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Abstract
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 is part two of four and
provides stepwise instructions on how to use MetaboAnalyst to obtain functional insights from peak list
data.

Introduction
Please see the “Using MetaboAnalyst 5.0 Part I: Optimizing parameters for LC-HRMS spectra processing”
protocol for more general background information.

 

Peak annotation

A typical LC-HRMS spectrum of common bio�uids (such as blood or urine samples) can often produce
over 10,000 peaks. However, a critical point is that this number is not equivalent to the number of
compounds detected. The correspondence between these peaks and the actual metabolites remains
elusive. Many peaks are derived from the same compounds in the forms of adducts, isotopes,
fragmentations, etc. (real or biological peaks), and other peaks may re�ect background noise (artifacts or
noise peaks)38. Therefore, the �rst 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 CAMERA and CliqueMS39,40 which are two popular R packages. The next step is to
assign putative compound IDs to those peaks. This is a challenging task as even with high resolution
instruments, a single peak can potentially match multiple compounds41. 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 compounds and performing enrichment analysis with pre-de�ned libraries of
pathways or metabolite sets42 is well-established for targeted metabolomics data 43,44. Please refer to
many excellent tutorials as well as our previous published protocols28,32. For global metabolomics, since

http://www.metaboanalyst.ca/
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the mapping of peaks to compounds is often inaccurate, researchers often wonder if we can still identify
meaningful functional changes by performing enrichment analysis based on those fuzzy annotations.
This question has been answered by the mummichog algorithm45, 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 word, enrichment analysis
of putatively annotated peaks is a valid approach to identify pathway or network-level changes, as long
as the annotation errors are random. In general, HRMS peaks are preferred as they provide better
coverage of pathways with reduced error rates in putative annotation, as compared to using peaks from
low-resolution MS instruments41.  

Reagents

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.

·     Internet connection requirements: A fast connection is highly recommended.

·     Hardware requirements: >4 GB of RAM and a screen resolution of at least 1200 x 800 is preferred. At
least 8 GB hard drive space is needed to store the raw spectra �les.

Data �les

·     Input Files. MetaboAnalyst accepts multiple data formats for different modules. For raw spectral
processing, the supported data formats include mzML, mzXML, mzData and NetCDF, while other modules
usually require comma-separated values (.csv) or tab delimited (.txt) �le format.

·     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)   A raw spectra data (malaria_raw.zip) consisting of 12 plasma samples from healthy and malaria
semi-immune subjects along with 3 Quality Controls (QC) 53.
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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 COVID-19 patients to demonstrate the integration of multiple global
metabolomics datasets54.

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) 55.

Equipment Setup

(Optional) Download the example datasets. Go to the MetaboAnalyst home page and click ‘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 2: Functional analysis of LC-HRMS peaks (Timing ~ 20min)

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 2nd tier). Click to enter the
module.

20. Data uploading. Users can upload two types of data: a peak list or a complete peak intensity table. In
this protocol, we will use the ‘A peak intensity table’ tab with 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’. Next, locate the data #2 (malaria_feature_table.csv) using the
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‘Choose File’ option and then click ‘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.

Critical Step: 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 signi�cant features. Functional enrichment
analysis of global metabolomics data requires permutation tests to calculate empirical p values to
measure the signi�cance of the pathways. Please refer to the Figure 1 for more details on functional
enrichment analysis.

21. 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 are excluded automatically. This is not
uncommon for global metabolomics data with a small number of samples. Click ‘Proceed’ button.

22. Data �ltering. The data �ltering step is used to remove the non-informative variables. Select ‘None’
and click ‘Submit’ button or click the ‘Proceed’ button to keep all features for this data.

23. Data normalization. MetaboAnalyst offers comprehensive options for data normalization. Different
purposes and implementation principals are introduced in the previous protocol of MetaboAnalyst32. In
this case, we select ‘Log transformation’ and click ‘Normalize’ to perform normalization. Then, click ‘View
Result’ to check and compare the normalization results. Click ‘Proceed’ button to continue.

24. Group removal. Functional analysis is mainly designed to detect functional changes between two
experimental groups. In our case, there are three groups (naive, semi-immune, and QC) in the data table,
the QC group should be excluded. To do this, click the ‘Data Editor’ from the navigation tree. Click ‘Edit
Groups’ tab. Select ‘QC’ from the ‘Available’ box and move it into the ‘Exclude’ box by clicking the left
arrow. Click ‘Submit’ to �nish editing.

Critical Step: Users need to do 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. The default option is mummichog. Users
could manually specify the p-value cut-off and the version of the algorithm. The default p-value cut-off is
to keep the top 10% peaks and using mummichog 2.0. The results can be viewed in a scatter plot or
heatmap (for peak intensity tables only). The library selection is based on the organism under study. The
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parameter at the bottom of the page is to exclude small pathways, because very few compounds usually
do not provide su�cient information to allow reliable identi�cation of the underlying pathways. Here we
keep the default options and click ‘Submit’. See Figure 1 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 Pro�le’ page. The top half page is an interactive scatter plot with
‘Enrichment Factor’ as x-axis and ‘-log10(p)’ as y-axis (Figure 2A). Hovering a mouse on a node shows the
pathway name and the corresponding statistics. Clicking on a node displays the matched compounds
(Figure 2B). Mummichog has identi�ed several fatty acid metabolism related pathways which are
consistent with the literature on the roles of fatty acid metabolism in the pathogenesis of malaria 57-59.
User can download the ‘Pathway Hits’ and ‘Compound Hits’ �le directly. The pathway results are
displayed at the bottom of this page. Users can click the ‘View’ link from the last column of the table to
view all potentially matched compounds (Figure 2B).

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 x-axis and ‘-
log(p)’ as y-axis for scatter plot visualization (Figure 2C).

28. (Optional) Joint analysis with mummichog and GSEA. Users can combine results from both
algorithms by make both options selected 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 (Figure 2D). The p values from
both algorithms are merged with Fisher’s method.

29.  Heatmap-based metabolic pattern analysis. Click ‘Set parameters’ from the navigation tree to go
back to the parameter con�guration page and select ‘Heatmaps’ as the visual analytics option and click
‘Submit’. As shown in Figure 3, the page is divided into three vertical sections – Overview, Focus View and
Enrichment Analysis. Users can use 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, the Overview
displays all peaks ranked by their p-values and the Focus View shows the signi�cant peaks. Users should
�rst perform cluster analysis using different cluster algorithms (from ‘Cluster peaks’ menu) and visually
select any regions of interest for enrichment analysis (Figure 3). Watch the second part video demo of



Page 7/13

No. 2 (https://www.metaboanalyst.ca/resources/data/7_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.

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 �nal
Download page will not be able to capture these heatmap images.

30. (Optional) Network visualization. From the ‘Pathway Activity Pro�le’ page, click the ‘Network Explorer’
button. Users can intuitively explore the enriched pathways within the KEGG global metabolic network.

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

Troubleshooting

Time Taken

Anticipated Results
The top signi�cantly perturbed pathways are related with fatty acid metabolism based on the
mummichog algorithm, while the GSEA algorithm also reports some amino acid metabolism related
pathways. The combined approach of GSEA and mummichog con�rm two signi�cant pathways (Fatty
acid oxidation and Carnitine shuttle). All intermediate normalized data, matching compound list and
predicted pathways are available as different tables from the result download.
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