
273Pharmacogenomics (2015) 16(3), 273–285 ISSN 1462-2416

part of

PharmacogenomicsReview

10.2217/PGS.14.170  © 2015 Future Medicine Ltd

Pharmacogenomics

Review
16

3

2015

In vitro human cell line models have been widely used for cancer pharmacogenomic 
studies to predict clinical response, to help generate pharmacogenomic hypothesis 
for further testing, and to help identify novel mechanisms associated with variation 
in drug response. Among cell line model systems, immortalized cell lines such as 
Epstein-Barr virus (EBV)-transformed lymphoblastoid cell lines (LCLs) have been used 
most often to test the effect of germline genetic variation on drug efficacy and 
toxicity. Another model, especially in cancer research, uses cancer cell lines such as 
the NCI-60 panel. These models have been used mainly to determine the effect of 
somatic alterations on response to anticancer therapy. Even though these cell line 
model systems are very useful for initial screening, results from integrated analyses 
of multiple omics data and drug response phenotypes using cell line model systems 
still need to be confirmed by functional validation and mechanistic studies, as well 
as validation studies using clinical samples. Future models might include the use of 
patient-specific inducible pluripotent stem cells and the incorporation of 3D culture 
which could further optimize in vitro cell line models to improve their predictive 
validity.
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Patient response to anticancer treatment 
varies widely, and one major factor con-
tributing to this variation is host genetic 
background – including both germline 
and somatic genetic variation (Figure 1). 
Pharmaco genomics is the study of the role 
of inherited and acquired genetic variation 
in drug response [1]. Preclinical models such 
as cell line model systems may be particu-
larly useful to help predict anticancer drug 
response and to help further our under-
standing of mechanisms of drug action in 
cases when there is limited access to clinical 
samples and/or the cost to obtain clinical 
samples to study drug response is too great 
[2]. Since both germline genetic variants and 
tumor somatic alterations can contribute to 
variable drug response, cell lines focused on 
germline DNA as well as on somatic altera-
tions are both important in pharmacoge-

nomic research. Currently, there are two 
common types of in vitro human cell line 
models. One involves immortalized cell line 
model systems such as Epstein-Barr virus 
(EBV)-transformed lymphoblastoid cell lines 
(LCLs) which can be used to study the effect 
of germline variation on both drug efficacy 
and adverse events [3–26], while the other 
one involves cancer cell line model systems 
such as the NCI-60 cancer cell panel [27], the 
Cancer Cell Line Encyclopedia (CCLE) [28], 
and the Cancer Genome Project (CGP) [29], 
all of which can be used to investigate the 
effect on drug efficacy of somatic mutations 
in addition to germline genetic variation.

The application of in vitro human cell 
line models to study variation in drug 
response has many advantages. The cell 
lines represent a renewable resource and, 
for many of these cell line systems, exten-
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Figure 1. Cancer pharmacogenomics.
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sive multiomic data (such as genomics, epigenomics, 
transcriptomics, proteomics and metabolomics) are 
available or is being made available through pub-
lic databases. Additional results from novel high 
throughput assays could be continuously accumu-
lated for these cells in a relatively short time period. 
In general, cell lines are well-controlled systems 
and many phenotypes (such as cytotoxicity, growth 
rate, gene expression change, intracellular metabo-
lites) could be measured by various high-throughput 
assays for any given drug or combinations of drugs 
with fewer confounding factors than are found for 
clinical sample. Finally, as mentioned earlier, a great 
deal of molecular data are publicly available, which 
makes these models extremely valuable for labora-
tories around the world. However, as for any model 
system, there are also limitations associated with 
these cell lines. The microenvironment and drug 
pharmacokinetic effects on clinical response can’t be 
assessed [2]. Gene expression profiles in cell line mod-
els are not identical with those for primary tissues 
[30]. Cell culture might also introduce new mutations 
and change the cell line characteristics. Therefore, 
further functional validation and clinical confirma-
tion of biomarkers discovered using in vitro cell line 
models will be required.

Since both immortalized cell line models and cancer 
cell line models have both contributed to a series of 
advances in cancer pharmacogenomics, in subsequent 
paragraphs, we have reviewed some of the discoveries 
made with EBV-transformed LCL and cancer cell line 
models. Finally, we will also describe the future pos-
sibility of generating patient-specific inducible pluripo-
tent stem (iPS) cell systems as well as incorporating 
3D culture to improve the clinical predictive validity 
of data obtained with in vitro cell line models.

