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Cell microarrays are a promising tool for performing large-scale functional genomic screening in mam-
malian cells at reasonable cost, but owing to technical limitations they have been restricted for use with
a narrow range of cell lines and short-term assays. Here, we describe MicroSCALE (Microarrays of Spatially
Confined Adhesive Lentiviral Features), a cell microarray–based platform that enables application of
this technology to a wide range of cell types and longer-term assays. We used MicroSCALE to uncover
kinases that when overexpressed partially desensitized B-RAFV600E–mutant melanoma cells to inhibi-
tors of the mitogen-activated protein kinase kinase kinase (MAPKKK) RAF, the MAPKKs MEK1 and 2
(MEK1/2, mitogen-activated protein kinase kinase 1 and 2), mTOR (mammalian target of rapamycin), or
PI3K (phosphatidylinositol 3-kinase). These screens indicated that cells treated with inhibitors acting
through common mechanisms were affected by a similar profile of overexpressed proteins. In contrast,
screens involving inhibitors acting through distinct mechanisms yielded unique profiles, a finding that
has potential relevance for small-molecule target identification and combination drugging studies. Fur-
ther, by integrating large-scale functional screening results with cancer cell line gene expression and
pharmacological sensitivity data, we validated the nuclear factor kB pathway as a potential mediator of
resistance to MAPK pathway inhibitors. The MicroSCALE platform described here may enable new
classes of large-scale, resource-efficient screens that were not previously feasible, including those in-
volving combinations of cell lines, perturbations, and assay outputs or those involving limited numbers
of cells and limited or expensive reagents.
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INTRODUCTION

Gain- and loss-of-function screens are powerful experimental approaches
that can be leveraged to reveal the mechanistic underpinnings of a wide
range of mammalian cellular biological processes (1–5). However, the
costs and logistical challenges of current screening techniques restrict
the range and extent of their application. These restrictions are particularly
evident in large-scale screens involving multiple cell lines, genetic and
pharmacological perturbations, or assay outputs, or alternatively in cases
where cells, detection reagents, or other material resources are limited.
Arrayed screens in multiwell plates can provide discrete, multiplexed mea-
surements in proliferation- and image-based assays, but cost, labor require-
ments, and the need for specialized screening facilities equipped with
appropriate biosafety and fluid-handling equipment limit their deployment
(3, 5, 6). Pooled screening approaches address a number of these limitations
and enable the screening of larger numbers of genetic constructs at lower
cost (5, 7–10). However, pooled screening is incompatible with image-
based assays and typically requires large quantities of cells and reagents
and libraries of genetic overexpression or knockdown reagents that are
barcoded. Further, the scale of tissue culture required for pooled screens
may present logistical challenges when large numbers of screens, for ex-
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MA 02142, USA. 2Broad Institute of Harvard and Massachusetts Institute of
Technology, 7 Cambridge Center, Cambridge, MA 02142, USA. 3Department
of Medical Oncology, Dana-Farber Cancer Institute, Harvard Medical School,
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*To whom correspondence should be addressed. E-mail: kcwood@alum.mit.
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ample, of many different cell lines or environmental perturbations, are
required.

Cell microarrays have the potential to combine the best features of exist-
ing screening technologies, such as the assay versatility of multiwell plate–
based screening and the high efficiency of pooled screening (11–14). Cell
microarrays consist of hundreds to thousands of distinct genetic reagents
printed as individual, microscopic “features” on glass slides, which are then
seeded with adherent cells that attach and become treated with the reagent
present on each feature (13, 15). In principle, these systems make it pos-
sible to perform and analyze many parallel genetic perturbations on a
single slide with high screening throughput and low cell and reagent con-
sumption. In practice, although they have been featured in a number of
interesting proof-of-concept studies describing variations on the basic cell
microarray design with potential applications in several areas of cell biol-
ogy (13, 14, 16–21), these systems have only rarely been adopted in large-
scale screening applications because of several technical limitations (22, 23).
Namely, microarrays based on chemically delivered DNA expression plas-
mids or small interfering RNAs can only be used with cell types that are
easily transfectable (for example, human embryonic kidney 293T cells)
and with screening assays that are short in duration (typically 1 to 3 days)
because of the inefficient and transient nature of nonviral transgene ex-
pression (13–15). Conversely, microarrays based on virally delivered open
reading frames (ORFs) or short hairpin RNAs (shRNAs) can stably and
efficiently infect a wide range of cell types but require large libraries of
concentrated, purified viruses that cannot be prepared in a labor- or time-
efficient way with existing methods (24). Both formats are further limited
because cells tend to migrate away from the features on which they orig-
inally land and intermix with cells on neighboring features, an effect that
considerably decreases the achievable spatial density of printed features
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and the range of cell lines that can be used for screening (13, 14, 24).
Finally, the methods described to date for analyzing cell microarray
screening data have required specialized automated microscopy and image
processing approaches that, although powerful and technologically im-
pressive, are not widely available (13, 22, 23, 25, 26).

We sought to design a cell microarray platform that is free of the re-
strictions that have previously limited technologies in this field. Specifi-
cally, our goals were to enable stable and selectable transgene expression
and longer-term assays (up to ~14 days) in most adherent cell types with-
out regard to differences in infectability or migratory properties. To maxi-
mize the practical use of this platform, we also sought to achieve scalable,
semiautomated microarray production; stable long-term storage; com-
patibility with existing lentiviral ORF and shRNA libraries (3, 6, 27);
and quantitative analysis that does not require specialized microscopy
and image processing. By incorporating techniques from surface engineer-
ing, biochemical separations, and DNA microarray technology, we devel-
oped MicroSCALE (Microarrays of Spatially Confined Adhesive Lentiviral
Features), a miniaturized screening platform that fulfills each of these
criteria. Here, we describe the construction of this platform, its validation,
and its application to the systematic discovery of kinases that when over-
expressed modify the sensitivity of melanoma cells to a panel of clinically
relevant targeted therapies.
stke.sciencem
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RESULTS

