
Metabolite Analysis and Mass 
Spectrometry



Metabolites Are the Canaries of the 
Genome

A single base change can lead to a 10,000X change in metabolite levels



Metabolism is “Understood”



Metabolite
• Metabolites are the intermediates and products of 

metabolism
• Primary metabolites are synthesized by the cell because 

they are indispensable for their growth
• Secondary metabolites are compounds produced by an 

organism that are not required for primary metabolic 
processes

• A by-product of the breakdown of either food
or medication by the body

• Any compound detected in the body <1500 Da
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Metabolites
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The Metabolome is Connected to All 
Other “Omes”

• Small molecules (i.e. AMP, CMP, GMP, TMP) are the primary 
constituents of the genome & transcriptome

• Small molecules (i.e. the 20 amino acids) are the primary 
constituents of the proteome

• Small molecules (i.e. lipids) give cells their shape, form, 
integrity and structure

• Small molecules (sugars, lipids, AAs, ATP) are the source of all 
cellular energy

• Small molecules serve as cofactors and signaling molecules for 
both the proteome and the genome

• The genome & proteome largely evolved to catalyze the 
chemistry of small molecules



Metabolomics to Phenotype

Genome

Transcriptome

Proteome

Metabolome

Phenotype

What could happen.

What appears to be happening.

What makes it happen.

What actually happens.

Why we care.



Metabolite Analysis
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Metabolomics: quantitative 
measurement of all low molecular 
weight metabolites in a given sample, 
cell or tissue.

Quantitation of specific metabolite.
Profiling a group of related compounds.
Quant/qual of all metabolite.
fingerprinting: rapid global analysis of a 

class of compounds.
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Challenges in Metabolomics

•Metabolites have a wide range of molecular 
weights and large variations in concentration

•The metabolome is much more dynamic than 
proteome and genome, which makes the 
metabolome more time sensitive

•Metabolites can be either polar or nonpolar, as 
well as organic or inorganic molecules. This 
makes the chemical separation a key step in 
metabolomics

•Metabolites have chemical structures, which 
makes the identification using MS an extreme 
challenge

cholesta-3,5-diene

Presenter
Presentation Notes
Chemical reactions in a biological system result in a number of intermediate molecules known as metabolites. Studying the nature of these metabolites can shed light on the functioning of the entire cellular system. 

The pursuit of this information has been variously described as metabolite profiling, metabolomics, and metabolomics. At this time, the use of these neologisms is still flexible, allowing for a great deal of overlap in their meaning, but in general, metabolite profiling is a study more likely to be found in the context of pharmaceutical research, whereas metabolomics is the domain of systems biologists and metabonomics more of an environmental or ecological pursuit.�
Mass spectrometry (MS) has emerged as the analytical method of choice for the study of metabolites, in large part because these differences are not as important in MS as in other techniques. 



Metabolomics Flow Chart
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R. Gooadacre et al Analytica Chimica Acta 879 (2015) 10–23



2 Routes to Metabolomics
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Quantitative (Targeted)
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Profiling (Untargeted)
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Nature Reviews Molecular Cell Biology 13, 263-
269 (April 2012)



Figure 1. General workflows of metabolomics study, including study design, sample preparation, data acquirement and data mining.

Published in: Zhi-Gang Gong; Jing Hu; Xi Wu; Yong-Jiang Xu; Critical Reviews in Analytical Chemistry Ahead of Print
DOI: 10.1080/10408347.2017.1289836
Copyright © 2017 Taylor & Francis Group, LLC



Study Design

Hierarchical Pilot Study to determine variation

Technical 
variation

Trutschel, D., Schmidt, S., Grosse, I. et al. 
Metabolomics (2015) 11: 851. 



Knowledge discovery in metabolomics: An overview of MS data handling

Journal of Separation Science
Volume 33, Issue 3, pages 290-304, 19 JAN 2010 DOI: 10.1002/jssc.200900609
http://onlinelibrary.wiley.com/doi/10.1002/jssc.200900609/full#fig1

Presenter
Presentation Notes
Complementarity of the positive and the negative ionisation modes.
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Study Design

Trutschel, 
D., 
Schmidt, 
S., 
Grosse, I. 
et al. 
Metabolo
mics 
(2015) 11: 
851. 

cost, sample availability and the accuracy 
of the tests



Study Design

• Internal Standards?
– Recovery standards to estimate the % 

recovery from sample preparation method
– Analytical standards for normalization in 

data analysis. Must be immune from 
ionization/detection variation and not affect 
sample features. Easier for metabolite 
subsets than for untargted.
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Sample Preparation Method Criteria

Vuckovic, D. Anal Bioanal Chem (2012) 
403: 1523.



