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Turning straw into gold: building
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inference
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Reproducible and generalizable gene signatures are essential for clinical deployment, but are hard to
come by. The primary issue is insufficient mitigation of confounders: ensuring that hypotheses are
appropriate, test statistics and null distributions are appropriate, and so on. To further improve
robustness, additional good analytical practices (GAPs) are needed, namely: leveraging existing data and
knowledge; careful and systematic evaluation of gene sets, even if they overlap with known sources of
confounding; and rigorous testing of inferred signatures against as many published data sets as possible.
Here, using a re-examination of a breast cancer data set and 48 published signatures, we illustrate the

value of adopting these GAPs.

Introduction

Statistical feature selection of ‘omics’ data is a
practical means of deriving signatures for pre-
dictive purposes. Although the exact conditions
for deriving a successful signature are not easily
defined, it is known that statistical significance
can arise for a variety of confounders (e.g.,
sampling bias, presence of hidden subpopula-
tions, and batch effects), besides biological rel-
evance [1]. This is known as the ‘Anna Karenina
Principle’ [2,3].

Therefore, naive reliance on basic statistics
leads to a lack of signature reproducibility
(getting a similar signature with a different data
set) [4-6] and signature generalizability (able to
correctly predict phenotype based on a different
data set) [7]. Addressing confounders is impor-
tant but not necessarily practicable (assuming it
is even possible to correctly identify every

possible confounder). Some key points covered
previously include developing more reasonable
hypothesis statements and ensuring that the
correct test statistics and reference distributions
are used [1]. Broadly, these constitute GAPs in
the context of general analysis. However, more
robustness can be introduced for the purpose of
signature inference. Using a re-examination of
the data set of Venet et al. [7], we illustrate here
the following GAPs: (i) the importance of meta-
analysis; (ii) systematic evaluation of confoun-
ders; and (iii) generalizability tests.

The case study

In their study, Venet et al. evaluated 48 pub-
lished breast cancer signatures using an inde-
pendent data set [7]. A good signature is one
that is associated significantly with outcome or
phenotype. However, in this study, the authors

found that most published signatures did not
outperform randomly generated signatures, and
even irrelevant signatures derived from other
phenotypes did well; that is, statistical signifi-
cance alone cannot prove relevance.
Suspected confounders include: (i) use of an
inappropriate null distribution, where large
fractions of randomly generated signatures are
significant under the nominal P value of 0.05, far
exceeding the expected 5%; (i) the statistical
tests do not account for the fact that cancer-
associated genes are deeply confounded with the
proliferation signature, of which many genes are
part; and (i) an inappropriate test statistic, which
produces highly unreliable P values: randomly
generated signatures are used as null samples but
it is unclear what the appropriate test statistic
should be. Although the nominal P value of Cox’s
analysis is used as the test statistic, this is likely to
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exhibit large fluctuations with different sets of
patients, whichin turn causes large fluctuations in
the corresponding P value [1].

The importance of meta-analysis
Meta-analysis is the comparative evaluation of
independent studies covering the same subject
matter (e.g., breast cancer versus normal
patients). In their study, Venet et al. evaluated 48
independently published breast cancer signa-
tures against the NKI benchmark data set (see
the Supplemental information online) [7], which
revealed that these signatures were not only
very different from each other, but also per-
formed variably on the benchmark.

Each signature can be considered an inde-
pendent sample (with different degrees of error,
leading to variable performance); thus, an ag-
gregate analysis is intuitively more informative
than any single study. Venet et al.'s meta-analysis
revealed that many of these signatures per-
formed no better than randomly generated
ones [7], suggesting that the composition of
many published signatures is artifact infested (i.
e., overladen with proliferation genes) (see Table
S1 in the Supplemental information online).
Although it is standard practice to use cross-
validation (at the minimum) in signature infer-
ence studies, it is clearly insufficient: given
current easy accessibility to data, it is inexcus-
able to perform signature inference as a single
study without quantitative cross-references to
other similar studies.

In Venet et al's example of breast cancer
outcome, this creates an interesting opportu-
nity: given that the signatures vary widely in
terms of gene composition and predictive per-
formance, can a strong signature emerge based
on the gene-composition intersection of the
best-performing predictors (see ‘Materials and
Methods' in the Supplemental information on-
line) [7], thereby isolating factors for explaining
(or confounding the explanation of) breast
cancer outcome phenotypes?

A strongly predictive set of 83 genes does
emerge, with clear additive power [i.e., the
more genes from the set are used, the better
the prediction performance; Super-Prolifera-
tion Set (SPS); see Supplemental Data 1 in the
Supplemental information online; Fig. 1a (S1-
S20)]. Approximately 20 SPS genes are re-
quired for a signature to be significantly as-
sociated with phenotype. By contrast,
although proliferation genes are thought to
be a source of confounding, they are not born
equal: proliferation genes not part of SPS
clearly lack additive power and significant
association with phenotype [Fig. 1a (A1-A20)].

