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Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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• Identify drivers of variation that are 
shared between omics layers or 
unique 

• Model binary/count data 

• Account for missing values 

• Approximate Bayesian inference 
for scalability
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PROTEOGENOMIC CHARACTERISATION OF AML

• Acute myeloid leukemia (AML)  

• Treatment decisions based on genomic classification (~15 mutations) 

• Large fraction in outcome variability remains unexplained

• Hypothesis 

• Patient subpopulations with distinct survival profile defined by multi-ome  

• Approach 

• Two independent patient cohorts 

• Discovery cohort (177 patients) and validation cohort (~70 patients), profiled with different 
technologies 

• Measure Common Mutations, Transcriptome (RNA), Proteome, other risk factors 

• Record survival Jayavelu*, Wolf*, Buettner*, … ,Oellerich, Cancer Cell 2022



PROTEOMIC CHARACTERISATION OF PATIENTS

• Compute patient-patient distances 
and use clustering approach to 
define patient subpopulations 

• Charaterize subpopulations via 
pathway analysis
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• Use pre-annotated pathways to 
identify biological processes 
driving differences between 
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• Comparative cluster analysis 

• Gene set variation analysis (GSVA)
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MOFA IDENTIFIES KNOWN DRIVERS OF VARIABILITY

• 28 factors explaining variation in 
the data 

• Mix of shared and unique drivers 

• Most dominant factor LF1 active in 
all 4 data views 

• Inspections of loadings reveals LF1 
explains known axis of HOX/NPM1

LF12
LF1
LF3
LF4
LF28
LF27
LF26
LF25
LF23
LF21
LF16
LF14
LF11
LF8
LF6
LF7
LF20
LF10
LF9
LF2
LF5
LF24
LF22
LF19
LF18
LF17
LF13
LF15

M
ut

at
io

ns
Pr

ot
ei

ns
R

N
A

C
yt

og
en

et
ic

s

Latent Factors
Inactive
Active

nucleolus

mitochondrial inner
membrane

actin cytoskeleton
90S preribosome

mitochondrial matrix
VPDOOíVXbunit processome

mitochondrion
mitochondrial part

rRNA modification in the
nucleus and cytosol

preribosome

9 10 11 12 13
Test Statistic

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ Ɣ

Ɣ
ƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ

Ɣ

Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

ƔƔ

Ɣ
Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ ƔƔ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

í�
í�

0
1

2

Score

í�
í���
0
���
1

NPM1

Mut
WT

LF
6 

- M
ito

 S
co

re

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

ƔƔƔ
ƔƔ

ƔƔ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

Ɣ

ƔƔƔ ƔƔ
Ɣ
ƔƔƔ Ɣ
Ɣ
ƔƔ ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
ƔƔƔ
Ɣ

ƔƔ
Ɣ

Ɣ
ƔƔƔƔ
Ɣ

ƔƔ

ƔƔƔ

ƔƔ

Ɣ
Ɣ
ƔƔ

ƔƔ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ ƔƔ

Ɣ

ƔƔƔ ƔƔƔƔ

ƔƔƔ

Ɣ Ɣ

ƔƔ
Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
ƔƔƔ
Ɣ

Ɣ ƔƔ

Ɣ
Ɣ
ƔƔƔ
ƔƔ

ƔƔ Ɣ

Ɣ
Ɣ

Ɣ
Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ Ɣ

ƔƔ
ƔƔ
ƔƔƔƔƔƔ
ƔƔ

Ɣ

Ɣ
Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

í�
í�

0
1

2
3

&í0
LWR

Cluster 3

Cluster 4

Cluster 5

Cluster 6

MHC 
Proteome

MHC 
Transcriptome

HOX 
Signaling

A B

C

D

E

F

20

25

30

íORJ�3íValue

LF
1 

Sc
or

e

Figure 2

NPM1

C-Mito
Mito
Non-Mito

í�

í�

0

1

2

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

3&
�í
0
LWR
�T

ra
ns

cr
ip

to
m

e

Rho = 0.88

í�

í�

0

1

2

3

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

LF
6 

Sc
or

e

G

8 
 

Figures 

 
Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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MOFA IDENTIFIES KNOWN DRIVERS OF VARIABILITY

