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T-cell leukemias and lymphomas (TCL) form a heterogeneous
group of rare and often aggressive malignancies. Because of the
rarity and heterogeneity of TCL subtypes, clinical trials are
challenging to conduct, making pharmacogenomic studies in cell
line panels critical for the discovery of targeted therapeutics. The
scarcity of data repositories with integrated multiomics and drug
screening data hinders the preclinical evaluation of drug vul-
nerabilities and the identification of molecular markers predictive
of responses to monotherapies and combinations. To address this
gap, we conducted comprehensive pharmacogenomic profiling
on a panel of 38 TCL cell lines, representing major clinical TCL
subtypes to capture the molecular and phenotypic diversity. The
TCL-38 multiomics data resource includes harmonized genetic,
molecular, and epigenetic profiles, with comprehensive annota-
tions and standardized drug response assessment of each cell line.
This resource, together with machine learning predictions, was lev-
eraged to identify TCL subtype-specific therapeutic vulnerabilities,
including single-agent sensitivities and synergistic drug combina-
tions, which were linked to genetic or epigenetic features as potential
predictive biomarkers. This integrated and openly available resource
(https://aittokallio.group/tcl38) could help advance the currently
limited treatment options for patients with TCL.
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Significance: Integrated and harmonized multiomics analyses
and drug screening across a heterogeneous panel of T-cell leu-
kemias and lymphomas provide a resource to uncover drug tar-
gets and predictive biomarkers to improve patient outcomes.
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Introduction

T-cell leukemias and lymphomas (TCL) comprise a heteroge-
neous group of rare and often aggressive non-Hodgkin lymphomas
that originate from T lymphocytes at various stages of maturation.
TCLs account for approximately 10% to 15% of all non-Hodgkin
lymphomas in the Western hemisphere (1, 2). Each TCL subtype of
the current World Health Organization classification is considered a
distinct clinicopathologic entity, defined by unique presentation and
natural history as well as molecular abnormalities (3). TCL diversity
originates from the heterogeneity of T- and NK-cell populations
from which they originate. Immature T-cell neoplasms, also known
as precursor T-cell neoplasms, include T-cell acute lymphoblastic
leukemia (T-ALL); however, we note that maturation status repre-
sents a continuum rather than discrete categories. Mature T-cell
neoplasms include primary nodal, such as peripheral T-cell lym-
phoma, not otherwise specified (PTCL-NOS), and anaplastic
large cell lymphoma (ALCL); primary extranodal, such as
extranodal NK-/T-cell lymphoma-nasal type; primary cutaneous
(CTCL), such as mycosis fungoides/Sézary syndrome or cuta-
neous gamma-delta (y8) T-cell lymphoma; and leukemic forms,
such as T-large granular lymphocytic leukemia (T-LGL) or
T-prolymphocytic leukemia (T-PLL). TCLs include both leuke-
mic forms, such as T-PLL, and lymphomatous forms, which
together represent the spectrum of T-cell malignancies.

Current treatment options for TCLs have only recently started to
become more specific to subtypes. Poly-chemotherapy regimens,
such as CHOP (cyclophosphamide, doxorubicin, vincristine, and
prednisone), still represent the mainstay of initial therapies, but
more targeted therapies have in part supplemented these conven-
tional backbones or have replaced them in relapsed/refractory TCLs.
Examples are the anti-CD30 agent brentuximab vedotin, histone
deacetylase inhibitors (e.g., romidepsin, belinostat, vorinostat, and
tucidinostat), and monoclonal antibodies (e.g., CCR4 inhibitor
mogamulizumab and anti-CD52 agent alemtuzumab). The roles of
autologous and allogeneic stem cell transplantation for eligible pa-
tients are still not entirely defined (4-7). Despite these therapeutic
advancements, patient outcomes in most TCLs remain poor (5,
8-10). The rarity and heterogeneity of TCL subtypes pose significant
hurdles in conducting sufficiently powered clinical trials for novel
treatments in defined TCL subsets. In particular, there is a medical
need for a continued discovery and preclinical evaluation of effec-
tive and TCL subtype-specific combinations of approved or novel
substances, but testing the combinatorial effects is challenged by
limited resources of available, well-annotated patient material and
representative model systems.

Pharmacogenomic profiling of cancer cell lines has led to the
discovery of clinically relevant therapeutic targets, drug combina-
tions, and predictive biomarkers using panels of molecularly char-
acterized systems in various cancer types (11-17). For the rare TCL
subtypes, well-characterized cell line panels would offer a valuable
platform to identify new targeted treatments and vulnerabilities with
companion biomarkers extracted from omics data. Only a few drug
screening studies have been performed in TCL cell lines (Supple-
mentary Table S1), and integrating omics data and drug sensitivity
profiles from multiple studies is challenging because of technical
variations and differences in molecular profiling and screening
methodologies. Databases such as DepMap (18), CellMinerCDB
(19), and PharmacoDB (20, 21) integrate data from multiple phar-
macogenomic studies, but these include only a few TCL subtypes
with drug response profiles and lack comprehensive, standardized
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omics profiles. Similarly, drug combination data resources, such as
DrugComb (22, 23) and SYNERGxDB (24), contain only minimal
TCL drug combination response data (Supplementary Table S1).
To address these limitations, we established the TCL-38 phar-
macogenomic resource, the largest to date and most comprehensive
panel of TCL cell lines, featuring harmonized multiomics data,
comprehensive annotations, and standardized drug response as-
sessments. Here, we describe the development and use of the TCL-
38 resource and an interactive web application (https://aittokallio.
group/tcl38). In this report, we demonstrate its utility in identifying
TCL subtype-specific vulnerabilities, including single-agent sensi-
tivities and synergistic drug combinations. We present several case
studies in which novel sensitivities are linked to (epi)genetic fea-
tures, demonstrating that the TCL-38 multiomics resource has
sufficient power for biomarker discovery. Additionally, we show
how the pharmacogenomic resource can be used as a unique
training dataset for machine learning (ML) models for predicting
novel single-drug or drug combination responses that have not yet
been experimentally tested across the heterogeneous TCL subtypes.

Materials and Methods

Cell culture

MyLa (RRID: CVCL_2633) and SeAx (RRID: CVCL_5363) cell
lines were a kind gift from Dr. Hinrich Abken. Mac-1 (RRID:
CVCL_H631) and Mac-2a (RRID: CVCL_H637) cell lines were a
kind gift from Dr. Marshall Kadin. TLBR-1 (RRID: CVCL_L177),
TLBR-2 (RRID: CVCL_AIEY), OCI-Ly13.2 (RRID: CVCL_8797),
DL-40 (RRID: CVCL_2889), SMZ-1 (RRID: CVCL_RL84), MOTN-
1 (RRID: CVCL_2127), NKL (RRID: CVCL_0466), and MTA
(RRID: CVCL_3032) cell lines were a kind gift from Dr. Raphael
Koch. The SUP-T13 (RRID: CVCL_9973) cell line was a kind gift
from Dr. Stephen D. Smith. The NK-YS (RRID: CVCL_8461) and
SNK-6 (RRID: CVCL_A673) cell lines were a kind gift from Dr.
John Chan. The KOPT-K1 (RRID: CVCL_4965) cell line was a kind
gift from Dr. Koshi Akahane. Jurkat cells (RRID: CVCL_0065) were
a kind gift from Dr. Florian Grebien. The Karpas 299 (RRID:
CVCL_1324) cell line was a kind gift from Dr. Anna-Lena Illert. The
DEL (RRID: CVCL_1170) cell line was a kind gift from Dr.
Georgios Rassidakis. DND-41 (RRID: CVCL_2022), CCRF-H-SB2
(RRID: CVCL_1859), ALL-SIL (RRID: CVCL_1805), Peer
(RRID: CVCL_1913), and Loucy (RRID: CVCL_1380) cell lines
were a kind gift from Dr. A. Thomas Look. H9 (RRID: CVCL_1240),
HH (RRID: CVCL_1280), SU-DHL-1 (RRID: CVCL_0538), SUP-M2
(RRID: CVCL_2209), L82 (RRID: CVCL_2098), SUP-T11 (RRID:
CVCL_2210), DERL-2 (RRID: CVCL_2016), DERL-7 (RRID:
CVCL_2017), YT (RRID: CVCL,_1797), KHYG-1 (RRID: CVCL_2976),
and NK-92 (RRID: CVCL_2142) cell lines were obtained from the
German Collection of Microorganisms and Cell Cultures GmbH
(DSMZ). HUT-78 (RRID: CVCL_0337) cells were purchased from
CLS Cell Lines Service GmbH. Karpas 384 (RRID: CVCL_2541)
cells were obtained from the European Collection of Cell Cultures.
MOLT-4 (RRID: CVCL_0013) cells were purchased from the
ATCC. TCL-38 cell lines were cultured in media containing RPMI-
1640 supplemented with 10% heat-inactivated FBS, 10 U/mL
penicillin/streptomycin, and 2 mmol/L L-glutamine. The cell lines
TLBR-1, NK-92, and NKL were additionally grown in the presence
of 10 ng/mL IL2, TLBR2 in 5 ng/mL IL2, DERL-2, DERL-7, NK-YS,
SNK-6, KHYG-1, YT, and MOTN-1 in 2.5 ng/mL IL2, and SeAx
cells were grown with 5 ng/mL IL2 and IL4. All cell lines were
incubated at 37°C with 5% CO, in a humidified environment and
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were regularly tested and confirmed negative for Mycoplasma using
PhoenixDx Mycoplasma Mix (Procomcure Biotech). The authen-
ticity of all TCL-38 cell lines was confirmed by short tandem repeat
profiling (Microsynth GmbH). Upon thawing cryopreserved cell
lines, the cells were kept in culture for no more than 2 months. We
note that neither human T-cell lymphotropic virus nor ATLL cell
lines were included in the study.

