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H uman cancer cell lines are vital models for studying anti-cancer  
therapeutics and determinants of drug sensitivity. With the 
rapidly growing recognition of intra-tumour and inter-patient 

heterogeneity, the optimal use of these models demands a comprehensive 
characterization of their molecular features and a sufficient number of 
models to capture the genomic diversity observed across human cancers. 
Two recent projects, the Genomics of Drug Sensitivity in Cancer (GDSC) 
and the Cancer Cell Line Encyclopedia (CCLE), collectively characterized 
more than 1,000 cell lines and nearly 150 anti-cancer agents1,2, providing 
a potentially valuable resource for the research community. However,  
a subsequent meta-analysis published in this journal asserted that drug 
response results failed to agree3. As a consequence, Haibe-Kains et al.3 
expressed serious concerns about the validity and use of these resources, 
thus raising questions about screening projects of this type more gen-
erally. To address these concerns and to determine the causes for the 
controversy, we independently characterized the response of 410 cancer 
cell lines to 16 agents tested by GDSC and CCLE. We also evaluated three 
specific aspects of the screening protocols that are relevant to measured 
drug response: readout of cell viability (metabolic versus DNA content), 
seeding density strategy, and cell culture media conditions. For screens 
of this type to be useful, they must accurately identify drug-sensitive and 
drug-resistant cell lines, as well as biomarkers of drug response that gener-
alize to other contexts and data sets. Using more robust viability statistics 
and concordance metrics that are aligned with these two key screening 
objectives, we showed strong agreement between our own results and 
those generated by CCLE, thereby demonstrating that reliability is achiev-
able. Concordance with GDSC was weaker, although still appreciable. Our 
data further demonstrated that, for several drugs, differences in media  
conditions and seeding density contributed to residual differences 
between studies. Unexpectedly, we found that metabolic and DNA con-
tent readouts produced very similar estimates of drug sensitivity, but 
that the DNA content readout was markedly noisier. Taken together, our 
results revealed the technical and analytical parameters that are crucial 
for achieving replicable results. These findings should be of value in 
ensuring the robustness of data generated by similar efforts, and in max-
imizing the utility of cancer cell line panels for the study of anti-cancer  
agents and biomarkers of drug sensitivity.

Results
The Genentech Cell Line Screening Initiative (gCSI) was undertaken 
independently of CCLE and GDSC. Nonetheless, gCSI had profiled  

410 cell lines and 16 drugs that were also evaluated by the other projects. 
Figure 1 and Extended Data Fig. 1 compare the mean of fitted viability 
values (equivalent to the familiar area under the curve, Methods) as well 
as 50% inhibitory concentration (IC50, Methods) statistics produced by 
gCSI with those from CCLE or GDSC. As expected, chemotherapeutics 
typically inhibited growth of nearly all cell lines to some extent, while 
targeted agents such as the selective kinase inhibitors erlotinib or lapatinib 
only affected a small number of cell lines that are presumably dependent 
on specific pathways.

Identifying sensitive or resistant cell lines
Figure 1 and Extended Data Fig. 1 provide a useful overview of the data 
as well as continuity with the presentation of Haibe-Kains et al. (figure 2  
in ref. 3). However, this representation of drug response has two crucial  
shortcomings that, if unaddressed, confound cross-study compari-
sons. First, truncation to tested doses (for IC50) or to the 0–100% range  
(as done by GDSC for mean viability) obscures important aspects of the 
data distribution and yields large numbers of ties, which are not appro-
priate for many standard statistical approaches. Second, although IC50 is 
a familiar and interpretable statistic and is often appropriate for smaller 
screens, it is not well-suited to high-throughput screening. For the large 
number of cell lines that never achieve 50% inhibition, it forces either 
truncation or extrapolation, both of which are potentially problematic. 
Furthermore, it can produce high-variance estimates (see Extended Data 
Fig. 2 for illustration). The mean viability statistic avoids both of these 
problems, and for this reason, we use it exclusively in all analyses that 
follow.

Because high-confidence identification of groups of sensitive and 
resistant cell lines is a primary objective of profiling, we first compared 
gCSI and CCLE results on this basis. For targeted agents expected to 
inhibit only a few lines (Fig. 2a), we fit two-component mixture distri-
butions to assign ‘sensitive’, ‘no-call’ or ‘resistant’ labels (Extended Data 
Fig. 2, Methods). For broadly active compounds (Fig. 2b), it was more 
appropriate to divide lines into the three response categories in equal 
proportion. It is common to omit unclassified lines or those exhibiting 
intermediate response; in cases where both data sets confidently assigned 
a sensitive or resistant label, the strong majority of calls were concordant 
(84–96%, Table 1). Furthermore, cell lines with molecular features previ-
ously associated with drug response (for example, ERBB2 overexpression 
for lapatinib) were almost entirely absent from regions where one or both 
data sets assigned a resistant label (Fig. 2). Thus, independently generated 
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drug response data can reveal very similar sets of high-confidence  
sensitive and resistant lines.

When gCSI and GDSC results were compared on a similar basis, 
concordance for PD0325901 and paclitaxel was good, although not as 
strong as that observed relative to CCLE (Table 1). This was due in part 
to the lower maximal doses used by the GDSC, and their truncation 
of mean viability at 100%. For two out of three targeted agents, on the 
other hand, gCSI was in slightly higher agreement with GDSC than with 
CCLE (Table 1). However, concordance here was driven by the predom-
inance of resistant lines, since GDSC seems to have selected very few cell 
lines sensitive to erlotinib and lapatinib (Extended Data Fig. 3). For the  
10 drugs in common between only gCSI and GDSC, concordance 
between these groups was also generally lower than for the five drugs 
common to all three groups (Extended Data Fig. 4).

Genomic biomarkers for drug response
We next turned to a second concordance metric aligned with a key screening  
objective: identification of predictive biomarkers of drug response. In 
their original publications, both CCLE and GDSC used a well-established  
penalized regression strategy, the ‘elastic net’4, to identify predictive  
biomarkers1,2. The mathematics behind this method guarantees that only 
a handful of the tens or hundreds of thousands of candidate molecular  
features are selected. For many applications, such parsimony is highly 
desirable. When contrasting two sets of results, however, it can make 
assessment of underlying similarity difficult, because some features that 
are in fact well-correlated with response may be omitted if others that pro-
vide equivalent information are selected instead. A similar phenomenon  
has been described when constructing gene expression signatures to 
assign cancer subtype5. Despite this caveat, a direct comparison of elastic 
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Figure 1 | gCSI, CCLE and GDSC drug response statistics reveal 
different patterns of response for specifically versus broadly active 
drugs. We include all lines in the two-way gCSI/CCLE overlap in the 
top rows, and all lines in the two-way gCSI/GDSC overlap in the bottom 
rows (see Extended Fig. Data 3 for restriction to only those lines included 
in the three-way overlap). In each panel, n refers to the number of lines 
in common and plotted for each pairwise comparison. Mean viability 

(equivalent to area under the log-dose/response curve) across tested  
drug concentrations for cell lines as assayed by each pair of projects is 
plotted for specifically active drugs (a) and broadly active drugs (b). 0% 
corresponds to complete growth inhibition at all doses; 100% corresponds 
to viability equal, on average, to untreated control wells. Values are capped 
at a maximum value of 100% for consistency with GDSC published data. 
gCSI values are derived from three biological replicates (Methods).
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Figure 2 | Highly concordant sensitive and resistant labels assigned via 
mean viability. a, For targeted agents, dotted lines indicate boundaries 
between sensitive, no-call and resistant lines (Methods). Expected 
responder cell lines (those with molecular features known to be associated 

with drug response) are indicated in red for each drug (Methods). b, For 
broadly active compounds, lines were divided into three equally sized 
groups on the basis of their ordered mean viability: sensitive, no-call and 
resistant.
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net results obtained from gCSI and CCLE data revealed substantial simi-
larity. Specifically, for five of the six drugs common to the studies, known 
correlates of response were recovered from gCSI and CCLE response data 
when fit against either their own genomic data or that of the other study 
(Extended Data Fig. 5a). gCSI was also able to recover a known correlate 
of crizotinib response when fit against its own genomic data (Extended 
Data Fig. 5a).

To perform a more sensitive comparison, we next applied the elastic net 
to one study’s drug response data to select biomarkers, and then separately, 
applied univariate regression to score all candidate biomarkers relative 
to the other study’s response data (features that scored strongly had pre-
dictive value for response). Figure 3 shows that although a small number 
of features selected by one study appeared uninteresting in the other, the 
vast majority of candidate biomarkers selected by either gCSI or CCLE 
also produced extreme association statistics when compared to the other 
study’s drug response data. For example, ERBB2 and CDH3 were among 
the genes selected by the elastic net when applied to gCSI response data 
for lapatinib; univariate analysis of CCLE response data produced false 
discovery rate (FDR)-corrected P values of 1.6 × 10−12 and 6.6 × 10−7 for 
these genes, placing them on the far left of the CCLE distribution. Use of 
discrete sensitive/resistant labels rather than continuous drug response 
produced qualitatively similar results (Extended Data Fig. 6).