Sample Preparation Method 
Comparison

Want EJ, O'Maille G, Smith CA et al (2006) Anal Chem
78:743



Vuckovic, D. Anal Bioanal Chem (2012) 403: 1523.

Metabolo
me 
coverage

Free 
concentratio
n

Metabolism 
quenching 
step

Repeatabilit
y

In vivo 
sampling

Ionization 
suppression

Protein 
removal 
efficiency

Small volume 
samples

Solvent 
precipitation or 
extraction

Excellent 
but 
depends 
on solvent

No Limited and 
only if rapid 
after 
collection

Excellent No High Low No

Microdialysi
s

No data Yes Yes No data Yes High High Yes—no sample is 
withdrawn

Ultrafiltratio
n

Excellent for 
polar 
metabolites; 
poor for 
hydrophobic 
metabolites

Yes Limited and 
only if rapid 
after 
collection

Good No High High No

SPE Good Depends on 
sample pre-
treatment

No Good No Medium Not evaluated 
to date

No

DBS Good No No Medium No Not evaluated 
to date

Low Yes

TFC Good Not known No Medium No Medium Not evaluated 
to date

Yes

SPME Good but 
lower 
sensitivity

Yes Yes (in vivo) Good Yes Low High Yes—no sample is 
withdrawn for in vivo 
SPME



Sample Normalization



Sample Normalization

• Pre-acquisition
– Adjust volume or weight (can input for data 

processing.
– Measure concentration of known 

unaffected metabolite (creatine in urine).
– Normalize to some measure osmolality, 

UV…
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Metabolomics Methods
Technique Advantages Disadvantages

GC–MS

•High resolving power and 
accuracy•Reproducible retention 
time•Applicable to volatile and semi-volatile 
compounds (through derivatization)•low 
cost compared to LC–MS and 
NMR•Comprehensive databases available

•Volatility can be a restriction•Heat sensitive 
compounds cannot generally be 
analysed•Derivatization may complicate 
sample preparation and identification (due 
to additives and multiple derivative 
products)

LC–MS

•High accuracy<comma> resolving 
power<comma> sensitivity and 
specificity•Sample preparation is minimal 
compared to GC–MS (generally no 
derivatization required)•Applicable to 
complex mixtures<comma> polar and non-
polar compounds

•Without comprehensive MS–MS or 
MSnstructural information is limited•Matrix 
effects•Formation of multiple adducts

NMR

•Robust and highly reproducible•Provides 
very specific structural information•Non-
destructive (samples can be 
recovered)•Minimal sample 
preparation•Highly quantitative

•Very expensive•Spectral interpretation is 
time consuming•Low sensitivity (micromolar 
range) compared to MS (picomolar range)

FT-IR
•Rapid and high throughput•Relatively
inexpensive•Provides information rich data

•Water is an issue in mid IR (samples must 
be dried)<comma> although wet samples 
can be analysed using attenuated total 
reflectance (ATR)•Mixtures may complicate 
data interpretation•Not all compounds can 
be detected•Low chemical specificity 31

R. Gooadacre et al Analytica Chimica Acta 879 (2015) 10–23
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NMR or MS 
Profiling

Very Robust High Throughput 500-
10,000 
variable
s

5-50 
identified 
compounds

GC-MS Robust High Throughput 500-
1000 
primary
metabo
lites 
<550 
Da

50-200 
identified 
compounds

LC-MS Not as 
Robust

Low Throughput 50-70 
second
ary
metabo
lites 
<2500 
Da

20-100 
identified 
compounds



Metabolomics Separation methods
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• Gas chromatography (GC)
– one of the most widely used and powerful methods
– high chromatographic resolution
– compounds must be volatile (or derivatized)

• High performance liquid chromatography 
(HPLC)
– lower chromatographic resolution
– wider range of analytes can be analyzed (polar)

