
Abstract:MicrobesplayacrucialroleinEarth’sbiogeochemicalcycles,yetlinkingmicrobial
KEGG orthologs to carbon xation remains challenging due to fragmented datasets and
limitations in functional annotation. This study analyzed microbial DNA fragments from
Siders Pond in Falmouth, Massachusetts, a salt-stratiedmeromictic lake. Microbial DNA
fragments recovered through metagenomic sequencing of environmental samples were
linked to microbial activity to carbon cycling using the DNA-stable isotope probing (DNA-
SIP) methods and the important features selected using the LASSO regression statistical
model. Environmental sampleswere incubatedwith Cor C labeled dissolved inorganic
carbon to track microbial carbon incorporation, followed by metagenomic sequencing.
Contigs were annotated using both the Protein Families Database (PFAM) and the KEGG
Orthology (KO) database, with a bit score threshold of >0, and were linked to excess
atom fraction (EAF) values representing microbial carbon assimilation. While both
annotation sources were utilized, a greater number of KEGG (Kyoto Encyclopedia of Genes
and Genomes) orthologs were identied in this specic dataset, guiding the focus of the
analysis. LASSO regression identied key KEGG orthologs potentially involved in carbon
cycling. The approach resulted in identifying acyl-CoA synthetase (K004), BamB –
Outer membrane assembly (K77), glucose-fructose oxidoreductase (K008), and S
rRNA pseudouridine604 synthase (K068), as key features associated with microbial
metabolic processes potentially inuencing carbon cycling. Additionally, a domain within
hydrazine synthase plays a role in anaerobic ammonium oxidation (PF858), linking the
nitrogen and carbon cycles by converting ammonium and nitric oxide into hydrazine. This
suggests a potential role for hydrazine synthesis in microbial carbon metabolism under
anoxic conditions. It contributes to a better understanding of microbial roles in carbon
cycling and explores new ways of using statistical models to study environmental systems.
The ndings could help expand knowledge on how microbes inuence global carbon
cycles. They highlight the potential to uncover novel carbon-xing pathways, which are
crucial for climate and sustainability research.
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Introduction

Microbes, tiny organisms found
everywhere on Earth, play a vital role
in maintaining a healthy environment.
One of their key contributions is carbon
cycling, the process of recycling carbon
between the air, soil, and water [], which
supports life on Earth. These organisms
can inuence Earth’s climate by storing
carbon in the ground and interacting with
carbon in the atmosphere, inuencing
plant growth and climate balance [].

However, while microbial roles
in carbon cycling are well-established,
our ability to predict which microbes
are actively xing carbon remains
limited. In the past few decades, new
technologies such as DNA sequencing
and metagenomics have been widely
used to understand the inner universe of
these tiny creatures. Traditional genome-
based approaches rely on the recovery
and assembly of metagenome-assembled
genomes (MAGs) and their microbial
metabolism inferred using diverse
biological databases able to classify and
predict their ecological function and
biological meaning. Meanwhile, as the
diversity and functions of microbial genes
and proteins are vast, existing databases
often lack the information needed to

fully characterize them, leaving many
orthologs annotated as unknown or
misclassied.

To improve biological
classications, new computational
methods are being developed to facilitate
the identication and classication of
DNA sequences that were not totally
recognized in the previous databases.
The present study focuses on using an
advanced statistical method to link KEGG
orthologs associated with microbial
metabolism to potential carbon cycling
activity. Samples were collected from
Siders Pond, a salt-stratied meromictic
lake in Massachusetts, where unique
microbial communities are capable of
xing carbon in the absence of sunlight.
A key challenge in this research is that
existing annotation databases, including
PFAM and KEGG, sometimes lack the
resolution to accurately classify microbial
functions, leading to potential mis
annotations. To overcome this limitation,
this study integrates DNA-SIP with
metagenomic sequencing, enabling
the identication of microbial KEGG
orthologs potentially involved in carbon
xation activity. This represents the rst
recorded instance of metagenomic-SIP
being applied in a freshwater system,
demonstrating its potential to validate
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functional predictions beyond database
annotations.

