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Deliverable description and summary
According to the Description of Work we have published results from Work Package 5 in the following
publications:
We have published results for Work Package 5, deliverable 5.1 in the following publications
corresponding to the technical reports: Andersson et al. 2018, doi: 10.1038/leu.2017.252; Dietrich et
al. 2018, doi: 10.1172/JCI93801 and Argelaguet et al. 2018, doi: 10.15252/msb.20178124. The drug
response data is available at the online tool PACE (http://pace.embl.de) and the open source software
is included in the R-package of the paper Dietrich et al. 2018, doi: 10.1172/JCI93801.

Figure 1. PACE
Background
Most determinants of drug response are unknown. Even for targeted small molecules, major
determinants of response are unknown. To overcome this obstacle, we developed drug response
profiling of cancer cells and respective predictive modelling using genetic, gene expression, and e.g.
methylation data to develop models identifying drug response predictors for each drug.

Research progress
As a brief summary, this Work Package used omics profiling and drug response testing to dissect
distinguishing features of blood cancer (Andersson et al., 2018; Argelaguet et al., 2018). By closely
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working with Wolfgang Huber (EMBL), we performed the key experiments to profile drug response of
up to 700 leukemia and lymphoma samples to classify disease, model drug response prediction and
detect outlier, both on a drug basis (i.e. with particular sensitivity) or on a per patient basis (identifying
patients, who show uncharacteristic individual sensitivity. The datasets are also available through PACE
(http://pace.embl.de). We extended the published work with complementary data sets both of OMICS
characterization and high-throughput drug screening (63-405 drugs x 180-700 samples), which provide
the basis for further validation of work done in Work Package 5. We find blood cancers to show varying
drug response phenotypes and identify outlier drugs, which are promising therapeutics. For each drug
we built predictive models, which identify determinants of response (Figure 2). The key results were
validated in independent data sets. Within chronic lymphocytic leukemia (CLL), responses to 62% of
drugs were associated with two or more mutations, and linked the B cell receptor (BCR) pathway to
trisomy 12, an important driver of CLL. Based on drug responses, the disease could be organized into
phenotypic subgroups characterized by exploitable dependencies on BCR, mTOR, or MEK signaling and
associated with mutations, gene expression, and DNA methylation. Fourteen percent of CLLs were
driven by mTOR signaling in a non–BCR-dependent manner. Multivariate modeling revealed
immunoglobulin heavy chain variable gene (IGHV) mutation status and trisomy 12 as the most
important modulators of response to kinase inhibitors in CLL. Ex vivo drug responses were associated
with outcome. This study overcomes the perception that most mutations do not influence drug
response of cancer, and points to an updated approach to understanding tumor biology, with
implications for biomarker discovery and cancer care.

Figure 2. Explanatory power of data types for drug response prediction.
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Explanatory power (R2) of the features from the different data types for prediction of drug response.
For fludarabine, doxorubicin, and nutlin-3, we fit multivariate regression models to predict the average
viability value across all five concentrations. For the targeted drugs ibrutinib (BTK), idelalisib (PI3K),
selumetinib (MEK), everolimus (mTOR), and PRT062607 (SYK), we used the average of the 2 lowest
concentrations, 156 and 625 nM, as the dependent variable. As predictors, we used the different data
types as indicated by the colors: demographics (age, sex), mutations, IGHV status, pretreatment
(coded as 0/1), and the top 20 principal components of the gene expression or DNA methylation data
matrices. In addition to using each data type separately, we also fit models with all data types
combined (gray). L1 (lasso) regularization was used, with the parameter lambda chosen by crossvalidation, and shown are mean and standard deviation across 100 repetitions. Drug responses to
nutlin-3 and fludarabine were predominantly explained by gene mutations and copy number variants
(genetics). In contrast, response to kinase inhibitors was best explained by IGHV status, gene
expression, or methylation patterns.
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Discovery of novel drug sensitivities in T-PLL by
high-throughput ex vivo drug testing and mutation proﬁling
EI Andersson1, S Pützer2, B Yadav1,3, O Dufva1, S Khan3, L He3, L Sellner4,5, A Schrader2, G Crispatzu2, M Oleś6, H Zhang7,
S Adnan-Awad1, S Lagström3, D Bellanger8, JP Mpindi3, S Eldfors3, T Pemovska3,17, P Pietarinen1, A Lauhio9, K Tomska4,5,
C Cuesta-Mateos10, E Faber11, S Koschmieder12, TH Brümmendorf12, S Kytölä13, E-R Savolainen14, T Siitonen15, P Ellonen3,
O Kallioniemi3, K Wennerberg3, W Ding7, M-H Stern8, W Huber6, S Anders3, J Tang3,16, T Aittokallio3,16, T Zenz4,5, M Herling2
and S Mustjoki1
T-cell prolymphocytic leukemia (T-PLL) is a rare and aggressive neoplasm of mature T-cells with an urgent need for rationally
designed therapies to address its notoriously chemo-refractory behavior. The median survival of T-PLL patients is o 2 years and
clinical trials are difﬁcult to execute. Here we systematically explored the diversity of drug responses in T-PLL patient samples using
an ex vivo drug sensitivity and resistance testing platform and correlated the ﬁndings with somatic mutations and gene expression
proﬁles. Intriguingly, all T-PLL samples were sensitive to the cyclin-dependent kinase inhibitor SNS-032, which overcame stromalcell-mediated protection and elicited robust p53-activation and apoptosis. Across all patients, the most effective classes of
compounds were histone deacetylase, phosphoinositide-3 kinase/AKT/mammalian target of rapamycin, heat-shock protein 90 and
BH3-family protein inhibitors as well as p53 activators, indicating previously unexplored, novel targeted approaches for treating
T-PLL. Although Janus-activated kinase–signal transducer and activator of transcription factor (JAK-STAT) pathway mutations were
common in T-PLL (71% of patients), JAK-STAT inhibitor responses were not directly linked to those or other T-PLL-speciﬁc lesions.
Overall, we found that genetic markers do not readily translate into novel effective therapeutic vulnerabilities. In conclusion, novel
classes of compounds with high efﬁcacy in T-PLL were discovered with the comprehensive ex vivo drug screening platform
warranting further studies of synergisms and clinical testing.
Leukemia (2018) 32, 774–787; doi:10.1038/leu.2017.252

INTRODUCTION
T-cell prolymphocytic leukemia (T-PLL) is a rare, mostly aggressive
T-cell neoplasm. Although it comprises ~ 2% of mature lymphoid
tumors, it is the most frequent primary leukemic mature T-cell
lymphoma. Its clinical features include rapidly progressive
lymphocytosis (4100 × 109/l), splenomegaly (66% of cases),
lymphadenopathy (50%) and occasional skin manifestations
(20%).1,2 T-PLL tumor cells have a postthymic, predominantly
CD4+ T-cell phenotype.2 The prognosis of T-PLL patients is poor,
mainly due to a predominantly non- or short-lived responsiveness
to conventional chemotherapies.3,4 Currently, the most effective
treatment for T-PLL is the anti-CD52 monoclonal antibody
alemtuzumab. Although it has signiﬁcantly impacted the outcome
for T-PLL patients, its responses are also transient and relapses are
inevitable.3 Consolidation by a stem cell transplantation (SCT)

shows limited efﬁcacy, with long-term disease control reserved to
only a small subset of patients.5–7
Cytogenetic and molecular genetic abnormalities are commonly
found in T-PLL.8 Approximately 80% of patients harbor chromosome 14 inversions or translocations preventing the postthymic
silencing of the proto-oncogene T-cell leukemia 1A (TCL1A).9 The
remainder of patients usually harbor a t(X;14) translocation
activating the TCL1A paralog MTCP1.10 TCL1A and MTCP1 are
located in the 14q32 and Xq28 chromosome regions, respectively,
and both have been shown to promote malignant transformation
of T-lymphocytes in transgenic mice.11,12 The vast majority of
T-PLL show accompanying lesions and complex karyotypes
implicating a marked genome instability.13–16 In many cases, the
ataxia telangiectasia mutated (ATM) tumor suppressor, a gene that
is centrally involved in activation of the DNA damage checkpoints,
is mutated and/or deleted.13 DNA double-strand breaks result in
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rapid activation of ATM, in turn activating substrates that regulate
cell-cycle progression, DNA repair and cell death. ATM is also
known to interact with TCL1, resulting in enhanced nuclear factorκB activity and cell proliferation.17 Recently, it has been reported
that genes of the Janus-activated kinase–signal transducer and
activator of transcription factor (JAK-STAT) pathway are mutated in
76% of T-PLL.13,18 A high frequency of loss-of-function mutations
was found speciﬁcally in the autoinhibitory pseudokinase domain
of JAK3. This might lead to permanent or enhanced cytokinemediated activation of JAK3, which would cause constitutive
STAT5 signaling and deregulated expression of JAK-STAT
target genes.
Given the paucity of speciﬁc modalities that address the
molecular make-up of the transformed T-cell and the considerable
side effects of the currently available options, intensiﬁed
preclinical testing in association with emerging data on the
mutation landscape of T-PLL is highly warranted.8,13 Therefore, we
systematically investigated the heterogeneity of drug responses
across a large set of T-PLL-patients by using a high-throughput
ex vivo drug sensitivity and resistance testing (DSRT) that covers
301 approved and investigational oncology compounds.19 In
order to identify relevant associations between the drug
responses and genetic lesions, DSRT analysis was combined with
targeted mutation screening and gene proﬁling.
METHODS
Study design and patients
The study was undertaken in compliance with the principles of the Helsinki
Declaration and all patients and healthy donors provided written informed
consents. The study design is presented in Supplementary Figure 1A. DNA
samples from 68 patients were available for targeted JAK/STAT sequencing
(Supplementary Table S1) while viable cell samples for ex vivo drug
screening were available from 39 patients (clinical characteristics in
Table 1). None of the T-PLL samples in the compound screen had been
used in previous proﬁling studies.13 Patients had to fulﬁl old and current
World Health Organization diagnostic criteria of T-PLL.2,20 A mature (CD1aand TdT-negative) monoclonal T-cell population ruled out T-acute
lymphoblastic leukemia/LBL and an established algorithm discerned from
the differentials of other leukemic mature T-cell tumors.1 As the most
unifying feature, rearrangements of the TCL1A or MTCP1 genes as per
karyotyping or ﬂuorescence in situ hybridization analyses or their
overexpression had to be established (Supplementary Table S1). In all,
55% of patients were treatment naive while the majority of treated
patients received non-genotoxic alemtuzumab treatment or classical
cytostatics (for example, purine analogs).

Next-generation mutation proﬁling and genomic expression
analysis of T-PLL patient samples
Information on sample preparation can be found in the Supplementary
Materials and Methods section. Deep targeted amplicon sequencing of
known recurrent somatic mutations in IL2RG, STAT5B, JAK1 and JAK3 genes
(Supplementary Table S2) was performed with the Illumina MiSeq platform
(San Diego, CA, USA) as previously described.17 TCL1A inversions/
translocations, ATM deletions and recurrent chromosomal aberrations
were detected by routine cytogenetics (G-banding and ﬂuorescence in situ
hybridization techniques). Exome and RNA sequencing and data analysis
were performed as described.19,21,22 Data was further analyzed with the
DeSeq2 and Ingenuity Pathway Analysis-software (Qiagen, http://www.
qiagen.com/ingenuity). The gene expression arrays (Human HT‐12 v4 rev.2
Expression Beadchips, Illumina, San Diego, CA, USA) were scanned with the
BeadArray Reader (Illumina).

Drug sensitivity and resistance testing
Ex vivo DSRT was performed on either fresh (n = 4) or frozen (n = 35)
mononuclear cell (MNC) samples (480% leukemic cells) from 39 T-PLL
patients (Supplementary Figure 1A). The drug screening library included
301 substances consisting of conventional chemotherapeutics and a broad
range of targeted oncology compounds. The substances were dissolved in
dimethyl sulfoxide and dispensed on 384-well plates (Corning, Corning,
© 2018 Macmillan Publishers Limited, part of Springer Nature.

NY, USA) using Echo 550, an acoustic liquid handling device (Labcyte Inc.,
San Jose, CA, USA). Each drug was plated at 5 concentrations covering a
10 000-fold concentration range.9 The plates were incubated at 37 °C and
5% CO2, and after 72 h, cell viability was measured using the CellTiter-Glo
luminescent assay (Promega, Fitchburg, WI, USA) and a Pherastar FS (BMG
Labtech, Offenburg, Germany) plate reader. The data were normalized to
negative control wells (dimethyl sulfoxide only) and positive control wells
containing 100 μM benzethonium chloride (BzCl), which effectively kills all
cells (Supplementary Figure 1B).

Drug sensitivity scoring and analysis
To assess quantitative drug proﬁles for each patient, we calculated a drug
sensitivity score (DSS) based on the measured dose–response curves.20
DSS is an integrative and robust drug response metric based on the
normalized area under the curve, which takes into account all four curve
ﬁtting parameters in the logistic model.20 Furthermore, selective DSSs
(sDSSs), representing leukemia-speciﬁc responses, were calculated by
comparing the DSS from patient samples to the median DSS of the healthy
donor MNC (n = 4). Drugs with sDSS values 45 were considered as
selective and those of 410 as highly selective to the cell sample tested.
Additional technical details are outlined in the online Supplementary
Materials and Methods.

RESULTS
Mutation proﬁling of the JAK-STAT pathway highlights clonal
diversity of T-PLL samples
Among the known recurrent lesions of T-PLL, namely, TCL1
activation, ATM loss/mutations, MYC ampliﬁcations and nucleotide
variants in the JAK-STAT genes,13–15 the latter appear as the most
compelling drug target for further investigation. In our cohort,
targeted amplicon sequencing revealed that 71% of T-PLL (48/68)
harbored one or several mutations per sample in genes of the JAKSTAT pathway (JAK1, JAK3, STAT5B or IL2RG; Figure 1a). Single
mutations in JAK3, the most frequently affected family member,
were detected in 29% of patients. The most prevalent of these
variants was the M511I missense mutation located in the linker
between the JAK3 SH2 and the pseudokinase domains (37% of all
JAK3 mutated patients; Figure 1b). STAT5B mutations were found
in 7% of patients, single JAK1 mutations in 6% and 2% of cases
had an IL2RG mutation. The variant allele frequency (VAF) of these
mutations ranged from 1% to 87%, with a majority of the cases
(38/48; 79%) showing mutations at a VAF410% (Supplementary
Table S3). Interestingly, clonal STAT5B mutations (9/70) did not
coexist with any clonal JAK mutations in our cohort (Figure 1c). In
all, 27% of the patients had multiple JAK-STAT pathway mutations,
which has not previously been reported in T-PLL. These were
commonly subclonal (Supplementary Figure 1C).
As recently described,8 we also observed a negative prognostic
impact of the presence of a JAK3 mutation. Patients with JAK3
mutated leukemia had a mean overall survival (OS) of 15 months
(n = 14) as compared with an average of 48 months for patients
with tumor JAK3 in wild-type conﬁguration (n = 17; P = 0.008,
unpaired t-test). There was no signiﬁcant correlation of OS with
mutations in JAK1, STAT5B or IL2RG.
Expression analysis conﬁrms activated JAK-STAT pathway
RNAseq expression data from tumor cells of four T-PLL patients
were compared with those of CD4+ cells from two healthy donors.
Two thousand seven hundred and twelve genes were differentially expressed (upregulated or downregulated by more than
twofold). The overexpression of TCL1A (6.28-fold change (FC)) and
MYC (2.85 FC)23 was observed as expected (Supplementary Table
S4). Furthermore, STAT5A/B was predicted to be an activated
upstream regulator based on the overexpression of downstream
genes, such as XIAP, BCL2L1, EPHA4 and MYC. The gene with the
lowest expression when compared with healthy CD4+ cells was
DUSP4 (−5.01 FC). Another downregulated gene was CTLA4 (−3.35
Leukemia (2018) 774 – 787
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Table 1.

Clinical characteristics of the 39 T-PLL patients included in the ex vivo drug screening
Age at PB WBC count PB Phenotype
lymph
diagnosis
(109/l) at
sample date

ID

Sex

1263
1399
1409
1508
p1339
p1349
p1350
p1358
p1368
p1375
p1384
p1391
p1400
p1404

F
M
M
M
F
M
M
M
M
F
M
F
M
M

49
71
73
77
72
77
64
41
76
78
68
78
59
49

10.9
191.1
61.1
18.8
197
300
200
82
370
546
125
130
70
79

p1406
p1419
P0436
P0619

F
F
M
M

71
68
61
45

28
242
137
101

P0750
TP04

F
F

57
83

107
716

TP10
TP15

M
M

60
68

400
600

TP21
TP22

M
F

70
69

287
449

TP34

F

63

100

TP35

F

81

88

TP41
TP43
TP50

F
M
F

89
74
76

300
170
108

TP62

F

NA

NA

TP64
TP65
TP70
p1390
p1392
p1416
p1417
TPLL-3
TPLL-15

F
M
F
M
M
M
F
M
M

NA
70
54
58
69
63
61
77
79

NA
35
108
62
5.1
12.3
87
24.4
9

90%
99%
83%
67%
93%
95%
90%
93%
96%
77%
86%
87%
83%
51%

Chromosomal aberrations

CD4+CD8+
CD4
CD4
CD4
CD4
CD4
CD4
CD4
NA
NA
NA
CD4
CD8
CD4+CD8+

Treatment- JAKExpression
naive
STAT
data
sample
mutated

t(14:14), i(8q), del(11q)
Cultivation failure
del(17p), del (11q)
t(4;14), del (11q)
t(X)t(X;14),del(14q11)
inv(14q11),del11, +8
inv(14q11),trisomy 8
inv(14q11),i(8)(q10)
inv(14q11),del(q11),del(17p)
t(14;14)
i(8)(q10),inv(14)(q11q32)
inv(14),-22, der16,-x
inv(3),i(8q),inv(14)
47,XY, t(1;17)(q21;p13), t(4;20)(q31;p11), indic(8)(p11),
+indic(8)(p11), der(9)t(p,14)(p24;q23), t(14;14)
(q11;q32)
74% CD4
NA
92% CD4
t(X;14)
92% CD4
46,XY,del(11q22)
91% CD8
46,XY,der(2)t(2;22(p11)(q11) t(2;8),inv(14)(q11q32),
del20(q11q13),der(22)t(2;22)
88% CD8
i(8q), del(8p21)
NA CD4
43, XY, add(4)(p16), del(6)(q12q15), del(7)(q31q36), -8,
-11, add(13)(p11), -14, t(14;14)(q32;q11), add(16)
(q22q24), -18, -20, -21, +3mar
85% CD8
44XY,i(8)(q10),add(9)(q23),-11,-14,-22,+f
97% CD4
CGH: loss(8p23;9p12p13;17q25;22q12); gain
(5p15;14q32)
NA CD4
NA
NA CD4
44XY,i(8)(q10),add(10)(q24),-11,del(14)(q12),?i(21)
(q10),der(22)t(13;22)(p10;q10),(cp2)
63% CD4
43,X,del(X)(q25),t(1;3)(p33;q13),del(4)(p13p15),t
(14;14)(q32;q11),-20,-22, add(22)(q13)
67% CD4
CGH: loss(17q25); gain(8p23;9p13;17p13;22q12-13;
Xq28)
72% CD4
NA
NA CD4
CGH: loss(13q21); gain(9p13)
NA CD4
CGH: loss(6p24;èq35;10q23;11p14;12p13); gain
(5p15;6p22;7q21)
61% CD4
46,XY,t(14;14)(q12;q32)(1)/43-45,XY,t(8;8)(p21;q11),
der(10), der(11), t(14;14)(q12;q32),-18,-21,+mar1,
+mar2(14)
NA CD4
CGH: loss(10p12;17p13;17q25;20p12;20q13;22q12)
87% CD4+CD8+ NA
95% CD4+CD8+ CGH: loss(13q21;18p11)
94% CD4
inv(14)
83% CD4
inv(14), ampli(8q), MYC gain
29% CD4
14q11 rearrangement, TP53 del, MYC ampliﬁcation
87% CD4
t(X;14),del(11q)
85% CD4
t(14;14)(q11;q32)
74% CD4
inv(14)

Yes
No
No
Yes
NA
No
Yes
No
Yes
NA
No
Yes
Yes
No

No
No
No
Yes
No
No
Yes
Yes
No
Yes
Yes
No
Yes
Yes

RNAseq
RNAseq
RNAseq
RNAseq
Microarray
Microarray
Microarray
Microarray
Microarray
Microarray
Microarray
Microarray
Microarray
Microarray

No
NA
Yes
Yes

Yes
No
Yes
No

Microarray
Microarray

Yes
Yes

No
Yes

No
NA

No
Yes

No
Yes

Yes
Yes

Yes

Yes

No

Yes

Yes
Yes
Yes

Yes
Yes
Yes

NA

Yes

NA
Yes
Yes
No
No
No
No
No
Yes

Yes
Yes
No
No
No
No
Yes
Yes
Yes

Abbreviations: add, additional material of unknown origin; del, deletion; der, derivative; F, female; i, isochromosome; JAK, Janus-activated kinase; lymph,
lymphocytes; M, male; mar, marker chromosome; NA, not available; PB, peripheral blood; STAT, signal transducer and activator of transcription factor;
t, translocation; WBC, white blood cell.

