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Dissecting regulatory circuitry of human complex diseases
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Electronic health records contain rich patient-level  data

Jensen  et al., Nature Rev.  Gen.  2012

• Lab  tests:  Logical Obs.  Identifiers Names  & Codes (LOINC)
• Pharmaceutical:  Prescription data (RxNorm)
• Imaging:  Digital Imaging and  Comm.  in Medicine (DICOM)
• Phenotype:  International Classification of Disease-9  (ICD-9)



Phenome-wide association studies with genetic information
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PheWAS  without genetics information using EHR

• Genotype  are  often not available over  large  patient cohort
• Given  the causal  mediating phenotypes,  diseases  of interest

are  conditionally independent  of genotype
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Overall goal:
building an  intelligent medical recommendation system
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Intuition behind predicting phenotypes by  factorization
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Model the EHR data as  data generative  process
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PheMAP is a  probabilistic matrix factorization method
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PheMAP is a  probabilistic matrix factorization method
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PheMAP is a  probabilistic matrix factorization method
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PheMAP is a  probabilistic matrix factorization method
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EHR data are  extremely sparse
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Two types of missing data in EHR
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EHR data are  not missing at random (NMAR)
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Modeling missing mechanism in lab test
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Modeling missing mechanism in phenotype data
Phenotype Data

phenotype  
cluster

w

patient  
meta-phe  
mixture
phenotype  
meta-phe  
assignment
true disease  
state

H

Θ

S

Y

observed  
disease state

diagnosis  
rates

phe 1
phe 2
phe 3
phe 4

... ...

ζ
diagnosis  
rate

Missing mechanism

Ph
en

ot
yp

e

Patients

Phenotype  
Data

Patients
meta-phenotype

M
et

a-
ph

e

Meta-phe

Ph
en

ot
yp

e

phe  
clust

...

Asthma...

... ...

...

...

...

Influenza

NA

✓

Malignant  
Pneumonia    neoplasm of lung

NA NA

NA

... ...

✓
NA NA

patients  
with

respiratory  
problems



PheMAP joint inference over multiple data types
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PheMAP achieves  promising imputation accuracy
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Anemia-related

Many meta-lab clusters are  biologically meaningful
Lung disease Kidney-related
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Many meta-phenotypes clusters are  biologically meaningful
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Associating patients by  the inferred meta-phenotypes
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Linking lab tests to phenotypes via meta-phenotypes
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Linking lab tests to phenotypes via  meta-phenotypes
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Imputing phenotypes by  meta-phenotype associations
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Correlation across  meta-phenotypes reveal high modularity

Many modules are highly enriched for common disease categories  
defined by ICD-9 system



Visualizing PheWAN by correlation across meta-phenotypes



Online visualization portal of diseasenetwork

http://people.csail.mit.edu/yueli/phewan/mimic/CompleteNetAnnotated.html

Collaborating with postdoc Jose Davila on the visualization portal



Alzheimer’s disease subnetwork module

http://people.csail.mit.edu/yueli/phewan/mimic/NewMentalNetInt.html



Bipolar disorder subnetwork module

http://people.csail.mit.edu/yueli/phewan/mimic/NewMentalNetInt.html



Summary  of the EHR PheMAP model
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Future works
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MPRA analysis



MPRA training data
Figure 1
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MPRA features enrichments
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MPRA predictions
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Common variants with high predicted scores exhibit lower
MAF

Figure 4
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Common variants in eQTL exhibit higher predicted scores

Figure 5
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Common variants in GWAS catalog exhibit higher
predicted scores

Figure 6
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Incorporation of CNN model trained MPRA as prior model
into the fine-mapping model
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Transfer learning CNNs
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Evolutionary training algorithm and transfer learning 
• Training phase

• Initialize modules for each layer and randomly pick two subset as active
• Example: We can initialize 10 modules, each containing 25 convolutional filters for a total of 250 total filters.  

• Designate the set of active modules a “path” or “genotype”
• Train both networks until convergence and compare costs/performance metrics 

• Keep the “winning” path, with a small chance to mutate the winning path.
• Reinitialize the “losing” path randomly

• Repeat until desired number of iterations have concluded 
• Transfer from task 1 to task 2

• Network weights from best path from task 1 is frozen and remaining modules are reinitialized. Initialize the “winning” path for task 
2 from the wining path from task 1. 

