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Overview

TurbOmics is an intuitive web-based platform designed to facilitate the multi-omics analysis of metabolomics
data alongside proteomics and transcriptomics. It supports both identified metabolites from targeted-based
experiments (LC/CE-MS) as well as those where the metabolite’s identification is available (i.e. NMR or GC-MS).
Additionally, TurbOmics offers tools to putatively annotate features from untargeted metabolomics based on
their mass-to-charge (m/z) ratio by sequentially and internally running CMM and TurboPutative.

The platform provides a streamlined workflow for exploratory data analysis and multi-omics integration,
through three main modules:

• Multi-Omics Factor Analysis
• Pathway Integrative Analysis
• Enrichment Analysis
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Introduction

Background

Multi-omics integration provides a comprehensive 
view of biological systems, but current 
bioinformatics tools struggle to incorporate 
metabolomics data, especially for untargeted 
annotation and for offering alternatives to 
predefined knowledge bases. Moreover, advanced 
integration methods often require programming 
and statistical expertise, limiting their accessibility 
to non-specialist users.

The web application

TurbOmics, is a user-friendly web-based 
platform that enables researchers with diverse 
backgrounds to analyze transcriptomics, 
proteomics, and metabolomics/lipidomics data
using an integrative workflow that includes 
advanced algorithms for multi-omics 
integration, while addressing key challenges 
associated with untargeted metabolomics data. 

Data Formats

TurbOmics uses a structured data frame system 
composed of three types of tables that should be 

provided in TSV format :

i. Experimental metadata (e.g. treatment, sex, 
time);

ii.Omics metadata (e.g. ChEBI ID, gene names, 
annotations, RT, categories)

iii.Omics quantification (abundancies or 
concentrations).

Expected Results

TurbOmics enables users to map biomolecules from 
different omics layer, facilitating biological 
interpretation of multiomics results. Users can 
explore and export data tables and visualize plots 
as results of:

i. Exploratory Analysis

ii. MOFA

iii. Pathway Integrative Analysis

iv.Enrichment Analysis 4



Try TurbOmics GO to https://proteomics.cnic.es/TurboPutative/home
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https://proteomics.cnic.es/TurboPutative/home


Application to multi-omics datasets including 
untargeted lipidomics data

➢ UNTARGTED 
LIPIDOMICS

➢ PROTEOMICS

➢ TRANSCRIPTOMICS
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i. New data upload
To get started, users can upload their experimental data directly from the Main Page. Previous analyses can be accessed using the Find Job field by entering the
corresponding job ID. Once a dataset is loaded, the Results section provides access to a suite of tools for in-depth analysis and interpretation.

Upload the experimental metadata
(e.g., treatment, sex, time). 

First column must contain    sample 
IDs

Upload the metadata from each 
omics dataset (e.g., ChEBI ID, RT, 

UniProt ID, gene name) . 
Rows = biomolecules

Columns = information

Upload the quantifications from each omics dataset (e.g., abundancies, concentrations). 
Rows = biomolecules; Columns = samples IDs

Choose appropriate 
organism

(2)
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Data files upload(1)



ii. Load example dataset
To get started, users can upload their experimental data directly from the Main Page. Previous analyses can be accessed using the Find Job field by entering the
corresponding job ID. Once a dataset is loaded, the Results section provides access to a suite of tools for in-depth analysis and interpretation.

Download
the sample data files

(1a)

(1b)

Load directly the
example

containing the
metadata and 

the quantitative
data from all
omics layers

Choose appropriate 
organism

(2)
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Job ID: UntargetedSamplePaper(1c) 



