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Liquid chromatography coupled with high-resolution mass spectrometry (LC–HRMS) has become a workhorse in global
metabolomics studies with growing applications across biomedical and environmental sciences. However, outstanding
bioinformatics challenges in terms of data processing, statistical analysis and functional interpretation remain critical
barriers to the wider adoption of this technology. To help the user community overcome these barriers, we have made
major updates to the well-established MetaboAnalyst platform (www.metaboanalyst.ca). This protocol extends the
previous 2011 Nature Protocol by providing stepwise instructions on how to use MetaboAnalyst 5.0 to: optimize
parameters for LC–HRMS spectra processing; obtain functional insights from peak list data; integrate metabolomics data
with transcriptomics data or combine multiple metabolomics datasets; conduct exploratory statistical analysis with
complex metadata. Parameter optimization may take ~2 h to complete depending on the server load, and the remaining
three stages may be executed in ~60 min.

This protocol is an extension to: Nat. Protoc. 6, 743–760 (2011): https://doi.org/10.1038/nprot.2011.319.

Introduction

The goal of metabolomics is to comprehensively study all metabolites in biological samples. For
research concerning predefined lists of compounds (targeted metabolomics), various protocols
have been established and an increasing number of commercial kits are becoming available.
However, unbiased comprehensive metabolome profiling (global metabolomics) remains a critical
bottleneck owing to several complex analytical and bioinformatics challenges1–3. Developing high-
throughput global metabolomics technologies has become a high-priority task in metabolomics4

as well as the burgeoning fields of exposomics5 and precision medicine6. Among different
technologies available, high-resolution mass spectrometry (HRMS) has shown great promise3,7.
HRMS instruments such as Orbitrap or time-of-flight systems coupled with gas chromatography
(GC) or liquid chromatography (LC) can simultaneously measure a wide range of endogenous
and exogenous compounds to characterize an individual’s metabolic phenotype, environmental
exposures and associated biological responses. LC–HRMS is arguably the most widely used
platform as it can measure a broad range of compounds with minimal sample preparation.
However, the associated data processing and analysis remain particularly challenging to most
researchers.

The computational workflow for LC–HRMS-based global metabolomics can be summarized in
three general steps: (1) spectra processing to convert raw spectra into a peak intensity table; (2) peak
annotation to characterize peak relationships and to assign putative compound identities (ID); (3)
data analysis to identify important features, patterns of variation and their functional interpretations.
Although these steps are conceptually similar to the analysis of other omics data such as gene
expression or microbiome data analysis8,9, the inherent characteristics of the data generated in
LC–HRMS-based global metabolomics present unique challenges especially for those without
statistical programming skills and/or a deep understanding of the analytical instrumentation. To
address this gap, we have recently made major updates to the widely used MetaboAnalyst platform to
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support LC–HRMS-based global metabolomics data analysis and interpretation10. This protocol
provides an overview of these new features followed by stepwise instructions through several example
datasets using MetaboAnalyst 5.0.

MetaboAnalyst and other web-based tools
MetaboAnalyst was launched in 2009, and since then there have been major update releases every
3 years10–14. MetaboAnalyst versions 1.0–3.0 were mainly designed for general statistical and func-
tional analysis of targeted metabolomics data. Starting with v4.0, the development of MetaboAnalyst
has gradually shifted toward addressing more complex bioinformatics and statistical needs arising
from global metabolomics data, including raw spectra processing, functional analysis and integration
with other omics data. According to Google Analytics, the public platform (www.metaboanalyst.ca) is
currently being accessed by ~2,000 users worldwide on a daily basis.

Many software tools have been developed in the past decade for processing and analyzing
metabolomics data15–17. Most of these tools need to be locally installed by the users. For web-based
platforms, there are several popular options, including MetaboAnalyst, XCMS online18, W4M19 and
NOREVA20. These web-based tools have been compared with MetaboAnalyst 5.0 in our recent
publication10. In summary, MetaboAnalyst offers the most features for statistical and functional
analysis; XCMS online and W4M provide more comprehensive support for raw data processing;
while NOREVA is dedicated for metabolomics data normalization and quality assessment. A hall-
mark of MetaboAnalyst is its ease of use, which enables researchers from diverse backgrounds to
perform various complex tasks of data analysis. For instance, most tools require users to manually
adjust multiple parameters to achieve satisfactory performance for raw LC–MS spectra processing.
MetaboAnalyst 5.0 provides a largely automated workflow through efficient optimization of para-
meters from default settings for common LC–MS instruments. In addition, the results of spectra
processing can be directly transferred to other compatible modules within MetaboAnalyst for
streamlined statistical and functional analysis. The overall workflow of MetaboAnalyst is depicted
in Fig. 1.

Limitations of this protocol and software
Owing to the proprietary formats and large file sizes generated from LC–HRMS instruments,
MetaboAnalyst currently does not accept raw spectra uploaded in vendor-specific formats. Thus, raw
data generated from different MS instruments need to be first converted into an open data format
using either a vendor-provided conversion tool or a free tool such as ProteoWizard21. More details
surrounding data preparation are provided in ‘Materials’ and ‘Procedure’ (Steps 1 and 2).

To ensure fast turnover, the public platform of MetaboAnalyst currently limits the processing of
raw spectra up to 200 samples per job, which, in our experience, is usually sufficient for common
metabolomic studies. For large-scale projects, users are encouraged to perform spectra processing
locally using the OptiLCMS package developed by our team (https://github.com/xia-lab/OptiLCMS).
Please refer to Box 1 for more details on this package.

MetaboAnalyst currently does not support processing spectra from GC–MS or MS/MS, which
are also commonly employed in global metabolomics. Users are advised to explore other powerful
tools, including MZmine22, MS-DIAL23, MS-Finder24 and OpenMS25, for dealing with these
data types.

In addition, functional analysis and multi-omics integration in MetaboAnalyst mainly focuses on
biological samples, while environmental and industrial samples are not well supported owing to lack
of well-established conceptual frameworks and knowledgebases required for these types of analysis26.

For statistical analysis involving complex metadata, the covariate adjustment in MetaboAnalyst is
based on the widely used linear regression approach27 to model the level of individual features with
the response variable and uncontrolled covariates. The current interface does not permit users to
include complex interaction terms; the algorithm assumes that the response variable will impact the
feature in the same way across covariate values.

Experimental design
Driven by user feedback, we have published several comprehensive tutorials and protocols for each
major release of MetaboAnalyst28–33. These tutorials provide detailed instructions for tasks related to
data processing, filtering, normalization, statistical analysis of datasets with single experimental
factors, and functional analysis for targeted metabolomics. Our 2019 protocol32 is still up to date on
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these topics. Accordingly, this current protocol provides detailed instructions for four major updates
that have been made to MetaboAnalyst 5.0:
1 Optimized processing of LC–HRMS spectra (Steps 1–18)
2 Deriving functional insights from LC–HRMS peaks (Steps 19–31)
3 Meta-analysis and integration with transcriptomics data (Steps 32–45)
4 Statistical analysis and exploration with complex metadata (Steps 46–65)

Spectra processing
This is the first task in global metabolomics. The continuum/profile data of a single raw
spectrum obtained from an LC–HRMS instrument (such as Q-Exactive) is typically 1–2 GB in
mzXML/mzML format. A common practice is to first perform peak centroiding to condense the
Gaussian-shaped mass peak to a single mass centroid. This step can substantially reduce the file size
to ~100 MB.

The next step is to detect peaks (also known as peak picking) from the centroid data.
Multiple algorithms have been developed to identify peaks in different dimensions such as retention
time34–36. Please see Table 1 for more details. Among them, the centWave algorithm34 implemented
in XCMS has been shown to perform well in processing LC–HRMS spectra. However, a practical
difficulty associated with using default XCMS is to decide appropriate values for several key para-
meters, which requires a relatively deep understanding of both MS instrumentation and the peak
picking algorithm. To address this challenge, we have developed OptiLCMS to enable automated
parameter specification for XCMS in MetaboAnalyst37. After peak detection, peak alignment is
performed to address retention time variations across spectra. These aligned peaks form a peak
intensity table with varying proportions of missing values. These missing values indicate that either
peak detection failed or the corresponding feature is absent from the respective sample. Therefore, the
final step is ‘gap filling’ by reperforming direct peak extraction on corresponding regions in the raw
spectra.
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Fig. 1 | MetaboAnalyst 5.0 overview. Version 5.0 focuses on comprehensive support for LC–MS-based global metabolomics including spectral
processing, functional interpretation, statistical analysis with complex metadata, and multi-omics integration. ROI, regions of interest; DoE, design of
experiments.
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Peak annotation
A typical LC–HRMS spectrum of common biofluids (such as blood or urine samples) can often
produce >10,000 peaks. However, this number is not equivalent to the number of compounds
detected. The correspondence between the number of peaks and the number of actual metabolites
remains elusive38. Multiple peaks can be derived from the same compounds. These are real, biolo-
gically relevant peaks and might result from the formation of adducts, incorporation of isotopes, or
fragmentation during sample preparation or LC–MS analysis. The remaining peaks are now con-
sidered to be largely from background noise (artifacts or noise peaks)39. Therefore, the first step in
peak annotation aims to identify real peaks, and to clarify the relationships among them. Many
empirical and statistical rules have been developed to address this problem, including CAMERA40

and CliqueMS41, which are two popular R packages. Peak annotation in MetaboAnalyst 5.0 is
currently based on CAMERA.

