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Abstract

Metabolomics data analysis is a multifaceted process often constrained by limited data sharing and a lack of transpar-
ency, which hinders reproducibility of results. While existing bioinformatics tools address some of these challenges,
achieving greater simplicity and operational clarity remains essential for fully leveraging the potential of metabo-
lomics. Here, we introduce TraceMetrix, a web-based platform designed for interactive traceability in metabolomics
data analysis. TraceMetrix provides a flexible management system for both raw and derived data, enabling compre-
hensive tracking of file origins and destinations throughout the whole analysis pipeline. The platform documents

the software and parameters used across four key modules, from raw data preprocessing, data cleaning, statistical
analysis to functional analysis, enabling users to easily track critical factors influencing result accuracy. By mapping
upstream and downstream relationships for nearly 19 analytical functions, TraceMetrix ensures end-to-end trace-
ability, viewable interactively online or exportable as detailed reports. To address the limitations of single-machine
environments in processing large-scale datasets, TraceMetrix is deployed on a high-performance computing cluster
for efficient batch processing. Using a non-targeted metabolomics dataset, we demonstrated its traceability function
to optimize parameter selection, successfully reproducing the analysis process and validating the original study’s find-
ings. TraceMetrix integrates traceability across data, software, and processes, significantly enhancing reproducibility

in metabolomics research. The platform supports diverse applications and is freely available at https://www.biosino.
org/tracemetrix.

Scientific contribution

TraceMetrix introduces a novel web-based platform for metabolomics data analysis, offering interactive traceability

that ensures comprehensive tracking of the entire analysis process. Unlike existing tools, TraceMetrix enables trace-

ability of data files, processes (analysis methods), and parameters through efficient data management, significantly

enhancing transparency and reproducibility. Additionally, by deploying on high-performance computing clusters, it
addresses the challenges of large-scale metabolomics data analysis.
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Introduction

Metabolomics, the systematic study of small-molecule
metabolites within biological systems, has become an
essential approach in modern life sciences, offering valu-
able insights into cellular metabolism and physiological
states. Its applications span diverse fields, ranging from
unraveling disease mechanisms and advancing clinical
diagnostics [1-3] to revolutionizing plant science and
agricultural research [4] and food science investigations
[5]. However, as metabolomics technologies advance,
ensuring the reproducibility of results has emerged as
a critical challenge. This issue is particularly evident in
mass spectrometry-based techniques, such as liquid
chromatography-mass spectrometry (LC-MS), which
has gained widespread use due to its high sensitivity,
broad coverage of metabolites, and relatively straightfor-
ward operational procedures. Despite its advantages, the
increasing scale and complexity of LC-MS data create
significant barriers to ensuring reproducibility, as minor
variations in analysis parameters at each step can signifi-
cantly impact the results.

Over the years, the metabolomics community has
developed a variety of computational tools to address
these challenges. These tools can be broadly catego-
rized into functional groups such as: (1) feature extrac-
tion tools, including XCMS [6], MZmine [7], MS-DIAL
[8], and MAVEN [9]; (2) feature annotation tools such
as MS-FINDER [10], MetDNA [11] and SIRIUS [12];
(3) data cleaning tools represented by MetFlow [13] and
MetaboDiff [14]; (4) statistical analysis tools includ-
ing R packages muma [15] and ropls [16], (5) functional
interpretation tools like FILLA [17] and MetPA [18].
Additionally, integrated platforms such as MetaboAna-
lyst [19], and XCMS Online [20] aim to streamline the
entire metabolomics data analysis workflow. While these
tools offer significant functionality, limited interoperabil-
ity between them and the challenges surrounding data
standardization remain substantial hurdles. These issues
can hinder data integration, reduce workflow efficiency,
and ultimately compromise the reproducibility of results.

