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Overview	

•  High-resolution	metabolomics	for	exposure	monitoring	
•  Bioinformatics	tools	for	computational	metabolomics	
(xMSanalyzer,	xMSannotator),	biomarker	discovery	
(MetaboAnalyst),	pathway	analysis	(Mummichog),	and	
integrative	omics	(xMWAS)	

•  Case	studies:	metabolome-wide	association	studies	of	
benzo(a)pyrene	exposure,	trichloroethylene	exposure,	
and	integrative	analysis	of	health	outcomes,	
biomolecular	data,	and	exposure	data	
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High-resolution	metabolomics	(HRM)	

•  HRM	uses	liquid	or	gas	chromatography	with	high-resolution	mass	
spectrometry	and	advanced	data	extraction	algorithms	to	measure	
a	broad	spectrum	of	low	and	high	abundance	endogenous	and	
exogenous	chemicals	in	biologic	sample	

•  Metabolomics	provides	a	functional	readout	of	cellular	activity	and	
physiological	status	

•  Closest	relationship	to		
					phenotype	
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Clinical Biomarkers Laboratory  
(Director: Dean P. Jones, Emory University)  

5	

 
Raw data processing with 
built-in feature and sample 

quality assessment 
(apLCMS with xMSanalyzer) 

 

Data Exploratory Analysis  
(Box plots, histograms, etc.) 

Batch-effect evaluation and correction 
 (Using ComBat); void volume filtering 

Annotation of metabolites 
(xMSannotator) 

1.  Untargeted feature table 
2.  Targeted feature table 
3.  Annotated feature table 

Pathway analysis 
(Mummichog,MetaboAnalyst, 

MetaCore, MSEA) 

Biomarker and network analysis  
(xmsPANDA, MetabNet, 
MetaboAnalyst) 
 
•  Univariate: Limma t-test, ANOVA 
•  Multivariate and predictive 

analysis:   
    Support vector machine, Random 
forest, PLSDA 
•  Clustering: Two-way Hierarchical 

clustering analysis 
•  Targeted and untargeted MWAS 

Ultra-high resolution MS 
LTQ-FT 
LTQ-Velos Orbitrap 
Q-Exactive HF 
Thermo Fusion 
GC-Orbitrap 

Confirmation of identity 
•  MS/MS, authentic 

chemical standards 
•  In-house library: >1000 

metabolites and 
environmental chemicals 

 

Biofluids (e.g. plasma, serum, urine): 50 microliters 
Tissues (e.g. liver, muscle, lung): 20mg 

Exposed	

Unexposed	



Computational	Systems	Medicine:	
Computational methods for multi-scale aggregation of integrating clinical, 

biomolecular, and environmental data for improved diagnosis, prognosis, and 
targeted therapies 	
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Main	approaches	for	data	integration	

•  Pathway	or	knowledge-based	integration	
–  Datasets	are	analyzed	individually	(differentially	expressed	genes,	metabolites,	
proteins)	and	integration	is	performed	at	the	pathway	level	

–  Examples:	MetaboAnalyst,	iPEAP,	MetScape	
•  Using	literature-derived	associations	for	integration	

–  Using	co-occurrence	criteria	for	establishing	relationship	
–  Examples:	CoPub,	ArrowSmith,	PolySearch2.0	

•  Data-driven	integration	using	meta-dimensional	analysis	
–  Integration	is	performed	globally	such	that	data	from	multiple	omics	layers	are	

combined	simultaneously	
–  Examples:	3Omics,	mixOmics,	xMWAS	
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Transcriptomics	 Metabolomics	 Proteomics	

Pairwise	(sparse)	Partial	Least	Squares	regression	for	data	integration	(Cao	2009)		
	

									Approximation	of	Pearson	correlation	using	PLS	components	
	

	Filtering	based	on	|r|>threshold	and	p-value<alpha	criteria	

Proteins 
Metabolites 

Genes 

Positive correlation 
Negative correlation 

Community	(clusters)	detection	and		
centrality	(importance)	analysis	

	
xMWAS:	a	data-driven	integration	and	differential	network	

analysis	(Uppal	2018,	Bioinformatics)	
URL:	https://kuppal.shinyapps.io/xmwas/	

R	package:	https://github.com/kuppal2/xMWAS	
	
	

8	



Internal Dose
 Biomarkers of 
Risk


Health Outcomes


Metabolic Response


High-Resolution Metabolomics
Exposome
 Medicine


Exposures

Food

Drugs

Exercise

Stress

Infectious agents 
Environmental agents

Personal use products 


Microbiome

Smoking

Alcohol

Supplements


Case	Studies	



Case study 1: Pilot Metabolome-Wide	Association	
Study	of	Benzo(a)pyrene	in	Serum	from	Military	

Personnel	(n=30) 