Single-agent testing

The 172 compounds tested across the 38 cell lines are listed in
Supplementary Table S3. The compounds were plated in five con-
centrations in varying concentration ranges, centered around a
compound-specific relevant cellular activity concentration on black
clear-bottom 384-well plates (Corning, #3712), using an Echo
550 Liquid Handler (Labcyte). As negative and positive controls, we
used 0.1% DMSO and 100 umol/L benzethonium chloride, respec-
tively. The predrugged plates were stored in pressurized Storage-
Pods (Roylan Developments Ltd.) filled with inert nitrogen gas. All
subsequent liquid handling was performed using a MultiFlo FX
dispenser (BioTek). After 72-hour incubation, cell viability was
measured with CellTiter-Glo (Promega) reagent, and lumines-
cence was recorded using a PHERAstar plate reader (BMG
Labtech) after 10-minute incubation at room temperature. We
re-screened 10 compounds that had poor quality in the initial
screen and the SNK-6 cell line with all the 172 compounds. The
percent inhibition values from each viability measurement are
available in the ORCESTRA PSet object. The normalized dose—
response data were used to calculate drug sensitivity scores (DSS)
for each compound and cell line, as described previously (25, 26).

Drug combination testing

Drug combinations were profiled using a fixed-ratio diagonal
design, in which combination responses at pairwise doses of each
drug were experimentally tested using seven doses for each com-
pound, using the same CellTiter-Glo cell viability assay as that for
the single-agent testing (Supplementary Table S3). The DECREASE
(27) ML model was applied to complete the full 8 x 8 dose-
response matrices using predicted combination responses. The ex-
pected combination responses were calculated based on the zero
interaction potency reference model implemented in the Synergy-
Finder (28) web tool. Deviations between the observed and expected
responses were quantified using the delta score, for which positive
values indicate synergistic interactions and negative values denote
antagonism. Most synergistic area scores, identified as the most
synergistic 3 x 3 dose window within each 8 x 8 dose-response
matrix, were used to generate the synergy profiles presented in
Fig. 3. All the measured dose-response combination matrices are
available in https://aittokallio.group/tcl38/TCL38combi.

RNA sequencing analysis

RNA sequencing (RNA-seq) of the TCL-38 cell lines was done in
two batches: the first 16 cell lines were sequenced first and the
genome-wide transcriptomic profiles used as input data for the ML
models for single-agent responses. The remaining 22 cell lines were
sequenced later using the same technology. All cell lines were cul-
tured and harvested in biological triplicates. For consistency, all cells
were subcultured into fresh media 24 hours prior to harvesting, and
cytokine-dependent lines were additionally supplemented with
fresh cytokine 4 hours prior to harvesting. Total RNA was
extracted using the RNeasy Plus Micro Kit (Qiagen) according to
the manufacturer’s instructions. RNA quality was assessed using
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the 4150 TapeStation (Agilent), and only samples with an RNA
integrity number > 8 were included. For mRNA sequencing,
polyA-enriched RNA libraries were prepared using the TruSeq
Stranded mRNA Library Prep Kit (Illumina) and sequenced on
the NovaSeq 6000 platform (Illumina) according to standard
protocols.

RNA-seq reads were aligned to the hg38 reference genome using
Bowtie2 (version 2.3.5.1) with default parameters. Gene-level counts
were quantified using the Rsubread package (version 2.14.2) with
the featureCounts function. Technical replicates (three per cell line)
were averaged to obtain mean gene expression values. Genes with
low expression were filtered out by retaining only those with counts
greater than 10 in at least one sample and a total count greater than
25 across all samples. Gene counts were normalized using the
DESeq2 package (version 1.32.0) in R. The DESeq function was
applied to estimate size factors. Normalized counts were obtained
using the counts function with normalized = TRUE and log-
transformed log (counts + 1) to generate normalized expression
values for downstream analyses.

Variant calling

Transcript variants and gene fusions in the 38 cell lines were
identified as previously described (29). Briefly, RNA-seq data were
preprocessed by removing adapter and low-quality sequences and
reads with insufficient length. Preprocessed reads were mapped to
the human reference genome (hg38). Transcript variants, including
TP53 mutations and other single-nucleotide variants, were identi-
fied using the GATK Best Practice workflow for RNA-seq variant
calling. Fusion genes were identified using FusionCatcher tool from
the RNA-seq data (bioRxiv 2014.011650). The complete mutation
matrix showing the specific mutation status of each cell line for all
the detected variants is available in the TCL38 PSet data object and
in interactive TCL-38 web application. To complement the RNA-
seq variant calling data, we further integrated publicly available
DNA-based sequencing data (damaging mutations and hotspot
mutations) from the DepMap (18) database for 28 of the 38 cell lines
for which such data were available.

Assay for transposase-accessible chromatin using sequencing

The genome-wide chromatin accessibility profile was obtained
using the previously published protocol (called FAST-ATAGC; ref.
30) for live sorted cells with a few adaptations described hereafter.
Ten thousand cells per cell line were sorted with a FACSAria sorter
(Becton Dickinson), washed with PBS 1X, and immediately trans-
posed in 50 pL of reaction mixture: 25 uL of 2 x Tagmentation
DNA buffer, 2.5 uL of Tn5 enzyme (Nextera DNA Library Prepa-
ration Kit, Illumina), 0.5 uL of 1% digitonin (#G9441, Promega),
and 22 pL of nuclease-free water, as previously described (31). The
reaction was incubated at 37°C for 30 minutes with agitation at
1,000 rpm, and transposed DNA was purified using a MinElute
Reaction Cleanup kit (Qiagen). Assay for transposase-accessible
chromatin using sequencing (ATAC-seq) libraries were constructed
by ligating Nextera sequencing primers using PCR amplification
according to the previously published protocol (30). Briefly, a first
round of PCR was assessed in a volume of 50 pL containing NEB
Next High Fidelity 2x PCR Master Mix (New England Biolabs) with
primers (1.25 umol/L each) with the following thermal cycles: 72°C
for 5 minutes and 98°C for 30 seconds, followed by five cycles (98°C
for 10 seconds, 63°C for 30 seconds, and 72°C for 1 minute). To
avoid over amplification of libraries, 5 pL of the PCR reaction was
subjected to qPCR in a volume of 15 pL using SYBR Green I dye
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(final 0.6x SYBR Greenl, Life Technologies) with the respective
primers (0.41 pmol/L each), used in the first round of PCR. Fol-
lowing qPCR [98°C for 30 seconds, followed by 30 cycles (98°C for
10 seconds, 63°C for 30 seconds, and 72°C for 1 minute)], amplifi-
cation curves were analyzed and the optimal number of PCR cycles
N for each sample was estimated with cycle thresholds reaching one
fourth of the maximum. The remaining 45 puL of PCR reaction was
then subjected to a second round of PCR with the following thermal
cycles: 98°C for 30 seconds, followed by N cycles (98°C for 10 sec-
onds, 63°C for 30 seconds, and 72°C for 1 minute). The libraries
were purified using the Qiagen MinElute PCR Purification Kit and
eluted in 20 pL EB buffer (10 mmol/L Tris buffer, pH 8). Libraries
were quantified by qPCR using Library Quantification Primer plus
KAPA SYBR FAST (Roche Diagnostics) and pooled at 1 nmol/L.
Samples were sequenced using single-index paired-end (75 + 75 bp)
reads on an Illumina NextSeq 500 instrument in high-output mode.

