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Exercise 1: Metabolomics Data Processing and Analysis Workshop

Exercise 1: Overview

In this exercise you will be given a dataset from an untargeted metabolomics project and you are
asked to process the data to prepare it for statistical analysis and then perform statistical analysis to
answer a series of questions. The data table you are given has been compiled from individual LC-MS
data files from the analysis of IDH1 mutant and IDH1 wild type glioblastoma cells. Please follow the
step by step guide and answer the questions as you progress. We will discuss the results at the end of
the exercise.

If you are using MetaboAnalyst for the first time please go through the exercises step by step. This
includes screen shots demonstrating how to perform the analysis and display the results. If you have
used MetaboAnalyst previously and feel you are sufficiently proficient you can attempt to complete
the exercise without the aid of the step by step guide. The questions guiding you in this case start on
the penultimate page of this document (page 25) and you can jump to there to complete the exercise
and questions.

If you get stuck or have any questions along the way please put up your hand and those running the
course will come and help.

To complete this exercise, you will need:

1. Access to MetaboAnalyst online which can be accessed here:

https://www.metaboanalyst.ca/MetaboAnalyst/home.xhtml
2. The data table for this exercise: ‘Exercisel_DATA_MA.csv’.
3. These instructions to follow.

You should have already downloaded the data table for Exercise-1: Data Processing and Statistical
Analysis if not you can find it on the Microsoft Teams site for the course (under the channel called ‘4.
Data files on Teams). The data file for Exercise 1 is called ‘Exercisel_DATA_MA.csV’. Please make
sure you download a copy of this data file to your local computer before starting the exercise. You
may find it useful to have a hard copy of this exercise sheet or have it open on a separate screen when
using MetaboAnalyst to perform the data processing and analysis.
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Step by step guide (including screen shots)

Please follow the step by step guide below to analyse the dataset
you are given and create a data analysis report in MetaboAnalyst.
You will then have some questions to answer about the results (if
you are an experienced MetaboAnalyst user you can go straight the
list of talks which are given on the last page of this document).

Step by step guide:

copy the .csv file called ‘Exercisel_DATA_MA.csVv’ to your local computer.
Open MetaboAnalyst https://www.metaboanalyst.ca/
3. Select: >>click here to start<< which will open up the pyramid of modules (see

Figure 1 below).

<« c @ © @ ntps metaboanalyst.ca/Metab: St/M ) | e O Yinog@R =

=! 5.0‘ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

Module Overview

Input Data Type Available Modules (click on a module to proceed, or scroll down for more details)

Raw Spectra
ML, mz LC-MS Spectral Processin

A MS Peaks
tor

MstaboAnalystR Annotated Features

Other Utilties

Statistical Analysis

Figure 1: Pyramid of modules in MetaboAnalyst.

4. Select ‘Statistical Analysis’ (bottom left hand side) which will open up a window
where you can upload your .csv dataset. Upload your .csv file using the settings as in
Figure 2 below. l.e. select ‘peak intensity table’, ‘samples in columns unpaired’ and
by browsing to the location of your .csv data file called: ‘Exercisel_DATA_MA.csv’
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5. Then click on submit to the right hand side (ignore Try our test data below but this
may be of interest to explore yourself after the workshop).

ﬂ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

ﬁi Please upload your data

- : A plain text file (.txt or .csv):

» Processing

Mormalization i Data Type: t .
» Statistics Format:
Dawnload
N Data File: Browse.
Exit

A mzTab 2.0-M file (.mzTab): @

Feature Type # Chemical name Theoretical neutral mass
= B Submit
Data File: Browse... | Nofile selected.
A compressed file (.zip):
Data Type: ® NMR peak list MS peaklist
Data File: Browse... | Nofile selected. Submit
Pair File: Browse... | Mofile selected.
A dataset from Metabolomics Workbench: @
Study ID: 5T001301 Submit

Try our test data

Data Type Description

Metabolite concentrations of 77 urine samples from cancer patients measured by 1H NMR

@ Concentrations
- Eisner R, et al.). Group 1- cachexic, group 2 - control

Metabolite concentrations of 39 rumen samples measured by proton NMR from dairy
Concentrations cows fed with different proportions of barley grain (Ametaj BN, et al.). Group label - 0, 15,
30, or 45 - indicating the percentage of grain in diet.

Binned 1H NMR spectra of 50 urine samples using 0.04 ppm constant width (Esihogjos

NMR spectral bins
NG, et al.) Group 1- control, group 2 - severe kidney disease.