Owing to the truncation of published GDSC mean viability data, gCSI 
could only be compared to GDSC on the basis of biomarker discovery 
using discrete response. Although gCSI and CCLE discretized response 
data permitted identification of known correlates of response for both 
specific and broadly active drugs when assessed on lines in common 
between gCSI and CCLE (Extended Data Fig. 6a), only the latter were 
recovered when the same analysis was run on lines in common between 
gCSI and GDSC (Extended Data Fig. 7a). Furthermore, for drugs with 
specific effect, the algorithm yielded no biomarkers at all for GDSC drug 
response data when run on lines in common between gCSI and GDSC. 
For ten additional drugs in common between only gCSI and GDSC, the 
elastic net performed better—both gCSI and GDSC drug response data 
were capable of producing elastic net hits that scored well in the other 
study for many drugs in this set (Extended Data Fig. 4a, b).

Methodology contributes to discrepancy 
After demonstrating that independent data sets were capable of revealing 
common responsive and resistant lines and common sets of candidate bio-
markers, we next characterized potential sources of systematic variation 
between the projects. Comparison of experimental methods highlighted 
three key differences: assay type, cell seeding density, and growth media. 
The specific choices of each project are described in Extended Data Table 1a.

Table 1 | Classification concordance
CCLE GDSC

Agree Agree

Type Drug Called (%) Sensitive Resistant Disagree Agree (%) P value Called (%) Sensitive Resistant Disagree Agree (%) P value

Specific

Crizotinib 60 9 146 17 90 2.0 × 10−6 85 9 68 10 89 5.8 × 10−6

Erlotinib 57 35 100 25 84 5.8 × 10−16 66 3 48 4 93 2.9 × 10−3

Lapatinib 48 24 100 10 93 3.1 × 10−17 59 2 54 1 98 1.9 × 10−3

Broad

Irinotecan 53 41 38 9 90 1.0 × 10−14 – – – – – –

Paclitaxel 47 57 55 16 88 1.5 × 10−18 60 23 19 18 70 3.9 × 10−3

PD0325901 50 72 64 5 96 9.2 × 10−34 46 55 45 16 86 8.7 × 10−16

Lines called sensitive or resistant by both gCSI and CCLE (or separately, by gCSI and GDSC) were assessed for concordant classification. The percentage of such doubly called lines is given in the 
‘Called’ column. The counts of cell lines called sensitive or resistant by both groups, or with discordant classifications, are listed along with the percentage of doubly called cell lines with concordant  
classifications. P values correspond to a Fisher’s exact test for the sensitive/resistant two-way table. For targeted agents, total concordance was slightly higher for GDSC than CCLE, although  
very few sensitive lines were called among the gCSI/GDSC overlap. For broadly active agents, total concordance was significantly higher for CCLE.
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Figure 3 | Consistent biomarker scoring for gCSI and CCLE drug 
response data. The elastic net algorithm was applied to identify short lists 
of candidate biomarkers for drug response as assessed by either gCSI or 
CCLE mean viability values, using gCSI genomic data. (Equivalent results 
based on CCLE genomic data are shown in Extended Data Fig. 5b–d.) 
Supplementary Table 4 describes the number of cell lines available for each 
comparison. Extended Data Fig. 5a describes the recovery of biomarkers 
expected to associate with response for each of the six drugs tested by 
both gCSI and CCLE. a, Genomic features were ranked by direction and 
strength of their association with CCLE mean viability (from strongest 

negative to strongest positive). Shaded regions indicate features with 
significant univariate association (FDR-adjusted P < 0.10). Blue indicates 
negative association with response and red indicates a positive association. 
The univariate ranks of features selected by the elastic net using gCSI drug 
response are indicated with vertical bars, also coloured by direction of 
association. In general, the gCSI-selected features are strongly enriched 
at the extreme ends of the distributions, indicating that they are highly 
relevant to both drug response data sets. b, As for panel a, but applying the 
elastic net to CCLE drug response data and comparing results to univariate 
statistics obtained from gCSI drug response.
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We were particularly interested in the potential impact of the 
choice of assay for viability readout. Cytotoxic effects can be reason-
ably assessed by either metabolic readout or live cell count, whereas 
cytostatic effects may produce distinct results in the two viability  
readouts6. For lapatinib and paclitaxel, for example, Haibe-Kains et al.3 
observed a better correlation between CCLE and a GlaxoSmithKline 
(GSK) study7 that also used CellTiter-Glo (CTG) than between 
GDSC and GSK. On this basis they asserted that inconsistencies 
between CCLE and GDSC were partly due to the use of different  
assays3.

To evaluate the relevance of methodology differences, we under-
took a follow-up screen that considered each of the variables in a full 
three-way factorial design. Twenty-four lines and four drugs common 
to all three studies were re-assessed with CTG versus the SYTO 60 
fluorescent stain, fixed versus variable seeding, and 5% versus 10% 
FBS (Methods). PD0325901 showed a slight but systematic reduction 
in viability when assessed by CTG (mean reduction of 3.6 percentage 
points relative to SYTO 60, paired t-test excluding SK-N-DZ cells, 
P = 1.3 × 10−5, Fig. 4a). Notably, for the other three drugs, a compari-
son of CTG and SYTO 60 mean viability estimates showed no evidence 
of systematic bias (erlotinib, P = 0.77; lapatinib, P = 0.23; and pacl-
itaxel, P = 0.27). SK-N-DZ cells treated with paclitaxel were the only 
exception; however, since this line is only loosely adherent, it may have 
been subject to cell loss during a SYTO 60 washing step. Further, our 
SYTO 60 results for broadly active drugs (including PD0325901) were 
more consistent with CTG values from the primary gCSI (r = 0.58) and 
CCLE (r = 0.47) screens than with the GDSC SYTO 60 values (r = 0.42, 
Fig. 4b). Taken together, these data indicate that, at least for the drugs 
considered in the follow-up screen, biological bias arising from choice 
of viability readout is not a plausible explanation for the differences 

between CCLE and GDSC. Crucially, results from the SYTO 60 assay 
were significantly more variable than those from CTG. Confidence 
intervals for mean viability (Methods) were significantly wider for 
SYTO 60 than for CTG—for most cell lines, and for all drugs and 
across all media and seeding density conditions (Fig. 4a and Extended 
Data Fig. 8c). Combining these observations, we see that the SYTO 
60 assay typically captured the same information as CTG but it did so 
with far less precision.

Unlike viability readout, other methodology choices did impact results 
more broadly, although typically with modest effect size. Extended Data 
Figure 8a shows that for some, although not all, drug and cell line com-
binations, increased FBS had a consistent though weak effect on mean 
viability. For PD0325901 in particular, increasing FBS systematically 
increased mean viability (an average increase of 4 percentage points, 
paired t-test, n = 46, P = 2.3 × 10−5, Extended Data Fig. 8b). For other 
drugs, however, no consistent shift of a practically relevant magnitude 
was observed (Extended Data Fig. 8b).

Seeding density also produced systematics effects. When slow 
growing cell lines were seeded at higher density—allowing control 
wells to become confluent over the course of the assay, and thus 
potentially constraining growth or saturating CTG signal—mean via-
bility tended to increase and apparent drug sensitivity was reduced. 
Conversely, fast growing cell lines tended to show lower mean viability  
and appeared to be more sensitive when seeded at lower density 
(Extended Data Fig. 9a). Intriguingly, a similar trend was seen when 
comparing gCSI (variable seeding) and CCLE (fixed seeding) mean 
viability data (Extended Data Fig. 9b), suggesting that a small but  
statistically significant portion of the difference between the two result 
sets can be explained by how those projects managed differential  
growth rates.

Figure 4 | Follow-up screen shows SYTO 60 assay closely agrees with 
CTG but is significantly less precise. a, Comparison of mean viability 
between STYO 60 and CTG assays for 24 lines and four combinations of 
growth media and seeding density. Results were largely concordant, with 
SK-N-DZ treated with paclitaxel as the only notable exception. Symbol 
colour indicates seeding strategy; symbol shape indicates media condition. 
Inset plots indicate the widths of inter-replicate 95% confidence intervals 
on mean viability for CTG (C) and SYTO 60 (S). See Extended Data Fig. 8  
for full details. b, Pairwise Pearson correlation of mean viability across  
24 cell lines, combining data from the two broadly active drugs, for 

which use of correlation coefficient is appropriate. Follow-up SYTO 60 
results were more consistent with CTG values from the primary gCSI and 
CCLE screens than with the GDSC SYTO 60 values (rectangle ‘1’). All 
eight follow-up screen results were best correlated with the gCSI primary 
screen, with the strongest correlation (rectangle ‘2’, r = 0.74) being the 
same conditions used in the primary gCSI screen. Similarly, follow-up 
results that best correlated with CCLE data were those that matched CCLE 
screening conditions (rectangle ‘3’, r = 0.63). CTG and SYTO 60 values are 
derived from three biological replicates (Methods).
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Discussion
In their critique of the CCLE and GDSC projects, Haibe-Kains et al.3 
wrote, “Because there is no clear concordance, predictive models of 
response developed using data from one study are almost guaranteed to 
fail when validated on data from another study, and there is no way with 
available data to determine which study is more accurate.” The authors 
of the original studies recently disputed the choice of statistical meth-
ods used in the critique, and in suggesting alternatives, they highlighted 
the importance of biologically grounded analysis methods8. We strongly 
endorse this point of view. Further, we have presented an important, 
independent data resource and shown that when robust drug response 
statistics are used, and when concordance metrics are aligned with the 
stated purpose of high-throughput cell line drug response profiling,  
consistency can be achieved: consistent identification of cell lines that are 
sensitive or resistant to drug, as well as consistent identification of candidate  
biomarkers that predict response.