FC), which is normally involved in the transmission of inhibitory
signals to T-cells.
Good reproducibility and high sensitivity of the ex vivo DSRT assay
DSRT assays were performed from all patients from whom live
cells were available (n = 39, Table 1, Supplementary Figure 1A). To
conﬁrm the reproducibility of the DSRT assay, blood samples from
the same patient were screened twice (4 months apart) and the
resulting DSSs were correlated (Pearson r = 0.93, Supplementary
Leukemia (2018) 774 – 787

Figure 1D). In addition, we compared the DSS values of a fresh
sample to a viably frozen sample from the same patient to rule out
related technical bias. Good correlation was found between those
sample types (r = 0.91, Supplementary Figure 1E).
To additionally assess the performance of the drug-screening
platform, we exchanged six samples with another laboratory (see
Methods section) for beta-testing to compare results between two
independent drug-screening systems. In this comparison, the
correlation of the censored IC50 values from the 30 overlapping
drugs was r = 0.75 (Supplementary Figure 1F). Overall, good ﬁts of
dose–response curves were seen for most drugs, although there
© 2018 Macmillan Publishers Limited, part of Springer Nature.
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Figure 1. JAK-STAT pathway mutations are common in T-PLL patients. (a) Targeted amplicon sequencing was performed on the mutation
hotspots in the genes JAK1, JAK3, STAT5B and IL2RG. DNA was extracted from T-PLL patient’s PB-MNC samples (n = 68) using the Nucleospin
Tissue Kit (Macherey-Nagel). Based on this, 71% of T-PLL patients harbor one or multiple mutations per case in the JAK-STAT pathway genes.
Individual patient mutation data can be found in Supplementary Table S3. (b) Linear 2D model of JAK1, JAK3 and STAT5B with the positions of
the mutations detected with targeted amplicon sequencing. (c) Genetic proﬁle of patients in the drug screening cohort (n = 39), including the
status of genomic TCL1A translocation and ATM deletion. TCL1A inversions/translocations, ATM deletions and recurrent chromosomal
aberrations were detected by routine cytogenetics (G-banding and ﬂuorescence in situ hybridization techniques). For the purpose of
comparison with the drug screening data, only JAK-STAT mutations 410% VAF were included in the analysis. Clinical characteristics of patients
is provided in Table 1. NA: not available

© 2018 Macmillan Publishers Limited, part of Springer Nature.

Leukemia (2018) 774 – 787

Novel drug sensitivities in T-PLL
EI Andersson et al

778
were notable exceptions (for example, bortezomib), which may be
due to divergent culture conditions, drug concentrations within
particular dose range or experimental setups of the read-outs.24,25
Clustering of drug sensitivity proﬁles reveals selective sensitivities
in T-PLL
By calculating the mean of the DSS values for all T-PLL patients
screened and comparing them with the mean of the healthy
controls, we ranked the drugs by their leukemia-speciﬁc effect on
T-PLL samples. The drug with the highest mean sDSS was the

cyclin-dependent kinase (CDK) inhibitor SNS-032, followed by the
p53 reactivator Prima-1 Met and the BCL-family inhibitors
navitoclax and venetoclax (Figure 2a). The efﬁcacy of SNS-032
was particularly T-PLL speciﬁc, based on the comparisons of DSS
values from acute myeloid leukemia and T-acute lymphoblastic
leukemia patient samples and healthy-donor-derived control
samples (Figure 2b). Other CDK inhibitors such as dinaciclib,
alvocidib and palbociclib were not as effective (Supplementary
Figures 2A and B). In addition to the p53 reactivator Prima-1 Met
(Figure 2b), the p53 derepressors serdemetan and nutlin-3, both
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Figure 2. CDK inhibitor SNS-032 and p53 reactivators show high efﬁcacy in T-PLL. (a) Top 50 most effective drugs for T-PLL patients (n = 39)
based on the mean of sDSSs, where the DSSs have been compared with DSS from four healthy subjects. Drugs with mean sDSS values 45 are
considered selective to the cell samples tested. Ex vivo DSRT was performed on either fresh or frozen MNC samples (480% leukemic cells)
from T-PLL patients. The drug screening library included 301 substances consisting of conventional chemotherapeutics and a broad range of
targeted oncology compounds. DSS is an integrative and robust drug response metric based on the normalized area under the curve, which
takes into account all four curve ﬁtting parameters in the logistic model (details in the online Supplementary Materials and Methods).
(b) Comparison between DSSs of speciﬁc drugs for T-PLL, acute myeloid leukemia (AML), T-cell acute lymphoblastic leukemia (T-ALL) patient
samples and healthy controls. BM: bone marrow; PB: peripheral blood.
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Figure 3. Drug sensitivity clustering highlights sensitive and resistant T-PLL subgroups. (a) Clustering of 10% of compounds with highest sDSS
value variance across samples revealed sensitive and resistant subgroups in T-PLL. The clustering was generated using the heatmap.2 function
of the ‘gplots’ package in the R statistical package (hierarchical clustering with complete linkage method). NA: not available. (b) Ruxolitinib
response and the identiﬁed markers of sensitivity. The top plot shows the sDSS, while the mid-section lists the genes and the different
subtypes of mutations identiﬁed in the cells. The bottom section shows the optimal combination of mutations for explaining the drug
sensitivity, identiﬁed by the rule-based mutation selection (RBMS) method. The best combinations are identiﬁed using a penalized score that
quantiﬁes how well mutation proﬁles over the patient samples associate with the drug sensitivity proﬁles. In these analyses, only JAK-STAT
mutations with a VAF410% were considered as mutation positive. The RBMS score is computed as normalized sum over sDSSs of the
mutated samples, with negative sDSS values being strongly penalized. High RBMS score identiﬁes the rules that best explain the observed
sensitivity patterns (score values range from 0 to 1, and ideal correlation equals score 1.0).
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inhibiting MDM2, the key negative regulator of p53, were
highly potent in T-PLL with almost no killing of healthy donor
cells.
Clustering of the compounds with the highest sDSS variance
showed division of the patient samples into sensitive and resistant
patient subgroups (Figure 3a). Notably, the two patient subgroups
showed no signiﬁcant differences in age, leukocyte count,
lymphocyte percentage, treatment or genetic status (JAK-STAT
mutations or TCL1A activation by translocations). For example,
phosphoinositide-3 kinase (PI3K)/AKT/mTOR (mammalian target of
rapamycin) inhibitor sensitivity did not show correlation with the
TCL1A-activating translocation status.
We also performed a drug–drug correlation of the DSSs across
all the T-PLL patients to highlight effective drug groups. As seen in
the heatmap in Supplementary Figure 3, PI3K/AKT/mTOR inhibitors, heat-shock protein 90, histone deacetylase (HDAC) inhibitors,
p53 reactivators, BCL2 inhibitors and purine nucleoside analogs
stood out as the most effective classes of agents.

The highly activating STAT5BN642H mutation is associated with
resistance to ruxolitinib
A closer inspection of the JAK inhibitors ruxolitinib (JAK1/2) and
tofacitinib (JAK1/3) showed that patient samples were on average
more sensitive to ruxolitinib (Supplementary Figure 4). To better
understand the underlying pathway dependencies, the rule-based
mutation selection algorithm (Supplementary Materials and
Methods) was applied to identify the optimal combination of
genetic aberrations that would best predict sensitivity toward
ruxolitinib. In these analyses, JAK-STAT mutations that had a
VAF410% were considered. Figure 3b highlights the subgroups
stratiﬁed by the gene-speciﬁc mutations (JAK3*, JAK1* and
STAT5B*) that were selected by rule-based mutation selection.
The STAT5B* group was deﬁned by three different types of
mutations, namely, T628S, Y665F and N642H. Among these,
T628S and Y665F were associated with sensitivity, whereas
N642H strongly predicted resistance. In the second step, we
identiﬁed the highest scoring combinations of mutations across
our analyzed genes. JAK3*, JAK1* and STAT5B* best explained
sensitivity but did not include STAT5BN642H (Figure 3b). Lesions in
IL2RG, TCL1A or ATM did not contribute to predicting ruxolitinib
responses.

Upregulation and addictive association of cell cycle regulatory
pathways in T-PLL
To elucidate the pathways that are active in T-PLL and to quantify
the functional sensitivity of the samples to therapeutic targets, a
target addiction score (TAS) was calculated for 12 samples for which
drug response and microarray gene expression data were available.
The TAS algorithm integrates the DSS proﬁles with global
compound–target interaction networks to estimate the level of
addiction of each patient sample to the on- and off-targets of the
compounds in the screening library. The analysis revealed 145 genes
the T-PLL cells were addicted to (Supplementary Figure 5A), of
which those related to histone deacetylation and cell cycle
regulation were highlighted (Figure 4a). The TAS and differential
gene expression levels were further mapped to oncogenic
signatures (Supplementary Figure 5B) and canonical pathways in
Biocarta
(Figure
4a).
In two
patients, the
retinoblastoma (RB) pathway, related to checkpoint signaling in response
to DNA damage, was upregulated when compared with healthy
controls. In the RB pathway, the ATM protein kinase normally detects
DNA damage and in response activates DNA repair factors and
inhibits cell cycle progression. In T-PLL, ATM is frequently
dysfunctional, leading to progression to S phase despite defects in
the genome. Drug classes such as p53 reactivators, CDK inhibitors
and HDAC inhibitors are able to affect this pathway (Figure 4b).
Individualized network analysis reveals potential mechanisms of
drug efﬁcacy
To understand in more detail the relationship between drug
responses and the molecular background at the individual patient
level, we performed an integrated network analyses on two
patients for which drug screening, exome and RNA sequencing
data were available. Both patients harbored TCL1A-activating
translocations and deletions in 11q. One of the patients harbored
a STAT5B (P702S) mutation in parallel to an IL2RG mutation
(patient 1508), which was associated with overexpression of genes
of the IL2RG–JAK2–STAT5B axis (Figure 4c). This suggested that
activation of the JAK-STAT pathway seemed to antagonize the
effects of ruxolitinib. However, the cells showed greater sensitivity
to the CDK inhibitor SNS-032. Moreover, the patient’s cells
harbored a mutation in CTNNB1 (β-catenin), which is downstream
of the SNS-032 target CDKL5. Activated β-catenin is known to
induce T-cell transformation by promoting genomic instability.26
Tumor cells of the other index patient 1263 had no somatic

Figure 4. Upregulation and addictive association of cell cycle regulatory pathways in T-PLL. (a) TAS were calculated for 12 samples for which
drug response and microarray gene expression (GE) data was available. The ﬁgure presents heatmaps of TASs and differential GE patterns, as
well as Biocarta canonical pathways mapping the TAS and differential GE values. TAS is computed as the average of drug responses over all
the inhibitors for a given target, based on a kinase inhibitor bioactivity (KIBA) score. The pathway and gene set enrichment analysis was
performed for 614 target genes in TAS and microarray expression using GSEA package. The signiﬁcant pathways and gene sets with FDR qvalueo0.2 were ﬁltered. (b) Cell cycle regulation pathway overlaid with RNA sequencing data from four T-PLL patients compared with two
healthy controls (CD4+). Cell cycle checkpoint control at the G1-to-S transition prevents the cell from progressing through the division cycle
when DNA is damaged. In response to DNA damage, ATM phosphorylates the tumor-suppressor p53. In turn, the tumor-suppressor p53
interacts with p21 to block the activity of CDK2 preventing passage from the G1 to the S phase and thereby inheritance of harmful of
damaged DNA through unrestricted replication. One of the targets of CDK2 is the gene product retinoblastoma (RB), another tumor
suppressor. When dephosphorylated, RB interacts with E2F transcription factors and prevents transcription of genes required for progression
through the cell cycle. When phosphorylated by cell-cycle-dependent kinases such as CDK2 and CDK4, RB no longer interacts with E2F and
the cell cycle proceeds through the G1-to-S checkpoint. (c) Individual-level networks based on DSRT, RNA and whole-exome sequencing data.
To connect the drug targets to the genomic and molecular changes, a comprehensive human signaling network was compiled from two
large-scale studies48,49 with manual curation (6295 proteins and 79077 interactions). Next, a patient-speciﬁc compound-target network was
generated by mapping the protein targets of the selected drugs of interest into the signaling network. The shape of the nodes represents
different types of proteins or drugs in the network. For the protein nodes, the colors of the nodes indicate the gene expression level. For the
drug nodes, the colors indicate the DSS. Patient 1508 had a STAT5B (P702S) and an IL2RG (K315E) point mutation. Patient 1263 presented with
a K2413Q mutation in ATM, which increases the expression of the gene. No mutations activating the JAK-STAT pathway were observed in this
patient.
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JAK-STAT mutations but mutations in ATM and EGF (Figure 4c). EGF
normally downregulates ATM but has been shown to be defective
in ataxia-telangiectasia cells where ATM is mutated.27 In this case,
patient cells were sensitive to HDAC inhibitors.

1508
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The CDK inhibitor SNS-032 is highly active in malignant T-cells
Across all cases, SNS-032 stood out as the most effective
compound (Figure 2a), which implicates an undescribed pathway
dependence common to most T-PLL. It inhibits CDKs, particularly
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Figure 5. SNS-032 is highly active in primary T-PLL cells in vitro.
(a) Dose–response curves: relative numbers of living T-PLL cells in
suspension cultures; 48 h treatment. Concentration-related selective
sensitivity of T-PLL cells toward SNS-032 in the nanomolar range
(LD50 = 0.19 μM). Healthy donor PB-MNCs (LD50 = 0.88 μM) and
normal CD3+ T-cells (LD50 = 0.47 μM) were less sensitive toward
SNS-032 treatment. P-values for the drug response curves were
calculated with one-way ANOVA and for the LD50s of T-PLL, CD3+
T-cells and PBMCs with unpaired t-test. (b) Primary T-PLL cells (n = 5
cases) as suspension cultures or as co-cultures with the human bone
marrow stromal cell line NKtert were exposed to increasing
concentrations of SNS-032 (0.01–10 co-cultures with the human bone
marrow stromal cell Annexin V/7-aminoactinomycin D (AnnV/7AAD)
staining (means, s.e.m.). SNS-032 overcame the stroma-mediated
protective effect. No effect on the NKtert cell viability was observed
***P o 0.001. (c) CDK inhibition via SNS-032 induces activation of
phospho-P53 (p-p53Ser15), downregulation of antiapoptotic MCL1
and apoptosis (cleaved PARP) after 24 h incubation (immunoblot).

2, -7, and -9, preventing RNA-polymerase II and oncogene
transcription.28 To study the effects of SNS-032 in more detail,
we isolated primary T-PLL cells from 10 patients alongside with
peripheral blood (PB)-MNCs and CD3+ enriched T-cells from 5
healthy donors. Cells were treated for 48 h in vitro with increasing
drug concentrations. SNS-032 selectively and profoundly induced
apoptosis in T-PLL suspension cultures (LD50 = 0.19 μM; Figure 5a).
Healthy donor PB-MNCs (LD50 = 0.88 μM) and normal T-cells
(LD50 = 0.47 μM) were less sensitive toward SNS-032 treatment
(LD50 T-PLL vs LD50 PBMC: P = 0.036; LD50 T-PLL vs LD50 CD3+
T-cells: P = 0.0026). SNS-032 also overcame the protection by
NKtert bone marrow stromal cells in co-cultures (Figure 5b). NKtert
feeder cells themselves were only minimally affected even by high
dosages of SNS-032 (Supplementary Figure 6A), suggesting that
Leukemia (2018) 774 – 787

the antileukemic SNS-032 effect was of direct nature. SNS-032 also
elicited an apoptotic phospho-p53 response in primary T-PLL cells
(Figure 5c). Further, dowregulation of antiapoptotic MCL-1 was
observed together with the cleaved poly ADP-ribose polymerase
as a marker of apoptosis (Figure 5c).
As SNS-032 has previously been described to be of particularly
high efﬁcacy in MYC-dependent tumors,29,30 and because T-PLL
patients have frequent chromosome 8q24 ampliﬁcations (cMYC
locus region),14,15 we wanted to investigate whether there is an
association of MYC levels and SNS-032 sensitivity in T-PLL.
Fittingly, SNS-032 was more effective in T-PLL cases with high
MYC levels, and higher LD50s were observed in patient samples
with lower MYC protein levels (Supplementary Figures 6B and C,
Supplementary Table S5).
To elucidate the effect of SNS-032 on the pivotal growthregulating receptor in T-cells and T-cell lymphomas,31 namely, the
T-cell receptor (TCR), Jurkat T-cells containing an nuclear factor of
activated T cell (NFAT)-coupled luciferase reporter were treated
with SNS-032 in the presence of TCR crosslinking by anti-CD3 and
anti-CD28 antibodies. A signiﬁcant reduction (45%) of TCRmediated NFAT-activation was achieved in the presence of
0.01 μM SNS-032, and 100% suppression was reached with 0.1 μM
(Figure 6a). According to our gene expression data, the TCR
signaling pathway appears activated in T-PLL as indicated by the
overexpression of PI3K, MEKK1, RAS and NFAT, which is likely
further enhanced by the downregulation of CTLA4-mediated
inhibitory signals (Figure 6b). CD4+TCRα/β+ HuT78 T-lymphoma
cells were also potently affected by SNS-032 treatment and
showed an LD50 in the low micromolar range (Supplementary
Figures 6D and E).
Assessment of in vitro data of ﬂudarabine- and idelalisib-treated
patients
Fludarabine is a commonly used chemotherapeutic in T-PLL with
variable success rates. In our cohort, six patients received
ﬂudarabine (F), either alone or in combination with cyclophosphamide (C) and mitoxantrone (M) or alemtuzumab (A)
(Figure 7a). The correlation between clinical and ex vivo drug
responses was high in 5/6 patients; patient PO750 being an
exception with a complete clinical response but a low ex vivo
response (DSS of only 0.8). Patient p1392 showed the highest
ﬂudarabine ex vivo response (DSS = 25.2) and was initially treated
with FMC-A in 2007, which led to a complete remission. Later in
2014, the patient was treated with the PI3K inhibitor idelalisib,
which moderately reduced white blood cell counts (Figure 7b).
Accordingly, in the ex vivo screening, idelalisib had only a modest
effect in the DSRT analysis (DSS = 8.8, IC504500 nM), but cells
were sensitive to ﬂudarabine (Figure 7b).
DISCUSSION
There is an urgent need for more targeted therapies for T-PLL
patients, but clinical trials are difﬁcult to conduct in the light of
low incidence of this disease. In an effort to ﬁnd novel therapeutic
drugs for T-PLL and to correlate their efﬁcacy with the commonly
occurring genetic alterations, we used a high-throughput ex vivo
drug screening platform together with mutational and gene
expression proﬁling in a large collection of T-PLL patient samples.
With deep amplicon sequencing, we discovered that the
majority of T-PLL patients (71%; 48/68) have recurrent nonsynonymous mutations in the JAK-STAT pathway genes. Singlegene mutations affected JAK3 (29%), STAT5B (7%), JAK1 (6%) and
IL2RG (2%). This is in accordance with previous ﬁndings8,13,18,32:
Kiel et al.13 reported a 76% JAK-STAT mutation frequency (38/50),
whereas Bellanger et al.18 screened only for JAK1 and JAK3
mutations and found those in 49% cases (59% (40/68) in our
collection). In agreement with these reports, we detected the JAK1
© 2018 Macmillan Publishers Limited, part of Springer Nature.
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Figure 6. SNS-032 inhibits TCR activation at low concentrations. (a) To study the drug effects on the TCR activation, Jurkat T-cells containing
the NFAT transcription factor luciferase reporter were incubated with the indicated concentrations of SNS-032 on a 384-well plate for 5 h in
the presence of puriﬁed anti-CD3 and anti-CD28 crosslinking antibodies to mimic TCR stimulation. Luminescence reads were normalized to
those from wells with dimethyl sulfoxide (negative control) and BzCl (positive control) to generate the percentage of activity values. Viability
after 5 h of SNS-032 exposure was 100%. (b) TCR signaling pathway from the Ingenuity Pathway Analysis software overlaid with gene
expression data from RNA sequencing of four PLL patient samples and two CD4+ healthy control samples. Red color signiﬁes overexpression
in PLL patients compared with the control and green color indicates downregulation compared with the control.