Peak lists and intensity files for 50 urine samples measured by 1H NMR (Psihogios NG,
etal). Group 1- control; group 2 - severe kidney disease

NMR peak lists

Compound concentrations of 14 urine samples collected from 7 cows at two time points
Concentrations (paired)
using THNMR (unpublished data). Group 1-day 1, group 2- day 4.

Figure 2: Data upload page under ‘Statistical analysis’ in MetaboAnalyst

6. If you get an error at this point it is likely that the file extension is not correct (should
be .csv) or that there are duplicate entries in the list of compound
features/descriptions, or that the headers are not correctly formatted. This should
not happen with the dataset provided (unless it has been modified) but is something
to watch out for when submitting a new data file for the first time.

7. Upon successful upload a ‘Data Integrity Check’ screen will appear. This confirms
criteria have been met that enable the data to be analysed effectively. These include
data formatting and replacement of zero values with a positive minimum value. Here
alternative zero value imputation approaches can be accessed and explored. In this
case you don’t need to select anything and you can press ‘Submit’ followed by
‘Proceed’.
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8.

The ‘Data Filtering’ page: This is used to identify and remove variables that hinder
the identification of biologically important signals. For example:

1) Very small values (close to baseline or detection limit).

2) Variables that are constant across conditions.

3) Variables that show low repeatability using %RSD for example.

4) The dataset is reduced is size for ease of processing and analysis.

Accept the default (IQR), select ‘Submit’ followed by ‘Proceed’ (Figure 3)

sE 5.0 ’ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

iﬁ Data Filtering:
om0 | ! The purpose of the data fitering is o identify and remove variables that are unlikely to be of use when modeling the data. No phenotype information are used in the fitering process, so
Gateal : the result can be used with any downstream analysis. This step is strongly recommended for untargeted metabolomics datasets (ie. spectral binning data, peak fists) with large number
- Fr% of variables, many of them are from baseline noises. Fitering can usually improve the resulis. For detalls, please refer to the paper by Hackstadi, et al
Nissimg valuid Non-informative variables can be ized in three groups: 1) variables of very small values (ciose to baseline or defection imi) - these variables can be defected using mean or
pataiiter : median; 2) variables that are near-constant values throughout the experiment conditions (housekeeping or homeostasis) - these variables can be detected using standard deviation
=y (5D, or the robust estimate such as interquantiie range (IQR); and 3) variables that show low repeatability - this can be measured using QC samples using the relative standard
deviation(RSD = SDimean). Features with high percent RSD should be removed from the subsequent analysis (the suggested threshold is 20% for LC-MS and 30% for GC-MS). For data
i fitering based on the first two categories, the folowing empirical rules are applied during data fitering
+ Statistics
Bowmioad « Less than 250 variables: 5% wil be fikered;
« Between 260 - 500 variables: 10% wil be fitered;

Exit
I « Between 500 - 1000 variables: 25% wil be fitered;

« Over 1000 variables: 0% will be fitered;

Please note, in order to reduce the computational burden to the server, the None option is only for less than 5000 features. The maximum allowed number of variables is 5000. For powier
analysis, the max number is 2500 to improve powrer and to control computing time. Over that, the QR fiter wil stil be applied to keep only top maximum features, even if you choose None
option

Filtering features if their RSDs are > 25 % in QC samples

ires)

$Standard deviation (SD)

Median absolute deviation (MAD)

Relative standard deviation (RSD = SD/mean)
Non-parametric relative standard deviation (MAD/median)

Mean intensity value

_ Median intensity value

Submit Proceed

Figure 3: Data Filtering screen

Normalisation Overview page (Figure 4): This page enables three data operations:
1) Normalisation (ensures sample abundances are comparable across experimental
groups).

2) Transformation (ensures the data is not heteroscedastic).

3) Scaling (ensures the data points are on the same scale).

These are essential operations that ensure effective statistical analysis using
subsequent univariate and multivariate statistical tools. The most appropriate
combination is dataset dependent and can be compared using the box and density
plot output (under ‘View Result, see Figure 5).
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For this exercise select ‘Normalisation by sum’ for normalisation, ‘log
transformation’ for data transformation and ‘Pareto scaling’ under Data scaling as
shown in Figure 4.

ﬁ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

Normalization overview:

The normalization procedures are grouped into three categories. The sample normalization alows general-purpose adjustment for differences

la

among your sample; data transfarmation and scaling are two different approaches to make individual features more comparable. You can use one

+ Processin
£ or combine them to achieve better resuls.