Furthermore, the independently generated gCSI data address the 
question of which of the two original studies is more accurate: gCSI 
data agreed less well with GDSC than with CCLE. The GDSC trun-
cation of viability statistics as well as lower dose ranges and limited 
sets of sensitive cell lines for some drugs undoubtedly contributed to 
this difference. We have also shown that, in our hands, SYTO 60 pro-
duced significantly noisier drug response estimates than CTG, even 
while capturing essentially the same biology. Therefore, the GDSC 
choice of SYTO 60 probably further reduced concordance with gCSI  
(and CCLE).

Finally, we have shown that other aspects of experimental methodology 
systematically affect measured cell viability. In particular, allowing cells to 
become over-confluent, by either over-seeding or using richer media, can 
lead to underestimation of inhibition. While these phenomena explain 
some fraction of the discrepancy between projects, other sources of both 
stochastic and unexplained systematic error undoubtedly remain. Our 
data demonstrate, however, that when appropriate laboratory and analysis 
protocols are applied, these are small enough to permit the generation of 
biomarker results that replicate in other settings, and thus, a realization of 
the potential of large cell line panels for characterization of heterogeneous 
response to anti-cancer agents and therapeutics.

Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.

Supplementary Information is available in the online version of the paper.
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MeThOdS
No statistical methods were used to predetermine sample size. The experiments 
were not randomized, and investigators were not blinded to allocation during 
experiments and outcome assessment.
Cell lines. Genentech maintains a collection of cancer cell lines obtained from a 
variety of academic and commercial sources (for example, ATCC, DSMZ)9. Cell 
line identity was verified by high-throughput single nucleotide polymorphism 
(SNP) genotyping using Illumina Golden gate multiplexed assays. SNP profiles 
were compared to SNP calls from internal and external databases to determine 
or confirm ancestry. In cases where data were unavailable or cell line ancestry 
was questionable, DNA or cell lines were re-purchased to enable confirmation 
of cell line ancestry. SNP genotypes were assessed each time new stocks were 
expanded from cryopreservation. SNP genotypes were also matched to our SNP 
microarrays (see below), which were subsequently matched to our RNA-Seq and 
exome sequencing data to confirm the matching of samples used for genomic and  
cell-based assays.
Screening drugs management and quality control. Drugs were obtained from 
in-house synthesis or purchased from commercial vendors. A fully automated 
transfer system by Nova Technology (Innovate Engineering) was used to transfer 
material from a dry library, solubilize with DMSO, and log the solutions into our 
compound management system. A high throughput liquid chromatography mass 
spectrometry/ultraviolet absorbance/charged aerosol detector/chemiluminescent 
nitrogen detector (LCMS/UV/CAD/CLND) system was used to verify identity, 
purity, and concentration of drugs used in the gCSI screens. The LCMS/UV/
CAD/CLND system consisted of an LCMS/UV system (Shimadzu) with LC-30AD  
solvent pump, 2020 MS, Sil-30AC autosampler, SPD-M30A UV detector, and 
CTO-20A column oven; a Corona Veo RS CAD (Thermo Scientific); and a model 
8060 CLND (Antek)10. Drugs with lower than 80% purity and 20% below expected 
concentration were excluded.

An Echo 555 acoustic drop ejection (ADE) liquid handler (Labcyte) was fully 
integrated in the ultra-high-throughput screening uHTS system to dispense DMSO 
solubilized compounds11. Nine-point dose–response curves at 1:3 dilution were 
generated using ADE as a means of transferring library compounds at ultra-low 
volume (in nanolitre scale) to achieve direct dilution of compounds. The uHTS 
system delivered assay-ready daughter plates at ×1,000 concentration. A DMSO 
backfill step was performed to achieve an equal volume of DMSO in each well. 
Assay ready drug plates were stored at −80 °C until the day of compound addition 
and subjected to a single freeze thaw cycle. Use of ADE technology limited the final 
DMSO concentration in assay plates to 0.1%, which was shown to have a negligible 
effect on cell growth.
Cell viability assays. Cells were maintained in RPMI-1640, 5% FBS (10% heat- 
inactivated FBS for suspension lines), and 2 mM glutamine at 37 °C and 5% CO2 
incubators. Cell lines were split at least once before use in cell-based assays. Before 
plating, adherent lines were trypsinized and suspension lines were re-suspended. 
Cells were assessed with a Vi-CELL Cell Viability Analyzer (Beckman Coulter); 
viability of at least 90% for adherent cell lines and 85% for suspensions was required 
for screening. Cells were plated at previously determined seeding densities. For 
each adherent cell line, the optimal seeding density intended to achieve 75%  
confluency at 96 h was assessed by Incucyte (Essen Bioscience). The optimal seeding  
for suspension and mixed suspension/adherent cell lines was 75% signalmax at 96 h, 
as assessed by CellTiter-Glo.

A Multidrop Combi Reagent Dispenser (Thermo Scientific) was used for plating 
25 μl cell suspension into barcoded Falcon 384-well black clear bottom plates. Cell 
plates were placed in a 37 °C humidified incubator maintained at 5% CO2 over-
night. The next day, copies of the × 1,000 daughter plates were taken out to thaw 
at room temperature. Room temperature RPMI-1640 without FBS was added to 
yield ×6 intermediate plates. Drug plates were incubated at room temperature for 
1 h. Five microlitres of compound addition was delivered to cell plates using an 
Oasis integrated Liquid Handling Robot Platform (Dynamic Devices) with Liconic 
Incubators and automated barcode tracking. After 72 h, cell plates were taken out 
of the incubator and equilibrated to room temperature for 30 min. Twenty-five 
microlitres of CellTiter-Glo reagent (Promega) was added using a Biotek Multiflo 
Microplate Dispenser. Cell lysis was induced by mixing for 30 min on an orbital 
shaker; plates were then incubated at room temperature for 10 min to stabilize 
luminescent signal. It is important to note that many of the blood lines required 
additional time (1–1.5 h) to induce cell lysis on the orbital shaker. Luminescence 
readout (relative light units; RLU) was performed on a 2104 EnVision Multilabel 
Plate Reader (PerkinElmer).

Three to four independent biological replicates were produced. Same-plate tech-
nical replication was observed to have negligible effect on outcome and therefore 
omitted.
Cell line authentication and quality control. First, short tandem repeat (STR) 
profiles were determined for each line using the Promega PowerPlex 16 System. 

Sixteen loci (fifteen STRs plus Amelogenin for sex determination) were evaluated: 
D3S1358, TH01, D21S11, D18S51, Penta E, D5S818, D13S317, D7S820, D16S539, 
CSF1PO, Penta D, AMEL, vWA, D8S1179 and TPOX. Results from gCSI cell lines 
were compared to external STR profiles of cell lines (when available) to confirm 
cell line ancestry.

In addition to the initial STR assessment, SNP genotypes were re-checked using 
a Fluidigm multiplexed assays each time new stocks were expanded for cryopres-
ervation. Resulting SNP profiles were compared to previously generated internal 
and external data (when available), to reconfirm ancestry. In cases where such 
data were unavailable or cell line ancestry was questionable, DNA or cell lines 
were re-purchased. SNPs selection for this purpose was based on minor allele 
frequency and presence on commercial genotyping platforms. The SNP assay 
included rs11746396, rs16928965, rs2172614, rs10050093, rs10828176, rs16888998, 
rs16999576, rs1912640, rs2355988, rs3125842, rs10018359, rs10410468, 
rs10834627, rs11083145, rs11100847, rs11638893, rs12537, rs1956898, rs2069492, 
rs10740186, rs12486048, rs13032222, rs1635191, rs17174920, rs2590442, 
rs2714679, rs2928432, rs2999156, rs10461909, rs11180435, rs1784232, rs3783412, 
rs10885378, rs1726254, rs2391691, rs3739422, rs10108245, rs1425916, rs1325922, 
rs1709795, rs1934395, rs2280916, rs2563263, rs10755578, rs1529192, rs2927899, 
rs2848745 and rs10977980.

All stocks were tested for mycoplasma before and after cells were cryopreserved. 
Two methods were used to minimize false positive or false negative results: Lonza 
Mycoalert kit and Stratagene Mycosensor. Cell growth rates and morphology were 
also monitored for any batch-to-batch changes.

The cell lines MEL-HO, ONCO-DG-1 and KCI-MOH1 were used in our study 
and are listed on the NCBI misidentified cell line list (http://www.ncbi.nlm.nih.
gov/biosample). We chose to maintain them because their utility here depends not 
on their true identity, but on their common use among gCSI, GDSC and CCLE.
Drug response statistics. gCSI data were processed using the R statistical com-
puting environment (R Core Team, 2013) and a Genentech-developed analysis 
package, compareDrugScreens, which is available for download.