Sequencing adapters were trimmed with cutadapt version 3.650,
and reads were aligned with BWA-MEM version 2.2.1 to a custom
genome combining GRCh38 (GCA_000001405.15) and human
T-cell lymphotrophic virus, type 1 (J02029.1). After alignment,
Samtools was utilized to convert BAM files, sort the reads, and
generate alignment statistics. To identify open chromatin regions
from the aligned ATAC-seq data, MACS2 (v2.2.9.1) was applied for
peak calling with specific parameters (-nomodel --shift -100
--extsize 200 --q value 0.05). To further analyze the peaks identified
by MACS2, Bedtools (v2.27.1) was used to calculate read coverage
across genomic regions defined by these peaks using the bedtools
coverage command. The EdgeR R package (v3.42.4) was then used
for trimmed mean of M-values (TMM) normalization of peak
counts. For gene annotation, the ChIPseeker R package (v 1.36.0)
was utilized to map accessible peaks to the nearest transcription
start sites, considering a range of 3 kb upstream and downstream.
This allowed for a comprehensive identification of genes associated with
the ATAC-seq peaks. Gene set variation analysis (GSVA; v1.48.3) scores
were calculated, and Spearman correlations were performed to relate
DSS to specific gene sets.

Array comparative genomic hybridization

Genomic DNA was extracted from the cell lines using the
QIAamp DNA Blood Mini kit (Qiagen). Reference DNA for the
analysis was derived from multiple healthy and anonymous male do-
nors (Promega). Labeling and hybridization steps were performed using
the SureTag DNA Labeling kit (Agilent Technologies) according to the
manufacturer’s instructions. Equal amounts of DNA labeled with
fluorescent markers were combined and co-hybridized onto a
44 K DNA microarray (G4426B-014950, Agilent Technologies).
Following hybridization and washing, scanning was conducted
using a G2505B Micro Array Scanner (Agilent Technologies) in
adherence to the manufacturer’s guidelines. Feature Extraction
(version 10.7.3.1) and Agilent Genomic Workbench version
7 were employed for data analysis. The analysis utilized the ADM-1
algorithm with a threshold of 6, and aberration boundaries were
defined as +0.25 (log, ratio) with a minimum of three probes per
region, as recommended by Agilent Technologies. Copy-number
alteration data from the array comparative genomic hybridization
(aCGH) analysis were processed to generate binary matrices, in which
amplifications and deletions were encoded as 1, if present, and 0, if
absent, for each cytoband in each cell line. Statistical association be-
tween the binary cytoband amplification profiles and drug response
data was calculated across cell lines and was tested with Spearman rank
correlation coefficient.
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Multiomics factor analysis

MOFA+ (v1.12.1; ref. 32) was used to integrate the data from
DSS, gene expression (RNA-seq), chromatin accessibility (ATAC-
seq), mutation profiles, and aCGH. The multiomics factor analysis
was performed using the default parameters of multiomics factor
analysis (MOFA).

Drug sensitivity scoring

DSS were calculated from the experimentally measured dose-
response curves using an established computational approach that
integrates multiple dose-response parameters into a single response
metric (25). The DSS calculation involves subsequent normalization
steps, in which first the area under the dose-response curve (AUC)
over the selected dose range (x;, X,), for which the responses exceed
a minimum activity level (A,;,), was calculated and normalized
using the formula DSS = [AUC — A,in(x2 — x1)1/[(100 — Apyin)
(Cmax — Cumin)], in which the area below the minimum activity
threshold (A, = 10) is subtracted and the result is divided by the
maximal response area to account for differences in the tested
concentration ranges between compounds (Cpin, Ciay). The DSS
was then further normalized by the logarithm of top asymptote
(Rmax)> DSS/10g;10(Rimayx)> to penalize for the compounds that show
activity only at higher concentrations (potential off-target toxic re-
sponses), as described earlier (26).

Drug-cell line specificity analysis

We analyzed the degree of specificity of each drug to the cell lines
using statistical scores. Cell line classes with three or fewer cell lines,
specifically y8 (n = 3), T-LGLL (n = 1), and PTCL-NOS (n = 1),
were excluded from the selectivity analyses to ensure robust eval-
uation. For the remaining cell line classes, two scores—tau and
sensitivity enrichment (SE)—were calculated to quantify the drug
selectivity index. This drug specificity analysis was modified from
the existing scores that analyze gene expression tissue specificity
(33); we adapted the tau score (34) for the drug—cell line specificity
analysis. The SE score was inspired by the expression enrichment
score, which also assesses gene expression tissue specificity (35).

Formally, the tau score for a drug i is calculated as

1 g Mig
(P (1-5)
in which G is the number of cell line classes considered (in this
analysis, G = 4), m,, is the mean response (here, average DSS) of
drug i in the cell line class g, and M; is the maximum response
across all cell line classes for the drug i.

The SE score for a drug i in cell line class g is calculated as

G
mi.g Eg:lsg
SE,'ﬁg = G X
Zgzl Mig Se

in which m,, is as defined above and S, is the total sum of the
responses (DSS over all the drugs) in the cell line class.

The tau score reflects the general specificity of a drug across
various cell lines, independent of the cell line classes. A higher tau
score indicates that the drug has a broad specificity across multiple
cell line groups. In contrast, the SE score, tailored to individual cell
line classes, quantifies the specificity of a drug response to a par-
ticular cell line class. A high SE score signifies that the drug exhibits
specificity to that particular cell line group. For example, if a drug
has a high tau value, alongside a high SE;, and a low SE;,, this

CANCER RESEARCH

9z0Z ATNL 80 UO I9SN PUUSTA SUTOTPSW AIRUTISISA JO A3TsIsaTun Aq Ipd- 1880-SZ-URD/$H9%ZLE/S62/2/98/Fpd-oToTaxe/sax190ued /610  sTeurnolioee//:d33y woiy pspeoTumod



indicates that the drug is specific (i.e., has high and unique sensi-
tivity) to the cell line class a but not to the class b.

Finally, drug selectivity index was for drug i was calculated as 1; x
SE;g, which aims to pinpoint drugs that have both general and
targeted specificity, aiding in the identification of treatments that are
especially effective for certain cell line classes or contexts.

Mutation enrichment analysis

To identify enriched mutation drivers in the DSS clusters (three
clusters) and TCL cell line classes (seven classes; Supplementary Fig.
S1), a Fisher exact test was conducted using the stats package
(v.4.3.3), with multiple testing corrections using the Benjamini-
Hochberg procedure (36). Significant genes were filtered according
to the following criteria: a raw P value of less than 0.05, classification
as a Tier 1 Hallmark Catalogue of Somatic Mutations in Cancer
census gene, and inclusion in the Catalogue of Somatic Mutations in
Cancer database for tissue type of leukemia/lymphoma (Tier = 1,
Hallmark = 1, and tissue.type contains L).

GSVA

GSVA scores were calculated using RNA-seq data against the
Molecular Signatures Database (37) pathways. The analysis was
performed using the GSVA R package (version 1.48.3; ref. 38). All
Homo sapiens pathways from the Molecular Signatures Database
(version 2023.2) were included in the analysis.

STITCH network analysis

Protein-chemical and protein-protein interactions were pre-
dicted using STITCH (Search Tool for Interactions of Chemicals;
ref. 39) with default parameters. The analysis utilized the built-in
scoring scheme of STITCH for interaction confidence without any
parameter modifications.