Fold change
Sample Normalization
THest
Volcano plot : _ None
ANOVA _ Sample-specific normalization (i.e. weight, volume) Specify

Correlations ‘@ Normalization by sum

DSPC network
_ Mormalization by median

PatternHunter |
. ' _ Normalization by reference sample (PQH) Specify
PLSDA i _ Mormalization by a pooled sample from group Specify
SPLSDA _ Normalization by reference feature Speciy
SERIRE SO _ Quantile normalization
SAM
EBAM ; Data transformation
Dendrogram tone
Heatmap
6 @ Log transformation (generalized logarithm transformation or glog}
1
)
K-means _ Cube root transformation (takes the cube root of data values)
RandomForest
Data scaling
SyM
Download ) Nonc
Exit ; _ Mean centering (mean-centered only)

_ Auto scaling (mean-centered and divided by the standard deviation of each variable)
@ Pareto scaling (mean-centered and divided by the square root of the standard deviation of each variable)

_ Range scaling (mean-centered and divided by the range of each variable)

Normalize

Figure 4: Data normalisation, data transformation and data scaling page.

10. Select ‘Normalise’ as the bottom of the screen.

11. Then select ‘View result’ to see the effect of the data scaling via box plots and density plots
shown in Figure 5. The aim for transformation and scaling is to achieve a centralised
Gaussian plot and for the box plots to show that the data is on a similar same scale after as
shown in Figure 5. This can be verified visually and the main purpose is to ensure the
requirements of a roughly normalised distribution of data are met for subsequent statistical
analysis (for example using a student t-test where its assumed by the statistical process).
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Before Mormalization

After Normalization
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Figure 5: Look for a Gaussian density plot after ‘Normalisation’ (somewhat confusingly they mean
after transformation and/ scaling’ and not just ‘normalisation by sum)

[Note: you can use (non-hierarchically clustered) heat maps (found in the statistical analysis section,
see Figure 6 below) to assess the effect of different data-driven normalisation approaches (by sum
above). This is usually a good practice as it gives you a visual overview of the entire dataset and
allows you to inspect and verify the effect of the data processing parameters (e.g. compare their
effects). Figure 6 shows three examples with Normalisation by Sum the most effective in this case.
Comparing the effects of normalisation visually via heat maps is usually sufficient to assess which is
most appropriate. It can be seen from the PCA plots in Figure 6 that data normalisation can have a
significant effect on the way data clusters using unsupervised multivariate approaches (note these
examples are from a different dataset for illustration only and you don’t need to perform these
three additional normalisations for comparison for this exercise). You should move on to section
11 when ready to continue).
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No normalisation Normalisation by sum Normalisation by median

| —|
-
=
—
—
i ] ] ’ L
! ) ’
S . o Data
. ,.'. normalisation ’ o 8° e
: ° 3 ° °
o & ° : approach used : .

Figure 6: Visually comparing normalisation approaches using non-hierarchically clustered heat maps and
PCA plots shows the effect data normalisation is having on your dataset.

12. Select ‘Proceed’. The ‘Select an analysis path to explore’ page opens and various
types of data analysis tools including univariate, multivariate, clustering and
classification analyses are available. We will start with univariate statistical analysis
of the dataset and ‘Fold-change Analysis.

13. Fold-change Analysis: Select this and now the left-hand pane lists all the statistical
analysis tools available starting with ‘Fold Change Analysis’ highlighted in blue. The
main page shows a graph with the default fold-change threshold of 2. Each circle is a
compound feature; those in grey have a fold-change <2 and those in red/blue >2
(both increases and decreases in abundance between the two experimental groups,
Figure 7). Note you can alter the fold-change threshold and doing so followed by
submit will update the graph you can repeat this as many times as you like but
whatever the final choice made will be the result saved in a list and incorporated
automatically in the MetaboAnalyst report at the end of the data analysis process
(this exercise). You can also click on a circle and a box plot will be provide for that
particular compound-feature. Select a fold change of threshold of 2 and submit.
Question: How many compound-features with a fold-change >2 are elevated in
mutant samples and how many have a fold-change<2?
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MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

i
I}

Fold Change (FC) Analysis

The goal of fold change (FC) analysis is to compare the absolute value of change between two group means. Since column-wise normalization (i.e. log transformation and

Ia

wvarious scaling) will significantly change absolute values, For unpaired analysis, FCs are calculated as the ratios between two group means using data before column-
» Processing wise normalization was applied. For paired analysis, FCs are calculated by computing the ratio between paired samples, (i.e. one FC per pair), and then compute their
_ means (i.e. pair means). The significant features are those features whose FCs are beyond the given FC threshold (either up or down).
oty i
T-est E Fold change threshold: 2 Submit
Volcano plot : Direction of comparison: MutantWild-type -
ANOVA :
Correlations E
DSPC network : = )
PatternHunter |
. ; [ sia.Down [745] [——] Sig.Up [420] Unsig. [3450]
: 15
PLSDA H
H 9.26_360.0722m/z
sPLSDA H ™ 14
H 10 | o .
OrthoPLSDA .
SAM : : ] ‘ % |25 58 os
EBAN 1 o® F8 o glaloy o 280002 " 0
; o B Rl St aucsle o bl i
Dendrogram H -~ 0 0% )
H o 00
Heatmap H N L - " 5 .
D
SOM 5 s
K-means % @ 08 . .
RandomForest -10 -
i o -] L
SUM H u 10
H -15
Download @ ° & <
Exit
H 20
H 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Fealures

Figure 7: Fold-change analysis: blue and red circles show a fold-change >2.