EBV-transformed lymphoblastoid cell line 
models
EBV-transformed LCLs are immortalized cell lines 
derived from human peripheral B lymphocytes. These 
cells contain normal diploid karyotypes and represent 
germline variation of the donor [31]. Whole exome and 
genome sequencing have showed 99% concordance in 
DNA sequence between LCLs and peripheral blood 
cells from the same individual [32,33]. However, the anal-
ysis of DNA methylation revealed similar methylation 
patterns only in promoter regions [34]. Furthermore, 
the regulation of gene expression is tissue specific [35,36]. 
EBV transformation and cell culture processes might 
also introduce chromosomal instability and cellular 
changes (such as cell growth rate, baseline ATP levels) in 
addition to nongenetic factors that could influence drug 
response cytotoxicity assays performed with LCLs [37,38]. 
Therefore, functional validation in additional appropri-
ate cell lines and/or clinical samples is required, and 
the use of LCLs at early passage is recommended. We 
understand that biomarkers identified through LCLs 
might not be validated by functional assay or clinical 
study and this could be partly due to the confounding 
factors. Finally, LCL models might only be appropri-
ate for the study of genes influencing the mechanism 
of drug action (i.e., pharmacodynamics) because many 
drug metabolizing enzymes and drug transporters are 
not highly expressed in these cell lines [39].

Many large LCL collections from different human 
populations are commercially available from the Coriell 
Institute [40], which is an important cell line repository 
funded by the NIH [41]. Specifically, National Institute 
of General Medical Science (NIGMS) and National 
Human Genome Research Institute (NHGRI) collec-
tions such as the Human Variation Panel and LCLs 
from the International HapMap Project [3–26] have been 
used extensively for cancer pharmacogenomic stud-
ies. Recently all of the LCLs from the 1000 Genomes 
Project have also been deposited into the NHGRI col-
lection, cell lines from 1092 individuals in 14 popula-
tions with diverse ancestry, and each cell line contains 
publicly available Next-Generation sequencing infor-
mation for common, low-frequency and rare variants 
[42]. In addition, biobank sample is another important 
source for large LCL collections from population-based 
cohorts. Many Institutions across the world have estab-
lished various Biobanks, such as the National Biobank 
of Korea (NBK) [43], most of which have tight links 
to the Electronic Medical Records for future research. 
A method has been reported to successfully generate 
LCLs from small volumes of cryopreserved whole blood 
samples, which might make large scale generation of 
LCLs from biobank samples possible [44]. Since most 
studies published thus far are studies using the Human 
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Variation Panel and HapMap LCLs, in this review we 
will focus mainly on those two models.

Human Variation Panel
Taking advantage of the Coriell Institute NIGMS 
Human Variation Panel collection, our laboratory created 
a LCL model system containing 96 African–American 
(AA), 96 Caucasian–American (CA) and 96 Han Chi-
nese–American (HCA) LCLs (sample sets HD100AA, 
HD100CAU, HD100CHI) derived from unrelated 
healthy individuals to study cancer pharmaco genomics. 
For each cell line, extensive multiomics data have been 
generated, including 1.3 million genotyped SNPs plus 
5.4 million imputed SNPs, 54,613 mRNA expression 
probe sets, 485,577 DNA methylation probes, 733 
miRNA expression probe sets, as well as cytotoxicity 
phenotype for 23 anticancer drugs and radiation therapy 
[10,11,13–16,18,19,23,45,46]. As mentioned earlier, one advan-
tage of using cell line models is that, as technology devel-
ops, more assays, such as metabolomics or proteomics 
can be added to existing data sets to make the models 
more comprehensive. In addition to data accumula-
tion, novel integrative analysis methods have also been 
 developed for biomarker discovery [47–51].

One major application of cell line models is to gener-
ate pharmacogenomic hypotheses that might help us 
to identify novel mechanisms of drug action and/or 
help to design better treatment regimens (Figure 2). 
Through a genome-wide association study (GWAS) 
using the Human Variation Panel with enriched mole-
cular features, we discovered that basal mRNA expres-
sion of the FKBP5 gene was significantly associated 
with gemcitabine cytotoxicity (IC

50
) with a Bonferroni 

corrected p-value of 0.0001 [13]. Functional valida-
tion using siRNA showed that knockdown of FKBP5 
altered tumor cell sensitivity to gemcitabine in pancre-
atic and breast cancer cell lines [13]. Mechanistic study 
revealed that FKBP5 acted as a scaffolding protein for 
Akt and PHLPP, and influenced cancer cell death fol-
lowing genotoxic stress by promoting dephosphoryla-
tion of Akt at amino acid S473 [52]. In vivo pancreatic 
cancer cell line xenograft mouse studies showed that 
downregulation of FKBP5 promoted tumor growth 
and resistance to gemcitabine, while combination treat-
ment with gemcitabine and an Akt inhibitor reversed 
the effect [53]. Mulholland et al. subsequently confirmed 
that downregulation of FKBP5 increased Akt activity 
by reducing PHLPP-Akt interaction [54]. FKBP5 phar-
macogenomic studies using normal and tumor DNA 
samples from pancreatic cancer patients treated with 
gemcitabine discovered 404 SNPs using Next-Genera-
tion DNA sequencing, which included 326 SNPs with 
minor allele frequencies (MAF) greater than 1%. SNP 
rs73748206 in Intron 2 of FKBP5 was associated with 

