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The omics Pipeline:
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. Annotate o :
Collection| Prep. Format 2 Access | Statistics | Analysis
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Study Design

Clinical Samples Corebrospinal
-Biofluids |
-Tissue (Biopsy)

\ Saliva

Plasma/
Sera . 4 =

Clinical Models
-post-mortem material
-Primary cells & cell lines  extracts

Fecal

. Extracts “f |
Microbes

-Bacteria/fungi
-Parasites

-Whole model organisms

Technique Development
-Software development (CBF)
-lipids

DAant
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Data sources of variation — Experimental Design

Data = biological meaning + error

e Best way of controlling error
is through a robust

Things You Things You . .
Usually Usually experimental design (e.g.
Can Control Can't Control minimise cohort variability,
R : : ] .
S % 3 E have controls in place,
E 8 % 3 . Natural randomise your sampling,
O £ = Sampling and : Environmental || Varnability etc.).
& | Measurement |  Variability i
m Varabilty i
e Remember the 3 Rs:
: Reference, Replicate,
i — - - Shocks Randomise
[
FERIE . :
S 3 % g (12! | « Normalisation and scaling
§_§ L Mistakes steps can minimize
WO L (| . .
S undeSIr'able variance fr‘om

dilution effects etc. but are
not a miracle
Get to your researchers before they design — avoid legacy samples as best you can!
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Clinical Study?

Cohort Design

Essential to minimise the effects of(and record variation of) :

- Age Range

- gender

- drug use (statins, smoker status)

- metabolic disorders (diabetes, cardiovascular disease etc.)

- genetic heritage/race

- body mass

dependent on the research question other factors may also require consideration

Sample pre-collection
draw fasting blood (10-12 hours)
restrictions on diet (no alcohol, carb-rich food) & exercise 24 hours prior to draw

Sample storage

Separate plasma/serum from whole blood as directed prior to storage at -80°C
Freeze thaw cycles effects sample integrity

Aliquot into either 500ul or 1ml fractions prior to storage
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Data sources of variation — Confounding Factors

Care not to confuse correlation with causation

Minimise unwanted variation

-Gender & age matching

-Paired data?

-Appropriate controls and standards

-Beware of correlating conditions:
-smoking and age/gender etc

Use appropriate analysis for study
-study numbers (per group)

-study groups

-genetic and phenotypic variation
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Sample Origin

B UNIVERSITY OF

&/ LIVERPOOL

Metabolomics Biomaterial Classification

NMR Centre for
Structural Biology

Name: Date:
Supervisor: Instit
Address:

ute:

Duration of the Project: from:

Sample derives from: Genus, Species, Strain :

Biomaterial(s):

to:

Does the Biomaterial contains whole cells?

UKMRM 2022

Yes No
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Sample Tracking

Requirement by law for Human-derived samples

Essential for all studies to have confidence that samples correctly transferred to
NMR

Best case scenario:
Samples individually labelled located in specific positions in a cryobox
AND a spreadsheet of the annotation is provided alongside

Worst case scenario:
Samples provided labelled without associated spreadsheet or
prescribed order

How can | guarantee that | have interpreted the order (and annotation) correctly?
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SAMPLE HUMDERt URINE SERUM T
L69a — 2V
2 _“L

L62h
L435
|L66g
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Annotated Spreadsheet — direct to IconNMR

Study Name and Date [COL_A]: File name in which the results will be saved. Please do
NOT use spaces or special characters - only use text, number & underscore. For example
Plasma_antibiotics_150114 is a plasma antibiotic study submitted on 15t October 2014.
Solvent [COL_B]: Which solvent is used in your sample? These depend on biomaterial
and extraction procedure; for biofluids (blood, urine etc) state “H20+D20”, aqueous cell
or tissue extracts “D20”, lipophilic extracts either “MeOD” or “CDCI3” — if in doubt ask
Experiment [COL_C]: These are experiments set at the spectrometer — this can be left
blank or set to the default is PROF_noesy

Position in NMR rack [COL_D]: These are the positions of the samples as prepared for
NMR —if not yet prepared for NMR leave this blank.

Unique identifier [COL_E]: researchers own short-hand identity code for the sample.
Storage Tube ID [COL_F]: The annotation on the storage tube also should be recorded -
for clarity we recommend numbering consecutively from 1 to n (n = total number of
samples). If samples in 96-well block provide row and column position. A1, B1, C1, D1,
E1, F1, G1, H1 then A2, B2, C2, D2, E2, F2, G2, H2 etc.

Cohort [COL_G] and replicate [COL_H]: identity for the cohort and biological/technical
replicate number. If time course is provided this may be added as an additional column.
Study details [COL_I]: provide details of the study (investigator, institute, area of study)

UKMRM 2022
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NMR Sample Reqwrements
Sample number and Controls:

Sample groups need to be consistent and
reproducible.

Study needs to be designed so that the variance
within sample groups is less than the variance '
between sample groups ~1 ml - 100 pl fluid

<100 mg tissue.

This depends on the type of study — human systemic (blood, urine etc.)
samples vary dependent on diet, environment, ethnicity, age and gender.

Samples cultured in the lab will have a lot less intrinsic variance.
Whole population studies typically require 1000+ samples per group.

Can reduce this by lowering the intrinsic variance per group with reductions in
study criteria, i.e. age, gender and specific environmental requirements etc.

Power Calculations are increasingly required by MRC applications... estimate
sample (n) required for a given effect size... not easy for multivariate data

. MMPhelan UKMRM 2022 So you want to do ‘omics?




3 10% 1M PO* in D,0 —

A

>

40% H,0

50% PlasmalSera

Proteinous

typical unstable

NMR Sample Preparation

-

10% 1M PO>inD,O

f

Y

90% Urine

High ionic strength
moderately stable

100% 0.1M PO*in D0

!Freeze-dried Cellular Extract

No Protein content
relatively stable

Beckonert et al Sample Preparation: Metabolic profiling, metabolomic and
metabonomic procedures for NMR spectroscopy of urine, plasma, serum and tissue
extracts. Nature Protocols 2007 2(11):2692-703.
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Blood — Special considerations

‘\

i
-

2

\ |
/ |

LENE [ D I B B (R D D D R A A D R D B A

4 3 2 1 [ppm]
Phelan & Lian ‘NMR Metabolomics: A Comparison of the Suitability of Various
Commonly Used NHS Blood Collections tubes’ Current metabolomics, 2016, 4, 78-81
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Manual Preparation or Liquid Handler

Advantages

e Often quicker
* Lower sample wastage

Limitations

* Danger of inconsistent pipetting — requires
practise

* Danger of sample confusion — requires
concentration (=> safer for smaller cohorts)

* Higher variance between researchers

Training and testing on small cohort or test set
essential to hone technique prior to large sample
preparation.

This also ensure adequate time dedicated to the
task (must not rush)

B VMPhelan UKMRM 2022

Suitable for

* Samples without
particulate (pre-spun)

e Large volumes

e Large number

* Removing samples from
tubes for long-term
storage

Unsuitable for

* Viscous samples (blood,
SF)

* Volatile samples
(lipidomics)

* Small volumes
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At the spectrometer: Requirements

Instructions for Installation and
Optimization of Metabonomics NMR
Parameter Sets

Temporary version still under extensive revision!

13.10.2009

Author: Hartmut Schaefer

hartomut schaefer@bruker-biospin de

Important technical requirements for optimum results

Procedures and methods described in the instructions are based on availability of the following hard-

and software Requirements prior to use this publication
» Digital Receiver Unit (DRU) which needs an AVII or AVIII e  System up and running
* operation with inverse probes « properly installed and all compounds in Bruker specification
s probes with Automated Tuning and Matching Unit ATM « properly routed
* BTO 2000 for room temperature (RT) probes e probe properly registered via EDHEAD
* cooling unit BCU 05 s EDTE, flow properly set particularly for Cryo
¢ sample changer BACS or Samplelet s CORTAB available and correct
* TopSpin 2.0 or later * PROSOL valuas for all standard solvents properly determinad
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e Computational Suite for analysis and training

600MHz Avance lll

c.2007

At the spectrometer: Hardware

» All spectrometers Samplelets and 'H 13C >N triple resonance probes for solution NMR
 800MHz also has solid-state capabilities

'gu_:.“

600
Ultrash,

800MHz Neo
c.2018

with atma

31p 133Cs, 195Pt) Probe
X H HR-MAS

Chilled (rack only) Samplelet

1H 13C 15N helium-cooled

CryoProbe with atma

RT Samplelet

.MMPheIan
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1H 13C >N helium-cooled CryoProbe

X 1H BroadBand (X includes 1B, 13C,

Each SJ Capacity:
5x 96 samples
1mI-100ul fluid

SANMPLE

700MHz Avance IIIHD
c.2015

1H 13C >N helium-cooled CryoProbe
'H 13C >N RT Probe with atma
Chilled (rack and spinner) Samplelet

Take a (old) digital tour: www.tinyurl.com/LivNMRtour

So you want to do ‘omics?


http://www.tinyurl.com/LivNMRtour

At the spectrometer: Quality Assurance

Set of Procedures that are performed in advance of sample analysis

* Equipment within specification
Consumables of a certain quality
Standard Operating Procedures
Standard Reference Materials

Investigation into Quality Assurance and Quality Control:
Dunn et al 2017 doi:10.1007/s11306-01-1188-9

In Practice prior to every batch/day/run:
* Run blanks
* Run temperature calibration

(use 99.8% 2H-methanol standard from Bruker and au calctemp after zg30 1d)
* Run 3D shimming and check LWHH on DSS

(use Sucrose water suppression standard from bruker and topshim gui to select 3D)
BONUS save shimmap to icon (for given lock solvent) to ensure every sample starts
from standard shims
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At the spectrometer: Initial Set-up

Courtesy of Pete Gierth/Hartmut Schaefer!