Table 1 | Summary of common peak profiling algorithms implemented in MetaboAnalyst 5.0

Stage Algorithm Implementation details

Peak picking centWave34 This algorithm detects features by using a continuous wavelet
transformation model. It was designed to process the data from high-
resolution MS at that time

MatchedFilter62 This algorithm cuts the spectra data into slices with a fixed mass width (e.g.,
0.1 m/z) and applies a Gaussian model as a matched filtration to extract the
peaks. It is more appropriate for detecting peaks from low-resolution MS
spectra

Massifquant58 A Kalman gain approach is used to search the peaks and evaluate all
centroids to avoid missing ones. This algorithm is sensitive to low-intensity
peaks and is suitable to detect mass traces

Peak alignment LOESS62 This algorithm is a nonlinear correction alignment approach to remove the
retention time deviation without internal standards

Obiwarp63 This algorithm aims to align all peaks toward a center sample. It is
recommended for cases that include high-quality QC samples

Box 1 | Parameter optimization

The OptiLCMS R package can substantially accelerate parameter optimization for the XCMS ‘centWave’ algorithm, while maintaining similar
results to those obtained using the popular method based on IPO64. Such performance is achieved by two main strategies: selecting high-quality
peaks for training and focusing on the most influential parameters. OptiLCMS includes three main steps: contaminant removal, regions of interest
(ROI) extraction and parameter optimization.

Contaminant removal (optional)
It is not rare that spectra data include some contaminants or noise from MS instruments or chromatography reagents. These mass signals usually
appear persistently and may generate giant chromatographic peaks. These noise peaks should be excluded during the parameter optimization step.
In OptiLCMS, all mass centroids are extracted and re-sorted from lowest to highest. All centroids that correspond to peaks that spread out over
half of the whole chromatogram are excluded. Note that these centroids are excluded only during parameter optimization; they are not deleted
from the raw spectra data.

ROI extraction
Mass signals in LC–HRMS raw spectra are usually enriched in certain regions, rather than distributed evenly across the spectra. Parameter
optimization based on the entire spectra is cumbersome and unnecessary. In OptiLCMS, a sliding window method is implemented in both m/z and
retention time dimensions to extract multiple areas that are abundant with mass signals. These areas are the base for the subsequent parameter
optimization stage.

Parameter optimization
OptiLCMS focus on optimizing eight critical parameters used in the ‘centWave’ algorithm. Parameters related to noise level (‘noise’, ‘prefilter value’
and ‘prefilter abundance’) and mass error (‘ppm’) are estimated first using a kernel density estimator model65. Then, a ‘Design of Experiment’
(DoE) model (central-composite model) is utilized to recursively estimate four other parameters (‘peak width’, ‘mzdiff’, ‘snthresh’ and
‘bandwidth’). Briefly, three levels (−1, 0 and 1) of all parameters are used to construct 44 combinations. The peak profiling results are evaluated on
the basis of the principal of selecting more stable and well-behaved peak groups37. After the first round of optimization, a new round will be started
by setting the best parameters from the last round as the initial values to optimize; this process is repeated until no better results can be obtained.
The final optimized parameters will be used for peak profiling.
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The next step is to assign putative compound IDs to those peaks. This is a challenging task even
with high-resolution instruments, as a single peak can potentially match multiple compounds42. To
facilitate peak annotation for global metabolomics, it is highly recommended to acquire MS2-level
data, whenever possible. It is important to keep in mind that, unlike targeted metabolomics, the
primary goal of global metabolomics is to understand the overall patterns and to identify promising
features to inform the design of follow-up studies for more targeted analysis. As discussed in the
sections below, accurate peak annotation, although important, is not an absolute prerequisite for
functional interpretation of global metabolomics data.

Functional interpretation of global metabolomics data
Identifying a list of genes or compounds of interest, and performing enrichment analysis against
predefined libraries of gene sets or metabolite sets using gene set enrichment analysis (GSEA)43 or
metabolite set enrichment analysis (MSEA)44 is well established for transcriptomics or targeted
metabolomics data. When functions are defined in the form of pathways with structure information
available, it is sensible to consider the positions of perturbed genes/metabolites in these pathways45.
Common topology measures such as degree and betweenness values are often employed to prioritize
pathways involving more changes at ‘hub’ or ‘bottleneck’ positions in functional analysis46. Please
refer to many excellent tutorials as well as our previous published protocols28,32. For discovery of
novel pathways or metabolic functions, users are encouraged to define their own metabolite sets or
signatures and upload them as customized libraries during enrichment analysis using MetaboAnalyst.

For global metabolomics, since the mapping of peaks to compounds is often inaccurate,
researchers wonder if it is still possible to identify meaningful functional changes by performing
enrichment analysis based on those ‘fuzzy’ annotations. This question has been answered by the
‘mummichog’ algorithm47, which has clearly demonstrated that the collective behavior (i.e., changes
across multiple compounds involved in a pathway) are robust to random errors introduced during
individual compound assignments. In other words, enrichment analysis of putatively annotated peaks
is a valid approach to identify changes at pathway or network level, as long as the annotation errors
are random. MetaboAnalyst 5.0 offers both mummichog and GSEA-based approaches to predict
pathway activities from LC–MS peaks. In general, high-resolution MS peaks are preferred as they
provide better coverage of pathways with reduced error rates in putative annotation, compared with
using peaks from low-resolution MS instruments42.

Multi-omics integration
Integrating multiple omics datasets from the same study or integrating the same type of omics
datasets across multiple studies can help reduce false positives and derive a more holistic under-
standing. Data integration approaches have been relatively well established in other omics fields,
including targeted metabolomics where the same compound IDs can be mapped consistently across
different datasets48,49. However, this is not the case in global metabolomics where features are
generally not comparable across different studies. This is because LC–MS peaks, characterized by
their mass-to-charge ratio (m/z) and retention time (rt), are highly susceptible to experimental
parameters and analytical batch effects. Since we can compute functional activities from such data,
integrating data at a higher level (i.e., pathways) becomes conceptually clear and practical. As the
same set of metabolic pathways are defined for both transcriptomics and metabolomics, such an
approach also permits integrative analysis with transcriptomics data as well as across multiple global
metabolomics datasets. Given the exploratory nature of such analysis, statistical integration should
always be combined with intuitive data visualization to gain a more comprehensive data
understanding.

Statistical analysis with complex metadata. Metadata describes the data, and contains details on the
experimental conditions, sample sources (i.e., species, tissue), sample collection (i.e., location, time)
and other factors. Such metadata are critical for data interpretation, because they allow researchers to
account for the biological and environmental context when they analyze the data, and facilitate data
reuse by allowing other researchers to search for, and meaningfully compare and potentially integrate,
results from across diverse studies. Details on the context and sample source are becoming
increasingly important as observational studies that collect omics data from human populations or
animals outside laboratory settings are becoming more common50. Epidemiologic studies in bio-
medical or environmental sciences generally involve a primary variable of interest, such as presence/
absence of a certain disease or exposure to a specific chemical, as well as variables such as age, sex or
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other potential factors that covary with the primary metadata. Statistical analyses that take these
covariates into account can lead to substantial increases in power and draw more robust conclusions
about the relationships between the primary variable and the omics data51.

Transparent and reproducible analysis
Exploratory analysis of omics data often involves employing a diverse set of approaches coupled with
versatile visualization techniques. Reproducing these results after a few months have elapsed can be a
daunting task, because it is often very difficult to remember what choices were made and the order in
which steps were executed. MetaboAnalyst addresses this issue through three complementary ways:
● Transparent stepwise analysis through proper interface design to facilitate procedural reproducibility
● A comprehensive PDF analysis report documenting all major steps and associated results
● A detailed R command history together with the underlying MetaboAnalystR package (https://github.
com/xia-lab/MetaboAnalystR)37,52,53 to allow batch execution of the workflow
These main features are illustrated in Fig. 2.