• 28 factors explaining variation in 
the data 

• Mix of shared and unique drivers 

• Most dominant factor LF1 active in 
all 4 data views 

• Inspections of loadings reveals LF1 
explains known axis of HOX/NPM1
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Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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MOFA IDENTIFIES KNOWN DRIVERS OF VARIABILITY

• 28 factors explaining variation in 
the data 

• Mix of shared and unique drivers 

• Most dominant factor LF1 active in 
all 4 data views 

• Inspections of loadings reveals LF1 
explains known axis of HOX/NPM1
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Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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MOFA IDENTIFIES KNOWN DRIVERS OF VARIABILITY

• 28 factors explaining variation in 
the data 

• Mix of shared and unique drivers 

• Most dominant factor LF1 active in 
all 4 data views 

• Inspections of loadings reveals LF1 
explains known axis of HOX/NPM1

LF12
LF1
LF3
LF4
LF28
LF27
LF26
LF25
LF23
LF21
LF16
LF14
LF11
LF8
LF6
LF7
LF20
LF10
LF9
LF2
LF5
LF24
LF22
LF19
LF18
LF17
LF13
LF15

M
ut

at
io

ns
Pr

ot
ei

ns
R

N
A

C
yt

og
en

et
ic

s

Latent Factors
Inactive
Active

nucleolus

mitochondrial inner
membrane

actin cytoskeleton
90S preribosome

mitochondrial matrix
VPDOOíVXbunit processome

mitochondrion
mitochondrial part

rRNA modification in the
nucleus and cytosol

preribosome

9 10 11 12 13
Test Statistic

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ Ɣ

Ɣ
ƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ

Ɣ

Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

ƔƔ

Ɣ
Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ ƔƔ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

í�
í�

0
1

2

Score

í�
í���
0
���
1

NPM1

Mut
WT

LF
6 

- M
ito

 S
co

re

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

ƔƔƔ
ƔƔ

ƔƔ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

Ɣ

ƔƔƔ ƔƔ
Ɣ
ƔƔƔ Ɣ
Ɣ
ƔƔ ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
ƔƔƔ
Ɣ

ƔƔ
Ɣ

Ɣ
ƔƔƔƔ
Ɣ

ƔƔ

ƔƔƔ

ƔƔ

Ɣ
Ɣ
ƔƔ

ƔƔ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ ƔƔ

Ɣ

ƔƔƔ ƔƔƔƔ

ƔƔƔ

Ɣ Ɣ

ƔƔ
Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
ƔƔƔ
Ɣ

Ɣ ƔƔ

Ɣ
Ɣ
ƔƔƔ
ƔƔ

ƔƔ Ɣ

Ɣ
Ɣ

Ɣ
Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ Ɣ

ƔƔ
ƔƔ
ƔƔƔ
ƔƔ
Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

í�
í�

0
1

2
3

&í0
LWR

Cluster 3

Cluster 4

Cluster 5

Cluster 6

MHC 
Proteome

MHC 
Transcriptome

HOX 
Signaling

A B

C

D

E

F

20

25

30

íORJ�3íValue

LF
1 

Sc
or

e

Figure 2

NPM1

C-Mito
Mito
Non-Mito

í�

í�

0

1

2

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

3&
�í
0
LWR
�T

ra
ns

cr
ip

to
m

e

Rho = 0.88

í�

í�

0

1

2

3

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

LF
6 

Sc
or

e

G

LF12
LF1
LF3
LF4
LF28
LF27
LF26
LF25
LF23
LF21
LF16
LF14
LF11
LF8
LF6
LF7
LF20
LF10
LF9
LF2
LF5
LF24
LF22
LF19
LF18
LF17
LF13
LF15

M
ut

at
io

ns
Pr

ot
ei

ns
R

N
A

C
yt

og
en

et
ic

s

Latent Factors
Inactive
Active

nucleolus

mitochondrial inner
membrane

actin cytoskeleton
90S preribosome

mitochondrial matrix
VPDOOíVXbunit processome

mitochondrion
mitochondrial part

rRNA modification in the
nucleus and cytosol

preribosome

9 10 11 12 13
Test Statistic

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ Ɣ

Ɣ
ƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ

Ɣ

Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

ƔƔ

Ɣ
Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ ƔƔ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

