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genomic RNA-containing viral ribonucleoprotein complexes
(vRNPs), vRNP import into the nucleus, mRNA synthesis from the
negative-strand viral RNA genome, mRNA export to the cytoplasm
and translation.

For high-throughput, functional genomics analysis of influenza
virus replication in Drosophila cells, we engineered Flu-VSV-G-
R.Luc (FVG-R), in which VSV-G and Renilla luciferase genes
replaced the viral HA and NA open reading frames (Fig. 1b). FVG-
R virions were then used with an RNAi library (Ambion) against
13,071 Drosophila genes (,90% of all genes) to identify host genes
affecting influenza-virus-directed Renilla luciferase expression
(Fig. 1c). Two independent tests of the entire library were performed
(Supplementary Table 1). For 176 genes for which dsRNAs inhibited
FVG-R-directed luciferase expression in both replicates, repeated
secondary tests using alternate dsRNAs to control for possible off-
target effects confirmed the effects of 110 genes (Supplementary
Tables 2 and 3). This confirmation rate is comparable to that in a
Drosophila screen with a natural Drosophila-infecting virus5.
Cell viability testing identified six genes with potentially significant

cytotoxic effects; these were excluded from further consideration
(Supplementary Information and Supplementary Table 3).
Secondary tests of candidate genes for which dsRNAs increased
FVG-R-directed luciferase expression produced a much lower con-
firmation rate, suggesting a higher rate of off-target or other false-
positive effects in this class (Supplementary Information and
Supplementary Table 4).

Among the over 100 candidate genes found to be important for
influenza virus replication inDrosophila cells, we selected the human
homologues of several encoding components in host pathways/
machineries that are known to be involved in the life cycle of influ-
enza virus, for example,ATP6V0D1 (endocytosis pathway),COX6A1
(mitochondrial function) and NXF1 (mRNA nuclear export
machinery), for further analysis in mammalian cells to assess the
relevance of our Drosophila results13–17. ATP6V0D1 encodes subunit
D of vacuolar (H1)-ATPase (V-ATPase), a proton pump that func-
tions in the endocytosis pathway (that is, the acidification and fusion
of intracellular compartments18).COX6A1 encodes a subunit of cyto-
chrome c oxidase (COX), an enzyme of the mitochondrial electron
transport chain that catalyses electron transfer from cytochrome c to
oxygen19.NXF1 encodes a nuclear export factor critical for exporting
most cellular mRNAs containing exon–exon junctions20,21.

As a first test for the possible contribution of these gene products
to influenza virus replication in mammalian cells, we treated human
HEK 293 cells twice at 24-h intervals with short interfering RNAs
(siRNAs; siGENOME, Dharmacon) against the human homologue
of each selectedDrosophilia gene. Twenty-four hours after the second
siRNA treatment, the cells were infected with FVG-R virus and, two
days later, Renilla luciferase activity was measured to assess viral
replication and gene expression. siRNA against ATP6V0D1 or
COX6A1 markedly decreased Renilla luciferase activity (Fig. 2a),
but not cell viability (Supplementary Fig. 5a), suggesting that these
genes have important roles in influenza virus replication in mam-
malian cells, as in Drosophila cells. Inhibition was not caused by off-
target effects because, for each gene, each of four distinct siRNAs
inhibited FVG-R-directed expression of Renilla luciferase
(Supplementary Table 6). Because COX6A1 encodes a subunit of
mitochondrial electron transport chain complex IV, COX, we used
specific inhibitors to test whether in HEK293 cells influenza virus
also required other complexes in this chain (Fig. 2c). Inhibitors of
complexes III, IV and V selectively inhibited FVG-R-directed Renilla
luciferase expression by 50- to 100-fold, whereas complex I and II
inhibitors had little or no effect. Thus, in mammalian cells, influenza
virus depends on multiple late stages but not early stages in the
mitochondrial electron transport chain.