Materials

Equipment
Computer requirements
● Browser requirements: MetaboAnalyst 5.0 runs on all modern web browsers. For the best results, we
recommend Google Chrome 92+, Firefox 92+, Safari 12+ and Microsoft Edge v93+. JavaScript must
be enabled in your browser

Fig. 2 | A screenshot of the result download page. Several key features of MetaboAnalyst are illustrated here: (1) the navigation tree allowing users to
access different pages, (2) the results (files and images) generated during analysis, (3) the R Command History containing the underlying R
commands executed, (4) the analysis report documenting all steps with results embedded, and (5) the module switching panel for users to continue
analysis in other compatible modules.
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● Internet connection requirements: a fast connection is highly recommended. At least 1 MB per second
is required for uploading raw spectra

● Hardware requirements: >4 GB of RAM and a screen resolution of at least 1,200 × 800 is preferred. At
least 8 GB available hard drive space is needed to store the raw spectra files

Data files
● Raw MS spectra. MetaboAnalyst accepts centroid LC–MS spectra in various open data formats:
mzXML, mzData, mzML and netCDF. The first three are XML-based data formats. Among them,
mzML and mzXML are the preferred formats for MS spectra, while mzData is phasing out. If your
spectra files are not centroided, please do it locally with ProteoWizard21. This will substantially reduce
the file size and increase data upload speed. All spectra need to be compressed into individual *.zip files
and uploaded together with a metadata file (.txt). Quality control (QC) and blank samples need to be
specified in the metadata file as ‘QC’ and ‘BLANK’, respectively. If no metadata file is provided when
uploading spectral data, QC files should start with ‘QC_’ and blank samples should start
with ‘BLANK_’

● LC–MS peak list. Peak lists can contain up to five columns - ‘m.z’, ‘r.t’, ‘p.value’, ‘t.score’ and ‘mode’
separated by a space or tab. The required column is ‘m.z’, which is a list of m/z values for all MS peaks.
The others are optional but are required for specific analyses. The ‘r.t’ column is required if users
would like to perform functional analysis with mummichog v2. The ‘p.value’ is highly recommended
for the mummichog algorithm, otherwise the single ‘m.z’ column must be preranked. The ‘t.score’ is
required for the GSEA algorithm. The ‘mode’ column is used to specify the ion mode if the data
contain peaks from different ion modes

● Gene/protein/compound list. The list must contain gene, protein or compound IDs in the first
column. The optional second column should contain fold change (FC) values that are used
for visualization

● Generic feature table. A generic table with features in rows and samples in columns (or its transposed
format) is the most common format for statistical analysis in MetaboAnalyst. The first row or column
of the table should contain unique sample/feature names using a combination of English letters,
numbers, underscore or hyphen. When users are not asked to provide a separate metadata file, the
sample group information must be coded in the same feature table, immediately following the sample
names with at least three replicates per group

● Metadata table. To accommodate complex data structure or study design, two modules in
MetaboAnalyst (‘LC-MS Spectra Processing’ and ‘Statistical Analysis [metadata table]’) now ask users
to provide a separate metadata file. The first column of the metadata table must be the same sample
names used by the data file. The second column contains the primary condition of interest. Other
metadata (e.g., sex, age or batch) can be included in the remaining columns. Both categorical and
continuous variables are acceptable. MetaboAnalyst currently cannot deal with missing values (NA or
empty) in the metadata file. Users will be provided an interface to manually fix this issue if missing
values are detected during the metadata integrity check stage

● Example datasets. Multiple built-in example datasets are offered in each MetaboAnalyst module. Users
can simply choose an example dataset and click the ‘Submit’ button to start exploring the tool. Six
datasets are used in this protocol:

1 Raw spectra data (malaria_raw.zip) consisting of 12 plasma samples from naive and malaria semi-
immune subjects along with 3 QCs54.

2 A feature table (malaria_feature_table.csv) generated from processing the above raw spectra for
functional analysis.

3 A gene list (integ_genes_1.txt) and a compound list (integ_cmpds.txt) to demonstrate the
integration of targeted metabolomics data with transcriptomics data.

4 A gene list (integ_genes_2.txt) and a peak list (integ_peaks.txt) to demonstrate the integration of
global metabolomics data with transcriptomics data.

5 Three peak intensity tables (A1_pos.csv, B1_pos.csv, C1_pos.csv) from global metabolomics studies
of serum samples from patients with coronavirus disease 2019 (COVID-19) to demonstrate the
integration of multiple global metabolomics datasets55.

6 A feature table (TCE_feature_table.csv) and its associated metadata table (TCE_metadata.csv)
from an exposomics study on metabolic changes associated with occupational exposure
to trichloroethylene (TCE) to demonstrate statistical analysis with complex metadata and
covariate adjustment56.
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Equipment setup
(Optional) Download the example datasets
Go to the MetaboAnalyst home page (https://www.metaboanalyst.ca/), and click the ‘Data Formats’
link from the left panel. Users can download all the example datasets used in the protocol. These
datasets are also available as built-in examples in each corresponding module. Users can directly
select those datasets and follow the protocols without downloading and uploading them.

Procedure

Stage 1: LC–HRMS raw spectra processing ● Timing 1.5–2 h
1 Starting up. Go to the MetaboAnalyst home page (https://www.metaboanalyst.ca/), and click the

‘Click here to start’ button in the middle of the page. The module page displays all modules as a
pyramid organized into four tiers. The top tier contains one button ‘LC-MS Spectra Processing’.
Click the button to enter the raw spectra processing module.

c CRITICAL STEP Almost all modern browsers support multiple tabs. Please keep MetaboAnalyst
open in only one tab. If MetaboAnalyst is accessed from multiple tabs, they could interfere with one
another, leading to unpredictable results.

2 Data uploading.
● Unzip the dataset #1 (malaria_raw.zip) into individual files
● Click the ‘Select’ button to open a File Chooser dialog
● Locate the and select all spectra files (.zip) and the metadata file (.txt)
● Click the ‘Upload’ button to start uploading. At any time, users can cancel the upload by clicking
the ‘Reset’ button below the uploading progress bars
? TROUBLESHOOTING

3 Once the upload has finished, click the ‘Proceed’ button. Alternatively, users can use the built-in
example dataset without uploading spectra. To do this, locate the table under ‘Try our example
data’, select the second option and click ‘Submit’.

4 Data integrity check. This ‘data integrity check’ page summarizes key information from the user
uploaded spectra. The file names, sizes, centroid status and group information are displayed in the
first four columns. Only centroid data are supported for further processing. MetaboAnalyst
evaluates whether a given spectrum is in centroid format based on MSnbase57. If the data do not
conform to this format, click the arrowhead icon to centroid the data on the fly using MSnbase. By
default, all samples passing the data integrity check will be processed. Users can also choose to
exclude certain samples by deselecting the corresponding checkboxes in the ‘Include’ column. Click
the ‘Next’ button.
? TROUBLESHOOTING

5 Customize profiling parameters. The ‘LC-MS Spectra Processing’ page displays all important
parameters for processing raw spectra. Several platform-specific parameters are provided by default.
Three algorithms are available for peaks picking and two algorithms for peak alignment.
● Select an LC–MS platform. For this dataset, select ‘UPLC-Q/E’
● There are two options for parameter setting: ‘Default/manual’ and ‘Auto-optimized’. Here we
select ‘Auto-optimized’ option for spectra processing. Please refer to Box 1 for more details on
how parameter optimization is achieved in MetaboAnalyst

● Advanced users can manually configure the parameters using the ‘Default/manual’ option. Please
refer to Table S1 for detailed explanations of these parameters.

c CRITICAL STEP The ‘Auto-optimized’ procedure has been developed for XCMS centWave
algorithm, which generally performs well for HRMS spectra. For low-resolution MS spectra, users
may want to use MatchedFilter algorithm. For users interested in detecting low-intensity peaks,
Massifquant could perform better58. Implementation of different algorithms for peak picking and
alignment within MetaboAnalyst are summarized in Table 1.

6 Customize annotation parameters. The peak annotation parameters (including ion mode and
potential adducts) must be specified manually on the basis of the experimental conditions. Make
sure the ‘Polarity’ option is set to ‘positive’, and keep other options as default.

