Mining the mass mess: Intelligent
use of signal complexity simplifies
MS based metabolomics.

Corey Broeckling
Colorado State University
Proteomics and Metabolomics Facility

Non-targeted metabolomics

* Targeted: MRM based acquisition

* Non-targeted: Unbiased acquisition
* Goal: see as much small molecule signal as possible
* Strength: breadth of data acquired

* Unforeseen results revealed

* Valuable outside model species/samples and in
plants/microbes (secondary metabolism not well conserved)

e Limitations:

 Sacrifice sensitivity compared to targeted (though less now
than historically)

* Signal Annotation/Compound identification
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A standard workflow for non-targeted
metabolomics data analysis

Detect features - a mass and time specific signal (AMT)
Align features across samples

To group or not to group...

a) assume features are all independent

b) ‘deisotope’ or group features based on predictable fragmentation,
adduction, dimerization

Statistically interrogate either individual features or feature

groups

ID based on inferred molecular weight/formula from 3 or
follow-up targeted MS/MS.
a) Often an additional experiment

b) MS/MS offers more confidence in annotation through use of multiple
signals for a given compound
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Drug-like compounds set our ESI
expectations: “this is pretty easy...”
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Most biological metabolites are
not drug-like

XLogP of HMDB metabolites

u predictetzj XLogP :
* 73% of HMDB compounds have 1+ Lipinski failure(s)
* Diverse structure leads to diverse behavior

Diverse structures -> Diverse behavior:
~1200 authentic standards run under real acquisition
conditions — LC-TOF, positive ionization mode
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* Some signals are easily predicted, others less so

* High risk of mis-intpretation!
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In-source fragmentation happens

dATP
MID: 3582 ESIQ-TOF

Intensity (%)

Mass (m/z)

(m

Adduction can
be complex

Rows = cmpds
Columns = adducts

[M+H+MeOH
2M+H-H20
[2M+H-2H




Standard workflow for metabolomics
data analysis

3. To group or not to group...
a) assume features are all independent
b) ‘deisotope’ or group features based on predictable fragmentation, adduction, dimerization

Logical flaws in 3
a) Features are not independent

b)  Spectra are often unpredictable

e Implications of complex spectra:
e Overestimation of sample complexity
* Reduced spectral quality (and confidence) for known compounds
* Wasted ID effort for redundant (identified) signals

* SPECTRA ARE INFORMATIVE: diagnostic and interpretable!

* Feature grouping tools: AMIDIS(NIST), MSClust(PRI), QUICS(Metabolon),
Parafac2(University of Copenhagen), CAMERA (IPB-Halle, Germany)...

Data Independent (MSe, MSall, ...)

* MSE: CID fragmentation without precursor isolation

MS/MS

idMSIMS o,

* Concurrent acquisition, high and low collision energy
* MS and MS/MS for all signals in single LC-MS injection
* Issue: assigning precursor/product relationships
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idMS/MS and in-source complexity: (jﬁ

two problems, one solution
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* Fragmentation/Adduction predictability unnecessary
* Integration reproducibility important

* Two parameters:
* Retention time similarity
e Correlational similarity

RAMCIlustR: custom similarity matrix

* Similarity between two features is the product of two
gaussian functions (o is tunable in each)

* Correlation (quantitative similarity [r], MS vs MS, MS vs
MS/MS, MS/MS vs MS/MS)

* Retention time (temporal coelution)
* No cutoffs!
* If either correlation or retention time is dissimilar,
total similarity approaches zero

* Similarity calculated for all pairs of features
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RAMClust: Heirarchical clustering
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* The similarity matrix is a n x n of similarities between
features (i.e. correlational r-values)

* HCA clusters features based on this matrix

* Dendrogram can be ‘pruned’ into groups

* ‘DynamicTreeCut’ — unsupervised cutting of dendrograms, no
need to predefine expected cluster number