Development of the MicroSCALE screening platform
This design of the MicroSCALE system (Fig. 1A) was achieved through a
series of technical developments. First, we created a methodology to spa-
tially confine infected cell populations into discrete, densely spaced islands
that can be assayed for phenotypes of interest in a manner analogous to that
of multiwell plates. Spatial confinement of cells is not feasible on un-
coated glass slides because the size and localization of the region of in-
fection adjacent to each printed feature varies substantially from cell line
to cell line owing to cell migration away from printed features, leading to
irregular and poorly localized regions of infection (fig. S1A). To achieve
uniform spatial confinement of cells to printed microarray features, we
first coated a glass slide with a material that is resistant to cell adhesion
and then printed features in two sequential steps: first with a material that
promotes localized cell adhesion and then with individual lentiviruses (di-
rectly on top of the printed adhesive regions) (fig. S1B). The resultant sur-
faces produced stable cell adhesion and infection only within printed areas,
resulting in islands of uniform size and shape regardless of the cell line used
(Fig. 1B and fig. S1C). We used polyacrylamide hydrogel–coated surfaces
as the adhesion-resistant substrate coating and gelatin as the printed cell
adhesive material, although other potentially suitable strategies have also
been described (18, 28, 29). We have not observed notable changes in
cellular morphology or growth rates on printed gelatin features relative
to tissue culture plastic.

Second, we developed a method to achieve consistent and high-efficiency
infection of cells adhering to printed lentiviral features. This was essential
for all downstream screening applications and requires (i) effective bind-
ing of viruses to the array surface and (ii) the use of highly concentrated
(high titer) virus preparations. Conventional lentiviral preparations do not
permit virus-surface binding because of the presence of serum proteins in
viral harvest medium (~10% by volume) (fig. S2A). Moreover, the titer of
unconcentrated lentiviral preparations [~5 × 107 IFU (infectious units)/ml]
was inadequate to achieve consistent, high rates of infection on printed
features across cell lines (fig. S2B).

Current techniques for lentiviral concentration and purification rely on
high-speed centrifugation of a small number of samples (<10), a process
that is incompatible with the parallel, high-throughput concentration of
www.SCIENCESIGNALING.org
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the hundreds to thousands of distinct lenti-
viruses that we aimed to use in our plat-
form (30). Accordingly, we devised a dual
purification and concentration technique that
permitted high-throughput, parallel prep-
aration and subsequent printing of hun-
dreds of unique high-titer viruses in a single
day. This “polyelectrolyte complexation”
method, adapted from a technique original-
ly described by Le Doux et al. (31), involves
the sequential addition of oppositely charged
polyelectrolytes to lentiviral supernatants to
form a polymer complex that entraps lenti-
viruses by electrostatic interactions. We pel-
leted the polymer-virus complex by low-speed
centrifugation and mechanically resuspended
the pellet in a desired volume of printing
buffer to yield a concentrated virus solution
ready for printing (fig. S3A). This purifica-
tion and concentration method can be per-
formed in multiwell plates with a conventional
benchtop centrifuge at low speed and reli-
ably yields about 80% recovery of functional
virus particles (fig. S3B). Once printed, con-
centrated lentiviruses efficiently infected cells
on MicroSCALE features (Fig. 1B). Further,
because all ORF- and shRNA-expressing
lentiviruses in our libraries contain mam-
malian selection markers [blasticidin and
A

B C

– Selection + Selection

786-0U87A549

U2OS 90-8T CD44+/CD24–

TICs

Print concentrated lentiviruses 
and cell adhesive matrix onto 
hydrogel-coated glass slides

Seed with adherent
cells, select, 
and incubate 
(~2–14 days)

Score features for 
phenotypes of interest 
(for example, IF, cell 

number, cell morphology)

Image arrays live or fixed and 
stained (1500–6000 features, 

each 300–600 µm and 
containing 100–500 cells)

Fig. 1. The MicroSCALE screening platform. (A) General schematic depicting screening with MicroSCALE.
(B) MicroSCALE arrays printed with GFP-expressing lentiviruses were seeded with the indicated cell lines
and fixed and imaged after 4 days (GFP fluorescence shown). Scale bar, 1 mm. (C) MicroSCALE arrays
printed with GFP-expressing lentiviruses were seeded with U2OS cells and incubated for 4 days with
(right) or without (left) puromycin selection during days 1 to 4 (blue, Hoechst; green, GFP). Scale bars,
1 mm (top panels) and 500 mm (bottom panels). IF, immunofluorescence; TICs, tumor-initiating cells.
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puromycin, respectively (6, 32)], we applied the appropriate selection re-
agent to ensure that all cells assayed on each feature were stably infected,
improving signal resolution by removing uninfected background cells
(Fig. 1C and fig. S4). Finally, we used concentrated, printed lentiviruses
stored at −80°C over the course of 8 months without observing notable
loss of activity.

To test the generality of the MicroSCALE platform using the opti-
mized slide coating and printing processes, we seeded microarrays with
a collection of mammalian cell types, including cancer cell lines derived
from lung, breast, prostate, skin, brain, pancreas, colon, kidney, liver, and
other tissues; genetically engineered, transformed human mammary epi-
thelial cells; and mouse embryonic fibroblasts. Of 32 cell lines tested to
date, 27 exhibited efficient adhesion, growth, infection, and selection on
MicroSCALE features and are thus deemed suitable for high-throughput
screening (tables S1 and S2).

Finally, we developed a simplified approach to quantify MicroSCALE
screening results. Automated microscopy, the standard method of analyz-
ing cells on glass slides, can capture complex cellular phenotypes but re-
quires specialized equipment and takes hours to days to analyze the
hundreds of features on a single slide (33), making it a potentially rate-
limiting step for large screens. As an alternative, we found that certain
simple, commonly measured phenotypes, such as cell number and phos-
phoprotein abundance, did not require cellular-level imaging and could be
accurately quantified on circular MicroSCALE features by measuring only
the total fluorescence intensity on each feature with a conventional DNA
microarray scanner (fig. S5). Thus, in applicable screens, this method can
analyze an entire slide in minutes, providing a means for rapid analysis of
large quantities of screening data.