and JAK3 mutations in the kinase and pseudokinase domains
while the STAT5B mutations clustered in the SH2 domain. The
analysis of VAFs in patients who had multiple JAK-STAT pathway
mutations enabled the characterization of subclonal mutations. In
some cases, multiple JAK or STAT mutations with high VAFs
(440%) occurred in the same individual together with a small
© 2018 Macmillan Publishers Limited, part of Springer Nature.

frequency subclonal mutations, but more commonly, only one
mutation with high VAF was observed with one or more subclonal
mutations. As reported,33 we also observed that clonal JAK3 and
STAT5B mutations with high VAFs were mutually exclusive,
but they can co-occur in the same individual as subclonal
mutations.
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Figure 7. Assessment of in vitro data of ﬂudarabine- and idelalisib-treated patients. (a) Fludarabine responses in the ex vivo drug screening
cohort and clinical response of six patients treated with ﬂudarabine combinations. FMC-A: ﬂudarabine, mitoxantrone, cyclophosphamide, and
alemtuzumab; FC: ﬂudarabine and cyclophosphamide, CR: complete response, SD: stable disease, PD: progressive disease, PR: partial
response. (b) White blood cell counts of patient p1392 during idelalisib treatment and low sensitivity to idelalisib in the ex vivo drug screening
(sample date October 2014). Fludarabine showed good ex vivo efﬁcacy and the patient also later responded to ﬂudarabine–alemtuzumab
(FluCam) combination treatment.
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Gene expression proﬁling by RNA sequencing indicated that
there is a signiﬁcant redundancy of overexpression of several
STAT5B target genes. Furthermore, DUSP4 was downregulated by
approximately ﬁvefold. It has been shown that DUSP4 deﬁciency
induces STAT5 hyperactivation and by that enhances interleukin-2
signaling and CD4+ T-cell proliferation in mice.34,35 These data
further suggest an increased activation state of the JAK-STAT
pathway in T-PLL, although by a variety of means. However, the
ex vivo sensitivity of patient samples to JAK inhibitors was not
unequivocally predictable by speciﬁc mutations in the JAK-STAT
pathway. Only the highly activating STAT5BN642H variant was
associated with resistance to the JAK1/3 inhibitor ruxolitinib.
Theoretically, this could be due to an increased stability of the
N642H mutant homodimer compared with wild-type STAT5B (25fold higher binding afﬁnity36), resulting in an activation that
cannot be overcome by current inhibitors.
In our analysis, overall clustering of drug sensitivity values
revealed two major subgroups of sensitive and resistant patients.
Clinical variables (such as age, tumor burden, treatment or genetic
status) did not vary between the clusters. Surprisingly, despite the
activation of TCL1A (an established AKT co-activator2,37) in the
majority of cases, only a minor subset of T-PLL patients responded
to PI3K/AKT/mTOR inhibitors. This might be due to a rather
initiating role of TCL1A in T-PLL or its predominant effect in the
context of ongoing TCR activation or other relevant TCL1downstream targets. Fittingly, one patient in our cohort was
treated with the PI3K inhibitor idelalisib, and he had only a limited
clinical and ex vivo response (Figure 7b).
Another key ﬁnding was the uniform sensitivity and speciﬁcity
of T-PLL cases toward the CDK2/7/9 inhibitor SNS-032. SNS-032
selectively and profoundly induced apoptosis and p53 activation
in T-PLL cells and overcame protection by stromal cells. The LD50
of 0.19 μM for T-PLL cells lies at the bottom of the reported dose
range (176–754 nM) of clinical activity of SNS-032.38 SNS-032 has
been tested in phase-I trials for chronic lymphocytic leukemia and
multiple myeloma.39,40 In chronic lymphocytic leukemia, the drug
effectively killed leukemia cells in vitro regardless of prognostic
indicators and treatment history.28 In our set of T-PLL, no other
CDK inhibitors were as effective, indicating not only that the axis
of CDK/RNA-polymerase II/oncogene transcription is an exploitable new drug target in T-PLL but that CDK7 is rather SNS-032
speciﬁc as compared with the other CDK-active agents of this
panel (Supplementary Figure 2B). Accordingly, CDK7 was one of
the prominent genes in the TAS analysis, implicating a strong
pathway addiction of T-PLL. These data are intriguing as they
indicate cell cycle dysregulation as a thus far underappreciated
central feature of T-PLL cells and implicate a uniform vulnerability.
The analysis of microarray expression data combined with ex vivo
drug response data revealed the cell cycle regulating RB pathway
to be upregulated in some of the patients. SNS-032 at low
concentrations (0.01 μM) also inhibited the activity of NFAT, a
central transcription factor and effector molecule of TCR signaling
and T-cell activation. This ﬁts well with our previous data showing
that T-PLL cells usually express functional TCRs and that TCL1A
enhances TCR signaling mediating a hyper-responsive and
proliferative phenotype.2
A prominent group of compounds with a striking ex vivo effect
in T-PLL samples were the p53 reactivator Prima-1 Met and the
MDM2 inhibitors serdemetan and nutlin-3. Previously, TP53
mutations have been found in 14% of cases categorized as
T-PLL.8 Additionally, overexpression and accumulation of wildtype p53 is common in T-PLL,41 which we also found in our
expression data (Supplementary Figure 7). The efﬁcacy of the p53
activators implicates a new actionable pathway where these
compounds already as single substances may act as an on-switch
for the accumulated p53 to induce tumor cell-speciﬁc apoptosis.
HDAC inhibitors also showed remarkable efﬁcacy in the majority
of PLL samples (29/39 patients with DSS420). Several HDAC
© 2018 Macmillan Publishers Limited, part of Springer Nature.

inhibitors are Food and Drug Administration approved for the
treatment of cutaneous and nodal peripheral T-cell lymphoma.
Recently, it was shown that treating relapsed or refractory T-PLL
patients with a combination of cladribine and an HDAC inhibitor
resensitizes patients to alemtuzumab and results in better clinical
outcome.42 Furthermore, mutations in genes encoding the
epigenetic regulators EZH2, TET2 and BCOR have been found in
a sizable number of T-PLL patients.33 In our expression data,
HDAC2 and HDAC4 transcripts were upregulated by twofold
compared with healthy CD4+ cells.
Another prominent class of substances characterized by a high
efﬁcacy were the BCL2 inhibitors navitoclax and venetoclax. This is
noteworthy given the tremendous recent success of these agents in
B-cell tumors. Moreover, there seems to be a highly attractive pattern of
synergy of CDK7 inhibition, diminished STAT target gene transcription
and sensitization to BCL2 antagonists in T-cell leukemias/lymphomas.43
In conclusion, ex vivo drug testing of primary patient cells has
the potential to provide novel personalized drug candidates for
T-PLL. We acknowledge that the ex vivo observations are not to be
extrapolated uncritically into clinical efﬁcacy and that certain
pharmacokinetic effects may act differently in the genuine
leukemic environment (including site-speciﬁc differences, for
example, PB vs bone marrow). However, a similar compound
screening strategy has already proven successful in BCR-ABLdriven leukemia, where axitinib was found to be effective in
samples harboring the resistance-causing T315I mutation.44 Thus
further clinical testing in T-PLL with most promising compounds is
highly warranted. This requires a solid preclinical pipeline in the
systematic selection of candidates, for example, through the highﬁdelity murine models of T-PLL11,12 or of mature T-cell tumors
with deﬁning targets, such as JAK/STAT45 activation or others.46,47
Subsequent clinical trials should be conceptualized as multicenter
efforts to overcome the impediments by the rarity of the disease.
CONFLICT OF INTEREST
Labcyte, Inc. and FIMM/University of Helsinki have a collaboration agreement on the
utilization of Labcyte’s acoustic dispensing technologies. CC-M is an employee of
IMMED.S.L. SM has received honoraria and research funding from Novartis, Pﬁzer and
Bristol-Myers Squibb (not related to this study). KW has received honoraria and
research funding from Novartis and Pﬁzer (not related to this study). The other
authors declare no conﬂict of interest.

ACKNOWLEDGEMENTS
This work was supported by the Academy of Finland, the Finnish Cancer Societies,
Finnish Cancer Institute, Instrumentarium Science Foundation, Biomedicum Helsinki
Foundation, Sigrid Juselius Foundation, European Regional Development Fund, Signe
and Ane Gyllenberg Foundation, Swedish Cultural Foundation, Blood Disease
Foundation the Finnish Cultural Foundation. MH and AS were supported by the
DFG Research Unit FOR1961 (CONTROL-T; HE3553/4-2), by the Köln Fortune program
by the Fritz Thyssen Foundation (10.15.2.034MN) and by the José Carreras Leukemia
Foundation (DJCLS 03F/2016). TA and JT were supported by European Union’s
Horizon 2020 research and innovation program (grant Agreement No. 634143,
MedBioinformatics). MO, WH and TZ were supported by the European Commission’s
Horizon 2020 Project SOUND. We thank Professor Kimmo Porkka and Dr Caroline
Heckman for their scientiﬁc input; Dr Esa Jantunen, Dr Marja Pyörälä, Dr Marjut
Kauppila, Dr Maija Itälä-Remes and Dr Veli Kairisto for providing patient information
and the personnel at the Hematology Research Unit Helsinki and FIMM for their
expert clinical and technical assistance.

AUTHOR CONTRIBUTIONS
EIA and SM designed the study, coordinated the project, analyzed the data and
wrote the paper. EIA and SL performed sequence analysis and validated
mutations. EIA, SP, OD, TP and PP designed and performed the functional
experiments. BY, SAK, LH, SE, GC, MO and JPM designed and performed the
bioinformatics analysis. LS, AS, SP, HZ, DB, AL, KT, CC-M, EF, SK, ERS, TS and TB
provided patient samples and participated in the laboratory studies. SA, PE, OK,
WD, M-HS, WH, KW, JT, TA, TZ and MH participated in the study design, data

Leukemia (2018) 774 – 787

Novel drug sensitivities in T-PLL
EI Andersson et al

786
analysis and contributed to write the paper. All authors read and approved the
ﬁnal manuscript.

REFERENCES
1 Herling M, Khoury JD, Washington LT, Duvic M, Keating MJ, Jones D. A systematic
approach to diagnosis of mature T-cell leukemias reveals heterogeneity among
WHO categories. Blood 2004; 104: 328–335.
2 Herling M, Patel KA, Teitell MA, Konopleva M, Ravandi F, Kobayashi R et al. High
TCL1 expression and intact T-cell receptor signaling deﬁne a hyperproliferative
subset of T-cell prolymphocytic leukemia. Blood 2008; 111: 328–337.
3 Dearden C. How I treat prolymphocytic leukemia. Blood 2012; 120: 538–551.
4 Hopﬁnger G, Busch R, Pﬂug N, Weit N, Westermann A, Fink AM et al. Sequential
chemoimmunotherapy of ﬂudarabine, mitoxantrone, and cyclophosphamide
induction followed by alemtuzumab consolidation is effective in T-cell prolymphocytic leukemia. Cancer 2013; 119: 2258–2267.
5 Krishnan B, Else M, Tjonnfjord GE, Cazin B, Carney D, Carter J et al. Stem cell
transplantation after alemtuzumab in T-cell prolymphocytic leukaemia results in
longer survival than after alemtuzumab alone: a multicentre retrospective study.
Br J Haematol 2010; 149: 907–910.
6 Herling M. Are we improving the outcome for patients with T-cell prolymphocytic
leukemia by allogeneic stem cell transplantation? Eur J Haematol 2015; 94: 191–192.
7 Wiktor-Jedrzejczak W, Dearden C, de Wreede L, van Biezen A, Brinch L, Leblond V
et al. Hematopoietic stem cell transplantation in T-prolymphocytic leukemia: a
retrospective study from the European Group for Blood and Marrow Transplantation and the Royal Marsden Consortium. Leukemia 2012; 26: 972–976.
8 Stengel A, Kern W, Zenger M, Perglerova K, Schnittger S, Haferlach T et al. Genetic
characterization of T-PLL reveals two major biologic subgroups and JAK3 mutations as prognostic marker. Genes Chromosomes Cancer 2016; 55: 82–94.
9 Yokohama A, Saitoh A, Nakahashi H, Mitsui T, Koiso H, Kim Y et al. TCL1A gene
involvement in T-cell prolymphocytic leukemia in Japanese patients. Int J Hematol
2012; 95: 77–85.
10 Stern MH, Soulier J, Rosenzwajg M, Nakahara K, Canki-Klain N, Aurias A et al. MTCP-1:
a novel gene on the human chromosome Xq28 translocated to the T cell receptor
alpha/delta locus in mature T cell proliferations. Oncogene 1993; 8: 2475–2483.
11 Virgilio L, Lazzeri C, Bichi R, Nibu K, Narducci MG, Russo G et al. Deregulated expression
of TCL1 causes T cell leukemia in mice. Proc Natl Acad Sci USA 1998; 95: 3885–3889.
12 Gritti C, Dastot H, Soulier J, Janin A, Daniel MT, Madani A et al. Transgenic mice for
MTCP1 develop T-cell prolymphocytic leukemia. Blood 1998; 92: 368–373.
13 Kiel MJ, Velusamy T, Rolland D, Sahasrabuddhe AA, Chung F, Bailey NG et al.
Integrated genomic sequencing reveals mutational landscape of T-cell prolymphocytic leukemia. Blood 2014; 124: 1460–1472.
14 Hu Z, Medeiros LJ, Fang L, Sun Y, Tang Z, Tang G et al. Prognostic signiﬁcance of
cytogenetic abnormalities in T-cell prolymphocytic leukemia. Am J Hematol 2017;
92: 441–447.
15 Delgado P, Starshak P, Rao N, Tirado CA. A comprehensive update on molecular
and cytogenetic abnormalities in T-cell prolymphocytic leukemia (T-PLL). J Assoc
Genet Technol 2012; 38: 193–198.
16 Durig J, Bug S, Klein-Hitpass L, Boes T, Jons T, Martin-Subero JI et al. Combined
single nucleotide polymorphism-based genomic mapping and global gene
expression proﬁling identiﬁes novel chromosomal imbalances, mechanisms and
candidate genes important in the pathogenesis of T-cell prolymphocytic leukemia
with inv(14)(q11q32). Leukemia 2007; 21: 2153–2163.
17 Gaudio E, Spizzo R, Paduano F, Luo Z, Efanov A, Palamarchuk A et al. Tcl1 interacts
with Atm and enhances NF-kappaB activation in hematologic malignancies. Blood
2012; 119: 180–187.
18 Bellanger D, Jacquemin V, Chopin M, Pierron G, Bernard OA, Ghysdael J et al.
Recurrent JAK1 and JAK3 somatic mutations in T-cell prolymphocytic leukemia.
Leukemia 2014; 28: 417–419.
19 Pemovska T, Kontro M, Yadav B, Edgren H, Eldfors S, Szwajda A et al. Individualized systems medicine strategy to tailor treatments for patients with chemorefractory acute myeloid leukemia. Cancer Discov 2013; 3: 1416–1429.
20 Swerdlow SH, Campo E, Pileri SA, Harris NL, Stein H, Siebert R et al. The 2016
revision of the World Health Organization classiﬁcation of lymphoid neoplasms.
Blood 2016; 127: 2375–2390.
21 Koskela HL, Eldfors S, Ellonen P, van Adrichem AJ, Kuusanmaki H, Andersson EI
et al. Somatic STAT3 mutations in large granular lymphocytic leukemia. N Engl J
Med 2012; 366: 1905–1913.
22 Edgren H, Murumagi A, Kangaspeska S, Nicorici D, Hongisto V, Kleivi K et al.
Identiﬁcation of fusion genes in breast cancer by paired-end RNA-sequencing.
Genome Biol 2011; 12: R6.
23 Maljaie SH, Brito-Babapulle V, Matutes E, Hiorns LR, De Schouwer PJ, Catovsky D.
Expression of c-myc oncoprotein in chronic T cell leukemias. Leukemia 1995; 9:
1694–1699.

Leukemia (2018) 774 – 787

24 Haibe-Kains B, El-Hachem N, Birkbak NJ, Jin AC, Beck AH, Aerts HJ et al. Inconsistency in large pharmacogenomic studies. Nature 2013; 504: 389–393.
25 Haverty PM, Lin E, Tan J, Yu Y, Lam B, Lianoglou S et al. Reproducible pharmacogenomic proﬁling of cancer cell line panels. Nature 2016; 533: 333–337.
26 Dose M, Emmanuel AO, Chaumeil J, Zhang J, Sun T, Germar K et al. beta-Catenin
induces T-cell transformation by promoting genomic instability. Proc Natl Acad Sci
USA 2014; 111: 391–396.
27 Keating KE, Gueven N, Watters D, Rodemann HP, Lavin MF. Transcriptional
downregulation of ATM by EGF is defective in ataxia-telangiectasia cells expressing mutant protein. Oncogene 2001; 20: 4281–4290.
28 Chen R, Wierda WG, Chubb S, Hawtin RE, Fox JA, Keating MJ et al. Mechanism of
action of SNS-032, a novel cyclin-dependent kinase inhibitor, in chronic lymphocytic leukemia. Blood 2009; 113: 4637–4645.
29 Li L, Pongtornpipat P, Tiutan T, Kendrick SL, Park S, Persky DO et al. Synergistic induction of apoptosis in high-risk DLBCL by BCL2 inhibition with
ABT-199 combined with pharmacologic loss of MCL1. Leukemia 2015; 29: 1702–1712.
30 Huang CH, Lujambio A, Zuber J, Tschaharganeh DF, Doran MG, Evans MJ et al.
CDK9-mediated transcription elongation is required for MYC addiction in hepatocellular carcinoma. Genes Dev 2014; 28: 1800–1814.
31 Warner K, Weit N, Crispatzu G, Admirand J, Jones D, Herling M. T-cell receptor signaling in peripheral T-cell lymphoma - a review of patterns of alterations in a central growth regulatory pathway. Curr Hematol Malig Rep 2013; 8:
163–172.
32 Bergmann AK, Schneppenheim S, Seifert M, Betts MJ, Haake A, Lopez C et al.
Recurrent mutation of JAK3 in T-cell prolymphocytic leukemia. Genes Chromosomes Cancer 2014; 53: 309–316.
33 Lopez C, Bergmann AK, Paul U, Murga Penas EM, Nagel I, Betts MJ et al. Genes
encoding members of the JAK-STAT pathway or epigenetic regulators are recurrently
mutated in T-cell prolymphocytic leukaemia. Br J Haematol 2016; 173: 265–273.
34 Huang CY, Lin YC, Hsiao WY, Liao FH, Huang PY, Tan TH. DUSP4 deﬁciency
enhances CD25 expression and CD4+ T-cell proliferation without impeding T-cell
development. Eur J Immunol 2012; 42: 476–488.
35 Hsiao WY, Lin YC, Liao FH, Chan YC, Huang CY. Dual-speciﬁcity phosphatase 4
regulates STAT5 protein stability and helper T cell polarization. PLoS One 2015; 10:
e0145880.
36 Kucuk C, Jiang B, Hu X, Zhang W, Chan JK, Xiao W et al. Activating mutations of
STAT5B and STAT3 in lymphomas derived from gammadelta-T or NK cells. Nat
Commun 2015; 6: 6025.
37 Herling M, Patel KA, Weit N, Lilienthal N, Hallek M, Keating MJ et al. High TCL1
levels are a marker of B-cell receptor pathway responsiveness and adverse outcome in chronic lymphocytic leukemia. Blood 2009; 114: 4675–4686.
38 Heath EI, Bible K, Martell RE, Adelman DC, Lorusso PM. A phase 1 study of SNS-032
(formerly BMS-387032), a potent inhibitor of cyclin-dependent kinases 2, 7 and 9
administered as a single oral dose and weekly infusion in patients with metastatic
refractory solid tumors. Invest New Drugs 2008; 26: 59–65.
39 Le Toriellec E, Despouy G, Pierron G, Gaye N, Joiner M, Bellanger D et al. Haploinsufﬁciency of CDKN1B contributes to leukemogenesis in T-cell prolymphocytic
leukemia. Blood 2008; 111: 2321–2328.
40 Tong WG, Chen R, Plunkett W, Siegel D, Sinha R, Harvey RD et al. Phase I and
pharmacologic study of SNS-032, a potent and selective Cdk2, 7, and 9 inhibitor,
in patients with advanced chronic lymphocytic leukemia and multiple myeloma.
J Clin Oncol 2010; 28: 3015–3022.
41 Brito-Babapulle V, Hamoudi R, Matutes E, Watson S, Kaczmarek P, Maljaie H et al.
p53 allele deletion and protein accumulation occurs in the absence of p53 gene
mutation in T-prolymphocytic leukaemia and Sezary syndrome. Br J Haematol
2000; 110: 180–187.
42 Hasanali ZS, Saroya BS, Stuart A, Shimko S, Evans J, Vinod Shah M et al. Epigenetic
therapy overcomes treatment resistance in T cell prolymphocytic leukemia. Sci
Transl Med 2015; 7: 293ra102.
43 Cayrol F, Praditsuktavorn P, Fernando TM, Kwiatkowski N, Marullo R, Calvo-Vidal MN
et al. THZ1 targeting CDK7 suppresses STAT transcriptional activity and sensitizes
T-cell lymphomas to BCL2 inhibitors. Nat Commun 2017; 8: 14290.
44 Pemovska T, Johnson E, Kontro M, Repasky GA, Chen J, Wells P et al. Axitinib
effectively inhibits BCR-ABL1(T315I) with a distinct binding conformation. Nature
2015; 519: 102–105.
45 Heinrich T, Rengstl B, Muik A, Petkova M, Schmid F, Wistinghausen R et al. Mature
T-cell lymphomagenesis induced by retroviral insertional activation of Janus
kinase 1. Mol Ther 2013; 21: 1160–1168.
46 Spinner S, Crispatzu G, Yi JH, Munkhbaatar E, Mayer P, Hockendorf U et al. Reactivation of mitochondrial apoptosis inhibits T-cell lymphoma survival and
treatment resistance. Leukemia 2016; 30: 1520–1530.
47 Warner K, Crispatzu G, Al-Ghaili N, Weit N, Florou V, You MJ et al. Models for
mature T-cell lymphomas--a critical appraisal of experimental systems and their
contribution to current T-cell tumorigenic concepts. Crit Rev Oncol Hematol 2013; 88:
680–695.