patient overall survival and affected interaction with 
the glucocorticoid receptor as well as level of FKBP5 
gene expression [55]. Mitra et al. reported that another 
FKBP5 intronic SNP, rs3798346, was significantly 
associated with event-free survival and overall survival 
in pediatric acute myeloid leukemia (AML) patients 
treated with cytarabine [56]. This is one among many 
examples for which our group and others have used 
LCLs to characterize biomarkers at both functional 
and mechanistic levels [10–12,14–16,18,19,21–24].

In addition to the discovery of novel germline bio-
markers that might contribute to anticancer drug 
response, these cell lines can also be used to functionally 
characterize biomarkers associated with clinical response 
phenotypes during GWAS performed using patient 
DNA samples (Figure 2). Those studies make possible 
the use of additional functional genomic approaches that 
can help us to determine how genetic variation affects 
clinical drug response. Many of these studies were 
designed in an attempt to identify pharmaco genomic 
biomarkers associated with the endocrine therapy (selec-
tive estrogen receptor modulators [SERMs] or aroma-
tase inhibitors [AIs]) in the treatment of ER+ breast can-
cer using samples from large clinical trials. One of the 
first studies was designed to identify pharmacogenomic 
biomarkers associated with AI-induced musculoskeletal 
adverse events (MS-AE). A signal close to the TCL1A 
gene on chromosome 14 was observed for 293 cases and 
585 controls using germline patient DNA samples from 
the MA.27 Phase III clinical trial that was designed to 
compare the efficacy of two AIs, anastrozole and exemes-
tane. Four SNPs close to this gene were associated with 
MS-AE with p-values of 2.23 × 10-6 to 6.67 × 10-6. It 
should be pointed out that these p-values were not 
genome-wide significant. However, functional stud-
ies using Human Variation Panel LCLs selected on the 
basis of genotypes for the GWAS SNP signals indicated 
that SNP rs11849538 regulated the estrogen-dependent 
expression of TCL1A and – downstream – of IL17RA 
through the creation of a new estrogen response element 
(ERE) [9]. Mechanistic studies indicated that estradiol 
(E2) induced SNP-dependent TCL1A expression which 
also influenced the expression of IL-17, IL-12, IL-12RB2, 
IL-1R2, as well as NF-κB transcriptional activity [57]. 
These mechanistic finding could have implications for 
other disease areas beyond AI-induced MS-AE, specifi-
cally, rheumatologic diseases such as rheumatoid arthri-
tis (RA). In a similar fashion, a clinical GWAS using 
DNA samples from 772 postmenopausal women with 
estrogen receptor (ER)-positive breast cancer prior to the 
initiation of AI therapy identified 18 SNPs in or near 
the TSPYL5 gene on chromosome 8 – all in high link-
age disequilibrium (LD) – that were strongly associated 
with basal plasma estradiol (E2) concentration with a 
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Figure 2. Outline of using in vitro human cell line 
models to predict clinical response to anticancer 
therapy. This flow diagram outlines the strategy of 
how to use an in vitro human cell line model to predict 
clinical response. 
GWAS: Genome-wide association study; 
LCL: Lymphoblastoid cell line.
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p-value for the top SNP that was less than 3.5 × 10-8. In 
this case, the SNP p-value was genome-wide significant. 
Using LCLs with different genotypes for the imputed 
rs2583506 SNP demonstrated that that SNP created a 
functional ERE and regulated E2-dependent TSPYL5 
expression which, in turn, influenced E2 biosynthesis 
by inducing CYP19A1 expression [17]. Another clini-
cal GWAS using 592 cases and 1171 matched control 
DNA samples from subjects enrolled in the NSABP P-1 
and P-2 SERM breast cancer prevention trial identi-
fied SNPs in or near the ZNF423 and CTSO genes that 
were associated with breast cancer risk during SERM 
therapy [8]. Functional studies using LCLs with known 
genotypes for these SNPs revealed that both ZNF423 
and CTSO were involved in the SNP-dependent and 
estrogen-dependent induction of BRCA1 expression. 
ZNF423 appears to be an estrogen-inducible BRCA1 
transcription factor [8]. These novel findings may help 
us to move toward more highly personalized SERM pre-
vention therapy and, as a result, to change the current 
treatment paradigm, in other words, treating 50 women 
to prevent one case of breast cancer [8].