Applications of the MicroSCALE screening platform
To investigate whether the MicroSCALE platform could reproduce a rep-
resentative set of proliferation- or staining-based results found by stan-
dard multiwell plate–based assays, we performed a series of experiments.
First, we verified that proliferation on microscopic features was accurately
monitored over time by comparing the effects of control [green fluores-
cent protein (GFP)–targeted] and cytostatic [polo-like kinase 1 (PLK1)–
targeted and casein kinase 1e (CSNK1E)–targeted] shRNAs, which block
mitotic progression (Fig. 2A) (3). Second, we reproduced observations
concerning oncogene addiction and synthetic lethality, demonstrating the
dependence of epidermal growth factor receptor (EGFR)–mutant non–
small cell lung cancers on growth signaling through EGFR and the related
receptor ErbB3 and the dependence of KRAS-mutant cancers on both
KRAS and TANK-binding kinase 1 (TBK1) (Fig. 2B) (4, 34). Third, by
immunofluorescence, we demonstrated that the phosphorylation of ribo-
somal protein S6 required the upstream activity of mTOR (mammalian target
of rapamycin) and Raptor, components of mTOR complex 1 (mTORC1)
(Fig. 2C) (35).

We also demonstrated that MicroSCALE reliably identified proteins
that affected drug sensitivity in a large-scale screen. We focused specifi-
cally on kinases because they mediate the activity of diverse cell signal-
ing pathways and may be a rich source of druggable targets that affect
drug sensitivity (32, 36). We applied the semiautomated virus concentra-
tion and printing techniques described above to produce Kinome ORF
MicroSCALEs, each printed with 1632 features consisting of 618 lenti-
virally delivered ORF constructs printed in duplicate or triplicate (Fig.
2D). The sequence-validated, wild-type ORFs, which have been previously
described (32), represent more than 75% of annotated human kinases. The
validated ORFs also include a curated collection of mutant alleles of par-
ticular relevance to melanoma and signaling molecules related to cell sur-
vival and apoptosis (fig. S6 and table S3). More than 90% of printed
constructs yielded stable infection as determined by resistance to blasticidin
selection, and spot-spot cross-contamination was minimal: Replicate
spots containing the same ORF consistently yielded similar levels of in-
fection, and control spots containing no virus yielded no surviving cells
after selection.

Using Kinome ORF MicroSCALEs, we performed a screen to identify
kinases that when overexpressed decreased the sensitivity of B-RAFV600E–
mutant melanoma cells (A375) to PLX4720, a selective inhibitor of the
mitogen-activated protein kinase kinase kinase (MAPKKK) RAF (37–39).
B-RAFV600E exhibits constitutive activity, is a key driver mutation in
melanoma, a form of skin cancer, and frequently confers sensitivity to
inhibitors of the MAPK pathway (40) This 1-week screening assay was
robust [Z′ factor = 0.40 ± 0.03 (41)], and we maximized the dynamic range
of the assay by seeding the cells at relatively low densities and halting the
assay when cells became confluent (fig. S7 and Materials and Methods).
Our results were in agreement with a previous screen performed with the
same cell line, drug, and a largely overlapping ORF library, but performed
in multiwell plate format with an independent viral preparation, different
infection and assay procedures, and no blasticidin selection (Fig. 2, E and
F, and table S4) (32). Specifically, of the 10 top-scoring wild-type ORFs
from the original screen that gave efficient infection in our screen, 8 (80%)
scored as hits (P < 0.05), 7 scored in the top 10% of all ORFs, and 5 scored
in the top 4% (top 20 wild-type ORFs). These hits included genes encoding
MAPKKKs C-RAF, MAP3K8 (also known as COT), which was excluded
from further analysis because of poor infection, and MOS, which scored
weakly in the original screen (32). We added five MAPK pathway mutant
activated alleles [H-RASG12V, K-RASG12V, MEK1S218D/S222D (MEKDD),
MEK1P124L, and MEK1Q56P] to the screen as positive controls. All five
of these scored in the screen, including four that scored in the top 15 ORFs
overall (32, 42–44). The genes encoding platelet-derived growth factor re-
ceptor b (PDGFRb) and insulin-like growth factor 1 receptor (IGF1R), two
kinases previously implicated in RAF inhibitor resistance (45, 46), did
not score in this or our original screen (32), possibly because the cells
lacked sufficient amounts of ligand or accessory factors required to
achieve full activation of these receptors. Finally, we used six replicate
drug-treated arrays for this screen, and retrospective analysis indicated that
a single array was sufficient to identify 80 ± 10% of the confirmed hits above,
and three replicate arrays were sufficient to identify 90 ± 6% (fig. S8).

Systematic screens for genetic modifiers of response
to targeted inhibitors
Having demonstrated that MicroSCALE screening produced data compa-
rable to that obtained with standard multiwell plate-based screening, we
designed a strategy to perform multiple functional modifier screens across
related classes of drugs and combine these results with existing cell line
pharmacogenomic data to nominate high-priority candidate resistance
genes and pathways (Fig. 3A).