Optimise setup for long relaxing 1H signals with perfect baseline:

 de

- D1

* 01 (use zgpr to optimse o1 effectively — poor water suppression gives greater
improvement when accurately set)

Default parameters from Bruker optimised for Avance Il hardware in Liverpool available:
www.ebi.ac.uk/MetaboLights

Really only want icon to handle samples of similar composition
(a batch of serum for example have similar ionic strength,

protein content viscosity etc.) NMR
(Sample prep) @ 310K

Sample transfer

Temperature equilibration

Automated tuning and matching

Lock

Shimming o
Lock phase optimization "'glf'.?_a
Pulse calibration '
NOESYGPPR1D + processing

CPMG + processing

Diffusion filter + processing

FAST JRES + processing

In Practice every batch/day/run:
Optimise a representative sample (pooled Or control?)
for o1 and overwrite this in every parameter set for the run.

Keep all parameters as recommended in literature or from the
initial set-up : (fixed RG, SW, NS, TD, etc. etc)

UKMRM 2022 So you want to do ‘omics?
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At the spectrometer: icon automations

Courtesy of Pete Gierth/Hartmut Schaefer!

au_plas

ma_noesy (1% expt):

55

&7

8 float Presatfield » 25.0;
69 float #1, PLY, PO, FL;
]

73

74 GETCURDATA

'w_;

78

9 STOREPAR | “PULPRY SyaeRridth;
8 STOREPAR (*DICMO*, 3);
6l STOREPAR (“D 1*

=) STOREPAR (D B*,

/m STOREPAR (°D 16°

B4 STOREPAR ( "SaM",

&0 STOREPAR | "FO°,

85 STOREPAR (“TD",

a7 STOREPAR ( "hS°,

5] STOREPAR (°

5] SToREPAR v

7 STOREPAR ('(PZ 2

9L STOREPAR °

w2 STOREPAR | “GPnarM2*, 910
LE) SIOREPAR (°F 16°,

54 STOREPAR (*Z200PTNG*, *.
95

W

g7

]

V2] AUTOPHASE ;

s

Lol

Loz

103

[0

Loe

3 R STOREPAR (“PLOE 5%, PLO):
e

s

I FETCHPAR (P L°, g B
12 FETCMPAR ('PLaB 1%, GPLL; XCMD! *saveprafpars®);
Ly

Ils 1} = PI*1.0e.5;

8§13 (3] * 1.0/4.0/PL;

wr "ne = P01 o« 20.0*0gle (F1/PresatField); 06

.MMPheIan
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au_plasma_cpmg:

|64 =

|65 / qget

166

|67 GETCURDATA

|68

| 70 bl RSl b

|71 "

(72 XCHMD( "getprofpars")

(73

76 " " " "
= STOREPAR ("PULPROG", "cpmgprld");
|78 STOREPAR ("DIGMOD', 3); ¥
| DIURLCFAR | OWM LLULD.£20) 5
579 STOREPAR ("D 207, 0.0003) ;
180 STOREPAR ("L 4", 128);

181 STOREPAR ("RG", 90.5);

|82 STOREPAR ("TD", 73728);

83 STOREPAR ("DS", 4);

|84

185

186 experime

187

26

|89

190 QuIT
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At the spectrometer: icon configurations

Courtesy of Pete Gierth/Hartmut Schaefer!

Set lock actions for each solvent

Can set different standard shim files

NB H20+D20 tend to be blood serum/plasma @37°C
D20 tend to be freeze dried extracts @25°C

rsh 3D shimmap — established that day/batch/run at identical temperature
Then perform 1D topshim routine specific for solvent system
Atma tuning

UKMRM 2022 So you want to do ‘omics?
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At the spectrometer: Automation set-up

‘tlo :\m Ho‘ﬂef xnw Flﬁd :nramteri omlons Taols sampleltl nelp

MonfMA: Autymation Fab22 - F07 21001 met test

i w 8 i
Experiment Table
Holder Type Status | Disk Name N.. | Solvent | Experiment ri Par Titke/Orig Time User Start Time !
2 B1-202 e 3 Finished
|je Finished a ! £ O « Boes : j:49 T
“(v Finished R OF . = ] ‘ 3
[l Finished ] ' Ff " ! Bes 129 ) 19e y v
=2 C1-203 “(V 3 finished
U“' Finished \ f N ", Bo= }
u“' Finished . \ w . Bes 129 19l J '
u(v finished marie.  Setum_fobine 220223 ! Bos ) i e ) :
= 2 D1-204 lle- 3 Finished
““‘ Finished Y fehne 220222 f N - Bes ' ) e ] ) ' e
u‘* Finished 2 220223 ¥ x| Bes 19 42 3 i Fel '
I‘(ﬁ Finished ) F FF P D el 39 O F Y
v 2 EL-205 u“’ 3 Finished
“‘V Finished wrie. Setum _felne 220223 O NOE ! Bes ] Fel ) }
u(* Finished ) 1 ! = ) . ) 4 Y
u“' Finished phe Serum felne 220222 "2 i s Bés 139 f ) )
333 -F1.308 llée Ririehmet : .
o tmport Spreadsheet [ xisia) cov) fle - - L]
i“‘""“ i‘"“' i"“ Eem iﬂﬂ ; hi C?‘I : o Load from Spreadsheet xisixy.csv Flle
Preceding Experiments
Data Set
Search Proceding “ = Samplejet Busy untit No  Disk foptimarie -
feliow 220722 ).cen - UlireQifice Cale Sample Name [name) -
Rle Edt View Insert Foomat Sheet Data Tools Wirdow walp Expno [exnol] -
‘W Bl PR A S- @3B 015 0D T4 & - S TRt
usbonensa w10 > B f U Z[-B-TE = S S =it s-no0 & e srie [H-=-0- B Solvent fsolvent] -
118 w | AR z —— Experiment  [exptl] .
A 8 c D L F G H 2 | x
L name Solvent exptl exp2 exptld Position il w2z ul exnol  exno2 exnod bty x
2 Serum_feline 22022H20+D20  PROF_serum_NOE PROF_serum_CPMG  PROF_serum_DIFF 2 Al 13912 2Al C Pye Feline ageing 10 11 12 Spread Sheet Extraction
! Serum_feline_22022H20+D20  PROF_setum_NOE PROF_serum_CPMG PROF_serum DIFF 2 BL 139 22 281 C Pye Feline ageing 20 21 22 gt atiuse Sample Position | [Pasition) ”
4 Serum_feline_22022H20+D20 PROF_serum_NOE PROF_serum_CPMG PROF_serum DIFF 2C1 139 32 2C1 C Pye Feline ageing 30 3 | 32 2
5 Serum_feline_22022H20+D20 PROF_serum NOE PROF_serum CPMG PROF_serum DIFF 2Dl 139 42 2Dl C Pye Feline ageing PO b 2
0 Serum_leling_22022H20+D20 PROF_serurn NOE PROF_serum_CPMG PROF_serum _DIFF 2 El 139 52 2E1 C Pye Feline ageing 50 51 52  Stop atCSV File Row 97 &
! Serum_teline_22022H20+D20 PROF_serum_NOE PROF_serum_CPMG PROF_serum DIFF 2 F1 139 62 2F1 C Pye Feline ageing 60 61 62 Inctude the following columns {11 [62]_[63] 9
§  Serum_feine_22022H20+D20 PROF_serum_NOE PROF_serum_CPMG PROF_serum _DIFF 2 G1 48 12 261 C Pye Feline againg 70 (3! 72 Intitejonginator information
9 Serum_feline_22022H20+D20 PROF_serum_NOE PROF_serum_CPMG PROF_serum DIFF 2 H1 48 22 2H1 C Pye Feline ageing 80 81 82
1o Sevum fdmo _22022H20+D20 PROF serum _NOE PROF_serum_CPMG PROF _serum_DIFF 2 A2 48 32 2AZ C PyeFeline agqng 80 2 92
T e N P e e T o T e L = o L o tas e s B R > T PP R T TP e 1hn 103 ) Load into Setup Window Close
4+ feline 220222 ¥
Sheet 1 of 1 - | Detwit IEI Average: | Sum 0 = i B
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Automated processing — High-Throughput

Pros: Cons:

* Quick * May introduce systematic bias

e Consistent * Hands-off approach

* Independent of setup/day * Not always suitable (referencing)

* Good enough for most * May lose subtle effects
applications

UKMRM 2022 So you want to do ‘omics?
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Quality Control

Set of activities that are done during or immediately after analysis to
demonstrate the quality of the data.