7 (Optional) Spectral inspection for potential contaminants.
● If the ‘Auto-optimized’ option is selected for peak profiling, the ‘Contaminants’ option will be
enabled. This option allows users to exclude strong instrumental noise or potential contaminants
present during the chromatographic run for parameters’ optimization. The option is selected
by default
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● Visually inspect the spectral data by clicking the ‘View’ link to bring up the ‘Spectral Inspection’ dialog
(Supplementary Fig. 1A). By default, a random QC sample (if provided) is displayed in 3D style

● Switch to other spectra files or different spectral regions based on m/z and rt ranges
(Supplementary Fig. 1B)

● Alternatively, use 2D heatmaps to view the same information (Supplementary Fig. 1C). In this
example, we could see multiple peaks that persist over half of the chromatogram; therefore, we
keep the ‘Remove’ option checked

c CRITICAL STEP In addition to removal of contaminant peaks, spectra files with mean signal
intensity below 5% of the average signal intensity calculated on the basis of all uploaded spectra
files will be excluded as these outliers will cause error during peak alignment.

8 Job submission. Once the parameter configuration is done, click ‘Submit Job’ and ‘Confirm’ to
proceed. Once the job is submitted, users cannot come back to this page and modify parameters
until the job is complete or cancelled.

Tip: The optimized parameters can be downloaded in a text file as an experimental record or for
further reuse. Users can manually enter these parameters using the ‘Default/manual’ option the
next time they process the same or similar data to achieve faster analysis.

9 Create a job URL. Raw spectra processing could take hours to finish depending on the server load.
After the job is submitted, users will be directed to the ‘Job Status View’ page. A ‘Job ID’ will be
assigned to this job automatically. Users can view the running status of the submitted job from the
‘Current Status’. The status will show ‘Pending’ if the job is still in queue. After the job starts
running, the actual processing takes ~75 min for this data using the ‘Auto-optimized’ mode, or
~10 min using the ‘Default/manual’ mode.
● Create a URL bookmark, and save the link in a text file. Then click ‘Exit’ from the navigation tree
of the left panel. Users will then be able to return to this page via the bookmark URL at any time
to check the status of their jobs

10 Job progress and status. The job execution process is displayed as a progress bar in the middle of the
‘Job Status’ box. The data processing details are displayed in the ‘Text Output’ box. The job status is
refreshed every 3 s.
● Click ‘Cancel Job’ to cancel the current job at any time
● Once the job is complete, click ‘Proceed’ to view the results
? TROUBLESHOOTING

11 Result visualization. Explore the processed results; these are summarized using several graphics
(e.g., principal component analysis (PCA), total ion chromatogram (TIC), base peak ion
chromatogram (BPI)) in separate tabs (Fig. 3a).
● Rotate the PCA 3D plot to view data from different angles or zoom in and out with mouse scroll wheel
● By default, all features are shown in the loading plot. Drag the ‘PCA Loadings’ slider to keep the
top features based on their contributions to the sample separation patterns in the score plot. The
PCA score plot can be displayed on the basis of all peaks or on the peaks that you have included
in the loading plot

Tip: PCA summarizes the main patterns of variation of the data. The top 25–50% features can
usually reveal the same pattern without overcrowding the loading plot.

12 Exploring samples and features using PCA.
● Double click a data point in the PCA score plot to generate a TIC plot of the corresponding
sample (Fig. 3b)

● Double-clicking a data point in the PCA loading plot will display a dialog box with two panels
(Fig. 3c). The left panel shows box plots summarizing the intensity distributions of the selected
feature across sample groups defined by the metadata file uploaded in Step 2

● Double-clicking a data point on the box plot will generate its corresponding extracted ion
chromatogram (EIC) plot. Clicking more data points will overlay their EIC plots. The function
allows users to create and visually compare typical EICs in different groups

● Click the reset icon on the top-right corner to reset the process
13 Result tables. The bottom half of the result page consists of two tables. ‘Spectra/Sample Table’

summarizes peak detection results from different samples, while the ‘Feature/Peak Table’ displays
all peaks (m/z, retention time) and their annotations (e.g., isotopes, adducts, formula, potential
compounds). Use these two tables to search for specific samples or features for more detailed
inspection and click the ‘View’ button in the last column for more details.

Tip: The ‘Annotation’ column in the ‘Feature/Peak Table’ contains annotation formula
calculated from CAMERA40, in which the character ‘M’ represents the precursor ion. The ‘Putative
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IDs’ column contains their potential chemical formulas and matched compounds based on
HMDB59. Empty cell means the corresponding feature is either a precursor ion or there are no
annotations available.

14 Analysis report generation and downloading results. Click the ‘Download Page’ button to enter the
corresponding page. All processed results are shown in a table on the ‘Results Download’ tab. Click
the ‘Generate Report’ to create a PDF report of the current analysis.

15 (Optional) Users can compare their results with those obtained using the default parameter settings.
● Click the ‘Spectra Processing’ node from the navigation tree to return to the ‘Parameter
Setting’ page

● Select ‘UPLC-Q/E’ platform, make sure the ‘Default/manual’ mode is selected, set ‘Polarity’ as
‘positive’ and submit the job

Table 2 presents the results based on the ‘Optimized’ and the ‘Default’ options, in which
optimized parameters produced greater number of peaks and higher proportions of peaks with
putative annotations. In addition, the top two PCs capture more variations of the data. These
results clearly validate the effectiveness of the optimization strategies described in Box 1.
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16 After finishing the download, click ‘Logout’ to end the analysis. Users can also select the ‘Start New
Journey’ tab to explore results in other compatible modules.
? TROUBLESHOOTING

Tip: By default, the complete raw peak table will be transferred to other modules for analysis. It
is highly recommended to perform appropriate data filtering, normalization, transformation and
scaling in these modules to get optimal results.

17 (Optional) Create a user account. Users can set up an account to better manage their jobs. Click
‘Log in’ button from the left panel of the data uploading page (Step 2). This page also allows users to
create a new account by clicking the ‘Create account’ button or clicking the ‘Forgot password?’
button to set a new password.

18 (Optional) Manage projects and accounts. After logging into their accounts, all projects are
displayed on the Project page. A maximum of ten projects are allowed per account. Each project
will be saved for at most 90 days. At any time, users can click the ‘Delete Account’ button from the
projects management page to completely remove their accounts from MetaboAnalyst.

Stage 2: functional analysis of LC–HRMS peaks ● Timing ~20 min
19 Starting up. Go to the MetaboAnalyst homepage, and select the ‘Click here to start’ button to enter

the modules overview page. Locate the ‘Functional Analysis’ button (on the second tier). Click the
button to enter this module.

20 Data uploading. Users can upload two types of data: a peak list or a complete peak intensity table
(see ‘Materials’ for more details). In this protocol, we will use the ‘A peak intensity table’ tab for
malaria_feature_table.csv.
● In this tab, enter the following parameters: Ion Mode: ‘Positive Mode’; Mass Tolerance (ppm): 4.3
(based on the optimized value from the Raw Spectra Processing module); Retention time: ‘Yes -
Seconds’

● Click the ‘Choose’ button to select the data #2 (malaria_feature_table.csv)
● Click the ‘Submit’ button

Alternatively, users can simply select the third example, ‘Malaria’, which is the same data, and
click ‘Submit’ at the bottom of the page.

c CRITICAL STEP Functional enrichment analysis of global metabolomics data requires
permutation tests based on the complete features in order to compute empirical P values to
evaluate the significance of the pathways. Users should provide a peak list or a peak intensity table
containing the complete features detected from the raw spectra processing step, instead of just
significant features. The feature list or table can also be generated by other tools, such as MZmine
or MS-DIAL. Make sure their formats are compatible with MetaboAnalyst. Please refer to the Box
2 for more details on functional enrichment analysis.

21 Perform data integrity check. The data integrity check summarizes the key information of this data.
Note that features containing all zero values or a single non-zero values will be excluded
automatically. This is not uncommon for global metabolomics data with a small number of
samples. Click the ‘Proceed’ button.

22 Data filtering. The data filtering step is used to remove the noninformative variables. Select ‘None’
and click the ‘Submit’ button to keep all features for this dataset. Click the ‘Proceed’ button to the
next page.

23 Perform data normalization. MetaboAnalyst offers comprehensive options for data normalization.
The choice of option depends on the purpose of the data normalization steps; the implementation

Table 2 | Comparison of results obtained using the optimized and the default pipelines from the
example raw spectra (n = 15)

Default Optimized Improvement

Total peaks 4,344 5,113 +17.7%

Isotopes 760 1,274 +67.6%

Adducts 927 1,132 +22.1%

Formulas assigned 632 687 +8.7%

Potential compound matches 1,587 1,803 +13.6%

Variance explained (PC1 + PC2) 76.5% 81.3% +4.8%
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principals are introduced in the previous protocol of MetaboAnalyst32. For the example dataset,
select ‘Log transformation’ and click ‘Normalize’ to perform normalization. Then, click ‘View
Result’ to inspect the normalization results. Click the ‘Proceed’ button to continue.