Reproducibility, a cornerstone of scientific research, is
particularly difficult in metabolomics [21]. Nuclear mag-
netic resonance (NMR) is highly regarded for its excellent
intrinsic reproducibility [22], while LC-MS techniques
are comparatively limited in this regard. These limitations
primarily stem from the poor intrinsic reproducibility of
chromatography and platform-dependent inter-batch
variations, making cross-laboratory data comparisons
extremely challenging. Additionally, metabolomics data-
sets often involve large cohorts, generating complex
spectra from thousands of metabolites. This massive
scale makes single-machine processing unfeasible, and
further complicating reproducibility efforts [23]. Some
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LC-MS data analysis tools,such as TidyMass [24] and
asari [25], have been developed to improve traceability
by documenting processing steps and allowing for easier
verification of results. However, these solutions typically
require programming expertise, limiting their accessibil-
ity to many researchers. Moreover, the lack of standard-
ized documentation and poor record-keeping practices
have contributed to what has been termed a "reproduc-
ibility crisis" in the field.

To address these issues, we present TraceMetrix, a
web-based platform designed to enhance traceability
and reproducibility in LC—MS based untargeted metab-
olomics data analysis. TraceMetrix provides an intui-
tive, flexible management system for organizing raw and
processed data, analysis workflows, and the parameters
used across four key modules, which span 19 distinct
analysis functions. The platform incorporates a novel
three-pronged approach to traceability—file traceability,
software traceability, and process traceability—which
allows real-time, interactive tracking of all analysis steps.
This comprehensive traceability ensures that every deci-
sion made during the analysis is well-documented,
allowing for full reproducibility of results. Additionally,
TraceMetrix is deployed on a high-performance comput-
ing infrastructure, enabling efficient processing of large
datasets through its one-click batch analysis capabili-
ties. By integrating these features into a unified platform,
TraceMetrix aims to provide an accessible, user-friendly,
traceable, reproducible, and efficient solution to support
the growing needs of metabolomics research and acceler-
ate discovery in the field.

Implementation

Data analysis pipeline

The workflow of TraceMetrix (Fig. 1) begins with raw
data preprocessing (Fig. 1A) where mass spectrometry
(MS) raw data from various vendors are automatically
converted into standardized formats utilizing Prote-
oWizard’s MSConvert [26] and ThermoRawFileParser
[27]. Currently, we support four vendor formats (.d,.raw,.
wiff, and.wiff2) for conversion to open formats (.mzML
and.mzXML).The standardized data then undergoes
peak detection, peak alignment, and peak grouping via
XCMS, enabling the identification of key features. Com-
prehensive metabolite annotation follows, using multi-
ple metabolite databases, including those providing only
accurate mass information (e.g., Blood Exposome [28],
KEGG [29], T3DB [30], DrugBank [31]) as well as those
providing both accurate mass and MS/MS spectral infor-
mation (HMDB [32], MassBank [33], and MoNA [33]).
TraceMetrix adheres to the Metabolomics Standards Ini-
tiative (MSI) guidelines [34], implementing both adduct
annotation and database searches through accurate mass
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Fig. 1 Analysis workflow of TraceMetrix. A Raw data processing is used for peak extraction and metabolite annotation from LC-MS raw data. When
converting raw data to mzML format, centroiding is performed by default. MS1(level 3) refers to metabolite identification using only the feature’s
accurate mass matched with public databases, while MS2 (level 2) involves combining accurate mass with MS/MS spectral information

for identification. B Different data cleaning methods are employed for quality control of metabolomics data. C Statistical analyses are used

to screen for differential metabolites. D Functional analysis is used for the integrated analysis of metabolomics data with other data, such as clinical

information, to explore biological significance

measurement and tandem mass spectrometry spectral
matching.