We performed functional screens in A375 cells as described above with
five additional selective small-molecule inhibitors relevant to melanoma, in-
cluding agents targeting RAF (GDC-0879), MEK1/2 (mitogen-activated
protein kinase kinases 1 and 2) (AZD-6244 and PD-0325901), mTOR
(Torin1), and both mTOR and PI3K (phosphatidylinositol 3-kinase) (BEZ-
235) [fig. S9; two to five replicate arrays (screens) for each drug along
with four replicate vehicle-treated arrays] (37, 47–51). Unsupervised hierar-
chical clustering of both arrays and ORFs revealed several notable phenome-
na (Fig. 3B). First, kinome-wide modifier profiles segregated the three
classes of inhibitors on the basis of their biochemical targets as expected,
with replicate arrays frequently clustering together as nearest neighbors.
Second, most strong hits against drugs targeting one member of the MAPK
pathway (MEK1/2 or RAF) were also hits for drugs targeting the other
www.SCIENCESIGNALING.org 15 May 2012 Vol 5 Issue 224 rs4 3
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expression of C-RAF and MOS, which conferred selective resistance to
RAF inhibitors but not MEK1/2 inhibitors. This result is expected because
both C-RAF and MOS directly activate MEK (32, 52). Finally, hits rarely
scored for both mTOR and MAPK inhibitors, implying that genetic
modifier profiles contain functional information that is specific to the
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Fig. 2. MicroSCALE screening applications. (A) Top: Slides were fixed
and stained (Hoechst) on the indicated number of days after seeding
and U2OS cell numbers were determined by counting the number of nuclei
per spot (n = 4 replicate spots per condition). Bottom: Images of replicate
features expressing the indicated hairpins 2 and 6 days after seeding. (B)
Slides were stained (Hoechst) on day 6 and relative viabilities were de-
termined using the background-subtracted staining intensity on each fea-
ture (n = 4 replicate spots per condition). P values are relative to the shGFP
control. HCC827 cells have a constitutively active mutant form of the EGFR,
U2OS cells are wild type (WT) for KRAS, and MDA-MB-231 cells have a
constitutively active mutant form of KRAS. (C) Slides were stained [Hoechst
and an antibody recognizing phosphorylated S6 (P-S6)] on day 5 and total
P-S6 staining intensity was background-subtracted and normalized to
Hoechst intensity (n = 4 replicate spots per condition). (D) Kinome ORF
MicroSCALE arrays. Features are 600 mm in diameter with 750-mm center-
to-center spacing. The two features in the bottom right-hand corner of each
6 × 6 subgrid are control spots containing no virus. Arrays were stained
(Syto82) on day 6. Scale bars, 10 mm and 1 mm (inset). (E) Results of a
PLX4720 (1 mM) modifier screen in A375 cells. Average viability scores of
individual ORFs are shown (each normalized to vehicle-only treatment),
with the top 10% of ORFs shaded in gray. Red bars represent the top 10
WT ORFs from an analogous multiwell plate–based screen (32), and blue
arrows indicate the scores of five MAPK pathway mutant positive control
ORFs (see text for details; n = 12 or 18 replicate spots per ORF). The top
10% of ORFs in the screen are in the shaded region, and selected WT (red)
and mutant (blue) ORFs from this region are listed along with their individual
scores in the inset. (F) Images of replicate spots on a PLX4720-treated array,
including hits from ORFs with MAPK pathway mutants (blue), hit from ORFs
with WT genes (red), and ORFs with control genes (black). Cells were
selected with puromycin in (A) to (C) and blasticidin in (D) to (F).
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Fig. 3. Integrating the results of MicroSCALE screens with pharmaco- shown grouped into functional categories (n = 3 replicate wells per condi-

genomic data to identify genetic modifiers of therapeutic response in mel-
anoma. (A) Schematic depicting an approach to discover high-priority
resistance genes and pathways. (B) Heat map showing the results of
modifier screens. Columns represent individual arrays (two to five replicate
arrays were screened for each drug), and rows represent the average pro-
liferation score of each ORF (drug/vehicle; n = 2 or n = 3 replicate spots for
each ORF on the array). Unsupervised hierarchical clustering of rows and
columns was performed (for simplicity, the dendrogram representing the
results of row-based clustering is not shown). Scale bar indicates Z scores
(SDs from the column mean; seeMaterials and Methods). (C) Validated hits
that decrease the sensitivity of A375 cells to MAPK pathway inhibitors are
tion). (D) Top: Heat map depicting PLX4720 and AZD-6244 GI50 values for
a panel of 25 B-RAFV600–mutant melanoma cell lines. GI50 values are row
(drug)–normalized and Z-transformed. Bottom: Heat map showing single-
sample GSEA scores for three gene sets annotating NF-kB activation. The
matching scores of the NF-kB gene sets against PLX4720’s GI50 profile
reveal a significant enrichment of those gene sets in PLX4720- and AZD-
6244–resistant cell lines. [A perfect match (antimatch) corresponds to a
matching score of +1(−1) and a random match to 0.] The histogram de-
picts the matching scores of 3264 gene sets (MSigDB/C2 v3.0) against
PLX4720’s GI50 profile, with the scores of the NF-kB gene sets highlighted
by green lines.
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biochemical pathway(s) perturbed by each drug. Thus, our data suggest
that the overexpression of individual kinases can confer cross-resistance
to multiple inhibitors targeting a single pathway, whereas individual ki-
nases may only rarely confer cross-resistance to inhibitors targeting dis-
tinct pathways.

To validate and prioritize candidates emerging from primary screens,
we selected a panel of 30 to 40 ORFs that scored in the top 15% in each
individual screen with statistical significance (P < 0.05). We expressed
each of these ORFs individually in A375 cells in a traditional multiwell
plate format and measured proliferation scores (drug/vehicle) at a single
drug concentration. Of the hits identified in primary screens, 74, 65, and
63% were validated as conferring at least a modest survival advantage rel-
ative to a negative control (MEK1) in the presence of RAF, MEK1/2, and
mTOR and PI3K inhibitors, respectively (fig. S10A). In general, genes
that modulate drug sensitivity segregated into defined classes and path-
ways (fig. S10, B and C). For example, hits modulating sensitivity to
mTOR and PI3K inhibitors included protein kinase A (PKA) regulatory
and catalytic subunits (PRKAR1A, PRKACB, and PRKACG) and estab-
lished PI3K-mTOR pathway–associated genes (RPS6KA5, encoding ribo-
somal protein S6 kinase a5; PIK3CG, encoding PI3Kg; and PIP5K3,
encoding 1-phosphatidylinositol-3-phosphate 5-kinase), whereas those
modulating sensitivity to both RAF and MEK1/2 inhibitors included mul-
tiple SRC-family kinases (LCK, encoding lymphocyte-specific protein tyro-
sine kinase; HCK, encoding hemopoietic cell kinase; and FGR, encoding
the Gardner-Rasheed feline sarcoma viral oncogene homolog) and the novel
protein kinase C (PKC) isozymes (PRKCE, PRKCQ, and PRKCH). We
also found that several nuclear factor kB (NF-kB) pathway members scored
in primary screens against RAF and MEK1/2 inhibitors. We validated two
of these genes, IKBKB, encoding IkB (inhibitor of NF-kB) kinase b, a sub-
unit of the IkB kinase complex, and TRAF2, encoding tumor necrosis factor
(TNF) receptor–associated factor 2, in secondary assays (Fig. 3C).