Results

Establishment of the integrated TCL-38 multiomics resource

To facilitate the discovery of novel therapeutic strategies for
TCLs, we established the TCL-38 resource—a comprehensive panel
of publicly available TCL cell lines representing virtually all major
TCL subtypes (Fig. 1A and B). The selection of the 38 cell lines
from the seven TCL classes was primarily driven by their global
availability, leveraging collaborations and extensive sourcing efforts.
The cell line panel was aimed to portray the genetic, epigenetic, and
phenotypic diversity inherent in both mature and immature TCLs,
covering both inter- and intra-subtype heterogeneity, thereby pro-
viding a robust platform for translational research. Multiple cell
lines from each major subtype, including T-ALL, were included to
provide sufficient statistical power for ML-based biomarker dis-
covery and to capture the significant heterogeneity that exists within
established TCL subtypes. As established cell lines for certain TCL
entities are rare (e.g., T-LGLL and PTCL-NOS) and do not exist for
others (e.g., T-PLL), we could only include single representative
lines (n = 1) for these TCL subtypes to ensure comprehensive
coverage and to provide a reference for the other cell contexts. We
performed extensive multiomics profiling on the TCL-38 cell lines
to establish a comprehensive and harmonized dataset that integrates
genomic, transcriptomic, epigenomic, and pharmacologic data
(Fig. 1C). Specifically, we conducted bulk RNA-seq for gene ex-
pression profiling, variant calling, and gene fusion detection,
ATAC-seq for characterizing epigenomic landscapes and chromatin
accessibility, and aCGH for assessing copy-number alterations.
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Functional studies were based on profiling of drug-induced cell
viability effects as phenotypic responses to both monotherapies
(Supplementary Fig. S1) and combination perturbations (https://
aittokallio.group/tcl38/TCL38combi). Additionally, we integrated
publicly available DNA sequencing data from DepMap (18) for
28 cell lines, including damaging mutations and cancer hotspot
mutations (Supplementary Table S2), providing further genomic
characterization that complements our experimental profiling.

Our drug screening library comprised 172 unique agents chosen
based on their established or potential efficacy as TCL treatments,
identified by domain experts, along with compounds predicted to be
effective in specific TCL subtypes using ML modeling (Fig. 1D;
Supplementary Table S3). Additionally, using gene expression
profiles, we predicted synergy profiles for 17 targeted drug combi-
nations in the three largest TCL disease entities (NK, ALCL, and
T-ALL). These drug combinations were experimentally tested in all
38 cell lines using the fixed-ratio “diagonal” multidose combination
matrix design, in which the experimentally non-measured drug-
dose combinations were predicted using the DECREASE ML plat-
form (27). We processed and normalized these genome-wide omics
and drug sensitivity data using established protocols (see Materials
and Methods; Fig. 1E). The TCL-38 multiomics data resource has
been made available as an integrated and fully documented
TCL38 PSet data object in the cloud-based ORCESTRA platform for
transparent and reproducible research (40). Upon future updating
and/or extension of these data, the ORCESTRA data object enables
version handling and sharing of the future versions of the phar-
macogenomic resource with the research community. The users can
also explore and analyze the multiomics data via an interactive web
app (https://aittokallio.group/tcl38).

The single-agent responses show relatively high heterogeneity
both between and within the established TCL subtypes (Supple-
mentary Fig. S2), indicating that factors beyond the TCL class de-
termine drug responses. A few common gene mutations, such as
those encoding for the developmental NOTCHI receptor and the
transcriptional repressor SPEN, were specifically enriched in the
TCL cell line classes, and many more, mostly different mutations
were uniquely enriched in the DSS-based, phenotypic cell line
clusters (Supplementary Table S4). Specifically, NOTCHI mutations
were identified in nine of 38 cell lines (23.7%) and SPEN mutations
in eight of 38 cell lines (21.1%), with complete mutation status
available for all cell lines in the TCL-38 resource. To uncover shared
sources of variation across the different omics layers that contribute
to the observed differences in drug sensitivity phenotypes among
TCLs, we applied MOFA (32) to the processed multiomics data
matrices and drug sensitivity profiles. MOFA identified a total of
15 factors jointly explaining the observed variation in the multio-
mics TCL-38 data (Supplementary Fig. S3). Factors 1, 4, and 9 col-
lectively explained 12.86% of the variation in DSS, 19.19% in RNA-
seq data, and 12.35% in ATAC-seq data. The specific genes and
chromatin-accessible sites with the highest factor loadings for
these three MOFA factors are provided in Supplementary File S1,
revealing the molecular features most strongly associated with the drug
sensitivity variation across TCL subtypes. In contrast, genomic fea-
tures, such as somatic mutations (identified through variant calling)
and copy-number aberrations (analyzed via aCGH), exhibited only a
minimal joint variation with drug response profiles, accounting for
3.64% and 0.62% of the response variation, respectively. This suggests
that transcriptomic and epigenetic gene regulation changes have a
markedly greater influence on the drug sensitivity phenotypes in TCLs
compared with somatic mutation and copy-number aberrations.
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Figure 1.

Integrated TCL-38 resource of T-cell lymphoma cell lines and multiomics profiles. A, The TCL-38 resource comprises 38 cell lines representing all major TCL
subtypes. B, Characterization of the TCL cell line panel using information from the Leukemia-Lymphoma Cell Line FactsBook (69) and Cell Model Passports (70).
C, The omics technologies and assays performed in the multimodal profiling of the 38 cell lines. Note: Both gene expression profiling and variant calling are
based on the RNA-seq data. D, The drug library with the number of compounds across different compound and target classes indicated. The compounds in the
library were selected based on their established efficacy as potential TCL treatments, identified by domain experts, and based on predicted efficacy in specific
TCL subtypes, predicted by ML. E, Examples of pharmacologic and multiomics profiles included in the TCL-38 resource. Single-agent responses, including
67 approved drugs and 105 investigational compounds, were quantified using DSS (25), and the drug combination synergy was assessed with ZIP synergy score
(71). Variant calling heatmap shows the commonly mutated genes, and RNA-seq heatmaps show the expression of those genes that have chromosomal
alterations, such as fusions and deletions, and expression of selected drug target genes (full drug response heatmaps are shown in Supplementary Fig. S1). CNA,
copy-number alterations; EBV, Epstein-Barr virus; HTLV, human T-cell lymphotrophic virus; NK, extranodal NK-/T-cell lymphoma; SNV, single-nucleotide variant;
UMAP, Uniform Manifold Approximation and Projection; ZIP, zero interaction potency; y8, cutaneous gamma-delta T-cell lymphoma. Mac-1 and Mac-2a were
originally derived from a patient with CTCL, yet they cluster molecularly and functionally with ALCL lines.

Molecular profiling revealed an interesting cell line classification
with regard to Mac-1 and Mac-2a cell lines. Although originally
derived from a patient with CTCL, presenting with erythroderma
and circulating Sézary cells, unsupervised hierarchical clustering of
genome-wide transcriptomic profiles demonstrated that these lines
cluster with ALCL cell lines rather than other CTCL lines (Fig. 2A)
and express ALCL-associated markers including CD30 (TNFRSF8)

and IRF4. Importantly, Mac-1 and Mac-2a further cluster in terms
of drug sensitivity profiles with TLBR-1 and TLBR-2 (Supplemen-
tary Fig. S1), which are both established anaplastic lymphoma ki-
nase (ALK)-negative ALCL disease models derived from breast
implant-associated lymphomas (41). These convergent molecular
findings suggest that Mac-1 and Mac-2a have acquired an ALCL-
like molecular phenotype and explain their current use as ALCL
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models in functional studies despite their historical CTCL deriva-
tion (42, 43).

Selective single-agent responses predicted by ML models

To investigate potential therapeutic agents for TCLs, we con-
ducted single-agent sensitivity profiling using two distinct com-
pound collections. The first collection comprised 116 compounds
selected by domain experts based on their established or potential
clinical efficacy in TCL treatment. The second collection included

A Pharmacogenomic Resource for T-cell Leukemia and Lymphoma

69 targeted compounds identified through a more unbiased ap-
proach, which made use of ML modeling (see Materials and
Methods). Specifically, we trained three independent ML models—
XGBoost (44), pairwiseMKL (45), and scTherapy (46)—to predict
drug sensitivities specific to the different TCL cell line classes
(Fig. 2A). These ML models utilized RNA-seq data from 15 cell
lines as input features (available at the time of the model develop-
ment) and single-agent response profiles of 19 single-agents as the
outcome variables (Supplementary Table S1), leveraging external
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Figure 2.