© 2018 Macmillan Publishers Limited, part of Springer Nature.

Novel drug sensitivities in T-PLL
EI Andersson et al

787
48 Kirouac DC, Saez-Rodriguez J, Swantek J, Burke JM, Lauffenburger DA, Sorger PK.
Creating and analyzing pathway and protein interaction compendia for modelling signal transduction networks. BMC Syst Biol 2012; 6: 29.

49 Zaman N, Li L, Jaramillo ML, Sun Z, Tibiche C, Banville M et al. Signaling network
assessment of mutations and copy number variations predict breast cancer
subtype-speciﬁc drug targets. Cell Rep 2013; 5: 216–223.

Supplementary Information accompanies this paper on the Leukemia website (http://www.nature.com/leu)

© 2018 Macmillan Publishers Limited, part of Springer Nature.

Leukemia (2018) 774 – 787

Drug-perturbation-based stratification of blood
cancer
Sascha Dietrich, … , Wolfgang Huber, Thorsten Zenz
J Clin Invest. 2018;128(1):427-445. https://doi.org/10.1172/JCI93801.
Research Article

Hematology

Oncology

As new generations of targeted therapies emerge and tumor genome sequencing discovers
increasingly comprehensive mutation repertoires, the functional relationships of mutations
to tumor phenotypes remain largely unknown. Here, we measured ex vivo sensitivity of 246
blood cancers to 63 drugs alongside genome, transcriptome, and DNA methylome analysis
to understand determinants of drug response. We assembled a primary blood cancer cell
encyclopedia data set that revealed disease-specific sensitivities for each cancer. Within
chronic lymphocytic leukemia (CLL), responses to 62% of drugs were associated with 2 or
more mutations, and linked the B cell receptor (BCR) pathway to trisomy 12, an important
driver of CLL. Based on drug responses, the disease could be organized into phenotypic
subgroups characterized by exploitable dependencies on BCR, mTOR, or MEK signaling
and associated with mutations, gene expression, and DNA methylation. Fourteen percent of
CLLs were driven by mTOR signaling in a non–BCR-dependent manner. Multivariate
modeling revealed immunoglobulin heavy chain variable gene (IGHV) mutation status and
trisomy 12 as the most important modulators of response to kinase inhibitors in CLL. Ex vivo
drug responses were associated with outcome. This study overcomes the perception that
most mutations do not influence drug response of cancer, and points to an updated
approach to understanding tumor biology, with implications for biomarker discovery and
cancer care.

Find the latest version:
http://jci.me/93801/pdf

The Journal of Clinical Investigation  

RESEARCH ARTICLE

Drug-perturbation-based stratification of blood cancer
Sascha Dietrich,1,2,3,4 Małgorzata Oleś,1 Junyan Lu,1 Leopold Sellner,2,3 Simon Anders,1 Britta Velten,1 Bian Wu,3 Jennifer Hüllein,1,3
Michelle da Silva Liberio,3 Tatjana Walther,3 Lena Wagner,3 Sophie Rabe,1,2,3 Sonja Ghidelli-Disse,5 Marcus Bantscheff,5
Andrzej K. Oleś,1 Mikołaj Słabicki,3 Andreas Mock,1 Christopher C. Oakes,6,7 Shihui Wang,3 Sina Oppermann,3 Marina Lukas,3
Vladislav Kim,1 Martin Sill,8 Axel Benner,8 Anna Jauch,9 Lesley Ann Sutton,10 Emma Young,10 Richard Rosenquist,10 Xiyang Liu,3
Alexander Jethwa,3 Kwang Seok Lee,3 Joe Lewis,11 Kerstin Putzker,11 Christoph Lutz,2 Davide Rossi,12 Andriy Mokhir,13
Thomas Oellerich,14,15 Katja Zirlik,15,16 Marco Herling,17 Florence Nguyen-Khac,18 Christoph Plass,7,15 Emma Andersson,19
Satu Mustjoki,19 Christof von Kalle,3,15,20 Anthony D. Ho,2 Manfred Hensel,21 Jan Dürig,15,22 Ingo Ringshausen,23 Marc Zapatka,24
Wolfgang Huber,1,4 and Thorsten Zenz2,3,15,25
European Molecular Biology Laboratory (EMBL), Heidelberg, Germany. 2Department of Medicine V, University Hospital Heidelberg, Heidelberg, Germany. 3Molecular Therapy in Hematology and Oncology,

1

and Department of Translational Oncology, National Center for Tumor Diseases and German Cancer Research Centre, Heidelberg, Germany. 4Molecular Medicine Partnership Unit (MMPU), Heidelberg,
Germany. 5Cellzome, Heidelberg, Germany. 6Division of Hematology, Departments of Internal Medicine and Biomedical Informatics, The Ohio State University, Columbus, Ohio, USA. 7Division of Epigenomics
and Cancer Risk Factors, German Cancer Research Centre, Heidelberg, Germany. 8Division of Biostatistics, German Cancer Research Centre, Heidelberg, Germany. 9Institute of Human Genetics, University
of Heidelberg, Heidelberg, Germany. 10Department of Molecular Medicine and Surgery, Karolinska Institutet, Stockholm, Sweden. 11European Molecular Biology Laboratory (EMBL), Chemical Biology Core
Facility, Heidelberg, Germany. 12Department of Translational Medicine, Amedeo Avogadro University of Eastern Piedmont, Novara, Italy; Division of Hematology, Oncology Institute of Southern Switzerland,
Bellinzona, Switzerland. 13Friedrich-Alexander-University of Erlangen-Nürnberg, Department of Chemistry and Pharmacy, Organic Chemistry II, Erlangen, Germany. 14Hematology/Oncology, Department of
Medicine, Johann Wolfgang Goethe University, Frankfurt, Germany; Department of Haematology, Cambridge Institute of Medical Research, University of Cambridge, Cambridge, United Kingdom. 15German
Consortium for Translational Cancer Research (DKTK), Heidelberg, Germany. 16Department of Hematology/Oncology, University Hospital Freiburg, Freiburg, Germany and Tumorzentrum ZeTuP Chur,
Chur, Schweiz. 17Department of Internal Medicine I, University Hospital Cologne, Cologne, Germany. 18INSERM U1138, Université Pierre et Marie Curie-Paris and Service d’Hématologie Biologique, Hôpital
Pitié-Salpêtrière, Paris, France. 19Hematology Research Unit Helsinki, University of Helsinki, Helsinki, Finland and Department of Hematology, Comprehensive Cancer Centre, Helsinki University Hospital,
Helsinki, Finland. 20Heidelberg Centre for Personalized Oncology, DKFZ-HIPO, DKFZ, Heidelberg, Germany. 21Mannheim Oncology Practice, Mannheim, Germany. 22Department of Hematology, University
Hospital Essen, Essen, Germany. 23Department of Hematology, University of Cambridge, Cambridge, United Kingdom. 24Division of Molecular Genetics, German Cancer Research Centre, Heidelberg, Germany.
Department of Hematology, University of Zürich, Zürich, Switzerland.

25

As new generations of targeted therapies emerge and tumor genome sequencing discovers increasingly comprehensive
mutation repertoires, the functional relationships of mutations to tumor phenotypes remain largely unknown. Here, we
measured ex vivo sensitivity of 246 blood cancers to 63 drugs alongside genome, transcriptome, and DNA methylome
analysis to understand determinants of drug response. We assembled a primary blood cancer cell encyclopedia data set that
revealed disease-specific sensitivities for each cancer. Within chronic lymphocytic leukemia (CLL), responses to 62% of drugs
were associated with 2 or more mutations, and linked the B cell receptor (BCR) pathway to trisomy 12, an important driver
of CLL. Based on drug responses, the disease could be organized into phenotypic subgroups characterized by exploitable
dependencies on BCR, mTOR, or MEK signaling and associated with mutations, gene expression, and DNA methylation.
Fourteen percent of CLLs were driven by mTOR signaling in a non–BCR-dependent manner. Multivariate modeling revealed
immunoglobulin heavy chain variable gene (IGHV) mutation status and trisomy 12 as the most important modulators
of response to kinase inhibitors in CLL. Ex vivo drug responses were associated with outcome. This study overcomes
the perception that most mutations do not influence drug response of cancer, and points to an updated approach to
understanding tumor biology, with implications for biomarker discovery and cancer care.

Introduction

The clinical response to anticancer agents is heterogeneous, which
is a major barrier to effective cancer care. Being able to more accuAuthorship note: S. Dietrich, M. Oleś, and J. Lu contributed equally to this work.
Conflict of interest: The authors have declared that no conflict of interest exists.
License: This work is licensed under the Creative Commons Attribution 4.0 International License. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.
Submitted: March 8, 2017; Accepted: October 31, 2017.
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rately predict response before choice of treatment would improve
response rates, reduce unnecessary treatments, and be more
economical. However, predicting patient response to drugs is not
reliable for most cancers, owing to a lack of predictive biomarkers
and our incomplete understanding of the mechanisms underlying
response heterogeneity (1, 2).
Determinants of drug response have been investigated in
immortalized cancer cell lines (http://www.cancerRxgene.org,
ref. 3; http://www.broadinstitute.org/ccle, ref. 4; http://www.
broadinstitute.org/ctrp, ref. 5), and recent technology improvements have increased throughput (6) and used near-complete
jci.org   Volume 128   Number 1   January 2018
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Figure 1. Study outline. By combining functional drug response screening with omics profiling, we systematically queried drug response phenotypes,
underlying molecular predictors, and pathway dependencies of leukemia and lymphoma. mt, mutant.

genetic profiles (7). However, the properties of disease cells and
the heterogeneity of a disease can only be partially captured using
cell line panels. An ideal platform to query mechanisms underlying variable drug response will directly interrogate primary cancer
cells of individual patients. Clonal selection is reduced by shortterm culture of primary cells, and the true genetic and phenotypic diversity of a disease is represented by a large, representative
cohort of patient-derived samples. Rare mutations (from the long
tail of the mutation distribution in the disease) are included, which
enables uncovering determinants of drug response that might be
missed using current methods. A unique feature of such direct use
of patient cells is the potential to derive individualized therapeutic
options for the donating patients (8–11) and the ability to pursue
sensitivity signals clinically (12). Indeed, several studies have
yielded novel genetic markers and drug repurposing opportunities based on individual patient observations (13–15).
Targeted treatments have revolutionized care of some blood
cancers (16–19). While a new generation of targeted drugs is
emerging for leukemia and lymphoma (20–23), surprisingly little
use has been made of molecular information for therapeutic stratification (24, 25). This is in part due to shortcomings of traditional
biomarker discovery in clinical trials, where throughput is limited in both drug number and sample size. Here we propose that
by mapping the distinctive signaling pathway dependencies and
drug sensitivity patterns of individual cancers in parallel, it is possible to discover genotype-phenotype associations and underlying
molecular mechanisms in a more rapid and systematic fashion,
and thus to better support precision medicine stratification. We
report a large-scale study of drug sensitivities of primary leukemia
and lymphoma that links drug responses to genotypes and molecular processes involved in disease pathogenesis.
428
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Results

Mapping drug sensitivity of primary leukemia and lymphoma cells. We
measured the effect of drugs used clinically or targeting pathways
important in cancer on the viability of primary leukemia and lymphoma samples of B cell, T cell, and myeloid origin ex vivo (Figures
1 and 2, and Supplemental Tables 1–3; supplemental material available online with this article; https://doi.org/10.1172/JCI93801DS1).
We used a T-shaped experimental design in order to cover heterogeneity of responses widely, among 12 diseases, and deeply (184
samples) within 1 disease, chronic lymphocytic leukemia (CLL).
To query molecular determinants of drug response, we used
targeted sequencing and whole-exome sequencing (WES) (Supplemental Table 4) for paired tumor and normal samples, mapping
of structural variants, genome-wide DNA methylation profiles
(450k/850k microarrays), and RNA sequencing (RNA-Seq), and
assembled the Primary Blood Cancer Cell Encyclopedia (PACE).
We profiled 246 patient and 3 control samples with 64 drugs
(data of 63 used after data quality control) in series of 5 concentrations, which resulted in a drug response matrix of 79,680 measurements. Similar to clinical response heterogeneity, drugs showed a
heterogeneous spectrum of responses across samples (Supplemental Figure 1). We began the data analysis by clustering the drugs
based on the similarity of their response profiles across CLL samples (Figure 3). The clustering gave a detailed reflection of drug target identity or relatedness. For instance, the responses to inhibitors
targeting the B cell receptor (BCR) components Bruton’s tyrosine
kinase (BTK), phosphatidylinositol 3-kinase (PI3K), and spleen
tyrosine kinase (SYK) were highly correlated across the 184 CLL
samples and showed a distinctive profile, which was shared with
inhibitors of kinases downstream of the BCR, including AKT, LYN,
and SRC. A BCR-like profile was also elicited by nominally unrelated
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Figure 2. Overview of sample cohort and drugs. (A) Pathology classification of samples. The largest groups were chronic lymphocytic leukemia (CLL;
n = 184), T cell prolymphocytic leukemia (T-PLL; n = 25), and mantle cell lymphoma (MCL; n = 10). Color indicates cell lineage: B cell (blue), T cell (orange),
myeloid (green), and normal blood cells (gray). The dashed line indicates a scale break. (B) Compounds tallied by their targets. Green indicates FDAapproved drugs and purple indicates drugs that are tool compounds or in clinical development. (C) The genetic landscape of our CLL cohort (n = 184),
including recurrent copy number variations (CNVs, green) and somatic mutations (blue); instances of missing data are shown in gray. Previously reported
associations include the frequent co-occurrence of del17p13 and TP53 mutation (Fisher test: P = 10–11, odds ratio = 29), del11q22 and ATM mutation (Fisher
test: P = 0.05, odds ratio = 3.7). In addition, we detected a mutual exclusivity pattern between del13q14 and trisomy 12 (Fisher test: P = 0.0006, odds ratio
= 0.2). ALK, anaplastic lymphoma kinase; FL, follicular lymphoma; HCL-V, hairy cell leukemia variant; hMNC, human mononuclear cell; LPL, lymphoplasmacytic lymphoma; NA, not available; PTCL-NOS, peripheral T cell lymphoma not otherwise specified.

drugs including AZD7762, PF477736 (targeting checkpoint kinase,
CHEK), and AT13387 (targeting heat shock protein, HSP90).
To understand the unexpected activity of AZD7762 and
PF477736, we used the kinobeads assay, which quantifies

drug-protein binding affinity through competition with immobilized nonselective binders and proteome-wide quantitative mass
spectrometry (26). In addition to CHEK1/2 kinases, both drugs
targeted dozens of other proteins (Supplemental Table 5). We
jci.org   Volume 128   Number 1   January 2018
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Figure 3. Drug profile similarities reflect mode of action. “Guilt by association” prediction of drug targets and mechanism of action. For each pair of drugs
used in the screen, the Pearson correlation coefficient (r) was computed from the viabilities of the 184 CLL samples after drug treatment (average of the
2 lowest concentrations). The rows and columns of the resulting drug-drug correlation matrix were arranged based on the hierarchical clustering shown
at the bottom, and the matrix is displayed as a heatmap. The major blocks are (i) kinase inhibitors targeting the B cell receptor, including idelalisib (PI3K),
ibrutinib (BTK), duvelisib (PI3K), PRT062607 (SYK); (ii) inhibitors of redox signaling/reactive oxygen species (ROS) (MIS−43, SD07, SD51); and (iii) BH3
mimetics (navitoclax, venetoclax). The scatter plots show 3 instances of pairwise correlation analyses of drugs.

intersected these target lists with proteins that were identified as
BCR effectors based on their BCR-dependent phosphorylation in
lymphoma cell lines after BCR engagement (27). This intersection
yielded 16 proteins, including well-known BCR pathway members (Figure 4). We then tested the effect of AZD7762 on proximal
BCR signaling by measuring anti–IgM-induced calcium release in
HBL2 and BL60 cell lines, commonly used models for lymphoma.
Similar to ibrutinib, AZD7762 blocked anti–IgM-induced calcium
mobilization (Supplemental Figure 2). To characterize the drug’s
effects further downstream of the BCR, we assayed the activa430
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tion of signaling targets using phospho-specific antibodies in a
lymphoma cell line (HBL-2) and 5 primary CLL samples. Upon
AZD7762 exposure, we observed consistent downregulation of
p-AKT, p-BTK, and p-SYK, but not p-S6 (mTOR) (Supplemental Figure 3), and induction of apoptosis (Supplemental Figure
4). AZD7762 caused stronger viability effects in unmutated CLL
(U-CLL) samples, which we confirmed under conditions of coculture with stroma cells (Supplemental Figure 4).
To follow up on the AT13387 result, we investigated 2 additional HSP90 inhibitors, ganetespib and onalespib, in 120 of the
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Figure 4. Target profiling of AZD7762
and PF477736. Binding affinity scores
were determined proteome-wide using
the kinobead assay (26); lower scores
indicate stronger physical binding. Here,
the data are shown for those proteins
that had a score less than 0.5 in at least
one assay, and that were previously
identified as responders to B cell receptor stimulation with anti-IgM in B cell
lines (27).