Integrating functional screens with large-scale
pharmacogenomic data
Existing pharmacogenomic data sets provide an independent means of
identifying genes and pathways associated with resistance that can be used
to complement and prioritize the findings emerging from large-scale func-
tional screens. Using a panel of 25 B-RAFV600–mutant melanoma cell
lines for which steady-state gene expression (mRNA) and pharmacolog-
ical sensitivity data are available (see Materials and Methods) (32), we first
identified cell lines that were sensitive or resistant to RAF and MEK1/2
inhibitors (fig. S11). To determine whether resistant cell lines shared com-
mon transcriptional signatures, we performed single-sample Gene Set En-
richment Analysis (GSEA) (4, 53) to identify gene sets whose pattern of
expression across the entire panel of cell lines most strongly correlated with
the observed pattern of MAPK inhibitor resistance. Notably, we found a
significant enrichment of multiple independent gene sets associated with
NF-kB pathway activation in resistant cell lines compared with sensitive
lines (Fig. 3D), consistent with the results of our large-scale functional
screens, which found that the overexpression of NF-kB pathway genes
conferred selective resistance to MAPK inhibitors (Fig. 3C and fig. S12).

Validation of NF-kB pathway members as mediators
of resistance to MAPK pathway inhibitors
The identification of the NF-kB pathway through two independent, or-
thogonal approaches suggested that this pathway may be capable of mod-
ulating the sensitivity of melanomas to MAPK pathway inhibitors. To
functionally validate this finding, we measured the effect of NF-kB acti-
vation on the half-maximal growth inhibitory concentrations (GI50s) of
PLX4720, AZD-6244, and Vertex 11e, a selective ERK2 (extracellular
signal–regulated kinase 2) inhibitor (54), in four B-RAFV600–mutant mel-
anoma cell lines (A375, Colo679, UACC62, and SkMel28). Overexpression
of IKBKB or TRAF2 (Fig. 4A) conferred 1.5- to 10-fold GI50 shifts rela-
tive to MEK1 overexpression, which had no effect on GI50 relative to un-
infected parental cells and was therefore used as a negative control (fig.
S13). Drug resistance could also be induced in all cell lines by the addition
of soluble TNFa, an established NF-kB agonist (Fig. 4A) (55). In A375
and UACC62 cells, the magnitude of the PLX4720 GI50 shift conferred by
IKBKB or TRAF2 overexpression or TNFa addition was comparable to
that observed with C-RAF overexpression, a well-established mediator
of resistance to RAF inhibitors (fig. S13) (52). Immunoblot analysis indi-
cated that in A375 (Fig. 4B) and SkMel28 cells (fig. S14), overexpression
of IKBKB or TRAF2 or exogenous TNFa, in the presence or absence of
PLX4720, stimulated RelA phosphorylation [a commonly used measure
of NF-kB pathway activity (55)] to varying amounts but failed to pro-
mote ERK phosphorylation in the presence of PLX4720. In A375 cells
(Fig. 4C) and Colo679 cells (fig. S15), NF-kB stimulation was also asso-
ciated with resistance to PLX4720-induced apoptosis but did not bypass
drug-induced cell cycle arrest.

Finally, our findings raised the possibility that NF-kB activity might
predict clinical responses to MAPK inhibitors. As an initial test of this hy-
pothesis, we used human-derived B-RAFV600 malignant melanoma short-
term cultures. We first queried steady-state gene expression data from 29
cultures for signatures of NF-kB pathway activity (56). We selected four
cultures that we predicted, on the basis of high NF-kB activity, to be re-
sistant to MAPK inhibitors and four that we predicted, on the basis of low
NF-kB activity, to be sensitive to MAPK inhibitors. Strikingly, all four high
NF-kB cultures were strongly resistant to all MAPK pathway inhibitors
with the exception of WM1930, which was partially sensitive to AZD-
6244. Conversely, all four cultures with low NF-kB activity were sensitive
to MAPK inhibitors as expected (Fig. 4D; matching score = 0.906, P =
0.0086). Together, these data provide evidence that NF-kB pathway activ-
ity may predict clinical efficacy of MAPK inhibitors and play a functional
role in the responses of human patients to these drugs.

DISCUSSION

Our results demonstrate the design, scalability, and screening applica-
tions of MicroSCALE, a high-throughput platform that overcomes the
major limitations that have historically prevented the deployment of cell
microarrays in functional genomics. Cell and reagent requirements for
MicroSCALE screens are about 10- to 25-fold lower than those for anal-
ogous 384-well plate-based screens, and we estimate that throughput and
costs may be similarly improved, although the latter estimates may vary
across different screening libraries, formats, and centers (table S5). Fur-
ther, MicroSCALE screens can be performed in any standard biological
laboratory without requiring specialized facilities. Given these advantages,
we anticipate that this technology may broaden the scope of functional
genomic screens, particularly those that require large combinations of cell
lines, perturbations, and assay outputs or those involving cell-, reagent-, or
resource-limited settings. Potential settings in which this technology may
not be useful may include screens involving phenotypes with low pene-
trance that require large numbers of cells per perturbation; screens involv-
ing nonadherent cells; and screens that require physical isolation of the
medium associated with each perturbation, such as those involving se-
creted factors.