24 (Optional) Group removal. Functional analysis is mainly designed to detect functional changes
between two experimental groups. If there are three or more groups (e.g., healthy, disease and QC)
in the data table, the QC group should be excluded for analysis. To do this, click the ‘Data Editor’
from the navigation tree. Click the ‘Edit Groups’ tab. Select ‘QC’ from the ‘Available’ box, and move
it into the ‘Exclude’ box by clicking the left arrow. Click ‘Submit’ to finish editing.

c CRITICAL STEP Users need to perform the normalization again after editing data.
25 Parameter setting. The page is organized into two sections: algorithm parameters and library

selection. Two algorithms are available for functional analysis: mummichog (default) and GSEA.
● For mummichog, users could manually specify the P-value cutoff and the version of the
algorithm. The default P-value cutoff is to keep the top 10% peaks, and using mummichog 2.0.
GSEA is a cutoff-free method

● The results can be viewed in a scatter plot or heatmap (available for peak intensity tables only)
● The library selection is based on the organism under study
● The parameter at the bottom of the page is for excluding small pathways—if the number of
compounds is very small, there is usually not sufficient information to allow reliable identification
of the underlying pathways

Here we keep the default options and click ‘Submit’. See Box 2 for more details on the concepts
of functional enrichment analysis.
? TROUBLESHOOTING

26 Pathway activity prediction. The results from the mummichog algorithm are displayed in the
‘Mummichog Pathway Activity Profile’ page. The top half page is an interactive scatter plot with
‘Enrichment Factor’ as x axis and ‘−log10(P)’ as y axis (Fig. 4a).
● Hover the mouse over a point to find out the pathway name and the corresponding statistics
● Click on a point to display the compounds matched to that pathway (Fig. 4b)

In this example, mummichog has identified several fatty-acid-metabolism-related pathways
that are consistent with the literature on the roles of fatty acid metabolism in the pathogenesis of
malaria60,61. User can download the ‘Pathway Hits’ and ‘Compound Hits’ files directly.

Box 2 | Functional enrichment analysis

Functions describe the collective behavior of groups of molecules acting together to complete a task (e.g., lysine degradation). The goal of
enrichment analysis is to evaluate whether the members involved in a particular task show more consistent behaviors (e.g., more changes larger
than normal, or more movements in one direction) compared with random variations. The analysis involves three important concepts.

Enrichment measurement
The simplest approach is to count the number of features that pass a certain threshold (e.g., where the concentrations differ from control by more
than a defined level). On the basis of this criterion, each group member is coded as being either significant or unsignificant, and the goal is to find
groups that have a larger number of significant members than would be expected by random chance. This enrichment measure is used in the
mummichog algorithm. A more nuanced approach is to use ranks where all features are sorted on the basis of certain measurements, and the goal
is to identify groups with more members concentrated at the top or the bottom of the rank scale than expected. This enrichment measure is
employed in GSEA43.

Significance evaluation
To compute how often the observed patterns of change can be obtained by random chance (null model), both parametric and nonparametric
approaches can be used. For instance, P-value calculations in the conventional overrepresentation analysis are often based on hypergeometric
tests or Fisher’s exact tests, assuming that null models follow hypergeometric distribution. In comparison, nonparametric tests such as
permutation tests characterize the null models by summarizing over a large number of the test statistics calculated on the basis of data randomly
drawn from the population under investigation. Both mummichog and GSEA utilize permutations to reach more robust conclusions.

The population or universe
A key assumption in enrichment analysis is that there is a population or universe whose members have an equal opportunity to be measured by the
omics technology. This is problematic for metabolomics where the metabolome coverage is both study and platform specific. The permutation
tests (used in GSEA and mummichog) require users to provide the complete data and address this issue by permutating the features detected
from the current study. In contrast, the conventional overrepresentation analysis is often performed on the basis of the significant features alone
and assumes the background universe is all molecules in the pathways or metabolite sets, which could yield biased results as the current
metabolomics technologies can only measure a small portion of the metabolome. MetaboAnalyst currently allows users to upload a study- or
platform-specific reference metabolome to help mitigate this issue.
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The pathway results are displayed at the bottom of this page. Click the ‘View’ link from the last
column of the table to view all potentially matched compounds (Fig. 4b).

27 (Optional) GSEA analysis. Use the navigation tree to go back to the ‘Set Parameters’ page. Uncheck
the mummichog option and select GSEA algorithm, click ‘Submit’ for further exploration. Different
from mummichog results, GSEA returns a volcano plot with normalized enrichment score (NES) as
the x axis and ‘−log(P)’ as the y axis for scatter plot visualization (Fig. 4c).

28 (Optional) Joint analysis with mummichog and GSEA. To combine results from both algorithms,
select both options from the ‘Set parameters’ page. The results would be a joint scatter plot with
GSEA plotted on the x axis and mummichog on the y axis (Fig. 4d). The P values from both
algorithms are merged with Fisher’s method.

29 (Optional) Network visualization. From the ‘Pathway Activity Profile’ page, click the ‘Network
Explorer’ button, and explore the enriched pathways within the KEGG global metabolic network.

30 Functional analysis of metabolic patterns. Click ‘Set parameters’ from the navigation tree to go back
to the parameter configuration page, select ‘Heatmaps’ as the visual analytics option and click
‘Submit’. As shown in Fig. 5, the page is divided into three vertical sections: Overview, Focus View
and Enrichment Analysis. Overview allows researchers to use the mouse to drag and select peaks of
interest from the Overview to the Focus View and perform enrichment analysis based on the
selected peaks. By default, Overview displays all peaks ranked by their P values and Focus View
shows the significant peaks. Performing enrichment analysis on those significant peaks is equivalent
to the analysis as described in Steps 25 and 26.
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● Here we show how to gain functional insights into peaks showing similar patterns of variations,
similar to the gene co-expression analysis in transcriptomics. First explore different cluster
algorithms (from ‘Cluster peaks’ menu) to perform cluster analysis; visually identify an area with
interesting patterns of variation and select the region by performing drag-select on the Overview
heatmaps for enrichment analysis (Fig. 5)

● Watch the second part video demo of No. 2 (www.metaboanalyst.ca/MetaboAnalyst/resources/
data/8_Video_Tutorial.pdf) to learn how to manually select multiple regions of interest to
compile a composite pattern for enrichment analysis

● All patterns and results can be downloaded easily from the ‘Download’ menu

c CRITICAL STEP The interactive heatmaps run on users’ browser rather than on the
MetaboAnalyst server. Please directly download the images using the ‘Download’ menu at the
current page, as the final Download page will not be able to capture these heatmap images.

31 Result downloading. Click the ‘Download’ node from the navigation tree at the left panel. At the
download page, generate the analysis report, download all results and exit.

Stage 3: pathway-level integration of multiple datasets ● Timing 20–35 min

c CRITICAL MetaboAnalyst provides two approaches to integrate multiple datasets. The first one is the
integration of datasets from different omics layers, and the other method is the integration of multiple
metabolomic datasets. These two approaches are introduced sequentially in this section.

Integration of transcriptomics and targeted metabolomics datasets
32 Starting up. From the MetaboAnalyst home page, select ‘Click here to start’ to access the module

selection page and click the ‘Joint-Pathway Analysis’ to enter the module.
33 Select species. A total of 25 species are currently supported for this analysis. Select ‘Homo sapiens

(Human)’ because the data we are going to use are from a study on human subjects.

Fig. 5 | Functional analysis of manually selected metabolic patterns. This is a screenshot of the heatmap-based functional analysis of user-selected
peak clusters. Users can use a mouse to drag-select one or more metabolic patterns of interest from the Overview (left) to the Focus View (middle).
The functional analysis will be performed on the basis of the selected metabolic patterns. Enriched pathways are displayed (right) with potential
compounds annotated beside the metabolic patterns in the Focus View.
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34 Data uploading. This module accepts two lists from transcriptomics/proteomics (genes or proteins)
and metabolomics (metabolites or peaks). Please refer to ‘Materials’ for more details.
● Open the data (integ_genes_1.txt) with a text editor and copy-paste the text into the gene/protein
list box. Set the ID type as ‘Official Gene Symbol’

● For metabolomics data, the compound list (integ_cmpds.txt) can be entered in the same way as
uploading a gene list, with the ‘Metabolomics Type’ set to ‘Targeted (compound list)’ and the ID
type as ‘Compound Name’.

For demonstration purpose, we will use an example dataset to demonstrate the integration of
transcriptomics data with targeted metabolomics data. Click the ‘Try our example’ link at the
bottom of the page, select the first example, which contains the two files (integ_genes_1.txt and
integ_cmpds.txt) described above. Click the ‘Submit’ button.