The common theme running through these stud-
ies is that LCLs are a powerful model system to func-
tionally and mechanistically characterize common 
germline genetic variation associated with clinical 
response. This type of approach adds significantly to 
pharmacogenomic studies for which clinical or popu-
lation-based replication is difficult to do and for which 
the power might be limited. Therefore, to be able to 
functionally characterize clinical pharmacogenomic 

GWAS signals serves as a useful alternative approach 
to replication studies while at the same time providing 
novel insights into the underlying biology associated 
with identified pharmacogenomic biomarkers.

HapMap LCLs
In addition to the Human Variation Panel, another 
widely applied model system uses HapMap LCLs. 
This system consists of 270 cell lines from three eth-
nic groups, including 30 CEPH trios, 30 Yoruban 
(YRI) trios, as well as 45 unrelated Japanese and 45 
unrelated Han Chinese. For each sample, about 7 mil-
lion common genetic variants (MAF >5%) have been 
genotyped by the International HapMap Project [58]. 
Recently additional information for less common and 
rare variants has been generated by the 1000 Genome 
Project using Next-Generation Sequencing [42]. This 
model has also been extensively characterized at the 
molecular level, including DNA CNV, DNA methyla-
tion, mRNA and miRNA expression, protein expres-
sion as well as cytotoxicity data for various anticancer 
drugs [3–7,12,20–22,24–26,59]. These data have also been 
used to develop statistical methodology related to the 
integrated analysis of different omic data to help iden-
tify pharmacogenomic biomarkers [6,12]. In addition to 
the analysis of SNP, expression and drug cyto toxicity 
data, a comprehensive GWAS for CNVs identified 
drug-related CNVs that were independent of SNP sig-
natures [4] and the analysis of protein expression for 
441 human signaling proteins and transcription factors 
in 68 HapMap YRI LCLs found enrichment of pro-
tein quantitative trait loci (pQTLs) for cisplatin and 
paclitaxel response. Functional studies indicated that 
knockdown of SMC1A or ZNF569 altered cisplatin or 
paclitaxel response [22].

Similar to application of the Human Variation Panel 
LCLs, the HapMap cell lines have also been used for 
many cancer pharmacogenomic studies designed to 
identify and understand biomarkers for the clinical pre-
diction of drug response. One GWAS using HapMap 
LCLs reported that the rs1649942 SNP was associated 
with carboplatin sensitivity by influencing gene expres-
sion, and further phase 1 validation indicated that this 
SNP was correlated with decreased progression-free 
survival (PFS) and overall survival (OS) in Australian 
Ovarian Cancer Study (AOCS) patients, but not in the 
phase 2 validation [7]. A meta-analysis using HapMap 
and other LCLs from different ethnic groups, together 
with a genotyping study performed with clinical DNA 
samples, found that the rs1203633 SNP was associ-
ated with cytarabine-induced cytotoxicity and overall 
survival in AML patients [60]. In addition to their use 
to discover biomarkers related to drug efficacy, the 
HapMap LCLs have also been used to identify bio-
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human cell line models

Functional validation of candidate genes or
SNPs using LCLs and cancer cell lines

Mechanistic studies of candidate genes or SNPs using 
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markers for drug-induced toxicity. Combination anal-
ysis of GWAS using HapMap LCLs and breast cancer 
patient samples from patients treated with paclitaxel 
found that the rs7254081 SNP in the intron of RFX2 
correlated with paclitaxel response in LCLs was also 
associated with paclitaxel-induced sensory peripheral 
neuropathy through transregulation of expression of 
18 genes. Functional studies showed knockdown of 
RFX2 affected nerve cell response to paclitaxel [24]. 
Even though LCLs have limitations, taken together, 
all of these examples clearly demonstrate the utility of 
these cell lines in identifying functional genomic bio-
markers that can help predict clinical drug efficacy or 
drug-induced toxicity.

Besides these publically available LCLs, patient-
derived LCLs have also been generated from different 
disease populations, including LCLs generated from 
participants in the Cholesterol and Pharmacogenetics 
(CAP) clinical trial and LCLs from patients enrolled 
in the Childhood Asthma Management Program 
(CAMP) clinical trial [61,62]. The 516 LCLs from Cau-
casian patients in the CAP trial have been used for can-
cer pharmacogenomic studies, and the rs531572 SNP 
in the MGMT gene was found to be associated with 
temozolomide response through the cis-regulation of 
gene expression [63]. Recently, another large genome-
wide association study (GWAS) also utilized these 516 
LCLs to screen 29 chemotherapeutic agents and iden-
tified 22 loci associated with drug response through 
single drug analysis as well as association analysis for 
drugs in the same class [64].

Cancer cell line models
Both germline DNA and tumor DNA can contribute to 
efficacy and/or toxicity related to anticancer treatment. 