* Datasets meet certain criteria
* Signal-to-noise
* Temperature stability
e Column/matrix stability

Published data should meet minimum level of reporting:
Sumner et al 2007
doi: 10.1007/s11306-007-0082-2
Salek et al 2013
doi: 10.1186/2047-217X-2-13

UKMRM 2022
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NMR QC Checklist

ﬂ
(i) Referencing Quality of spectrum with ’f - N
regards to a reference material — signal /; X ’X 'f\ """
strength, shape and width and position b N 8 T
important. = = = = =

(ii) Baseline flat without curvature or sine I .

wiggle.

(iii) Signal to noise as expected (check l“
against representative spectrum) L

(iv) Water suppression good. Narrow

water signal (between 0.2 and 0.4 ppm VS
wide). No baseline distortion beyond that ) KR o Ll
range. g —%L——‘—i—w 1 -
_ I ", W IR R G e
(v) Phase Peaks are uniform and b 1 B N ey |
symmetrical | 1 [—— N S —
| Sl
__\____I“KL__.‘_L‘«..‘_L I _ﬂLL_ _,_.L_h.._

UKMRM 2022 So you want to do omlcs’7
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Data Analysis — Spectral Integration

Either

1. divide spectrum into equal increments and
integrate intensity for each increment

2. divide spectrum up into individual peaks
and integrate intensity of each peak/group
of peaks (requires a pattern file)

UKMRM 2022 So you want to do ‘omics?
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Data Analysis — Spectral Deconvolution

Either

Selected 1 custer
Seiecuon Center: B8 82229 pom

by

"e
s
-
an
an
Nvo

-
Ne
.

ase
Na

a

-

an

pe

-

Concantration: 0 0003 mM

|

W)

Standardized Intensity

60

40

20

.MMPheIan

v v £aS b AA T
o6 oA 9) QvO ﬂl‘l II(: aa o 0o

1. Use proprietary software (chenomx)

Original Spactrum
Metabolites Fit
Wavelet Fit
Fit Sum
— — Succinic acid
Citric acid
— = Omxoglutaric acid
— —  Hippuric acid
Dimethylamine i
Dimethyiglycine % = 1 ]
— — Creatinine - Cd ~- i". |
- = Creatine | ! | | ! r | NN
— — Taurine 329 328 327 328 325 ) , I
I |
il
' ' ] D
I
|
)

—— Trimerylamfne o:‘id: '[
— = trans-Aconitic aci ‘ |

Q f: |M || i
I i N (11 {1

._-'j ¥ ; L S "‘Sjg\é“_k&w\' - ~——— ,'_42..:" ka_.r—‘ - "«""V:‘_:w"mﬂw ( ‘Jl\ e Sl ! “ \ANAA& J

Cluster Is transfarmed: -0 01573 pom = 0.0004

= 0.0003

= 0.0002

od00

a1 a 3.'9 T aas " 325 315 305 295 285 275 265 255 245 235

pom

2. Use wave fitting programme

UKMRM 2022

So you want to do ‘omics?




>

intensity values

Spectral Formatting

Transformation of a
Spectrum
Only useful to NMR
' Analysts using specific

Metabolites/peaks/buckets

software

.MMPheIan
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2

v samples >
g - A - B C D E F G H 1 J K L M N 0 |nto a Matrlx Of

seudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6 Pseudo_6

£ 2 9.99975 3.B6E-05 8.23E-06 1.36E-05 3.3BE-05 2E-07 2.6E-05 -5.7E-05 -3.6E-05 2.35E-05 4.48E-05 -3E-06 -4.4E-06 -5.6E-06 0.000026 n u m b e rS
(7)) 3 9.99925 3.49E-05 -5.1E-07 1.4E-05 1.67E-05 1.43E-05 B8.16E-06 -6.5E-05 2.02E-05 0.000026 2.89E-05 -2.1E-05 6.82E-05 -2E-06 2.15E-05 *

-z 4 9.99875 -6.5E-00 6.67E-06 3.38E-05 2.69E-05 1.18E- 5 3.4B8E-05 -2.1E-05 4.57E-05 2.76E-06 3.77E-05 . b
© 5 9.99825 -9E-06 -5.5E-06 5.06E-05 1.35E-05 -2.3E- i n t e n S i t Va | u e S 5 L1.83E-05 7.01E-06 1.96E-05 1.47E-05 4.65E-05 In te rp re ta t’ O n y
GJ 6 9.99775 -2.1E-05 -1.2E-05 5.25E-05 -3.6E-05 -3.6E- y 5 L.22E-06 2.21E-05 4.1E-05 1.11E-05 4.06E-05 .

Q— 7 9.99725 -1.7E-05 -1.1E-05 5.91E-05 -5E-05 -2.6E-05 1.06E-05 3.35E-05 4.13E-05 3.09E-06 7.63E-06 2.58E-05 3.46E-05 2.37E-05 2.01E-05 m UItlp le an alysts an d

} a8 9.99675 -2.5E-06 -2.1E-05 9.55E-06 -1.9E-05 -2.4E-06 1.4E-05 B.02E-06 -3.9E-07 -2.1E-05 5.63E-06 9.77E-06 2.61E-05 4.96E-05 2.65E-06
q) 3 9.99625 5.85E-006 -1.2E-05 -2.5E-05 6.73E-06 -4.6E-06 -1.1E-06 2.29E-05 -1.5B-05 1.68E-05 1.01E-05 1.42E-05 2.21E-05 4.51E-05 1.67E-05 to O l S

_": 10 9.99575 -4.66-07 -2.5BE-05 -6.9E-00 -9E-06 -1.7E-05 1.49E-05 7.396-05 -3.3BE-05 3.42E-05 0.000017 -5.4E-00 2.70E-05 2.59E-05 6.22E-06

B 11 9.99525 -3E-06 -8.2E-06 -1.2E-05 -1.BE-05 -2.2E-05 L1.72E-05 7.91E-05 -2.7E-05 3.5E-05 3.24E-05 -1E-05 1.79E-05 1.15E-05  7.5E-06

_Q 12| 9.99475 -3.BE-06 3.99E-05 4.84E-05 -5.5E-05 -3.7E-06 2.85E-05 3.34E-05 -1.6E-06 1.9E-05 4.84E-05 -1.9E-05 6.39E-05 2.51E-05 1.82E-06
SV
)

=
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Why Worry About Statistics for NMR?

* NMRis Multivariate
i.e. each peak is a separate variable

* NMRis used to build models
how do we validate / assign value to these models?

* Multiple sources of information must be combined
how do we combine information in a balanced and accurate manner?

Statistics is employed in:

* Ligand binding/screening

e Structure Calculations and Validations
* Metabolomics

 Concentration Calculations

UKMRM 2022 So you want to do ‘omics?
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Data Analysis

(a) Expand

Assess if Identify key knowledge

Format data Normalise unwanted variables to
and scale sources of the group (b) Cregte
variation** differences predictive

models.