Water samples were collected,
ltered to isolate bacterial cells, and
incubated using 13C (label) or C
(control) to track carbon incorporation
over time. The excess atom fraction
(EAF) analysis was applied to measure
the incorporation of isotopically
labeled carbon (13C) into microbial
genomes, allowing the identication
of key microbial players in carbon
xation. By using this method, we were
able to identify organisms performing
chemosynthesis—carbon xation without
sunlight— through the incorporation of
13C revealing their ability to perform
carbon xation in a light-limited
environment. By calculating EAF values
for each DNA sequence (contig) obtained
from metagenomic sequencing, the
objective was to associate these values
with specic contigs to infer the potential
metabolic functions represented by
KEGG orthologs, which may be linked to

microbial carbon cycling.
To analyze this data, this study

employs LASSO (Least Absolute
Shrinkage and Selection Operator)
regression, a statistical technique that
identies the most relevant KEGG
orthologs from high-dimensional
metagenomic data. LASSO was chosen
because it eectively reduces large,
complex datasets by selecting the most
relevant features while minimizing noise.
Previous studies have applied machine
learning to metagenomic data [4], but few
have directly linked EAF-based functional
analysis to predictive models of carbon
cycling.

By integrating metagenomics,
EAF calculations, and statistical
methods, this research aims to improve
our understanding of microbial roles
in carbon xation and identifying of
novel carbon-xing pathways. Existing
databases have limited ability to detect
new pathways. To address this issue, this
study seeks to ll that gap by uncovering

Figure . Water samples were collected from Siders Pond, a meromictic lake in Massachusetts. DNA-SIP was used

to track microbial carbon xation activity by incorporating either 1³C-labeled or 12C-control dissolved inorganic

carbon (DIC). DNA was sequenced, assembled into contigs, and analyzed for density shifts (EAF) to identify

carbon xation. The dataset containing EAF values and features was analyzed using LASSO regression in R

programming language for statistical computing.
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previously unannotated KEGG orthologs
linked to carbon cycling.

Materials and Methods:

Sample Collection and DNA
Processing

Environmental water samples were
collected from Siders Pond, a meromictic
lake in Massachusetts, where microbial
communities engage in light-independent
carbon xation. Water samples were
ltered to isolate bacterial cells,
followed by a 7-day incubation to track
carbon incorporation over time. After
incubation, microbial DNA was extracted
and sequenced, generating raw reads
that were assembled into contigs, which
are DNA fragments containing genomic
information about microbial activity.
The DNA assembly process moves from
readings to contigs, scaolds, and full
genomes [7].

To ensure data quality, sequencing
data underwent preprocessing, including
the removal of low-quality sequences to
minimize errors. Contigs were annotated
using the Protein Families (PFAM)
database to identify protein domains,
and sparsity in the dataset was addressed
by replacing missing annotations
with zeros [5]. KEGG Ortholog (KO)
annotations were also included in the
dataset and used to interpret microbial
metabolic functions. Although the study
initially aimed to focus on protein-
level annotations, the nal analysis
emphasized KEGG orthologs due to their
higher representation in this dataset,
allowing for functional interpretation
across gene, protein, and pathway levels.

Dataset Selection and Feature
Processing:

This study exclusively utilized the
5-kilobase (kb) contig dataset, as it was
the primary dataset analyzed within the
scope and timeline of the project. With its

focus being on microbial sequences with
annotated KEGG orthologs and functional
domains associated with carbon cycling.
To rene the dataset, features were
ltered using a bit score threshold of ≥3,
ensuring high-condence annotations.
Features with scores below this threshold
were excluded to ensure high-condence
annotation [6,7]. Additionally, Excess
Atom Fraction (EAF) analysis was
incorporated to identify chemosynthetic
microbial activity by tracking the
incorporation of 13C-labeled carbon into
microbial genomes.

Dataset RMSE

Training 0.06900

Testing 0.077889

Table . Root Mean Squared Error (RMSE) for LASSO

Model. Representation of the RMSE values for the

training and testing datasets, indicating the model’s

predictive performance. Lower RMSE values suggest

that the top 0 selected features, which included nine

KEGG orthologs and one PFAM annotated protein

domain, contribute meaningfully to carbon cycling

predictions. However, further validation is necessary

to conrm their ecological relevance. Visualization

generated using R.