14. Next, we will investigate the statistical significance of compound-features by
selecting ‘T-test’ and determining p-values. A new graph will appear with additional
options at the top (see Figure 8).
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gg 5.0 ’ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis
ﬁ Two-sample t-tests & Wilcoxon rank-sum tests
For large dala set (> 1000 variables), both the paired information and the group variance will be ignored, and the default parameters will be used for Hests to save computational
[Upload) time. If you choose non-parametrictests (Wilcoxon rank-sum test), the group variance will be ignored.
» Processing
Normaiizaton] ReiiTpes
- Group variance: Equal -
- Non-parametric tests: A
Volcano plot
P-value threshold: 0.05 Raw (@ FDR
ANOVA -
Correlations
DSPC netwark
PatternHunter B & R @
PLSDA ! [ significant 524] Unsignifcant [3991]
20
SPLSDA
OrhoPLSDA 5
SAM : 16
EBAN ]
" 3
Dendrogram T J
Heatmap 5 ”
i
SOM z 10
E
K-means s [} P
5 8 :
RandomForest 2 2 °,
6 . 4
] & <A Q K
Download 4|, d T, @ £ o 8
"o o & &8
Exit 3 -} - 5 B o %
0

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Fealures

Figure 8: T-tests (and multiple testing by false-discovery rate (FDR))

The FDR-adjusted p-value threshold is set to 0.05 by default. It is also possible to select
parametric on non-parametric t-tests here depending on your dataset. For the purposes
of this exercise keep the default values. You will see there are a lot of significant
compound-features. See Box 1 for further notes on univariate and multivariate analysis
of the data. The output report at the end will pick up the processed data from whichever
tabs have been selected in the list on the LHS.

Note for univariate statistical analysis using data compiled from multiple methods: (T-test,
volcano plot etc) the ranking of metabolites is based solely on p-value and fold-change. I.e.
where compound-features are treated as independent variables. Hence it does not matter
what kind of scaling you use for this output or how many different LC-MS methods you have
combined. This is worth noting for some studies where a range of LC-MS methods have been
used to gain greater metabolite coverage. It is important to correct the p-values for multiple
testing by using the FDR-adjusted p-value and not simply the p-value. This is because the t-
test will not be testing a single hypothesis when applied to the entire metabolomics dataset
but rather many hypotheses, as many as there are compound-features.

10
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Note for multivariate statistical analysis using data compiled from multiple methods: For
the ranking produced from this type of analysis (VIP scores for example) the scaling makes a
significant difference to the ranking of the metabolites. This is because multivariate methods
link patterns between variables as well as uses p-value, fold change etc. This means that
differences in absolute abundance between metabolites can be a factor in their ranking using
VIP scores unless the data is transformed and scaled appropriately). Different Transformation
and Scaling approaches can help to highlight different characteristics of the data and are
therefore useful for different applications. This can be explored in more advanced analysis
settings but it is important to remember that the scaling and transformation largely affects
the multivariate statistical analysis and not the univariate analysis.

Box 1: Notes on univariate and multivariate analysis of the data

15. Next select ‘Volcano plot’ and adjust ‘Fold-change’ to 2.0 and ‘p-value threshold’ to
0.05 and select FDR-adjusted (see Figure 9). Then click on ‘Submit’. Note that the
most important compounds-features in a volcano plot of FC and p-value will be at
the top right and top left of the graph. In the example there is compound-feature at
the top right-hand side (circled in red on Figure 9). Left click on this data-point to
bring up a box plot for that particular compound-feature (this can be done for any
feature visible). This is all you need to do to add the data in this section to your
report for this exercise, however, if you want to output figures for presentations or
publications take note of the following:

11
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sEs.ﬂ ‘ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis
& Volcano Plot
il
The volcane plotis a combination of fold change (FC) analysis and t-tests. Please refer to the FC or IHests analysis page for detailed explanation of the corresponding
- parameters and result interpretation.
+ Processing
'- Plot label: ® Yes No  (usedfor download image only)
Fold change ;
T : Fold change (FC) threshold: 2.0 min value is 1 indicating no change:
J . T < =
e Direction of comparison Mutant/Wild-type Submit
Correlations
Non-parametric tests
DSPC network
PatternHunter ] Y.axis Pvaluethreshold:  0.05 | Raw (@ FDR
PCA Group variance Equal -
PLSDA
sPLSDA
OrthoPLSDA 7]
SAM
EBAM [ sio.Down [181] ] Sigup(53] Unsig, [2265]

SOM 2.Hydroxyglutarate

o -

Dendrogram 1 k:
Heatmap :
14
s

K-means
RandomForest
SVM

Download

Exit

Hog10(p)

log2(FC)

Figure 9: A volcano plot of p-value and fold-change values enables selection of only those compound
features that have statistically significance differences in abundance above a selected fold-change value.
These can be determined based on parametric or non-parametric tests as well as equal or unequal group
variance.

By clicking on the artists palette at the top right of the plot this will take you to details
for downloading high quality images for presentations and publications (this can be
done for most of the statistical outputs which is useful for presentation and creating
figures). For a quick screen grab you can right click directly on the image and copy/paste
into an appropriate software such as PowerPoint for example.

16. Click on the Excel icon next to the pallet (top right of volcano plot) and note the
highest ranked metabolite. What is the name of the two highest ranked identified
metabolites? Select ‘view’ next to each to see a box plot for that metabolite.
Which feature is elevated in ‘Mutant’ cells and which is depleted?

17. Ignore ‘ANOVA’ and ‘Correlations’ for the purposes of this exercise and next select
‘PatternHunter’. Type ‘2-Hydroxyglutarate’ into ‘feature of interest’ box (see Figure
10). Keep all the other defaults and then click on ‘Submit’. A list of compound-

12
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features that are positively and negatively corrected with 2-Hydroxyglutarate will be
displayed. You can do this of any compounds-feature you like (need to make sure the
name is exactly as it appears in the data table submitted).

18. What are the accurate mass values of the two compound-features that are
positively correlated with 2-hydroxyglutarate?

=E 5.0’ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis
ﬁ Pattern Search
Correlation analysis can be performed either against a given feature or against a given pattern. The pattern is specified as a series of numbers separated by . Each
- number corresponds to the expected expression pattern in the corresponding group. For example, a 1-2-3-4 pattern is used to search for features that increase linearly with

» Processing ‘ time in a time-series data with four time points (or four groups). The order of the groups is given as the firstitem in the predefined patterns.

* afeature ofinterest  2-Hydroxyglutarate
Fold change

3 Define a pattern using: _ apredefined profile:  Mutant-Wikd-type -
THest 3
- _ acustom profile, Submit
ANOVA !

Choose a distance measure: Pearsonr %
Correlations

DSPC network :

PatemHunter | B ®
PCA :
PLSDA : Top 25 peaks(mzirt) correlated with the 2-Hydroxyglutarat
SPLSDA ]

2-Hydroxyglutarate

OrthoPLSDA 1049 14b.0138m/z
| 20.78_226.9958m/z

SAN : 2157 150.5217m/z
EBAM | 21.57_418.0308m/z
3 21577107 5217mlz
Dendrogram : 2157 _385.6060m/z
: 2157_173.0084m/z
Heatmap i .52 231.0270m/z
sou ! 2169 154.0505m/z
; 2157_120.0286m/z
K-means ] 2157_150 5269m/z
p 2157 213.0636m/z
RandomForest | 21.57_160.0286m/z
svh i 2157 128.5260m/z

2157_108.0401m/z

Download

2157
| Beta-Citryl-L-glut
Exit 21.57_216.0506m/z
B — | 21.57_137.5321m/z
Oxoadipic acid
2157_172 0610m/z
21.57_302 0518m/z
21.69_128.0713m/z
19.02_160.0610m/z

T T T T
10 05 00 05 10

Correlation coefficients

Figure 10: PatternHunter uses correlation analysis (Pearson r coefficient) to identify compounds-features that
are highly correlated and anti-correlated with a selected feature.

19. Explore possible identities for these two compound-features: Open a new webpage
and navigate to https://hmdb.ca/. The Human Metabolome Database is a very

useful repository of all compounds found in the human metabolome (includes
endogenous and exogenous metabolites.
a. Click on ‘Search’ and then ‘LC-MS Search in the dropdown menu (see figure
11)

13
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b. Complete the information required: put the accurate mass (e.g. to all 4
decimal places) in the ‘Query masses’ box on the left-hand side and then
update the information on the right-hand side appropriate to the experiment
(see figure 12). Select ‘Search’

c. What are the suggested putative identifications for both compound-
features? (how many for each).