TCL-38 single-agent sensitivity prediction and screening, with links to omics markers. A, The models utilized RNA-seq data from 16 TCL-38 cell lines and from
CD3" cells of five healthy donors available at the time of model training. XGBoost and pairwiseMKL models used drug response data available for 38 drugs
across the TCL-38 cell lines, along with their molecular representations, whereas scTherapy used only the RNA-seq profiles as the input data to predict responses
to 625 compounds available for testing. B, The ensemble ML model predictions confidently identified responses to 69 single agents when using conformal
prediction (Supplementary Figs. S4 and S5). These model-selected drugs were then compared and combined with 116 compounds preselected by experts, with
13 compounds overlapping between the two collections (left). In total, 172 compounds were experimentally tested across the 38 cell lines, with two additional
entries accounting for duplicates of everolimus and tacrolimus; the right heatmap shows example response profiles, and the full heatmap is provided as
Supplementary Fig. S1. C, Cell lines with significant differences in DSS between the model-predicted and expert-selected drugs (two-sided Wilcoxon test). D,
Hierarchical clustering of the TCL-38 cell lines based on DSS profiles from model-predicted and expert-selected compound libraries using the Euclidean distance
and Ward clustering method. E, Left, comparison of the two clustering solutions, excluding singletons, using adjusted Rand index, with established TCL cell line
classes as ground truth solution. Adjusted Rand index ranges between —1and +1, for which one corresponds to two completely similar clustering solutions. Error
bars represent 95% confidence intervals. Right, the drug specificity index quantifies the specificity of a drug to a particular TCL cell line class. The dotted lines
correspond to the 95™ drug specificity index percentile. F=I, Links to multiomics data identify molecular determinants of drug sensitivity phenotypes. Each point
corresponds to a cell line and the colors indicate the TCL cell line class. F, RNA-seq data reveals a negative correlation between ceritinib sensitivity and RASA4
expression levels. G, ATAC-seq data reveal a positive correlation between nelarabine sensitivity and DNA replication GSVA score. H, Variant calling data explain
higher responses of idasanutlin in 7P53 wild-type (WT) cell lines. I, aCGH data classify the dual JAK2/FLT3 inhibitor pacritinib sensitivity in terms of the binary
alteration status of q22.3, chr21. J, Correlation between NPMI-ALK fusion expression and increased sensitivity to the FLT3/ALK inhibitor gilteritinib in ALCL cell
lines. DSI, drug specificity index, NK, extranodal NK-/T-cell lymphoma; SNV, single-nucleotide variant; y8, cutaneous gamma-delta T-cell lymphoma.
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data published before the creation of the TCL38 object for model
training. To enhance the ML models’ ability to distinguish between
cancerous and noncancerous cells, and to focus on cancer cell-
selective drug sensitivity predictions, we incorporated RNA-seq data
from CD3" cells of five healthy donors as reference profiles. Mo-
lecular fingerprints of the compounds were used as structural pre-
dictors of the drug responses. However, as the scTherapy model
does not require drug testing data as its input, its predictions were
based merely on the RNA-seq data of the 16 TCL cell lines and five
healthy donors (46).

We generated the final set of drug response predictions by
integrating the outputs of the three ML models into an ensemble
prediction model (Supplementary Fig. S4). We used conformal
prediction to categorize ML-predicted responses into low- and
high-confidence predictions; for instance, the pan-BCL2/BCL-
XL/BCL-w inhibitor navitoclax showed both low-confidence and
overall low-sensitivity predictions (Supplementary Fig. S5). Notably, the
ensemble ML predictions identified unexpected responses to 56 drugs
not suggested by the experts, accounting for 81% of the model-
predicted compounds (Fig. 2B, left). Only 13 compounds (8% of
all tested agents) overlapped between the expert-selected and
model-predicted compound collections; two shared drugs served
as technical between-plate replicates in the drug screening assays
to assess their reproducibility (Supplementary Fig. S6). Taken
together, across both expert- and ML-selected drugs, we identi-
fied several cell line-specific responses that clustered with the
TCL subtypes (Fig. 2B, middle, black boxes). For instance, Janus
kinase (JAK) inhibitors upadacitinib (JAK1/2/3 selective), bar-
icitinib (JAK1/2 selective), and tofacitinib (JAK1/3 selective)
showed context-specific response profiles in y§ and NK-cell line
classes. In contrast, broadly active drugs, such as the proteasome
inhibitor bortezomib, showed consistently high activity across
multiple cell classes. We note that cell context-specific sensi-
tivities are rarer and therefore more difficult to predict, com-
pared with nonselective drugs that show high activity across
various cell lines.

Given that dasatinib, an SRC/ABL tyrosine kinase inhibitor,
showed selective efficacy only in a subset of T-ALL cell lines
(Fig. 2B), we sought to understand the molecular basis underlying
this heterogeneous response pattern. Previous studies in patients
with T-ALL have demonstrated that ~30% of patients with T-ALL
exhibit unexpected sensitivity to multikinase inhibitor dasatinib,
with response correlating with higher levels of phosphorylated SRC,
hence establishing a SRC pathway dependency model for dasatinib
sensitivity in patients with T-ALL (47). To validate this patient-
derived finding using our cell line resource, we analyzed the cor-
relations between kinase expression levels and dasatinib response
across T-ALL cell lines. ABLI expression emerged as the strongest
predictor (p = 0.68, P = 0.035), followed by SRC family members
YESI (p = 0.66, P = 0.044) and FYN (p = 0.58, P = 0.088; Sup-
plementary Fig. S7). These results validate and extend the patient-
derived SRC pathway dependency by identifying expression-based
biomarkers that can serve as response predictors in T-ALL cases.

To further demonstrate the ability of the TCL-38 resource to
recapitulate clinically relevant TCL biology, we examined the well-
established, dichotomous drug response paradigm in ALCL. Strat-
ifying the ALCL cell lines based on ALK expression levels, we ob-
served a sharp and statistically significant divergence in the
sensitivity to two distinct kinase inhibitor classes. In line with ex-
tensive clinical data demonstrating the efficacy of ALK inhibitors in
ALK-positive disease (48, 49), the cell lines with high ALK
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expression showed strong sensitivity to agents like alectinib and
ceritinib (P = 0.0045 and P = 0.008, respectively, Supplementary
Fig. S8). Conversely, the cell lines with low or absent ALK expres-
sion (ALK negative) were significantly more sensitive to JAK in-
hibitors, such as upadacitinib (P = 0.027), showing the highest
responses in cell models exhibiting a gene expression signature in-
dicative of high JAK-STAT pathway activation (Supplementary
Fig. S9).

When comparing the expert-selected drugs and those predicted
by the ensemble ML model, we observed that many of the drugs that
originated from either of the two collections show relatively selective
response patterns across the 38 cell lines, whereas the drugs that
were in common between the two collections show more broadly
sensitive responses (Fig. 2B; Supplementary Fig. S1). The overall
drug sensitivity levels across the cell lines were relatively similar
between the expert-selected and model-predicted drugs, as expected,
although five of the 38 cell lines showed higher drug responses to
the model-predicted drugs (Fig. 2C). Hierarchical clustering of the
cell lines based on their DSS profiles revealed relatively distinct
response patterns for the two drug collections (Fig. 2D), indicating
that they capture complementary aspects of functional TCL phe-
notypes. Clustering of the cell lines using the two drug collections
showed a similar level of concordance with the established TCL cell
line classifications (adjusted Rand index = 0.16 vs. adjusted Rand
index = 0.13; Fig. 2E, left). Analysis of the drug response specificity
further confirmed that the compounds shared between the two
collections show relatively nonspecific response patterns across the
38 cell lines, whereas both the expert-selected and model-predicted
drugs show more selective and cell context-specific responses (i.e.,
unique to either a single cell line or class; Fig. 2E, right).

Taken together, these results show that the TCL-38 cell lines
display heterogeneous drug response profiles, both between and
within the established TCL subtypes, and that the expert-selected
and model-predicted drug collections portray complementary
functional information on the TCL phenotypic diversity in terms
of drug-induced cell viability responses.