CLL samples. Consistent with our data for AT13387, these drugs
had higher activity in U-CLL than in M-CLL (Supplemental Figure 5). HSP90 inhibitors are known to attenuate BCR and nuclear factor-κB (NF-κB) signaling (28), and our findings are in line
with a report that AT13387 compromises the activity of the pivotal BCR-proximal effector SYK, which was identified as an HSP90
client protein (29).
Together, these results show that the similarity of response profiles across a large set of patient samples accurately assigns drugs
into groups of similar mechanisms of action. In line with this concept, the phenotypic clustering of drugs depended on the sample
selection; when we performed the same analysis on the T cell prolymphocytic leukemia (T-PLL) samples, the cluster of BCR-targeting drugs largely dissolved, while other clusters (reactive oxygen
species [ROS], Bcl-2 homology domain 3, BH3 mimetics) — less
dependent on disease-specific activity — remained (Supplemental
Figure 6). We conclude that the drug perturbations acted as specific molecular probes for the tumor cells’ survival dependencies
and that drug response profiles allow “guilt by association”–based
mapping of drug targets. They enable the discovery of unexpected
targets, as demonstrated by the targeting of the BCR signaling cascade by molecules originally designed to inhibit HSP90 or CHEK.
Disease-specific drug sensitivity phenotypes. To gain a global overview of drug response patterns across all patients, we employed
t-distributed stochastic neighbor embedding (t-SNE), a machine
learning algorithm for visualizing a set of objects in a 2-dimensional plane. This unsupervised analysis partitioned different disease
types (i.e., T cell lymphomas, HCL, lymphoplasmacytic lymphoma [LPL], CLL) and the healthy mononuclear cells into distinct
clusters based on their drug sensitivities (Figure 5A). This finding
indicates that drug responses depend on disease, reflecting underlying cell lineages, differentiation states, and pathway activities.
To further dissect the influence of disease on drug response and to
identify disease-specific vulnerabilities, we compared each drug’s
viability effects across diseases (Figure 5B and Supplemental Figure 7). T-PLL was not responsive to BCR inhibitors, as expected,
but was also more resistant to other drugs, including apoptosis-

inducing BH3 mimetics and AT13387. In contrast, T-PLL was most
sensitive to thapsigargin, a noncompetitive inhibitor of the sarco-/
endoplasmic reticulum Ca2+ ATPase (SERCA), and to JAK inhibitors (P < 0.001), revealing repurposing opportunities for these
drugs, some of which are already in clinical use. In CLL, BH3
mimetics and BCR inhibitors showed disease-specific activity,
similar to clinical observations. Acute myeloid leukemia (AML)
was sensitive to tamatinib (targeting SYK) and tipifarnib (targeting farnesyl protein transferase), and marginal zone lymphoma
(MZL) was resistant to BCR inhibitors and other kinase inhibitors,
a result consistent with prevalent reliance of MZL on NF-κB–activating mutations (30). Mantle cell lymphoma (MCL) was preferentially sensitive to YM155 (P < 0.001), a cytotoxic agent with
unclear mechanism of action reported to target survivin, Mcl-1
(31), and PI3K signaling (32). Mirroring clinical observations,
subsets of MCL samples were sensitive to BCR inhibitors or the
mTOR inhibitor everolimus (23, 33). Hairy cell leukemia (HCL),
which commonly carries the BRAF V600E mutation (34), was distinctly responsive to BRAF and MEK inhibition.
These results validate our experimental approach, as they
show how the clinical response of diseases is recapitulated.
Moreover, they demonstrate that fine-grained classification of
disease is possible based on drug response phenotypes, and how
new disease-specific drug sensitivities with potential clinical
exploitation can be uncovered.
Drug-perturbation-based functional classification of CLL. To
gain a global overview of drug response patterns across patients
we clustered tumors and drugs by response (Figure 6A and Supplemental Figure 8). We considered each concentration separately, in a model-free approach that allows for dose-dependent target specificity. Within CLL, response to BCR inhibitors formed a
dominant and continuous gradient that separated the samples by
their immunoglobulin heavy chain variable (IGHV) region mutation status. IGHV status (U-CLL or mutated [M-CLL]) reflects the
cellular differentiation stage of the tumor-initiating cell and provides a key biological subdivision of CLL with major clinical implications (35). Our finding is consistent with the increased BCR sigjci.org   Volume 128   Number 1   January 2018
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Figure 5. Disease-specific drug response phenotypes of blood cancers. (A) t-distributed stochastic neighbor embedding (t-SNE), a machine learning algorithm for dimensionality reduction, was used to visualize similarities among 246 patient samples with respect to the 315 drug sensitivity measurements
(each of 63 drugs at 5 concentrations). The plot shows a distinctive separation of pathologic disease entities based on their drug sensitivity pattern. The
line plots show mean viabilities for individual disease entities (CLL, gray; HCL, yellow; MCL, purple; and T-PLL, brown) and drugs across 5 concentrations,
highlighting disease-specific differences. (B) Primary data for individual drugs provide examples for disease-specific response and sample variation (CLL,
n = 184; HCL, n = 3; MCL, n = 10; T-PLL, n = 25). FL, follicular lymphoma; HCL-V, hairy cell leukemia variant; hMNC, human mononuclear cell; LPL, lympho
plasmacytic lymphoma PTCL-NOS, peripheral T cell lymphoma not otherwise specified.

naling capacity in U-CLL (36) and shows the ability of drug-based
screening to probe key survival pathways. Within this dominant
gradient driven by BCR dependence, we discovered a group of
patients with M-CLL that were sensitive to everolimus, an mTOR
inhibitor. Moreover, comparison of the responses revealed that
432
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a subset of these rely on mTOR signaling activity independent
of BCR signaling. A similar organization, with a gradient of BCR
activity and a subgroup with BCR-independent mTOR activity,
appeared in MCL, a related B cell lymphoma. Clinical studies
demonstrated strong activity of the BTK inhibitor ibrutinib and
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the mTOR inhibitor temsirolimus in subsets of MCL (23, 37), and
our finding reveals potential biomarkers for treatment. Altogether, the patterns that we observed based on unsupervised analysis
suggest that CLL can be subdivided into functional disease categories based on drug response, which is in line with CLL being
able to arise from multiple driver pathways that can be activated
to different degrees. Moreover, they suggest that there is a limited
repertoire of such constellations and that most tumors fall into a
finite number of signature clusters.
A model of phenotypic heterogeneity of CLL. To further dissect
signaling activities and survival dependencies in CLL, we selected drugs that probe specific molecular pathways. First, we compared 3 drugs that inhibit BCR signaling targets: ibrutinib (BTK),
idelalisib (PI3K), and PRT062607 (SYK). These 3 targets are key
components of proximal BCR signaling. While the responses of
CLL samples to these agents ex vivo were variable across tumors,
they were similar across the 3 drugs (Figure 6B). Next, we selected
drugs that showed more differences between each other and compared dependency on BCR (BTK, SYK, PI3K) with MEK (selumetinib) and mTOR (everolimus) (Figure 6C and Supplemental Figure 9, A and B). The spread-out distribution of the samples reflects
a heterogeneous response of CLLs to inhibition of these signaling
components. To dissect this distribution, we stratified the analysis between U- and M-CLL. We found that U-CLLs are relatively
homogeneous and predominantly rely on BTK and MEK signaling, consistent with MEK/ERK activation downstream of the BCR
(Figure 6D). In contrast, M-CLLs showed a more heterogeneous
organization, with BTK-independent response groups characterized by mTOR sensitivity. To further explore the relationships
between responses to inhibition of BCR, mTOR, and MEK in
CLL, we exposed primary CLL samples (6 M-CLL and 6 U-CLL)
to ibrutinib, idelalisib, selumetinib, and everolimus and compared
the drug-induced gene-expression changes (Supplemental Figure
9C). While the tumors’ transcriptional responses to ibrutinib and
idelalisib were similar, larger differences existed between each
tumor’s response to BCR inhibitors, selumetinib (MEK) and everolimus (mTOR). This finding implies that CLL survival signaling
can be mediated by the BCR as well as by BCR-independent pathways through mTOR and/or MEK.
Based on these results, we devised a simple classification tree
with binary thresholds of response (Figure 7A and Supplemental
Figure 10). It stratifies CLL based on response to ibrutinib (BTK
group n = 50/184), response to the mTOR inhibitor everolimus
but not to inhibition of upstream BTK (mTOR group n = 26/184),
response to the MEK inhibitor selumetinib, but not to ibrutinib
or everolimus (MEK group n = 23/184), and a group with weak
response (n = 85/184). Although defined based on these 3 reference drugs, the BTK and mTOR groups showed coordinated
differences in their responses to other drugs as well (Figure 7B).
The BTK group was consistently more responsive to other BCR
inhibitors (idelalisib [PI3K], spebrutinib [BTK], duvelisib [PI3K],
and PRT062607 [SYK]) and multiple other kinase inhibitors (e.g.,
ATM, DNA-PK, CHEK). Notably, the mTOR group exhibited
increased sensitivity to the casein kinase 2 (CK2) inhibitor silmitasertib (Figure 7C). This unanticipated cosensitivity is in line with a
recent report of a biological link between CK2 and mTOR activity
(38). The mTOR group also exhibits specific sensitivity towards
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venetoclax and navitoclax (Figure 7C), both inhibitors of the antiapoptotic protein BCL-2.
Phenotypic subgroups have distinct molecular characteristics. We
next asked whether this drug response phenotype–based classification of patients was associated with distinct molecular profiles
or clinical outcomes. Patients in the mTOR group had a longer
time to treatment (TTT) compared with the MEK and BTK groups
(Supplemental Figure 11A; P = 0.04). At the genetic level, we
found trisomy 12 to be enriched in the BTK and mTOR groups and
absent in weak responders (Supplemental Figure 11B). Trisomy
12 is a structural variant of poorly understood molecular function
that occurs in 15%–20% of CLL patients and is associated with a
higher incidence of aggressive transformation (39). In contrast,
the most frequent alteration in CLL, del13q14, was enriched in
weak responders but depleted in the BTK group. Del13q14 involves
the putative pathogenic disease loci DLEU2 and microRNA cluster MIR15A–MIR16-1 (39), and our finding might provide further
leads towards functional annotation of this deletion. The mTOR
group consisted almost exclusively (22 of 23) of M-CLL and comprised 3 of the 4 cases with mutations in KLHL6. Deleterious
mutations of KLHL6 are involved in B lymphocyte antigen receptor signaling (40). These results indicate that intrinsic molecular
differences underlie the phenotypic response groups.
At the level of gene expression, we searched for genes differentially expressed between the groups (Supplemental Figure 11C).
We applied gene set enrichment analysis (Supplemental Figures 12
and 13) and detected enrichment of gene sets known to be associated with increased polycomb repressive complex 1 (PRC1) activity
(41), TNF-α stimulation, and IL-2 for the mTOR group. IL-2 induces survival signals in CLL (42) and T cells (43) through p-70S6 and
mTOR activity. As a functional link has been reported between
active IL-2 signaling and higher IL-10 expression in CLL (44), we
investigated expression of several cytokines that are important for
CLL survival or characteristic of distinct B cell subsets (45) (Supplemental Figure 11D). Of these, we found only IL-10 to be upregulated in the mTOR group. Moreover, within the mTOR group, IL-10
expression was correlated with better response to everolimus (P =
0.03, Supplemental Figure 14). Increased expression of IL-10 is a
property of regulatory B cells (B10 cells) (46), and our result might
be related to the recent discovery of a subset of M-CLL that shows
a B10-like phenotype associated with BCR anergy (47). To further
dissect the roles of cytokines, we exposed primary CLL cells (n =
16) to different concentrations of cytokines (IL-2, -4, -10, and -21),
LPS, and anti-IgM. IL-4, -10, and -21 had prosurvival effects on
most samples. However, an effect of IL-10 stimulation was markedly absent in the samples from the mTOR group, possibly due to
already high endogenous levels (Supplemental Figure 15).
Together, these findings reveal unacknowledged heterogeneity of signaling dependencies in CLL. We summarize them in the
signaling model shown in Figure 8. The majority of U-CLL cases
depend on dominant, canonical BCR signaling. In contrast, a subset of M-CLLs show BCR-independent signaling mediated through
mTOR, which can act downstream of cytokines or chemokines.
Comprehensive survey of molecular determinants of response in
CLL. Most cancer mutations have not been linked to drug response.
Based on the cohesiveness of the above results, we used PACE to
perform a comprehensive survey of genetic determinants of drug
jci.org   Volume 128   Number 1   January 2018
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Figure 6. Functional classification of blood cancer based on drug perturbations. (A) A global overview of the drug response landscape reveals
heterogeneity within diseases and functionally defined disease subgroups.
The heatmap matrix shows the viability measurements for 246 samples
(rows) and 17 of the drugs at 2 concentrations each (columns). The data
are shown on a Z-score scale, i.e., centered and scaled within each column.
The color bars to the right show sample annotations. Prior to clustering,
samples were divided into 6 disease groups, indicated by the horizontal
gaps. A more detailed version of this plot is available in Supplemental
Figure 8. (B) Relative effects of ibrutinib (BTK), idelalisib (PI3K), and
PRT062607 (SYK) on each of the 184 CLL samples are shown in ternary
plots. Given percentage viability values (vi) of 3 drugs compared, the relative effect of drug i is measured by (100 – vi)/(300 – [v1 + v2 + v3]), for
i = 1, 2, and 3. Numbers per sample add up to 1 and correspond to positions
within an equilateral triangle. The maximum of 100 – vi, as a measure of
the overall susceptibility of the sample, is shown by dot size. Each drug is
represented by the average of the 2 lowest concentrations. Response to
the BCR inhibitors was similar in the majority of CLL samples. Prior treatment is indicated by dot color (green: pretreated, n = 52; yellow: untreated,
n = 132). (C) In contrast, comparison of relative responses to ibrutinib,
selumetinib, and everolimus revealed a heterogeneous response. (D) Same
data as in panel C, but separately plotted for U- and M-CLL (n = 74 and
n = 98, respectively). U-CLL showed predominant reliance on BTK and MEK
signaling, whereas M-CLL showed a less BTK-dependent response pattern,
with many cases of predominant MEK or mTOR sensitivity. FL, follicular
lymphoma; HCL-V, hairy cell leukemia variant; hMNC, human mononuclear
cell; LPL, lymphoplasmacytic lymphoma PTCL-NOS, peripheral T cell lymphoma not otherwise specified.

response in CLL, including IGHV status, somatic gene mutations,
and structural variants (Figure 9). The most prominent factor was
IGHV mutation status, which was associated with response to 42
(67%) drugs (t test, FDR = 10%), including idelalisib and ibrutinib,
which are in clinical use (Figure 10A). Robust differences were seen
even at the lowest concentrations. For instance, 156 nM ibrutinib
led to a mean viability of 89.2% in U-CLL versus 99.5% in M-CLL
(P < 0.001). These effect sizes are comparable to previous, smaller studies investigating individual drug effects (48). We confirmed
them in a FACS-based annexin V/propidium iodide assay for apoptosis (Supplemental Figure 16). Similarly, several multi-kinase
inhibitors were more active in U-CLL. Indeed, the strongest associations of response with IGHV status were observed for dasatinib
and for 3 of the drugs already discussed above, the HSP90 inhibitor
AT13387 and the CHEK inhibitors PF477736 and AZD7762. These
results show how the critical role of BCR signaling renders CLL
cells sensitive to a broad range of kinase inhibitors that act by multiple target engagement of BCR components. While our data show
direct correspondences between the individual signaling activity
pattern of a tumor and its response to ex vivo drug testing, they also
highlight the caveat that clinical translation requires more sophistication than naive indication based on effect size in the assay; trials
of dasatinib in CLL had limited success (49).
Responses to 53 drugs (84% of compounds) were modulated by at least 1 mutation (including IGHV), and 39 (62%) of
drugs were associated with 2 or more mutations, indicating that
the influence of gene mutations on drug responses is more pervasive than anticipated based on cell line–based surveys (3, 5).
These mutations targeted diverse molecular processes (Figure
9 and Supplemental Figure 17) including DNA damage (del17p,
TP53), MEK/ERK signaling (RAS, BRAF), transcription regula-
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tion (CREBBP), pre-mRNA processing and splicing (PRPF8), but
also comprised mutations with less well-understood function
(UMODL1, gain8q24, ABI3BP).
TP53 mutations, which often co-occur with deletion of one
allele of chromosome 17p, are associated with clinical resistance
to chemotherapy and are the only genetic marker currently used to
guide treatment decisions in CLL (50). Their effect was captured
by PACE; fludarabine and doxorubicin had reduced activity in
CLL with TP53 mutation or del17p13 (Figure 9 and Supplemental
Figure 17, A and B). Nutlin-3, which targets the MDM2/p53 interaction, also had decreased effect in TP53-mutant CLL (Figure
9B). Within mutant cases, the viability effects were associated
with clone size, as expected from the drug’s mechanism of action.
Analogous associations between TP53 and response to nutlin-3
and fludarabine were found in MCL (Supplemental Figure 17C).
We investigated the impact of pretreatment status on gene–
drug response associations, since 52 of 184 CLL patients had
received treatment with chemotherapy and immunotherapy or
either alone before sample collection. None of them had received
kinase inhibitors. A notable difference between the pretreated and
untreated samples was a higher prevalence of TP53 mutations in
the pretreated group (P = 4.7 × 10 –7, Fisher test), a consequence
of clonal selection under chemotherapy. Consequently, pretreated samples showed less response to fludarabine (Supplemental
Figure 18) and nutlin-3, drugs with strong dependence on p53
function. The second main difference between pretreated and
untreated samples was the higher prevalence of U-CLL cases (P
= 2.3 × 10–5, Fisher test), due to progressive disease and thus more
frequent need for treatment of U-CLL. This explains the stronger
response to kinase inhibitors of pretreated samples. However,
when considering pretreatment status separately in the TP53–wild
type and -mutant groups, or in U-CLL and M-CLL, the association
of pretreatment status with response to fludarabine or ibrutinib
disappeared. We also systematically analyzed the impact of pretreatment and used pretreatment status as a blocking factor in the
association tests of drug responses and genetic features (Supplemental Figure 19). A comparison of the association test P values
shown in Figure 9 and the same analysis blocked for pretreatment
indicates that the 2 analyses are highly concordant (Supplemental
Figure 20). These results suggest that effects of pretreatment with
chemo-immunotherapy were largely captured by TP53 and IGHV
mutation status, and otherwise were negligible with regard to our
drug response association analyses.
HCL cases, which all carried the BRAF V600E mutation, had
distinctive sensitivity to BRAF and MEK inhibition (Supplemental Figure 17D), whereas in BRAF-mutated CLL, the response to
BRAF inhibition was less pronounced. This finding suggests that
BRAF mutations are key disease drivers in HCL, but not CLL,
where alternative survival signals (BCR) dominate also in the context of BRAF mutations. Indeed, only 3 of 10 BRAF-mutant CLL
cases had the V600E substitution, and only 2 of these were clonal.
KRAS-mutant CLL was sensitive to MEK inhibition, and showed
increased viability with the BRAF inhibitor encorafenib, reflecting
paradoxical BRAF activation (Supplemental Figure 17E).
CLL samples with mutations of the transcriptional cofactor CREBBP, known as a key driver in follicular lymphoma
(51), were more sensitive to the mTOR inhibitor everolimus.
jci.org   Volume 128   Number 1   January 2018
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Figure 7. Hierarchical model of drug response phenotypes in CLL. (A) We derived a decision tree model that classifies CLL patients into 4 drug-responsebased groups. First, we asked if ibrutinib caused strong viability effects (BTK group n = 50/184), second, whether the remaining patient samples responded to everolimus (mTOR group n = 26/184) and third, whether they responded to selumetinib (n = 23/184). The remaining patients were classified as weak
responders (n = 85/184) (Supplemental Figure 10). (B) Summary of cosensitivities for the 4 groups. We compared drug responses of each group to all
samples from the remaining groups (average of the 2 lowest concentrations) using Student’s t test. Significant differences (FDR = 5%) with a mean effect
size greater than 5% are shown. The heatmap visualizes mean viabilities, row-centered and scaled to zero mean and unit standard deviation. (C) Exemplary plots of individual sample data for 4 of the drugs shown in panel B. The BH3 mimetic navitoclax and the CK2 inhibitor silmitasertib had stronger viability
effects in the mTOR group. AZD7762 and idelalisib had stronger viability effects in the BTK group.