Therefore, we can’t overemphasize the importance of 
tumor cell lines to study cancer pharmacogenomics. 
Cancer cell lines serve as extremely useful in vitro mod-
els for a specific tumor type to study cancer biology 
and treatment response (Table 1). Early collections of 
cancer cell lines included the NCI-60 cancer cell line 
panel, probably the most widely used model for study-
ing cancer biology and the role of somatic alteration in 
drug response [27], as well as cancer-specific collections 
such as the breast cancer cell line panel and colorectal 
cancer (CRC) cell line panel. Many recent publications 
also included additional large-scale collections of vari-
ous cancer cell lines with extensive genomic character-
ization and drug cytotoxicity profiles [28,29]. In addi-
tion, isogenic cancer cell line with knockout/knock 
in of specific gene/allele has also been used for cancer 
pharmacogenomics [65–67].

NCI-60 cancer cell line panel
The National Cancer Institute (NCI) assembled the 
NCI-60 cell line model system in the late 1980s. This 
panel contains a set of 60 human cancer cell lines 
from nine common types of cancer and has been used 
extensively for cancer pharmacogenomic studies [27,68]. 
This cell line panel also contains extensive omics data 
at the DNA/RNA/Protein levels, including karyo-
type, runs of homozygosity (ROH) patterns, SNP 
data, copy number variation (CNV), DNA mutations, 
DNA methylation, DNA fingerprinting, mRNA and 
miRNA expression, protein levels, endogenous estro-
gen and estrogen metabolite levels, metabolomic 
data, metabolite levels in the culture media, and drug 
response data [69–84]. Recently, all coding variants in 
these cell lines have been identified using whole exome 
sequencing [85]. All of these public data make the 

In vitro human cell line model Genetic variation

Immortalized cell lines   

EBV-transformed LCLs Human Variation Panel Germline

EBV-transformed LCLs HapMap LCLs Germline

Cancer cell lines   

Heterogeneous panels NCI-60 panel Germline and somatic

 CCLE Germline and somatic

 CGP Germline and somatic

 GSK cancer cell line panel Germline and somatic

Homogeneous panels Breast cancer cell line panel Germline and somatic

 Colorectal cancer cell line panel Germline and somatic

Isogenic cancer cell lines  Germline and somatic

CCLE: Cancer cell line encyclopedia; CGP: Cancer genome project; EBV: Epstein-Barr virus; LCL: Lymphoblastoid cell line.

Table 1. Examples of in vitro human cell line model systems that have been used in cancer 
pharmacogenomic studies.
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NCI-60 panel a very useful tool for investigators to 
explore from various perspectives. For example, com-
putational scientists have used this panel to develop 
novel systematic approaches to integrate multiomics 
data [86,87]. The gene expression profiles and com-
mon genomic alterations showed high concordance 
between cancer cell lines and corresponding primary 
tumor tissues [28,88]. However, recent studies have also 
shown that cancer cells are not tumor tissue, and gene 
expression patterns in the NCI-60 panel were found to 
differ from those in primary tumor tissue [30]. There-
fore, further clinical validation of identified biomark-
ers is also required for data gathered with this model 
system.

John Weinstein’s group used NCI-60 panel to 
explore the relationship between molecular genetic 
markers and drug response phenotype. For exam-
ple, their analyses of CNV, gene expression and 
drug response data suggested that ASNS might be 
a biomarker for L-asparaginase (L-ASP) treatment 
response in ovarian cancer [89,90]. Further analysis of 
ASNS protein level using a large panel of ovarian can-
cer cell lines supported a negative correlation between 
ASNS protein level and response [91], and functional 
studies indicated that knockdown of ASNS sensitized 
ovarian cancer cell lines to L-ASP treatment [92]. In 
another example, the analysis of DNA mutations in 
24 known cancer genes helped make it possible to 
identify a BRAF mutation, V600E, that was associ-
ated with pheno thiazine (an antipsychotic drug) 
response in melanoma [93,94]. Finally, an analysis of 
proteomic signatures found 27 proteins were corre-
lated to paclitaxel response [95]. Moreover, they also 
developed an online database, CellMiner, to integrate 
all of the omics data from the NCI-60 cell line model 
system [96,97].

Many pharmacogenomic studies from other groups 
were also performed with the NCI-60 cell lines by tak-
ing advantages of the public availability of the rich data 
for these cell lines. For example, SLFN11 gene expres-
sion was correlated with response to DNA-damaging 
agents while activation of the PI3K-Akt signaling 
pathway and basal level of cleaved PARP1 were associ-
ated with response to PI3K inhibitors [98,99]. Integrated 
analyses of pharmacogenomic data using both NCI-60 
panel data and clinical data showed that genetic vari-
ants in genes encoding drug-metabolizing enzymes 
and transporters were associated with gemcitabine 
response in pancreatic cancer patients. In addition, an 
eight-gene signature for predicting response to antimi-
crotubule agents in lung and breast cancer patients was 
developed [100,101]. Another analysis of the consump-
tion and release (CORE) profiles of 219 metabolites 
performed with NCI-60 cancer cell culture media, 

together with mRNA expression data, showed that 
glycine consumption and expression by the mitochon-
drial glycine biosynthetic pathway was significantly 
correlated with cancer cell proliferation rate as well as 
mortality for breast cancer [73].