Molecular determinants of context-specific drug sensitivities
in TCL

To demonstrate how integrating multiomics data in the TCL-38
cell line resource provides insights into the mechanisms underlying
drug response phenotypes, we present five specific examples, in
which context-specific drug responses are linked to distinct mo-
lecular features identified through RNA-seq, ATAC-seq, variant
calling, aCGH copy-number alterations, and fusion calling. In the
first example, RNA-seq data revealed a negative correlation between
the expression of RASA4 and sensitivity to the ALK inhibitor cer-
itinib (p = —0.7, P < 0.01; Fig. 2F). Specifically, ceritinib demon-
strated an enhanced efficacy, as indicated by higher DSS, in ALCL
cell lines characterized by lower expression levels of RASA4
(P = 0.004, two-sided Wilcoxon test; Supplementary Fig. S10).

ATAC-seq profiling indicated that increased chromatin accessi-
bility in DNA replication genes correlated with an elevated sensi-
tivity to nelarabine, a nucleoside analog prodrug (p = 0.77, P < 0.01;
Fig. 2G). Nelarabine is converted intracellularly into its active form,
ara-GTP, which is incorporated into DNA during DNA replication,
leading to premature chain termination and inhibition of DNA
synthesis (50, 51). Therefore, cell lines with elevated chromatin
accessibility at DNA replication genes—indicative of increased
replication activity—are more likely to be sensitive to the cytotoxic
effects of nelarabine because of higher incorporation of ara-GTP
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during DNA synthesis. Notably, this effect was predominantly ob-
served in T-ALL cell lines, a malignancy for which nelarabine is an
approved therapy (52). This finding suggests that chromatin ac-
cessibility profiles could serve as additional predictive markers for
responsiveness to antimetabolite therapies in TCLs.

Variant calling revealed that sensitivity to idasanutlin, an
MDM2 inhibitor, was significantly higher in cell lines with wild-
type TP53 compared with those with mutated TP53 (P < 0.001,
two-sided Wilcoxon test; Fig. 2H). Idasanutlin functions by
disrupting the MDM2-p53 interaction, thereby activating p53-
mediated apoptotic pathways. The presence of functional p53 is
essential for this mechanism, as has been established in various
cancer types, including T-ALL, T-PLL, acute myeloid leukemia
(AML), and neuroblastoma (53-56), explaining the increased
efficacy of idasanutlin in TP53 wild-type TCL cell lines. This
finding underscores the importance of TP53 status as a potential
predictive biomarker for idasanutlin responsiveness in TCLs.

Analysis of aCGH data showed that amplification classes
(presence 1 and absence 0) in chromosome 21q22.3 were asso-
ciated with decreased sensitivity to the JAK2/FLT3 inhibitor
pacritinib (P = 0.001, two-sided Wilcoxon test; Fig. 2I). The
21q22.3 region encompasses several critical genes, including
UBASH3A, S100B, ITGB2, ABCGI, and DNMT3L, which play
roles in drug transport, epigenetic regulation, signal transduc-
tion, and cellular stress responses. For example, UBASH3A
functions as a negative regulator of T-cell receptor signaling (57),
and alterations there can lead to enhanced T-cell activation as
well as activation of alternative proliferative and survival path-
ways independent of JAK2 and FLT3 signaling, potentially
resulting in decreased sensitivity to pacritinib. Collectively, these
genetic alterations in the 21q22.3 region likely disrupt normal
cellular functions and activate compensatory mechanisms that
diminish the efficacy of pacritinib in treating TCLs.

Finally, our integrative analysis revealed that expression of the
NPMI-ALK fusion gene correlates with increased sensitivity to
gilteritinib, inhibitor of FMS-related receptor tyrosine kinase 3
(FLT3), particularly in ALCL cell lines (p = 0.64, P < 0.01; Fig. 2]J).
The NPM1-ALK fusion is known to result from the t(2,5) (p23;q35)
translocation, which drives oncogenesis in ALCL (58). Gilteritinib is
a tyrosine kinase inhibitor approved for the treatment of FLT3-
mutated AML because of its potent inhibition of FLT3 (59). Gil-
teritinib has also shown potency as an ALK inhibitor, and our ob-
servation suggests that the NPM1-ALK fusion status may serve as a
predictive biomarker for sensitivity to gilteritinib in ALCL.

To assess clinical translatability of the drug responses, we com-
pared ICs values to the clinical pharmacokinetic data from the FDA
prescribing information for key compounds (Supplementary Table
S5). Clinical Cmax values were obtained for romidepsin (377 ng/mL,
0.70 umol/L) from Istodax label at 14 mg/m” dose; navitoclax
(4.0 pmol/L) calculated from dose-proportional pharmacokinetics at
the therapeutic 325 mg dose; nelarabine active metabolite ara-G
(314 pg/mL, 110.9 pmol/L) from Arranon label at 1.5 mg/m* dose;
and gilteritinib (282 ng/mL, 0.51 pmol/L) from Xospata label at
120 mg daily dose. Notably, romidepsin demonstrated wide clinical
relevance, with all 38 cell lines (100%) showing ICs, values less than
clinical Cmax, indicating broad therapeutic potential across the TCL
subtypes. Navitoclax showed strong clinical potential with 30 of 38 lines
(79%) at achievable concentrations, supporting its development for
TCL treatment. In contrast, nelarabine and gilteritinib exhibited more
selective clinical relevance, with eight of 38 (21%) and seven of 38 (18%)
cell lines, respectively, showing clinically achievable activity.

AACRJournals.org

A Pharmacogenomic Resource for T-cell Leukemia and Lymphoma

Together, these case studies demonstrate how integrating mul-
tiomics data with pharmacologic profiling can uncover potential
molecular determinants of drug sensitivity in TCLs, thereby en-
hancing our understanding of TCL biology and paving the way for
more precise therapeutic strategies tailored to the molecular char-
acteristics of individual cancers.

Prediction of cell class-specific drug combinations based on
gene expression

To show how the TCL-38 resource can be used to predict novel
and selective drug combinations for a specific TCL cell line class, we
utilized our scTherapy model that has previously been shown to
provide accurate predictions of multitargeted therapy responses
using single-cell transcriptomic profiles in patients with hematologic
malignancies (46). The original prediction approach identified
multiple subclones of cancer cells using single-cell RNA-seq data,
with each subclone targeted by a specific drug, and when these
drugs were combined, they led to selective inhibition of the target
clones while sparing noncancerous cells. To apply scTherapy to bulk
RNA-seq profiles, we first compared the three largest TCL-38 cell
line classes with the healthy CD3" control cells and then each TCL
class against the other cell classes, excluding the one for which the
predictions were made (Fig. 3A). This pairwise differential ex-
pression analysis resulted in confident cell class-specific predictions
for approximately 25 drugs per cell line class. We next prioritized
drugs that showed moderate single-agent responses across the TCL-
38 cell lines (median 5 < DSS < 30); this was done to filter out
completely inactive drugs and those showing extreme activity alone
as those are not expected to lead to combination synergies (12). This
DSS filtering led to a total of 17 drug combinations identified for the
three largest TCL cell line classes (Table 1; Supplementary Table
S$2). Notably, although some combinations involved common drugs,
such as venetoclax, each combination was unique to its specific cell
line class. In general, venetoclax showed a relatively low efficacy as
monotherapy in most of the TCL cell lines (Supplementary Fig. S2),
hence requiring combination partners that boost its activity in
specific cell contexts.

We next experimentally tested the 17 model-predicted combi-
nations across the 38 cell lines (Fig. 3B), using 8 x 8 dose combi-
nation matrices for each combination and cell line (Fig. 3C). The
experimental validations confirmed relatively heterogeneous com-
bination responses across the TCL-38 cell line classes, analogous to
the single-agent responses. For instance, the group of four combi-
nations predicted for NK cells was specifically synergistic in most of
the NK cell lines (Fig. 3B, black rectangle). Similarly, the alectinib—
gilteritinib combination was specifically synergistic in the ALCL
class even though there was a degree of within-class variability in the
synergy levels. However, when considering only the strongly syn-
ergistic combinations (zero interaction potency > 10), we observed a
higher proportion of synergistic combinations in the cell line classes
for which the predictions were originally made (Fig. 3D). This in-
dicates a surprisingly high class specificity in the model predictions
given the rather small number of training cell lines per cell line class.
Especially for the ALCL class, the experimental synergies were
highly unique to that particular class, perhaps because of this class
possessing the largest number of cell lines (n = 11). The experi-
ments also validated selected combinations that showed differential
synergy in specific TCL cell line classes (Fig. 3E). For instance, the
idasanutlin-venetoclax combination showed enhanced synergy in
NK and y8 classes. This combination was recently shown to induce
selective synergy in patients with T-PLL (54), and it is currently
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Figure 3.