Example of uploaded untargeted lipidomics dataset by TSV format
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Data format for the three uploaded tables
The consistency and linkage between these tables rely on matching identifiers. Therefore, it is essential that:
▪ The sample identifiers in the first column of the experimental metadata table match the column headers (i.e., the first row) of the omic quantification tables.
▪ The biomolecule identifiers in the first column of both the omics metadata and omics quantification tables match exactly.
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iii. Normalization, scaling and Missing values Imputation
➢ Normalization techniques are used to correct for systemic and technical variations that can obscure biological signals and lead to misleading conclusions.
➢ Different omics datasets often exhibit varying value ranges due to differences in technological platforms and the normalization methods applied during data

generation. These disparities can be addressed standardizing omics data by setting the mean of each biomolecule to 0 and the standard deviation to 1.
➢ Once these parameters are set, the user can launch the analysis > create new job

(3)User can apply
differen type

of
normalization

and scaling

Choose from several 
imputation techniques 

to handle missing values 
in the remaining 

biomolecules

➢ TurbOmics handles missing values independently
for each omic type. This design allows users to
apply different filtering and imputation methods
tailored to the technical and methodological
characteristics of each omics dataset, increasing
the flexibility and robustness of the workflow.

(5)

(4a)
Users can interactively adjust this threshold and observe in 

real time how many biomolecules are retained.

(4b)
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Putative Annotation
TurbOmics provides two alternative approaches for handling putative annotations of metabolite:

a) User-provided annotations: Users can upload a metabolomics metadata table 
that includes identifications or putative annotations previously obtained using tools 
such as MetaboSearch or Ceu Mass Mediator (CMM), optionally simplified with 
TurboPutative (TPMetrics table). Option recommended for larger datasets). 

b) Automated annotation generation: TurbOmics can automatically generate 
putative annotations for all detected features in a metabolomics experiment by 
internally executing CMM and TurboPutative. Option recommended for dataset 
with less that 500 features. 
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https://omics.georgetown.edu/tools/metabosearch
https://ceumass.eps.uspceu.es/
https://ceumass.eps.uspceu.es/
https://proteomics.cnic.es/TurboPutative/webserver


Putative Annotation
To enable automated annotation, users must upload a metadata table containing the m/z, retention time (RT), and ionization mode (positive or negative) for each 
feature. 
CMM compares the m/z values of detected features against in-house libraries and external databases such as HMDB, LipidMaps, METLIN, and KEGG. 
The resulting candidate annotations are then processed by the four modules of TurboPutative: Tagger, REname, RowMerger, and TPMetrics. The final output, 
TPFilter, provides the most likely annotation for each feature and is integrated with the user-supplied metabolomics/lipidomics metadata table. 

Choose the columns label in 
your data that contain m/z, 

retention time (RT), and 
ionization mode (positive or 

negative) for each feature 

(1)
User data matrix

Specify the parts-per-million 
(ppm) tolerances for m/z-based 

searches in CMM

(2)

i. Upload the metabolomics/lipidomics metadata table 
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https://www.hmdb.ca/
https://www.lipidmaps.org/
https://metlin.scripps.edu/auth-login.html
https://www.genome.jp/kegg/


Putative Annotation

Click on the buttons to choose the potential adducts that can 
be formed in the analytical set-up (.i.e. mobile phases) used 
by the researcher

(3)

ii. Select potential adducts for both positive and negative ionization modes
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Putative Annotations
(6)

Select expected RT 
window of features 
generated from the 
same compound and 
ionized with different 
adduct

(4a) (4a)(4b) (4b)

Select the expected RT window of 
features belonging to the same 
compound class (e.g. LPC, CAR)

This option is only available for lipids since they can easily be classified using 
the abbreviations extracted from the Lipid Maps Structure Database (LMSD) 
(Sud et al., 2007) and the Goslin package (Kopczynski et al., 2020) 
incorporated into TurboPutative.

(5)Specify the most 
likely adducts 
formed in MS for 
each compound class 
by entering the 
adduct type in the 
corresponding field.