Statistical Approach

To predict microbial contributions
to carbon cycling, LASSO regression
was applied. LASSO was selected for its
ability to perform feature selection in
high-dimensional datasets by identifying
the most relevant KEGG orthologs while
minimizing overtting. The dataset
was split into 80% training and 0%
testing subsets, and cross-validation
was performed to optimize model
performance. The Root Mean Squared
Error (RMSE) was calculated to assess
the accuracy of predictions.
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LASSO regression, ranked based on their
association with excess atom fraction
(EAF) values. The x-axis represents the
coecient values, indicating the relative
contribution of each feature to the
model’s predictions. The selected features
include nine KEGG orthologs and one
PFAM-annotated protein domain.
Features with larger absolute coecients
have a stronger predictive relationship
with microbial carbon cycling activity. In
LASSO regression, features with larger
absolute coecients are more predictive
within the model, as the method applies
a penalty to less relevant variables,
shrinking them to zero while retaining
the most informative ones [8]. In this
study, positive coecients suggest a
potential association with increased
microbial carbon xation, while negative
coecients may indicate an inverse
relationship. However, as LASSO selects
features based on statistical importance
rather than direct biological causation,
further validation is necessary to conrm
functional relevance [8].

The y-axis lists the top 0 microbial
features identied by LASSO regression,
including nine KEGG orthologs and one
PFAM domain (PF858, hydrazine
synthase subunit). These features were
selected based on their association
with excess atom fraction (EAF) values,
indicating potential involvement in
microbial carbon assimilation. While
several of the identied orthologs have
known roles in metabolism, membrane
transport, and signaling, their specic
contributions to carbon xation remain
to be experimentally validated [0]. Their
selection by the model indicates that they
were among the most predictive features
in this dataset, but additional biological
validation is required to determine
whether they directly contribute to
carbon cycling processes.

Discussion

The results of this study

Data Analysis and Flow:

The analytical workow consisted
of several steps. First, raw sequencing
data were ltered, and missing values
were addressed through preprocessing.
Next, a bit score threshold was applied
to the annotated dataset, followed by
LASSO regression to identify signicant
microbial features associated with carbon
cycling. The dataset was then divided
into training and testing sets, and model
performance was evaluated based on
RMSE. The selected features included
KEGG orthologs and one PFAM protein
domain, which were further examined to
explore their potential roles in microbial
carbon xation.

Computational Tools

All analyses were conducted using
R, utilizing the glmnet package for
LASSO regression and tidyverse for data
preprocessing [4].

Data Availability

The dataset analyzed in this study
consists of metagenomic sequencing
data processed to extract contig-based
features.

Results

This study identies a subset
of PFAM features that are potentially
associated with microbial functions
related to carbon cycling using EAF as
a resource to measure the absorption of
C by chemosynthetic microbes. The
LASSO regression model selected these
features based on the EAF measurement.
The ndings reinforce the potential of
contig-based datasets for functional
proling by identifying microbial
metabolic orthologs that may play critical
roles in carbon cycling.

The bar plot (Figure ) presents
the top 0 microbial features selected by
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Figure . Top  Selected Features by LASSO. This gure illustrates the top microbial features identied using

LASSO regression, ranked by coecient magnitude. The features include nine KEGG orthologs and one PFAM

domain, selected for their association with excess atom fraction (EAF) values. Features with larger absolute

coecients were more inuential in the model, though their direct roles in microbial carbon cycling remain to be

validated. Visualization generated using R.
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demonstrate the potential use of LASSO
regression in identifying microbial
features associated with carbon xation.
The RMSE values for the training and
testing datasets (Table ) suggest that
the model performed well, indicating
that the selected KEGG orthologs and
PFAM domain may play important roles
in microbial carbon cycling. Specically,
the model had a training RMSE of 0.06
and a testing RMSE of 0.078, indicating
that it eectively identied key features
while maintaining reliable prediction
accuracy.

Figure  visualizes the top
microbial features identied by
the LASSO model, ranked by their
importance in predicting microbial
contributions to carbon cycling. The
ranking of these features provides insight
into microbial metabolism, particularly
carbon xation, the process by which
microbes capture inorganic carbon and
convert it into organic matter. The LASSO
model identied ten microbial features,
but ve were selected for discussion
based on their prominence in the bar plot
and potential biological relevance. The
approach resulted in identifying ve key
microbial features from the LASSO model
that may inuence carbon cycling. These
included acyl-CoA synthetase (K004),
BamB – outer membrane assembly
(K77), glucose-fructose oxidoreductase
(K008), S rRNA pseudouridine604
synthase (K068), and a hydrazine
synthase alpha subunit domain
(PF858). Acyl-CoA synthetase plays a
central role in fatty acid metabolism by
catalyzing the activation of fatty acids,
a crucial step for their breakdown and
energy production [9]. BamB is involved
in the assembly of outer membrane
proteins, supporting structural integrity
and interaction with the environment
[0]. Glucose-fructose oxidoreductase
facilitates the oxidation of sugars and
may contribute to microbial energy
generation, particularly in uctuating
redox environments []. S rRNA