Following preprocessing, data cleaning (Fig. 1B) is per-
formed to address variability and enhance the reliability
of subsequent analyses. This step includes background

removal, missing value processing, data normalization,
filtered by the relative standard deviation (RSD), data
integration and outlier removal. Notably, each process-
ing step provides extensive visualizations to display data
results, enabling users to interactively assess data quality
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through interactive figures. During "Missing Value Pro-
cessing", users can first set various parameters within the
same results interface. They can then compare how dif-
ferent imputation methods impact subsequent statisti-
cal analyses, with the effects immediately shown through
updated visualizations. Additionally, in the "Outlier
Removal" step, users can identify anomalous points
through interactive figures. By referring to the actual
context of the samples, they can assess whether these
are true outliers and make real-time decisions to either
exclude or retain the corresponding data points.

The statistical analysis module (Fig. 1C) aims to iden-
tify potentially differential metabolites through both uni-
variate analysis (including two-sample and multi-sample
comparisons) and multivariate analysis (including PCA,
PLS-DA, and OPLS-DA). For univariate analysis, p-val-
ues are further adjusted using both False Discovery Rate
(FDR) and Bonferroni correction methods. These analy-
ses provide insights into the variability and significance
of metabolic differences across conditions.
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Finally, functional analysis (Fig. 1D) supports biologi-
cal interpretation by integrating metabolomics data with
other data, such as clinical or phenotypic information.
This module includes correlation analysis, regression
analysis, survival analysis, and pathway enrichment anal-
ysis, enabling researchers to uncover the biological signif-
icance of their findings and connect metabolite changes
to broader biological processes.

Data management

To support the iterative and data-intensive nature of
metabolomics research, TraceMetrix offers a compre-
hensive data management system that allows researchers
to efficiently organize, trace, and document both experi-
mental and derived data (Fig. 2). The system is structured
hierarchically into four levels: project, experiment, analy-
sis module, and task. A single project can contain multi-
ple experimental datasets, each comprising a full suite of
analysis modules. Within each module, users can define
multiple tasks to support flexible workflows, such as
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Fig. 2 Data management in TraceMetrix. Data management architecture of TraceMetrix. A project contains different types of metabolomics data.
These data types feed into four analytical modules (raw data preprocessing, data cleaning, statistical analysis, and functional analysis) based on their
specific applications. Different results are generated under various tasks using different parameters. The bottom layer details the specific analyses
available within each module. All analysis results are systematically tracked and stored, ensuring complete analytical reproducibility
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varying parameter settings or exploring alternative analy-
sis strategies.

Upon project creation, users can upload diverse types
of data, such as raw mass spectrometry (MS) data,
metabolite abundance matrices, and sample metadata.
Each data type supports multiple uploads. For instance,
raw MS data acquired under different ionization modes
can be uploaded separately within the same project and
processed independently. Each experimental dataset
includes the full suite of TraceMetrix analysis modules,
which are interconnected to support end-to-end metab-
olomics workflows—from raw data preprocessing and
peak extraction to downstream statistical analysis and
data mining.

To support flexible and reproducible analysis, we intro-
duce the concept of tasks within each analysis module. A
task represents a specific execution instance of an anal-
ysis step, allowing users to test different parameter set-
tings or apply alternative analytical strategies within the
same module. All tasks are integrated and visualized on
the module result page corresponding to the specific
experimental dataset, enabling users to directly compare
the outcomes of different tasks. For each task, users can
access detailed information including input data, selected
parameters, and output results.

To enhance the traceability and centralized man-
agement of both the analytical process and results, all
uploaded data, analysis steps, and outputs associated
with an experimental dataset are organized within a uni-
fied interface. Users can easily navigate between different
analysis modules, inspect task-specific results, and trace
the full analytical provenance—including inputs, param-
eters, and outputs—of any given task.