To reduce noise and the impact of spatial effects, per-dose viability was com-
puted relative to median RLU from untreated wells physically near drugged wells 
on the plate. To minimize the impact of isolated aberrant wells, a four-parameter 
log-logistic model relating viability to log-dose was fit by minimizing the mean 
of residual absolute value (as an alternative to standard least squares). Cases with 
a high degree of variability across biological replicates were manually flagged 
and excluded from further analysis. In some cases, grossly aberrant runs were 
also dropped, resulting in fewer replicates. Fitted viability statistics for retained 
biological replicates were integrated via maximum likelihood and a hierarchical 
model that accounted for both within-run noise and cross-run biological varia-
bility. Specifically, fitted values and their standard errors for the final, synthesized 
curve are estimated on a dose by dose basis, and on the log-viability scale. For a 
given dose, the true viability value for run i is assumed to be subject to biological 
variation, and is thus modelled as a Gaussian random variable μi ≈ N(μ0,τ2). Given 
μi the viability estimate for run i is modelled as vi ≈ N(μi,σı

2). In practice, noise 
about fitted curve clearly varies from run to run, so use of run specific σi

2 is impor-
tant. Single-curve fitted viability (vi) and its associated estimated standard error (si) 
provide natural plug-in estimates of μi and σi. These are treated as fixed, and then 
μ0 and τ2 are estimated by numerically optimized maximum likelihood. (See the 
estMLE.R file in the compareDrugScreens package for additional detail.) To avoid 
confidence intervals which fall below 0%, standard symmetric confidence intervals 
are computed on the log-viability scale and then endpoints are exponentiated. 
Note that because, unconditionally, vi ≈ N(μ0, τ2 + σi

2), this meta-analysis style 
approach induces weighted averaging of runs, with weight inversely proportional 
to within-run noise level.

The reported IC50 is the dose at which cross-run estimated inhibition is 50% 
relative to untreated wells, that is, absolute IC50. The mean viability statistic is the 
arithmetic average of the fitted viabilities at each tested dose. Mean viability is 
equivalent to the area under the log-dose/viability curve divided by the total num-
ber of tested doses, and is thus on an interpretable percentage scale. Because the 
mean viability statistic depends on dosing, it is not expected to produce identical 
quantitative values for projects using different dosing schedule; it should, however, 
produce correlated results and order responsive lines similarly.

Published CCLE viability statistics differed from those used by gCSI and GDSC 
in an important respect. CCLE first profiled all cell lines with a high dose of MG132 
(a potent cell-permeable proteasome inhibitor). They then defined the minimum 
attainable viability for a given cell line (nominal ‘0’) as the viability observed upon 
treatment of that line with MG132. gCSI and GDSC, on the other hand, took the 
standard approach of equating nominal ‘0’ and true 0—that is, no observed fluo-
rescence. Absolute and MG132-relative viability and IC50 statistics are not directly 
comparable. To enable comparison, we reversed the MG132 adjustment made 
by CCLE and then refit dose response curves to the CCLE data using the gCSI 
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algorithms. (Both the code necessary for the results of this process are provided 
in the compareDrugScreens package.) All CCLE mean viability and IC50 statistics 
referenced in this manuscript are therefore on absolute rather than MG132-relative 
scale (Supplementary Table 2). GDSC did not provide per-dose viabilities, so their 
data could not be reprocessed in this fashion.

Additional investigation of published CCLE dose–response curves identified 
a small fraction with erroneous reported IC50 values; typically, those with per-
dose viability values that were either all above or all below the 50% threshold. The 
recalculation of absolute viabilities described above also corrected this problem.
Assigning sensitive and resistant labels. Specifically active targeted agents were 
assumed to have no effect on most cell lines, but to inhibit a small fraction of lines 
dependent on the relevant pathways, to varying degrees. To model this behav-
iour, two component Gaussian mixture distributions were fit to untruncated gCSI 
and CCLE mean viability data for crizotinib, erlotinib and lapatinib, using mclust 
(http://bioconductor.org). Although Extended Data Fig. 2a gives bivariate fits for 
illustration purposes, final sensitive/resistant thresholds were assigned one study 
at a time. Variance for the two components was not required to be equal. Cell lines 
more than two standard deviations below the fitted resistant group mean were 
called sensitive. The fitted sensitive group was more dispersed since, unlike the 
resistant group, variation here reflects both assay noise and true variation in degree 
of sensitivity to the drug; to accommodate this, lines more than one standard 
deviation above the fitted sensitive group mean were called resistant. Lines that 
did not meet either of these criteria we assigned no-call. Extreme outliers (>1.05 
for gCSI and >1.10 for CCLE) were excluded from fitting, but not classification, 
for crizotinib, erlotinib and lapatinib as the two-component fit is susceptible to 
assigning these rare outliers their own distribution.

This strategy could not be applied to the GDSC mean viability results owing 
to truncation of published statistics, which precludes the use of Gaussian distri-
butions. Instead, we used the same cutoffs for gCSI as computed above, counted 
lines called sensitive or resistant by gCSI among those in the gCSI/GDSC overlap 
set, and then assigned the same number of sensitive or resistant labels to those cell 
lines with most extreme GDSC mean viability scores. GDSC truncation of mean 
viability values at 1 often resulted in ties; these were resolved at random in order 
to select an appropriate number of resistant lines.

Broadly active agents were assumed to affect most or all lines, although to widely 
varying degrees. This makes use of mixture distributions inappropriate. For these 
compounds, we simply split cell lines into three even groups and assigned sensitive, 
no-call and resistant labels.

When assigning labels for data from a given institution, all available lines from 
that institution were used, even those not screened by other groups.
Expected biomarkers and expected responder cell lines. For Fig. 2 and 
related analyses, we selected sets of cell lines (termed ‘expected responders’)  
with the clearest evidence of genomic features previously shown to correlate 
with response to each of six drugs. These lines were selected using the gCSI  
feature-standardized genomic data matrix, so all cutoffs for quantitative vari-
ables are in standard (z-score) units. For crizotinib, the following features and 
cutoffs were used: MET amplification (copy number z-score >3.0) or evidence 
of EML4/ALK translocation. Further, the cell line OE33 lacked copy number 
data but is MET amplified12; the cell line NB-1 expresses an AML4/ALK fusion  
transcript13 and SR-786 has a NPM1/ALK fusion13. Both were included as expected 
responders to crizotinib. For erlotinib, we selected lines with EGFR hotspot muta-
tion (Supplementary Table 6) or high EGFR expression; for irinotecan, lines with 
high SLFN11 expression1,14; for lapatinib, lines with EGFR hotspot mutation, high 
EGFR expression or high ERBB2 expression. The biomarker for paclitaxel was low 
ABCB1 expression15. Finally, the biomarkers for PD0325901 were a positive value 
for the MAPK metafeature or high SPRY2 expression. Gene expression cutoffs 
were selected based on inspection of expression density plots (not shown). A cutoff 
of 2 was used to isolate the upper tail of unimodal distributions (EGFR, ERBB2, 
SPRY2), while a cutoff was placed in the gap for bimodal distributions (−1 for 
ABCB1, 0 for SLFN11).
Selecting lines for follow-up screening. Twenty-four lines were selected for the  
factorial assessment of viability assay, growth media, and cell seeding strategy. 
Because the SYTO 60 protocol is challenging to implement with cells in suspension2,  
we restricted attention to adherent lines. Twelve specific features of the 177 
cell lines available in all three studies were ranked. These features quantified  
differences in mean viability or IC50 among the three projects, availability of 
response data for cases where many lines were missing values, and relative seeding  
density in the gCSI primary screen. Cell lines with the highest average rank were 
selected.
Follow-up screen. Cells were maintained in RPMI-1640, 5% FBS and 2 mM glu-
tamine. Cells were assessed with a Vi-CELL Cell Viability Analyzer (Beckman 
Coulter); viability of at least 90% for all cell lines was required for screening. Cells 
were plated at optimal seeding density to a previously determined, line-specific  