So you want to do ‘omics?
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Statistical Data analysis
R:

Usual software used for
statistical analysis:

* QOpen source
* Powerful and flexible (it is much

* SPSS more than an statistical analysis

* Minitab software)

* Stata * Operates at command line and it is
* OriginPro also a programming language

« Graph Pad therefore can be extra powerful

* Simca

https://www.r-project.org/

For easier visualisation and use:
https://www.rstudio.com/ Ocmdm

o 144 1)

“! MetaboAnalyst 3.0

| o |nw-
‘ ]\ il.
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Statistical Analysis - Data sources of variation

Data = biological meaning + error

* Best way of

Things You Things You ) .
Usually Usually controlling error is
Can Control Can't Control through a robust
Snwn ®© : : : - .
2 % 28 experimental design
E S<u : Natural i
T 2 . S | Alura (e.g. minimise cohort
O £ = Sampling and : Environmental || Varnability T
© Measurement {  Variability (i varlablllty, have
i) iabili ; ,
Variabilty controls in place,
; : | randomise your
I P A sampling, etc.).
Shocks Plns, )
[
-, 82 ||E
% g £8 (|5 | * Remember the 3 Rs:
=z |ls | Mistakes | .
2385 u% Reference, Replicate,
—

Randomise

e correct use of normalisation and scaling steps can minimize
undesirable variance from dilution effects etc.
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Refresher — the language of statistics

*Reporting and understanding statistical treatments requires understanding of key terms
such as significance, variable, class, scaling, average etc.

*Unfortunately not only are some of these terms used in everyday language but even within
statistics certain terms are taken to mean different things.

*Where there are multiple uses for a given
term we are working with the most widely
used definition.

*Be aware that certain
journals/articles/books may use less
common definitions.

*Also avoid using the common language
definitions in scientific reporting; i.e. only
say something is significant if you can back
it up with statistical analysis.

UKMRM 2022

.MMPheIan

opulation
g“f“r_’ pop description
statistic parameter
n N number of members of sample or population
_ “mu”
X “x-bar” B mean
or p
M or Med (none) median
s o “sigma” | standard deviation
. i’ 2 2
(TIs say Sx) ora, For variance, apply a squared symbol (5 or a*).
r p “rho” coefficient of linear correlation
P “p-hat” p proportion
z t ¥ (n/a) calculated test statistic

So you want to do ‘omics?




Significance tests
Are these metabolite/s signals significantly different?

11T T | T
o)
== Nl Al s
L .1 INDa 3
| -
‘ U<q 1 group
= g One-sample
C
" —_— - INDb o t-test
_ o
T o
R Ju . | 3 28roups
N AAR RN E N0 — | REP =~ Two-sample
f S t-test
B ANRARRINY s I &T
1NN | | CONT  Z 3+groups
—~ ANOVA
~tHH-H LN 3L i I 8
It - 3
X AE L3 3
W/ / :
-J
How many 1 peak = univariate
peaks/metabolites / Multiple peaks = multivariate
variables?
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Data preparation before performing Hypothesis testing

* Objectives:
(a) reduce variance between experiments (batch effect)
(b) make variables within an experiment comparable, independently of their
absolute value in order to assess the changes more accurately.

* Some of these include
(a) data transformations such as log, square-root
(b) data scaling such as mean centering or Pareto scaling or
(c) normalisation by a reference variable or sample.

Why do we need to scale & normalise biofluids?

* Intensities are relative to the largest signal (and the detector)

* Some biofluids may be diluted at different levels by the biosystem (urine)

* Metabolites of interest may be degrees of magnitude lower than other
metabolites — need statistical test that will consider all metabolites equally

UKMRM 2022 So you want to do ‘omics?
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Data preparation - Is it appropriate to normalise?

Dilution effects in biofluids such as urine require
normalisation as intensities between spectra will be

artificially different.

Tissue and Cells need optimised extraction:
- ensure consistent levels of metabolites.
- extract should either be constant or
- normalised by use of a reference material
(typically TSP)
- Add Reference pre-extraction:
at a ratio [TSP]:[biomaterial]

Systemic fluids are homeostatic:
peritoneal
plasma
synovial fluid etc.
thus normalisation may not be appropriate
(or make a difference).

UKMRM 2022
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Data Preparation — Does the data need to be transformed?

First need to ask — does the data follow a normal distribution?
a) It needs to have the shape of a normal distribution—> we can plot an
histogram to see how it looks like.
b) We can also do an Statistical test called the Shapiro-Wilk test that would
indicate if data is normal or not.
c) However for big datasets with many many replicates it is not very reliable and
so we can do a Q-Q-plot.

Histogram of a normal distributed dataset

b

> shapiro.test(data)
Shapiro-Wilk normality test

data: data
W= @.97118' p-value = 0.2583 I

Usually p<0.05 or p<0.01
is significant; not this case

Normal Q-Q Plot

0 1.2 3

Sample Quantiles

2 -

Theoretical Quantiles

.MMPheIan
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When is it appropriate to transform the data?

Data that exhibits a skewed distribution
A log transformation will return a more normal distribution

Negative Skew

Normal (no skew)

Positive skew

Frequency

e - —————————
i Y

o ———

Mean
Median
Mode

I
1
)
!
L
1
1
1
L
]
1
!
1
'
1
L

Mode

b — - —

B VMPhelan UKMRM 2022
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Examples of Data preparation - Normalisation and
transformation

Before transformation

Before normalisation After normalisation

wwm WM,

Count
S = N W s O

10 20 30 40 50 60 70
Ju VR (A i ‘I'P[ugl'l]
After transformation

o

=

| % |
Count
O NWEUNAN®S S

T
MJMMM :.'_.1 : .-

’ 6 8 1 12 14 16 18 2
Urine Spectra log(TP) [pg'1-1]
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Normalisation and Scaling

Before scaling After scaling

3
Fumarate 4 § Fumarate - 6 - L
Glucose 4 e Glucose -
Endotoxin 4 20~ Endotoxin -
Xanthine : Xanthine = J L
Valinge Valine + 5
VaSralo + e Va{j:ram' R - 4 3
rach - racil -
Tyrosine - Tyrosine = 4 1 3
Succinate Succinate - S 4
Ribose Ribose - (&)
Propionate Tl - - e Propionase 3 i
Proline - Proting )
PAG + PAG
Phenylacetato - Phenylacetato 2 - p
eotinate - icolinate -
NDMA NDMA
Meathylamine Msthylamine l - ;.
Mathanol < § ethanol - °
Maltose Maltose - °
Lysine - Lysine - - -+ +
g Loucing - Loucing - 0 & b
Lactate - Lactato -
- Isovalerate |) lsovlaleram - 0 10 20 30 40 1 50 60 70
Isoleuting - Isoleucine - -rp -
§ Iscbutyrate | @ Isabutyrate - [118‘ l ]
K Hypaxanthine - § Hypoxanthing -
~ Histidioe Histidine
Glycine - Giycine
Glycerol - Glycerol
Glutamate Glutamate -
Formate - Formate ~ 2
Ferulate - Farulate - 10
Ethanol - # Ethanol
Dimethylamine Dimethylamine - : O 4 P
holing oholing - P
Calfeine Cafteine - 8 g 3
Ca%a;'enne R m Cacéavenne g
yrate - - utyrate - 3
Banzoate Benzoale - 7 7
Aspartato - Asparale - 6 = .
Alanine - aning - E
Acetoaceiate Acetoacetals - = k:
Acetate - - - -~ celate - > 5 !
3-PP 4 3-PP (&)
3-HP + 3-HP ~ 4 1 I’
3-HB 3-HB
1.3-D 1.3-D ® 3 - -
Ba+05 2 4 o
0.0020 ] E
, 68405 - 1 I'—‘I
15+
ey 000 0 L L v L - . B
z 00010 gl
H 6 8 1 12 14 16 18 2
—
4 26405 - -1
i log(TP) [ug-1-1)
0 -_"NAA A * Oe+00 -
T 1] T L ] T 1] L 1]
Q0 10,000 20,000 30,000 40,000 1e-06 08400 1e-06 2¢-086
Concentration Normaiized concentration
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Data Analysis

(a) Expand

Assess if Identify key knowledge

Format data Normalise unwanted variables to
and scale sources of the group (b) Cregte
variation** differences predictive

models.
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Significance tests
Are these metabolite/s signals significantly different?

11T T | T
o)
== Nl Al s
L .1 INDa 3
| -
‘ U<q 1 group
= g One-sample
C
" —_— - INDb o t-test
_ o
T o
R Ju . | 3 28roups
N AAR RN E N0 — | REP =~ Two-sample
f S t-test
B ANRARRINY s I &T
1NN | | CONT  Z 3+groups
—~ ANOVA
~tHH-H LN 3L i I 8
It - 3
X AE L3 3
W/ / :
-J
How many 1 peak = univariate
peaks/metabolites / Multiple peaks = multivariate
variables?
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Simple Scenario — what are the parameters?

Spectra ID peak 1 ro
P — IR sEach NMR spectrum

is chopped into peak

S 3 e | BN Py

A . . .

