and biological community diversity and composition (DeLong et al., 
2006; Hewson et al., 2006). Depth gradients could result in various 
environmental conditions such as light, temperature, oxygen, and nu
trients (Liu et al., 2019a). These water depth-related environmental 
factors might shape the functional gene composition through mecha
nisms such as environmental filtering (Peralta-Maraver et al., 2018). It 
should be noted that biotic factors also play a crucial role in shaping the 
distribution and composition of functional genes (Sadeghi et al., 2021). 
The species pool and community turnover have potential impacts on 
functional gene diversity and composition (Mark Vellend, 2005). A 
diverse species pool provides a broader resource of genes involved in 
various metabolic pathways and adaptive traits (He et al., 2018). 
Community variation rates typically change in response to environ
mental changing, due to the microbial ability to adapt to environment 
(Jing et al., 2022). The rate of turnover could affect the stability and 
dynamics of functional gene composition (Craven et al., 2018). How
ever, there are lacks of observations evaluating the influence of both 
abiotic and biotic factors on the diversity and composition of functional 
genes, as well as the relative contributions of these factors.

Here, we analyzed microbial community and functional genes of 38 
samples along the 0–90 m water depth gradient in Lugu Lake, Yunnan, 
China. Microbial community was profiled through 16S rRNA high- 
throughput amplicon, and functional composition represented by 71 
cycling genes were quantified using the Quantitative Microbial Ecology 
Chip (QMEC) (Zheng et al., 2018). These functional genes are grouped 
by six subgroups including carbon degradation, carbon fixation, 
methane metabolism, nitrogen cycling, phosphorus cycling, and sulfur 
cycling. We explored water depth patterns of the six subgroups of 
functional genes and investigated the relative importance of abiotic and 
biotic factors in explaining their diversity and composition. Our study 
aimed to address the following three questions: (i) What are the water 
depth patterns of functional gene diversity? (ii) How are the relation
ships between the beta diversity of different functional genes and water 
depth? (iii) How much is the relative importance of water depth, other 
environmental factors, and biotic factors in predicting functional gene 
diversity? Our results provided the comprehensive understanding for 
the water depth pattern of microbial functional genes involved in 
biochemical cycling in deep lakes and highlight the distinct role of biotic 
and abiotic factors in shaping functional diversity. The findings had 
implications for studying functional gene coupling and microbial in
teractions within aquatic systems, providing a foundation for future 
research on microbial functional dynamics.

2. Materials and methods

2.1. Study area

The study was conducted in Lugu Lake (27◦41′–27◦45′N, 
100◦45′–100◦50′E), located in Yunnan Province, China, on the south
eastern margin of the Tibetan Plateau (Zhao et al., 2023). A total of 38 

surface sediment samples were collected along the water depth ranging 
from 0 to 90 m to investigate the functional genes of bacteria in August 
2010. Lugu Lake is one of the deepest plateau freshwater lakes in the 
region, characterized by maximum water depth of 93.5 m, a mean depth 
of approximately 40.3 m, a total water surface area of 50.5 km2, an 
elevation of 2685 m, and a catchment area of approximately 171.4 km2 

(Zhao et al., 2019). Unlike many other lakes in the area, Lugu Lake re
mains unfrozen throughout the year due to its warm temperate semi- 
enclosed nature (Su et al., 2022). In winter, the water temperature of 
the lake is uniformly distributed vertically, whereas thermal stratifica
tion occurs in other seasons (Wu et al., 2020). The lake provides an 
opportunity to study microbial functional diversity and the underlying 
drivers in deep lakes, particularly those influenced by high-altitude 
conditions. The unique environmental conditions offer valuable in
sights into microbial functional gene diversity and composition in the 
deep lake ecosystems, though these characteristics may not be univer
sally applicable to all lakes. Human activities and economic develop
ment around Lugu Lake have potentially impact on the microbial 
functional genes and overall ecosystem health (Liu et al., 2019b). This 
study focused on the influence of various environmental factors, 
including potential anthropogenic effects such as nutrient pollution, 
when analyzing functional gene diversity and composition.

2.2. DNA extraction and high-throughput amplicon sequencing

Bacterial and archaeal community composition in sediments was 
taxonomically profiled using the high-throughput 16S rRNA sequencing 
technology according to methods described in our previous studies 
(Wang et al., 2013; Wang et al., 2012a). Briefly, we extracted total 
environment DNA from about 0.5 g dried sediment using the DNeasy 
PowerSoil DNA Isolation Kit (Qiagen). The bacterial 16S rRNA genes 
were amplified using universal primers targeting the V4 region (515F, 
5′-GTG YCA GCM GCC GCG GTA A-3′; 806R, 5′-GGA CTA CNV GGG TWT 
CTA AT-3′) (Lee et al., 2023; Walters et al., 2016), the archaeal 16S 
rRNA genes using the archaeal-specific primers targeting the V4-V5 
region (Arch519F, 5′-CAGCCGCCGCGGTAA-3′ and Arch915R, 5′- 
GTGCTCCCCCGCCAATTCCT-3′) (Wei et al., 2019). These amplified 
products were then sequenced using the Illumina NovoSeq 6000 plat
form with 2 × 250 bp paired-end according to the manufacture in
struction (Babita et al., 2022). We trimmed the primers from the raw 
reads and discarded the ones shorter than 200 bp using cutadapt v3.5, 
then generated amplicon sequence variants (ASVs) of bacteria and 
archaea using the DADA2 package v1.18 (Callahan et al., 2016). Spe
cifically, we filtered out the sequence with the anonymous bases, the 
expected number of errors higher than two and its quality score lower 
than 10, then corrected the sequence based on the modeled error rate, 
which was estimated from the first 100 million bases from clean 
sequence. We next dereplicated and merged the paired-end sequencing 
with zero base mismatch and he minimum overlap of 12 for archaea and 
50 bacteria, respectively. The chimera sequences were finally identified 
and removed using the consensus method (Pauvert et al., 2019). The 
taxonomy for each ASV of bacteria and archaea was annotated using the 
naive Bayesian classifier method implemented by DADA2 against the 
SILVA 138.1 database (Quast et al., 2013). The communities of bacteria 
and archaea were equally sampled with the lowest sequencing depth for 
the comparison among samples by using the “rrarefy” function in the R 
package “vegan” v2.5–7 (Dixon, 2003).