10	

Walker	DI,	Pennell	KD,	Uppal	K,	Xia	X,	Hopke	PK,	Utell	MJ,	Phipps	RP,	
Sime	PJ,	Rohrbeck	P,	Mallon	CT,	Jones	DP.	Pilot	Metabolome-Wide	

Association	Study	of	Benzo(a)pyrene	in	Serum	From	Military	Personnel.	J	
Occup	Environ	Med.	2016	Aug;58(8	Suppl	1):S44-52	

Untargeted	metabolomics:	LC-MS	
Benzo(a)pyrene	measurement:	GC-MS	



Study	overview	
•  Thirty	unidentified	human	serum	samples	were	obtained	from	the	

Department	of	Defense	Serum	Repository	(DoDSR)	
–  Samples	originally	collected	for	mandatory	HIV	testing	in	armed	forces	
personnel	

–  Following	collection,	samples	were	stored	at	-30°C	
•  Samples	analyzed	using	high-resolution	mass	spectrometry	for	

metabolomics	
•  Serum	levels	of	free	benzo(a)pyrene	(BaP),	a	carcinogenic	polycyclic	

aromatic	hydrocarbon	(PAH)	arising	from	the	combustion	of	organic	
material,	were	measured	using	gas	chromatography-mass	spectrometry	

•  Metabolic	associations	with	BaP	were	determined	using	a	metabolome-
wide	association	study	(MWAS)	and	metabolic	pathway	enrichment	
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A.  Top	100	metabolic	features	(sparse	PLS)	associated		
							with	Benzopyrene	levels		

B.	Top	enriched	pathways	using	Mummichog		

C.	Boxplots	for	select	metabolites	associated	with	glycerophospholipid	metabolism	pathway		



Case study 2: High-resolution metabolomics of 
occupational exposure to trichloroethylene  
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Walker	DI,	Uppal	K,	Zhang	L,	Vermeulen	R,	Smith	M,	Hu	W,	Purdue	MP,	
Tang	X,	Reiss	B,	Kim	S,	Li	L,	Huang	H,	Pennell	KD,	Jones	DP,	Rothman	N,	

Lan	Q.	High-resolution	metabolomics	of	occupational	exposure	to	
trichloroethylene.	Int	J	Epidemiol.	2016	Oct;45(5):1517-1527.	

Number	of	subjects	

Controls	(matched)	 95	

Exposed	(0.4	to	230	ppm)	 80	

Untargeted	metabolomics:	LC-MS	
Trichloroethylene	measurement:	3M	vapor-monitoring	badges	



Study	Overview	

•  Trichloroethylene	measurement:	3M	vapor-monitoring	badges	
•  Non-targeted	metabolomics	analysis	of	plasma	obtained	from	80	
TCE-exposed	workers	[full	shift	exposure	range	of	0.4	to	230	parts-
per-million	of	air	(ppma)]	and	95	matched	controls	were	
completed	by	ultra-high	resolution	mass	spectrometry	

•  Biological	response	to	TCE	exposure	was	determined	using	a	
metabolome-wide	association	study	(MWAS)	framework,	with	
metabolic	changes	and	plasma	TCE	metabolites	evaluated	by	dose-
response	and	pathway	enrichment	

•  Biological	perturbations	were	then	linked	to	immunological,	renal	
and	exposure	molecular	markers	measured	in	the	same	population	
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A.  188	metabolic	features	associated	with	TCE	exposure	
							using	linear	regression	(model	adjusted	for	age,	sex,		
							and	BMI)	

B.	Pathway	analysis	using	Mummichog	
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C.	Correlation-based	network	analysis	of	188	metabolic	features	associated	with	TCE	exposure	and		
molecular	markers	previously	tested	for	association	with	TCE	exposure	



Case study 3: Integrative network analysis of clinical, 
biomolecular, and environmental exposure data from a 

dataset of 66 service personnel post-deployment   
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Thakar	J*,	Thatcher	TH*,	Smith	MR*,	Woeller	CF,	Walker	DI,	Utell	MJ,	Hopke	PK,	Mallon	TM,	Krah	
PL,	Rohrbeck	P,	Go	YM,	Jones	DP,	Uppal	K*,	Integrative	network	analysis	linking	clinical	outcomes	
with	environmental	exposures	and	molecular	variations	in	service	personnel	deployed	to	Balad	
and	Bagram.	JOEM	(in	press);		
	
Collaboration between Emory, U Rochester, USUHS, Mt Sinai Med Sch, and Armed Services 
Health Surveillance System.   