B | intensities.

C )L' e 1 " fl

D ) Ml Y PRRN PG Ao _,J.L_.,L,.VJ ° .

£ 1 v _\nD *Multiple spectra

E NSO e L make up a sample

G e B i | s e - v oy ) .-' A r - group.

H T TER .L‘_u_._t_ll s e e I_"»‘j_*[ﬁp_-.,J A !

| .

3 VO] i U | " LuL.n_l,w_.L..«- 0|\/|u|t|p|e groups

QN I O G TN B 1 AT T W WY make up a dataset

L -;l_J.J._,.._l__'.._LAL‘_L.L}_;.‘..-_AJ_. I LU,L..___L,.:..,,A\ ATV

i e bl | T P Y L A [REP *1 spectrum is one
[ I I 1 T — | _U_WL JA . ' patient or experiment
S OIS ¥ SRS | LuL_n 1 ‘»W‘N hw & oMW with multiple peaks.
N = number of individuals in dataset = 12 *To begin with

consider only one

n = Number of individuals per group = 6 peak (peak 1)

Groups =2

Variables = peak 1 intensity and groups
B VMPhelan UKMRM 2022
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How can we visualise the distribution of peak intensities
Box plots

*Box-plot (or box-and-whisker plot) 4
e 95th percentile

(VS

*box covers the inter-quartile range 4w 75th percentile

[ )

—

*whiskers (typically) indicate 5-95 %
4= 5(0th percentile

*QOutliers are indicated separately

'
—

4=mmm ?5th percentile

ko

*Central bar = position of the median

(WS

| 4= ©th percentile
Useful for comparing the characteristic ~*

of different samples.

*All peak intensities are different between individual datapoints

*How can we tell what differences are Statistically Significant?

UKMRM 2022 So you want to do ‘omics?
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Significance Testing

Testing a null Hypothesis: Between two groups of spectra the metabolite
concentrations are not different:

Significance Level
(p-value)

0.01

0.05

0.10

mean =mean

groupl™ group2

0.10
0.05
0.01

§E0000N

|

control treatment

group group
mean mean

* Distribution of concentrations of metabolites observed by NMR and MS tend to
follow Normal Distribution

 Two-group analysis can be performed on any metabolite peak using student’s t-
test (or a suitable variation)

* Foridentification of significant differences comparing multiple t-tests adjustment
must be made to the P value

UKMRM 2022 So you want to do ‘omics?
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Sources of errors in hypothesis tests

Errors The "Truth"
(Real Difference)
2 types of error — _
Type | error rate (a) is usually fixed at 0.05. (B)
This means that in the long run we accept % (A) Type I Error
. w o | V p=likelihood result
that 5% of tests will be false. 22 occurred by chance
. L. . . B &u:‘; a=p-\./ah?e cutoff for
In reality this is a gross underestimation £ S significance
23 ©) (D)
~ |2| Typell Error
Theoretical B=chance of type II error '\j
Null non-null value Power=(1—f)*100%

Alternative
Hypothesis

H

1

Null
Hypothesis

H

1]

Type ll Type |
error error

UKMRM 2022 So you want to do ‘omics?
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Paired data

Paired data

Often found in samples collected before and after an event such as:
treatment
delay (or incubation period)

Could also be matched individuals with (near) identical:
age
genetic background
environment
disease severity

Why use paired samples?

Reduces variability caused by effects incidental to the study
Therefore reduces the signal-to-noise

Effectively enhances statistical power in small dataset

.MMPheIan

UKMRM 2022

So you want to do ‘omics?




More realistic scenario —what are the parameters?

SpectralD _ Group
A . | al U, & ‘_A{J-,I.I .EaCh NMR
o allk spectrum is
B = = e -
c 1 » I_,,.UMQ\MJJ chopped into
D & iim TR B 1 | Ll M IND peak intensities.
E J i Jii *Multiple spectra
FETH - I”"“‘L“'J‘* AL make up a
G ™ wthos Lo s fE sample group.
s ANERENINY i i T R T | ,..\N_\L-.,i«A.lN 'Lh, v
H L LLLL L_,r ...... 1 _LL,_'-‘L'U\[}J. *Multiple groups
! 1 P 1.“--‘ ." l REP make up a
J L PR i | N — ,JLLM f dataset.
LA i
< At R} e ) ] RS AN 1 spectrum is
L A= L ] o
: one patient or
N = number of samples in dataset =12 p. :
experiment with
n = Number of samples per group =6 )
multiple peaks.
Groups =2
Variables = multiple peaks (which we shall consider *Multiple peaks?

individually) and group

. MMPhelan UKMRM 2022 So you want to do ‘omics?




For multiple tests we need to adjust the P value

P value is essentially a rejection threshold
this prevents false positives

i.e. an insignificant variance being marked as

significant

This is known as a Type | error Type Il
Error Rate

o /7 A -
VAVAWY \NNWe'aww Ul
7 S 'QOW/ A VAN
o A/ A AN/ .

Multiple T-tests the probability of a type I (false positive) increases with the number
of tests! When performing multiple tests (e.g. 16) with a fixed threshold per test of
0.05 the probability for at least one of the tests to be a type | error:

1-(1—0.05)16=0.56
Bl VvPhelan mmah 1

Type |
Error Rate

Threshold




P adjustment methods — which to choose?

Choose a procedure that balances the competing demands of sensitivity and specificity.

Bonferroni
Control Family Wise Type | Error (FWER)
FWER the probability of at least one type | error

Benjamini-Hochberg (BH) 1995
Control false discovery rate (FDR)
FDR the expected proportion of type | errors among HO re;j

Bonferroni
gives fewer Type | errors - performs well in sparse cases (TO ~ m)
However
Bonferroni over controls FDR and will not in general minimise FNR
in non-sparse cases power can be improved by other methods

| HO ret HO rej Total T /F T /F |
HO true TN FD T0 B rge al>€ _
- D/N = Discovery/Nondiscovery
HO false | FN D T1 , _
Retained/rejected
Total N D m
. MMPhelan UKMRM 2022 I So you want to do ‘omics?




Which hypothesis test?

Equal %
Variance? % TwWo-

Welch Test

Two sided
Welch Test

sample
T Test

Data is..... & I
% Paired
Normal? T Test

N N0 4
Equal %
Variance?
S o &

Kolmogorov
-Smirnov
Test

Wilcoxon's
matched
pairs Test

Two-sided

\YETE
Whitney

So you want to do ‘omics?
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& Hypothesis tests ,
S @é\
QVBQ\ Qvgy“ QO(;&

|| One sample t-test

2| D] Wilcoxon rank sum test or One sample Chi-Squared test
V| | Paired t-test

1 sample

€| Wilcoxon matched pairs test

J |Independent samples t-test

2 samples

QXXX |«

J | Welch’s corrected unpaired t-test

€| Mann-Whitney U test

J | Repeated-measures one-way ANOVA J
| )| Friedman’s test N 4
> |f | One-way ANOVA N
| X Kruskal-Wallis test N 4

3+ samples

M Marusteri, V Bacarea. Comparing groups for statistical differences: how to choose the right statistical test?

Biochemia Medica 2010;20(1):15-32.
. MMPhelan UKMRM 2022 I So you want to do ‘omics?
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Significance tests

Multiple comparisons: ANalysis Of VAriance (ANOVA):

1. Compares one signal/bucket/metabolite across treatments/conditions
2. Hypothesis:
HO hypothesis: no difference between groups / all groups are from the
same population i.e. treatment has no effect
H1 hypothesis: at least one group is different from the rest
3. Requirements: Replicates, independent observations, normal data.

Significance tests are used to:

* Check data integrity - Quality control (when performed between replicates)

 To identify buckets that change across treatments. A significant ANOVA result
on a bucket indicates at least one of the treatments are affecting that bucket.
To determine which treatment(s) is significantly different post-hoc analysis can
reveal this information.

* If your data can be classified into subsets (different strains, different sex,
different age, etc.) then ANOVA can also be used to test whether there is an
overall difference between these blocks for a given metabolite.

Post-hoc analyses are needed to adjust the p-values to reduce the false discovery rate, some also test within
significant groups which comparisons are responsible for the significance




Multivariate Analysis

Unsupervised:

* Unsupervised techniques use no information about the groupings in order to
transform the data

 The information is effectively compressed, reducing the number of variables in
the data without losing much information.

* Popular example of an unsupervised multivariate analysis is Principal
Component Analysis (PCA)

Discriminant/Supervised:

e Supervised techniques do use information about the groupings in order to
transform the data.