35 Data integrity check. The genes and compounds uploaded from the previous step are matched to
the MetaboAnalyst knowledgebase. The unrecognized genes or compounds will be highlighted.
Delete or correct any unmatched items. Click the ‘Proceed’ button when finished.
? TROUBLESHOOTING

36 Parameter setting 1. The ‘Parameter Selection’ page allows users to choose a pathway library and an
algorithm to perform enrichment analysis. Different pathway libraries are offered to allow users
to compare results from integrative analysis with those obtained on the basis of genes or
metabolites alone.
● Select and configure the algorithms from the list of options. These include enrichment analysis
algorithms, topology measurements and integration methods. Here we select the ‘Combined
p values (overall)’ as the integration method. Leave other parameters as default

● Click the ‘Submit’ button to perform integration analysis

c CRITICAL STEP MetaboAnalyst provides four options for integration: (1) combine queries, (2)
combine P values (unweighted), (3) combine P values (overall) and (4) combine P values
(pathway level). The first two options treat transcriptomics and metabolomics equally, even
though the number of genes detected for any given pathway is usually much higher than the
number of metabolites detected. The last two options aim to mitigate this issue by introducing
weights to genes/metabolites based on their proportions at the global level or individual pathway
level. Please refer to Box 3 for more guidance on different integration methods.

37 Explore results from pathway view. The results from the pathway analysis are summarized as an
interactive scatter plot on the left (Fig. 6a). The y axis shows negative log transformed P values from

Box 3 | Multi-omics integration

Multi-omics integration can be generally classified into data-driven or knowledge-driven approaches. Pure data-driven approaches are usually
based on multivariate methods that are quite complex and remain an area of active research66,67. For users without a strong statistical and
computational background, knowledge-based integration coupled with some relatively straightforward statistics is more accessible. For instance,
researchers often perform analysis of individual omics data, and then come up with overall biological interpretations based on these individual
results, joint visualization and literature information. This is a very flexible yet subjective approach, as the background knowledge of the
researchers often plays a key role in the integration and interpretation. MetaboAnalyst implements two relatively straightforward approaches to
support multi-omics integration in the ‘Joint-Pathway Analysis’ module.

Feature-level integration
This is a low-level integration where features are merged directly before enrichment analysis. Such practice is usually restricted to the data from
the same studies. For instance, in LC–HRMS metabolomics, a common practice is to collect spectra from the same samples using both positive and
negative ion modes. The resulting peaks can be directly merged for downstream analysis. If both genes and metabolites are measured from the
same set of biological samples, it is also possible to directly merge them together for metabolic pathway analysis (e.g., using the ‘Combine queries’
option). In this case, cautions must be taken during result interpretation since transcriptomics data tend to produce a much larger number of
significant features, which would dominate the statistics in computing P values.

Pathway-level integration
In this case, different omics features are subject to pathway enrichment analysis within their individual omics universe, and the resulting P values
are then combined via weighted z-tests. MetaboAnalyst offers three options to determine the weights for the p values.
● The first option is ‘Combine p values (unweighted)’, which means P values from pathway enrichment analysis based on genes or metabolites are
treated equally. This may not be ideal as different omics technologies do not offer the same level of pathway measurement

● The second option is ‘Combine p values (overall)’, which applies fixed weights based on the overall proportions of genes and metabolites in the
combined universe across all pathways

● The third option is ‘Combine p values (pathway-level)’, which assigns weights based on the proportions of genes and metabolites at the individual
pathway level

Given the highly exploratory nature of the current approaches for multi-omics integration, users are strongly advised to try different options
together with various visualization techniques to gain a more comprehensive understanding of their data.
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enrichment analysis results. Pathways are further differentiated along the x axis on the basis of their
topological impact values, which are the sums of the normalized degree values (or betweenness
values based on the topology measure specified in Step 36) over all perturbed genes/metabolites in
each pathway.
● Click a data point on the scatter plot; the corresponding pathway will be displayed on the right
panel. Genes/proteins are represented as rectangles, and compounds as circles. The upregulated
features (positive logFC values) are in red, while the downregulated features (negative logFC
values) are in green. The numerical details of the pathway results are provided in the table at the
bottom of the page

● Click the ‘Results Table’ button to download the statistics of all pathways
● Click the ‘Matched Features Table’ button to download the matched genes/proteins and
compounds of all pathways
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38 (Optional) Explore results from network view. Click the ‘Network Explorer’ button from the pathway
view page to explore the integration results from a network view (Supplementary Fig. 2). All
pathways in the left panel can be highlighted on the network. The network view can be exported as
PNG or SVG images.

Integration of transcriptomics and untargeted metabolomics datasets
39 Integration of genes and peaks. Return to the Data Upload page, and select the second example for

integration. This example utilizes the original datasets of the study54. Click ‘Submit’ to submit your
data. Alternatively, users can upload the downloaded gene lists (integ_genes_2.txt) similar as
described in Step 34. For the metabolomics data (integ_peaks.txt), choose the ‘Untargeted (peak
list)’ option; an interface similar to the data upload page in Step 20 will appear. Specify the
parameters, and then click the File Chooser to upload the peak list file.

40 Data integrity check. The sanity check page summarizes the results of the uploaded genes and peaks.
Click ‘Proceed’ to continue.

41 Parameter setting 2. This page provides an introduction on the mechanism of integration as well as
a parameter setting panel.
● Choose which of the two pathway libraries to use—metabolic pathways or all pathways. The latter
option also includes regulatory pathways containing only genes/proteins

● Choose a method to merge P values. There are two options (Fisher’s and Stouffer’s methods); the
difference is that Stouffer’s method attributes different weights when combining p values and is
not as sensitive as Fisher to very small P values

● Set the ‘Sig. peaks cutoff’ as 0.001, and leave the other parameters as default.
● Click the ‘Submit’ button to get the results

42 Results display. The results are shown in Fig. 6b.
● Explore the pathways using the scatter plot on the left. Pathways that are supported by both genes
and metabolite peaks will be located on the top right area of the plot, while those supported
mainly by one type of omics data will be distributed along their corresponding axes

● Click a data point on the scatter plot; the corresponding pathway will be displayed on the right
panel. Genes/proteins in the pathway are rectangles, while compounds/peaks are circles. The
upregulated genes (positive logFC values) are in red, while the downregulated genes (negative
logFC values) are in green. The potential compounds predicted on the basis of matched peaks are
highlighted in dark blue. Clicking a compound node will show all its matched peaks as shown in
Fig. 6b (right). All figures can be re-generated in higher resolutions for download by clicking the
palette icon located at the top-right corner

● (Optional) Explore the pathways from the KEGG network view as described in Step 38

Integration of multiple untargeted metabolomic datasets
43 Uploading and processing multiple global metabolomics datasets.

● Go to MetaboAnalyst module selection page, and click ‘Functional Meta-analysis’ to enter the
module for integrating multiple metabolomics datasets

● Upload and process each dataset (A1_pos.csv, B1_pos.csv, C1_pos.csv) separately using the
table provided

● Click the button of each step to perform data visualization, normalization and identification of
significant features through the corresponding dialogs. The meaning of all parameters here are
consistent with those described in the ‘Functional Analysis’

● For demonstration purpose, we will click the ‘Try Examples’ button and select the first COVID-19
example dataset

● Then, click the ‘Proceed’ button to enter the parameter setting page for functional meta-analysis.
Global metabolomics datasets can be integrated at pathway level by combining P values from
individual pathway analysis results, or at feature level by pooling peaks

● Since the datasets are from different studies, click the ‘Submit’ button in the ‘Pathway-level
Integration’ box to continue

c CRITICAL STEP Pooling peaks should be used only when the peaks are generated from identical
or very similar instruments. A typical use case is to combine peaks generated from both positive
and negative modes by the same LC–HRMS to increase the metabolome coverage.

44 Integration at pathway level. The integration results are shown as a bubble plot (Fig. 7a). Pathways
from all datasets are organized on the basis of merged P values. The bubble sizes are correlated with
their enrichment ratios. The intersections of significant pathways identified across different datasets
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can be explored through an interactive Upset plot, which can easily show the overlap of a large
number of sets by arranging them as bar charts of their frequency. An example output is shown in
Fig. 7b using a P-value cutoff of 0.35. Click on a bar to view the corresponding pathway names in
the right panel.

45 Result Downloading. Click the ‘Download’ node from the navigation tree to finalize the analysis and
download the results.