Furthermore, TraceMetrix supports the management
of various types of experimental datasets. Raw MS data
are compatible with a wide range of formats, including
vendor-specific formats (e.g., Thermo, Agilent, Waters)
and open standard formats, ensuring broad compat-
ibility with mainstream mass spectrometry platforms
while supporting efficient storage of large-scale datasets.
Metabolite abundance matrices are uploaded in stand-
ardized CSV format, containing both chemical anno-
tations and quantitative values. Sample metadata files
include essential sample identifiers, experimental design
attributes (e.g., group, sample type), clinical informa-
tion (e.g., age, sex, disease status), and technical param-
eters (e.g., acquisition batch, internal standards, injection
order). These data types are strategically utilized across
different analytical modules: raw MS data and sam-
ple metadata serve as inputs for upstream preprocess-
ing, while metabolite abundance matrices are applied in
downstream steps such as data cleaning, statistical analy-
sis, and functional interpretation.
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Data traceability

Traceability framework

TraceMetrix implements a comprehensive traceability
framework based on three interrelated dimensions: task
dependency, parameter configuration, and data line-
age. The task dependency dimension captures the logical
relationships among analytical steps; the parameter con-
figuration dimension records all user-defined or default
parameters; and the data lineage dimension preserves
the provenance and transformation paths of all input and
output data. Together, these dimensions enable TraceM-
etrix to maintain a coherent, modular, and fully trace-
able analytical ecosystem. By interconnecting different
modules through these unified dimensions, the system
ensures that any step in the analysis can be transpar-
ently linked to its origins and downstream consequences,
thereby supporting both retrospective auditing and for-
ward traceability.

To demonstrate how this framework operates in prac-
tice, we use the data cleaning module as a representative
example (Fig. 3A). First, after the raw data is analyzed in
the Raw data preprocessing module, a series of results are
generated, among which data.csv and sample_info.csv are
used as input data of the data cleaning module and enter
the data cleaning module. The data cleaning module
contains multiple analysis methods. The user first uses
background removal and then performs missing value
processing. At this time, missing value processing and
background removal establish a dependency relationship.
Each processing step is associated with a specific param-
eter configuration, which is automatically captured and
stored. The system not only tracks the execution path
of the analysis method (background removal to missing
value processing), but also maintains a complete record
of the input and output file relationship and parameter
specifications of each step. It should be emphasized that
the framework has good flexibility. Users can selectively
perform data cleaning steps according to specific analy-
sis needs without strictly following the preset complete
process. The system can still accurately maintain the cor-
responding dependency and traceability records.

Based on the records of the above task links and exe-
cution information, TraceMetrix can achieve powerful
traceability. The system uses the dependencies between
tasks to build a bidirectional data lineage track based on
Experiment Data across analysis modules, supporting
tracing back to the source of the data from any node, or
tracing down to all derived results. As shown in Fig. 3A,
the data flow progresses from raw preprocessing through
data cleaning to downstream statistical and functional
analysis, and each conversion point maintains complete
source information. Users can view the detailed infor-
mation of each task in the traceability system, including
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input and output files, algorithms used, parameter con-
figurations, etc., to provide complete transparency for the
analysis process.

Through this complete traceability system, TraceMetrix
provides traceability support for metabolomics research
in three key dimensions. In terms of file traceability, the
system fully records the generation and conversion pro-
cess of data files; in terms of process traceability, the sys-
tem tracks every step of the analysis process in detail;
in terms of software traceability, the system records the
algorithms, tools and parameter configurations used.
The system ensures complete transparency of the analy-
sis process and reproducibility of the results, providing
important technical guarantees for the reliability of sci-
entific research.

File traceability

In metabolomics research, raw data passes through sev-
eral analysis steps before reaching the final result, with
various files generated to support each stage of the analy-
sis. For example, raw mass spectrometry data files are
used in data preprocessing, two-dimensional matrix data

files are generated in quantitative analysis, and subse-
quent statistical analyses produce result files containing
key statistical information and visualizations. TraceM-
etrix’s file traceability stores and records data files from
each analysis step, while using links like "input" and "out-
put” to create a continuous file chain between different
analysis steps. This chain clearly shows how the result
files were transformed step by step from raw data, includ-
ing the intermediate file processing (Fig. 3B). Further-
more, the web-based interactive file traceability feature
allows users to click on any data file involved in the trace-
ability process, enabling quick navigation to the analysis
step where the file is located.