* Groups = Spectra

Example spectral matches:
idMS/MS spectra match MS/MS of

Lipids
* Top: RAMClust
spectra

* Bottom: NIST
MS/MS
spectrum
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RAMClust overview: W—
¢ Only input: dataset(s) .
. . * Spectral searching
° !ndependent of pred|Ctablllty ¢ More reliable than MW — multiple
n: signals!
+ Adduction * No assumé)tions regarding MW of
. . compoun
Fragmentation * Spectral searching offers a shallow
* Isotope pattern learning curve compared to

spectral interpretation

* Output to .msp format . .
e Both MS and idMS/MS spectra ?A_"aetff{gsm”e s potceiielols il

: \'\l/llg\évgggcan(('i\lfse_lg)rchlng using * Dependent on reliable feature

detection and integration

* Fast
¢ Dataset(s) of 17,000 features
to msp spectral library < 200
seconds
* Easier downstream: 17,000
features ~ 2700 clusters

BONUS: reduced variance when using spectra

* Redundant measures of metabolite
abundance results in a lower CV

* Lower analytical CV -> better sensitivity to
biological changes
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NIST: 1-Hexadecanoyl-sn-glycerol

RAMCIustR (R):

Peak detection (MS and MS"E)
Feature alignment
Retention time correction

Re-alignment
Fill peaks

XCMS (R)
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1-Hexadecanoyl-sn-glycerol

Raw data:

RAMCIustR: data driven feature clustering
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Compound # >>> Spectra #

* METLIN: 961,829 compounds

e ~ 14,000 with authentic spectra (image format)
* LipidMaps: ~40,000 compounds

* ~ 500 with spectra

* PubChem: 93,553,257 compounds

* NIST
* GC-MS El spectra 267,376 compounds
e LC-MS/MS spectra 14,351 compounds

* Authentic standard spectral libraries will be
incomplete for the foreseeable future
* Can predicted analytical behavior help?

Density

Density

CSU PMF Spectral and Retention
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- Adduction is
patterns contain information
diagnostic of structure N Ot ran d om
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In-source patterns are predictable

e Structure database . SrmmsstEsasim= )
converted to retention analy ey —
tl me a nd MS Ieve' Enabling Efficient and Confident Annotation of LC-MS
Spectral ||brary Melaiisdomicf.Daullhrough lb‘lSl Spectrum and1ime.?redfflior: i

* No MS/MS necessary ‘ =i
(though WI” often be : calculated cosine similarity —
beneficial) ,

prE
ana . - d.

* Utilize MS signal candint
‘redundancy’ for N
efficient and confident z .
annotation! S

* Approach doesn’t scale
well
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In-source spectra are
interpretable

arch 2017 | Revisadt § May 2017 | Accepted & sy 2017
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Compound annotation in liquid chromatography/
high-resolution mass spectrometry based metabolomics: robust
adduct ion determination as a prerequisite to structure
prediction in electrospray ionization mass spectra

Carsten Jaeger'? © | Michaél Méret® | Clemens A. Schmitt’?* | Jan Lisec'*

Rationale: A bottleneck in metabolic profiing nle onfident. non
wpervised annotation of ideally ai Contained, chemically highly dhverse small molecutes. Recent
computations strategies combining tum formela prediction with in 1o fragmentsbion achieve
confident de novo annotation, once the correct neutrsl mass of 3 compound is known. Current
software solutions for automated adduct ion assignment. however, are either publicly unavallable
o have been validated against only few experimental clectyospray lonization (ES() mass spectra

Methods:  We here present findAIN (find Main Addut loh), 3 new heuristic approach for
nterpreting ES1 mans spectra. findMAR scores MS! apextrs based on explained intoraity, mas
Hiuracy ope & 3ty and annotates
pessks of the idelprotonsted moscude nd 3dduct iom. The spprasch was vabdated against 1141

o 100 chemically ompounds high
resohtion mass. secirometric instruments, (Orbitrap and time-of figh0). Robustness. against
moure soectrs was, evalusted

Results:  Comect adduct lon assignment was achieved for 1o 10 8% of the spectra
Performance was independent of compound cliss and s spectrometric platform. The
algonthm proved highly tolerant against spectral contamination i demonstrated exemplarly

In-source spectra are
interpretable

16 : M.findmain = 477.2876 ( +/- 15.8 ppm )
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Summary: In-Source Phenomenon

* Biological metabolites often generate complex MS

spectra
* Features can be grouped without chemical assumptions

* RAMClustR
* |n-source spectral complexity can be useful

* In-source spectral matching using
* NIST Search tools
* RAMSearch

e 1-SToP approach
* Predicted in-source spectrum and retention time
e Theoretical MS & RT signals from chemical structures

* HMDB, LipidMaps....