Stage 4: analyzing metabolomics data with complex metadata ● Timing 20–30 min
46 Starting up. Go to the MetaboAnalyst home page, and select the ‘Click here to start’ button to enter

the Modules Overview page.
47 Locate the ‘Statistical Analysis [metadata table]’ module at the bottom row. Click the module name

to enter the data upload page.
48 Data upload. Metabolomics data and its associated metadata should be uploaded as two separate

files. This protocol uses LC–HRMC untargeted metabolomics data measured in blood plasma
collected from both TCE-exposed and unexposed workers55. TCE exposure has been linked to
multiple types of cancer. The metadata includes the TCE concentration (‘TCE_Exp_Conc’) and the
corresponding exposure level (‘TCE_Exp_Category’), age, sex, alcohol and smoking status, body
mass index (BMI) and analytical batch. Users can upload the files (TCE_feature_table.csv and
TCE_metadata.csv). They are also available as the second example dataset. In this case, select this
example and click ‘Submit’.

49 Missing value estimation.
● On ‘Data Integrity Check’, click ‘Missing Values’ at the middle bottom
● This dataset has lots of missing values, so uncheck the top box to avoid filtering out many of the
metabolites

● For ‘Step 2. Estimate the remaining missing values’, use ‘Replace by LoDs’ as default. Then
click ‘Process’.

50 Metadata checking. The ‘Meta-data check’ page is essential for downstream statistical analysis.
MetaboAnalyst estimates whether metadata are continuous or categorical based on the presence of
strings and the number of replicates for each value. The metadata table shows that MetaboAnalyst
has correctly classified all variables as categorical except for exposure concentration, age and BMI.
The ‘Status’ column shows that all variables pass the integrity check.

c CRITICAL STEP Carefully review the automatic metadata classifications to verify whether
MetaboAnalyst has assigned the correct type. Proceeding with incorrect metadata types can greatly
impact the downstream steps.
? TROUBLESHOOTING

51 By default, the groups will be ordered alphabetically. This may not be ideal. For instance, ‘Low’,
‘Moderate’ and ‘High’ will be shown as ‘High’, ‘Low’ and ‘Moderate’ by default. To address this
issue, we have added support to allow users to manually specify the order for categorical metadata.
Click the ‘Edit’ link for ‘TCE_Exp_Category’ and, in the ‘Order (factor-level)’ tab, change the order
to be ‘Low’, ‘Moderate’ and ‘High’. Click ‘Proceed’.

c CRITICAL STEP It is highly recommended that ‘order’ be manually assigned to variables that have
an inherent order (i.e., low, medium, high) using the ‘Edit’ link. This could lead to more accurate
and interpretable results.

52 For data filtering, leave the default selection. Click ‘Submit’ and then ‘Proceed’.
53 On the normalization page, select ‘Normalization by median’, ‘Log transformation’ and ‘Auto

scaling’ according to the practice of the original publication56. Click ‘Normalize’ and then ‘Proceed’.
Tip: Users are advised to first check if data are already normalized by visualization. For

unnormalized data, start with simple methods (such as log transformation) and gradually apply
more advanced ones if necessary. Although there are no hard rules in deciding the optimal
combination, the data can often give some hints—including clustering patterns of QC samples,
presence of batch effects, etc.

54 Metadata visualization. Click the ‘Metadata Visualization’ link to compute relationships between
metadata variables and visualize them in a heatmap. From the heatmap automatically generated
with default parameters (Fig. 8a), we can see that the two TCE exposure variables
(‘TCE_Exp_Category’ and ‘TCE_Exp_Conc’) are clustered together and appear to have very
similar distributions. This makes sense since one is a derivative of the other. ‘Sex’, ‘Smoking_Status’
and ‘Alcohol_Use’ are clustered together, as are ‘Age’ and ‘BMI’.

NATURE PROTOCOLS PROTOCOL EXTENSION

NATURE PROTOCOLS | VOL 17 |AUGUST 2022 | 1735–1761 |www.nature.com/nprot 1753

www.nature.com/nprot


c CRITICAL STEP Understanding the metadata structure is important for downstream analysis, as
including multiple, correlated variables in a multivariate regression model can lead to parameter
instability. This is something to be aware of before constructing the model and interpreting the
results.

55 Principal components analysis (PCA). Next, we will use PCA to investigate general patterns between
the metabolomics data and selected metadata of interest.
● Click the ‘iPCA’ link in the left navigation panel, underneath the ‘Multi-factors’ heading. By
default, the scores plot will be annotated with the first two metadata

● Examine the separation of samples with respect to each metadata by repeatedly changing the
‘Color based on’ dropdown and clicking ‘Update’. Of all the metadata, the ‘Batch’ metadata
correspond to clear and obvious sample separation along the PC2 and PC3 (Fig. 8b). The 3D PCA
is also updated simultaneously in the ‘Synchronized 3D Plots’ tab

● Rotate or zoom to discover patterns in the score plot (left)
● Double click a feature variable in the loading plot (right) to display a summary of its distribution
with regard to different metadata of interest

Tip: PCA can effectively summarize the overall patterns of variations. PCA combined with
metadata highlighting can quickly help identify main patterns if present in the data. Heatmap is
another effective visualization method that provides detailed feature-level variations. Heatmap
with clustering can complement PCA to provide a more holistic data overview.

56 Differential analysis with covariate adjustment.
● Click the ‘Linear Model’ node in the left navigation panel
● Choose the primary metadata variable. In this case, we are most interested in metabolites
associated with TCE exposure and choose the continuous concentration version (‘TCE_Exp_-
Conc’) rather than the derived categorical version (‘TCE_Exp_Category’)

c CRITICAL STEP It is very important to leave the other TCE variable out of the model. As these
two variables are highly correlated, including both will add little new information and will lead to
unstable model coefficients that are difficult to interpret.

57 Next, we decide which covariates to adjust for by including them in the model. Ideally, if we had an
extremely large sample size, we would add all additional covariates to the model. However, as the
number of variables increases, the statistical power decreases.
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● In this example, add ‘Sex’, ‘Age’ and ‘Batch’ to the model while leaving out the variables that they
are correlated with (‘Alcohol_Use’, ‘Smoking_Status’ and ‘BMI’). If we had a much lower sample
size (i.e., n = 30) and therefore were choosing a single covariate to adjust for, we would pick
‘Batch’, since this variable had the most noticeable association with the metabolomics data in the
PCA plot (see Box 4 for more details on covariate adjustment)

58 Keep the rest of the parameters as default, and click ‘Submit’. Note that there is no reference group
because our primary variable is continuous.

59 Explore the covariate adjustment results. The pop-up message tells us that, after covariate
adjustment, there are 333 metabolites with P < 0.05. As shown in Fig. 9, adjusting for the covariates
improved the significance of the TCE coefficient for many features, ultimately increasing the
number past the threshold from 216 to 333.

60 Click on individual features to see their values across all samples, annotated by the metadata of
choice. The PCA plot (Fig. 8b) showed that the main covariate associated with metabolite variation
is Batch, which has 13 levels. With so many groups, it is difficult to visually identify how adjusting
for the covariates changes the P values for individual features. This would be easier to visualize
where a covariate like sex had more influence.
? TROUBLESHOOTING

61 Click on the table icon at the top right of the plot to enter the ‘Feature Details View’ page. The first
column (after the ‘Name’ column) shows the coefficient(s) in the linear model associated with the
primary metadata. In the case of a continuous variable, the sign of the coefficient indicates positive
or negative association between the primary metadata and that feature, and the magnitude indicates
effect size. For categorial metadata, the sign shows whether that metabolite has a lower or higher
level in the given metadata group, compared with the reference group. Click the ‘View’ button to
visualize their distributions regarding different metadata.

62 Classification using Random Forest.
● Select ‘Random Forest’ under the ‘Multi-factors’ heading on the left navigation panel. We will try
to build a model to predict whether a worker is exposed or not using the Random Forest method

● Select the ‘TCE_Exp_Category’ from the primary metadata dropdown, and click ‘Update’. The
result shows that the algorithm can accurately predict the ‘Low’ category (94/95, error rate 0.01),
followed by ‘High’ (error rate 0.29) and ‘Moderate’ (error rate 0.69). The error rates here might be
slightly different owing to the random nature of the algorithm. The result is not surprising as
‘Low’ and ‘High’ are two extremes with clear phenotypes, while the ‘Moderate’ tends to be
moderated by individual differences in metabolism

63 In exposomics studies, a common objective is to distinguish exposed from nonexposed. We would
like to test the performance for such binary classification task. To do this:

Box 4 | Covariate adjustment

Batch effect adjustment versus removal for omics data
In large-scale omics studies, systematic differences are commonly observed across samples measured at different time periods or locations, which
are often called batch effects. Computational strategies for dealing with batch effects can be put into two types: removal and adjustment. Removal
methods perform batch effect correction before statistical analysis, while adjustment methods include batch variables within the model for
statistical analysis, such that differences associated with batch are accounted for when looking for significant differences associated with the
primary variable of interest. MetaboAnalyst currently supports both approaches; the ‘Statistical Meta-analysis’ module uses the batch effects
removal method based on the well-established ‘ComBat’68, and the ‘Statistical Analysis [metadata table]’ module uses the adjustment method
based on the ‘limma’27 for its better performance especially for small datasets.