	
	

	
Number	of	subjects	

Cardiopulmonary	symptoms	post-
deployment	(Yes)	 41	
Cardiopulmonary	symptoms	post-
deployment	(No)	 25	



Study	Overview	
•  Serum	samples	from	400	military	personnel	from	the	Department	of	

Defense	Serum	Repository	(DoDSR)	
–  200	deployed	to	Balad,	Iraq	and	Bagram,	Afghanistan	(Case)	
–  200	non-deployed	service	personnel	stationed	domestically	(Control)	
–  Samples	collected	at	two	timepoints	(Pre	and	Post)	

•  Samples	originally	collected	for	the	mandatory	HIV	testing		
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Deployment 

Pre-deployment 
blood draw 

Post-deployment 
blood draw 

Pre-deployment Post-deployment 

First blood draw Second blood draw 

“Pre” “Post” 

Length of medical record 

Length of medical record 

Case; N=200 
(Deployed) 

Control; N=200  
(Not deployed) 



Study	Overview	
•  Serum	samples	from	400	military	personnel	from	the	Department	of	

Defense	Serum	Repository	(DoDSR)	
–  200	deployed	to	Balad,	Iraq	and	Bagram,	Afghanistan	(Case)	
–  200	non-deployed	service	personnel	stationed	domestically	(Control)	
–  Samples	collected	at	two	timepoints	(Pre	and	Post)	

•  Samples	originally	collected	for	the	mandatory	HIV	testing		
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Deployment 

Pre-deployment 
blood draw 

Post-deployment 
blood draw 

Pre-deployment Post-deployment 

Length of medical record 

Length of medical record 

Case; N=200 
(Deployed) 

Case-onset:	41	(ICD-9	codes	
for	cardiopulmonary	symptoms	
during	or	after	deployment)	
	
Case-never:	25	(no	coding	for	cardiopulmonary	symptoms	before	
or	after	deployment	
	
	



Input	data	for	integrative	analysis	using	xMWAS	

Subject1 Subject2 - Subject N 

Metabolite 1 199 19 - 100 

- - - - 

miRNA 1 50 30 - 20 

- - - - 

Cytokine 1 33 12 - 39 

1. Molecular data: metabolites, miRNAs, cytokines, and 
proteins 

(3,274 molecular variables x 66 subjects) 
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ICD-9; (49 any cardiopulmonary ICD-9 codes x 66 
subjects) 

  Subject1 Subject2 - Subject N 

Dim 1 199 19 - 100 

Dim 2 10 40 90 

- - - - 

Dim r 50 30 - 20 

2. Environmental chemicals: first 3 PCs of 
dioxins, cotinine, benzo(a)pyrene diol 

epoxide (BPDE) 
(5 variables x 66 subjects) 

  Subject1 Subject2 - Subject N 

chemical 1 3 2.5 - 13 

chemical 2 1 4 - 9 

- - - - 

chemical s 5 3 - 2 

Subject1 Subject2 - Subject N 

4019 0 1 - 0 

4011 1 1 - 0 

- - - - - 

49301 1 0 - 0 

3. Multiple correspondence analysis  
(8 dimensions x 66 subjects) 

(Only dimensions with >5% variance explained were included) 
  



21	

Benzo(a)pyrene 
diol epoxide 
(BPDE) 

ICD9_Dim1 
(Cardiovascular) 

ICD9_Dim3 
(Respiratory) 

ICD9_Dim2 
(Rhinitis and 
sinusitis) 

Dioxins 
(PC2) Dioxins (PC1 and PC3) 

Cotinine 

|r|>0.3;	p<0.05	



•  Bubble plot showing metabolic 
pathways associated with 
clinical and environmental 
exposures data 

•  Metabolic pathway analysis 
performed using Mummichog 
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More	examples	
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JOEM	2016		
	
JOEM	2019	(in	
press)	
	



m/z time 
Smoker_11.raw 
Peak area 

Smoker_15.raw 
Peak area 

Smoker_13.raw 
Peak area 

193.097090
2 1.697928509 21590.09577 1465875.407 2921520.329 

104.071007 1.914036922 1.68E+08 1.20E+08 1.18E+08 

104.071007 1.914036922 1.68E+08 1.20E+08 1.18E+08 
137.045642

1 1.271814331 217380.9151 66352.25511 96353.93902 
241.030792

9 2.180590728 6.27E+07 8.42E+07 8.09E+07 

134.044759 2.215654287 1.39E+07 2.77E+07 2.66E+07 

Raw data 

Data extraction 
 (xMSanalyzer; Uppal 2013) 

Network-based annotation  
(xMSannotator; Uppal 2017) 

Biomarker discovery and  
network analysis  
xmsPANDA & optSelect 
MetabNet (Uppal 2015) 
xMWAS (Uppal 2018) 

24	

Internal Dose
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Computational metabolomics,

data mining, and integrative omics 
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Questions/Comments? 
 

Email: kuppal2@emory.edu 
 

Website: www.csm2l.com 
	

26	