• Repeat training process until convergence for task 2. 
• Motivations for PathNet

• Generalizes the idea of dropout to modular sections of a neural net – prevents overfitting. 
• Prevents overfitting when training large networks when transferring from a larger training task to a small training task. 

Furthermore, decreases training time/cost when transferring between related tasks. 



PathNet in action: Task 1

Shaded cells denote active modules 

Layer 1: CNN Layer 2: Fully‐Connected



PathNet in action: Transfer from Task 1 to Task 2

Layer 1: CNN Layer 2: Fully‐Connected

Transferred 
weights 
(from Task 1) 
for these 
modules are 
fixed

Depending on the task, only a 
fraction of the transferred 
modules will be used



Pathnet Model 

Note that 
although the 
architecture 
is the same, 
the module 
identities 
are changing 
between 
iterations 

Pathnet model at two evolutionary time steps:



Testing PathNet: MPRA Transfer Learning

Task 1: HepG2 Validation auROC Test auROC

PathNet 0.735 0.67

Matched CNN 0.726 0.65

Task 2: K562 Validation auROC Test auROC

PathNet + Transfer 0.80 0.68

PathNet 0.80 0.67

Matched CNN  0.73 0.64

• Training Data from Ernst et al.1
• Task 1: Binarized HepG2 MPRA tiling data (10% validation)
• Task 2: Binarized K562 MPRA tiling data (10% validation)

• Testing Data 
• Testing dataset: Binarized LCL MPRA data 

• Evaluate against matched CNN 
• Same architecture, hyperparameter settings, total number of weights

1 ‐ Ernst, J., Melnikov, A., Zhang, X., Wang, L., Rogov, P., Mikkelsen, T. S., & Kellis, M. (2016). Genome‐scale high‐resolution mapping of activating and repressive nucleotides in regulatory regions. Nature Biotechnology, (October 2015). http://doi.org/10.1038/nbt.3678
2 ‐ Tewhey, R., Kotliar, D., Park, D. S., Liu, B., Winnicki, S., Reilly, S. K., … Sabeti, P. C. (2016). Direct identification of hundreds of expression‐modulating variants using a multiplexed reporter assay. Cell, 165(6), 1519–1529. http://doi.org/10.1016/j.cell.2016.04.027



PathNet – No Transfer PathNet – With Transfer



Conclusion and future directions
• On our initial tests, PathNet outperforms generic 
CNNs in single‐task prediction.

• Current implementation of transfer learning produces 
no tangible evidence of faster training on MPRA 
testing/training datasets. 
• Continue to evaluate other transfer methods and other 
relevant prediction tasks. 

• Implement and test alternative transfer learning method 
(freeze both weights and path in task 2 – thereby 
expanding the total number of utilized modules).  
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GWAS	implicates	existence	of	molecular	&	cellular	
mechanisms	in	Alzheimer’s	disease
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are shown in Table 2. With the exception of CD33 and DSG2, we 
nominally replicated all loci that surpassed the genome-wide signifi-
cance level in stage 1. Inability to replicate DSG2 is not surprising, as 
evidence of association for this locus was based on data for a single 
SNP and was not supported by data from surrounding SNPs in link-
age disequilibrium (LD, r2 > 0.8; Supplementary Fig. 7b). Moreover, 
seven new loci reached the genome-wide significance level in the 
combined analysis (Table 2). More detailed results for the seven newly 
identified LOAD loci are provided in Supplementary Figures 8–11. 
There was no significant heterogeneity across studies at any of the loci, 
except at DSG2 (Table 2 and Supplementary Figs. 12–16). To identify 
potential causative genes, we also examined all SNPs with association 
P < 5× 10−8 that were within 500 kb of the top SNP at each locus to 
identify cis expression quantitative trait locus (cis-eQTL) associations 
(Online Methods and Supplementary Table 3).

The results from the combined stage 1 
and stage 2 data sets also identified 13 loci 
with suggestive evidence of association  
(P < 1 × 10−6) (Supplementary Table 4). 
Among these, we detected a signal for 
rs9381040 (P = 6.3 × 10−7), which is located 
approximately 5.5 kb away from the 3  end 
of TREML2 and 24 kb away from the 5  end 
of TREM2. TREM2 was recently reported to 

carry a rare variant (encoding p.Arg47His) 
associated with three- to fourfold increased 
risk of developing Alzheimer’s disease8,9. 
This region also reached genome-wide signi-
ficance in a study of cerebral spinal fluid  
levels of phosphorylated tau, a biomarker for 
Alzheimer’s disease11.