í�
í�

0
1

2

Score

í�
í���
0
���
1

NPM1

Mut
WT

LF
6 

- M
ito

 S
co

re

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

ƔƔƔ
ƔƔ

ƔƔ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

Ɣ

ƔƔƔ ƔƔ
Ɣ
ƔƔƔ Ɣ
Ɣ
ƔƔ ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
ƔƔƔ
Ɣ

ƔƔ
Ɣ

Ɣ
ƔƔƔƔ
Ɣ

ƔƔ

ƔƔƔ

ƔƔ

Ɣ
Ɣ
ƔƔ

ƔƔ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ ƔƔ

Ɣ

ƔƔƔ ƔƔƔƔ

ƔƔƔ

Ɣ Ɣ

ƔƔ
Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
ƔƔƔ
Ɣ

Ɣ ƔƔ

Ɣ
Ɣ
ƔƔƔ
ƔƔ

ƔƔ Ɣ

Ɣ
Ɣ

Ɣ
Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ Ɣ

ƔƔ
ƔƔ
ƔƔƔƔƔƔ
ƔƔ

Ɣ

Ɣ
Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

í�
í�

0
1

2
3

&í0
LWR

Cluster 3

Cluster 4

Cluster 5

Cluster 6

MHC 
Proteome

MHC 
Transcriptome

HOX 
Signaling

A B

C

D

E

F

20

25

30

íORJ�3íValue

LF
1 

Sc
or

e

Figure 2

NPM1

C-Mito
Mito
Non-Mito

í�

í�

0

1

2

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

3&
�í
0
LWR
�T

ra
ns

cr
ip

to
m

e

Rho = 0.88

í�

í�

0

1

2

3

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

LF
6 

Sc
or

e

G

LF12
LF1
LF3
LF4
LF28
LF27
LF26
LF25
LF23
LF21
LF16
LF14
LF11
LF8
LF6
LF7
LF20
LF10
LF9
LF2
LF5
LF24
LF22
LF19
LF18
LF17
LF13
LF15

M
ut

at
io

ns
Pr

ot
ei

ns
R

N
A

C
yt

og
en

et
ic

s

Latent Factors
Inactive
Active

nucleolus

mitochondrial inner
membrane

actin cytoskeleton
90S preribosome

mitochondrial matrix
VPDOOíVXbunit processome

mitochondrion
mitochondrial part

rRNA modification in the
nucleus and cytosol

preribosome

9 10 11 12 13
Test Statistic

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ Ɣ

Ɣ
ƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ

Ɣ

Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

ƔƔ

Ɣ
Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ ƔƔ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

í�
í�

0
1

2

Score

í�
í���
0
���
1

NPM1

Mut
WT

LF
6 

- M
ito

 S
co

re

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

ƔƔƔ
ƔƔ

ƔƔ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

Ɣ

ƔƔƔ ƔƔ
Ɣ
ƔƔƔ Ɣ
Ɣ
ƔƔ ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
ƔƔƔ
Ɣ

ƔƔ
Ɣ

Ɣ
ƔƔƔƔ
Ɣ

ƔƔ

ƔƔƔ

ƔƔ

Ɣ
Ɣ
ƔƔ

ƔƔ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ ƔƔ

Ɣ

ƔƔƔ ƔƔƔƔ

ƔƔƔ

Ɣ Ɣ

ƔƔ
Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
ƔƔƔ
Ɣ

Ɣ ƔƔ

Ɣ
Ɣ
ƔƔƔ
ƔƔ

ƔƔ Ɣ

Ɣ
Ɣ

Ɣ
Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ Ɣ

ƔƔ
ƔƔ
ƔƔƔ
ƔƔ
Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

í�
í�

0
1

2
3

&í0
LWR

Cluster 3

Cluster 4

Cluster 5

Cluster 6

MHC 
Proteome

MHC 
Transcriptome

HOX 
Signaling

A B

C

D

E

F

20

25

30

íORJ�3íValue

LF
1 

Sc
or

e

Figure 2

NPM1

C-Mito
Mito
Non-Mito

í�

í�

0

1

2

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

3&
�í
0
LWR
�T

ra
ns

cr
ip

to
m

e

Rho = 0.88

í�

í�

0

1

2

3

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

LF
6 

Sc
or

e

G

LF12
LF1
LF3
LF4
LF28
LF27
LF26
LF25
LF23
LF21
LF16
LF14
LF11
LF8
LF6
LF7
LF20
LF10
LF9
LF2
LF5
LF24
LF22
LF19
LF18
LF17
LF13
LF15