2.3. High-throughput quantitative sequencing of microbial functional 
genes

To quantify the abundance of functional genes that participated in 
carbon, nitrogen, phosphorus, and sulfur cycling, the extracted DNA was 
subjected to high-throughput quantitative PCR (HT-qPCR) on a 
SmartChip Real-time PCR system (Zheng et al., 2018). Detailed infor
mation on functional genes is provided in Table S1. The Quantitative 
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Microbial Ecology Chip (QMEC) comprises 72 primer pairs in total, 
including 36 designed pairs and 35 published pairs targeting carbon 
cycling, nitrogen cycling, phosphorus cycling, sulfur cycling, and one 
pair targeting the bacterial 16S rRNA gene as a reference gene. The 
QMEC chip provides a more efficient and convenient approach for 
simultaneously quantify the abundance of functional genes across, large- 
scale samples, such as 72 DNA samples or 24 samples with three repli
cates in a single run. Details of these primer pairs could be found from 
previous studies (Zheng et al., 2017).

2.4. Abiotic and biotic attributes

We collected and analyzed biotic factors and abiotic factors to 
explain carbon, nitrogen, phosphorus, and sulfur cycling functional 
genes. In the field, we measured water depth, water temperature, pH, 
dissolved oxygen, and conductivity of surface water, bottom water, and 
surface sediments, using a YSI 650 multi-parameter display system 
equipped with a 600XL probe (Nguyen et al., 2023; Nguyen and Huynh, 
2023). In the laboratory, we examined the total nitrogen, total phos
phorus, HCO3

− concentration and silicon content of the surface water 
(Syarif Sukri et al., 2023). For surface sediments, we analyzed total 
phosphorus, loss on ignition, porosity, water content, 19 types of metal 
ions (Al, Ba, Be, Ca, Co, Cr, Cu, Fe, Li, K, Mg, Mn, Na, Ni, Pb, Sr, Ti, V, 
and Zn) and particle size (particle size is divided into five groups: < 4 
μm, 4–16 μm, 16–32 μm, 32–64 μm and > 64 μm) (Table. S2). Previous 
studies described detailed methods for measuring and calculating these 
abiotic factors (Wang et al., 2007). Principal component analysis (PCA) 
was used for these 19 metal ions to reduce their dimensionality, and then 
used the first and second axes (PC1 and PC2) as additional environ
mental parameters (Wang et al., 2012b; Wu et al., 2019; Zhao et al., 
2019).

In terms of biotic factors, we used the following variables to instead 
the biotic characteristics of bacteria and archaea: (i) α-diversity indices: 
Shannon diversity index was used to measure the diversity of microbial 
communities (Kembel et al., 2010); (ii) NMDS1 and NMDS2: The first 
and second axes of non-metric multidimensional scaling analysis 
(NMDS) of bacterial and archaeal communities were used to transform 
the similarities of different bacterial or archaeal samples for distance 
differences to reveal the community variations among microbial com
munities (Taguchi and Oono, 2005).

2.5. Statistical analyses

We considered the popular metrics such as species richness, Simpson 
diversity, and Shannon diversity. Compared to the other two metrics, 
Shannon diversity is calculated with both species identity and abun
dance and thus includes the information of species richness and even
ness (Wu et al., 2020). Considering the high occurrence of functional 
genes across samples, we used Shannon diversity to quantify the alpha 
diversity for functional genes and taxonomic composition of microbes. 
We further used linear and quadratic models to examine the relationship 
between the Shannon diversity of functional gene and the water depth 
(van Strien et al., 2012). The model with the lowest Akaike Information 
Criterion (AIC) value was chosen as the best model (Spellerberg and 
Fedor, 2003). The details about the model selection sees previous studies 
(Hu et al., 2024a; Hu et al., 2024b).

For beta diversity, we used the Bray-Curtis dissimilarity for both 
taxonomic composition and functional genes. This measure evaluates 
the differences in community composition between pairs of sites, 
quantifying the variation in functional genes (Graco-Roza et al., 2022). 
Water depth distance was quantified using the Euclidean distance. To 
investigate the relationship among change in functional gene beta di
versity and water depth distance, and beta diversity of bacterial and 
archaeal communities, we employed the Gaussian generalized linear 
model to analyze the distance-decay relationship (Morlon et al., 2008). 
Significance was assessed using the Mantel test (Spearman correlation) 

with 9,999 permutations. We performed NMDS based on Bray-Curtis 
dissimilarity of functional genes to visualize change in functional gene 
composition along the water depth gradient (Ishwaran, 2007).