(5)

iii. Select TPMetric parameters (Turboputative)

RT is used by the TPMetrics module to prioritize annotations based on correlation analyses between features.
These criteria are based on the concept that signals coming from the same molecular entity and those sharing the same biochemical class show a common 
elution behavior in the LC-MS and a similar correlation pattern across the samples. 
➢ Once these parameters are set, the user can launch the analysis > annotate features
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https://www.frontiersin.org/journals/molecular-biosciences/articles/10.3389/fmolb.2022.952149/full#B18


Putative Annotation

Putative annotation 
process is running…

The final results from TPFilter
provide the most likely
annotation for each feature.
This is later integrated with the
metabolomics/lipidomics
metadata table that was
previously supplied by the user
(slide 7) 16

Click “View POS Results” or
“View NEG Results” to
download the putative 
annotation results for

features detected in positive 
and negative polarity mode



Exploratory data analysis: Data Distribution
The Exploratory Data Analysis module provides researchers with an initial overview and visualization of the data uploaded to the platform.
In TurbOmics, exploratory analysis is conducted independently for each omics dataset. 
To support this process, the platform includes two dedicated modules: Data Distribution and Principal Component Analysis (PCA).

Select a metadata category to 
explore the distribution of a 
particular group of samples

This module allows users to 
examine the distribution of 
quantitative data using density 
plots and box plots.

Users can filter a set of 
biomolecules based on a 
specific column from the 
Omics Metadata Table to 

displayed them in the 
density plot
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(1)

(2)

Select the column 
to be displayed 

from the 
Biomolecule 

Table lists (e.g. 
putative 

annotation, 
ChEBI IDs, gene 

name, etc.)

(3)



Exploratory data analysis: Data Distribution
The Exploratory Data Analysis module provides researchers with an initial overview and visualization of the data uploaded to the platform.
In TurbOmics, exploratory analysis is conducted independently for each omics dataset. 
To support this process, the platform includes two dedicated modules: Data Distribution and Principal Component Analysis (PCA).

Click “Download
Normalized Data” to

download the
normalized omics

layer matrix

Click “Data 
Distribution” to
download the
density plot

This module allows users to 
examine the distribution of 
quantitative data using density 
plots and box plots.
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Click “?” for further
information about the

analysis



Exploratory data analysis: Principal Component Analysis (PCA)

TurbOmics computes the first 
ten principal components (PCs) 
and calculates correlations 
between the component scores 
and metadata variables. The 
percentage of variance 
explained by each component, 
along with the p-values from 
the correlations, is shown in a 
color-coded table, allowing 
users to quickly identify 
associations between 
quantitative data and metadata.

Select a metadata category to 
color samples accordingly

Users can visualize and 
filter a specific sets of 

biomolecules
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(2)

Select an 
identifiers from 
the Biomolecule 

Table lists It 
helps users 
track which 

biomolecules 
are currently 

being analyzed

(1) (3)



Exploratory data analysis: Principal Component Analysis (PCA)

Click “Table icon” to download
the PCA table in CSV format
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Click on the
“download

icon” to
download

PCA loading
table

Click on the
“download

icon” to
download

PCA scatter
plot



Multi-Omics Factor Analysis
The Multi-Omics Factor Analysis module enables the unbiased and integrative decomposition of multi-omics quantitative data into latent factors. 
This module is based on the MOFA framework, which identifies latent factors that capture the main sources of variation across the analyzed datasets. TurbOmics
supports the visualization of sample subgroups and shared patterns across different omics layers.

Click “Table icon” to
download the MOFA 
table in CSV format

Select a metadata category to 
classify samples

Users can select 
and visualize a 
specific MOFA 

factor

Color-coded table summarizes the factors computed by MOFA

(2)
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(3)

(1)

https://biofam.github.io/MOFA2/


Multi-Omics Factor Analysis: Feature Loading Analysis
Users can examine the distribution of factor loadings for each omics dataset and select the top-n 
biomolecules with the highest positive or negative loadings for visualization in a heatmap.

(4)
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Multi-Omics Factor Analysis: Feature Loading Analysis

Click “?” for
further

information
about the
analysis

Click on the
“download icon” to

download heat
maps

Select “EXPLORE FEATURE” 
to explore  the top 
positively and negatively 
associated biomolecules for 
the selected factor within 
each omics. 

