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Starting point
High-dimensional gene-expression

data from 3 types of organisms

Sparse pathological data of

rat in vivo
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1. Can we replace the animal
study with in vitro assay?

2. Can we predict the liver
injury in humans using
toxicogenomics data from
animals?
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Group factor analysis (GFA)
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Making generalizations across organisms
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Shared components

I associations between views

I cross-view prediction



GFA with sparsity (1)
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GFA with and without sparsity
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GFA with sparsity (2)
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Sparsity – why

Sparsity in the model is encouraged due to

1. High dimensionality of the
gene expression microarray
data sets

2. Strong sparsity of the
pathology data

⇒ Sparsity in terms of
variables

3. Treatments heterogeneous
by their effects

⇒ Sparsity in terms of
samples



Sparsity – how

1. Sparsity in terms of
variables

⇒ Spike-and-slab prior∗ for
factor loadings matrix W

2. Sparsity in terms of
samples

⇒ Spike-and-slab prior for
latent variables Z
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GFA – model
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GFA with sparsity – model
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Data representation – gene expression

I Treatments that occur in all 3 types of organism:
I 119 compounds
I dosage levels middle & high
I time points 8/9 h & 24 h

I Average differential expression over the replicates of each
treatment

⇒ Treatment = sample for the model
⇒ Matching treatments between the 3 transcriptomic views
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in vitro and Xrat
in vivo
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Data representation – histopathology of the liver

Grade-weighted count of
each pathological finding
type over the replicates of
a treatment

⇒ Pathology view
Yrat

in vivo with matching
treatments to the 3
transcriptomic views
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Results

Our tasks:

1. Predict liver damage of rats in vivo based on cell-level
transcriptomic responses in the 3 types of model organisms

2. Test how well the transcriptomic cell-level responses
generalize to known effects of the compounds on humans



Analysis: model organisms’ generalizability to organ level

Training: Learn associa-
tions between the views

I 3 transcriptomic
views Xhuman

in vitro,
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in vivo

I Pathology view
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logical findings Yrat

in vivo

I Given one of the
transcriptomic views
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Sparsity in the target view

I WTW reveals the
similarity of
component activities
between the variables

I Thanks to sparsity,
projections to many
variables are 0

I The model
automatically decides
which variables to
explain by

A. coherent
components

B. noise parameter

C
ha

ng
e,

 b
as

op
hi

lic
S

w
el

lin
g

M
ic

ro
gr

an
ul

om
a

V
ac

uo
liz

at
io

n,
 n

uc
le

ar
D

eg
en

er
at

io
n,

 a
ci

do
ph

ili
c,

 e
os

in
op

hi
lic

C
el

lu
la

r 
in

fil
tr

at
io

n
C

ha
ng

e,
 e

os
in

op
hi

lic
V

ac
uo

liz
at

io
n,

 c
yt

op
la

sm
ic

N
od

ul
e,

 h
ep

at
od

ia
ph

ra
gm

at
ic

D
eg

en
er

at
io

n,
 g

ra
nu

la
r, 

eo
si

no
ph

ili
c

H
yp

er
tr

op
hy

N
ec

ro
si

s
D

E
A

D
A

ty
pi

a,
 n

uc
le

ar
D

ep
os

it,
 li

pi
d

C
ha

ng
e,

 a
ci

do
ph

ili
c

P
ro

lif
er

at
io

n,
 K

up
ffe

r 
ce

ll
M

in
er

al
iz

at
io

n
F

ib
ro

si
s

G
ro

un
d 

gl
as

s 
ap

pe
ar

an
ce

D
ep

os
it,

 g
ly

co
ge

n
D

eg
en

er
at

io
n,

 h
yd

ro
pi

c
C

el
lu

la
r 

in
fil

tr
at

io
n,

 m
on

on
uc

le
ar

 c
el

l
A

ni
so

nu
cl

eo
si

s
H

em
at

op
oi

es
is

, e
xt

ra
m

ed
ul

la
ry

E
de

m
a

In
cr

ea
se

d 
m

ito
si

s
P

ro
lif

er
at

io
n

S
in

gl
e 

ce
ll 

ne
cr

os
is

Single cell necrosis
Proliferation
Increased mitosis
Edema
Hematopoiesis, extramedullary
Anisonucleosis
Cellular infiltration, mononuclear cell
Degeneration, hydropic
Deposit, glycogen
Ground glass appearance
Fibrosis
Mineralization
Proliferation, Kupffer cell
Change, acidophilic
Deposit, lipid
Atypia, nuclear
DEAD
Necrosis
Hypertrophy
Degeneration, granular, eosinophilic
Nodule, hepatodiaphragmatic
Vacuolization, cytoplasmic
Change, eosinophilic
Cellular infiltration
Degeneration, acidophilic, eosinophilic
Vacuolization, nuclear
Microgranuloma
Swelling
Change, basophilic

−5

0

5



Prediction: drug hepatotoxicity based on gene expression

I Given Xrat
in vivo,

predict Yrat
in vivo

I Same prediction task
using `1-regularized
linear regression
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Translation over model organisms to humans

I How do the transcriptional changes in model organisms
generalize system-level effects in humans?

I Can the model learn structure relevant to the properties of the
compounds in an unsupervised way?



Translation over model organisms to humans (1)

We quantify the success of translation by the retrieval of similar
compounds

I Ground-truth:

A. Anatomical Therapeutic Chemical (ATC) Classification
System’s labels (level 4)

B. Drug-induced liver injury (DILI) labels

I Model: GFA with sparsity for the transcriptomic views of the
model organisms, Xhuman

in vitro, Xrat
in vitro and Xrat

in vivo

I Measure: Average precision in the retrieval of similar
compounds in the latent space



Translation over model organisms to humans (2)
We quantify the success of translation by the retrieval of similar compounds

I Ground-truth:

A. Anatomical Therapeutic Chemical (ATC) Classification System’s labels
(level 4)

B. Drug-induced liver injury (DILI) labels
I Model: GFA with sparsity for the transcriptomic views of the model organisms,

Xhuman
in vitro, Xrat

in vitro and Xrat
in vivo

I Measure: Average precision in the retrieval of similar compounds in the latent
space
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Conclusions

I GFA reveals associations between the views

I Associations indicate what generalizes between the views

I Sparsity helps in this decision

I Latent representation allows us to explore structure in the
data in an unsupervised way
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Discussion

We can

I analyse the similarity of model organisms

I learn what generalizes from the model organisms to humans
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