To study the most important predictors of functional characteristics 
including functional gene diversity and composition, we employed a 
machine learning model called random forest using the R package ran
domForest V4.7.1.1. The functional gene composition was represented 
by the first axis of NMDS (Non-metric Multidimensional Scaling) based 
on Bray-Curtis dissimilarity (Biau and Scornet, 2016; Genuer et al., 
2015). The dependent variables were functional characteristics, and the 
explanatory variables included water depth, other environmental fac
tors and biotic factors. Before conducting random forest analysis, we 
used the Pearson correlation coefficient to assess the statistical depen
dence between the explanatory variables. Variables with high correla
tion coefficients (Pearson r ≥ 0.7) were excluded from the model to 
reduce the influence of spurious relationships between variables. Then, 
the random model generated an optimal number of 2,000 trees using 
cross-validation (Biau and Scornet, 2016). The importance of variables 
was determined based on the frequency of split selection and the model 
improvement per split (averaged across all trees) (Ishwaran, 2007). To 
more effectively compare the various predictor contributions, we con
verted the scores of importance into percentages relative to the sum of 
importance values. Additionally, we removed the variables with the 
lowest contribution and repeated the test until the minimum contribu
tion of each variable exceeded 5 %. Additionally, we partitioned the 
variation in Shannon diversity and composition associated with the 
explanatory variables into main driver categories (Anderson and Crib
ble, 1998). We divided the explanatory variables into three parts: water 
depth, other environmental factors, and biotic factors, and then esti
mated the proportion of variation explained by these three components.

Finally, we used structural equation modeling (SEM) to examine and 
quantify the interactive effects of water depth, other environmental 
factors, and biotic factors on functional gene diversity (Gene.S) or 
functional gene composition (Gene.N) (Lefcheck, 2016). The method 
involves hypothesizing a causal path and converting it into a regression 
equation, which is then evaluated against the data to support or refute 
the hypothesized pathway. SEM could evaluate the direct and indirect 
effects of water depth on Gene.S or Gene.N. Composite variables such as 
other environmental and biotic factors used in SEM models were used to 
explain the overall impact of various physical and chemical properties or 
biotic factors of bacteria and archaea (Grace et al., 2016). In addition, 
we used the scale function to Z-score transform all environmental var
iables before modeling to enable comparisons between multiple pre
dictors and models. Based on the multiple regression analysis of Gene.S 
or Gene.N, and the calculation formula of the composite variables of 
Gene.S or Gene.N, we selected the specific indicators of each composite 
variables in the SEM model (Table S5). We examined alternative models 
using AIC and overall model fit statistics based on the hypothesized 
paths between the full model (Fig. S11). Finally, the model with the 
minimum AIC value and satisfying the model fitting statistics was 
selected (Grace et al., 2010). Adequate model fit was determined based 
on a nonsignificant χ test (P>0.05), high comparative fit index 
(CFI>0.9), low AIC value, and low standardized root mean square re
sidual (SRMR<0.1) (Craven et al., 2018; Hu et al., 2020). Detailed 
modeling fit indices for all alternative models were presented in 
Table S6. SEM was implemented using the R package lavaan V0.6.16, 
which facilitates the construction of multi-latent variable models using 
path diagrams to explain the underlying relationships in the model.

All statistical analyses and figure production were performed using R 
statistical software V4.3.1, with the packages such as vegan V2.6.4, 
randomForest V4.7.1.1, dplyr V1.1.3, ggplot2 V3.4.3 and ggcor V0.9.8.

3. Results

Using quantitative sequencing technology and statistical analysis, we 
identified four main findings: (i) Distinct and significant patterns in the 
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diversity of functional genes along the water depth gradient; (ii) The 
composition of functional genes was distinctly separated by the water 
depth gradient; (iii) There was a gene-taxon congruence between 
functional gene composition and the taxonomic composition; (iv) The 
biotic and abiotic drivers of functional genes. These main findings were 
detailed in separation sections as below.

3.1. Distinct patterns of functional gene diversity along the water depth 
gradient

We found there were distinct and significant patterns in the diversity 
of functional genes along water depth gradient. The Shannon diversity 
of overall functional genes showed a significant hump-shaped trend 
along water depth (R2

adj = 0.44, P<0.001) (Fig. 1a). However, six sub
groups exhibited distinct patterns. Specifically, the diversity of methane 
metabolism genes (R2

adj = 0.16, P=0.018) and nitrogen cycling genes 
(R2

adj = 0.68, P<0.001) increased first, then decreased when the water 
depth greater than about 50 m, with a peak at a depth about 50 m 
(Fig. 1d, e). However, for the sulfur cycling gene (R2

adj = 0.20, P=0.007), 
Shannon diversity showed a significant hump-shaped trend along water 
depth, increasing in the range of 0 ~ 50 m, and then declining after 
exceeding 50 m, with a peak at 50 m (Fig. 1g). Additionally, carbon 
degradation genes (R2

adj = 0.11, P=0.051) and carbon fixation genes 
(R2

adj = 0.05, P=0.096) showed a weakly significant hump-shaped and 
linearly increasing trend, respectively (Fig. 1b, c). The relationship be
tween the phosphorus cycling gene and water depth was nonsignificant 
(P=0.575, Fig. 1f).