* Essentially discriminant analysis suppress variance within group and enhance
variance between groups.

* Popular example of a supervised multivariate analysis is Partial Least Squares
Discriminant Analysis (PLS-DA)

UKMRM 2022 So you want to do ‘omics?
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Principal Component Analysis - PCA
PCA:

 PCA is an unsupervised data transformation that produces a set of uncorrelated
variables called principal components (PCs)

* Unsupervised techniques use no information about the groupings in order to
transform the data

* The first PC captures the maximum amount of variance in the data

* The second - the maximum possible amount of the remaining variance, and so
on.

 The information is effectively compressed, reducing the number of variables in
the data without losing much information.

« Score plots are used to assess the data Principal comp. | TEMUCZ el comp.
structure of the PCs Arecion & direction 1

* The data is transformed from a coordinate Z; 1,
system of metabolites/buckets into a new , .
coordinate system of PCs : Nal : |

Used for: (\ 8 Fe.ature1

e Visualization of structure within data F\\

* Reducing number of variables for building / RN
more robust models

B VMPhelan 1




Principal Component Analysis - PCA

Can be used to detect and correct for:

QOutliers Batch effect
(0 : : Outliers
¢ eyl L /
ol .o - ;
il 246Q :
? 1 —20 e
@—@ (@) B 10O B 20O D B -
1
f ,.':""c. K
: oK Y ..01 .}.. 3 .
§ ° .'.: 3 B

-15  -10 -5 0 5 10 15 20 25 B
PC1

UKMRM 2022 So you want to do ‘omics?

.MMPheIan




Output of Principal Component Analysis - PCA
Loading plot

S P p Treatment
(_ : - P Cwtamayl_L_Aspamym
\. o o ° ® -©- Untreated
e 2~ Y
e Qe Dy e ren
S ® ‘ ) S o \" ° ,
y - o / °, oG
~~. e o /%0 ® |
"""""" e e 8* » -®- KON
0- oI (e ® P—
- o i 2 CK268 o
— 0.~ e ‘o ¥z a3 Amemnaing
§ // .I ———— ® BK . ny(«(ﬁn‘gﬁ“ ocs
! z PR
?5 K 9 / -e ATQ_PG c e
- 7 O 7 e aas 4mﬂw
a3 e % - ATQ g .
/ /
o -2- ! 4 -®- 5FOA
/ . pER
! % / ! ONBOR istophitecets 88000
1 ;X -@- CQ Paden Amgrone
(@] . AXpartate
! // -®- AQ Oyoapie M"' Ditrptrmonstam
{ 7
! s
\ PR PPQ
M a” -
4 -®- QN <RI
& MQ Lowe
om 100 0 0% an
_I4 _I2 (l) é P2 10T
PC2 (16.75%)
.
Biplot cpns
' I i
» - Ghut
sConMge LT
0‘;» r e
u ° " "
3 ,\'39 1 GRS B .
o ol
S V ] ovobae . b Dibycrborotate
o & - / 1
X ~
(48 n
2
o /
Q e Laclate
S 3519 | &
: & -
W o [~ K
o ° SEEEE——— Je &
[&] b\qb% N
= ]
©
— o
T o~
>
1 2 3 4 5
¢ 13 P
PC index PC2 (‘mu'm
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Partial Least Squares — Discriminant Analysis (PLS-DA)

* Discriminant Analysis techniques are supervised models

» Supervised classification requires grouping information prior to model building

 The resulting model maximizes the effects of metabolites giving variance
between the groups...

e ...and reduces the variation found within each group.

 The outputis a model with predictive capability.

* With all supervised models it is possible to overfit the data.

* Fitting the model to too many components will lead to over-fitting and
consequently meaningless results.

wounded WS
2.548

ws
= 2912
- «
fatb-KO KD
[
o)
e ©
: O 8.76 o ‘I
5
<3 (o) T 339 2.398
wounded WS 5 wounded fatb-KO wounded fatb-KO °g ° S i fath-KO KD
ST o —_—
™Y 8 ws o 98
& 3 & .
" 4 o
. e
b 285 1.94
PC2 (15.8%) PC1(12.9%)
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Over-fitting:

X X1 Xy

* Cross-validation to avoid over-fitting is usually performed by splitting the data
into n subsets and building a model on the data leaving one subset out.

* That subset is used to test the model.

* The process is repeated until each subset have served as the test set.

* The test results are used to assess the model accuracy and robustness.

* Cross validation is tried using varying number of components

* An appropriate number of components for the model is selected based on the
model accuracy across the subsets.

| roda | | Fom2 | | otz | | FoMa | | rems |
9 Training Training Training Training "
- S
% 9 Training Test Training Training Training > Test "%
) &
— ]
g- g =) | Training | | Training - Training | | Training | =
8 9 Training Training Training ' Training > %
bt
9 Training Training Training Training Test 2 Test =
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Output of the PLS-DA

Variable Importance in Projection (VIP)

2(112%)

Componant

A
B

A B

Un kactate g .O

mygan EanSIPm

High

Low

20

0.8

Farformance

0.4

0.2

0.0
[

.MMPheIan
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Fi 3 4

Humiar of cemponents

UKMRM 2022

ooo
Fale b

]
30

R
- &

%oﬁso eucme

VIP scores

R? corresponds to the sum of squares captured by the
model
QZ%is the cross-validated R2
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Multivariate Analysis — which to use?

Limitations: Advantages:
Unsupervised:

* Does not necessarily report about ¢ Unbiased.

groupings. * Reports on greatest variance
* Will highlight contamination or batch between all samples.

effects. * Useful for identifying batch effects.
* Not considered a true statistical test * Useful for appraising technique.

— no true performance values. * No lower limit on samples.

Discriminant/Supervised:

e Biased. * Reports variance that defines
* Will model different groups — even if groupings.
there is no ‘real’ difference. « Will ignore/reduce  ‘unwanted’
* Requires many samples to test variance contamination or batch
properly (cross-validation etc.). effects.

* Measures true performance values.

UKMRM 2022 So you want to do ‘omics?
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Can you identify significant Spectral differences?

No: Yes:
e Check: * Are these effects you are looking
for?

- experimental design
* Do they relate to sample prep or

- Statistical analysis conditions tested

- Number of samples? * Can they be biologically
contextualised?

- Methods of metabolite
measurement?

- Amount of material? (signal/noise)

UKMRM 2022 So you want to do ‘omics?
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From Metabolite to Biological Pathways

First let us consider the complexity of Metabolic Pathways:

O OH
HO /\/ ~oaen

\\ W
HO OH
OH
a-D-Glucose
B VMPhelan
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J .
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M Glycolysis (Embden-Myerhof Pathway)

Module

Ce.qir 3
i L rugnt
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-

rate ’

n ‘r |
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| S 1Y s
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] 3 ’ T
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Central carbohydrate
metabolism
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Software & Databases

Software: Databases:
*MetaboAnalyst *KEGG
*Freeware *Metabolite, protein and
*Common pathways genetic data
*Common organisms *AP| access
*Metabolite only *Required license for FTP
*Not always up-to-date access
*HMDB

*Mammalian Metabolites
*Synonyms datasets and
chemical information
*Curated literature -
associated diseases

.MMPheIan
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Input unique ldentifiers:

Compound List

.MMPheIan

MetaboAnalyst

Concentration Table

Metabolomics Warkbench Data

Please enter a one-column compound list;

Luuudy
Co0z00
C01026
co012z2
coo03y
Co0155
coooay
coo407
cooove
CO0065
co01a8
cooogz
co01a3
CO0166
CO0163
co002:
Co0213

Input Type:

KEGG ID i

Use our example data

UKMRM 2022

Submit

Analysis (targeted)

pathway analysis integrates:
* enrichment analysis (MSEA)
« pathway topology analysis (impact)

Visualization for 26 model organisms:
 Human,

 Mouse,

* Rat,

 Cow,

* Chicken,

« Zebrafish,

« Arabidopsis thaliana,
* Rice,

« Drosophila,

« Malaria,

« S. cerevisae,

« E.coli,

» other species...

So you want to do ‘omics?