Software traceability

The diversity of methods in metabolomics analysis intro-
duces a large number of parameters, which can signifi-
cantly influence the outcomes. For example, in raw data
preprocessing, the signal intensity threshold in peak
detection directly affects the identification of valid peaks.
Similarly, data cleaning methods, such as missing value
imputation, can impact subsequent statistical analyses.
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Tools like XCMS-based quantitative analysis require a
multitude of parameters for mass spectrometry peak
identification and alignment, increasing both complexity
and the risk of reducing reproducibility.

To address these challenges, TraceMetrix ensures com-
prehensive software traceability. It visually displays analy-
sis methods and their parameters at each step, allowing
users to track the settings used. Additionally, the report’
function enables a one-click export of all analysis param-
eters and steps into a detailed document (Supplementary
Fig. 1). This not only simplifies parameter management
but also facilitates the reproducibility and transparency
of the analysis process.

Process traceability

TraceMetrix’s process traceability records the entire anal-
ysis workflow, from raw data preprocessing to biological
interpretation (Fig. 3C). It systematically documents the
sequence of functions and their upstream or downstream
relationships. For instance, it shows how data cleaning
methods influence differential metabolite screening and
how metabolite annotation results contribute to path-
way enrichment analysis. The interactive flow diagram
provided by TraceMetrix allows researchers to visualize
the analysis process, helping them understand key steps
and identify optimization opportunities. This structured
record enhances the transparency and reproducibility of
the research, facilitating validation and data sharing.

Other features

Resuming analysis

Metabolomics data analysis is a multi-step, interdepend-
ent process, where each stage builds on the previous one.
However, disruptions or errors typically require restart-
ing the entire workflow. TraceMetrix overcomes this
challenge through a robust data management system and
modular design, which logs and preserves every opera-
tion. The platform’s "Create next step” feature (Supple-
mentary Fig. 3) ensures seamless progression between
stages. Additionally, users can select and build upon
previous results (Supplementary Fig. 3), maintaining
continuity across modules. This approach improves the
resilience and efficiency of the analysis pipeline, mini-
mizing the impact of interruptions and streamlining the
workflow.

Historical analysis

To enhance reproducibility, TraceMetrix includes a "His-
torical Analysis" feature that records and saves results
for each parameter adjustment. Users can easily review
and compare outcomes under different settings, facilitat-
ing more flexible and efficient analysis (Supplementary
Fig. 4). This feature ensures users can accurately trace
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and compare results across various conditions, aiding in
deeper insights and better decision-making.

One-click analysis

TraceMetrix offers a one-click analysis feature that auto-
mates the data cleaning and statistical analysis workflows.
Users can perform metabolomics data analysis with a
one-click function using ether the platform’s recom-
mended parameters or parameters they have created. The
intuitive interface enables users to process and analyze
data without requiring advanced technical knowledge.
By streamlining data upload and parameter selection, this
functionality accelerates analysis, enabling researchers
to handle larger datasets more efficiently (Supplemen-
tary Fig. 5). The integration of automated workflows with
a user-friendly interface optimizes resource allocation,
allowing researchers to focus more on interpretation and
hypothesis generation rather than the intricacies of data
processing.

System architecture and deployment

TraceMetrix employs a browser/server architecture as a
web-based analytical tool that supports access through
different browsers, including Chrome and Safari. The
backend is built with Spring Boot, while the frontend
utilizes Vue and ElementUI frameworks. The underly-
ing analytical workflows are implemented in R (3.6.1)
and encapsulated within Singularity containers to ensure
version stability. Data storage is managed through Mon-
goDB, with graphical data visualization powered by
ECharts. The system can be deployed on high-perfor-
mance computing clusters with job scheduling managed
by Slurm and runs on CentOS (7.9.2009). For large-scale
cohort data, FTP protocols (such as XFTP) ensure rapid
and stable data upload to user accounts.