Fixed versus random effects for covariate modeling
Variables are assumed to have ‘fixed effects’ if their values can be measured without error, and if the set of values will be the same for all future
studies. These are characteristics typical of most covariates like sex or age, where the sex/age of a sample are known, and future studies will cover
the same sexes/ages. Variables with ‘random effects’ are those that are drawn from a larger population, and where future studies will have
different realizations of values. Standard ANOVA and linear regression models generally use only fixed effects variables; this is the default in most
statistical software. The practical difference between fixed and random effects is that random effects models can perform better when used to
make predictions with new data. However, they also tend to have lower statistical power, are more computationally intensive, and have coefficients
that are more difficult to interpret. For these reasons and especially because models for covariate adjustment are not typically used for future
prediction, we highly recommend that all categorical covariates be modeled as fixed effects even if they fit the criteria for a random effects variable.
In the ‘Linear model with covariate adjustments’ method (under the ‘Statistical Analysis [metadata table]’ module), use the ‘Covariates’ option for
fixed effects modeling, while random effects can be specified using the ‘Blocking factor’ option, if desired.

NATURE PROTOCOLS PROTOCOL EXTENSION

NATURE PROTOCOLS | VOL 17 |AUGUST 2022 | 1735–1761 |www.nature.com/nprot 1755

www.nature.com/nprot


● Click the ‘Metadata check’ on the navigation tree to return to the corresponding page
● Click the ‘Edit’ link for ‘TCE_Exp_Category’
● On the dialog, select ‘Edit (factor-level)’ tab. Update the labels: ‘Not_exposed’ for ‘Low’, and
‘Exposed’ for both ‘High’ and ‘Moderate’. Click ‘Update’. A new metadata will be created
(‘TCE_Exp_Category.1’) appearing at the bottom of the metadata table. This is not very
meaningful. Directly click on this name to enter the editing mode. Update the name to
‘TCE_Exp_Binary’. Click anywhere outside the editing box to save the changes

● Click ‘Skip to Analysis’ to the analysis page
● Select ‘Random Forest’ to enter the previous page. In this case, choose the new metadata
‘TCE_Exp_Binary’ and click ‘Update’

64 View the results. The model is able to correctly classify most workers this time! Note that these
are only the training results, and the model would need to be tested with additional data to
properly validate it. Click the ‘Var. Importance’ tab to see the top features in the model. In addition,
users can explore whether including some metadata such as age or sex could improve
the prediction.

65 Result download. Click the ‘Download’ node from the navigation tree. On the download page, click
‘Generate Report’ to create a PDF report summarizing the analysis. Download the results and
analysis report. Click ‘Exit’ to finalize the analysis.
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Troubleshooting

Troubleshooting advice can be found in Table 3.

Timing

The duration required to execute all steps detailed in this protocol, especially the raw spectra processing,
highly depends on the server load. The expected time for the steps is summarized below.
Steps 1–18, LC–HRMS raw spectra processing: ~2 h, depending on the sample size and server load
Steps 19–31, functional analysis of LC–HRMS peaks: ~20 min
Steps 32–45, pathway-level integration of multiple datasets: ~20 min
Steps 46–65, analyzing metabolomics data with complex metadata: ~20 min

Anticipated results

In this protocol, we show results for several example datasets used in the four main tasks covered in
this protocol. The major outputs generated during the sequential analyses are shown in Figs. 3–9,
Table 2 and Supplementary Figs. 1 and 2. Other results generated during the process are summarized
separately as below.

LC-HRMS raw spectra processing
Raw spectra processing (Step 13) produces a peak intensity table (metaboanalyst_input.csv) and a
peak annotation table (annotated_peaklist.csv). A total of 5,113 peaks have been found in dataset 1
with ‘Auto-optimized’ pipeline, and of these, 2,214 peaks (43.3% of the total) were annotated as
isotopes or adducts. The peak intensity table is directly used in the downstream statistical and
functional analysis to identify significant features and pathways. For researchers who are familiar with
analytical chemistry, the annotation table can be used to narrow down the candidates and design
targeted experiments for tandem MS. BPI, TIC and specific EIC are all generated and downloadable
to show the chromatographical results.

Functional analysis of LC–HRMS peaks
On the basis of the mummichog algorithm, the top significantly perturbed pathways are
related with fatty acid metabolism (Step 26), while the GSEA algorithm also reports some

Table 3 | Troubleshooting table

Step Problems Possible reasons Possible solutions

2 Data upload failed The files are not zipped, or the file names do
not match the metadata

Make sure every spectra file is zipped individually.
The file names must strictly match those in the
metadata file

Data upload stalled or
interrupted

This may be related to the issue of internet
connection

Click ‘Reset’ button from the uploading panel, and
reupload the data. Try to use a high-speed internet
connection

4 The centroid status of all files
is false and cannot be
centroided online

The mzML, mzXML or mzData format is not
standard

Use ‘ProteoWizard’ to redo the data format
conversion and centroiding

10 Data processing failed The algorithm could not find any peaks using
the specified parameters

Use auto-optimized pipeline to find the optimal
parameters for peak processing

16 Redirection to another
module failed

The data format or type is not compatible Choose a compatible module. Download, reformat
and upload the data from the corresponding module

25 Functional analysis failed Very few significant peaks are included for
functional prediction

Increase the P-value cutoff to include more peaks or
try GSEA

35 Genes or compounds cannot
be matched

The ID type is not supported or set correctly
from the data uploading page

Set the correct ID type for the data

50 Metadata status says ‘Low
replicates’

A continuous variable is classified as
categorical owing to presence of a few strings
such as ‘below detection limit’

Replace strings with appropriate numerical values

60 The legend is very large A continuous variable has been incorrectly
classified as categorical

Return to the ‘Metadata Check’ page and change the
relevant type to ‘Continuous’
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amino-acid-metabolism-related pathways (Step 27). The combined approach of GSEA and
mummichog confirms two significant pathways (‘fatty acid oxidation’ and ‘methionine and cysteine
metabolism’, Step 28). All intermediate normalized data, matching compound list and predicted
pathways are available as different tables from the result download page.

Integration of multi-omics data and multiple metabolomics data
Joint pathway analysis of transcriptomics and targeted metabolomics data (the first example, Step 37) reports
seven significant pathways (P < 0.05, y axis). Many of them are located in the top-right area (Fig. 6a),
indicating that many underlying perturbed genes or metabolites are at important positions with high
pathway impact values (x axis). For joint analysis of transcriptomics and untargeted metabolomics data (the
second example, Step 42), 23 significant pathways are reported (merged P < 0.05). The gene/compounds
matching results and mummichog prediction results are available from the result download page. Functional
meta-analysis integrates three untargeted metabolomics data tables. Two amino-acid-metabolism-associated
pathways are reported as significant (merged P < 0.05).

Analyzing metabolomics data with complex metadata
Covariate adjustment results in 333 significant features after adjusting for sex, age and batch
(Step 59). The main figure showing the impact of covariate adjustment can be downloaded in high
resolution by clicking the paint icon to the top right of the interactive scatterplot. Statistical results of
the covariate adjustment are saved in the ‘covariate_result.csv’ file. The Random Forest method
correctly classifies ~99% of nonexposed workers and ~88% of exposed workers (results will vary
slightly each time owing to use of random numbers, Step 64). More detailed results are in the
‘randomforests_sigfeatures.csv’ file.

Reporting summary
Further information on research design is available in the Nature Research Reporting Summary
linked to this article.

Data availability
All example datasets used in the protocol are integrated as example datasets in their respective
modules and are also available for download from the ‘Format’ page of MetaboAnalyst (https://www.
metaboanalyst.ca/MetaboAnalyst/docs/Format.xhtml). There are no restrictions on their use.

Code availability
MetaboAnalyst is freely accessible as a web-based application. The underlying R code is freely
available at GitHub as the MetaboAnalystR (https://github.com/xia-lab/MetaboAnalystR) and
OptiLCMS (https://github.com/xia-lab/OptiLCMS) packages under the GNU General Public License
version 2 or later.
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