Drug modifier screens are one useful application of MicroSCALE be-
cause they have the potential to systematically reveal the genes and path-
ways that modulate drug sensitivity (32, 57, 58). To date, large-scale
genetic modifier screens in mammalian cells have been limited in part
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by the practical limitations associated with screening across many drugs
or cell lines by means of existing screening technologies. We performed
45,000 discrete ORF overexpression and drug treatment measurements, a
scale that would be difficult and costly to achieve with existing technol-
ogies (table S5), to generate kinome-wide drug modifier profiles across
multiple classes of inhibitors. This analysis revealed several new insights.
First, modifier screens reliably uncovered genes and pathways whose ac-
tivation conferred drug resistance in a target- and pathway-selective man-
ner, including some that are known to be clinically relevant (for example,
C-RAF, genes encoding SRC kinases, and COT) (32, 52, 59). Second, our
evidence suggests that drugs targeting common biochemical nodes or
pathways will exhibit highly similar modifier profiles, reflecting their
shared mechanisms of action, whereas those targeting distinct pathways
will exhibit unique profiles, reflecting distinct mechanisms of action. This
finding suggests that, when performed in sufficient scale, such as with
many compounds, ORF-based modifier screens may ultimately be used
to functionally annotate heretofore uncharacterized small-molecule probes
emerging from drug discovery pipelines (36, 37). Third, our observation
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Fig. 4. Effects of NF-kB activation in B-RAFV600–mutant melanomas treated
with MAPK pathway inhibitors. (A) Effects of IKBKB or TRAF2 overexpres-
sion or the addition of exogenous TNFa (25 ng/ml) on GI50 concentrations
for RAF, MEK1/2, or ERK2 inhibitors in four B-RAFV600–mutant melanoma
cell lines (n = 3 replicate GI50 curves per condition). Overexpression of
MEK1 serves as a negative control. (B) Effects of IKBKB or TRAF2 over-
expression or exogenous TNFa (25 ng/ml) on phosphorylation of RelA and
phosphorylation of ERK in the presence of PLX4720 (A375 cells; three
replicate experiments were performed and representative blots are shown).
MEK1 serves as a negative control ORF. C-RAF serves as a positive control
ORF that activates the MAPK pathway in the presence of PLX4720. (C)
Effects of exogenous TNFa (25 ng/ml) on apoptosis induction [as indicated
by annexin V (+)/PI (−) staining] and cell cycle arrest induced by PLX4720
(A375 cells; three replicate experiments were performed and represent-
ative plots are shown). (D) Correlation between NF-kB gene expression
signatures and resistance to MAPK pathway inhibitors in patient-derived
B-RAFV600–mutant melanoma short-term cultures (n = 3 replicate GI50
curves per condition). Cell lines with corresponding GI50 data are in bold.
The y axis does not extend beyond 10 mM, which is the upper limit of
this assay.
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that inhibitors of the MAPK, mTOR, and PI3K signaling pathways have
almost entirely nonoverlapping modifier profiles suggests that the spec-
trum of events that can confer cross-resistance to inhibitors of independent
signaling pathways may be considerably narrower than the spectrum of
events that can confer cross-resistance to multiple compounds targeting
the same pathway. This observation provides empirical support for the
idea of testing combination therapies that inhibit independent signaling
pathways as a means of preventing the emergence of drug resistance.

Finally, by integrating our large-scale functional screening data with
steady-state gene expression and pharmacological sensitivity profiling, we
nominated NF-kB pathway components as mediators of resistance toMAPK
pathway inhibitors. These data are consistent with the finding that TNFa can
block apoptosis induced by MEK1/2 inhibitors (60), a report demonstrating
that NF-kB may mediate resistance to EGFR inhibitors in EGFR-mutant
lung cancers (61), and the established links between NF-kB activity and re-
sistance to chemotherapy and ionizing radiation (62). These findings may
inform upcoming clinical trials for melanoma and other cancers that use tar-
geted and immunotherapy drug combinations that impinge on both MAPK
and NF-kB signaling (63–66). Overall, the widespread deployment of the
approaches described here holds considerable potential for the scalable in-
terrogation of many phenotypes linked to human biology and disease.
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MATERIALS AND METHODS

Cell lines and reagents
A375, Colo679, UACC62, Malme3M, WM793, WM1716, WM1745,
WM1852, WM1930, SkBr3, HCC827, UACC812, ZR75-1, WM3627,
WM451Lu, WM1862, and WM3163 were grown in RPMI with 10% fetal
bovine serum (FBS) and 1% penicillin/streptomycin. SkMel28, SkMel5,
Lox IMVI, IGR39, Hs294T, A2058, A549, U2OS, U87, SW620, HBL100,
MCF7, PC3, MDA-MB-231, MDA-MB-453, SW480, HCT116,
DDLS8817, LPS141, and p53−/−mouse embryonic fibroblastswere grown
in Dulbecco’s modified Eagle’s medium (DMEM) with 10% FBS and 1%
penicillin/streptomycin. HeLa, 786-0, HepG2, DU145, 90-8T, 293T, and
Panc1 were grown in DMEM with 10% heat-inactivated FBS and 1%
penicillin/streptomycin. WM115 and RPMI7951 were grown in MEM (min-
imumessentialmedia)with10%FBSand1%penicillin/streptomycin.Human
mammary epithelial cell derivativeswere grown in serum-freeMEGM (mam-
mary epithelial cell growth medium) as previously described (67). PLX4720,
GDC-0879, AZD-6244, PD-0325901, and BEZ-235 were purchased from
SelleckChemicals. Torin1was obtained fromN. S.Gray (Dana-FarberCancer
Institute). Compound 11e was a gift from Vertex Pharmaceuticals.