(5) 23



Multi-Omics Factor Analysis

This table lists the selected biomolecules and provides additional context by displaying 
the average quantitative value of each biomolecule across different sample groups.

➢ Example of ORA (over-representation analysis) of the transcriptomics data within Factor 2 in MOFA

Users can filter the table introducing key 
words in the specific filter's tabs.

Click “EXPORT TABLE” to download feature
table

Click “bar icon” to
hide/show table

Users can change the
filter mode to

visualize the data

Users can sort the data
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Multi-Omics Factor Analysis

To aid in the biological interpretation of MOFA
results, ORA is performed using databases such
as KEGG, REACTOME, and GO. This analysis
helps identify significantly enriched biological
pathways, processes, or functions among the
selected biomolecules.
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By clicking on a category, you can view all biomolecules associated it, 
with the ones selected for the factor highlighted in blue.

➢ Example of ORA (over-representation analysis) of the proteomics data within Factor 4 in MOFA



Multi-Omics Factor Analysis

Click on the “download 
icon” to download the 

enrichment bar plot
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Click on the 
“download 

icon” to 
download 
category 

table

Click on the 
“download icon” to 
download the GO 
enrichment table

➢ Example of ORA (over-representation analysis) of the proteomics data within Factor 4 in MOFA



Enrichment Analysis
This module allows the user to perform Enrichment Analysis using the Gene Set Enrichment Analysis (GSEA) algorithm on each omics dataset independently. Users 
can switch between omics using the navigator bar at the top of the page to explore results for different data types.
If you are working with untargeted metabolomics/lipidomics data, you can choose to perform enrichment analysis using the Mummichog  algorithm.

Users need to provide the 
following additional 
columns from the 
untargeted 
metabolomics/lipidomics
metadata table: Apex m/z, 
Retention Time (min), Ion 
Mode

Users must specify 
the metric used for 
the enrichment 
analysis. Different 
options are available

(1)

(2)

Users can upload custom 
pathways in GMT format, 
enabling the integration of 
personalized metabolite-
based pathway definitions 

Optional

Untargeted Lipidomics Data

27
(3)



Enrichment Analysis: example using untargeted lipidomics data

Results of the Enrichment Analysis can be explored, providing insights into the biological pathways, processes, or functions that are significantly associated with
the conditions or experimental groups in the study.

Click “EXPORT ALL DATA” to download the
enrichment table
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Enrichment Analysis: example using proteomics data

Users need to specify the 

column in their proteomic 

metadata table that contains 
the biomolecule identifiers.

Users must specify 

the metric used for 

the enrichment 
analysis.

(3)

(1)

(2)
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Click “EXPORT ALL DATA” to
download the enrichment table
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✓ For Pathway Integrative Analysis see slides 36-40 of the present tutorial



Application to multi-omics datasets in a COVID-19 study,
including targeted metabolomics data

➢ TARGTED 
METABOLOMICS

➢ PROTEOMICS

➢ TRANSCRIPTOMICS
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Load example dataset
To get started, users can upload their experimental data directly from the Main Page. Previous analyses can be accessed using the Find Job field by entering the
corresponding job ID. Once a dataset is loaded, the Results section provides access to a suite of tools for in-depth analysis and interpretation.

Download
the sample data files

(1a)

(1b)

Load directly the
example

containing the
metadata and 

the quantitative
data from all
omics layers

Choose appropriate 
organism

(2)
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✓ For Normalization, Scaling and Missing Values Imputation see slide 11 of the present tutorial



Putative Annotation

In this example, metabolites identification are already provided
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✓ For Exploratory analysis see pp.17-20 of the present tutorial

✓ For Multiomics Factor Analysis (MOFA) see pp. 21-26 of the present tutorial

✓ For Enrichment Analysis see pp. 27-29 of the present tutorial



Pathway Integrative Analysis
This section leverages the PathIntegrate library to identify pathways that are most strongly associated with a condition of interest. By using single-sample
pathway analysis (ssPA) approaches, PathIntegrate transforms molecular-level abundance data into pathway-level matrices, enabling a more comprehensive
understanding of how different pathways contribute to the observed biological outcomes. In this implementation, Principal Component Analysis (PCA) is used for
summarizing the data at the pathway level.