Beyond the already known, GWAS-defined 
genes (ABCA7, BIN1, CD33, CLU, CR1, 
CD2AP, EPHA1, MS4A6A-MS4A4E and 
PICALM), the most significant new asso-
ciation was in the HLA-DRB5–DRB1 region 
(encoding major histocompatibility complex, 
class II, DR 5 and DR 1, respectively). This 
region is associated with immunocompetence 
and histocompatibility and, interestingly, with 
risk of both multiple sclerosis and Parkinson 
disease12,13. Owing to the complex genetic 
organization of the human leukocyte antigen 
(HLA) region on chromosome 6, we were 
unable to define which gene(s) are responsible 
for this signal (Supplementary Fig. 6a).

The second strongest signal was within the 
SORL1 gene (encoding sortilin-related receptor, 
L(DLR class) 1). Our data clearly demonstrated 
that this gene was associated at genome-wide 
significance in European samples. SORL1 is 

noteworthy, as it is associated with increased risk of both autosomal 
dominant and sporadic forms of Alzheimer’s disease14,15 and represents 
the first LOAD gene that directly connects aberrant trafficking and 
metabolism of the amyloid precursor protein (APP) to LOAD14.

The third locus, PTK2B (encoding protein tyrosine kinase 2 ), is 
only approximately 130 kb away from CLU, but we believe the two 
signals are independent because (i) the two most strongly associ-
ated SNPs within each of these two genes are not in LD (D  = 0.06 
and r2 = 0.003 as computed using 1000 Genomes Project data);  
(ii) a recombination peak exists between the two loci (Fig. 2); and  
(iii) conditional analysis in the stage 2 data confirmed the inde-
pendence of the PTK2B association (Supplementary Fig. 17 and 
Supplementary Table 5). The protein encoded by PTK2B may 
be an intermediate between neuropeptide-activated receptors or 
 neurotransmitters that increase calcium flux and the downstream 
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Figure 1 Manhattan plot of stage 1 for genome-
wide association with Alzheimer’s disease 
(17,008 cases and 37,154 controls).  
The threshold for genome-wide significance  
(P < 5 × 10−8) is indicated by the red line. 
Genes previously identified by GWAS are shown 
in black, and newly associated genes are shown 
in red. Red diamonds represent SNPs with the 
smallest P values in the overall analysis.

Table 1 Description of the consortium data sets used for stage 1 and stage 2
Alzheimer’s disease cases Controls

Consortium N
Percent  
women

Mean  
AAO (s.d.) N

Percent  
women

Mean  
AAE (s.d.)

St
ag

e 
1

ADGC 10,273 59.4 74.7   (7.7) 10,892 58.6 76.3     (8.1)
CHARGE 1,315 63.6 82.7   (6.8) 12,968 57.8 72.8     (8.6)
EADI 2,243 64.9 68.5   (8.9) 6,017 60.7 74.0     (5.4)
GERAD 3,177 64.0 73.0   (8.5) 7,277 51.8 51.0   (11.8)

N 17,008 37,154

Country N
Percent 
women

Mean  
AAO (s.d.) N

Percent 
women

Mean  
AAE (s.d.)

St
ag

e 
2

Austria 210 61.0 72.5   (8.1) 829 43.3 65.5     (8.0)
Belgium 878 66.1 75.4   (8.6) 661 59.5 65.7   (14.3)
Finland 422 68.0 71.4   (6.9) 562 59.3 69.1     (6.2)
Germany 972 63.9 73.0   (8.6) 2,378 53.1 69.5   (10.1)
Greece 256 63.3 69.2   (8.0) 229 34.1 49.3   (16.4)
Hungary 125 68.0 74.9   (6.8) 100 69.0 74.4     (6.5)
Italy 1,729 66.5 71.5   (8.7) 720 55.7 70.0   (10.4)
Spain 2,121 66.3 75.0   (8.3) 1,921 55.3 70.2   (10.8)
Sweden 797 61.7 76.8   (8.1) 1,506 62.8 70.6     (8.7)
UK 490 57.6 74.6   (8.7) 1,066 29.2 73.8     (6.5)
United States 572 61.9 83.5   (7.6) 1,340 54.0 79.3     (6.8)

N 8,572 11,312

AAO, age at onset; AAE, age at examination.