3.2. The functional gene composition changes along water depth gradient

The composition of functional genes in Lugu Lake was well separated 
by the water depth gradient, with less variation in deep layers (Fig. 2h- 
n). Among the functional genes, the composition of nitrogen cycling 
genes exhibited the most pronounced separation along the water depth 
gradient (Fig. 2l). As a support for the findings, the composition of the 
overall functional genes represented by Bray-Curtis dissimilarity was 
significantly positively correlated with water depth changes (r = 0.23, 
P=0.002), revealing a distance-decay relationship with water depth 
(Fig. 2a). Specifically, this relationship was strongest for the nitrogen 
cycling (r = 0.45, P<0.001), followed by the sulfur cycling (r = 0.18, 
P=0.008), then methane metabolism (r = 0.15, P=0.002), carbon fixa
tion (r = 0.13, P=0.046), and phosphorus cycling (r = 0.12, P=0.014) 
(Fig. 2b-g). In addition, phosphorus cycling had the highest initial Bray- 

Curtis dissimilarity of 0.103, while sulfur cycling showed the lowest 
value of 0.028. Notably, nitrogen cycling showed the highest turnover 
rate with a slope of 0.442. In comparison, the turnover rates of methane 
metabolism, phosphorus cycling, carbon degradation, sulfur cycling, 
and carbon fixation were much lower than nitrogen cycling. Specifically, 
methane metabolism had a turnover rate of 0.158, phosphorus cycling at 
0.128, carbon degradation at 0.097, sulfur cycling at 0.080, and carbon 
fixation at 0.073 (Table. S3).

3.3. The relationship between functional and taxonomic composition

There was a significantly positive correlation between functional 
gene composition and community composition of bacteria and archaea, 
indicating a strong gene-taxon congruence of functional genes with the 
two kingdoms (Fig. 3a-d). Compared with archaea (r = 0.65, P<0.001) 
(Fig. 3c), the relationship between functional genes and bacteria was 
higher (r = 0.77, P<0.01) (Fig. 3a). The relationships were also 
consistently observed between all six subgroups and communities of two 
kingdoms (P<0.05). Specifically, for bacteria, nitrogen cycling genes 
had the highest Mantel r of 0.87 (P ＜ 0.001), followed by carbon fix
ation genes (r = 0.59, P ＜ 0.001), then sulfur cycling (r = 0.56, P ＜ 
0.001), methane metabolism (r = 0.54, P ＜ 0.001), carbon degradation 
(r = 0.51, P ＜ 0.001), and phosphorus cycling (r = 0.22, P ＜ 0.001) 
(Fig. 3b and S2). For archaea, nitrogen cycling functional genes also 
showed the highest Mantel r of 0.74 (P<0.001), followed by carbon 
fixation functional genes (r = 0.47, P<0.001), then sulfur cycling (r =
0.47, P<0.001), methane metabolism (r = 0.44, P<0.001), carbon 
degradation (r = 0.43, P<0.001), phosphorus cycling (r = 0.21, 
P<0.001) (Fig. 3d and S3). In addition, the slope of dissimilarity in ni
trogen cycling gene composition was highest while sulfur cycling 
showed the lowest for both of bacteria and archaea (Table. S4).

3.4. Abiotic and biotic factors driving functional gene diversity and 
composition

We asked three questions to elucidate the factors driving changes in 
functional gene. (i) How do functional characteristics including Shan
non diversity and composition relate to biotic and abiotic factor? (ii) 
What is the relative importance of these factors in explaining functional 
characteristics including the relative abundance, diversity and compo
sition? (iii) What is the interaction between abiotic and biotic factors in 
explaining functional characteristics? We performed multiple statistical 
tests, including envfit function analysis, spearman correlation analysis, 

Fig. 1. Water-depth diversity patterns for functional genes. We considered the Shannon diversity of total functional genes (a) and six subgroups of functional genes 
(b-g). The yellow shaded area represents the thermocline range. Functional genes were measured by Quantitative Microbial Ecology Chip technology, and the six 
subgroups are carbon degradation, carbon fixation, methane metabolism, nitrogen cycling, phosphorus cycling and sulfur cycling (Table S1). The relationships 
between functional gene diversity and water depth were evaluated by linear and quadratic models. The better model was selected based on the lower value of 
Akaike’s information criterion.
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random forest model, variation partitioning analysis, and Mantel test.
Firstly, we find functional characteristics exhibited a close relation

ship with a variety of factors, including water depth, bottom tempera
ture, bottom conductivity, bottom pH, total phosphorus in water, grain 
size, loss on ignition, Bac.nmds1, Arc.div, and Arc.nmds1 (Table S2, 
Fig. 4a). For functional and community composition, there were simi
larity in abiotic factors influencing the composition of bacterial and 
archaeal communities, including water depth, bottom temperature, 
surface temperature, surface conductivity, loss on ignition, the first 
principal component for metal ions, water content in sediment and 
porosity, but the abiotic factors influencing the composition of func
tional genes differed and less than them (Fig. S9). Abiotic factors also 
had a stronger effect on the bacterial and archaea community compo
sition, but their impacts on functional genes were relatively weaker 
(Fig. S9).

Secondly, abiotic factors including water depth, temperature, and a 
range of biotic factors were the most effective in elucidating the changes 
in the relative abundance of functional genes within the deep lake 
(Fig. 4c). For example, functional genes associated with nitrogen cycling 
were mainly affected by metal ions concentration, total phosphorus in 
sediment, porosity and water content in sediment. Genes related to 
carbon fixation which are mainly responsible for converting CO2 into 
organic compounds, were predominantly driven by metal ions concen
tration and pH. Meanwhile, the functional genes involved in the carbon 
degradation were mainly influenced by water content in sediment and 
metal ions concentration (Fig. 4b-c). Six subgroups of functional genes 
were influenced by different abiotic factors. For example, nitrogen 
cycling genes are primarily affected by environmental factors such as 

total phosphorus in sediment and water content in sediment, while 
carbon cycling genes, including carbon degradation and fixation, are 
significantly affected by bicarbonate and metal ions. Moreover, the 
explained variation of the nitrogen cycling genes in the random forest 
model was substantially greater than the other five categories (Fig. 4b).