Treatment for four days with siRNA against NXF1 decreased
mammalian cell viability (data not shown), as predicted by the criti-
cal role of NXF1 in general host cell metabolism. Accordingly, the
total incubation timewith siRNA againstNXF1was shortened to 36 h
by transfecting cells with the siRNA twice at a 12-h interval, infecting
with FVG-R virus 12 h later, and assaying forRenilla luciferase at 12-h
post-infection. Under these conditions, cell viability was not detect-
ably affected (Supplementary Fig. 5b) whereas Renilla luciferase
activity was reduced by nearly fivefold (Fig. 2b). Whereas recent
results indicated that influenza virus protein NS1 binds to NXF1 to
inhibit host mRNA export17, these results imply that influenza virus
RNAs and/or proteins are transported by an NXF1-dependent path-
way (see also Supplementary Information).

To test the effects of these genes on authentic influenza viruses, we
infected siRNA-treatedHEK293 cells withWSN virus orH5N1 influ-
enza A/Indonesia/7/05 (Indonesia 7; isolated from a patient) or with
VSVor vaccinia virus as controls. Progeny viruses were collected from
the medium at 24 h (Indonesia 7, VSV or vaccinia virus) or 48 h
(WSN) post-infection and were titrated. Depleting ATP6V0D1 and
COX6A1 did not affect VSV or vaccinia virus replication, but
decreased theWSN and Indonesia 7 virus yields by,10-fold or more
(Fig. 3a). Thus, ATP6V0D1 and COX6A1 are required for replication
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Figure 1 | Overview of genome-wide RNAi screen to identify host factors
involved in influenza virus replication in Drosophila cells. a, b, Schematic
diagrams showing recombinant influenza viruses. Shown are FVG-G, in
which genes encoding the HA and NA proteins were replaced with the VSV-
G and eGFP genes, respectively (a), and FVG-R, in which the genes encoding
the HA and NA were replaced with the VSV-G and Renilla luciferase genes,
respectively (b). c, Schematic diagram of the systematic analysis of host
genes affecting influenza virus replication and gene expression inDrosophila
cells. Experimental details are given in Methods.
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Figure 1 | Overview of genome-wide RNAi screen to identify host factors
involved in influenza virus replication in Drosophila cells. a, b, Schematic
diagrams showing recombinant influenza viruses. Shown are FVG-G, in
which genes encoding the HA and NA proteins were replaced with the VSV-
G and eGFP genes, respectively (a), and FVG-R, in which the genes encoding
the HA and NA were replaced with the VSV-G and Renilla luciferase genes,
respectively (b). c, Schematic diagram of the systematic analysis of host
genes affecting influenza virus replication and gene expression inDrosophila
cells. Experimental details are given in Methods.

NATURE |Vol 454 | 14 August 2008 LETTERS

891
 ©2008 Macmillan Publishers Limited. All rights reserved

GFP ‘sensors’  

Which genes does the virus hijack for reproduction?

from Paul Ahlquist and Yoshihiro 
Kawaoka’s Labs at UW - Madison.



Basic Model

Genome

Hijacked
Proteins

Discovered Hijacked Genes



Basic Model

Genome

Knockdown

Hijacked
Proteins

Discovered Hijacked Genes



Basic Model

Genome

Knockdown

Hijacked
Proteins

Discovered Hijacked Genes



Basic Model

Genome

Knockdown

Hijacked
Proteins

Discovered Hijacked Genes



Basic Model

Genome

Knockdown

Hijacked
Proteins

Discovered Hijacked Genes



Basic Model

Genome

Knockdown

Hijacked
Proteins

Discovered Hijacked Genes

13,071 genes to check in a fruit fly.
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Millions of pairs of genes to check 
in a fruit fly.
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y =
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i1<i2<···<iD

ai1ai2 · · · aiDxi1i2···iD

Sufficient to consider order D interactions
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i1<i2<···<iD

aki1aki2 · · · akiDxi1i2···iD

{xi1i2···iD} x
Write coefficients as a vector

Write measurements as a vector{aki1aki2 · · · akiD} ak

Back to a linear problem: y = Ax with potentially dependent 
measurements.

Can we get down to S log (N/S) measurements?