• Capillary electrophoresis (CE)
– higher theoretical separation efficiency than HPLC
– suitable for wider range of metabolites than GC
– most appropriate for charged analytes (electrophoretic
technique)
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Metabolite Analysis



GC-MS Chromatogram of a 
Biological Mixture



HPLC of a Biological Mixture



NMR
• Advantages

– No sample separation necessary
– Essentially universal detector
– Non-destructive

• Disadvantages
− Low sensitivity
− Results difficult to interpret
− Decreased quantification
− Expensive

37
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Knowledge discovery in metabolomics: An overview of MS data handling

Journal of Separation Science
Volume 33, Issue 3, pages 290-304, 19 JAN 2010 DOI: 10.1002/jssc.200900609
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Data Pre-Processing

• Noise reduction
• RT correction
• Feature finding
• Integration 
• Chromatogram alignment (between all 

samples)



Data Pre-Processing
Peak detection 
Peak picking

(different methods, aligorithms)

Peak matching

RT alignment

Peak integration
Sample normalization

(different methods, algorithms)

Raw LC-MS 
data

Peak Table
Matrix of # samples, 
m/z, RT, intensities
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Data Pre-Treatment
Missing Values

(different methods, algorithms)
Data integrety

Feature Normalization
(Internal Standard, pooled QC

Scaling
Transformation

Peak Table
Matrix of m/z, RT, 
intensities



Treatment Missing Values
• Discard all
• Replace by average value (A)
• Replace by average of nearest neighbors (B)



Normalization

• Scalar
– Assumes total signal per sample is =

• Internal Standard
– Ratio response metabolite/ISTD
– Optimal combination of ISTDs, endogenous

• Pooled QC based
– Batch/analyte ratio (mean, median)
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Centering, Scaling and 
Transforming

A. Raw
B. Centering
C. Auto
D. Pareto
E. Range
F. Vast
G. Level
H. Log
I. Power
All Feature-wise normalization methods



Statistical Analysis
• Univariate

– Preliminary overview of data
– T-test, ANOVA
– Group-wise differences parameter by parameter
– Reduces to analytes which show the strongest responses (+/-) to tested 

conditions

• Multivariate
– In addition to differences from conditions also looks at 

relationships among analytes
– PCA, PLS

Comput Struct Biotechnol J. 2013; 4



Statistical Analysis
• Clustering

– Group and visualize samples according to intrinsic 
similarities in their measurements, irrespective of 
sample groupings 

– Multivariate
– Hierarchical (HCA) or partial clustering algorithms 

(k-means



Hierarchical Clustering

Find 2 most
similar metabolite
expression levels
or curves

Find the next
closest pair
of levels or
curves

Iterate

A

B

B

A

C

A

B

C

D

E

F

Heat map



Statistical Analysis
• Classification

– Based on training set create model of data
– Assigns a new sample to a category and its metabolites to 

known group or pathway
– Need to validate model

• ROC, Crossvalidation



Data Analysis Progression
• Unsupervised Methods

– PCA or cluster to see if natural clusters form or if 
data separates well

– Data is “unlabeled” (no prior knowledge)
• Supervised Methods/Machine Learning

– Data is labeled (prior knowledge)
– Used to see if data can be classified
– Helps separate less obvious clusters or features

• Statistical Significance
– Supervised methods always generate clusters -- this 

can be very misleading
– Check if clusters are real by label permutation



55

Name Main Application Specific Features License User Interface

metaXCMS Importing XCMS output

Post processing of XCMS 
for comparison of multiple 

(≥3) classes and 
visualizing statistical 

analyses.

Free R language*) and GTK

XCMS2
Importing tandem mass 
spectrometry (MS/MS) 

raw data

Processing of tandem 
mass spectrometry data 

for metabolite 
identification and 

structural characterization

Free Plug-in of R language*)

MetAlign

Importing many common 
formats, including 

Masslynx, Xcalibur, 
netCDF, and the old-style 
HP/Agilent format of GC-

MS / LC-MS data

Interface-driven data 
processing program. 