M
ut

at
io

ns
Pr

ot
ei

ns
R

N
A

C
yt

og
en

et
ic

s

Latent Factors
Inactive
Active

nucleolus

mitochondrial inner
membrane

actin cytoskeleton
90S preribosome

mitochondrial matrix
VPDOOíVXbunit processome

mitochondrion
mitochondrial part

rRNA modification in the
nucleus and cytosol

preribosome

9 10 11 12 13
Test Statistic

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ Ɣ

Ɣ
ƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ

Ɣ

Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

ƔƔ

Ɣ
Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ ƔƔ

Ɣ

Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ Ɣ

ƔƔ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

Ɣ

í�
í�

0
1

2

Score

í�
í���
0
���
1

NPM1

Mut
WT

LF
6 

- M
ito

 S
co

re

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

ƔƔƔ
ƔƔ

ƔƔ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

Ɣ
Ɣ

ƔƔ

Ɣ

ƔƔƔ ƔƔ
Ɣ
ƔƔƔ Ɣ
Ɣ
ƔƔ ƔƔ

Ɣ

Ɣ
Ɣ

Ɣ Ɣ
ƔƔƔ
Ɣ

ƔƔ
Ɣ

Ɣ
ƔƔƔƔ
Ɣ

ƔƔ

ƔƔƔ

ƔƔ

Ɣ
Ɣ
ƔƔ

ƔƔ
Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ ƔƔ

Ɣ

ƔƔƔ ƔƔƔƔ

ƔƔƔ

Ɣ Ɣ

ƔƔ
Ɣ

ƔƔƔ Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
ƔƔƔ
Ɣ

Ɣ ƔƔ

Ɣ
Ɣ
ƔƔƔ
ƔƔ

ƔƔ Ɣ

Ɣ
Ɣ

Ɣ
Ɣ
ƔƔ

Ɣ

Ɣ

Ɣ
Ɣ Ɣ

ƔƔ
ƔƔ
ƔƔƔ
ƔƔ
Ɣ
ƔƔ

Ɣ

Ɣ
Ɣ
Ɣ

Ɣ
Ɣ

Ɣ

ƔƔ

Ɣ
Ɣ

í�
í�

0
1

2
3

&í0
LWR

Cluster 3

Cluster 4

Cluster 5

Cluster 6

MHC 
Proteome

MHC 
Transcriptome

HOX 
Signaling

A B

C

D

E

F

20

25

30

íORJ�3íValue

LF
1 

Sc
or

e

Figure 2

NPM1

C-Mito
Mito
Non-Mito

í�

í�

0

1

2

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

3&
�í
0
LWR
�T

ra
ns

cr
ip

to
m

e

Rho = 0.88

í�

í�

0

1

2

3

í� í� 0 1 2 3
3&�í0LWR�3URWHRPH

LF
6 

Sc
or

e

G

8 
 

Figures 

 
Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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Figures 

 
Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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Figures 

 
Figure 1 | Multi-Omics Factor Analysis: model and motivation. 

Step 1:Model fitting: MOFA takes an arbitrary number of M data matrices as input (Y1,..., YM), one 

or more from each data modality, with co-occurrent samples but features that are in general 

unrelated and that differ in numbers. MOFA decomposes these matrices into a matrix of factors, Z, 

for each sample and M weight matrices, one for each view (loadings W1,.., WM). White cells in the 

weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data 

matrices denote missing values. Step 2:The fitted MOFA model can be queried for different 

downstream analyses, including (i) variance decomposition, assessing the proportion of variance 

explained by each factor in each view, (ii) semi-automated factor annotation based on the 

inspection of loadings and gene set enrichment analysis, (iii) visualization of the samples in the 

factor space and (iv) imputation of missing values, including missing assays. 
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SUBCLUSTERS HAVE A DISTINCT SURVIVAL PROFILE

• Clusters 1 and 5 have distance 
survival phenotype 

• Survival for patients in cluster 1 
significantly worse, for cluster 5 
significantly better