Bbome fesudo  Watestone: Bei-he Bovi-me Ben-Te ¢ Tepage X Oerb % Thepsge  Elpoteows Tioinie B GaMe: EoaMn B eave Biocile [ locie  ® Mesbor | Humix |+ - s

x

LC-MS/MS Search
GC-Ms S
NMR Sear

Le-MS CMM Search (New)

- - Browse Metabolites » »
L
Learn More 3 >
h m d b [batisewiny

The Human Metabolome Database

Welcome to HMDB Version 5.0

itp://bmd calspecta/ms/search Database (HMIDB) is a freely available electronic atabase containing detailed information about small molecule metabolftes found i the human body. It s intended to be used for p—

Figure 11: The Human Metabolome Database (https://hmdb.ca/) is a very useful online repository of all
compounds linked to the human metabolome and can be used to search for putative identification based on
accurate mass data.
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Figure 12: complete the information requested and add the accurate mass query in the box on the left-hand
side.

14



Exercise 1: Metabolomics Data Processing and Analysis Workshop

20.

21.

Next select ‘PCA’. The overview slide provides small graphs of up to the first 8
principle components. Select the ‘2D scores plot’ output (along the top) (see Figure
13). Note there is a radio button to add labelling of variables. Select it and click on
‘update’. This should provide you with an update plot where the sample names are
visible (this can be useful to identify outliers).

Loadings plot: select the ‘Loadings Plot’ (next tab along). the Excel icon, next to the
pallet for downloading images, enables the list of features to be downloaded as well
as box plots.

PCA plots are often used to identify outliers and any problems associated
experimental design rather than provide direct insights into biological context itself
although, as in this case, when significant differences in metabolome composition
are present this is often reflected in the PCA plot. This however, is not always the
case as PCA is an unsupervised multivariate statistical tool which simply provides (a
very useful) projection of the full dataset. You will often see it presented in the
scientific literature as a way to show that two group can be differentiated. There is
nothing wrong with this but need to be clearly demonstrated that this is due to
biologically-derived differences and that it should be kept in mind that biologically
relevant changes may not be picked up in a PCA plot if less important differences
predominant (e.g. sampling bias or a large amount of biological variability or
heterogeneity). PLS-DA and OPLS-DA are on the other hand similar vector-based
approaches but supervised and hence are able to reveal biomarkers using
multivariate statistics often in a more powerful and effective way than PCA.
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gEs.o’ MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis
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Figure 13: PCA Scores plot showing unsupervised separation of experimental groups.

Questions: What are the names of the two samples which represent the greatest outliers in
each experimental group according to the PCA plot? Are they within or outside the 95%
confidence boundary?

22. Next Select ‘PLS-DA’ from the left-hand panel. The PLS-DA looks very similar to the
PCA scores plot but is a supervised multivariate statistical modelling tool which
enables ranking of compound-features using Variable Importance in the Projection
(VIP) scores. These help to select compound-features which make the biggest
difference between the selected experimental groups. This is useful for biomarker
discovery but care must be taken as the modelling can tend to over-fit the data and
it is important to validate the model before accepting the results.

Select ‘2D Scores Plot’ and note the increased separation achieved compared to
the PCA. Next select the ‘Imp. Features’ tab. In the latter the top 15 VIP scores are

16



Exercise 1: Metabolomics Data Processing and Analysis Workshop

displayed by default (Figure 14). These can be downloaded to Excel or outputted to
high-resolution images as required.

Question: Suggest the identity and or chemical formula of the two most important
metabolites in the dataset for differentiating the two experimental groups?

Select ‘Cross Validation’ to assess the Accuracy, R2 and Q2 values which provide
information about how good the model is (click on Excel download icon to see
values). As a rule of thumb the model should have a high accuracy with R2 and Q2
values above 0.5, the Q2 should normally be less than the R2 values but not by more
than 0.2 units (Figure 15). Permutation testing (final tab) provides an alternative
(significance-based) approach to PLS-DA model validation. Note that in this dataset
the Q value is just below the 0.2 difference from R2 and that the permutation testing
does not return a pvalue <0.05. Its often hard to achieve well validated models when
the number of samples versus the number of experimental variables is low such as is
often the case for tissue culture experiments as here. These modelling approaches
can nevertheless be useful indicators of what the important features are in the
dataset. sPLSDA and OrthoPLS-DA (tabs on the RHS below PLS-DA) are alternative
supervised, vector-based multivariate modelling tools. We will not explore these as
part of this exercise, but both provide a variation on the PLS-DA modelling approach.
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Figure 14: PLS-DA plot showing the top 15 VIP scores
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MetaboAnalyst 5.0 - user-friendly, streamlined metabolomics data analysis