Includes baseline 
correction, smoothing, 
feature detection and 

alignment

Free Local application (GUI)

MAVEN
Data processing of LC-

MS and pathway 
visualization

Tools for all aspects of 
data analysis, from 
feature extraction to 

pathway-based graphical 
data display

Free Local application (GUI)

metaP-server
Statistical analysis, 

database searching, 
pathway visualization

A web-based 
metabolomics data 

analysis tool
Free Web

MetDAT
Statistical analysis, 

database searching, 
pathway visualization

A modular and workflow-
based free online pipeline 

for mass spectrometry 
data processing, analysis 

and interpretation

Free Web

Pathway projector Pathway visualization

A Web-based zoomable
pathway browser that 
uses KEGG atlas and 

Google Maps API

Free Web

   
A web-based 

   

http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3299976/table/T1/#T1F1
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3299976/table/T1/#T1F1
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Data Interpretation
• Identification of Significant Metabolites
• 4 levels of ID

– Positively identified compounds
• Confirmed by match to known standard

– Putatively identified compounds
• Match to MS + RT or MS/MS + RT

– Compounds putatively identified in a compound class
– Unknowns



Databases for Metabolomics
• NMR spectral databases

– Primarily small molecule spectra, not all metabolites
• MS or MS/MS spectral databases

– Primarily small molecule spectra, not all metabolites
• Compound databases

– Mostly compound names, structures, IDs, physprops
• Pathway databases

– Mix of metabolite, drug, protein, signaling pathways
• Comprehensive metabolomic databases

– Combines most/all of the above, focus on metabolites



Databases for Metabolomics
• NMR spectral databases

– Primarily small molecule spectra, not all metabolites
• MS or MS/MS spectral databases

– Primarily small molecule spectra, not all metabolites
• Compound databases

– Mostly compound names, structures, IDs, physprops
• Pathway databases

– Mix of metabolite, drug, protein, signaling pathways
• Comprehensive metabolomic databases

– Combines most/all of the above, focus on metabolites



NMR Spectral DBs



MS Spectral DBs



Compound DBs



Other Compound DBs



Other DBs
• 3DMet

– 3D structure database of 8581 natural metabolites
• KNApSAcK

– Database of 50,000 plant metabolites linked to 
species information

• MyCompoundID
– Database of 11 million metabolically transformed 

metabolites
• LipidMaps

– Database with 30,000 lipids (Fatty acyls, 
glycerolipids, glycerophospholipids, sphingolipids, 
sterols, prenols, saccharolipids, polyketides)



Pathway DBs



Pathway DBs

• Rich source of biological data that 
relates metabolites to genes, proteins, 
diseases, signaling events and 
processes

• Provide various tools to permit 
visualization and gene/metabolite 
mapping

• Often cover multiple species



Comprehensive MetDBs



Comprehensive MetDBs

• Must contain >1000 metabolites
• Usually are organism specific
• Continuously updated
• Must contain 

– chemical + pathway data 
– or chemical + spectral + biological data
– or chemical + pathway + spectral data
– or chemical + pathway + spectral + 

biological data



Metabolite ID by GC-MS
GC -MS total
Ion chromatogram



Metabolite ID by GC-MS
• GC-MS is often best for identification of 

amino acids, organic acids, sugars, fatty 
acids and molecules with MW<500

• GC has higher resolution and better 
reproducibility than LC

• EI-MS is more standardized than soft 
ionization methods, so EI spectra are 
more comparable

• Most common route is to use AMDIS + 
NIST database 



NIST 11 MS Database

• 243,893 EI spectra 
of 212,961 cmpds

• 9934 ion trap MS for 
4649 cmpds

• 91,557 Qtof & QqQ
spectra for 3774 
compounds

• 224,038 RI values 
for 21,847 cmpds



NIST MS Search Software



Metabolite ID by LC-MS
LC -MS total
Ion chromatogram



Metabolite ID by LC-MS
• LC-MS is often best for identification of 

lipids, bases, amino acids, organic acids, 
fatty acids and other somewhat 
hydrophobic molecules

• Metabolite ID typically requires both MS 
and MS/MS data (along with retention time 
information) and internal standards

• Compound ID can be done by high 
accuracy mass matching and/or by MS/MS 
matching to spectral databases



Simple MW Search DBs
ChEBI (www.ebi.ac.uk/chebi/) PubChem (http://pubchem.ncbi.nlm.nih.gov/)