SUBCLUSTERS HAVE A DISTINCT SURVIVAL PROFILE

• Clusters 1 and 5 have distance 
survival phenotype 

• Survival for patients in cluster 1 
significantly worse, for cluster 5 
significantly better

+

++
++ +

++ +

++++++++
+++++++++++++++++++++++++++++++++++++++++++ ++++++++++++++ ++++++++++++++++++++ +++ ++++++++ +++

p = 0.0034

0.00

0.25

0.50

0.75

1.00

0 25 50 75 100
Months

Pr
ob

ab
ilit

y 
of

 O
ve

ra
ll 

Su
rv

iv
al

25 10 4 0 0
152 80 39 13 0Non-Mito

Mito

0 25 50 75 100

No.at risk

Non-Mito

Mito

A

Age

ELN 2017

C-Mito

<50

>65

��í��

Adverse

Favorable

Intermediate

Mito

Non-Mito

(N=47)

(N=53)

(N=77)

(N=36)

(N=57)

(N=84)

(N=25)

(N=152)

0.34

2.09

reference

2.39

0.41

reference

3.57

reference

������í������

������í������

������í������

������í������

������í������

0.011 *

0.005 **

0.003 **

0.011 *

<0.001 ***

# EvHQWV������*OREDO�SívDOXH��/RJí5DQN���������Hí���
AIC: 597.31; Concordance Index: 0.74

0.1 0.2 0.5 1 2 5

B

Mito
Non-Mito0.0

0.2

0.4

0.6

Favorable

Intermediate
Adverse

0.0

0.1

0.2

0.3

0.4

0.5

Favorable

Intermediate
Adverse

Fr
eq

ue
nc

y

Cluster 5
Non-
Cluster 5

+++++
++++ ++++++ ++++++ ++ ++ ++++++ +++++ + +++ +++ +++

++
++++

++++++ ++++++++++++++++++++++++ ++++++
+ ++++ ++++++ +++ +++ ++ + +

p = 0.011

0.00

0.25

0.50

0.75

1.00

0 25 50 75 100
Months

64 38 21 10 0
113 52 22 3 0Non-Cluster 5

Cluster 5

0 25 50 75 100

No. at risk

Pr
ob

ab
ilit

y 
of

 O
ve

ra
ll 

Su
rv

iv
al

Non-Cluster 5

Cluster 5

Age

ELN 2017

Cluster

<50

>65

��í��

Adverse

Favorable

Intermediate

Cluster 5

Non-Cluster 5

(N=47)

(N=53)

(N=77)

(N=36)

(N=57)

(N=84)

(N=64)

(N=113)

0.37

2.17

reference

2.09

0.49

reference

0.45

reference

������í������

������í������

������í������

������í������

������í������

0.017 *

0.003 **

0.009 **

0.035 *

0.006 **

# EvHQWV������*OREDO�SívDOXH��/RJí5DQN�������Hí���
AIC: 602.65; Concordance Index: 0.73

0.1 0.2 0.5 1 2

D E

C

F

0.0

0.1

0.2

0.3

0.4

0.5

NPM1

FLT3 ITD

NPM1mut /FLT3 ITDhigh

NPM1mut /FLT3WT

DNMT3A
NRAS

RUNX1
IDH1

IDH2

NPM1WT /FLT3 ITDlow

R8
1;

�íRUNX1T1
SRSF2

TET2
ASXL1

del(5)
inv(16)

NPM1WT /FLT3 ITDhigh

NPM1mut /FLT3 ITDlow

TP53
ASXL

0.0

0.1

0.2

0.3

0.4

DNMT3A
NPM1

FLT3 ITD
TET2

NPM1mut/FLT3 ITDWT

IDH2
RUNX1

NRAS
ASXL1

NPM1WT /FLT3 ITDhigh

SRSF2
inv(16)

NPM1WT /FLT3 ITDlow

NPM1mut /FLT3 ITDhigh

NPM1mut /FLT3 ITDlow

del(5)
IDH1

ASXL

R8
1;