pseudouridine604 synthase introduces
modications to ribosomal RNA, which
can enhance ribosomal stability and
eciency under environmental stress,
potentially inuencing protein synthesis
in carbon-xing microbes []. The
hydrazine synthase domain (PF858),
found in anammox bacteria, participates
in anaerobic ammonium oxidation. It
catalyzes a two-step reaction: nitric oxide
is rst reduced to hydroxylamine, which
is then condensed with ammonium
to form hydrazine. This process links
nitrogen and carbon cycling in oxygen-
limited environments by supporting
microbial energy conservation through
chemosynthesis []. These microbial
features may play important roles
in metabolism, but their specic
contributions to carbon cycling require
further investigation. Future research
incorporating KEGG Orthology (KO)-
based pathway analysis could help
clarify how these orthologs and domains
function within broader microbial
metabolic networks.

While these ndings provide
valuable insights, some limitations
must be considered. First, this study
analyzed contigs, which are short
fragments of microbial DNA rather than
complete genomes. This means that
some connections between proteins and
metabolic pathways may be incomplete.
While PFAM annotations provide useful
classications of microbial proteins, they
may not fully capture the diversity of
microbial function. This highlights the
need for more comprehensive genome
sequencing and expanded annotation
databases to improve future research.

To further build on these ndings,
future studies should explore alternative
statistical learning models such as
Elastic Net, Principal Component
Regression (PCR), and Ridge Regression.
Additionally, incorporating machine
learning approaches like XGBoost,
Random Forest, and neural networks
could enhance predictive accuracy and
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rene feature selection by capturing
complex relationships within the data.
Furthermore, expanding the data
set to include samples from various
environmental conditions would help
validate the generalizability of these
results.

Conclusion

This study demonstrated that
statistical methods could help predict
microbial contributions to carbon cycling,
even when working with incomplete
genetic data. By combining protein family
annotations from PFAM with LASSO
regression, this research identied
microbial proteins that may play an
important role in carbon xation and
nutrient cycling.

Among the most signicant
features selected by the model were acyl-
CoA synthetase (K004), BamB – outer
membrane assembly (K77), glucose-
fructose oxidoreductase (K008), S
rRNA pseudouridine604 synthase
(K068), and the hydrazine synthase
alpha subunit middle domain (PF858).
These microbial features are linked
to a variety of metabolic processes,
including fatty acid activation, membrane
protein assembly, sugar oxidation, RNA
modication, and anaerobic ammonium
oxidation. Their selection suggests
that microbial contributions to carbon
cycling likely involve diverse biochemical
pathways. However, the exact roles of
these KEGG orthologs and the PFAM-
annotated protein domain in carbon
xation remain uncertain, and further
research is needed to conrm their
biological signicance. However, the
specic contributions of these KEGG
orthologs and protein domains to carbon
xation remain to be validated through
experimental studies.

Although both KEGG Orthology
(KO) terms and PFAM annotations
were included in the dataset, most
features selected by LASSO regression

in this specic analysis were associated
with KEGG orthologs. As a result, the
analysis primarily focused on KO-
based annotations to explore microbial
metabolic contributions, while PFAM
domain information was incorporated
where available.

Beyond the scope of this study,
understanding microbial roles in carbon
cycling has important environmental
implications. Microbial communities
inuence carbon sequestration, the
process of capturing and storing carbon
to reduce atmospheric CO₂. Rening
statistical models to improve predictions
of microbial contributions to carbon
cycling could provide valuable insights for
environmental management and climate
change mitigation.

Further research should expand
the dataset to include additional
environmental samples, improve genome
assembly techniques, and explore
additional statistical and computational
approaches to rene predictive accuracy.
Incorporating more functional annotation
tools, including KO pathway analysis,
may also provide a deeper understanding
of microbial metabolism beyond carbon
cycling.

This study highlights the
potential of integrating metagenomics,
statistical modeling, and ortholog-based
annotation databases to study complex
biological systems, particularly microbial
contributions to carbon cycling. As
computational methods continue to
advance, approaches like metagenomic-
SIP combined with feature selection
models such as LASSO will be essential
for identifying novel microbial pathways
involved in processes like carbon xation,
nitrogen cycling, and other ecosystem-
level biogeochemical functions that
inuence climate and environmental
health.
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