ChemSpider (www.chemspider.com) HMDB (www.hmdb.ca)



Advanced MS Search DBs

• These databases support not only MW 
or MW range searches, but also support 
parent ion searches (positive, negative, 
neutral), peak list searches (from MS or 
MS/MS data) as well as MS/MS spectral 
matching

• These DBs are intended more for MS-
based metabolomics and compound ID 
than the simple MW search tools



Advanced MS Search DBs
NIST/AMDIS (http://chemdata.nist.gov) Metlin (http://metlin.scripps.edu/)

CFM-ID (http://cfmid.wishartlab.com) MassBank (www.massbank.jp)



Metabolite ID by MS alone -
Complications

• LC-ESI-MS often leads to the production of 
salt adducts, neutral loss species and 
multiply charged species

• Up to 80% of LC-MS signals arise from 
these “noise” sources

• Key challenge is to distinguish adducts or 
multiply charged species from parent ions 
or to group adducts or multiply charged 
species with parent ions



Adduct Formation

Effect on ESI Mass Spectrum       Sample Na Adducts



Neutral Loss Fragments



Handling MS Complications

• MZedDB, Metlin and HMDB are able to 
handle or predict adducts

• Metlin and MZedDB are able to handle 
or predict ion pairs or multiply charged 
species

• Metlin can potentially handle or predict 
neutral loss species

• Searching by MS or MS ranges can 
lead to lots of hits (high FP rate)



Resolving LC-MS 
Complications

• Identify, remove (or consolidate) adducts and 
multiply charged species

• Identify, remove (or consolidate) fragments 
(neutral losses, breakdown products, 
rearrangements)

• Identify, remove (or consolidate) isotope peaks
• Remove noise peaks (from sample blanks or 

peaks that do not appear in >2/3 technical 
replicates or peaks that do not show dilution trends 
in 4 dilution replicates)



Resolving LC-MS 
Complications

• Raw +ve mode spectrum
• Remove adducts
• Remove multiple charges
• Remove neutral losses
• Remove isotope peaks
• Remove noise peaks
• Final spectrum
• Repeat for –ve mode

• 15,000 features
• 12,000 features
• 10,000 features
• 8,000 features
• 3,000 features
• 2,500 features
• 2,500 M+H peaks
• 1,500 M-H peaks

Mzmine           MetFusion            MagMA



Exploiting High Mass 
Accuracy to ID Compounds

50-200 ppmLinear IonTrap
3 - 5 ppmTriple Quad
3 - 5 ppmQ-TOF
3 - 5 ppmTOF-MS
1 - 2 ppmMagnetic Sector
0.5 - 1 ppmOrbitrap
0.1 - 1 ppmFT-ICR-MS

Mass AccuracyType

(10 ppm in Ultra-Zoom)

6E1)
m

 m-m(ppm
exp

calcexp
+∗=



Formula Filters

• Use additional MS information (isotopic 
abundance) as well as chemical 
bonding restrictions (Lewis & Senior 
rules), known or presumed atomic 
compositional data and matches to 
known or hypothesized structures to 
reduce the possible # of 
structures/formulas that are generated



Impact of Mass Accuracy on 
Formula Numbers



Some Points of Caution

• Many databases (PubChem, ChEBI, Metlin, 
FiehnLib, NIST) mix non-metabolites with 
metabolites or plant metabolites with animal 
and/or microbial metabolites or drugs/buffer 
reagents with metabolites

• This leads to many “silly” hits
• If you know the source organism use this 

information to limit the search or use organism-
specific metabolome databases (HMDB, 
FooDB, DrugBank, KnapSack, etc.)