MetaboAnalyst

Select a pathway fibrary:

Pathways covered by: E —
Pathway Analysis (targeted) Homs sapers (SWPDS)

Mus muscuius (KEGG)

Mammals
Mus musculus {SIHPOB)

Rattus norvegicus (rat) (KEGG

1. Select pathway analysis parameters Boa teura (cow) (KEGO)

Specify pathway analysis parameters: Birds Galss galus (chicken) (KEGG)

® Scafter piot (Yesting significant features)

Visualization method ) Fish Danio resio (zebratiah) (KEGG)
Heatmaps (esting your seiecied features) :

& Hypargrometic Test Insects Drosophila melancgaster {frut fy) (XEGG)

Ennichment method
Fishar's Exact Tost )
Nematodes Caenorhabditis elegans (nematode) (KEGG)
9 Relative-betweeness Contsaily
Topology anaiysss F'\;r‘.gl Saccharomyces cerevaiae (yeast) (KEGG)
Out-gagrea Cantraldy

Oryza sativa japonica (Japan rice) (KEGG)
®' Use 3l compounds in Ihe selecied pathway ibrary fyza saliva pponica (Japaness (KEGG)

Reference metabolome A rabi man) A
Upload your oan reference metaboiome Plants Arabdopsis thakana (thale crees) (KEGG)

Chioreda variabiis (green aiga) (KEGG)

Schistosoma mansond (KEGG)

Plesmodium faiciparum 207 (Malsna )} {(KEGG)
Parasites

Plasmodium vivax {(Malara) (KEGG)

Trypanosoma brucei (KEGG)

Escherichia coli K-12 MG1E5S (KEGG)

2. Select pathway library Baciks subln (KEGO)
(Limited number of Organisms) pesemm mE——

Staphylococcus asureus N31S (MRSANVSSA) (KEGS)
Thermotoga martima (KEGG)

Prokaryotes
Synechococcus eiongatus PCCTS42 (KEGG)
Mesorhizobium japonicum MAFF 303099 (KEGG)
Kiebsiada pneumonae IAGH 78578 (serotype K52) (KEGG)
Kiebsiela varicoly A1-22 (KEGG)

Streptococcus pyogenes B1 476 (serotype M1) (KEGG)

Submit

UKMRM 2022 So you want to do ‘omics?
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MetaboAnalyst

Output offers ‘impact’ and p-value (presented as —log10) :

v Show gridline Updale P 3
Overview of Pathway Analvsis Glveme. senne and threonme metabolism
. ‘ | cm cou-
Gyone senne and thmom [
metabolsm :
o - — - . T oomm wuﬂ conm cm
| l |
coon corces cooisr |
. AN
o - v e l
. . coortd — cony
= | Pl ] A\
= - £ e
- = " . " v
f \
¥ ¢ : ”"F [ G oo ) Gk
- - . 3 . . . ¢ ’ ‘\ '.»
! | N /
. 3 ¥ .e/ » f 'l N ¢
° 1) | -,icouucmmmcmoxm1
i ‘\ M, - /‘ ’
f Vs
o | ® : : o, : : ' " ;’\A . g, -
@ ® Comt coons  cooss [
3 [+] o ! {."’
: S
& Q | coaost
r T T T T 1 "v\ Ir"
L
00 02 04 06 08 10 )
Pattway Impact

Impact: total importance of each pathway = 1 R[] B <=l =
Each metabolite node is the % with respect to the total pathway importance
pathway impact is the cumulative % from the matched metabolite nodes.

Node importance estimation: betweenness centrality & degree centrality

. MMPhelan UKMRM 2022 So you want to do ‘omics?




MetaboAnalyst

Output offers ‘impact’ and p-value (presented as —log10) :

v Show gridiine Update b

degree

/ centrality

Overview of Pathway Analysis

: i Iglycne, serine and threoni
- N FE B T betweenness

- e 1 ¥ O centrality
e @ : : ' :
1% ° o

: : O : :
te. o O
OIO 0]2 014 0'6 OIB llO (\

Pathway Impact u

Impact: total importance of each pathway =1
Each metabolite node is the % with respect to the total pathway importance
pathway impact is the cumulative % from the matched metabolite nodes.

Node importance estimation: betweenness centrality & degree centrality

. MMPhelan UKMRM 2022 So you want to do ‘omics?




MetaboAnalyst

Result is a list of metabolic pathways and associated p-value and impact:

Click the corresponding Pathway Name to view its graphical presentation; click Match Status to view the pathway compounds (with matched ones highlighted).

1 2 > -1

Pathway Name Match Status p -log(p) Holm p FDR Impact Details
Glycine, serine and threonine metabolism 8/33 6.4736E-10 9.1889 . 43T8E-8 . 43T8E-8 0.62837 KEGG SMP
Aminoacyl-4RMNA biosynthesis 8/48 1.611E-8 7.7929 1.3371E-6 6.7T66E-T 0.16667 KEGG
Phenylalanine. tyrosine and tryptophan biosynthesis 34 5.2309E-6 52814 4 2893E-4 1.464T7E-4 1.0 KEGG SMP
Valine_leucine and isoleucine biosynthesis 3/8 7. 1M26E-5 4148 00057612 0.0014936 0.0 KEGG SMP
Phenylalanine metabolism 310 1.502E4 3.8233 0.012016 0.0025234 0.61904 KEGG SMP
Cysteine and methionine metabolism 4/33 4.2302E-4 3.3736 0.033418 0.0059222 0.25594 KEGG SMP SMP
Tyrosine metabolism 4/42 0.0010833 29653 0.084496 0.011925 0.16435 KEGG SMP SMP
Pantothenate and CoA biosynthesis 318 0.0011358 29447 0.087454 0.011925 0.02143 KEGG SMP
Glyoxylate and dicarboxylate metabolism 3/32 0.0052872 2.2768 0.40183 0.049347 0.14815 KEGG
Valine_ leucine and isoleucine degradation 340 0.0099344 2.0029 0.74508 0.083449 0.0 KEGG SMP
Citrate cycle (TCA cycle) 2020 0.021391 1.6698 1.0 0.16335 0.07615 KEGG SMP
Pyruvate metabolism 2022 0.025652 1.5909 1.0 0.17956 0.20684 KEGG SMP
Propanoate metabolism 2/23 0.027903 1.6643 1.0 0.1803 0.0 KEGG SMP
Alanine_aspartate and glutamate metabolism 228 0.040286 1.3948 1.0 02256 0.0024 KEGG SMP SMP SMP
Glutathione metabalism 2028 0.040286 1.3948 1.0 0.2256 0.09216 KEGG SMP
Synthesis and degradation of ketone bodies /5 0.056803 1.2456 1.0 0.29822 0.6 KEGG SMP
Arginine and proline metabolism 2/38 0069981 1.155 1.0 034579 0.01212 KEGG SMP
Thiamine metabolism T 0.07866 1.1042 1.0 0.36708 0.0 KEGG SMP
Taurine and hypotaurine metabolism 1/8 0.089408 1.0486 1.0 0.39528 0.0 KEGG SMP
Ubigquinone and other terpenoid-quinone biosynthesis 19 010004 099984 1.0 042016 0.0 KEGG SMP

12 -

Impact — based on number of nodes the metabolites have in the pathways
P-value — based on Metabolite Set Enrichment Analysis

UKMRM 2022 So you want to do ‘omics?
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MetaboAnalyst

Metabolites

L-Serine; Choline; Betaine aldehyde; Betaine;
Guanidinoacetate; 3-Phospho-D-ghycerate; MN,M-
Dimethylglycine; L-Cystathionine; Glycine; O-Phospho-
L-serine; Sarcosine; 5 10-Methylenetetrahydrofolate;
L-Threonine; Lipoylprotein; Aminoacetone; D-Glycerate;
[Praotein]-S8-aminomethyldihydrolipoyllysine; Tetrahydrofolate;
Dihydrolipoylprotein; 2-Phospho-0-glycerate; D-Serine;
Hydroxypyruvate; Creatine; 3-Phosphonooxypyruvate;
L-Cysteine; 2-Oxobutanoate; Glyoxylate; L-2-Amino-
J-oxobutanoic acid; Pyruvate; COZ2; 5-Aminolevulinate;
Methylglyoxal, Ammaonia

Result is a list of metabolic pathways ang <" metabeties
/ Pathway
Click the corresponding Pathway Name to view its graphical presentation; click Match Status to \}ewt
Pathway Name Match Status
Glycine, serine and threonine metabolism 8/33 6.4 Glycine,
Aminoacyl-tRMNA biosynthesis B8/48 \ 16 serine and
Phenylalanine. tyrosine and tryptophan biosynthesis 34 \ 5.2 threonine
Valine_leucine and isoleucine biosynthesis 3/8 \7_1 metabolism
Phenylalanine metabolism 3M0 q.S
Cysteine and methionine metabolism 4733 4\2
Tyrosine metabolism 4/42 U.i
Pantothenate and CoA biosynthesis 319 0.0011358 2.9447
Glyoxylate and dicarboxylate metabolism 3/32 0.0052572 2.2768
Valine, leucine and isoleucine degradation 3/40 00099344 2.0029
Citrate cycle (TCA cycle) 2020 0.021391 1.6698
Pyruvate metabolism 2/22 0.025652 1.5909
Propanoate metabolism 2/23 0.027903 1.6643
Alanine_aspartate and glutamate metabolism 228 0.040286 1.3948
Glutathione metabolism 2/28 0.040286 1.3948
Synthesis and degradation of ketone bodies /5 0.056803 1.2456
Arginine and proline metabolism 2/38 0069981 1.155
Thiamine metabolism T 0.07866 1.1042
Taurine and hypotaurine metabolism 1/8 0.089408 1.0486
Ubigquinone and other terpenoid-quinone biosynthesis 19 0.10004 0.99984