The random forest model reveals that water depth had highest 
contribution of 21.50 % for diversity and 21.52 % for composition of 
functional genes (Fig. 5a-b, S6 and S7). The bacterial community 
composition also proved to be significant in predicting diversity pattern 
with 16.52 % and composition pattern with 20.53 % (Fig. 5a, b). In 
addition, other environmental variables, such as loss on ignition, total 
phosphorus in water, and bicarbonate also played an important role in 
predicting the functional characteristics with 16.23 % and 11.95 %, 
11.18 % and 9.92 %, 7.23 % and 5.46 %, respectively (Fig. 5, S6 and S7). 
Regarding functional composition, the biotic factors and water depth 
were identified as key driving factors for all functional gene composi
tion, followed by other environmental factors (Fig. S4). For example, the 
total phosphorus in water significantly contributed to the composition of 
nitrogen cycling and phosphorus cycling gene (Fig. S4). Additionally, we 
partitioned the variations in functional characteristics into three cate
gories: water depth, biotic factors and other environmental factors 
(Fig. 5c, d). This model explained 74.2 % of the variance in functional 
gene Shannon diversity and 72.3 % in their composition. Consistent with 
above random forest model results, biotic factors had a more pro
nounced impact on functional genes than water depth and other envi
ronmental factors. For functional genes Shannon diversity, biotic factors 
explained 28.5 % of variation, while water depth and environmental 
factors only explained 4.2 % and 3.8 % of the variance, respectively 

Fig. 2. Relationships between functional gene composition and water depth. The upper panels (a-g) show the relationships between water depth changes and Bray- 
Curtis dissimilarity of total functional genes (a) and six subgroups (b-g). The distance decay relationships were evaluated by a linear regression model. The r value 
from mantel tests was used to examine correlations between Bray-Curtis dissimilarity of functional genes and water depth changes for 9,999 permutations. The lower 
panels (h-n) show non-metric multidimensional scaling (NMDS) plots of total functional genes (h) and six subgroups (i-n). Each point in the lower panels represented 
a sample, which was colored according to water depth, from green (0–10 m) to yellow (10–50 m) and then to red (50–90 m).
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(Fig. 5c). In terms of the functional gene composition, biotic factors 
accounted for 25.2 %, whereas water depth and environmental factors 
contributed to merely 0.7 % and 4.4 % respectively (Fig. 5c-d).

Thirdly, we applied structural equation modeling to statistically 
analyze the hypothesized interaction among water depth, other envi
ronmental and biotic factors (Fig. 6, S13 and S14). To summarize the 
influencing factors of functional gene diversity and composition, we 
incorporated tow metrics (Gene.S and Gene.N) related to genes 
involving carbon, nitrogen, phosphorus, and sulfur cycling in the model 
(Fig. S10). When examining all possible connections among these factors 
in the model, water depth was included in the final best-fitting SEM and 
significantly enhanced the model’s predictive power for indices of 
functional gene diversity and composition (Fig. 6a-d). Our SEM model 
showed two findings. First, water depth exerted different intensity and 
direction of effect on diversity and composition of functional genes. 
After incorporating the water depth variable, the explained variation of 
the SEM models for diversity and composition improved by 5.5 % and 
1.9 %, respectively (Fig. 6a-d) and the improvement for diversity was 
more substantial (Fig. 6a, b). Water depth exerted diverse directional 
influences for diversity and composition. Secondly, water depth 
impacted functional genes through both direct and indirect effects on 
their diversity and composition. The direct effects of water depth on 
diversity and composition were − 0.43 and 0.31. The indirect effects 
mainly occurred through interactions with biotic and abiotic environ
mental factors (Fig. 6c, d). Specifically, the total indirect effects of water 
depth on diversity and composition were 0.98 and 0.87, respectively 
(Fig. 6b, d, Table S7). Other environmental factors had a direct effect of 
0.54 on composition, and strong indirect effects of 0.53 and 0.35 on 
diversity and composition through biotic factors (Fig. 6b, d, Table S7). 

This dual effect of water depth gradient was further statistically sup
ported by variation partitioning analysis and random forest analysis 
(Fig. 5).

4. Discussion

Understanding these patterns is crucial for grasping how microbial 
functional diversity responds to environmental gradients in deep lake. 
Our study provides insights into the water depth distribution of func
tional genes and their drivers in a deep lake, using QMEC quantitative 
technology. We found that: (i) The functional gene diversity showed a 
hump-shaped pattern throughout the water depth, reaching a peak at 
around 50 m in the thermocline region; (ii) Functional gene dissimilarity 
increased with water depth distance showing a distance-decay rela
tionship; (iii) Biotic factors had more important effects on functional 
characteristics than water depth and other environmental factors.