Immunoblots and immunofluorescence
Immunoblotting was performed as previously described (32) and blots
were probed with primary antibodies recognizing phospho-RelA (Ser536,
1:1000, Cell Signaling), RelA (1:1000, Cell Signaling), phospho-ERK1/2
(Thr202/Tyr204, 1:1000, Cell Signaling), and ERK1/2 (1:1000, Cell Signal-
ing). Immunofluorescence was performed by fixing slides with 3.7% para-
formaldehyde, permeabilizing with 0.1% Triton X-100, and staining at
indicated dilutions in 1% bovine serum albumin. Immunofluorescence stains
were Hoechst (1:10,000, Invitrogen), Syto82 (1:5000, Invitrogen), Alexa Fluor
546–phalloidin (1:1000, Invitrogen), phospho-S6 (Ser235/236, 1:1000, Cell
Signaling), and p24 (1:500, ZeptoMetrix).

Image acquisition and analysis
Images in Figs. 1 and 2, A to C, and figs. S1, S2, S4, and S6 were acquired
with an Axiovert 200 microscope (Carl Zeiss) and analyzed with National
Institutes of Health ImageJ software. Images of Syto82-stained arrays and
associated data in Figs. 2, D to F, and 3 and fig. S5 were obtained with an
Axon GenePix 4000B microarray scanner, and spot intensities were ana-
lyzed with GenePix analysis software.

Production of MicroSCALE slides
Lentiviruses expressing shRNAs or full-length ORFs were produced
and titered in high-throughput 96-well format as previously described
(3, 6, 32). Stock solutions of polybrene (Sigma) and chondroitin sulfate
(Sigma) were dissolved at 8 mg/ml in phosphate-buffered saline and sterile-
filtered. The two solutions were sequentially added to 1 ml of each lentiviral
supernatant (in deep, v-bottom 96-well plates) to yield a final concentra-
tion of each polymer of 400 mg/ml. Solutions were then incubated for
15 min at room temperature. Plates were next centrifuged at 1150g for
20 min, after which supernatants were aspirated with a multichannel wand
aspirator. Thirty microliters of lentivirus printing buffer [containing 0.4 M
Hepes, 1.23 M KCl, trehalose (12.5 mg/ml), and protamine sulfate
(12 mg/ml), pH adjusted to 7.3] was added to each well, and lentiviral pel-
lets were mechanically resuspended and transferred to 384-well, round-
bottom source plates for printing. All fluid handling was performed with
a Janus automated liquid handling workstation. MicroSCALE slides were
printed by use of a two-stage process onto polyacrylamide hydrogel–
coated glass slides (CodeLink, SurModics) with an Aushon 2470 micro-
array printer. First, gelatin (type B, bovine, Sigma) was dissolved at 2 mg/ml
in deionized water containing 0.1% glycerol and printed to yield cell ad-
hesive islands; then, individual, concentrated lentivirus preparations were
printed directly on top of gelatin features. During the technological devel-
opment phase of this work, solid pins of multiple sizes were used, result-
ing in feature sizes ranging from 200 to 500 mm in diameter (spot sizes are
indicated in each figure). Kinome ORF MicroSCALEs were printed with
a pin that yields features that are about 600 mm in diameter with 750-mm
center-center spacing. Larger pins were chosen for these arrays to maxi-
mize the signal and dynamic range of drug modifier assays. After printing,
slides were stored in vacuum-sealed bags at −80°C until ready to use.

MicroSCALE functional assays and
high-throughput screens
Slides were thawed at room temperature, blocked for 30 min with
DMEM + 10% FBS, and seeded with 1 × 105 to 5 × 105 cells per slide
in four-well slide chambers. Cells were allowed to attach and become in-
fected on MicroSCALE features overnight and were then selected with
puromycin (2.5 mg/ml) or blasticidin (10 mg/ml). For assays described in
Figs. 1 and 2, A to C, figs. S1, S2, S4, and S6, and tables S1 and S2, cells
were incubated, fixed, stained, and imaged as indicated in the figure leg-
ends. For high-throughput ORF modifier screens, cells were selected for
2 days with blasticidin and then incubated for 5 to 7 days in normal growth
medium containing blasticidin and the indicated drugs: PLX4720 (1 mM),
GDC-0879 (1 mM), AZD-6244 (250 nM), PD-0325901 (250 nM), BEZ-235
(200 nM), Torin1 (200 nM), or vehicle [dimethyl sulfoxide (DMSO)]. Slides
were then stained with Syto82 and imaged as described above.

Analysis of screening data
Raw values corresponding to Syto82 fluorescence intensity on each
MicroSCALE feature were first normalized by applying a local median
smoothening algorithm that calculated the difference between the raw in-
tensity of each feature and the median intensity of its six nearest neighbors
in each x-y direction. This approach, commonly used in the analysis of
DNA or protein microarrays, adjusts for variations in cell density or auto-
fluorescence across the slide surface (68). Individual feature values were
then normalized to the median value on the slide and then to the average
normalized value of the same feature on four replicate, vehicle-treated slides
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(viability score). Finally, individual spot viability scores were Z-transformed
to indicate their distance (in number of SDs) from the array mean, and the
average value for two to three replicate spots per ORF was calculated (41).
Hierarchical clustering of these data was performed with Cluster 3.0 and
visualized with Java TreeView.