level intended to achieve 75% confluency at 96 h using an Incucyte (Essen 
Bioscience). In addition, the same cell lines were also plated at a fix seeding 
density of 1,020 cells per well. To address whether serum concentration had an 
effect on drug response, cells were plated at 5% and 10% respectively. Multidrop 
Combi Reagent Dispenser (Thermo Scientific) was used for plating cells into 
barcoded Falcon 384-well black clear bottom plates. Cell plates were placed in 
a 37 °C humidified incubator maintained at 5% CO2 overnight. A 9-point dose 
dilution was performed using an Echo 550 (Labcyte). The next day, compound 
addition was done using a Bravo Automated Liquid Handling Platform (Agilent 
Technologies). After 72 h, 25 μl CTG reagent (Promega, G7573) was added using 
a Biotek Multiflo Microplate Dispenser. Cell lysis was induced by mixing for 2 min 
on an orbital shaker; plates were then incubated at room temperature for 10 min 
to stabilize luminescent signal. Luminescence readout (RLU) was measured on a 
2104 EnVision Multilabel Plate Reader (PerkinElmer). An identical set of assay 
plates was performed using SYTO 60 Red Fluorescent Nucleic Acid Stain method 
(Life Technologies, S11342) to compare different types of endpoint readout. Cells 
were fixed for 30 min using 4% formaldehyde prepared in PBS. Formaldehyde was 
aspirated and plates were washed 3 times using automatic liquid handling. Cell 
nuclei were stained using the SYTO 60 at 1 μM, 50 μl per well (384-well plate). 
Plates were incubated in the dark for 1 h at room temperature. Dye was aspirated 
and plates were washed three times using automatic liquid handling. Fluorescence 
intensity is measured (plate bottom measurement) by EnVision at 652 nm/678 nm. 
Three independent biological replicates were produced; same-plate technical rep-
lication was observed to have negligible effect on outcome and therefore omitted.
Gene expression. Expression levels were quantified by RNASeq via Illumina 
sequencing (75-bp paired-end reads) in one sample per cell line. Reads were filtered 
for quality and for rRNA contamination. These reads were aligned to the genome  
(GRCh37.1) using GSNAP (version 2013-03-31)16 with the following options: -M 2 -n  
10 -B 2 -i 1 -N 1 -w 200000 -E 1-pairmax-rna = 200000 -clip-overlap. An average of 
51.3 million uniquely aligned reads with concordant read pairs were available per 
sample. Read counts for each transcript were processed with the DESeq variance 
stabilizing transform (VST) method17 to obtain normalized expression levels. The 
resulting expression measurements are referred to as ‘VST values’.
DNA copy number and loss of heterozygosity. Illumina Human Omni 2.5-4 or 
Omni 2.5-8 arrays, one per cell line, were processed with a modified version of the 
PICNIC (ref. 18) algorithm, as published recently19. In short, the modifications 
to PICNIC increase the accuracy of global ploidy (and normal cell contamina-
tion) estimation and make the algorithm compatible with Illumina arrays. These 
modifications also allow for accurate total copy number estimates and dramat-
ically reduce over-segmentation. After PICNIC determines the sample ploidy 
and performs segmentation with its hidden Markov model (HMM) to determine 
allele-specific copy number, we added a final segmentation with cghFLasso20. This 
addition accounts for the over-segmentation of PICNIC in regions where point 
copy number estimates indicate non-integer total copy number. This segmented 
total copy number was averaged for each gene using all SNP intervals that include 
a portion of that gene. We used the absolute copy number scale (where 2 is normal 
for an autosome) rather than the traditional relative log2 absolute/ploidy copy 
number. Loss of heterozygosity (LOH) was assessed using the lesser of the two 
allele-specific copy number values (LACN), from the PICNIC HMM, using the 
same SNPs. Genes with an average LACN value <1 were considered to have LOH. 
Absolute total copy number values and binarized LOH values were included in the 
model for every gene.
Mutations. DNA mutations were assessed by Illumina exome sequencing (75-bp 
paired-end reads) in one sample per cell line (manuscript in preparation). GSNAP 
(version 2013-03-31)16 was used to align reads to the genome (GRCh37.1) with the 
following options: -M 2 -n 10 -B 2 -i 1-pairmax-dna = 1000-terminal-threshold =  
1000-gmap-mode = none-clip-overlap. Duplicate alignments were filtered using 
PICARD tools (http://broadinstitute.github.io/picard). An average of 64.7 mil-
lion uniquely aligned reads with concordant read pairs were available per sample. 
These aligned reads were used to assess genomic SNV and indel variants using the 
VariantTools (http://bioconductor.org) package (version 1.4.5) and the following cut-
offs: a minimum of 2 reads supporting the variant and at least 5% variant frequency.

We assessed our cell lines for mutations in 235 hotspot codons in specific RefSeq 
transcripts for 68 genes (Supplementary Table 6). As mutation consequences are 
evaluated with respect to a specific transcript, we ensured that the selected tran-
scripts indicated the expected wild type amino acids at the hotspot codons. Cell 
lines with any missense mutation within a hotspot codon were counted as mutant 
for that hotspot. A cell line lacking a variant at a given hotspot codon was counted 
as wild type if all three bases in the codon had sufficient coverage to detect a 
variant, with 80% power, given the VariantTools cutoffs above, and otherwise was 
considered a no-call (NA).

Hotspots were also combined, by gene, such that a cell line with any hotspot 
mutation in a given gene was considered positive for that hotspot metafeature.  
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For example, a cell line with a PIK3CA missense mutation at amino acid 542, 545 
or 1047 was considered positive for the PIK3CA hotspot metafeature.

To address tumour suppressor genes or previously uncharacterized muta-
tions in oncogenes, three levels of mutations were considered for each coding 
position in each gene. First, mutation consequences were annotated using the 
Ensembl Variant Effect Predictor (VEP)21. VEP implements a controlled vocab-
ulary, and VEP vocabulary terms in the following set were considered to always 
be function altering mutations (and coded as mut): TRANSCRIPT_ABLATION, 
ESSENTIAL_SPLICE_SITE, STOP_GAINED, FRAMESHIFT_CODING, STOP_
LOST. Missense mutations that had previously been observed one or more times 
in patient tumours (COSMIC, version v63_300113)22 were also considered to be 
function-altering mutations (mut). Second, a larger mutp class was formed by com-
bining mut variants with non-COSMIC missense variants assessed as ‘damaging’  
by the Condel tool23. Finally, variants that met the mutp criteria and were also 
within a segment of LOH were coded as mutpl. For each of these three categories 
of mutation, a sample was called wild type for a given gene if it had no variants and 
also had sufficient coverage at ≥50% of coding nucleotides; genes with no variants 
but insufficient coverage were considered NA.

Finally, we also formed three pathway metafeatures by combining mutations. 
The PI3K metafeature was positive for lines with a PIK3CA hotspot mutation, 
PTEN LOH, or PTEN loss. The DNA damage metafeature was positive for any cell 
line with a mutp variant in MLH1, MLH3, KMT2D (also known as MLL2), MSH2, 
MSH3, MSH6, PMS1 or PMS2. The MAPK metafeature was positive for any cell 
line with a hotspot mutation in BRAF, HRAS, KRAS, or NRAS.
GDSC and CCLE data. For CCLE, DNA copy number and expression were down-
loaded from GEO (accession number GSE36139). Mutation and cell line descrip-
tion data were downloaded from the CCLE website (http://www.broadinstitute. 
org/ccle/home). Drug and cell line names were matched across data sets. (Note 
that the cell line ‘T.T’ was renamed ‘tdott’ to differentiate from cell line ‘TT’.) As 
described above, the CCLE IC50 and mean viability values were re-calculated using 
the provided per-dose viability values from ref. 24 (see Supplementary Table 2).

The GDSC mean viability and IC50 values (gdsc_manova_output_w2.csv) were 
downloaded from ftp://ftp.sanger.ac.uk/pub4/cancerrxgene/releases/release-2.0 
as in ref. 3. Note that GDSC mean viability statistics were not included in the 
original publication. Because only summary statistics were provided, GDSC mean 
viability values were used as is. The GDSC extrapolated IC50 values, on the other 
hand, were truncated to the limits of the tested dose range for consistency with 
gCSI and CCLE data.
Predictive modelling. In preparation for predictive modelling, several cell line 
features were gathered: tissue of origin; growth rate as assessed by seeding density 
(the number of cells per assay control well required to reach 75% confluency at 
72 h); and doubling time.

All sample descriptors were combined into one matrix for predictive modelling. 
Expression VST values, DNA copy number, seeding density and growth rate were 
expressed as continuous values. Mutation status for individual hotspots, for gene 
hotspot and pathway metafeatures, and for the three categories of function-altering 
mutation were each individually coded as binary variables. Categorical variables, 
such as tissue type, were coded with one binary dummy variable per factor level. 
For example, the value ‘1’ for the ‘isLung’ feature indicates that a cell line is derived 
from lung cancer. All features, including the binary features, were standardized 
before imputation and predictive modelling.

Missing data, owing to a lack of genomic data or insufficient sequencing cov-
erage, were imputed using glmnet4. Missing values were initially replaced with 
the average value for their column (feature). Missing data were then imputed, one 
feature at a time, in a serial fashion, by treating one column as the response variable 
and all other feature columns as dependent variables. Training was performed 
using all samples with data for the response variable and values were then predicted 
for the samples previously missing data.

Classification and feature selection were performed using glmnet4 with bina-
rized or continuous valued mean viability as the response variable. We selected an  
α value of 0.5 to increase the richness of the selected features and to increase inter-
pretability. We selected the minimum lambda value within one standard deviation 
of the absolute minimum value under cross validation. This cross validation was 
performed with 25 randomly selected hold-out groups consisting of 20% of the 
samples. Hold-out groups were selected using the ‘caret’ (http://bioconductor.org) 
tool to select sample groups with sensitive/resistant proportions or continuous 
response variable distributions similar to that of the full set of samples. Following 
cross validation and lambda selection, a glmnet run with all samples was performed 

to select potential biomarkers. All features with a non-zero coefficient under the 
selected lambda were used for further analyses.