L E T T E R S

Lambert	et	al. Nat.	Gen.	(2013)



Goal:	Identify	embedded	associations	/	causation	of	
regulatory	elements	in	between	genetics	and	
phenotype	associations

DNAme
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background

complex
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(disease)

DNAme
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DNAme
CpG #450k

(...)



Deeper	knowledge	of	GWAS:	Identify	multiple	types	
regulatory	programs	using	multi-omics data

DNAme
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genetic
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complex
phenotypes
(disease)

DNAme
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DNAme
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Association	of	phenotypic	variability	with	imputed	
regulatory	signals

GEpredß Xgwas θqtl

GEref ≈	Xref θqtl

Imputed	TWAS

(1)	Train	a	linear	model	of	gene	expression
on	reference	cohort

(2)	Impute	individual-level	gene	expressions

(3)	Measure	correlation	between	
the	predicted	expr.	and	observed	phenotypes

Pheno ~	GEpred

Gamazon et	al.	Nat.	Gen.	(2015)



Association	of	phenotypic	variability	with	imputed	
regulatory	signals

GEpred ≈ Xgwas θqtl

GEref ≈	Xref θqtl

E[T|gwas]	≈	(Xθqtl)⊤ Xθgwas /n
≈	θqtl⊤ LD	θgwas
≈ θqtl⊤ zgwas

Imputed	TWAS

(1)	Α linear	model	of	gene	expression
on	reference	cohort

(2)	Imputed gene	expressions

(3)	Correlation	between	
the	pred.	expression	&	phenotypes	 φ

φ~	GEpred ?

Summary-based	TWAS

Gamazon et	al.	Nat.	Gen.	(2015)

E[φ]	=	X	θgwas
φ ~	GEpred ?

GEref ≈	Xref θqtl

(1)	Reference	cohort	QTL	model

(2)	Skip	imp.	&	find	a	walk-round	sol’n

Assume:

Goal:

Gusev et	al.	Nat.	Gen.	(2016)

V[T|gwas]	≈ θqtl⊤ LD	θqtl

T	:=	GEpred⊤φpred /nTest	stat.
What	if	we	don’t	have	access
to	individual	 genotype	data?
or	n is	too	small?

But	we	could	have	access
to	well-powered	summary	SNP-level
(marginal)	effect	sizes!



Fine-mapped	identification	of	causal	SNPs	by	co-
localization	of	eQTL and	GWAS

E[T|gwas]	≈	(Xθqtl)⊤ Xθgwas /n
≈	θqtl⊤ (LD	θgwas)

V[T|gwas]	≈	θqtl⊤ LD	θqtl

T	:=	GEpred⊤φpred /nTest	stat.

Summary-based	test

Aggregation	of	multiple
signals	within	cis-region
(causal	+	passenger)

Co-localization	of	eQTL +	GWAS

zgwas ~	N(λg LD	θshared,	LD)

zqtl ~	N(λq LD	θshared,	LD)

Hormozdiari ..	Eskin,	bioRxiv (2016)

Find	credible	set	of	SNPs	driving
both	GWAS	and	QTL	z-scores.



Contributions	of	our	work
Summary-based	NWAS

φ ~	Regpred ?

Regref ≈	Xref θqtl

(1)	Reference	cohort	QTL	model

(2)	Test	regulatory	association

Goal:

Improving	regulatory	programs
• Accurately	model	types	of	data
(DNAme arrays,	RNA-seq,	Chip-seq)

• Aggregating	related	information
(tissue	axis	or	multiple	gene	axis)

• Spike-slab	type	of	sparse	regression
(reduce	generalization	errors;	
parsimonious	model)

• Multiple	levels	of	regulatory	models



Contributions	of	our	work
Summary-based	NWAS

φ ~	Regpred ?