4.1. Patterns of functional gene diversity along water depth

The diversity of overall functional genes was highest at approxi
mately 50 m depth, around the thermocline region (Chang et al., 2022; 
Ren and Wang, 2022), being consistently with the subgroups including 
methane metabolism, nitrogen cycling, and sulfur cycling genes. This 
suggests that microbial processes related to these functional genes were 
most diverse and active in the thermocline. The thermocline as a 
distinctive layer in a body of water, is characterized by a rapid tem
perature decline along the water depth, effectively separating the mixed 
or surface layer from the colder bottom or deeper layers of water 
(Mazumder et al., 1990). This unique environment within the 

Fig. 3. The relationships between functional gene composition and archaeal and bacterial community composition. The upper panels (a-b) show the relationships 
between bacterial Bray-Curtis dissimilarity and the Bray-Curtis dissimilarity of total functional genes (a) and six subgroups (b). The lower panels (c-d) show the 
relationships between archaeal Bray-Curtis dissimilarity and the Bray-Curtis dissimilarity of total functional genes (c) and six subgroups (d). Regression of linear 
relationship based on a linear model was shown with a solid line. Mantel tests were used to examine correlations between differences in functional gene composition 
and differences in community composition for 9,999 permutations. The r values of Mantel statistics are shown, with all P values being less than 0.001. The colors of 
regression line represented different categories of functional gene. The details of the relationships between bacterial or archaeal Bray-Curtis dissimilarity and the 
Bray-Curtis dissimilarity of six subgroups are shown in Figure S2 and Figure S3.
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thermocline offers optimal conditions for the presence and activity of 
functional genes (Cantin et al., 2011). For example, the oxygen variation 
is highly dynamic, and the gradients of temperature and redox are 
significantly steep in the region of thermocline of Lugu Lake (Chang 
et al., 2022). These factors could affect microbial composition and 
functional gene activity, which is consistent with other studies, such as 
in the tropical freshwater Lake Tanganyika, where depth-dependent 
factors including oxygen and nutrients influence microorganisms 
involved in biogeochemical cycling (Tran et al., 2021). Additionally, the 
thermocline usually acts as a barrier to nutrient flow and temperature in 
aquatic ecosystems (Kurt, 2019), creating distinct niche and resource 
pools for various microorganisms (Humayoun et al., 2003; Xing et al., 
2019). The special niche promotes lots of microbial activities to occur in 
this region. For example, the bacterial biomass similarly exhibits a 
hump-shaped distribution as the water depth increases in Lugu Lake, 

peaking within the thermocline region (Zhao et al., 2019). The ther
mocline layer of marine shows the peak of the microbes such as the 
abundance of heterotrophic bacteria in the eastern tropical North Pa
cific, based on flow cytometry measurements and 16S rRNA analysis 
(Ma et al., 2009). Therefore, we infer that the increasing diversity of 
functional genes around the thermocline was associated with the size of 
the microbial species pool structured by dynamic environmental change 
(Lapteva and Sokolova, 2019; Pajares et al., 2017), which was also 
verified in the subsequent random forest analysis (Fig. 5).

4.2. Water depth pattern of functional gene composition

The composition of overall functional gene and six subgroups 
demonstrated a significant distance-decay relationship with water 
depth. This means that there was a significant increase in the 

Fig. 4. Abiotic and biotic factors underlying the functional gene abundance, diversity and composition. (a) The correlations between abiotic and biotic factors with 
functional characteristics. Abiotic and biotic factors evaluated in this analysis are provided in Table S2. (b) The impact of abiotic and biotic factors on the abundance 
of functional gene subgroups at the level of subgroups of functional genes. (c) The impact of abiotic and biotic factors on the abundance of functional gene at the level 
of individual functional genes. The strength of Spearman correlation is shown with the change in color, and the significance is indicated by Asterisks. The color 
gradient on the right represents the spearman rank correlation coefficient, with higher positive values (dark blue) indicating stronger positive correlation, and higher 
negative values (dark red) indicating stronger negative correlation. ***P<0.001, **P<0.01, *P<0.05. The importance of abiotic and biotic factors in explaining 
individual functional gene changes through random forest analysis was represented by circles of different sizes.

Fig. 5. Relative contribution of environmental variables to functional gene Shannon diversity and composition. Random forest analysis identified and quantified 
significant predictors of Shannon diversity (a) and composition (b) of total functional genes. The first axis of NMDS was used to represent functional gene 
composition. We selected the explanatory variables with a relative contribution rate > 5 %. Details of variable abbreviations are provided in Table S2. The relative 
impact of explanatory variables on Shannon diversity (c) and composition (d) of functional genes was determined by variant partitioning analysis (VPA). We 
classified the explanatory variables into water depth (red circles), biotic factors (green circles), and other environmental factors besides water depth (purple circles) 
(see Table S2 for details on these three attributes). The numbers in the circles represent the variance explained by the variables.
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dissimilarity of functional gene composition as the water depth change. 
This aligns with the general ecological principle that microbial com
munity often exhibits distance-decay relationships across spatial or 
environmental distance (Morlon et al., 2008; Nekola and White, 2004; 
Soininen et al., 2007). The observed distance-decay relationship in 
functional gene composition could be a result of the varying environ
mental conditions with water depth change (Raposeiro et al., 2018). Our 
study shows that a variety of environmental factors such as temperature, 
dissolved oxygen, and nutrient concentration exhibited similar change 
along depth gradients consistently with previous study in Lake Lugu 
(Chang et al., 2022).