Owing to large differences in genomic feature naming and availability, it was 
necessary to use only one genomics data set at time when scoring genomic fea-
tures for correlation with drug response and selecting candidate biomarkers. gCSI 
and CCLE mean viability data were each compared to the gCSI genomics data 
(Fig. 3 and Extended Data Fig. 5a), and then separately to the CCLE genomics 
data (Extended Data Figs 5b–d). A similar analysis was performed for gCSI ver-
sus GDSC discretized mean viability statistics, relative to gCSI genomics data 
(Extended Data Fig. 7). Owing to sporadically missing drug response data and 
differences in the sets of lines for which gCSI and CCLE produced genomics data, 
the number of cell lines used in each comparison varied (Supplementary Table 4). 
For Fig. 3 and Extended Data Figs 5 and 6, only cell lines with gCSI and CCLE drug 
response data and genomic data were used. For Extended Data Fig. 7, only samples 
available in the gCSI and GDSC drug data and gCSI genomics data were used.
Univariate analysis of drug response and genomics. Drug response data and 
standardized genomics data used for predictive modelling (above) were also ana-
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Extended Data Figure 1 | Comparison of gCSI, CCLE and GDSC mean 
viability response statistics: all pairwise comparisons. a, b, IC50 values 
(the drug concentration estimated to produce a 50% reduction in viability 
relative to untreated cells) for the cell lines in Fig. 1. Because extrapolation 
beyond tested doses can produce statistically unstable results (Extended 
Data Fig. 2b), IC50 values are truncated to the tested dose range (which 
varies by drug and project). c, d, Mean viability (equivalent to area under 

the log-dose/response curve) is plotted for all drugs that gCSI had in 
common with one or both other studies. 0% corresponds to complete 
growth inhibition at all doses; 100% corresponds to viability equal, on 
average, to untreated control wells. Values are capped at a maximum value 
of 100% for consistency with GDSC published data. gCSI mean viability 
and IC50 values were derived from three biological replicates (Methods).
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Extended Data Figure 2 | Assignment of sensitive and resistant labels 
for specifically active agents. a–c, Untruncated mean viability statistics 
from CCLE and gCSI are plotted for three drugs with specific activity. 
Two-component Gaussian mixture model fits to these values were 
performed to classify non-responder and responder distributions for 
CCLE and gCSI separately26. Non-responder mean viability statistics 
were scattered around 100%, providing a good indication of assay noise 
levels. Point colour indicates hard sensitive (red) versus resistant (blue) 
thresholding based on likelihood ratio—a strategy that ignores uncertainty 
of classification. Dotted lines, on the other hand, indicate the final 
thresholds selected by the method used for Fig. 2; this method quantifies 
uncertainty and, if it is too high, assigns a no-call label to the cell line 
(Methods). Ellipses indicate the covariance from a two-dimensional,  
two-component fit and are for illustrative purposes only; response labels 
were assigned on the basis of individual fits for gCSI and CCLE separately, 
using all available cell lines for each data set. d–f, Hypothetical log-dose/ 
viability curves illustrating statistical challenges presented by IC50 
response metric. In small screens, it is often feasible to adjust dosing scale 
so that a 50% inhibition (relative to vehicle-treated wells at the same time 
point) is cleanly achieved. For large-scale screening, on the other hand, it 
is common for many cell lines to fail to achieve this level of inhibition at 
any tested dose, and/or to fail to demonstrate a lower asymptote in their  
dose–response curve. The mean viability statistic, on the other hand, 

requires no extrapolation beyond tested doses. d, A hypothetical  
dose–response curve with characteristics ideal for relative or absolute 
IC50 computation. Tested doses yield viability values well above and 
well below 50%. Furthermore, both upper and lower asymptotes can be 
precisely estimated, enabling use of relative IC50, if desired (relative IC50 is 
computed after first rescaling to the observed viability dynamic range.  
In the present work, however, all three studies use absolute IC50).  
e, A hypothetical dose–response curve that yields precise upper and lower 
asymptote estimates but a highly imprecise absolute IC50 estimate: doses 
over a range exceeding two orders of magnitude are all consistent with 
50% inhibition, and raw data are too noisy for further refinement. Use of 
such IC50 values, which can be frequently observed in gCSI, CCLE and 
GDSC results, may complicate cross-study comparisons. f, A hypothetical 
dose–response curve that requires potentially imprecise extrapolation 
for estimation of both absolute IC50 and lower asymptote. We advise 
against use of either absolute or relative IC50 for such curves, which are 
again common in all three studies under consideration. Finally, also note 
that in settings such as this, where low doses provide no information and 
inhibition occurs only at the highest tested doses, any response statistic is 
forced to rank cell lines on the basis of just a subset of the data generated. 
As a consequence, results for such drugs may exhibit reduced concordance 
regardless of analysis method.
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Extended Data Figure 3 | Comparison of gCSI, CCLE and GDSC 
primary drug response statistics: only cell lines assayed by all three 
projects. Equivalent to Fig. 1, but restricted to cell lines in the three-way 
gCSI, CCLE and GDSC intersection. Figure 1 shows a significant number 
of cell lines interrogated by gCSI and CCLE that are sensitive to the three 

specifically active drugs. Of these, few (if any) are visible here, because 
few were included in the gCSI–GDSC intersection. a–d, Mean viability 
statistics (a, b), and IC50 (c, d). Both are truncated as for Fig. 1 and 
Extended Data Fig. 1. gCSI mean viability and IC50 values were derived 
from three biological replicates (Methods).
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Extended Data Figure 4 | gCSI–GDSC concordance for drugs common 
to only gCSI and GDSC. a, Genomic features were ranked by direction 
and strength of their association with GDSC mean viability (from 
strongest negative to strongest positive). Shaded regions indicate features 
with significant univariate association (FDR-adjusted P < 0.10). The 
univariate ranks of features selected by the elastic net using gCSI drug 

response are indicated with vertical bars, also coloured by direction of 
association. b, As for panel a, but applying the elastic net to GDSC drug 
response data and comparing results to univariate statistics obtained from 
gCSI drug response. c, As in Table 1, lines called sensitive or resistant by 
both gCSI and GDSC were assessed for concordant classification.

bid1870

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 2
  Elastic net pos: 22

bortezomib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 11
  Elastic net pos: 6

docetaxel

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 65
  Elastic net pos: 32

doxorubicin

Uni neg (FDR < 0.10): 3
Uni pos (FDR < 0.10): 4

  Elastic net neg: 32
  Elastic net pos: 9

gdc0941

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

gemcitabine

Uni neg (FDR < 0.10): 4
Uni pos (FDR < 0.10): 4

  Elastic net neg: 54
  Elastic net pos: 33

ms275

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

rapamycin

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 12
  Elastic net pos: 17

thapsigargin

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 70
  Elastic net pos: 36

vorinostat

Uni neg (FDR < 0.10): 641
Uni pos (FDR < 0.10): 175

  Elastic net neg: 20
  Elastic net pos: 3

gCSI Elastic Net, GDSC Univariate

bid1870

Uni neg (FDR < 0.10): 72
Uni pos (FDR < 0.10): 303

  Elastic net neg: 5
  Elastic net pos: 12

bortezomib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 3
  Elastic net pos: 1

docetaxel

Uni neg (FDR < 0.10): 2
Uni pos (FDR < 0.10): 0

  Elastic net neg: 21
  Elastic net pos: 9

doxorubicin

Uni neg (FDR < 0.10): 4036
Uni pos (FDR < 0.10): 1915

  Elastic net neg: 16
  Elastic net pos: 8

gdc0941

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

gemcitabine

Uni neg (FDR < 0.10): 2873
Uni pos (FDR < 0.10): 997

  Elastic net neg: 26
  Elastic net pos: 13

ms275

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

rapamycin

Uni neg (FDR < 0.10): 1590
Uni pos (FDR < 0.10): 795

  Elastic net neg: 0
  Elastic net pos: 0

thapsigargin

Uni neg (FDR < 0.10): 74
Uni pos (FDR < 0.10): 40

  Elastic net neg: 14
  Elastic net pos: 13

vorinostat

Uni neg (FDR < 0.10): 424
Uni pos (FDR < 0.10): 94

  Elastic net neg: 14
  Elastic net pos: 6

GDSC Elastic Net, gCSI Univariate

Type Drug Called (%) Sensitive Resistant Disagree Agree (%)