Regref ≈	Xref θqtl

(1)	Reference	cohort	QTL	model

(2)	Test	regulatory	association

Goal:

Improving	 regulatory	programs
• Accurately	model	types	of	data

(DNAme arrays,	RNA-seq,	Chip-seq)
• Aggregating	 related	tissues

(tissue	axis	or	multiple	gene	axis)
• Spike-slab	type	of	sparse	regression

(reduce	generalization	errors;	
parsimonious	model)

Distinguish	sources	of	information
• Correct	reverse-causation	using

observed	phenotypes	/	proxy
• Account	for	direct	effects	in

summary-based	models



TWAS	reveals	target	genes	with	tissue	and	cellular	
context	by	aggregating	multivariate	effects
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TWAS	reveals	target	genes	with	tissue	and	cellular	
context	by	aggregating	multivariate	effects

rs58321659

rs5993546

rs112135032

rs4819808
rs5748425

rs4597638

rs16982755

rs5748486

−2

−1

0

1

2

19017 19349 19682 20015kb
−2

−1

0

1

2

−3 −2 −1 0 1 2 3

rs58321659

rs5993546

rs112135032
rs4819808

rs5748425
rs4597638rs16982755 rs5748486

19,017kb

19,349kb

19,682kb

20,015kb

Multi-SNP
eQTL effect	θ

GWAS
(well	powered,
but	no	context)

sTWAS statistic:

T	=	θ⊤ z

(θ⊤ LD θ)1/2
Standard	error:

θ

z-scoresgenomic	location

Reference
cohort	with
regulatory
contexts



Removing	non-genetic	sources	of	variability	using	
low-ranked	matrix	factorization	model
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Factor analysis on
most variable
1,000 genes in tissue
and correct hidden &
known confounders Park	&	Sarkar	et	al.	bioRxiv (2017)

va
ria

nc
e

ex
pl
ai
ne
d

known
hidden

tissue	by	tissue
factorziation
in	GTEx

• Matrix	factorization	with	
known	covariates	(including	
demographic,	technical	
confounders	&	common	
variants	within	1Mb	cis-
regulatory	regions	of	each	
gene)

• Automatic	identification	of	
ranks	using	generalized	
spike-slab	prior	on	columns	
of	latent	factors;	resolve	
#dimensions	by	posterior	
probability	>	.5)



Joint	training	of	48	GTEx tissues	on	shared	
genotype	matrix	with	factored	regression	model
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Park	&	Sarkar	et	al.	bioRxiv (2017)

• Full	effect	size	=	SNP	
factor	× Tissue	factor

• SNP	factor	=	shared	
regulatory	motifs

• Tis	factor	=	activity



Test	gene-level	association	with	AD	GWAS	z-scores	
in	a	tissue-specific	or	pan-tissue	manner
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Brain-specific	AD	genes	are	only	discovered	by	
factored	QTL	models
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Alzheimer’s	disease	sMWAS on	Chr19
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Three	types	of	association	patterns	iTWAS,	sTWAS,	
co-localization	can	identify

SNP GE Trait

SNP GE Trait

SNP GE Trait

Mediation

Reverse	causation

Pleiotropy

Gusev et	al. Nat.	Gen.	(2016)

(But	TWAS	cannot	distinguish	them	from	each	other)



Remove	reverse	causation	in	AD	sTWAS,	sMWAS

SNP Reg Trait Reverse	causation

(What	TWAS	cannot	distinguish	from	each	other)

DNAme ~	SNP	(within	±1Mb)	+	Trait

Gene	expression	~	SNP	(within	±1Mb)	+	Trait

Park,	et	al.,	in	preparation

In	the	ROS-MAP	cohort	(with	
observed	Aβ,	NFτ,	cognitive	
decline	slope)	pathological	
variables	can	be	used	as	a		
surrogate	of	AD	phenotype.



Distinguish	mediation	and	pleiotropy by	including	
direct	effects	in	summary-based	analysis

φ ≈	X	θgwas
GE	≈	X	θqtl

Pleiotropy model:

φ ≈	X	θqtl θmediation +	X	θdirect

Mediation	model	(individual	 level	data):

Without	 individual	 level	data
(apply	 summary-based	regression;
Zhu	&	Stephens,	bioRxiv,	2016)

X⊤φ ≈	X⊤X	(θqtl θmediation +	θdirect)

z	~	N(λLD(θqtlθmed +	θdir),	LD)

Or	through	 fine-mapping	model
(Hormozdiari &	Eskin)

Estimate	posterior	distribution	 of
spike-slab	mediation	effects	using
spectral	transformation
(Park,	Sarkar,	Kellis,	in	preparation)

vs GE	≈	X	θqtl

Ask:	Can	direct
effect	explain
away	mediation?



AD	GWAS	causal	mediation	effects	on	Chr 1	- 10
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AD	GWAS	causal	mediation	effects	on	Chr 11	- 22
MWAS	mediation

TWAS	mediation
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