Besides, water depth change had distinct effect on initial dissimi
larity and turnover rate of functional gene composition across different 
functional subgroups. Regarding initial dissimilarity, phosphorus 
cycling genes had the highest value among six subgroups. This suggests 
that phosphorus cycling genes could respond intensively to environ
mental change along a narrow range of water depth within the lake 
surface (Li et al., 2023; Zhang et al., 2023). In contrast, sulfur cycling 
genes had the lowest initial dissimilarity. Additionally, nitrogen cycling 

genes exhibited the highest turnover rates in response to changes in 
water depth. This pronounced variation in nitrogen cycling genes across 
different water depths suggests that they were sensitive to water depth 
and other environmental factors that influence the nitrogen cycling 
process. This was in line with the results of a recent research of tem
perature and oxygen stratification shape the distribution of functional 
nitrogen genes in Lake Alchichica (Pajares et al., 2017). This implies that 
microbial communities related to nitrogen cycling dynamically adapt to 
changes in water depth (Zehr and Ward, 2002), further highlighting the 
crucial role of water depth in determining the ecological functions 
within aquatic ecosystems.

4.3. The congruence between functional and taxonomic composition

There was clear gene-taxon congruence between their composition. 
The clear pattern suggests that high beta diversity of microbial com
munities had a pivotal role in sustaining multiple functions, indicating 
there was no universal combination of species capable of simultaneously 
supporting all functions in the Lugu Lake (Mori et al., 2018).

Fig. 6. Structural equation model of functional gene diversity and composition. Shannon diversity and composition of functional genes were represented by Gene.S 
and Gene.N respectively. Water depth, other environmental factors, bacterial biotic factors and archaeal biotic factors had direct and indirect effects on Gene.S (b) 
and Gene.N (d). The best-fitting model accounted for the effect of the predictor variables on Gene.S (a, b) or Gene.N (c, d) by excluding (a, c) or including (b, d) water 
depth variables. Blue and red arrows indicate positive and negative effects, respectively. Arrow widths and accompanying numbers are the relative effects of the 
modelled relationship (that is, standardized path coefficients). R2 represents the proportion of variance explained by the variable. Please refer to Table S5 for more 
details on model fitting.
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Functional genes had similar gene-taxon congruence across bacterial 
and archaeal kingdoms. This might imply that functional genes of 
different microbial kingdoms, although evolutionarily distinct, shared 
common ecological and environmental drivers and exhibited same 
functional gene composition patterns (Koonin and Wolf, 2008; Wessén 
et al., 2011). The similar congruence across kingdoms probably stem
med from that several coexisting microorganisms, despite taxonomically 
distinct, can encode the same metabolic functions (Louca et al., 2018). 
Although the identities of bacteria and archaea encoding each function 
have changed significantly across time, space and evolution process, 
their functions have been minimally affected (Louca et al., 2016b). This 
evolutionary link promoted functional composition consistency between 
the two kingdoms (Allers and Mevarech, 2005).

The six subgroups also exhibited significantly gene-taxon congru
ence. Notably, this congruence was most pronounced between nitrogen 
cycling genes and microbial community, which suggests that nitrogen 
metabolism might be the most critical ecological function in Lugu Lake. 
This was verified by the roles of Nitrospira and Nitrosarchaeum, the key 
species executing ammonia oxidation in the nitrogen cycling, possess a 
notable abundance advantage over other species in the microbial com
munity of Lugu Lake (Figs. S11 and S12). Their abundance follows a 
hump-shaped pattern along water depth, peaking near the thermocline 
(Ren and Wang, 2022; Winter et al., 2009). Their dominance in Lugu 
Lake caused nitrogen cycling genes to exhibit highest turnover rate in 
microbial community composition, highlighting the critical role of ni
trogen cycling in this lake. In contrast, the congruence for sulfur cycling 
genes was the lowest. This might be attributed to the lower abundance of 
sulfur-cycling microorganisms in the ecosystem. Our results showed that 
the top ten most abundant bacterial and archaeal genus were not 
involved in sulfur cycling metabolism (Fig. S11). Microbes related to 
sulfur cycling such as sulfate reduction are less dominant or stable in 
Lugu Lake, leading to lower congruence between sulfur cycling genes 
and the broader taxonomic composition of the microbial community.

4.4. Biotic and abiotic factors driving functional genes diversity and 
composition along water depth

The effect of water depth combined with other environmental and 
biotic factors was stronger than its pure effect on functional character
istics in Lugu Lake. Water depth, as a multifaceted proxy variable, rep
resents a range of environmental gradients changes like temperature, 
light, and nutrient levels (Boehrer and Schultze, 2008; Humayoun et al., 
2003; Nevalainen, 2012). It directly and indirectly affected microbial 
communities and functional genes across lake ecosystem. For example, 
water depth explains a considerable portion of the variation in bacterial 
communities in Lugu Lake and ecosystem functioning involving the 
cycling of carbon, nitrogen, phosphorus and sulfur in Issyk Kul Lake and 
Semiarid Lake (Rojas-Jimenez et al., 2021; Zhang et al., 2021; Zhao 
et al., 2019). Other environmental factors also exerted a strong impact 
on the diversity of microbial functional genes. This impact likely arose 
because microbial communities underwent environmental filtering, 
where their composition and diversity were filtered and selected by 
specific environmental conditions (Song et al., 2019). Only those well 
adapted species could survive and thrive, leading to the aggregation of 
species with similar functional characteristics (Louca et al., 2016a).