specific bid1870 30% 13 40 23 70% 7.7E-03

broad bortezomib 52% 13 13 22 54% 0.57

broad docetaxel 48% 46 49 25 79% 1.6E-10

broad doxorubicin 47% 57 53 26 81% 9.6E-14

specific gdc0941 47% 3 103 5 95% 8.6E-04

broad gemcitabine 44% 42 59 24 81% 4.2E-12

specific ms275 62% 2 33 21 63% 0.71

specific rapamycin 44% 9 26 7 83% 1.8E-04

broad thapsigargin 46% 41 56 36 73% 2.2E-07

broad vorinostat 50% 45 51 26 79% 2.2E-10

Agreement rate for doubly-called cell lines screened only by gCSI and GDSC

Agree

GDSC

a

b

c
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crizotinib

Uni neg (FDR < 0.10): 123
Uni pos (FDR < 0.10): 45

  Elastic net neg: 0
  Elastic net pos: 0

erlotinib

Uni neg (FDR < 0.10): 2325
Uni pos (FDR < 0.10): 3640

  Elastic net neg: 8
  Elastic net pos: 0

lapatinib

Uni neg (FDR < 0.10): 2138
Uni pos (FDR < 0.10): 3100

  Elastic net neg: 13
  Elastic net pos: 5

irinotecan

Uni neg (FDR < 0.10): 1354
Uni pos (FDR < 0.10): 801

  Elastic net neg: 39
  Elastic net pos: 27

paclitaxel

Uni neg (FDR < 0.10): 2468
Uni pos (FDR < 0.10): 1509

  Elastic net neg: 20
  Elastic net pos: 15

pd0325901

Uni neg (FDR < 0.10): 827
Uni pos (FDR < 0.10): 808

  Elastic net neg: 46
  Elastic net pos: 26

gCSI Elastic Net, CCLE Univariate

crizotinib

Uni neg (FDR < 0.10): 246
Uni pos (FDR < 0.10): 50

  Elastic net neg: 0
  Elastic net pos: 0

erlotinib

Uni neg (FDR < 0.10): 1860
Uni pos (FDR < 0.10): 2853

  Elastic net neg: 8
  Elastic net pos: 0

lapatinib

Uni neg (FDR < 0.10): 2239
Uni pos (FDR < 0.10): 3754

  Elastic net neg: 9
  Elastic net pos: 1

irinotecan

Uni neg (FDR < 0.10): 3391
Uni pos (FDR < 0.10): 2261

  Elastic net neg: 8
  Elastic net pos: 8

paclitaxel

Uni neg (FDR < 0.10): 3923
Uni pos (FDR < 0.10): 2209

  Elastic net neg: 15
  Elastic net pos: 10

pd0325901

Uni neg (FDR < 0.10): 1454
Uni pos (FDR < 0.10): 2119

  Elastic net neg: 28
  Elastic net pos: 13

CCLE Elastic Net, gCSI Univariate

Features identified by elastic net for gCSI and CCLE mean viability data (gCSI genomics)

Drug Target Expected Biomarkers gCSI CCLE gCSI CCLE Shared Genes

crizotinib ALK, MET
MET, HGF expression, 
MET copy number

ST7-AS1 18 0

erlotinib EGFR
EGFR mutation, 
expression, or copy 
number

EGFR EGFR 9 13
CDH3, EGFR, ITGB6, 
LOC100507500, 
LOC100652762

lapatinib ERBB2
EGFR or ERBB2 copy 
number or expression, 
EGFR mutation

ERBB2 ERBB2 18 8 ERBB2, MIR4728

irinotecan Topoisomerase SLFN11 expression SLFN11 SLFN11 75 20 SLFN11, SQSTM1

paclitaxel Tubulin ABCB1 expression ABCB1 ABCB1 217 36

ABCB1, ARF4, BCL2L1, 
C1orf9, LOC100506325, 
OR6A2, SLC35F5, SSRP1, 
TRPC4AP

pd0325901 MEK
SPRY, DUSP, ETV4 
expression, RAS/RAF 
mutation

SPRY2, MAPK 
metafeature, ETV4, 
DUSP6

MAPK metafeature, 
SPRY2, DUSP6

37 29

DNAJA4, DUSP6, ERC2, 
GUF1, HSD17B11, HSD17B6, 
MAPK metafeature, RNF125, 
SPRY2, TMEM63C

Total featuresSelected positive control features

Features identified by elastic net for gCSI and CCLE mean viability data (CCLE genomics)

Drug Target Expected Biomarkers gCSI CCLE gCSI CCLE Shared Genes

crizotinib ALK, MET
MET, HGF expression, 
MET copy number

0 0

erlotinib EGFR
EGFR mutation, 
expression, or copy 
number

EGFR EGFR 8 8 CDH3, EGFR, KLF5, MAL2

lapatinib ERBB2
EGFR or ERBB2 copy 
number or expression, 
EGFR mutation

ERBB2 ERBB2 18 10 ERBB2, KLF5, MAL2, RHOV

irinotecan Topoisomerase SLFN11 expression SLFN11 SLFN11 66 16 ATP6V0E1, SLFN11

paclitaxel Tubulin ABCB1 expression ABCB1 ABCB1 35 25
ABCB1, PPP1R9A, SSRP1, 
TMEM139

pd0325901 MEK
SPRY, DUSP, ETV4 
expression, RAS/RAF 
mutation

SPRY2, ETV4, BRAF, 
KRAS

SPRY2, ETV4, DUSP6, 
BRAF

72 41

BRAF, CCDC107, ETV4, 
HIVEP1, HSD17B6, LTBP1, 
MAGEE1, NPAS2, RNF125, 
SFXN3, SPRY2, SSFA2

Total featuresSelected positive control features

a

b

dc

Extended Data Figure 5 | Consistent biomarker scoring for gCSI and 
CCLE drug response data. The elastic net algorithm was applied to 
identify short lists of candidate biomarkers for drug response as assessed 
by either gCSI or CCLE mean viability values, using gCSI genomic data. 
Supplementary Table 4 describes the number of cell lines available for 
each comparison. a, Description of biomarkers expected to associate with 
response for each of the six drugs tested by both gCSI and CCLE; recovery 
of expected biomarkers; total selected feature count; and overlap between 

gCSI and CCLE selected feature sets. Asterisk denotes that ST7-AS1 is 
adjacent to MET and ST7-AS1 expression correlates with MET copy 
number (Pearson correlation r = 0.47, P < 2.2 × 10−16, n = 534). The gCSI 
genomics set does not include translocations, so ALK translocation could 
not be checked directly. b, Equivalent to panel a, but using CCLE rather 
than gCSI genomics data. c, d, Equivalent to Fig. 3a, b, but using CCLE 
rather than gCSI genomics data.
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Features identified by elastic net for gCSI and CCLE discretized mean viability data (gCSI genomics)

Drug Target Expected Biomarkers gCSI CCLE gCSI CCLE Shared Genes

crizotinib ALK, MET MET, HGF expression, 
MET copy number 0 1

erlotinib EGFR
EGFR mutation, 
expression, or copy 
number

EGFR 19 29 ITGB6, KLF5, LOC100652762

lapatinib ERBB2
EGFR or ERBB2 copy 
number or expression, 
EGFR mutation

ERBB2 ERBB2 31 37

ABCA12, DSG3, EPN3, ERBB2, 
FAM83H, LOC728643, MAL2, 
MIR4728, RHOV, SERPINB13, SFN, 
SPRR3

irinotecan Topoisomerase SLFN11 expression SLFN11 SLFN11 72 24 EFCAB4B, LOC100128816, 
LRRC34, SLFN11

paclitaxel Tubulin ABCB1 expression ABCB1 78 39 EXOSC2, RIOK1, TIMM8A, 
TMEM139, TRPC4AP

pd0325901 MEK
SPRY, DUSP, ETV4 
expression, RAS/RAF 
mutation

MAPK metafeature, 
SPRY2, ETV4, DUSP6

MAPK metafeature, 
SPRY2, DUSP6 46 96

ADAMTSL3, DUSP6, FAM55C, 
GUF1, HSD17B11, LOC100505839, 
MAPK metafeature, RNF125, 
SH3TC2, SPRY2, ZCCHC9

Total featuresSelected positive control features

crizotinib
Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

erlotinib
Uni neg (FDR < 0.10): 1709
Uni pos (FDR < 0.10): 3315

  Elastic net neg: 2
  Elastic net pos: 17

lapatinib
Uni neg (FDR < 0.10): 109
Uni pos (FDR < 0.10): 578

  Elastic net neg: 4
  Elastic net pos: 27

irinotecan
Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 37
  Elastic net pos: 35

paclitaxel
Uni neg (FDR < 0.10): 1425
Uni pos (FDR < 0.10): 384

  Elastic net neg: 49
  Elastic net pos: 29

pd0325901
Uni neg (FDR < 0.10): 601
Uni pos (FDR < 0.10): 893

  Elastic net neg: 27
  Elastic net pos: 19

gCSI Elastic Net, CCLE Univariate CCLE Elastic Net, gCSI Univariate
crizotinib

Uni neg (FDR < 0.10): 1
Uni pos (FDR < 0.10): 305

  Elastic net neg: 0
  Elastic net pos: 1

erlotinib
Uni neg (FDR < 0.10): 1375
Uni pos (FDR < 0.10): 1981

  Elastic net neg: 1
  Elastic net pos: 28

lapatinib
Uni neg (FDR < 0.10): 909
Uni pos (FDR < 0.10): 1654

  Elastic net neg: 4
  Elastic net pos: 33

irinotecan
Uni neg (FDR < 0.10): 2332
Uni pos (FDR < 0.10): 1120

  Elastic net neg: 15
  Elastic net pos: 9

paclitaxel
Uni neg (FDR < 0.10): 2483
Uni pos (FDR < 0.10): 1110

  Elastic net neg: 26
  Elastic net pos: 13

pd0325901
Uni neg (FDR < 0.10): 1840
Uni pos (FDR < 0.10): 1746

  Elastic net neg: 52
  Elastic net pos: 44

a

cb

Extended Data Figure 6 | Features identified as response biomarkers 
using gCSI and CCLE discretized mean viability drug response data 
versus gCSI genomics data. Equivalent to Fig. 3 and Extended Data Fig. 5a,  
but using discretized sensitive/resistant labels rather than continuous 
drug response statistics (lines assigned a no-call label were ignored for 
this analysis). Recovery of expected biomarkers and scoring of features 
selected by elastic net in the opposing project’s univariate analysis are both 
comparable to results obtained from continuous mean viability statistics 
(Fig. 3 and Extended Data Fig. 5a). a, Description of biomarkers expected 
to associate with response for each of the six drugs tested by both gCSI 
and CCLE; recovery of expected biomarkers; total selected feature count; 
and overlap between gCSI and CCLE selected feature sets. b, Genomic 