Secondary growth-inhibition assays
ORF-expressing lentiviruses used in secondary assays were produced as
previously described (32). Cells were infected at a 1:10 to 1:20 dilution of
virus in six-well plates in the presence of polybrene (7.5 mg/ml) and cen-
trifuged at 1200g for 1 hour at 37°C. Twenty-four hours after infection,
blasticidin (10 mg/ml) was added and cells were selected for 48 hours.
Cells were then trypsinized, counted, and seeded into 96-well plates at
2000 cells per well for growth-inhibition assays. Twenty-four hours later,
DMSO or concentrated serial dilutions of indicated drugs (in DMSO)
were added to cells (1:1000) to yield final drug concentrations of 100,
10, 1, 0.1, 0.01, 0.001, 0.0001, or 0.00001 mM. Cell viability was mea-
sured 4 days after drug addition with CellTiter-Glo luminescent viability
assay (Promega). Viability was calculated as the percentage of control (un-
treated cells) after background subtraction. A minimum of six replicates
were performed for each cell line/ORF/drug/concentration. Data from
growth-inhibition assays were displayed with GraphPad Prism 5 for Win-
dows (GraphPad). GI50 values were determined as the drug dose corre-
sponding to half-maximal growth inhibition as previously described (32).
Growth curves that crossed the 50% inhibition point at or above 10 mM
have GI50 values annotated simply as >10 mM. GI50 values for unmodified
parental cells were determined by seeding cells directly into 96-well plates
and conducting assays as described above. For single-dose studies, cells
were seeded at 500 cells per well in 96-well plates, infected at 24 hours
with a 1:20 dilution of virus in the presence of polybrene (7.5 mg/ml)
followed by centrifugation at 1200g for 1 hour at 37°C, selected with blas-
ticidin (10 mg/ml) for 48 hours, and then treated with drug or vehicle and
assayed for viability with CellTiter-Glo as above after a 4-day incubation.
Viability was calculated as the percentage of control (vehicle-treated cells)
after background subtraction.

Analysis of cell cycle and apoptosis
Cells were seeded into 10-cm dishes on day 0; treated as indicated with
PLX4720 (1 mM), TNFa (25 ng/ml), or vehicle on day 1; and analyzed on
day 3. For the analysis of cell cycle distributions, cells were fixed with
80% ethanol in water and stained with propidium iodide (PI) (50 mg/ml;
BD Pharmingen) containing ribonuclease A (0.1 mg/ml) and 0.05% Triton
X-100. For the analysis of annexin V staining, cells were suspended in
annexin V binding buffer (10 mM Hepes, 140 mM NaCl, and 2.5 mM
CaCl2, pH 7.4) containing annexin V–APC (allophycocyanin) (BD
Pharmingen) and PI (50 mg/ml). For both analyses, a minimum of
50,000 events were counted per sample. Cell cycle data were analyzed
with ModFit software. Annexin V staining was analyzed with FlowJo
software, with annexin V–positive cells defined as those exhibiting annexin
V staining intensities exceeding 99.9% of cells in a PI-only control sample.

Cancer Cell Line Encyclopedia data
Gene expression and pharmacological sensitivity data for 25 B-RAFV600–
mutant melanoma cell lines were obtained by the Cancer Cell Line Ency-
clopedia (CCLE) project, a collaboration between the Broad Institute, the
Novartis Institutes for Biomedical Research, and the Genomics Institute
of the Novartis Research Foundation. RMA (robust multichip average)–
normalized mRNA expression data were collapsed according to per-sample
maximum probe values with the collapse data set function of GSEA desk-
top (http://www.broadinstitute.org/gsea/index.jsp).
Gene expression analysis
The single-sample GSEA enrichment scores used in Figs. 3D and 4D
were obtained as described by Barbie et al. (4). Briefly, for every gene ex-
pression sample profile, the values were first rank-normalized and sorted
and then a single-sample enrichment score for each gene set was computed
on the basis of the integrated difference between the empirical cumulative
distribution functions of the genes in the gene set versus the rest. This pro-
cedure is similar to the computation of standard GSEA (53) but is based on
absolute rather than differential expression. Published details of this method
and other applications are available (53, 69, 70). The full names of gene
sets referenced in the text and figures are hinata_nfkb_targets_fibroblast_up
(“Hin_NF-kB_fibroblast”), hinata_nfkb_targets_keratinocyte_up (“Hin_NF-
kB_keratinocyte”), and seki_inflammatory_response_lps_up (“Seki_NF-
kB_LPS”). Matching scores between PLX4720 versus single-sample
GSEA gene set scores (Fig. 3D) were obtained by a normalized and re-
scaled mutual information estimate. Briefly, we consider the differential
mutual information (71) between two continuous vectors x (target, for ex-
ample, PLX4720 resistance) and y (feature, for example, an NF-kB gene
set): I(x, y) = ∫∫P(x, y) log2(P(x, y)/(P(x)P(y)))dxdy and estimate this
quantity with a kernel-density estimate of the joint distribution P

ˇ

ðx,yÞ.
The discrete data are smoothed with a Gaussian kernel, with width
determined by a cross-validation bandwidth estimation (72) at each data
point (xi, yi), and P

ˇ

ðx,yÞ is found by summing overall densities over a
discrete grid (100 × 100). The resulting estimate of differential mutual
information, I

ˇ

ðx,yÞ, is then normalized (73, 74) by the joint entropy
H

ˇ

ðx;yÞ ¼ ∫∫P

ˇ

ðx,yÞlog2P

ˇ

ðx,yÞdxdy, to obtain Uðx,yÞ ¼ I

ˇ

ðx,yÞ=H

ˇ

ðx,yÞ. Fi-
nally, the matching score is obtained by rescaling U(x, y) using the nor-
malized mutual information of x (the target) with itself and adding a
“direction” (±) according to the Pearson correlation r(x, y): S(x, y) =
sign(r(x, y))U(x, y)/U(x, x). A perfect match (antimatch) corresponds to
a score of +1(−1) and a random match to 0. The significance of a given
match S(x, y) is estimated by a permutation test where the values of x are
randomly permutated 10,000 times, and a nominal P value is computed
according to how many times the matching scores of the random permu-
tations are higher than the actual score. This matching score S(x, y) has
advantages over other metrics including increased sensitivity to nonlinear
associations and wider dynamic range at the top of the matching scale.

Statistics
Results are expressed as the means ± SD. For comparisons between
two groups, P values were calculated with unpaired, two-tailed Student’s
t tests.
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