In the early 1990s, Takao Yamori’s group in Japan 
established a JFCR39 panel that was similar to the 
NCI-60 panel. This panel contained 30 cancer cells 
that are part of the NCI-60, together with another 3 
breast cancer cell lines and 6 stomach cancer cell lines 
that were chosen for inclusion because of the high 
incidence of gastric cancer in Japan [102]. Multiple lay-
ers of molecular features and drug response data for 
130 chemicals have been generated using this panel 
[103], which will be also helpful for cancer pharmaco-
genomics, especially for tumors with high prevalence 
in Japan.

Breast cancer cell line panel & colorectal cancer 
cell line panel
Because of lineage confounding factors and the limited 
number of cell lines for each type of cancer in the NCI-
60 panel, homogeneous cancer cell line models might 
be more informative and robust for the prediction of 
clinical response in particular cancer types and/or sub-
types. For example, a collection of breast cancer cell 
lines as well as a panel of CRC cell lines have been well 
characterized and widely used for biomarker discovery.

This breast cancer panel contains approximately 51 
cell lines and extensive omics data generated by Joe 
Gray’s group, including CNV data, DNA methyla-
tion data, transcriptional profiles, protein levels and 
phosphorylation levels for selected genes in com-
monly deregulated signaling pathways [104–107]. Most 
of these cell lines are available from ATCC. This 
model includes representatives of different subtypes 
of breast cancer with unique molecular features that 
are observed in primary tumors. Based on CNV and 
gene-expression profiles which displayed the same 
hetero geneity as that seen in primary tumors, these 
cell lines have been divided into five subtypes, lumi-
nal A, luminal B, ERBB2-associated, basal-like and 
normal-like. These different subtypes of breast can-
cer cell lines showed variable response to therapeutic 
agents [104,108].

This breast cancer cell line panel is a particularly use-
ful tool to help discover pharmacogenomic biomarkers 
related to specific breast cancer subtypes. For example, 
basal-like breast cancer cell lines were more sensi-
tive to polyamine analogues, and a 13-gene signature 
was associated with response to these drugs [109]. Cell 
lines with low copy number of BRCA1 were sensitive 
to PARP inhibitors, and a 7-gene signature for DNA 
repair pathways was associated with drug response in 
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basal subtype tumors [110]. Because multiple omic data 
are available for these cell lines, more integrated or 
network analyses have been performed to identify bio-
markers associated with different therapies, especially 
targeted therapies [108,111–113]. Integrated analysis of 
drug response data and multiomics data indicated that 
one third of drugs showed subtype-specific response. 
For example, ERBB2-amplified cell lines were sensi-
tive to ERBB2-targeted agents, and basal subtype cell 
lines were sensitive to platinum salts [108]. Recently the 
analysis of drug response data for 90 anticancer agents 
in 70 breast cancer cell lines showed that combinations 
of additional omic features with transcriptional sig-
natures substantially improved the prediction of drug 
response [113].

A collection of CRC cell lines has also been used 
for cancer pharmacogenomics. It includes 70 CRC 
cell lines, many of which are available from ATCC. 
The analysis of whole exome mutation and CNV data 
indicated that CRC cell line panel was a great repre-
sentative for primary CRC at the genomic level, and 
the difference between paired cell lines and tumor tis-
sue from which the cell lines are derived might repre-
sent the heterogeneity of primary tumor [114,115]. This 
panel of CRC cell lines was used to investigate the 
differential pharmacological response of anti-ERBB1 
monoclonal antibody (cetuximab), and results showed 
that the direct growth inhibition was associated with 
mutation status in KRAS, BRAF and PIK3CA in exon 
20, while the immune killing was correlated with 
ERBB1 expression level [116]. Furthermore, Schlicker 
et al. classified CRC tumors as five subtypes using 
gene expression feature, and different subtypes of 
CRC cell lines displayed various response to targeted 
inhibitors [116,117].

Large cancer cell line collections
Because of the limited power for biomarker discovery 
using only 60 cancer cell lines from the NCI-60 panel, 
recently, several pharmacogenomic studies were per-
formed using large collections of cancer cell lines for 
which extensive multiomic data, sequencing data, as 
well as drug response phenotypes for a series of cytotoxic 
and targeted agents were obtained.