* RAMSearch

* Interpretation of in-source delta mass to obtain more confident
molecular weight — interpretMSSpectrum (called from RAMClustR)

Heterodimers 17?2?2171 Ackkk!?!!

analytjcal.
cI\emlstry hacsinie
A. |-H B. |Glutamate NAD
> A
£ [-2H+NaA n
2 Wy @
P_J, e M
E = E er
-2H+K
Retention Time Retention Time
MOIe [CAures UL anayues, ana an meicient use o1 resources > <
during data analysis. Although software has been introduced to )| | + ! &W‘;]h
Ll - has Ll = 1 =
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Future directions

* Hardware: Continue to explore chromatography and source
conditions to better understand (predict) chromatographic
and in-source behavior

e Software:

* Measured analytical properties predictable from structure:
¢ Accurate mass
Isotope pattern
MS1 spectrum
Retention time
Collisional Cross Section
MS/MS
* No informatics platform uses all the available data for annotation!

 Predicted analytical behavior will enable efficient use of structure
databases

* MSFinder, Sirius — MS/MS interpretation. Currently incorporating into
XCMS/RAMclustR workflow.

Conclusions

* Many biological compounds generate a collection of signals.
* In-source fragments
e Alternate adducts
* Multimers
e Hetromultimers!
. Thlis collection of signals is a mass spectrum, not a single m/z
value

* This complexity is under appreciated in the metabolomics
community

* This complexity provides additional structurally relevant signal
that can Ee usecfto improve confidence in identification
* Ignoring this complexity is bound to result
* False positive identifications
* Weaker statistical analysis
* Misinterpeted biology
* Use tools that recognize this complexity please!

7/20/2018
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RAMClust: custom similarity
matrix

(. MS1MST\Z . 2
e (1 Cij )/20’1 +

2
(1 Ms2Ms2\E o o —(ti—t;)" [20?

MS1/MS2\Z ;.
alze_(l_cij ) /207,

* Similarity between two features is the product of two gaussian
functions (o is tunable in each)

e Correlation (quantitative similarity, MS-MS, MS-MS/MS, MS/MS-MS/MS)
* Retention time (temporal coelution)
* No cutoffs!

* If either cor or rt is dissimilar, total similarity approaches zero

* Use Data Dependent MS/MS precursor-product relationships to
examine quality of clustering

* Response: average spectral similarity for all feature-mapped DDA spectra
which have similarity > 0.5 for ANY combination of parameters

7/20/2018
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RAMClust: Parameter
descriptions:
* Sigma t: platform dependent

* sigma for retention time
* Wider chromatographic peaks means wider retention time
variation for features representing same compound.
* Sigma r: platform independent
* sigma for correlational r value

* r-value is independent of signal
e Though higher variation at lower signal intensity

* Hmax: platform independent
* Hierarchical clustering dendrogram
* maximum cut height using dynamicTreeCut package in R

* All other parameters set at feature detection

similarity
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Influence of sigma t (st) and sigma

r(sr)

influence of 'st' on similarity influence of 'sr’ on similarity

10

s wWwhn =0
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delta rt rvalue
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DDA MS/MS spectra validate RAMClust

relationships:

Use known precursor-product

relationships as the
benchmark

Any sim > 0.5
» n=311 DDA MS/MS
390 combinations

Y-axis: average spectral
similarity (from 0-1)

Stability to hmax improves at
higher sigma_r and sigma_t

average simiarity (n= 311)
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Can we control in-source
complexity?
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Solvent to analyte ratio
controls sodium adduction

|
)|
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3-oxocholic acid: nonlinearity

of dimer to monomer
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3-oxocholic acid: ranked intensity
shows strong linear relationship
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