Pathway Analysis

Putting metabolomics data into a biological context

Presenter
Presentation Notes
metabolites having significant differences between sample classes
how differently they’re expressed between each sample class (difference metric) which is then used to rank the list from most different to most similar
Metabolite mapping is the visual attribution of specified metabolites within known, pre-defined metabolic pathways which can include further information like significance and abundances as node attributes such as size and colour. Enrichment analysis is a statistical calculation that uses biological annotation to attempt to discern out the input metabolites which higher level functional properties (pathways) are being affected



Biological Databases for Pathway 
Analysis

Database Description Website Reference
Kyoto Encyclopedia of 
Genes and Genomes 
(KEGG)

466 pathways, 17,333 
metabolites, and 9,764 
biochemical reactions

http://www.genome.jp/k
egg/

Kanehisa et al. (2012)

MetaCyc 2260 pathways from 
2600 different 
organisms

http://metacyc.org/ Caspi et al. (2008)

The small molecule 
pathway database 
(SMPDB)

1,594 metabolites 
mapping 727 small 
molecule pathways 
found in humans

http://www.smpdb.ca/ Jewison et al. (2014)

WikiPathways 1,910 pathways http://wikipathways.org/ Kelder et al. (2012)

Plant metabolic network 
(PMN/PlantCyc)

Multi-species pathway 
database for plant 
metabolomics

http://www.plantcyc.org/ Chae et al. (2014)

Presenter
Presentation Notes
metabolites having significant differences between sample classes
how differently they’re expressed between each sample class (difference metric) which is then used to rank the list from most different to most similar
Metabolite mapping is the visual attribution of specified metabolites within known, pre-defined metabolic pathways which can include further information like significance and abundances as node attributes such as size and colour. Enrichment analysis is a statistical calculation that uses biological annotation to attempt to discern out the input metabolites which higher level functional properties (pathways) are being affected

http://www.genome.jp/kegg/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4350445/#B86
http://metacyc.org/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4350445/#B30
http://www.smpdb.ca/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4350445/#B80
http://wikipathways.org/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4350445/#B89
http://www.plantcyc.org/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4350445/#B32




From Spectra to Lists

1234567ppm



From Lists to Pathways



From Pathways & Lists to 
Models & Biomarkers



Example LC-MS

• Blueberry Treatment 1 and 2
• Ripe vs Turning red



Example LC-MS

Treatment 2 has more of an effect on blueberries turning red



Serum and Adipose Tissue Amino Acid 
Metabolite Quantitation

J. Proteome Res.,
2014, 13 (7), 
pp 3455–3466



Key Informatics Challenges in 
Metabolomics

• Spectra -> Lists
– Data integrity and quality
– Data alignment and normalization
– Data reduction and classification
– Assessment of significance
– Metabolite identification/quantification

• Lists -> Pathways & Biomarkers
– Pathway mapping and identification
– Biological interpretation



Multi-Omics

98



Multi-Omics

99
Takahashi S, Saito K, Jia H, Kato H (2014) 
PLoS One 9:e91134

Presenter
Presentation Notes
DNA
microarrays with proteomic and metabolomics data in order to assess the
anti-obesity effects of coffee in mice. The underlying premise was that coffee
consumption may reduce the risks of developing obesity and diabetes. As such,
gene expression, protein and metabolite profiles in the livers of C57BL/6J mice fed
a high-fat diet containing three types of coffee (caffeinated, decaffeinated and green
unroasted coffee) were investigated. The data were integrated using an in-house
software tool and visualized in KEGG pathways (summarized in Fig. 3). Takahashi
et al. (2014) concluded that the alterations within and around the urea cycle were
found to be highly consistent between transcripts and metabolites, suggesting that
expression of the genes related to the urea cycle were downregulated by a high-fat
diet and up-regulated by coffee consumption. These findings were also consistent
when integrated post-data analysis of each omics dataset.



Multi-Omics
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Beale DJ, Barratt R, Marlow DR, Dunn MS, 
Palombo EA, Morrison PD, Key C (2013)
Biofouling 29:283–294

Presenter
Presentation Notes
Metagenomics and metabolomics approaches were then used to characterize the
impact of operational shocks in regard to temperature and fats, oil and grease
addition, as determined through monitoring of biogas production, the microbial
profile and their metabolism. Results showed that AD performance was not greatly
affected by temperature shocks. Post-data analysis of the metagenomics and
metabolomics data indicated that methanogens and methane oxidizing bacteria were
low in relative abundance, and that the ratio of oxidizing bacteria (methane, sulphide
and sulphate), with respect to sulphite reducing bacteria had a noticeable
influence on biogas production. Furthermore, increased biogas production correlated
with an increase in short chain fatty acids, a product of the addition of 20 %
fat, oil and grease.
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