One study used the Cancer Cell Line Encyclope-
dia (CCLE) which contains 947 widely used human 
cancer cells from 36 tumor types, and 24 anticancer 
drugs were screened in approximately 500 cell lines. 
Plasma cell lineage was found to be correlated with 
response to IGF1 receptor inhibitors; AHR expres-
sion was associated with response to MEK inhibitor in 
NRAS-mutant line; and SLFN11 expression was cor-
related with sensitivity to topoisomerase inhibitors [28]. 
Another study, the Cancer Genome Project (CGP), 

used 639 human cancer cell lines and 130 antican-
cer drugs were screened. EWS-FLI1 rearrangement 
was found to be associated with response to a PARP 
inhibitor (olaparib) in sarcoma [29]. The GSK cancer 
cell line panel contained 311 cancer cell lines and 19 
compounds were tested. Integrated analysis suggested 
that primary oncogenic targets were critical for pre-
dicting drug sensitivity [118]. These cell lines were used 
successfully to derive models to predict several differ-
ent chemotherapeutic outcomes in different cancers, as 
demonstrated by Paul Geeleher, Nancy J Cox and R 
Stephanie Huang [119].

However, lack of consistency of drug response phe-
notypes between the CCLE and CGP sets generated 
by the two groups were reported subsequently [120,121]. 
Between the two largest cancer cell line panels, CCLE 
and CGP, overlap information is available for muta-
tion data in 64 genes, expression of 12153 genes and 
drug response data for 15 compounds in 471 cell 
lines. Although the expression and mutation data were 
highly reproducible, the analysis showed poor concor-
dance between studies, which might help explain sig-
nificant differences in the drug response data [120,121]. 
Since currently no single parameter can best represent 
drug response, it might be best to consider multiple 
parameters for analysis, including the slope of the 
dose-response curve, the area under the curve, the 
maximum effect and potency (IC

50
) [122]. These stud-

ies further emphasize the importance of standardizing 
the tools and methods for the characterization of drug 
response phenotypes and also the importance of func-
tional validation and clinical replication of biomarkers 
identified using cell lines or other model systems.

Isogenic cancer cell lines
In addition to the cancer cell lines derived from pri-
mary tumor tissues, isogenic cancer cell lines with 
knockout/knockin of specific genes/alleles have also 
been used for cancer pharmacogenomics, especially 
functional pharmacogenomics [65,67]. With parental 
cells as an appropriate study control, isogenic cancer 
cell lines have been applied for drug screening to dis-
cover gene/genotype selective compounds. For exam-
ple, a novel cytidine nucleoside analog was found to 
inhibit the growth of isogenic KRAS mutant cell lines 
[65], and stressed isogenic TP53 mutant cancer cells 
was sensitive to PLK1 inhibitors [123]. Di Nicolanto-
nio et al. established isogenic nontransformed cell lines 
with knockin of EGFR, KRAS, BRAF and PIK3CA 
mutations, and the study of 90 drugs on isogenic breast 
epithelial cells indicated that EGFR mutant cells were 
sensitive to EGFR tyrosine kinase inhibitors, erlo-
tinib and gefitinib, but not KRAS or BRAF mutant 
cells [66,67].
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Future perspective for optimizing in vitro 
human cell line models to improve their 
clinical predictive validity
Due to the difficulty of access to clinical samples, 
in vitro human cell line models will remain an impor-
tant resource for cancer pharmacogenomic research in 
spite of their limitations. Therefore, it will be neces-
sary to find strategies to overcome the limitations of 
in vitro cell line models and to enhance their potential 
for identifying functional biomarkers to increase the 
prediction value of these biomarkers in clinical set-
tings. Included among novel approaches that might 
help to achieve these goals is the application of iPS cell 
technology, as well as the incorporation of 3D culture 
to better simulate the in vivo microenvironment.

iPS cells
iPS cells were first reported by Yamanaka’s group in 
2006 [124]. These cells possess the capability of unlim-
ited replication and have the potential to differentiate 
into all types of somatic cells. Currently, the most widely 
studied and most promising cell sources for the genera-
tion of patient-specific iPS cells are skin fibroblasts and 
adult human adipose stem cells (hASCs) [125]. Recently, 
Rajesh et al. also reported that iPS cells could be gen-
erated from LCLs, a potential tool for generating indi-
vidual-specific iPS cells [126]. Previous studies suggested 
that iPS cell-derived hepatocytes showed characteristic 
phenotypic abnormalities that were similar to primary 
hepatocytes from the same patients, and that they could 
be used for drug toxicity testing [127]. Therefore, with 
further improvement in derivation technologies, char-
acterization methods, as well as cultivation and differ-
entiation protocols [125], in vitro human cell line models 
derived from patient-specific iPS cells have great poten-
tial to make it possible to study the host genetic effect on 
drug response in a more tissue or cell type specific man-
ner. In the future, paired cancer and tissue-specific cells 
differentiated from iPS cells from the same individual 
with the same genetic background [128] may be informa-
tive in vitro tools to identify biomarkers contributing to 
drug related efficacy and toxicity.