UMODL1 mutations were associated with resistance to BH3
mimetics (Supplemental Figure 17F).
Trisomy 12 is observed in 15%–20% of CLL and while clinically distinct, little is known about the molecular pathways involved.
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CLL with trisomy 12 showed a characteristic response profile
with multiple drug associations, including increased sensitivity
to PI3K, mTOR, and MEK inhibitors (Figure 10B). These associations persisted when we assessed them separately within U- and
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Figure 8. A model for the roles of BCR, mTOR, and MEK pathway activities in CLL. BCR-dependent cases are highly sensitive to inhibition of SYK, BTK,
and PI3K. MEK and mTOR activation occur downstream of BCR. Most U-CLL patients belong to this group. In contrast, there is a group of CLL where cells
receive survival signals from alternative sources (e.g., cytokines/chemokines) and whose drug response pattern is inconsistent with canonical BCR signaling, as the effect of inhibiting mTOR is greater than for BTK. PI3K, phosphatidylinositol 3-kinase; IKKβ, IκBα-Kinase-complexes; AMPK, AMP-activated
protein kinase; TSC1/2, hamartin/tuberin; PDK1, pyruvate dehydrogenase kinase 1; SGK3, serine/threonine-protein kinase; PLC, phosphoinositide-phospholipase C; PKCβ, protein kinase C β; CBM, CARMA1-Bcl10-MALT1 complex; mTOR, mechanistic target of rapamycin; SYK,spleen tyrosine kinase; BTK,
Bruton’s tyrosine kinase; Lyn, tyrosine kinase Lyn.

M-CLL (Supplemental Figure 21). In addition, we observed associations that were present only within M-CLL, including reduced
sensitivity to chaetoglobosin A for cases with trisomy 12. To further investigate the relationship between MEK/ERK signaling
and trisomy 12, we studied additional ERK (SCH772984) and
MEK (cobimetinib, trametinib) inhibitors. These also showed
preferential activity in CLL with trisomy 12 (Supplemental Figure 22), pointing to an essential role for MEK/ERK signaling in
CLL with trisomy 12.
To explore the effect of trisomy 12 at the level of gene expression, we compared RNA-Seq data of CLL with and without trisomy 12. In addition to the expected gene dosage effect on chromosome 12 (Supplemental Figure 23A), we found 109 differentially
expressed genes not on chromosome 12, based on stringent cutoffs (FDR = 0.1 and absolute logarithmic [base 2] fold change >
1.5). Of these, 72 were up- and 37 downregulated (Supplemental
Figure 23B). We performed parametric analysis of gene set enrichment (PAGE) (52) on a more permissive list of all genes with a raw
P value less than 0.05. This analysis linked trisomy 12 to gene sets
annotated with BCR, PI3K, AKT, and mTOR signaling, chemo
kine signaling, and with regulation of the actin cytoskeleton (Supplemental Figure 24).
These results indicate that CLL with trisomy 12 has a specific
signaling signature. Indeed, this disease subgroup was reported to
exhibit increased p-ERK levels (53), shorter time to progression
(54), and a distinct response to the BTK inhibitor ibrutinib (55).

To explore the role of trisomy 12 across cancer types, we tabulated
its incidence in the Mitelman database (56) and found it strongly
overrepresented in tumors with B cell lineage (Supplemental Figure 25). Altogether, these findings suggest that trisomy 12 drives B
cell lymphoma by modulating PI3K, MEK/ERK, and mTOR pathways and amplifying BCR signaling.
We conclude that in addition to the known biomarkers in CLL,
there are a surprisingly large number of gene-drug associations,
which in view of the disease’s genetic heterogeneity implies a
commensurate heterogeneity in responses to drugs. The example
of trisomy 12 shows how an association of a genetic feature with a
spectrum of drugs can elucidate molecular mechanisms. Associations can be context-specific, as exemplified by the driver versus
passenger nature of BRAF mutations in HCL versus CLL.
Understanding complex networks of drug response predictors. The
molecular basis of variable drug response phenotypes is multifactorial and can involve multiple layers including gene mutations,
gene expression, and DNA methylation (7). While the results
presented above provide a comprehensive catalog of marginal
associations of single mutations, an understanding of the combinatorial interplay of multiple factors will be essential for a meaningful prediction of drug response. To address this challenge, we
applied linear regression with lasso regularization and derived
for each drug a multivariate predictor composed of genetic, gene
expression, and DNA methylation covariates (Figures 11 and 12)
(57). We first assessed to what extent single omics data types or
jci.org   Volume 128   Number 1   January 2018
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Figure 9. Genomics of drug sensitivity in CLL. (A) Drug responses are modulated by many of the mutations recurrent in CLL. The y axis shows the negative
logarithm of the t-test P values of all tested associations. Viabilities across different drug concentrations were aggregated using Tukey’s median polish
method. Each circle represents a drug-gene association. Tests with P values smaller than the threshold corresponding to a false discovery rate (FDR) of 10%
(method of Benjamini and Hochberg) are indicated by colored circles, where the colors represent the gene mutations and structural aberrations. To control
for potential confounding effects of prior treatment history of the donating patients, we also performed this analysis with pretreatment status as a blocking
factor in the association tests; the results of this analysis are provided in Supplemental Figure 19 and are concordant with those shown here (Supplemental
Figure 20). (B) Primary data of selected drug-gene associations. The fraction of cells for trisomy 12 and the allele frequency (AF) for the mutations TP53,
PRPF8, and CREBBP is shown by the color code.
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Figure 10. Impact of IGHV and trisomy 12 status on drug sensitivity in CLL. (A) Drug responses are modulated by IGHV status.
The units on the x axis of the volcano plot are the difference in
percentage viability; negative values indicate higher sensitivity
in U-CLL than in M-CLL. For each drug, the 5 concentration steps
were tested separately. Drugs with 3 or more significant associations are labeled, and the largest viability effect and corresponding P value are shown. Significant differences were evident for
core BCR pathway inhibitors (duvelisib, idelalisib, spebrutinib),
nominal CHEK inhibitors (PF477736, AZD7762, SCH 900776),
AT13387, and dasatinib. The dashed line indicates an FDR of
10% (P < 0.0026). (B) Similar to panel A, for trisomy 12. Negative
values indicate higher sensitivity in cases with trisomy 12.

the combination of all our omics data explained the variable drug
responses. Responses to chemotherapeutics and nutlin-3 were
predominantly explained by genetic factors, whereas response to
BCR inhibitors was best predicted by IGHV, gene expression, and
DNA methylation (Figure 11).
Next, we visualized predictor profiles for individual drugs,
focusing on the genetic variables and a 3-category summary of
the DNA methylation data (58). The profiles were reflective of
the drugs’ mechanisms of action. For nutlin-3 and fludarabine,
TP53 and del17p were the most dominant predictors (Figure 12).
The predictor profiles for BCR inhibitors highlighted IGHV status
and trisomy 12 as key factors, but additional aberrations includ-

ing del13q14 contributed to the predictors for ibrutinib
and the SYK inhibitor PRT062607 (Figure 12). Pretreatment status was not selected as a prediction feature for
most drugs, and where selected its coefficient was mostly
small, but there were a few notable exceptions, including
rotenone (Supplemental Figure 26).
Our multivariate analysis points to a fundamental
and previously underappreciated role of trisomy 12 in
CLL biology. It also highlights roles of other aberrations,
including del13q14, and suggests that DNA methylation patterns contain information about disease biology
beyond what is implied by IGHV status.
Impact on outcome. The use of primary patient cells
allowed us to assess associations of drug response phenotypes with clinical outcomes. Consistent with previous
reports (24, 50), mutations of TP53, SF3B1, and BRAF, the
deletions del17p13 and del11q23, and IGHV status were
individually associated with TTT and/or overall survival
(OS) (Supplemental Figure 27). We asked whether ex vivo
drug responses predicted outcome and to what extent
they could improve upon the established biomarkers.
First, we considered drugs whose response was associated with TP53 mutation status, the most prominent clinical biomarker for CLL. We found that good responses to
doxorubicin, fludarabine, and nutlin-3 were each predictive of better OS (Figure 13, A and B); when limiting the
analysis to untreated patients, the results were similar
(Supplemental Figure 28). Moreover, these results were
only partially explained by TP53 mutation status, since
within wild-type TP53 CLL, doxorubicin response had
predictive value for OS (Figure 13C). Next, we fitted multivariate Cox models (Supplemental Tables 6–10) using established
covariates [age, pretreatment, trisomy 12, del11q22.3, del17p13,
TP53 mutation, IGHV status] and individual drug responses as
continuous variables. Again, doxorubicin response was associated with OS (P = 0.03, Supplemental Table 6). Response to BCR
inhibitors was associated with inferior TTT (ibrutinib, idelalisib,
PRT062607) and OS (PRT062607) (Figure 13A) and was partly
explained by association with IGHV status. However, also within M-CLL, response to BCR inhibition was negatively correlated
with TTT, and BCR inhibitors were significantly associated with
TTT in multivariate models considering age, pretreatment, trisomy 12, del11q22.3, del17p13, TP53 mutation, and IGHV status
jci.org   Volume 128   Number 1   January 2018
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functional disease groups showed clear
enrichments with regard to many genetic
features, but our attempts at describing
the drug response groups through classification approaches using genetic features failed, which further highlights the
unique and nonredundant information
conveyed by functional readouts for precision oncology.
The distinct drug response phenotype of trisomy 12 in CLL implies amplification of BCR signaling as the mechanism underlying this driver mutation,
a finding that would explain short progression-free survival (54), high p-ERK
levels (53), the different response pattern to ibrutinib (55), and the characteristic incidence of trisomy 12 in B cell
malignancies.
Even though the assay does not
Figure 11. Explanatory power of data types for drug response prediction. Explanatory power (R2) of
explicitly probe any particular drug’s
the features from the different data types for prediction of drug response. For fludarabine, doxorubicin,
mechanism of action, our results show
and nutlin-3, we fit multivariate regression models to predict the average viability value across all 5
that cell viability profiles measured
concentrations. For the targeted drugs ibrutinib (BTK), idelalisib (PI3K), selumetinib (MEK), everolimus
across a diverse spectrum of drugs and
(mTOR), and PRT062607 (SYK), we used the average of the 2 lowest concentrations, 156 and 625 nM,
many samples constitute unique footas the dependent variable. As predictors, we used the different data types as indicated by the colors:
demographics (age, sex), mutations, IGHV status, pretreatment (coded as 0/1), and the top 20 principal
prints that can be used, via similarity and
components of the gene expression or DNA methylation data matrices. In addition to using each data
clustering, to sort tumors and drugs into
type separately, we also fit models with all data types combined (gray). L1 (lasso) regularization was
biologically meaningful groups. Moreused, with the parameter lambda chosen by cross-validation, and shown are mean and standard deviaover, such profiles can be used to reveal
tion across 100 repetitions. Drug responses to nutlin-3 and fludarabine were predominantly explained by
individual tumor’s pathway dependengene mutations and copy number variants (genetics). In contrast, response to kinase inhibitors was best
explained by IGHV status, gene expression, or methylation patterns.
cies, and to discover drug repurposing
opportunities. While precise molecular
understanding of factors underlying
(Supplemental Tables 8–10). Together, these results show that
response remains a fundamental goal, clinical exploitation may
drug-response phenotyping reads out disease-relevant biology
start from such phenotypic readouts. In this respect, one clinically
beyond what is conferred by established biomarkers.
exploitable finding is the cosensitivity patterns observed for the
drug sensitivity groups, which can provide a starting point for the
development of combination therapies.
Discussion
Our study extends the range of available biomarker types for
Our work maps the drug sensitivity landscape of primary leukeblood cancers, which currently include IGHV status, DNA methmia and lymphoma cells and links response phenotypes to underylation profile, gene expression, and gene mutations (59). We
lying molecular properties. We demonstrate that biomarkers for
were able to predict clinical endpoints in CLL from ex vivo drug
drug response can be read out by short-term drug response proresponse data. In part, this reflected transitive associations with
filing within days, and that their information content matches or
established genetic markers, but multivariate analysis showed
exceeds conventional biomarkers as well as omic profiling. PACE
that drug response phenotypes improve current models. Hence,
recapitulates the complete spectrum of known biomarkers (e.g.,
ex vivo drug response testing presents a powerful window into
TP53, BRAF, RAS, and IGHV mutations) and reports a surprisingcells that is often more directly linked to cell physiology than curly large set of previously unappreciated modifiers of response to
rent molecular data.
drugs including chemotherapeutics and targeted agents.
Prior efforts in biomarker development employed large-scale
Within CLL, we developed a functional disease classification
cell line–based drug screens (3–5, 60) and have sparked sucbased on BCR, MEK, and mTOR signaling and demonstrate that
cessful efforts of reanalysis (61). On the other hand, there were
the resulting groups are characterized by distinctive sensitivities
challenges to reproducibility across laboratories (62), and expeto many drugs. Although our current classification is a simplifiriences with the older generation of chemosensitivity tests have
cation and is likely to evolve, we show that it uncovers diseasebeen disappointing (63). Current improvements to molecular
relevant biology and bears the potential for clinical exploitation.
characterization and data analysis suggest consilience at the level
The model identifies CLL cases that predominantly rely on BCR
of detected biological associations (64). Here, we show high consignaling, and cases in which BCR-independent alternative sigsistency between drug-genotype associations measured in a prinaling activities contribute to cell survival and proliferation. These
440

jci.org   Volume 128   Number 1   January 2018

The Journal of Clinical Investigation  

RESEARCH ARTICLE

Figure 12. Multivariate regression models for drug response. Visualization of fitted adaptive L1 (lasso) regularization multivariate models using gene
mutations, IGHV status, pretreatment, and methylation clusters (coded as 0/0.5/1) as predictors (gene expression and DNA methylation principal components were set aside due to redundancy). Each matrix shows the predictor values corresponding to the model for a drug, and the response values are
shown in the scatter plot below. The fitted model coefficients are shown by horizontal bars. Negative coefficients (e.g., trisomy 12) indicate lower viability
after drug treatment (i.e., greater sensitivity) if the feature is present. The red and blue boxes indicate the non-zero regression coefficients and their signs
LP, low programmed; IP, intermediate programmed; HP, high programmed.
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Figure 13. Ex vivo drug response and outcome. (A) Association of drug responses with time from sampling to treatment (TTT; n = 174) and overall survival
(OS; n = 184), assessed by univariate Cox regressions. Shown are estimated hazard ratios (HR) and 95% confidence intervals. The average viability values,
across all 5 concentrations for fludarabine, doxorubicin, and nutlin-3, and across the 2 lowest concentrations 156 and 625 nM for the targeted drugs
ibrutinib (BTK), idelalisib (PI3K), selumetinib (MEK), everolimus (mTOR), and PRT062607 (SYK), were scaled such that a unit change of the regressor corresponds to 10% change in cell viability. (B) Kaplan-Meier plots for OS stratified by TP53 mutation status, and nutlin-3 and doxorubicin response. Patient
groups of nutlin-3 or doxorubicin responders and weak responders were defined by ex vivo drug responses dichotomized using maximally selected rank
statistics to visualize effects. The same 172 CLL patient samples were used for all 3 Kaplan-Meier plots. Thirty-six patient samples were TP53 mutated,
and 39 and 40 patient samples were in the nutlin-3 or doxorubicin weak-responder groups, respectively. (C) Analogous to the rightmost plot in panel B, but
limited to patients with wild-type TP53.

mary-cell-based assay with molecular and clinical data. Crucial
for the cogency is the large number of patients sampled, which
provides statistical power and reduces spurious associations. In
contrast to cell line–based screens that yielded surprisingly few
truly novel genotype-phenotype associations (3–5), our data show
that high sensitivity to discover molecular associations can be
achieved by studying primary tumor samples in sufficient numbers within disease entities. In this manner, the potentially strong
effects of cell of origin can be disentangled.
In our analysis, we considered cell viabilities at one or a few
well-chosen drug treatment doses and thus avoided fitting parametric dose-response curve models or otherwise summarizing
dose-response data across a wide range of doses. This choice was
motivated by dose-dependent polypharmacology. In particular,
kinase inhibitors typically bind to multiple kinases, with different affinities for each, and with different biological effects on cell
physiology of each binding event. For instance, for encorafenib
our data were consistent with relatively specific binding to BRAF
V600E at low drug concentrations, whereas for higher concentrations other kinases appeared affected, too. Summarizing such data
into a single value would, in effect, obscure the mutation-specific
effect of this drug. More generally, at higher concentrations generic toxicity is expected to dominate over specific target effects.
Moreover, to the extent that the data are intended as a model for
what may happen in vivo, interest is on the effect of a drug at a con442
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centration it will have at a therapeutic dose, not at exponentially
higher or lower concentrations.
Our work highlights the complexity of genotype-phenotype
relationships in cancer, which cannot be captured by simple univariate associations. Multivariate modeling indicated variable
explanatory power of different omics data types, with drug-dependent model complexity and prediction performance. For instance,
the response to BCR inhibitors depended on IGHV status (including its associated gene expression and DNA methylation patterns)
and trisomy 12, reflecting the multiple layers of biology involved.
PACE (http://pace.embl.de) provides a data resource to study such
relationships in depth.
Short-term ex vivo drug assays coanalyzed with molecular
profiles have the potential to become a key instrument to uncover
mechanisms underlying drug response variation and to develop
precision cancer care and stratification.