Additionally, other environmental factors impacted microbial com
munities and functional genes differently (Fig. S9). Functional gene di
versity and composition showed relatively stable and a lower 
susceptibility than microbial community to environmental change. This 
functional stability might be supported by the hypothesis, functionally 
redundant presents in microorganisms that executes the carbon, nitro
gen, phosphorus, and sulfur cycling (Wagg et al., 2019). Moreover, these 
functional cycling genes, which are involved in the basic survival and 
metabolic processes, tended to respond relatively slowly to environ
mental changes compared to microbial community. Particularly, there 
was a strong correlation between the nitrogen cycling genes and 

environmental factors indicating that the nitrogen cycling gene shows a 
considerable response to these factors (Yang et al., 2014). This suggests 
that environmental changes significantly influenced the nitrogen cycling 
gene more than others. This might be due to the concentration and form 
of nitrogen in the water environment are affected by many factors, such 
as inflow materials, biological processes, temperature, pH, and dissolved 
oxygen levels (Penn et al., 2019). Therefore, the genes controlling the 
nitrogen cycling rapidly responded to change in environmental factors 
to effectively regulate nitrogen conversion and utilization (Nelson et al., 
2016; Sun et al., 2021).

The six subgroups of functional gene had distinct relationships with 
environmental factors, indicating that functional genes had specific 
environmental preferences. For example, nitrogen cycling genes 
preferred to low temperature, conductivity and deeper depth, however, 
sulfur cycling genes tended to high temperature, conductivity and 
shallower depth. The preferences of genes to specific environment may 
stemmed from the environmental preferences of the corresponding 
species. Moreover, environmental factors affecting all functional genes 
were also closely related to individual functional genes. Interestingly, 
we discovered the functional genes of the same metabolic pathway 
tended to be driven by the same environmental factors. The individual 
genes involved in carbon degradation, carbon fixation, phosphorus 
cycling and sulfur cycling were considerably impacted by similar envi
ronmental factors. The similar drivers implies that there was a certain 
synergy among them (Anantharaman et al., 2016; Song et al., 2022). 
And these cycling processes were interrelated and coordinated (Raes and 
Bork, 2008).

Biotic factors had a greater impact than environmental factors on 
functional characteristics. Among biotic factors, both the size of the 
species pool and changes in microbial composition affected the diversity 
and composition of functional genes. This highlighted the intricate link 
between species interactions and the diversity of functional genes 
(Escalas et al., 2019). Our SEM results provides further evidence that 
three variables including water depth, environmental and biotic factors 
jointly explained the diversity and composition of functional genes. 
Among these biotic factors, the bacterial community composition was 
the most pivotal driver for the diversity and composition of each type of 
functional gene. Interestingly, bacteria potentially had a more influen
tial role in shaping the genetic composition of these biogeochemical 
cycles in deep lakes. The dominance of bacteria in explaining functional 
characteristics might be because (i) Bacteria has higher relative abun
dance and species diversity than archaea in many aquatic ecosystems 
(Chen et al., 2017; Flemming and Wuertz, 2019), which makes them 
occupy a more important position in biological community structure 
and ecological function (Locey and Lennon, 2016; Louca et al., 2016b); 
(ii) Bacteria maintains a wide array of metabolic, genetic, and physio
logical capabilities, allowing for metabolic diversification across various 
niches, which allows bacteria to dominate archaea in most aquatic en
vironments (Chen et al., 2017; Valentine, 2007); (iii) Bacteria exhibits 
faster growth rates and shorter generation times than archaea, which 
enables bacteria to quickly respond to environmental changes and 
expand in ecosystem (Wani et al., 2022); (iv) As a deep lake, Lugu Lake 
displays obvious seasonal temperature and nutrient stratification (Zhao 
et al., 2023), leading to considerable differences in the energy sources 
available to microbial communities across different water layers (Chang 
et al., 2022). This created an environment of discontinuous stress in 
Lugu Lake, challenging the resident microbial communities. Therefore, 
bacteria demonstrates a remarkable capacity to promptly respond to 
energy availability fluctuations and efficiently utilizes resources as they 
become accessible in such environments marked by discontinuous en
ergy stress (Valentine, 2007). These capacities enabled bacteria become 
more dominant under the condition of insufficient supply of cellular 
energy in deep lakes.
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5. Conclusions

Our study revealed the distribution patterns of functional genes in 
response to water depth gradients in deep lake. Actually, we examined 
the relationships between the abundance of functional genes and the 
natural water depth gradients for the first time and had numerous 
findings. For instance, we observed a clear hump-shaped pattern in the 
diversity of functional genes across water depth, with a peak in the 
thermocline region. Functional gene composition was well separated by 
water depth, and showed a significant distance-decay relationship along 
the gradient. Our findings also highlighted that the different functional 
gene subgroups had specific environmental preferences. Water depth 
emerged as the primary driver of both the diversity and composition of 
functional genes. Additionally, water depth indirectly influenced func
tional genes through environmental factors like temperature, conduc
tivity, and metal ions. Moreover, biotic factors such as the species pool 
size and composition of bacterial and archaeal communities had a more 
substantial impact on functional gene diversity and composition than 
abiotic factors. This study enhanced our understanding of functional 
dynamics in microbial communities, offering a broader perspective on 
the ecological processes within aquatic ecosystems. The findings had 
implications for studying functional gene coupling and microbial in
teractions within aquatic systems, providing a foundation for future 
research on microbial functional dynamics. In addition, the insights are 
valuable for predicting how microbial communities might respond to 
environmental changes and for effectively managing aquatic ecosys
tems. Future research could aim to validate these results across multiple 
lakes and diverse aquatic systems to establish broader applicability.
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