Results

Interactive visualization

In TraceMetrix, interactive visualization is a key fea-
ture throughout the analysis process, enabling users to
explore and modify parameters for reanalysis. Hover
functionality provides detailed information when users
position the cursor over data elements (Fig. 4).

In metabolite annotation, TraceMetrix enhances
efficiency by allowing users to select metabolites from
the annotation table and instantly view their MS/MS
spectral matches from integrated databases (Supple-
mentary Fig. 2). This eliminates manual searching,
reduces human error, and accelerates workflow. For
data cleaning, TraceMetrix provides comprehensive
quality assessment tools with interactive visualizations.
The scatter plot for missing value assessment (Fig. 4A)
dynamically shows each sample’s missing value
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percentage, allowing quick identification of problem-
atic samples. The interactive box plot for QC samples
(Fig. 4B) displays metabolite distributions, enabling
real-time exploration of sample differences and batch
effects. The RSD analysis (Fig. 4C) allows users to
dynamically explore metabolites exceeding RSD thresh-
olds, facilitating more efficient screening. In univariate
analysis, the interactive box plot (Supplementary Fig. 1)
visualizes data distribution, enabling real-time explora-
tion of statistical significance. Both the OPLS-DA score
plot (Fig. 4D) and VIP (Variable Importance in Projec-
tion) scatter plot (Fig. 4E) allow users to explore sample
classification and identify key metabolites, simplifying
multivariate analysis interpretation.

Case study

To illustrate the reproducibility and traceability capa-
bilities of TraceMetrix, we present two case studies
based on publicly available untargeted LC—MS metabo-
lomics datasets from published research. In both cases,
we successfully reconstructed the complete analysis
workflows and reproduced the key findings reported in
the original publications.
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Case study 1

We re-analyzed publicly available non-targeted LC-MS
metabolomics data from lung cancer patients, including
CTC-positive lung cancer patients and 30 healthy con-
trols (including 8 QC samples), acquired using a UPLC-
Triple-TOF-MS-based platform (AB SCIEX, USA)
under both positive and negative ionization modes [35].
Through the traceability of TraceMetrix, we successfully
reproduced the results reported in the literature (Fig. 5).
After uploading the mzXML data files to TraceMetrix, we
set the initial parameters for raw data quantification and
metabolite identification based on the literature descrip-
tions (Supplementary Table 1). After running the analysis
workflow, we found that some of the metabolite identifi-
cation results did not fully match those in the literature.
Through iterative adjustments and re-runs of the analysis
workflow, we optimized the parameters and successfully
reproduced the main findings.

We compared the classification of differential metab-
olites in HMDB and performed pathway enrichment
analysis in KEGG. The differential metabolites were pre-
dominantly classified into lipids, lipid-like molecules, and
organic acids (Fig. 5A, Supplementary Table 2). In KEGG
pathways, significant enrichment was observed in lipid
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2l Organic nitrogen compounds 11
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14 Organic oxygen compounds
5 Organoheterocyclic compounds

1M Lignans, neolignans and related compounds
10 Alkaloids and derivatives

B TraceMetrix Literature
Transport and catabolism I 5
KEGG level1 pathway 2 Cell growth and death
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Environmental Information Processing g Signaligglggnma;ltergSISeiuacrt:gri]nteraction
Bl Genetic Information Processing 6 2 cTranslation 1 15
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BiMetabolism Drug resistance: antineoplastic 1
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17—
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Fig. 5 Comparison of case study results between TraceMetrix and literature. A Comparison results of metabolite superclass in HMDB database. B

Comparison results of KEGG Level 2 Pathway
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metabolism and cancer-related pathways (Fig. 5B). Addi-
tionally, PCA plots (Supplementary Fig. 7), OPLS-DA
score plots, and permutation plots (Supplementary Fig. 6)
were generated and compared with the corresponding
figures in the literature, showing good consistency.