Methods

Patient samples. We included peripheral blood samples from 246 leukemia and lymphoma patients and 3 healthy donors (Supplemental
Table 3). Blood was separated by a Ficoll gradient (GE Healthcare),
and mononuclear cells were cryopreserved.
Compounds. Compounds were obtained from Sigma-Aldrich,
Enzo Life Sciences, Selleck Chemicals, and Merck and were dissolved
in DMSO at 0.1–50 mM (mainly 10 mM) and stored at –20°C. For a
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detailed list of compounds, see Supplemental Tables 1 and 2. Spebrutinib was obtained from Celgene, LGX818 from Novartis. ROS-targeting agents (MIS-43, SD07, SD51) were provided by A. Mokhir,
Erlangen, Germany.
Drug response assays. Drug response assays were performed with
RPMI-1640 (Invitrogen) supplemented with penicillin/streptomycin
(Invitrogen), L-glutamine (Invitrogen), and 10% pooled and heat-inactivated AB-type human serum (RPMI-HS, MP Biomedicals).
Final DMSO concentrations did not exceed 0.5%. Cell viability was
determined after 48 hours using the ATP-based CellTiter Glo assay
(Promega). Luminescence was measured with a Tecan Infinite F200
Microplate Reader (Tecan Group AG) and with an integration time
of 0.2 seconds per well. We verified the linearity of the relationship
between the readout of the CellTiter Glo assay and cell count through
a dilution series (1 × 106 to 1 × 103 cells per well), which we performed
in 384-well format. CellTiter Glo reagent for stable luminescence
was titrated, and a volume of 12 μl/well was picked for all reported
experiments. We performed a pilot screen in 384-well format with 67
compounds (for 16 drugs with one and 51 drugs with two concentrations), using duplicate wells per drug and concentration. We plated
compounds in polypropylene 96-well storage plates (Thermo Fisher
Scientific), which were stored at –20°C. For each batch of samples,
a new drug-storage plate was thawed and compounds were diluted
by addition of RPMI-HS. Ten microliters of the compound dilutions
were plated in white 384-well assay plates (Greiner Bio One). Plates
were sealed with breathable foil (Sigma-Aldrich) in order to reduce
evaporation on plate edges. Cells were incubated with compounds
for 48 and 72 hours at 37°C in a pilot experiment, followed by immediate readout. As few effects were exclusively observed at 72 hours,
we performed the main screen using a 48-hour incubation time only
to reduce potential noise. We used 1 well per drug and concentration in the plate design. Sixty-four drugs in 5 concentrations across
249 patient samples were studied. Due to instability and subsequent
batch effects, bortezomib was excluded. For all downstream analysis 63 drugs were used. Screening was done in 384-well assay plates.
Drugs were preplated and frozen. For screening, we selected patient
donors who had a white blood cell (WBC) count greater than 25,000
and samples for which we had at least 5 × 107 cells available. After
thawing and DMSO removal, primary patient cells were incubated in
cell culture medium at room temperature for 3 hours on a roll mixer.
The intention of this procedure was 2-fold: (a) to completely wash out
remaining DMSO, and (b) to only consider cells during cell counting
that survived the freezing procedure. Although the percentage of cells
that survived the freezing was variable between patient samples, we
observed no significant loss of cell viability during the 48-hour incubation time (in negative control wells, i.e., without drug treatment),
as shown in Supplemental Figure 29. Indeed, we observed a trend for
increased ATP luminescence after the 48-hour incubation, perhaps
due to recovery of the cells from freezing stress. Of note, no cell proliferation is expected in these culture conditions. For each sample, we
dispensed a volume of 15 μl in each well of the 384-well plates with
stock solution concentration of 1.3 × 106 cells/ml. The final cell concentration was 2 × 104 cells per well.
Genome and transcriptome analysis. For 107 patients, we performed
WES on tumor DNA and constitutive normal DNA. DNA was extracted using the QIAamp DNA kit (Qiagen) according to manufacturer’s
protocol. DNA quantification was performed on a Qubit 2.0 Flourom-
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eter (Life Technologies). Libraries for WES were prepared on the Sure
Select Automated Library Prep and Capture System (Agilent Technologies) according to the manufacturer’s protocol (version E.3). In brief,
genomic DNA (1.5–3 μg) from each sample was fragmented to a length
distribution peak of 150 to 200 nt for the preparation of paired-end
sequencing libraries. Enrichment for exomic sequence was performed
using Agilent SureSelect V4+UTR in-solution capture reagents following vendor’s protocol v2.0.1. Sequencing was carried out on HiSeq
2000 machines (Illumina) with 3 samples multiplexed per lane.
For RNA-Seq, RNA was extracted from 123 patients using the
RNA RNeasy mini kit (Qiagen) according to the manufacturer’s protocol. RNA quantification was performed on a Qubit 2.0 Flourometer.
Quality was assessed on an Agilent 2100 Bioanalyzer. An RNA integrity number (RIN) of at least 8 was required. RNA-Seq libraries were
prepared according to the manufacturer’s protocol (Illumina TruSeq
RNA sample preparation v2). Sequencing was performed on Illumina
HiSeq 2000 machines with 2–3 samples multiplexed per lane.
Targeted sequencing. Sequencing was performed on a GS Junior
benchtop sequencer (Roche) as described previously (65). Targeted
sequencing was performed for BRAF (n = 231), NOTCH1 (n = 231),
TP53 (n = 230), SF3B1 (n = 231), MYD88 (n = 230), KRAS (n = 188),
NRAS (n = 188), EZH2 (n = 188), and PIK3CA (n = 188). IGHV analysis
was performed as described previously (66).
DNA copy number variants. DNA copy numbers were assessed
using Illumina CytoSNP-12 and HumanOmni2.5-8 microarrays (n =
169). DNA (200 ng) was processed according to the manufacturer’s
instructions. Arrays were read out using the iScan array scanner. Copy
number variants were verified by using the exome sequencing data
(n = 107). Fluorescence in situ hybridization (FISH) analysis was performed for del11q22.3 (n = 162), del17p13 (n = 159), del13q14 (n = 155),
trisomy 12 (n = 152), del6q21 (n = 132), and gain8q24 (n = 125). Information on structural variants from FISH, exome sequencing, and SNP
arrays was combined into 1 table (n = 219).
DNA methylation arrays. Genome-wide DNA methylation profiling
was performed as described previously (58). A total of 196 CLL patients
were assayed by Illumina Infinium HumanMethylation 450k or 850k.
Data availability. European Genome-Phenome Archive (EGA)
accession EGAS0000100174. The complete data and computational
analysis code used in this study are available from www.bioconductor.
org in the R package pace.
Statistics. To quantify the response of a patient sample to a drug
at a given concentration, we used viability relative to the control, i.e.,
the CellTiter Glo luminescence readout of the respective well divided by the median of luminescence readouts of the 32 DMSO control
wells on the same plate. Integrative data analysis of gene and RNA
sequencing, CNV, methylation profiles and drug responses was performed using R version 3 and included univariate association tests,
multivariate regression with and without lasso penalization, Cox
regression, generalized linear models, principal component analysis
and clustering. The complete data analysis is described in further
detail in the supplemental methods (Section 4), and a computerexecutable transcript of analyses is provided in the form of Rmarkdown files via http://pace.embl.de.
Study approval. The study was approved by the Ethics Committee Heidelberg (University of Heidelberg, Germany; S-206/2011;
S-356/2013). Patients who donated tumor material provided written
informed consent prior to study.
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Abstract

Introduction

Multi-omics studies promise the improved characterization of
biological processes across molecular layers. However, methods for
the unsupervised integration of the resulting heterogeneous data
sets are lacking. We present Multi-Omics Factor Analysis (MOFA), a
computational method for discovering the principal sources of variation in multi-omics data sets. MOFA infers a set of (hidden) factors
that capture biological and technical sources of variability. It disentangles axes of heterogeneity that are shared across multiple
modalities and those specific to individual data modalities. The
learnt factors enable a variety of downstream analyses, including
identification of sample subgroups, data imputation and the detection of outlier samples. We applied MOFA to a cohort of 200 patient
samples of chronic lymphocytic leukaemia, profiled for somatic
mutations, RNA expression, DNA methylation and ex vivo drug
responses. MOFA identified major dimensions of disease heterogeneity, including immunoglobulin heavy-chain variable region
status, trisomy of chromosome 12 and previously underappreciated
drivers, such as response to oxidative stress. In a second application, we used MOFA to analyse single-cell multi-omics data,
identifying coordinated transcriptional and epigenetic changes
along cell differentiation.

Technological advances increasingly enable multiple biological
layers to be probed in parallel, ranging from genome, epigenome,
transcriptome, proteome and metabolome to phenome profiling
(Hasin et al, 2017). Integrative analyses that use information
across these data modalities promise to deliver more comprehensive insights into the biological systems under study. Motivated by
this, multi-omics profiling is increasingly applied across biological
domains, including cancer biology (Gerstung et al, 2015; Iorio
et al, 2016; Mertins et al, 2016; Cancer Genome Atlas Research
Network, 2017), regulatory genomics (Chen et al, 2016), microbiology (Kim et al, 2016) or host-pathogen biology (Soderholm
et al, 2016). Most recent technological advances have also enabled
performing multi-omics analyses at the single-cell level (Macaulay
et al, 2015; Angermueller et al, 2016; Guo et al, 2017; Clark et al,
2018; Colomé-Tatché & Theis, 2018). A common aim of such
applications is to characterize heterogeneity between samples, as
manifested in one or several of the data modalities (Ritchie et al,
2015). Multi-omics profiling is particularly appealing if the relevant
axes of variation are not known a priori, and hence may be
missed by studies that consider a single data modality or targeted
approaches.
A basic strategy for the integration of omics data is testing for
marginal associations between different data modalities. A
prominent example is molecular quantitative trait locus mapping,
where large numbers of association tests are performed between
individual genetic variants and gene expression levels (GTEx Consortium, 2015) or epigenetic marks (Chen et al, 2016). While eminently useful for variant annotation, such association studies are
inherently local and do not provide a coherent global map of the
molecular differences between samples. A second strategy is the
use of kernel- or graph-based methods to combine different
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data types into a common similarity network between samples
(Lanckriet et al, 2004; Wang et al, 2014); however, it is difficult
to pinpoint the molecular determinants of the resulting graph
structure. Related to this, there exist generalizations of other
clustering methods to reconstruct discrete groups of samples
based on multiple data modalities (Shen et al, 2009; Mo et al,
2013).
A key challenge that is not sufficiently addressed by these
approaches is interpretability. In particular, it would be desirable to
reconstruct the underlying factors that drive the observed variation
across samples. These could be continuous gradients, discrete
clusters or combinations thereof. Such factors would help in
establishing or explaining associations with external data such as
phenotypes or clinical covariates. Although factor models that aim to
address this have previously been proposed (e.g. Meng et al, 2014,
2016; Tenenhaus et al, 2014; preprint: Singh et al, 2018), these
methods either lack sparsity, which can reduce interpretability, or
require a substantial number of parameters to be determined using
computationally demanding cross-validation or post hoc. Further
challenges faced by existing methods are computational scalability to
larger data sets, handling of missing values and non-Gaussian data
modalities, such as binary readouts or count-based traits.

Results
We present Multi-Omics Factor Analysis (MOFA), a statistical
method for integrating multiple modalities of omics data in an unsupervised fashion. Intuitively, MOFA can be viewed as a versatile
and statistically rigorous generalization of principal component
analysis (PCA) to multi-omics data. Given several data matrices
with measurements of multiple omics data types on the same or on
partially overlapping sets of samples, MOFA infers an interpretable
low-dimensional data representation in terms of (hidden) factors
(Fig 1A). These learnt factors capture major sources of variation
across data modalities, thus facilitating the identification of continuous molecular gradients or discrete subgroups of samples. The
inferred factor loadings can be sparse, thereby facilitating the linkage between the factors and the most relevant molecular features.
Importantly, MOFA disentangles to what extent each factor is
unique to a single data modality or is manifested in multiple modalities (Fig 1B), thereby revealing shared axes of variation between the
different omics layers. Once trained, the model output can be used
for a range of downstream analyses, including visualization, clustering and classification of samples in the low-dimensional space(s)
spanned by the factors, as well as the automated annotation of
factors using (gene set) enrichment analysis, the identification of
outlier samples and the imputation of missing values (Fig 1B).
Technically, MOFA builds upon the statistical framework of
group Factor Analysis (Virtanen et al, 2012; Khan et al, 2014; Klami
et al, 2015; Bunte et al, 2016; Zhao et al, 2016; Leppäaho & Kaski,
2017), which we have adapted to the requirements of multi-omics
studies (Materials and Methods): (i) fast inference based on a variational approximation, (ii) inference of sparse solutions facilitating
interpretation, (iii) efficient handling of missing values and (iv) flexible combination of different likelihood models for each data
modality, which enables integrating diverse data types such as
binary-, count- and continuous-valued data. The relationship of

2 of 13

Molecular Systems Biology 14: e8124 | 2018

Multi-Omics Factor Analysis

Ricard Argelaguet et al

MOFA to previous approaches (Shen et al, 2009; Virtanen et al, 2012;
Mo et al, 2013; Klami et al, 2015; Remes et al, 2015; Bunte et al,
2016; Hore et al, 2016; Zhao et al, 2016; Leppáaho & Kaski, 2017) is
discussed in Materials and Methods and Appendix Table S3.
MOFA is implemented as well-documented open-source software
and comes with tutorials and example workflows for different application domains (Materials and Methods). Taken together, these
functionalities provide a powerful and versatile tool for disentangling sources of variation in multi-omics studies.
Model validation and comparison on simulated data
First, to validate MOFA, we simulated data from its generative
model, varying the number of views, the likelihood models, the
number of latent factors and other parameters (Materials and
Methods, Appendix Table S1). We found that MOFA was able to
accurately reconstruct the latent dimension, except in settings with
large numbers of factors or high proportions of missing values
(Appendix Fig S1). We also found that models that account for nonGaussian observations improved the fit when simulating binary or
count data (Appendix Figs S2 and S3).
We also compared MOFA to two previously reported latent variable models for multi-omics integration: GFA (Leppäaho & Kaski,
2017) and iCluster (Mo et al, 2013). Over a range of simulations, we
observed that GFA and iCluster tended to infer redundant factors
(Appendix Fig S4) and were less accurate in recovering patterns of
shared factor activity across views (Appendix Fig S5). MOFA is also
computationally more efficient than these existing methods
(Fig EV1). For example, the training on the CLL data, which we
consider next, required 25 min using MOFA versus 34 h with GFA
and 5–6 days with iCluster.
Application to chronic lymphocytic leukaemia
We applied MOFA to a study of chronic lymphocytic leukaemia
(CLL), which combined ex vivo drug response measurements with
somatic mutation status, transcriptome profiling and DNA methylation assays (Dietrich et al, 2018; Fig 2A). Notably, nearly 40% of
the 200 samples were profiled with some but not all omics types;
such a missing value scenario is not uncommon in large cohort
studies, and MOFA is designed to cope with it (Materials and Methods; Appendix Fig S1). MOFA was configured to combine different
likelihood models in order to accommodate the combination of
continuous and discrete data types in this study.
MOFA identified 10 factors (minimum explained variance 2%
in at least one data type; Materials and Methods). These were
robust to algorithm initialization as well as subsampling of the
data (Appendix Figs S6 and S7). The factors were largely orthogonal, capturing independent sources of variation (Appendix Fig S6).
Among these, Factors 1 and 2 were active in most assays, indicating broad roles in multiple molecular layers (Fig 2B). In contrast,
other factors such as Factor 3 or Factor 5 were specific to two
data modalities, and Factor 4 was active in a single data modality
only. Cumulatively, the 10 factors explained 41% of variation in
the drug response data, 38% in the mRNA data, 24% in the DNA
methylation data and 24% in the mutation data (Fig 2C).
We also trained MOFA when excluding individual data modalities to probe their redundancy, finding that factors that were active
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Figure 1. Multi-Omics Factor Analysis: model overview and downstream analyses.
A Model overview: MOFA takes M data matrices as input (Y1,. . ., YM), one or more from each data modality, with co-occurrent samples but features that are not
necessarily related and that can differ in numbers. MOFA decomposes these matrices into a matrix of factors (Z) for each sample and M weight matrices, one for each
data modality (W1,.., WM). White cells in the weight matrices correspond to zeros, i.e. inactive features, whereas the cross symbol in the data matrices denotes
missing values.
B 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 data modality, (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.

in multiple data modalities could still be recovered, while the
identification of others was dependent on a specific data type
(Appendix Fig S8). In comparison with GFA (Leppäaho & Kaski,
2017) and iCluster (Mo et al, 2013), MOFA was more consistent in
identifying factors across multiple model instances (Appendix
Fig S9).
MOFA identifies important clinical markers in CLL and reveals an
underappreciated axis of variation attributed to oxidative stress
As part of the downstream pipeline, MOFA provides different strategies to use the loadings of the features on each factor to identify
their aetiology (Fig 1B). For example, based on the top weights in
the mutation data, Factor 1 was aligned with the somatic mutation
status of the immunoglobulin heavy-chain variable region gene
(IGHV), while Factor 2 aligned with trisomy of chromosome 12
(Fig 2D and E). Thus, MOFA correctly identified two major axes of
molecular disease heterogeneity and aligned them with two of the
most important clinical markers in CLL (Zenz et al, 2010; Fabbri &
Dalla-Favera, 2016; Fig 2D and E).
IGHV status, the marker associated with Factor 1, is a surrogate
of the differentiation state of the tumour’s cell of origin and the
level of activation of the B-cell receptor. While in clinical practice
this axis of variation is generally considered binary (Fabbri &
Dalla-Favera, 2016), our results indicate a more complex
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substructure (Fig 3A, Appendix Fig S10). At the current resolution,
this factor was consistent with three subgroup models such as
proposed by Oakes et al (2016) and Queiros et al (2015)
(Appendix Fig S11), although there is suggestive evidence for an
underlying continuum. MOFA connected this factor to multiple
molecular layers (Appendix Figs S12 and S13), including changes
in the expression of genes previously linked to IGHV status
(Vasconcelos et al, 2005; Maloum et al, 2009; Trojani et al, 2012;
Morabito et al, 2015; Plesingerova et al, 2017; Fig 3B and C) and
with drugs that target kinases in or downstream of the B-cell
receptor pathway (Fig 3D and E).
Despite their clinical importance, the IGHV and the trisomy
12 factors accounted for < 20% of the variance explained by
MOFA, suggesting the existence of other sources of heterogeneity.
One example is Factor 5, which was active in the mRNA and
drug response data. Analysis of the weights in the mRNA
revealed that this factor tagged a set of genes enriched for oxidative stress and senescence pathways (Figs 2F and EV2A), with
the top weights corresponding to heat-shock proteins (HSPs;
Fig EV2B and C), genes that are essential for protein folding and
are up-regulated upon stress conditions (Srivastava, 2002;
Åkerfelt et al, 2010). Although genes in HSP pathways are upregulated in some cancers and have known roles in tumour cell
survival (Trachootham et al, 2009), thus far this gene family has
received little attention in the context of CLL. Consistent with
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Figure 2. Application of MOFA to a study of chronic lymphocytic leukaemia.
A

Study overview and data types. Data modalities are shown in different rows (D = number of features) and samples (N) in columns, with missing samples shown
using grey bars.
B, C (B) Proportion of total variance explained (R2) by individual factors for each assay and (C) cumulative proportion of total variance explained.
D
Absolute loadings of the top features of Factors 1 and 2 in the Mutations data.
E
Visualization of samples using Factors 1 and 2. The colours denote the IGHV status of the tumours; symbol shape and colour tone indicate chromosome 12 trisomy
status.
F
Number of enriched Reactome gene sets per factor based on the gene expression data (FDR < 1%). The colours denote categories of related pathways defined as in
Appendix Table S2.

this annotation based on the mRNA data, we observed that the
drugs with the strongest weights on Factor 5 were associated with
response to oxidative stress, such as target reactive oxygen species
(ROS), DNA damage response and apoptosis (Fig EV2D and E).
Factor 4 captured 9% of variation in the mRNA data, and gene
set enrichment analysis on the mRNA loadings suggested aetiologies
related to immune response pathways and T-cell receptor signalling
(Fig 2F), likely due to differences in cell type composition between
samples: While the samples are comprised mainly of B cells, Factor
4 revealed a possible contamination with other cell types such as T
cells and monocytes (Appendix Fig S14). Factor 3 explained 11% of
variation in the drug response data capturing differences in the
samples’ general level of drug sensitivity (Geeleher et al, 2016;
Appendix Fig S15).
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MOFA identifies outlier samples and accurately imputes
missing values
Next, we explored the relationship between inferred factors and
clinical annotations, which can be missing, mis-annotated or inaccurate, since they are frequently based on single markers or imperfect
surrogates (Westra et al, 2011). Since IGHV status is the major
biomarker impacting on clinical care, we assessed the consistency
between the inferred continuous Factor 1 and this binary marker.
For 176 out of 200 patients, the MOFA factor was in agreement with
the clinical IGHV status, and MOFA further allowed for classifying
12 patients that lacked clinically measured IGHV status (Fig EV3A
and B). Interestingly, MOFA assigned 12 patients to a different
group than suggested by their clinical IGHV label. Upon inspection
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Figure 3. Characterization of the inferred factor associated with the differentiation state of the cell of origin.
A Beeswarm plot with Factor 1 values for each sample with colours corresponding to three groups found by 3-means clustering with low factor values (LZ),
intermediate factor values (IZ) and high factor values (HZ).
B Absolute loadings for the genes with the largest absolute weights in the mRNA data. Plus or minus symbols on the right indicate the sign of the loading. Genes
highlighted in orange were previously described as prognostic markers in CLL and associated with IGHV status (Vasconcelos et al, 2005; Maloum et al, 2009; Trojani
et al, 2012; Morabito et al, 2015; Plesingerova et al, 2017).
C Heatmap of gene expression values for genes with the largest weights as in (B).
D Absolute loadings of the drugs with the largest weights, annotated by target category.
E Drug response curves for two of the drugs with top weights, stratified by the clusters as in (A).

of the underlying molecular data, nine of these cases showed intermediate molecular signatures, suggesting that they are borderline
cases that are not well captured by the binary classification; the
remaining three cases were clearly discordant (Fig EV3C and D).
Additional independent drug response assays as well as whole
exome sequencing data confirmed that these cases are outliers
within their IGHV group (Fig EV3E and F).
As incomplete data is a common problem in studies that combine
multiple high-throughput assays, we assessed the ability of MOFA
to fill in missing values within assays as well as when entire data
modalities are missing for some of the samples. For both imputation
tasks, MOFA yielded more accurate predictions than other established imputation strategies, including imputation by feature-wise
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mean, SoftImpute (Mazumder et al, 2010) and a k-nearest neighbour method (Troyanskaya et al, 2001; Fig EV4, Appendix Fig S16),
and MOFA was more robust than GFA, especially in the case of
missing assays (Appendix Fig S17).
Latent factors inferred by MOFA are predictive of
clinical outcomes
Finally, we explored the utility of the latent factors inferred by
MOFA as predictors in models of clinical outcomes. Three of the
10 factors identified by MOFA were significantly associated with
time to next treatment (Cox regression, Materials and Methods,
FDR < 1%, Fig 4A and B): Factor 1, related to the B-cell of origin,
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Figure 4. Relationship between clinical data and latent factors.
A Association of MOFA factors to time to next treatment using a univariate Cox regression with N = 174 samples (96 of which are uncensored cases) and P-values based
on the Wald statistic. Error bars denote 95% confidence intervals. Numbers on the right denote P-values for each predictor.
B Kaplan–Meier plots measuring time to next treatment for the individual MOFA factors. The cut-points on each factor were chosen using maximally selected rank
statistics (Hothorn & Lausen, 2003), and P-values were calculated using a log-rank test on the resulting groups.
C Prediction accuracy of time to treatment for N = 174 patients using multivariate Cox regression trained using the 10 factors derived using MOFA, as well using the
first 10 components obtained from PCA applied to the corresponding single data modalities and the full data set (assessed on hold-out data). Shown are average
values of Harrell’s C-index from fivefold cross-validation. Error bars denote standard error of the mean.