features were ranked by direction and strength of their association with 
CCLE mean viability (from strongest negative to strongest positive). 
Shaded regions indicate features with significant univariate association 
(FDR-adjusted P < 0.10). Blue indicates negative association with response 
and red indicates a positive association. The univariate ranks of features 
selected by the elastic net using gCSI drug response are indicated with 
vertical bars, also colored by direction of association. In general, the 
gCSI-selected features are strongly enriched at the extreme ends of 
the distributions, indicating that they are highly relevant to both drug 
response data sets. c, As for panel b, but applying the elastic net to CCLE 
drug response data and comparing results to univariate statistics obtained 
from gCSI drug response.
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Extended Data Figure 7 | Features identified as response biomarkers 
using gCSI and GDSC discretized mean viability drug response 
data versus gCSI genomics data. Equivalent to Extended Data Fig. 6, 
but contrasting gCSI with GDSC rather than CCLE. a, Description of 
biomarkers expected to associate with response for each of the six drugs 
tested by both gCSI and GDSC; recovery of expected biomarkers; total 
selected feature count; and overlap between gCSI and GDSC selected 
feature sets. b, Genomic features were ranked by direction and strength 
of their association with GDSC mean viability (from strongest negative 
to strongest positive). Shaded regions indicate features with significant 

univariate association (FDR-adjusted P < 0.10). Blue indicates negative 
association with response and red indicates a positive association. The 
univariate ranks of features selected by the elastic net using gCSI drug 
response are indicated with vertical bars, also colored by direction of 
association. In general, the gCSI-selected features are strongly enriched 
at the extreme ends of the distributions, indicating that they are highly 
relevant to both drug response data sets. c, As for panel b, but applying 
the elastic net to GDSC drug response data and comparing results to 
univariate statistics obtained from gCSI drug response.

Features identified by elastic net for gCSI and GDSC discretized mean viability data (gCSI genomics)

Drug Target Expected Biomarkers gCSI GDSC gCSI GDSC Shared Genes

crizotinib ALK, MET
MET, HGF expression, 
MET copy number

3 0

erlotinib EGFR
EGFR mutation, 
expression, or copy 
number

0 0

lapatinib ERBB2
EGFR or ERBB2 copy 
number or expression, 
EGFR mutation

1 0

paclitaxel Tubulin ABCB1 expression ABCB1 ABCB1 8 45 ABCB1

pd0325901 MEK
SPRY, DUSP, ETV4 
expression, RAS/RAF 
mutation

MAPK metafeature, 
SPRY2

MAPK metafeature 67 106

C16orf71, EBF2, LOC285593, 
MAPK metafeature, 
MTCP1NB, NPAS2, PHLDA1, 
SH3TC2, UCP2

Total featuresSelected positive control features

crizotinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 3

erlotinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

lapatinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 1

paclitaxel

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 8
  Elastic net pos: 0

pd0325901

Uni neg (FDR < 0.10): 121
Uni pos (FDR < 0.10): 213

  Elastic net neg: 39
  Elastic net pos: 28

gCSI Elastic Net, GDSC Univariate

crizotinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

erlotinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

lapatinib

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 0
  Elastic net pos: 0

paclitaxel

Uni neg (FDR < 0.10): 0
Uni pos (FDR < 0.10): 0

  Elastic net neg: 25
  Elastic net pos: 20

pd0325901

Uni neg (FDR < 0.10): 188
Uni pos (FDR < 0.10): 217

  Elastic net neg: 74
  Elastic net pos: 32

GDSC Elastic Net, gCSI Univariate

a
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Extended Data Figure 8 | Media serum concentration affects mean 
viability for some drugs and cell lines. Differences in mean viability 
between the 10% and 5% FBS conditions are shown for the follow-up 
screen. Only CTG-derived mean viability values were used. a, Changes 
in single-run mean viability for variable seeding data before synthesizing 
replicates. In many cases, direction of change was not consistent. In others 
(for example, 769P or CAL-12T when treated with PD0325901), richer 
media had a consistent effect in each replicate. For each drug, overall 
significance of bidirectional effect was assessed by running a paired 
t-test for each cell line separately, and then pooling results by Fisher’s 
method. Overall media effect was significant for all drugs but lapatinib 
(for erlotinib, P = 0.037; lapatinib, P = 0.288; paclitaxel, P = 0.014; and 
PD0325901, P = 2.8 × 10−4). b, Only PD09325901 achieved an average 
media effect across cell lines that was statistically significant and of 
practically important size (4 percentage points). Data for fixed and 
variable seeding are plotted together because no significant difference 

in mean viability shift was observed between them for any of the four 
drugs considered (two-sided, unpaired t-tests: erlotinib, n = 47, P = 0.86; 
lapatinib, n = 45, P = 0.29; paclitaxel, n = 48, P = 0.80; and PD0325901, 
n = 46, P = 0.44). Mean viability values were derived from biological 
triplicate experiments (Methods). c, SYTO 60 produces more variable 
viability measurements than CTG. The width of the 95% confidence 
intervals for mean viability the 24 cell lines in the follow-on screen  
(on viability scale; see Methods for confidence interval estimation). 
Symbol colour indicates seeding strategy; symbol shape indicates media 
condition. For all drugs and screening conditions, the vast majority of 
cell lines showed wider confidence intervals for SYTO 60 than for CTG, 
indicating increased noise in the SYTO 60 data and reduced precision in 
estimation of mean viability (mean increase for erlotinib was 7 percentage 
points, P = 1.2 × 10−11; for lapatinib, 8 points, P = 1.6 × 10−14; for paclitaxel, 
5 points, P = 2.7 × 10−10; and for PD0325901, 5 points, P = 2.5 × 10−7). This 
effect is not related to seeding strategy or media serum concentration.
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Extended Data Figure 9 | Seeding density affects drug response for 
multiple drugs and cell lines. a, In the follow-up screen, the difference in 
estimated CTG mean viability between variable and fixed seeding is shown 
(with the two media conditions averaged). For broadly active compounds, 
slow growing lines typically yielded higher mean viability estimates under 
variable seeding and therefore produced a positive difference. Fast growing 
lines, on the other hand, tended to yield lower mean viability estimates 
under variable seeding (Spearman’s ρ test, P = 1.71 × 10−5). This trend 
was not significant for specifically active drugs (P = 8.77 × 10−2). Lines of 
average growth rate, for which fixed and variable seeding were essentially 
the same and thus no difference was expected, are indicated in the dashed 

rectangle. b, Similar to panel a, but showing the difference between gCSI 
(variable seeding) and CCLE (fixed seeding). Because mean viability 
statistics are not directly comparable when different dosing schedules are 
used, residuals from a regression of gCSI mean viability on CCLE mean 
viability are plotted in the heat maps rather than a simple difference. The 
line plot shows a moving average (75 cell line window) of the row averages 
of each heat map. As for the follow-up screen, a significant association 
was seen between cell line growth rate and impact of seeding density 
for broadly active drugs (Spearman’s ρ test, P = 7.76 × 10−9), but not for 
specifically active drugs (P = 1.12 × 10−1). Mean viability values were 
derived from biological triplicate experiments (Methods).
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extended data Table 1 | Key differences in assay conditions between projects

a, For viability, gCSI and CCLE used CellTiter-Glo, which measures metabolism by quantifying ATP levels; GDSC used the SYTO 60 nucleic acid stain, producing a signal roughly proportional to cell 
count. GDSC and gCSI varied the initial number of cells plated for each line in order to achieve similar confluency in control wells at the end of the assay; CCLE used a fixed number of cells for every 
line. GDSC and gCSI supplemented cell culture media with 5% FBS, while CCLE used 10% FBS. All factors except plate format were evaluated in our follow-up screen. Values in red distinguish one data 
set from the other two. b, Cell lines available for mean viability comparisons. The number of available GDSC mean viability or re-calculated CCLE mean viability values were tabulated for all drugs and 
cell lines that had matching gCSI mean viability data (see Extended Data Fig. 1).

Differences in assay conditions

Condition gCSI CCLE GDSC

Viability readout CellTiter-Glo CellTiter-Glo SYTO 60

Cell seeding Variable Fixed Variable

Media 5% FBS 10% FBS 5% FBS

Plate format 384 1,536 96 or 384

Type Drug gCSI vs. CCLE gCSI vs. GDSC

specific bid1870 0 252

broad bortezomib 0 92

specific crizotinib 285 102

broad docetaxel 0 248

broad doxorubicin 0 288

specific erlotinib 281 83

specific gdc0941 0 238

broad gemcitabine 0 286

broad irinotecan 166 0

specific lapatinib 280 96

specific ms275 0 91

broad paclitaxel 271 100

broad pd0325901 281 250

specific rapamycin 0 96

broad thapsigargin 0 289

broad vorinostat 0 242

Cell lines available for mean viability comparisons

a

b
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