Partial Least Squares Discriminant Analysis (PLS-DA)

Qveniew 2D Scores Plot Loadings Plot Imp. Features Synchronized 30D Plots Cross Validation Permutation

Select optimal number of components for classification

Maximum components to search: 5 -
Cross validation (CV) method: Loocy x Update

Performance measure: a2 >

10

Performance

04
L

02

00

1 2 3 4 5

Number of components

Q2is an estimate of the predictive ability of the model, and is calculated via cross-validation (CV). In each CV, the predicted data are compared with the original data,
and the sum of squared errors is calculated. The prediction error is then summed over all samples (Predicted Residual Sum of Squares or PRESS). For
convenience, the PRESS is divided by the initial sum of squares and subtracted from 1 to resemble the scale ofthe R2. Good predictions will have low PRESS or
high Q2. Itis pessible to have negative Q2, which means that your model is not at all prediclive oris overfitted. For more details, refer to an excellent paper by
(Szymariska, et al)

Figure 15: PLS-DA cross validation analysis
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23. Dendrogram: Hierarchical-clustering is an unsupervised multivariate classification
approach which uses a ‘distance measure’ (here we can choose from Euclidean,
Spearman or Pearson) along with a clustering algorithm to link samples together in
terms of how close they are to each other in metabolite composition. Figure 16
shows that the primary division between all the samples is whether they contain the
mutation or not (e.g. they are primarily divided into the two experimental groups
Mutant and Wild type).

Mtome|t  feMsudo Watentones [ Ei-The  [HEni-Te [Hewi-Te ¢ Tepage < Onderbi < Thepage [ Proteo  TisxMLfie [ G)Mes B GMar [ G3Msr Bl Localle:  EY Loclle

< C @ 08 == metaboanalyst.ca,

2
[0} @ Hierarchical Clustering Dendrogram

Distance Measure: Euclidean v m

Clustering Algorithm: Ward N/

f— ‘

SPLSDA

SAM

Figure 16: Hierarchical Clustering Dendrogram

24. Select ‘Heatmap’ next. Hierarchical clustering can also be applied to the metabolites
as well and visualised in a heat-map output. This enables both samples and
compound-features to be arranged according to how close they are in their
composition (Figure 17). It is useful for:

1) identifying whether samples naturally cluster into their experimental groups.

2) Identifying individual metabolites that separate the experimental groups most
strongly and visualising these (an alternative approach to PLS-DA).

3) In a modified output it can be useful to assess the effects of normalisation
methods (see point 18 below). The default is to provide clustering of both samples
and variables (metabolites) but either can be addressed separately or both can be
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removed. Selecting the top 25 compounds features is useful for identifying
potentially the most well correlated compound-features (Figure 18).
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Figure 17: Hierarchical clustering of all samples with heatmap output
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Figure 18: Top 25 compound features identified by Heat-map dendrogram visualisation

Tick the ‘Top 25’ box and then submit to show the heatmap output for the top 25
compound-features only.

Question: Which sample does not quite cluster within its experimental group when
clustering the full dataset?

Question: What are the names of the top three identified metabolites in the
hierarchically-clustered data?
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Exercise 1: Metabolomics Data Processing and Analysis Workshop

Note on heatmaps - assessing the effect of normalisation: A modified output of the
same Heatmap approach can be useful for assessing the effects of normalisation.
Example heatmaps with and without normalisation are compared in Figure 19 below
from which it can be seen that in the example why data normalisation can be an
important data processing.

Figure 19: Assessing the effect of normalisation: The two non-hierarchically clustered heat-maps
above use the same dataset. On the right hand side no data normalisation has been applied and on
the left hand side ‘quantile normalisation’ is shown. The bias inherent in the un-normalised dataset is
largely removed by quantile normalisation.

This concludes the main statistical approaches we most often use in the statistical analysis toolkit.
There are other tabs we have not looked at and these can be explored in more detail yourselves. We
only used these when we have a specific application they may unusually require it. The tools we
have looked at today are what we used 90% of the time in our untargeted metabolomics data
analysis workflow.

25. To conclude the data analysis select ‘Download’ at the bottom of the list on the LHS.
This provides a list of the figures and tables of data created so far. Select the
‘Generate results’ icon above this list (Figure 20) and this will then create a single
PDF file of the results. When the ‘Analysis Report’ has been created, select it to view
the completed report of your data analysis and save this to your computer.
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Figure 20: Select ‘Generate Report’ and then ‘Analysis Report’ once it has been created.