and two Factors, 7 and 8, associated with chemo-immunotherapy
treatment prior to sample collection (P < 0.01, t-test). In particular,
Factor 7 captures del17p and TP53 mutations as well as differences
in methylation patterns of oncogenes (Garg et al, 2014; Fluhr et al,
2016; Appendix Fig S18), while Factor 8 is associated with WNT
signalling (Appendix Fig S19).
We also assessed the prediction performance when combining
the 10 MOFA factors in a multivariate Cox regression model.
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Notably, this model yielded higher prediction accuracy than models
using components derived from conventional PCA (Fig 4C), individual molecular features (Appendix Fig S20) or MOFA factors derived
from only a subset of the available data modalities (Appendix Fig
S8B and D; assessed using cross-validation, Materials and Methods).
The predictive value of MOFA factors was similar to clinical covariates (such as lymphocyte doubling time) that are used to guide
treatment decisions (Appendix Fig S21).
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pluripotency state poised for cellular differentiation (Angermueller
et al, 2016). All cells were profiled using single-cell methylation and
transcriptome sequencing, which provides parallel information of
these two molecular layers (Fig 5A). We applied MOFA to disentangle the observed heterogeneity in the transcriptome and the CpG
methylation at three different genomic contexts: promoters, CpG
islands and enhancers.
MOFA identified three major factors driving cell–cell heterogeneity (minimum explained variance of 2%, Materials and Methods):
while Factor 1 is shared across all data modalities (7% variance
explained in the RNA data and between 53 and 72% in the methylation data sets), Factors 2 and 3 are active primarily in the RNA data

In an application to single cell data MOFA reveals coordinated
changes between the transcriptome and the epigenome along a
differentiation trajectory
As multi-omics approaches are also beginning to emerge in singlecell biology (Macaulay et al, 2015; Angermueller et al, 2016; Guo
et al, 2017; Clark et al, 2018; Colomé-Tatché & Theis, 2018), we
investigated the potential of MOFA to disentangle the heterogeneity
observed in such studies. We applied MOFA to a data set of 87
mouse embryonic stem cells (mESCs), comprising of 16 cells
cultured in “2i” media, which induces a naive pluripotency state,
and 71 serum-grown cells, which commits cells to a primed
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Figure 5. Application of MOFA to a single-cell multi-omics study.
A

Study overview and data types. Data modalities are shown in different rows (D = number of features) and samples (N) in columns, with missing samples shown
using grey bars.
B, C (B) Fraction of the variance explained (R2) by individual factors for each data modality and (C) cumulative proportion of variance explained.
D
Absolute loadings of Factor 1 (bottom) and Factor 2 (top) in the mRNA data. Labelled genes in Factor 1 are known markers of pluripotency (Mohammed et al, 2017)
and genes labelled in Factor 2 are known differentiation markers (Fuchs, 1988).
E
Scatterplot of Factors 1 and 2. Colours denote culture conditions. The grey arrow illustrates the differentiation trajectory from naive pluripotent cells via primed
pluripotent cells to differentiated cells.
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(Fig 5B and C). Gene loadings revealed that Factor 1 captured the
cells’ transition from naı̈ve to primed pluripotent states, pinpointing
pluripotency markers such as Rex1/Zpf42, Tbx3, Fbxo15 and Essrb
(Mohammed et al, 2017; Figs 5D and EV5A). MOFA connected
these transcriptomic changes to coordinated changes in the genomewide DNA methylation rate across all genomic contexts (Fig EV5B),
as previously described both in vitro (Angermueller et al, 2016) and
in vivo (Auclair et al, 2014). Factor 2 captured a second axis of differentiation from the primed pluripotency state to a differentiated
state with highest RNA loadings for known differentiation markers
such as keratins and annexins (Fuchs, 1988; Figs 5D and EV5C).
Finally, Factor 3 captured the cellular detection rate, a known technical covariate associated with cell quality and mRNA content
(Finak et al, 2015; Appendix Fig S22).
Jointly, Factors 1 and 2 captured the entire differentiation trajectory from naive pluripotent cells via primed pluripotent cells to differentiated cells (Fig 5E), illustrating the importance of learning
continuous latent factors rather than discrete sample assignments.
Multi-omics clustering algorithms such as SNF (Wang et al, 2014)
or iCluster (Shen et al, 2009; Mo et al, 2013) were only capable of
distinguishing cellular subpopulations, but not of recovering continuous processes such as cell differentiation (Appendix Fig S23).

Discussion
Multi-Omics Factor Analysis (MOFA) is an unsupervised method for
decomposing the sources of heterogeneity in multi-omics data sets.
We applied MOFA to high-dimensional and incomplete multi-omics
profiles collected from patient-derived tumour samples and to a
single-cell study of mESCs.
First, in the CLL study, we demonstrated that our method is able
to identify major drivers of variation in a clinically and biologically
heterogeneous disease. Most notably, our model identified previously known clinical markers as well as novel putative molecular
drivers of heterogeneity, some of which were predictive of clinical
outcome. Additionally, since MOFA factors capture variations of
multiple features and data modalities, inferred factors can help to
mitigate assay noise, thereby increasing the sensitivity for identifying molecular signatures compared to using individual features or
assays. Our results also demonstrate that MOFA can leverage information from multiple omics layers to accurately impute missing
values from sparse profiling data sets and guide the detection of
outliers, e.g. due to mislabelled samples or sample swaps.
In a second application, we used MOFA for the analysis of singlecell multi-omics data. This use case illustrates the advantage of
learning continuous factors, rather than discrete groups, enabling
MOFA to recover a differentiation trajectory by combining information from two sparsely profiled molecular layers.
While applications of factor models for integrating different data
types were reported previously (Lanckriet et al, 2004; Shen et al,
2009; Akavia et al, 2010; Mo et al, 2013), MOFA provides unique
features (Materials and Methods, Appendix Table S3) that enable
the interpretable reconstruction of the underlying factors and
accommodating different data types as well as different patterns of
missing data. MOFA is available as open-source software and
includes semi-automated analysis pipelines allowing for in-depth
characterizations of inferred factors. Taken together, this will foster
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the accessibility of interpretable factor models for a wide range of
multi-omics studies.
Although we have addressed important challenges for multiomics applications, MOFA is not free of limitations. The model is
linear, which means that it can miss strongly non-linear relationships between features within and across assays (Buettner & Theis,
2012). Non-linear extensions of MOFA may address this, although,
as with any models in high-dimensional spaces, there will be tradeoffs between model complexity, computational efficiency and interpretability (preprint: Damianou et al, 2016). A related area of work
is to incorporate prior information on the relationships between
individual features. For example, future extensions could make use
of pathway databases within each omic type (Buettner et al, 2017)
or priors that reflect relationships given by the “dogma of molecular
biology”. In addition, new likelihoods and noise models could
expand the value of MOFA in data sets with specific statistical properties that hamper the application of traditional statistical methods,
including zero-inflated data (i.e. scRNA-Seq; Pierson & Yau, 2015)
or binomial distributed data (i.e. splicing events; Huang & Sanguinetti, 2017). Finally, while here we focus our attention on the point
estimates of inferred factors, future extensions could attempt a more
comprehensive Bayesian treatment that propagates evidence
strength and estimation uncertainties to diagnostics and downstream analyses.

Materials and Methods
Multi-Omics Factor Analysis model
Starting from M data matrices Y1,..,YM of dimensions N × Dm,
where N is the number of samples and Dm the number of features in
data matrix m, MOFA decomposes these matrices as
Ym ¼ ZWmT þ em

m ¼ 1; . . .; M:

(1)

Here, Z denotes the factor matrix (common for all data matrices)
and Wm denotes the weight matrices for each data matrix m (also
referred to as view m in the following). em denotes the viewspecific residual noise term, with its form depending on the specifics of the data type (see Noise model).
The model is formulated in a probabilistic Bayesian framework,
where we place prior distributions on all unobserved variables of
the model (see plate diagram in Appendix Fig S24), i.e. the factors
Z, the weight matrices Wm and the parameters of the residual noise
term. In particular, we use a standard normal prior for the factors Z
and employ sparsity priors for the weight matrices (see next
section).
Model regularization
An appropriate regularization of the weight matrices is essential for
the model’s ability to disentangle variation across data sets and to
yield interpretable factors. MOFA uses a two-level regularization:
the first level encourages view- and factor-wise sparsity, thereby
allowing to directly identify which factor is active in which view.
The second level encourages feature-wise sparsity, thereby typically
resulting in a small number of features with active weights. To

ª 2018 The Authors

Published online: June 20, 2018

Ricard Argelaguet et al

Molecular Systems Biology

Multi-Omics Factor Analysis

encode these sparsity levels, we combine an Automatic Relevance
Determination (ARD) prior for the first type of the sparsity with a
spike-and-slab prior for the second. For amenable inference, we
model the spike-and-slab prior by parameterizing the weights as a
product of a Bernoulli distributed random variable and a normally
c where sm  Ber ðhm Þ and
distributed random variable: W ¼ S W,
k
dk
cm  Nð0; 1=am Þ. To automatically learn the appropriate level of
W
dk
k
regularization for each factor and view, we use uninformative
conjugate prior on am
k , which controls the strength of factor k in
view m, and on hm
,
which
determines the feature-wise sparsity level
k
of factor k in view m (see Appendix Supplementary Methods,
Section 2 for details).
Noise model
MOFA supports the combination of different noise models to integrate diverse data types, including continuous, binary and count
data. A standard noise model for continuous data is the Gaussian
noise model assuming iid heteroscedastic residuals em , i.e.
m
m
em
nd  Nð0; 1=sd Þ, with Gamma prior on the precision parameters sd .
MOFA further supports noise models for binary and count data that
are not appropriately modelled using a Gaussian likelihood. In the
current version, MOFA models count data using a Poisson model
and binary data by using a Bernoulli model. Here, the model likeli 

 

T
T
hood is given by ym
and ym
nd  Poi k Zn: wd:
nd  Ber r Zn: wd: ,
respectively, where kðxÞ ¼ logð1 þ ex Þ and r denotes the logistic
function rðxÞ ¼ ð1 þ ex Þ1 .
Parameter inference
For scalability, we make use of a variational Bayesian framework,
which is essentially a mean field approximation for approximate
inference (Blei et al, 2017). The key idea is to approximate the
intractable posterior distribution using a simpler class of distributions by minimizing the Kullback–Leibler divergence to the exact
posterior, or equivalently maximizing the evidence lower bound
(ELBO). Convergence of the algorithm can be monitored based on
the ELBO. An overview of variational inference and details on the
specific implementation for MOFA can be found in Appendix Supplementary Methods, Section 3. To enable an efficient inference for
non-Gaussian likelihoods, we employ variational lower bounds on
the likelihood (Jaakkola & Jordan, 2000; Seeger & Bouchard, 2012;
see Appendix Supplementary Methods, Section 4).

While the inferred factors are robust under different initializations (e.g. Appendix Fig S6C and D), the optimization landscape is
non-convex, and hence, the algorithm is not guaranteed to converge
to a global optimum. Results presented here are based on 10–25
random restarts, selecting the model with the highest ELBO (e.g.
Appendix Fig S6B).
Downstream analysis for factor interpretation and annotation
As part of MOFA, we provide the R package MOFAtools, which
provides a semi-automated pipeline for the characterization and
interpretation of the latent factors. In all downstream analyses, we
use the expectations of the model variables under the posterior
distributions inferred by the variational framework.
The first step, after a model has been trained, is to disentangle
the variation explained by each factor in each view. To this end, we
compute the fraction of the variance explained (R2) by factor k in
view m as
R2m;k ¼ 1 

X
n;d

m
m
ym
nd  znk wkd  ld

2 X
2
=
ym  lm
d
n;d nd

as well as the fraction of variance explained per view taking into
account all factors
R2m ¼ 1 

X
n;d

ym
nd 

X

z wm
k nk kd

 lm
d

2 X
2
=
ym  lm
d
n;d nd

Here, lm
d denotes the feature-wise mean. Subsequently, each
factor is characterized by three complementary analyses:
1
Ordination of the samples in factor space: Visualize a lowdimensional representation of the main drivers of sample
heterogeneity.
2
Inspection of top features with largest weight: The loadings can
give insights into the biological process underlying the heterogeneity captured by a latent factor. Due to scale differences
between assays, the weights of different views are not directly
comparable. For simplicity, we scale each weight vector by its
absolute value.
3
Feature set enrichment analysis: Combine the signal from functionally related sets of features (e.g. gene sets) to derive a
feature set-based annotation. By default, we use a parametric
t-test comparing the means of the foreground set (the weights
of features that belong to a set G) and the background set (the
weights of features that do not belong to the set G), similar to
the approach described in Frost et al (2015).

Model training and selection
Relationship to existing methods
An important part of the training is the determination of the number
of factors. Factors are automatically inactivated by the ARD prior of
the model as described in Model regularization. In practice, factors
are pruned during training using a minimum fraction of variance
explained threshold that needs to be specified by the user. Alternatively, the user can fix the number of factors and the minimum variance criterion is ignored. In the analyses presented, we initialized
the models with K = 25 factors and they were pruned during training using a threshold of variance explained of 2%. For details on the
implementation as well as practical considerations for training and
choice of the threshold parameter, refer to Appendix Supplementary
Methods, Section 5.
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MOFA builds upon the statistical framework of group Factor
Analysis (Virtanen et al, 2012; Khan et al, 2014; Klami et al, 2015;
Bunte et al, 2016; Zhao et al, 2016; Leppäaho & Kaski, 2017) and is
in part also related to the iCluster methods (Shen et al, 2009; Mo
et al, 2013) as shown in Appendix Table S3. Here, we describe these
connections in further detail.
iCluster
In contrast to MOFA, iCluster uses in each view the same extent of
regularization for all factors, which may be sufficient for the
purpose of clustering (the primary application of iCluster); however,
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it results in a reduced ability for distinguishing factors that drive
variation in distinct subsets of views (Appendix Fig S5). Additionally, unlike MOFA and GFA, iCluster does not handle missing values
and is computationally demanding (Fig EV1), as it requires re-fitting
the model for a large range of different penalty parameters and
choices of the model dimension.

simulated data from the generative model for Ktrue = 10 and
Ktrue = 15 factors (M, N, D as before, no missing values, only
Gaussian views), where factors were set to either active or inactive
3
in a specific view by sampling the parameter am
k from {1,10 }.
Appendix Table S1 shows in more detail the simulation parameters
used in each setting.

Group Factor Analysis
While the underlying model of MOFA is closely connected to the
most recent GFA implementation (Leppäaho & Kaski, 2017), GFA
is restricted to Gaussian observation noise. In terms of the algorithmic implementation, MOFA uses an additional “burn-in period”
during training during which the sparsity constraints are deactivated to avoid early splitting of factors and actively drops factors
below a predefined variance threshold (see Model training and
selection). In contrast, GFA directly uses sparsity constraints
throughout training and also maintains factors that have near-zero
relevance. In terms of inference, MOFA is implemented using a
variational approximate Bayesian inference, whereas GFA is based
on a Gibbs sampler. In terms of computational scalability
(Fig EV1), both methods are linear in the model’s parameters,
although GFA is computationally more expensive in absolute
terms. This difference is particularly pronounced for data sets with
missing data. This, together with the inability to deactivate factors
during inference (Appendix Fig S4), renders GFA considerably
slower in applications to real data.

Details on the CLL analysis

Details on the simulation studies
Model validation
To validate MOFA, we simulated data from the generative model
for a varying number of views (M = 1,3,. . .,21), features
(D = 100,500,. . .,10,000), factors (K = 5,10,. . .,60), missing values
(from 0 to 90%) as well as for non-Gaussian likelihoods (Poisson,
Bernoulli; see Appendix Table S1 for simulation parameters). We
assessed the ability of MOFA to recover the true simulated number
of factors in the different settings, where we considered 10 repeat
experiments for every configuration. All trials were started with a
high number of factors (K = 100), and inactive factors were pruned
as described in Model training and selection.
Model comparison
To compare MOFA with to GFA, we simulated data from the
underlying generative model with Ktrue = 10 factors, M = 3 views,
N = 100 samples, D = 5,000 features each and 5% missing values
(missing at random). For each of the three views, we used a different likelihood model: continuous data were simulated with a
Gaussian distribution, binary data with a Bernoulli distribution
and count data with a Poisson distribution. Except for the nonGaussian likelihood extension, both methods share the same
underlying generative model, thus allowing for a meaningful
comparison. We fit ten realizations of the MOFA and GFA models
with Kinitial = 20 factors and let the method determine the most
likely number factors. To assess scalability, we considered the
same base parameter settings, varying one of the simulation
parameters at a time (number of factors K, number of features D,
number of samples N and number of views M, all Gaussian). To
assess the ability to reconstruct factor activity patterns, we
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Data processing
The data were taken from (Dietrich et al, 2018), where details on
the data generation and processing can be found. Briefly, this data
set consists of somatic mutations (combination of targeted and
whole exome sequencing), RNA expression (RNA-Seq), DNA methylation (Illumina arrays) and ex vivo drug response screens (ATPbased CellTiter-Glo assay). For the training of MOFA, we included
62 drug response measurements (excluding NSC 74859 and bortezomib due to bad quality) at five concentrations each (D = 310)
with a threshold at 1.1 to remove outliers. Mutations were considered if present in at least three samples (D = 69). Low counts from
RNA-Seq data were filtered out and the data were normalized using
the estimateSizeFactors and varianceStabilizingTransformation function of DESeq2 (Love et al, 2014). For training, we considered the
top D = 5,000 most variable mRNAs after exclusion of genes from
the Y chromosome. Methylation data were transformed to M-values,
and we extracted the top 1% most variable CpG sites excluding sex
chromosomes (D = 4,248). We included patients diagnosed with
CLL and having data in at least two views into the MOFA model
leading to a total of N = 200 samples.
Model training and selection
We trained MOFA using 25 random initializations with a variance
threshold of 2% and selected the model with the best fit for downstream analysis (see Model training and selection).
Gene set enrichment analysis
Gene set enrichment analysis was performed based on Reactome
gene sets (Fabregat et al, 2015) as described above. Resulting Pvalues were adjusted for multiple testing for each factor using the
Benjamini–Hochberg procedure (Benjamini & Hochberg, 1995).
Significant enrichments were at a false discovery rate of 1%.
Imputation
To compare imputation performance, we trained MOFA on the
subset of samples with all measurements (N = 121) and masked at
random either single values or all measurements for randomly
selected samples in the drug response. After model training, the
masked values were imputed directly from the model equation (1)
and the accuracy was assessed in terms of mean squared error on
the true (masked) values. For both settings, we fixed the number of
factors in MOFA to K = 10. To investigate the dependence on K for
imputation and to compare MOFA to GFA, we re-ran the same
masking experiments varying K = 1,. . .,20 (Appendix Fig S17).
Survival analysis
Associations between the inferred factors and clinical covariates
were assessed using the patients’ time to next treatment as
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response variable in a Cox model (N = 174 samples with treatment
information, 96 of which are uncensored cases). For univariate
association tests (as shown in Fig 4A, Appendix Fig S21), we
scaled all predictors to ensure comparability of the hazard ratios
and we rotated factors, which are rotational invariant, such that
their hazard ratio is greater or equal to 1. To investigate the
predictive power of different data sets, we used a multivariate Cox
model and compared Harrell’s C-index of predictions in a stratified
fivefold cross-validation scheme. As predictors, we included the
top 10 principal components calculated on the data for each single
view, a concatenated data set (“all”) as well as the 10 MOFA
factors. Missing values in a view were set to the feature-wise
mean. In a second set of models, we used the complete set of all
features in a view with a ridge penalty in the Cox model as implemented in the R package glmnet. For the Kaplan–Meier plots, an
optimal cut-point on each factor was determined to define the two
groups using the maximally selected rank statistics as implemented
in the R package survminer with P-values based on a log-rank test
between the resulting groups.
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