�íRUNX1T1
TP53

Fr
eq

ue
nc

y

Fr
eq

ue
nc

y
Fr

eq
ue

nc
y

Figure 3



SUBCLUSTERS HAVE A DISTINCT SURVIVAL PROFILE

• Clusters 1 and 5 have distance 
survival phenotype 

• Survival for patients in cluster 1 
significantly worse, for cluster 5 
significantly better
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SUMMARY AND OUTLOOK

• Multi-omics approach discovered 
proteomic AML subtypes with 
clinical relevance  

• Mito-AML is hypersensitive to 
drugs targeting mitochondrial 
complex I 

• Use mito classifier to stratify 
patients for venetoclax-based 
therapies



LEVERAGING PRIOR INFORMATION IN MULTI-OMICS 
MODELLING

• Characterising factors in FA models 
is challenging 

• Use prior knowledge from 
pathways already during inference 

• Associate each factor to a 
pathway



LEVERAGING PRIOR INFORMATION IN MULTI-OMICS 
MODELLING

• Characterising factors in FA models 
is challenging 

• Use prior knowledge from 
pathways already during inference 

• Associate each factor to a 
pathway

• Infer pathways driving inter-
patient variation 

• Refine and customise 
pathway annotations 

• Identify interpretable 
patient sub-populations



MUVI: A MULTI-VIEW LATENT VARIABLE MODEL WITH DOMAIN-INFORMED 
STRUCTURED SPARSITY 

Qoku and Buettner, in submission
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Hierarchical shrinkage via horseshoe prior



MUVI COMBINES DOMAIN-INDUCED SPARSITY WITH LOW 
RECONSTRUCTION ERROR

• Simulate multi-view expression 
data with noisy pathways  

• Compare MUVI to  

• MOFA 

• BASS (Bayesian group factor 
analysis with structured sparsity  

• Multi-view VAE

MAIN RESULTS

RMSE Precision Recall F1

BASS 0.543± 0.02 0.944± 0.05 0.899± 0.03 0.920± 0.04

MOFA 0.331± 0.00 0.541± 0.14 0.914± 0.02 0.672± 0.11

AE 0.325± 0.01 0.692± 0.06 0.964± 0.01 0.805± 0.04

MuVI� (uninformed) 0.323± 0.00 0.933± 0.05 0.995± 0.00 0.962± 0.03

MuVI0.5 (1 inf. view) 0.322± 0.00 0.966± 0.01 0.996± 0.00 0.981± 0.00

MuVI0.1 (1 inf. view) 0.322± 0.00 0.965± 0.01 0.997± 0.00 0.982± 0.00

MuVI0.1 (3 inf. views) 0.322± 0.00 0.974± 0.01 0.998± 0.00 0.986± 0.01

Table 1: Performance comparison on the synthetic data. Av-
erage metric scores across five independent runs ± standard
deviation.

prior information is, under certain conditions, identifiable.

4.1.3 Training

The parameter and training settings for the baselines are
summarized in the Appendix A. We perform a grid search on
the single hyperparameter of MuVI, the auxiliary constants
↵j,k for the factor loadings that are not part of the prior
feature sets. Among {0.01, 0.03, 0.05, 0.1}, ↵j,k = 0.05
reliably performs the best. We train several models with dif-
ferent noise configuration and prior information availability.
We start with an uninformed model and iteratively increase
the amount of the prior information by informing a single
view, two views and eventually three views. An important
consideration when injecting prior information for a subset
of views is assuming that the features of the rest of the views
are not present in the prior feature sets, and informing them
accordingly. In other words, we choose the same ↵j,k for all
the factor loadings for the uninformed views that we choose
for the factor loadings of the informed views that are absent
in the prior feature sets. The main rationale behind this de-
cision is encouraging the informed views to learn first, and
gradually inform the rest of the uninformed views implicitly
via the structure of the shared factors. Also, we observed
empirically that the uninformed views are unrestricted in
terms of learning and typically converge very early during
training and are unable to “unlearn” a suboptimal structure
of the factor loadings.