By utilizing TraceMetrix’s traceability feature, we
documented the entire analysis process (Supplementary
Fig. 8) and exported the complete workflow along with
the involved parameters (Supplementary Fig. 9). This
ensured the reproducibility and transparency of the anal-
ysis, highlighting TraceMetrix’s capability in supporting
robust and reproducible metabolomics data analysis for
broader applications.

Case study 2

We also re-analyzed publicly available untargeted LC—
MS metabolomics data from intrahepatic cholestasis of
pregnancy (ICP) studies, including serum samples from
57 healthy pregnant women and 52 ICP patients (with
18 QC samples), acquired on AB Sciex TripleTOF 6600
[1] and successfully reproduced the findings reported
in the literature using TraceMetrix, establishing a pub-
licly accessible and transparent online traceable work-
flow. Following data download from MetaboLights
(MTBLS2627), we converted the raw data to mzML for-
mat using ProteoWizard and uploaded it to TraceMetrix
via XFTP. Subsequently, we employed the preprocess-
ing module to extract metabolic features and perform
metabolite annotation. Data filtering was conducted
using the data cleaning module, including missing value
imputation, normalization, and RSD filtering. We then
utilized the two-sample comparison function within
the statistical analysis module to identify differentially
expressed metabolites between the ICP group and nor-
mal controls, followed by KEGG pathway analysis in the
functional analysis section.

Through ESI+and ESI- modes, we identified 116 differ-
entially expressed metabolites (Supplementary Table 3),
including bile acids such as taurocholic acid, glycocholic
acid, allocholic acid, and 6-ethylchenodeoxycholic acid;
lipid metabolites including sphingosine, sphinganine, and
glycerol 3-phosphate; as well as amino acids and their
derivatives, carbohydrates, organic acids, and steroid
hormones. The KEGG pathway analysis revealed con-
sistent findings with the original publication, including
bile secretion, tryptophan metabolism, steroid hormone
biosynthesis, and biosynthesis of unsaturated fatty acids
(Supplementary Table 4). Additionally, we identified
several pathways such as ABC transporters, which are
associated with bile acid transport dysfunction [2], and
Cushing syndrome, which may be related to hormonal
changes during pregnancy [3] (Supplementary Table 4).
Furthermore, we generated principal component analysis
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(PCA) plots, orthogonal partial least squares discrimi-
nant analysis (OPLS-DA) score plots, and permutation
plots for both ESI+and ESI- modes, which demonstrated
good consistency when compared with corresponding
figures in the literature (Supplementary Fig. 10).

We leveraged TraceMetrix’s traceability functionality
to document the entire analytical process (Project Name:
MTBLS2627) and exported the complete workflow with
associated parameters (Supplementary Fig. 11). This
ensures reproducibility and transparency of the analy-
sis, highlighting TraceMetrix’s capability in supporting
robust and reproducible metabolomics data analysis for
broader applications.

Function comparison with other tools

TraceMetrix excels in metabolomics data processing,
statistical analysis, functional interpretation, and result
visualization, providing a comprehensive and integrated
solution for the entire data analysis workflow (Table 1).
Unlike other platforms, TraceMetrix supports large-scale
LC-MS data analysis without file size limitations, thanks
to its external upload tools such as XFTP or FileZilla.
This feature makes it well-suited for large datasets, which
is a significant advantage over platforms that have file
size constraints.

The platform also offers comprehensive quality control
features, allowing users to assess data quality at each step.
Through its interactive and visual approach, TraceMetrix
allows users to dynamically explore data distributions
and identify potential issues with missing values, sample
variance, and batch effects. This flexibility enhances the
overall efficiency and accuracy of data preprocessing.