(1)

36

➢ Single-View Framework

Single-View approach computes more comprehensive 
pathway scores, using Partial Least Squares Discriminant 
Analysis (PLS-DA) on a single pathway-level matrix that 
combines information from all omics

(2)
Optional

(3)

Select the Identifiers for each
omics layer to use in the pathways

analysis

Users can upload custom 
pathways in GMT format, 
enabling the integration of 
personalized metabolite-
based pathway definitions 

Specify the comparison groups to be 
considered in the pathways analysis
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Pathway Integrative Analysis
➢ Single-View Framework results

R-squared (R²) value representing the proportion of variance in the response 
variable explained by the model. An empirical p-value is, calculated by 
performing ten permutations on the response vector (y) and comparing the 
simulated R² values with the actual one. The minimum p-value that can be 
obtained is 0.1, reflecting the reliability of the model.
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Pathway Integrative Analysis
➢ Single-View Framework results

Click on the “EXPORT 
TABLE” to download the 

results tables: 
a) Pathways analysis 
model with statistical 
summary
b) Relevant Pathway 
displaying the pathways 
most strongly associated 
with the outcome;
c) Pathways exploration,  
with  biomolecules 
associated with a specific 
pathway

a)

b) c)
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Pathway Integrative Analysis
➢ Multi-View Framework

Multi-View approach employs a multi-block partial least squares (MB-
PLS) latent variable model. It preserves the block structure of each 
omics view, enabling you to see the contribution of each omics dataset 
to the prediction of the outcome variable.

(1) (2)
Optional

(3)

Select the Identifiers for each omic
layer to use in the pathways

analysis

Users can upload custom 
pathways in GMT format, 
enabling the integration of 
personalized metabolite-
based pathway definitions 

Specify the comparison groups to be 
considered in the pathways analysis



Pathway Integrative Analysis
➢ Multi-View Framework results
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Click on the “EXPORT 
TABLE” to download 

results : 
a) Pathways analysis 
model with statistical 
summary;
b) Relevant Pathway 
displaying the 
pathways most 
strongly associated 
with the outcome;
c) Pathways 
exploration with  
biomolecules 
associated with a 
specific pathway

b1)

c1)

b2)

c2)

a)



Pathway Integrative Analysis
➢ Multi-View Framework results
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b2)

c2)
Click on “PLOT HEATMAPS” to
show heatmap visualization of 

biomolecule abundance or 
quantification values associated 

with the selected pathway



Summary

TurbOmics
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For additional details and explanation, please visit:
https://proteomics.cnic.es/TurboPutative/turbomicshelp

If you have any questions, please contact us:
metabolomics.cnic@gmail.com

▪ TurbOmics is an intuitive web-based platform designed to
facilitate the multi-omics analysis of metabolomic/ lipidomics
data alongside proteomics and transcriptomics.

▪ It supports both targeted experiments and those where
metabolite identification is available (e.g., LC/CE-MS/MS, NMR or
GC-MS data).

▪ Additionally, TurbOmics offers tools to putatively annotate
features from untargeted metabolomics based on their mass-to-
charge (m/z) ratio.

▪ The platform provides a streamlined workflow for exploratory
data analysis and multi-omics integration through i) Multi-Omics
Factor Analysis, ii) Pathway Integrative Analysis and iii)
Enrichment Analysis.

▪ Users can upload their experimental data directly from the Main
Page. Previous analyses can be accessed using the Find Job field
by entering the corresponding job ID.

▪ Once a dataset is loaded, the Results section provides access to a
suite of tools for in-depth analysis and interpretation where users
can explore and export data tables and visualize plots of the
results.

https://proteomics.cnic.es/TurboPutative/turbomicshelp