4.1.4 Results

We provide a visual summary of the experiments in Figure 1,
and a detailed overview of the metric scores in Table 1. We
first notice a difference in the quality of the latent repre-
sentation, measured by the RMSE. MuVI, MOFA and the
autoencoder (AE) perform comparably well. BASS appears
to sacrifice reconstruction quality in favor of additional spar-
sity, which is supported by a very high precision and rela-
tively lower recall. Our modelling approach, on the other
hand, strikes a better balance between learning a good latent
representation with low reconstruction error and pruning

away the majority of superfluous connections between the
latent factors and the observed features. In addition, the
high recall indicates a better capability of MuVI to retrieve
almost all positive signals, at the cost of some redundant
signals. In addition to the uninformed version of our model,
we report the results for three additional model configura-
tions. The first model simulates a realistic scenario when the
available information is very limited and noisy. Specifically,
we inform only the first view with highly perturbed feature
sets with a noise fraction of 50%. We immediately notice a
dramatic increase in the F1 score due to the significantly im-
proved precision compared to the uninformed model, while
the recall remains intact. In the next two models, we first re-
duce the amount of noise to 10%, then increase the number
of informed views to 3. We observe additional improve-
ments in all three binary scores, which further emphasizes
the benefit of increasing the quality and the quantity of the
prior information.

Next, we assess the robustness of MuVI against severe noise,
and its capability of utilizing useful prior information to
infer a corrected latent representation. Figure 3 depicts a
comprehensive overview of the results across multiple train-
ing settings. In the top row we show the results for the
unmatched factors, whereas in the bottom row the factors
underwent a permutation post training to match the true or-
der. For a fair comparison, since all baselines are completely
unidentifiable and require factor matching, the scores re-
ported in Table 1 also originate from the bottom row. On
the common horizontal axes, from left to right, we increase
the number of views that are informed starting with a single
view in the first column, first and second view in the middle
column, and the first three views in the last column. Within
each subplot, the results are computed and documented sep-
arately for each view. Finally, each group of view-specific
boxplots is ordered by the fraction of prior noise in ascend-
ing order. We notice several attributes of our model. First,
MuVI exhibits no difficulties in learning a good representa-
tion from mild to moderate noise in the prior information.
As expected, a severe perturbation reduces the ability of
our model to find the proper ordering of the factors dra-
matically. However, the bottom row provides evidence that
the model merely loses its ability to be identifiable, since
the quality of the representation remains virtually intact. To
further reinforce the idea of partial identifiability offered by
our model, notice the increase in the F1 score when moving
along the subplots from left to right, that is, increasing the
number of informed views. The informed factors serve as
anchors in the overall ordering, while at the same time de-
creasing the number of possible permutations available for
potentially uninformed or view-specific factors. The effect
of the prior information is noticeable not only within each
informed view, but also across the combined observations.
For instance, the uninformed views in the first column, i.e.
1, 2 and 3, fluctuate around an F1 score of 0.65, if we ig-
nore the results with severe noise of 90% and 100%. In the

6



PAN-CANCER MULTI-OMICS ANALYSIS OF TCGA 

• Use MuVI to analyze TCGA data 

• 4 data views (DNA methylation, 
mRNA expression, microRNA and 
reverse phase protein array 
(RPPA) 

• 11k patients, 33 cancer types 

•

Figure 4: Results of the TCGA dataset. A t-SNE embedding space learned from the latent representation of MuVI (left).
Inferred latent factors that are informed by androgen response and melanogenesis a priori (center). Top 15 features based on
the absolute value of their corresponding factor loadings for the shared androgen response factor among mRNA and RPPA
(right).

chestrates the activation of male hormone receptors, and
plays an important role in the development and progres-
sion of prostate cancer[Fujita and Nonomura, 2019]. In
the middle of Figure 4 we illustrate a scatter plot by map-
ping our samples onto the two latent axes informed and
described by androgen response and melanogenesis. We
highlight three cancer types with the same coloring as the
previous t-SNE plot, while fading the remaining 30 cancer
types to gray. As anticipated, melanogenesis helps identify
the only two groups of samples from tissues with skin cu-
taneous melanoma (SKCM) and uveal melanoma (UVM).
Likewise, androgen response assigns significantly higher
scores to patients with prostate adenocarcinoma (PRAD).
Next, in the rightmost plots, we dive one level deeper and
inspect the top 15 features of the androgen response fac-
tor, which is active and shared among the mRNA and the
RPPA view. We decide whether a factor is active in view
m if its corresponding factor scale is not virtually zero, i.e.
�(m)
k > 0.01, as well as if the variance explained by the
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