TraceMetrix’s integration of multiple analysis methods,
such as univariate and multivariate statistical techniques,
allows for seamless exploration of metabolomics data.
Users can perform ¢-tests, ANOVA, PCA, PLS-DA, and
OPLS-DA analysis directly within the platform, enabling
them to derive meaningful insights quickly. Addition-
ally, TraceMetrix supports advanced functional analysis,
including pathway enrichment and joint analysis with
other data types like clinical and omics data. This multi-
dimensional analysis capability provides deeper insights
into the biological context of the data.

Conclusions

TraceMetrix introduces a comprehensive trace-
ability framework that addresses critical challenges
in research reproducibility. The platform’s innovative
three-dimensional traceability system—encompassing
file, software, and process tracking—provides unprec-
edented transparency in metabolomics analytical
workflows. This integrated approach not only ensures
methodological rigor but also facilitates the validation
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Table 1 Comparison of TraceMetrix with other metabolomics tools
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Tool name TraceMetrix MetaboAnalyst XCMS Online W4M TidyMass
Platform Web Web, R Web Web R
Raw data preprocess

Peak detection N V V X N
MS1 feature annotation v V V V V
MS2 spectra annotation N, N N X N,
Data cleaning

Data quality check \V X V X \J
Missing value processing \J \V \ X \J
Normalization v v V Vv v
Outliers check N N X X N
Statistical analysis

Univariate analysis N N N N,
Multivariate analysis V V vV v Vv
Functional analysis

Enrichment analysis V N X X N
Correlation analysis V N X X \J
Regression analysis V X X X X
Survival analysis N X X X X
High-performance cluster V X v X /
Data reproducibility

Data management N X N X /
Data traceability N X X X N
Data transparency N J J J N
Analysis reports N N N, N N

Symbols used for feature evaluations with Vfor present, ' x'for absent, and /' for unsuitable. W4M: Workflow4Metabolomics

and reproduction of metabolomics findings, addressing
a fundamental need in the field.

A distinguishing feature of TraceMetrix is its robust
interactive visualization capabilities, which transform
complex metabolomics data into intuitive, explorable
representations. This significantly reduces the techni-
cal barriers traditionally associated with metabolomics
data analysis, enabling researchers to focus primarily
on biological interpretation. The integration of real-
time parameter adjustment with comprehensive tracea-
bility documentation ensures that users can thoroughly
explore different methodological parameters without
compromising reproducibility. The successful replica-
tion of published non-targeted metabolomics results
in our case study validates the platform’s effectiveness
in supporting reproducible research while maintaining
analytical rigor. For users requiring high-throughput
analysis capabilities, TraceMetrix provides automated
metabolomics data analysis workflows. The platform’s
deployment on a high-performance computing cluster
significantly enhances its capability to process large-
scale metabolomics datasets efficiently.

While TraceMetrix offers substantial advantages, we
acknowledge certain limitations, particularly in the
scope of analytical method integration. Future develop-
ments will focus on implementing advanced machine
learning algorithms for automated parameter optimi-
zation, expanding the range of supported analytical
techniques, and developing more sophisticated data
integration capabilities for multi-omics analysis. We
also plan to incorporate public metabolite databases
such as GNPS, and commercial libraries like NIST, sub-
ject to licensing policies.

The impact of TraceMetrix extends beyond its imme-
diate analytical capabilities. By establishing a frame-
work for transparent and reproducible metabolomics
analysis, the platform contributes to the broader goal
of standardizing metabolomics research practices. This
standardization is crucial for advancing the field and
ensuring the reliability of metabolomics findings across
various research contexts, from basic science to clinical
applications.
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Availability of data and materials

The Trace Metrix source code and case study 1 data-
sets supporting the findings of this study are publicly
available in the GitHub repository (https://github.
com/cherwelll118/tracemetrix). Public metabolomics
data for case study 2 were obtained from the Metabo-
Lights repository under accession number MTBLS2627
(https://www.ebi.ac.uk/metabolights/MTBLS2627).
The corresponding web-based platform can be accessed
at https://www.biosino.org/tracemetrix , where all
resources and documentation are provided.
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