( Take inputs to be binary symmetric for simplicity. )
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akixi = aTk x

y = Ax

Linear measurements:
Candes-Romberg-Tao ʼ06, Candes-Tao ʼ06, Donoho ʼ06

�x�0 = S

Coefficients are S-sparse:

(1− δS)�x�22 ≤ �Ax�22 ≤ (1 + δS)�x�22

If the measurement matrix satisfies the restricted isometry property (RIP) 
with                         for all S-sparse vectors:δ2S <

√
2− 1

Then we can recover the coefficients through an       optimization:�1

min �x̂�1 subject to Ax̂ = y

K ≥ cS log(N/S)Can get RIP with measurements.

x ∈ RN
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Norm Preservation
The restricted isometry property guarantees that the norms of all 
sparse vectors are approximately preserved.

Our measurements preserve the norm in expectation:

E
�
�y�2

�
= xTE

�
ATA

�
x

Each diagonal element is the sum of products of squared terms.

Each off-diagonal element is the sum of products, with at least one unique term. 

E
�
ATA

�
= I

E
�
�y�2

�
= �x�2

a = [a1a2 a1a3 a2a3]Example: M = 3 inputs, D = 2 interactions
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Example: Best Case Sparsity Pattern

If each index is involved in at most one interaction,  then the measurements 
concentrate very quickly.

y = a1a2x12 + a3a5x35 + a4a7x47Example:

y = ã1x̃1 + ã2x̃2 + ã3x̃3

Relabel

Best case concentration is subgaussian:

inf
T

P(|y2k − 1| > t) ≤ exp(−ct)



Example: Worst Case Sparsity Pattern

If each a subset of indices is involved in event interaction,  then the 
measurements concentrate more slowly.

Worst case concentration is subexponential:

sup
T

P(|y2k − 1| > t) ≥ exp(−ct1/D)

Example: y =
�

1≤i≤j≤
√
S

aiaj P
�
y2 ≥ S

�
≥ 2−

√
S



Eigenvalue Experiment

60 80 100 120 140 160 180
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Size

M
in

im
um

 E
ig

en
va

lu
e

 

 
D=1
D=2
D=3

Look at minimum eigenvalues of subsets of Gram matrix for
order  D = 1, 2, 3  interactions. 

Obviously, there is some cost incurred by dependencies within the vector.
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i) Control each element of the Gram matrix                               via 
   Hoeffding’s inequality.  Bound probability that Gram matrix is at worst:
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i) Control each element of the Gram matrix                               via 
   Hoeffding’s inequality.  Bound probability that Gram matrix is at worst:

iii) Union bound over all         sparse patterns. Get RIP with constant   
     long as number of measurements is at least:

K = c S2 logN

δS
�
N

S

�
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One of the key points in the proof is that it avoids using a union bound and 
insteads bounds the RIP constants of all sparsity patterns simultaneously.

This corresponds exactly to our linearized problem. 
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Rademacher Chaos of order D:

y =
�

i1<i2<···<iD

ai1ai2 · · · aiDxi1i2···iD

are independent and binary symmetric (Rademacher).ai

The combinatorial dimension measures the level of dependence introduced by 
the sparsity pattern         .  A chaos has combinatorial dimension      if

sup
A1,A2,...,AD

|TL ∩ (A1 ×A2 × . . .×AD)|
(max1≤j≤D |Aj |)α

≤ C1

αTL

|TL| ≥ C2L
α

1 ≤ α ≤ DTakes values between
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from which we can derive the number of measurements needed to get RIP 
for a single pattern.

Union bound technique from Baraniuk-Devore-Davenport-Wakin ’08:

K ≥ min
�
c S2 log(N/S), c Sα logα(N/S)

�



Summary of Bounds

Gershgorin
Second Moment

Union Bound

Rudelson-Vershynin
Second Moment
No Union Bound

Rademacher Chaos
Tail Bounds

Union Bound

S2 logN

S(log3 S)(logN)

Sα logα(N/S)



Conclusions and Future Directions

Can recover sparse vectors from multilinear systems despite heavy-
tailed behavior and dependencies.

What is possible for polynomial systems?

Number of measurements may depend on the pattern of sparsity.
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