The PDF report contains the data analysis and commentary and explanations (see
example in Figure 21).
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1 Data Processing and Normalization
1.1 Reading and Processing the Raw Data

accepts a varicty of data types generated in lm'.\l)nlmnw studies, including compound
Inmml NMK/N S spectra data, NM K/Mh it da as well as MS

Icl M(-Lml)cAAnJ bo wlaﬂ the correct algnuLl.\m to process Ll.\mn l'Ll\lc 1 summarizes the result of Lhc
data processing steps.

1.1.1  Reading Peak Intensity Table

‘The peak intensity table should be uploaded in comma separated values (csv) format. Samples can be
in rows or columns, with class labels immediately following the sample IDs.

Samples are in columns and features in rows. The uploaded ile is in comma separated values
format. <font color—"red"> 38 empty labels</font> were detected and excluded from your data. The
uploaded data file contains 14 (samples) by 5143 (peaks(mz/rt)) data matrix.

1.1.2 Data Integrity Check

Before data analysis, a data integrity check is performed to make sure that all the necessary information
has been collected. The class labels must be present and contain only two classes. If samples are paired,
the class label must be from -n/2 to -1 for one group, and 1 to n/2 for the other group (n is the sample
number and must be an even mumber). Class labels with same absolute value are assumed to be pairs.
Compound concentration or peak intensity values should all be non-negative numbers. By default, all
missing values, zeros and negative values will be replaced by the half of the minimum positive value
found within the data. (sce next section)

Figure 21: PDF report in MetabdA}léIYSf
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Open the report. This now should provide a useful summary of the data processing and
statistical analysis of your data. Save the PDF report to your computer for future
reference. It may also be worth copying figures at each stage into PowerPoint for
presentational purposes at a later date. There are options for each statistic to output
high-resolution images and to download the data from which the figure is created,
usually as an Excel file.

Note not all the statistical tools available in MetaboAnalyst have been explored here but a
range of informative approaches for identifying a list of metabolites and compound-features
that are altered in mutant IDH cells compared to Wild-type have been highlighted, along
with ways to visualise these differences. Others can be explored yourself, there are a set of
tutorials available for download on the homepage of MetaboAnalyst.

The dataset used in this exercise is from the following study published in Communications
Biology by our group in 2020:

Walsby-Tickle, J., Gannon, J., Hvinden, I. et al. Anion-exchange chromatography mass spectrometry
provides extensive coverage of primary metabolic pathways revealing altered metabolism in IDH1
mutant cells. Commun Biol 3, 247 (2020). https://doi.org/10.1038/s42003-020-0957-6
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List of Data processing and analysis tasks

If you are familiar with using MetaboAnalyst follow steps 1-7
directly below and create a report using MetaboAnalyst.

1. Perform data-driven normalisation, transformation and scaling of the dataset.
Explore the effects of the different parameters using a heatmap output.
Demonstrate the effectiveness of your data processing.

2. Create an overview of the data using a PCA scores plot — are there any sample
outliers?

3. Create a volcano plot with a fold-change cut-off set to 2 and FDR-corrected p-value
threshold of 0.05. How many compound-features are significantly i) elevated in
abundance and ii) depleted?

4. Create a bar graph using a Pearson coefficient to determine the top 25 positively and
negatively correlated compounds features with the metabolite ‘2-Hydroxyglutarate’.

5. Produce a PLS-DA score plot, followed by a VIP graph and demonstrate that the
accuracy of the model is > 95% using cross validation and report the p-value using a
permutation test withy 100 permutations.

6. Produce a hierarchical clustering heatmap of the data showing the top 25
compounds features. Which identified metabolites are present?

7. Download the data and generate a report in MetaboAnalysat. Select the Analysis
Report and save it.

Please answer the following questions from Exercise 1: Data Processing and Analysis

1. Fold-change: How many compound-features with a fold-change >2 are elevated in
mutant samples and how many have a fold-change<2?

2. Statistical Significance: (volcano plot)
e Whatis the name of the two highest ranked identified metabolites?
e Which feature is elevated in ‘Mutant’ cells and which is depleted?
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Hunting for patterns (correlations with 2-HG): What are the accurate mass values of
the two compound-features that are positively correlated with 2-hydroxyglutarate?

PCA Plot:
e What are the names of the two samples which represent the greatest outliers
in each experimental group according to the PCA plot?
e Are they within or outside the 95% confidence boundary?

PLS-DA: Suggest the identity and or chemical formula of the two most important
metabolites in the dataset for differentiating the two experimental groups?

Hierarchical clustering:
e Which sample does not quite cluster within its experimental group when
clustering the full dataset?
e What are the names of the top three identified metabolites in the
hierarchically-clustered data?
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