12 -

0.087454 0.011925 0.02143 KEGG SMP
0.40183 0.049347 0.14815 KEGG
0.74508 0.083449 0.0 KEGG SMP
1.0 0.16335 0.07615 KEGG SMP
1.0 0.17956 0.20684 KEGG SMP
1.0 0.1803 0.0 KEGG SMP
1.0 0.2256 0.0024 KEGG SMP SMP SMP
1.0 0.2256 0.09216 KEGG SMP
1.0 0.29822 0.6 KEGG SMP
1.0 0.34579 0.01212 KEGG SMP
1.0 0.36708 0.0 KEGG SMP
1.0 0.39528 0.0 KEGG SMP
1.0 0.42016 0.0 KEGG SMP

Impact — based on number of nodes the metabolites have in the pathways
P-value — based on Metabolite Set Enrichment Analysis

.MMPheIan
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Metabolite Set Enrichment Analysis (MSEA)

MSEA is a method to test the probability that the metabolites identified represent
metabolic pathways.

Utilises Fishers Exact test to assign a P value to each pathway based on the
metabolites observed.

Requires a database containing all pathways and associated metabolites in the
organism of study (can be accessed from KEGG).

Calculation cycles through each individual pathway in turn to determine a probability
(P-value) for the likelihood of each pathway being represented:

Query Metabolite Query Pathway
In Pathway A B
Not in Pathway C-A D-B

A = Number of query metabolites matched with query pathway

B = Number of metabolite instances for the query pathway

C = total number of query metabolites

D = Total number of metabolite instances for all pathways in the organism

J Xia & DS Wishart Nuc Acids Res, 38(1) 2010, W71-W77, doi.org/10.1093/nar/gkq329

. MMPhelan UKMRM 2022 So you want to do ‘omics?
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Data Deposition

Why Open Access?

 |ncrease Understandin ] o
& Metabolomics Research Publications:

* Share best practise

S000

 Comparative studies

TOOD

E000

* Publication in top-tier journals

° ° 4000
* Improve Integration with
° 3000
e other ‘omics
2000
il | I I

1959 00 2003 2005 2007 011 2013 2015 2017 2019 2021

2
(=]
=

SBUJUTY 80UB135 JO gap

Year

*Jan-Feb 2021 only

UKMRM 2022 So you want to do ‘omics?
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Metabolights

Jl.lh'.' VetaboLights |

: Examples: alanine, Homo sapiens, urine, MTBLS1

Home Browse Studies Browse Compounds Browse Species Analysis Download Help Give us feedback About .t. Submit Study # Login

| —investigation details a — assay information
Ontology source list (databases used)

: . L Most of the information will be
Author list (role, address, email, affiliations)

consistent between samples

Protocols
(Sampl_e collection, Details regarding technique
Extraction
NMR sample . .
NMR spectroscopy s — study information
NMR assay
Data transformation m — metabolite profiles
Metabolite identification,
Statistical test) Scripts available to convert HMDB ID
Publication (DOI, abstract, title, authors) to other formats
Study factors

Haug et al Nucl. Acids Res. (2013) doi: 10.1093/nar/gks1004 : ebi.ac.uk/m etabO“ghtS
. MMPhelan So you want to do ‘omics?




Training Workshops and Networking

Look out for coming events:
Liverpool Training Centre for Metabolomics
@LivUniTCM

1 day metabolomics pipeline workshop
(Autumn 2022)
Step by step talks on metabolomics pipeline

Lipids working group
From sample collection to pathways &
biomarker determination

Hands on R statistics for NMR metabolomics
(January 2023)
Computer led statistical analysis

1 day metabolomics symposium

(tbc 2023)

Showcase of metabolomics in research at
Liverpool

.MMPheIan

UKMRM 2022

Liverpool Workshop online:
www.tinyurl.com/NMRmetab

International Networks
National Phenome Centre (Imperial & St
Marys, London):
Learn.nihr.ac.uk

Birmingham Metabolomics Training Centre
Birmingham.ac.uk/facilities/metabolomics-
training-centre

Metabolomics Society:
Metabolomicssociety.org

European Bioinformatics Society:
Ebi.ac.uk/training/handson

Metabolomics Quality Assurance and Quality
Control consortium
mQACC.org

So you want to do ‘omics?



Helpful Literature

Blood plasma
-Soininen et al Analyst. 2009 Sep;134(9):1781-5. doi: 10.1039/b910205a

Recommendations of the Metabolomics Society
-Sumner et al. Metabolomics (2007) 3:211 doi:10.1007/s11306-007-0082-2
-Salek et al GigaScience 2013 2:13 doi: 10.1186/2047-217X-2-13

Nature Protocols

-Beckonert et al Nature Protocols 2, - 2692 - 2703 (2007) doi:10.1038/nprot.2007.376
-Want et al Nature Protocols 8, 17-32 (2013) doi:10.1038/nprot.2012.135

-Want et al Nature Protocols 5, - 1005 - 1018 (2010) doi:10.1038/nprot.2010.50

Power Calculations

-general software overview:

McCrum-Gardner Int J Therapy & Rehab 2010, 17(1) doi:10.12968/ijtr.2010.17.1.45988
(single variable)

Drive full of resources (including further background reading):
www.tinyurl.com/NMRmetab-docs

UKMRM 2022

.MMPheIan
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http://www.tinyurl.com/NMRmetab-docs

Thanks for Listening

Involved In NMR teaching?

Take my teaching survey

(simplified after issues with submissions)
www.tinyurl.com/NMRteach

@LivUNnICMR
@LIvUNITCM

Liverpool HF-NMR:
Dr Rudi Grosman

HE-NMR ’*) Liverpool CBF: L
@:) Dr Eva Caamano 5@%’
Dr Arturas Grauslys ' {‘”’r

NMR metabolomics Steering Group LIV-SRF-
Dr Igor Barsukov .

o Dr Konstantin Luzyanin
W @LivUniNMR Prof Jon Iggo

mphelan@Liverpool.ac.uk Prof Fred Blanc B?n M.ollitt
sites.google.com/view/nmrliverpool Julie Boileau

Thank you! W @livuniLivSRF
UKMRM 2022 So you want to do ‘omics?

Prof lan Prior
Dr Victoria Harman
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http://www.tinyurl.com/NMRteach

| |
1 T DOSY DISCOVERY DAY
¥R nuRUK RESONS | MR

&)
7

\)

\ -~

12-09-2022 Dr Juan Aguilar-Malavia University of Durham

09:45-10:00. Welcome and overview (housekeeping, datasets used).
10:01-11:00. So many pulse sequences. Which one should | use?

11:31-12:30 Setting up DOSY, including questions

13:31-14:15. How not to interpret DOSY. Gareth.

14:16 — 14:45. How to process DOSY data using VNMRJ. Juan.

14:46 — 15:00. How to process DOSY data using TopSpin. Juan.

15:01 — 15:15. How to process DOSY data using Dynamics centre. Geoff.
15:16 — 15:45. How to process DOSY data using Mestrenova. Marie.
15:46 — 16:05. How to process DOSY data using GNAT. Mathias Nilsson.

16:06-16:30 troubleshooting/analysis Q&A. 30 min.

Preliminary Program & (free) Registration: www.tinyurl.com/D0OSY2022
For more details: j-a.aguilar@durham.ac.uk

. MMPhelan UKMRM 2022 So you want to do ‘omics?




__| I ———....,)EY ™ n -
A caveat - Seeing is believing!

Identical R does not inform on the distribution of Errors

Anscombe's quartet

@ )
8 o " @, .
. 3]
6 2 D
4
4 @
5 10 5 0
| @ > @
0 10
2 Mean of x: 9
8 e ® 8 Variance of x: 11
o ® & Mean of y: 7.50
f o® 6 Variance of y: 4.12
e.® . corr(x,y): .816
5 10 10 15
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