3D culture
Since the tumor microenvironment can influence 
tumor development, progression, metastasis and 
response to anticancer agents [129], 3D culture was 
developed to co-culture tumor cells with stromal cells 
to mimic the tumor microenvironment in vivo. Many 
studies have suggested that, compared with cells in 2D 
culture which only provides the necessary cell culture 
medium and solid support for cell growth in vitro, can-
cer cells in 3D culture behave in a fashion more simi-
lar to their in vivo behavior. For example, cells in 3D 

culture represented primary tissues better than cells in 
2D culture, and transformed mammary epithelial cells 
(MEC) in 3D culture regained polarity and their pro-
liferation was inhibited [130]. The 3D culture of breast 
cell lines showed significant changes in morphology, 
gene expression profiles, cellular signaling pathways 
and drug response when compared with 2D culture 
[131]. Association analysis of molecular features with 
morphological signatures identified PPARγ as a predic-
tor of the invasive stellate morphological phenotype, 
which represents triple-negative breast cancer [132]. 
Many additional examples are or will become avail-
able, and this technology may overcome some of the 
limitations of current cell line models and add signifi-
cantly to our ability to identify biologically relevant 
biomarkers associated with drug response.

Conclusion & future perspective
In conclusion, as a result of the limited availability of 
clinical samples and the high cost of performing clinical 
trials, in vitro human cell line models have become one 
of the most widely used preclinical models to study drug 
response. These cell line models are relatively cheap, 
easily manipulated and data for these cell lines can be 
accumulated for use in cancer pharmacogenomics stud-
ies. These cell lines have already proven to be extremely 
valuable to identify pharmaco genomic biomarkers and 
to help generate and test biological hypotheses. Obvi-
ously, any biomarkers identified using preclinical models 
will need to be further validated in vivo using additional 
animal models and human samples. However, in spite 
of scientific developments in the area of cancer phar-
macogenomics, the pace of clinical translation of these 
biomarkers is still slow. A major reason is the scientific 
evidence required for clinical translation. One way 
to improve the likelihood of identifying biologically 
relevant biomarkers is to improve preclinical cell line 
models. In order to better mimic the primary tissue and 
surrounding microenvironment, future incorporation 
of patient-derived tissue specific iPS cell panels and 3D 
culture methods might improve the clinical translational 
potential of pharmacogenomic biomarkers and enhance 
our ability to personalize anticancer drug therapy.
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Executive summary

In vitro human cell line models to predict clinical response to anticancer treatment
•	 In the clinic, patient response to anticancer treatment varies widely.
•	 Pharmacogenomics is the study of the role of inherited and acquired genetic variation in drug response.
•	 Due to limited access and the high cost of clinical samples, in vitro human cell line models which represent 

germline and/or somatic variation among different individuals or patients have been widely used as a 
preclinical model to predict clinical drug response in cancer pharmacogenomics.

•	 In vitro human publicly available cell line models are a renewable resource and a reasonably well-controlled 
system that includes extensive multiomics data.

•	 Further functional validation and clinical confirmation of biomarkers discovered by the use of cell line models 
is required.

Immortalized cell line models:
•	 Human Epstein-Barr virus (EBV) transformed lymphoblastoid cells

 – Immortalized cell line models such as EBV-transformed lymphoblastoid cell lines (LCLs) represent germline 
variation among different individuals.

 – Many large LCL collections from NIGMS and NHGRI have been used extensively for cancer 
pharmacogenomics studies. These collections include the Human Variation Panel and LCLs from the 
International HapMap Project. Recently all LCLs from the 1000 Genomes Project also became available. 
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 – HapMap LCLs have also been used to identify novel biomarkers involved in drug efficacy and adverse drug 
response.

•	 Cancer cell line models:
 – Cancer cell line models represent germline and somatic variation among different patients.
 – The NCI-60 panel was the first widely used cancer cell line panel and contains the most abundant 

omics data. It was a pioneer effort and represents the most extensively used cell line model in cancer 
pharmacogenomics.
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corresponding therapies.
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 – Isogenic cancer cell line with knockout/knock in of specific genes/alleles could help to discover novel 
therapies.

Conclusion & future perspective
•	 Due to the limited availability of clinical samples, in vitro human cell line models will remain a critical resource 

for cancer pharmacogenomics.
•	 Immortalized cell line and cancer cell line models that contain extensive multiomics data have been used 

successfully to identify genomic biomarkers involved in drug response. Further functional validation and 
clinical replication will be required to confirm these novel biomarkers.

•	 In order to better mimic the primary tissue, in the future patient-specific inducible pluripotent stem cells 
and 3D culture could be incorporated into cell line based pharmacogenomic studies to improve their clinical 
translation efficiency and to better predict clinical response.
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