TCL-38 resource enables context-specific drug combination predictions. A, Drug combination prediction with the scTherapy model used as inputs differentially
expressed genes from pairwise cell class comparisons, such as T-ALL vs noncancer CD3" cells and other TCL classes. UMAP, Uniform Manifold Approximation and
Projection. B, Experimental validation of the synergy predictions. The zero interaction potency synergy score was calculated over the full 8 x 8 dose combination
matrix showing maximal synergy. The annotations on the left indicate the three largest classes for which a drug combination was predicted. The black rectangle
indicates two class-specific groups of drug combinations. C, An example of measured 5 x 5 dose combination response submatrix (upper heatmap), and the
corresponding synergy distribution (lower plot), for the combination between idasanutlin and upadacitinib in SNK-6 NK-/T-cell lymphoma cell line. The dotted
box shows the 3 x 3 dose window with maximal synergy. D, The proportion of combinations with strong synergistic responses (zero interaction potency > 10)
across the cell line classes, with error bars indicating 95% confidence interval. The annotations on the right indicate the three cell line classes for which the
predictions were made. E, Three selected combinations that showed a differential synergy in specific cell line classes. Statistical testing with two-sided Wilcoxon
test. F, Two idasanutlin combinations demonstrated higher synergy in cell lines with wild-type (WT) p53. Statistical testing with two-sided Wilcoxon test. G, The
correlation between alectinib-gilteritinib combination synergy with the expression of RET (rearranged during transfection) across the 38 cell lines. H, GSVA
scores calculated based on RNA-seq data for the Molecular Signatures Database pathways and correlated with the synergy scores. I, The correlation between
p53 signaling GSVA score with the idasanutlin-venetoclax combination synergy. J, STRING network analysis of the p53 pathway connects the primary targets of
idasanutlin and venetoclax. NK, extranodal NK-/T-cell lymphoma; SNV, single-nucleotide variant; ZIP, zero interaction potency; y§, cutaneous gamma-delta T-cell
lymphoma.

being tested in phase I clinical trials for relapsed/refractory patients
with AML (NCT02670044).

Molecular determinants of context-specific drug combination
synergies in TCLs

To identify molecular determinants of synergy, we again made
use of the integrated TCL-38 omics profiles. We found that idasa-
nutlin combinations with either venetoclax or upadacitinib demonstrated
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significantly higher synergy in cell lines with wild-type p53, indicating
that functional p53 enhances the cooperative effects of these combina-
tions (P < 0.05, two-sided Wilcoxon test; Fig. 3F). To understand why
such cell context-specific synergies occur, we correlated the mRNA ex-
pression of the targets of drugs in combinations with the synergy scores.
We considered the alectinib-gilteritinib combination as an example, in
which both drugs are clinically used: alectinib is approved for the
treatment of ALK-positive metastatic non-small cell lung cancer and
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Table 1. Drug combinations identified for the largest TCL-38 cell line classes using the scTherapy ML model.

Cell line class Drug combination

Drug 1 MoA

Drug 2 MoA

Venetoclax + LY—2874455
Venetoclax + idasanutlin
Romidepsin + idasanutlin
Upadacitinib + MLNO128
Venetoclax + upadacitinib
Idasanutlin + upadacitinib
Venetoclax + alectinib
Venetoclax + gilteritinib
Alectinib + gilteritinib
Venetoclax + romidepsin
Dinaciclib + romidepsin
Venetoclax + everolimus

Primary extranodal NK/T-cell
lymphoma (NK)

ALCL

T-ALL
Venetoclax + danusertib
Venetoclax + nelarabine

Venetoclax + semaxanib
Semaxanib + nelarabine

Danusertib + MLNO128

BCL2-selective inhibitor
BCL2-selective inhibitor
HDAC inhibitor
JAKI1-selective inhibitor
BCL2-selective inhibitor
p53-MDM2 inhibitor

FGFR inhibitor
p53-MDM2 inhibitor
p53-MDM2 inhibitor
mTOR inhibitor
JAKI-selective inhibitor
JAKI1-selective inhibitor

BCL2-selective inhibitor
BCL2-selective inhibitor

ALK inhibitor
FLT3/AXL inhibitor

ALK inhibitor FLT3/AXL inhibitor
BCL2-selective inhibitor HDAC inhibitor
CDK inhibitor HDAC inhibitor

BCL2-selective inhibitor Binds FKBP12 and causes
inhibition of MTORCI1

Aurora, Ret, TrkA, and FGFRI1
inhibitor

Nucleoside analog and DNA and
RNA synthesis inhibitor

VEGFR inhibitor

Nucleoside analog and DNA and
RNA synthesis inhibitor

mTOR inhibitor

BCL2-selective inhibitor

BCL2-selective inhibitor

BCL2-selective inhibitor
VEGFR inhibitor

Aurora, Ret, TrkA, and FGFRI1
inhibitor

NOTE: Supplementary Table S3 lists the concentration used in the multidose combination testing.

Abbreviation: MoA, mode of action.

gilteritinib is used to treat adult AML with an FLT3 mutation. In this
case, the scTherapy model made an unexpected prediction of their
combination synergy, specifically in the ALCL cell context, and this
combination indeed exhibited ALCL-specific synergy in the dose—
response experiments (Fig. 3E). Interestingly, the measured combination
synergy correlated with the expression of the RET proto-oncogene across
the 38 cell lines (p = 0.64, P < 0.01; Fig. 3G). Specifically, higher RET
expression was associated with increased levels of measured alectinib—
gilteritinib synergy, highlighting RET expression status as a key molecular
determinant in this cellular context.

As a cell context-specific combination synergy is a rare event
(estimated to be less than 5% of all possible pairwise combinations),
and single genes are rarely predictive of such selective synergies
(12), we next performed pathway enrichment analyses. These multi-
gene analyses revealed again a relatively heterogeneous distribution
of pathway-level expression determinants of TCL class-specific
synergies across the 17 combinations (Fig. 3H). In the context of
p53 signaling, we found that its expression enrichment is correlated
with the idasanutlin-venetoclax combination effects (p = 0.65,
P < 0.01; Fig. 3I). The MDM2 inhibitor idasanutlin promotes p53-
dependent apoptosis through upregulation of proapoptotic proteins
such as PUMA, NOXA, and BAX. Venetoclax complements this
apoptotic effect by inhibiting BCL2, a protein that normally binds
and sequesters proapoptotic proteins, such as BAX and BAK, pre-
venting them from inducing cell death (Fig. 3J). When used to-
gether in combination, idasanutlin and venetoclax treatment
removes the key inhibitory checkpoints on apoptosis, resulting in a
synergistic increase in cell death, particularly in cell lines with wild-
type p53 (Fig. 3F) and higher baseline levels of p53 pathway ex-
pression (Fig. 3I). This finding could not have been made without
the access to a large enough panel of TCL cell lines, with compre-
hensive molecular profiles, showcasing the discovery value of the
TCL-38 resource.
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Extending, exploring, and analyzing the multiomics data:
interactive TCL-38 web app

The TCL-38 multiomics data resource has been made publicly
available as an integrated and fully documented TCL38 PSet data
object (60) in the cloud-based ORCESTRA platform (40). The PSet
object allows for combining, comparing, and conducting meta-
analyses of pharmacogenomic datasets from multiple sources be-
yond TCL-38, including in-house data as well as publicly available
datasets from PharmacoDB, DrugComb, and SYNERGxDB (Sup-
plementary Table S1). Such integrated analyses enable an extension
of the therapeutic discovery to other cell contexts, cancer types, and
compound libraries, beyond those profiled in the current version of
TCL-38. Upon future updates and/or extensions of these data, the
ORCESTRA data object enables version handling and sharing of the
new versions of the TCL-38 resource with the community, in line
with the FAIR principles (Findability, Accessibility, Interoperability,
and Reusability). For instance, the cell type selectivity of the com-
pounds can be studied beyond the current TCL subtypes, using drug
responses observed in other cell lines, such as B-cell malignancies,
or in completely distinct cell contexts, such as solid tumor lines.
Complementing these resources, FIMM has provided drug response
profiles for more than 500 anticancer compounds—including those
in the TCL-38 library—tested in healthy bone marrow samples,
which can serve as reference data for cancer-selective sensitivity
scoring and de-prioritizing compounds with broadly toxic effects
(25, 61).

In addition, end users can explore and analyze the TCL-38
multiomics data through an interactive web application hosted on
FIMM servers (https://aittokallio.group/tcl38), which is freely ac-
cessible without the need for a login (Fig. 4A). The web platform
facilitates dynamic, side-by-side comparisons of the diverse mul-
tiomics data and drug response profiles. For example, Fig. 4B
highlights such paired visualizations in the form of adjacent
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Figure 4.

RASA4 RNA expression (Log)

TCL-38 multiomics resource for interactive data exploration and analysis. A, Schematic overview of the integrated components in the web platform, encom-
passing molecular profiling data (gene expression, variant calling, ATAC-seq peak calling, and copy-number changes), ML approaches (scTherapy, pairwiseMKL,
and XGBoost), and drug response profiling (single agents and drug combinations). All the data are freely accessible through an interactive web application. B,
Example visualizations from the web interface, enabling side-by-side comparisons of multiple data types. The left heatmap displays RNA-seg-normalized log

expression values of user-selected genes and the right heatmap shows single-

agent DSSs of user-selected compounds for the same set of cell lines. C, Mouse-

over functionality offers detailed exploration of individual drug responses as demonstrated here by the TAK-715 response curve popup. D, A multimodal
association analysis illustrates an example correlation analysis between ceritinib drug response and RASA4 expression levels across the 38 cell lines (the points).

heatmaps that display RNA-seq expression and drug response
profiles for the user-selected set of cell lines. Interactive mouse-over
functionality allows for detailed inspection of the individual drug-
response curves (e.g., for TAK-715, Fig. 4C), whereas integrated
multimodal association analyses offer means for identifying poten-
tial biomarkers for single-agent and drug combination responses,
illustrated here by correlating ceritinib sensitivity with RASA4 ex-
pression profiles (Fig. 4D). Such interactive analyses and open data
sharing enable the community to make full use of this resource for
advancing therapeutic discovery for TCLs and other malignancies.

Discussion

TCLs form a heterogeneous group of malignancies that can arise
in lymphoid tissues, such as lymph nodes, spleen, and thymus, as
well as in extranodal sites, and may involve the bone marrow and
peripheral blood at various stages of maturation. Accordingly, each
TCL subtype is considered a distinct clinicopathologic entity,
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defined by unique pathophysiology presentation and genetic/
molecular differences, and therefore TCL-specific treatment op-
tions are required for improved patient outcomes. The most com-
mon TCL subtypes are categorized into immature and mature T-cell
neoplasms, which were combined because of similarities and
transdifferentiation cancer cell mimicry being recognized as a new
hallmark of cancers (62). Toward preclinical discovery of molecu-
larly targeted therapeutics, we established the TCL-38 resource that
includes 38 patient-derived cell lines, representing the major TCL
subtypes. All the cell lines were authenticated, checked to be free
from infectious disease status, extensively profiled using multiomics
technologies, and screened against a library of 172 agents containing
67 approved drugs (39%) and 105 investigational compounds (61%).
The drug library comprises agents chosen based on their established
or potential efficacy as TCL treatments, along with compounds
predicted to be effective using ML models trained on earlier, scarce
pharmacogenomic data. This led to the identification of both
broadly effective and TCL subtype-specific responses. Our novel
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profiling data additionally revealed that cell line classification based
solely on the tissue of origin may not always reflect the correct
molecular phenotype and cellular context of the cell lines. Mac-1
and Mac-2a cell lines exemplify this complexity, showing clear
ALCL-like molecular features despite their CTCL origin.

We demonstrated in several case studies, in which novel sensi-
tivities were linked to molecular or (epi)genetic features, that the
multiomics resource has sufficient power for biomarker discovery.
Our findings include both validation of established clinical mech-
anisms (such as the SRC pathway dependency for dasatinib and
the ALK-stratified ALCL responses), as well as novel discoveries
(including the correlation between ceritinib sensitivity and
RASA4 expression and the RET-mediated combination syner-
gies). Similarly, we found that p53 signaling was correlated with
the idasanutlin-venetoclax combination effects across all 38 cell
lines. This demonstrates the potential of the TCL-38 resource to
generate testable hypotheses beyond direct drug-target rela-
tionships. In particular, the observed negative correlation be-
tween the RASA4 expression and ceritinib sensitivity in ALCL
cell lines suggests potential mechanistic insights worthy of fur-
ther investigation. Given that ALK is known to activate various
downstream signaling pathways, including the RAS-MAPK
pathway (63, 64), our results suggest an interplay between ALK
signaling and RASA4 function in the ALCL cells. Reduced ex-
pression of RASA4, which encodes a RAS GTPase-activating
protein that negatively regulates RAS-mediated signaling (65),
could potentially lead to enhanced RAS pathway activity. This
might increase cancer cell dependence on ALK-mediated pro-
liferation and survival, thereby enhancing sensitivity to ALK
inhibition by ceritinib. When combined with ML, this study
further demonstrated how the harmonized pharmacogenomic
resource can be leveraged as a unique training dataset for ML
models to predict novel single-drug or drug combination re-
sponses that have not yet been experimentally tested across these
or other TCL subtypes.

This integrated and harmonized data resource is expected to
empower the research community to uncover novel drug targets
and predictive biomarkers, ultimately advancing the treatment of
TCLs. In particular, the TCL-38 resource serves as a crucial com-
plement to drug screening in primary patient material by addressing
their inherent limitations, such as restricted availability and inconsistent
sample and data quality. With the standardized multiomics profiles
across the heterogeneous TCL cell contexts, the TCL-38 cell line panel
enables robust and reproducible drug sensitivity profiling, as well as
detailed TCL subtype-specific analyses. Based on our previous work on
patient samples from TCL subtypes, we believe that the careful selection
of the 38 cell lines to depict the molecular and phenotypic diversity of
TCLs enhances the relevance of the resource to translational applica-
tions. Notably, our findings align with previous studies in mature T-cell
malignancies, reinforcing vulnerabilities to inhibitors targeting MDM?2
(66), CDK (67), HDAC (68), and BCL2 family members (67). Impor-
tantly, findings from the TCL-38 resource validate the key associations
observed in primary samples, such as the link between TP53 status and
MDM?2 inhibitor sensitivity observed in primary T-PLL samples (54),
underscoring its potential to enhance biomarker discovery and accel-
erate targeted therapy development for TCLs.

The TCL-38 multiomics data resource has been made freely
available as an integrated and fully documented TCL38 PSet data
object in the cloud-based ORCESTRA platform for transparent and
reproducible research. Upon future updating and/or extension of
these data, the ORCESTRA data object enables version handling and
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sharing of the future versions of the pharmacogenomic resource
with the community in line with the FAIR principles. The interac-
tive web app enables the community to explore the multiomics
profiles and to identify mechanistic hypotheses for the discovery of
investigational molecules and molecular biomarkers for further
validation, as well as novel repurposing opportunities among al-
ready approved drugs or combinations not yet used in TCL treat-
ment. As with any cell line resource, the translational value of the
in vitro drug sensitivities and molecular markers will be confirmed
once these are advanced to the next stages of either in vivo or
clinical studies. Based on the case studies presented in this work and
their alignment with the discoveries made in primary patient ma-
terial, we anticipate that this integrated and open-data resource will
ultimately advance the currently limited treatment options for pa-
tients with TCLs.

Data Availability

The TCL38 data object has been deposited in ORCESTRA to maximize FAIR
dissemination at https://www.orcestra.ca/pset/675c3be4136b907873280cb8. The
raw sequencing data have been made publicly available at the Sequence Read
Archive (RRID: SCR_004891; PRJNA1332417; https://www.ncbi.nlm.nih.gov/sra/
PRJNA1332417). The processed TCL38 profiling data have been uploaded to
Zenodo (https://zenodo.org/records/14908028; ref. 60). The interactive TCL38 web
app is freely accessible at https://aittokallio.group/tcl38, without any login re-
quirements. To complement our multiomics profiling, we integrated publicly
available DNA-based sequencing data from the DepMap database (18); for 28 of
the 38 TCL cell lines, we obtained both damaging mutations and hotspot muta-
tions. These data provide additional genomic context for investigators using the
TCL-38 resource. All other raw data are available upon request from the corre-
sponding author.
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