This example illustrates the value of mining
existing information and also lends insight
into which gene groups are more likely rele-
vant and, therefore, suitable for signature in-
clusion (i.e., use collective prior knowledge
from a meta-analysis to guide and refine fu-
ture studies).

Systematic evaluation of confounders
Confounders are not homogeneous: although
most proliferation genes are noncausal corre-
lates, a subset is likely phenotypically relevant
(Fig. 1a). To exemplify this point, SPS was
compared with two proliferation gene sets
(Prolif and meta-PCNA; see the Supplemental
information online), revealing that almost all SPS
genes were proliferation associated (Fig. 1b).
Interestingly, only intersecting areas with SPS
were strongly predictive, suggesting that the
incorporation of SPS genes was why these
proliferation gene sets were powerful predictors
in the first place.

Going beyond Venet et al.'s meta-analysis [7],
the PAM50 is a commercialized signature assay
with 15 genes shared with SPS [8]. The full
PAM50 has a good log;q P value of —3.48 on NKI;
this decreases significantly to —0.14 upon re-
moving SPS genes. This means, at least where
the NKI benchmark is concerned, SPS genes are
a major contributor towards the predictive
performance of PAM50.

However, what makes SPS special, and are
there any distinguishing features between the
two subsets SPS NProlifimeta-PCNA (the 43
genes common to all three signatures; Fig. 1b)
and SPSNProlif\imeta-PCNA (the 38 genes
shared between SPS and Prolif, without meta-
PCNA; Fig. 1b)? We first compared these
against the core proliferation gene lists de-
scribed by Whitfield et al. [9]. Both SPSNPro-
liffmeta-PCNA and SPSNProlifimeta-PCNA
were closely associated with the core prolif-
eration signatures, and included many classi-
cal markers of proliferation and breast cancer,
including BRCAT [9] (Supplementary Data 1 in
the Supplemental information online).
Therefore, there is strong relevance support
for SPS. Network statistics based on a protein
interaction network (see the Supplemental
information online) further revealed that SPS
genes are hubs (highly connected network
components), with SPSNProlifimeta-PCNA
being more highly connected than SPSNProlif
\meta-PCNA (Fig. 1c) and with less variability
in transitivity (also known as the clustering
coefficient, measuring the degree of inter-
connectivity among the first-degree neigh-
bors) (Fig. 1d).

There is a clear advantage in systematically
taking evidence from multiple sources: the genes
in the intersection of Prolif (based on literature
and annotation), meta-PCNA (based on correla-
tion to PCNA expression), and SPS (based on
taking conserved genes from the most powerful
published signatures) exhibit specific additive
effects (Fig. 1a), have very strong predictive
power (Fig. 1b), and are superhubs (i.e., highly
connected; occupying important positions in the
cellular networks; Fig. 1¢). This body of evidence
suggests that, despite belonging to the prolif-
eration confounder, SPS genes are important
because of their phenotype relevance. Whether
SPS genes should be considered confounders
depends on the objective of the signature: if one
is looking for a prognostic signature for breast
cancer subtypes that are characterized by high
proliferation (e.g. ER"/HER2™ and HER2"), it
might be appropriate to disregard these genes
[10]. To generalize, some genes are associated
with both confounding factors and useful signal;
these need to be established via careful sys-
tematic evaluation.

Generalizability tests

Gene signature inference should not stop at one
benchmark data set because there is always the
possibility that the signature is overfitted and,
therefore, nongeneralizable (i.e., the signature
only works on one data set). The minimum
requirement should be at least one independent
validation on a completely new data set (cross-
validation is not good enough [11-13]). Given
the wide availability of data, a good practice is to
leverage existing published data (which are not
used for determining the signature) and evalu-
ate against as many data sets as possible to infer
generalizability.

There are various flavors of generalizability
tests: the simplest being to establish a baseline
of the number of expected false positives and
determine how the signature performs against
it. In the study by Venet et al. [7], ~54% of
random signatures sampled were insignificant (i.
e., nominal P value >0.05). Thus, we can pos-
tulate that a random signature has a 46% chance
of being significant in a breast cancer data set.
Therefore, it has a 46%" chance of being sig-
nificant across N independent breast cancer
data sets. If N = 7, then there is a 0.4% (= 46%”)
chance of achieving significance across seven
independent data sets. Having established this
baseline, we can then go on to validate SPS on
other published data sets. We downloaded
seven data sets from GEO for this purpose (see
the Supplemental information online). SPS
performed well, with significant association with
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FIGURE 1

Not all confounders are born equal. (@) Genes sampled from the super-proliferation set (SPS) exhibit clear additive effects on significance (correlation with
survival) compared with randomly selected proliferation genes. Y-axis: log,q (P value). X-axis: genes sampled from SPS (S) and all proliferation genes (A). Sampling
sizes were 1,5, 10, and 20. Inset values for A1-A20 are the median log;, (P values). (b) Overlaps between proliferation genes (Prolif), meta-PCNA (PCNA), and the
SPS. Intersecting genes with SPS have high predictive power for survival, as indicated by the log, (P values) (** and ***). (c) SPS is enriched for high-degree nodes
(hubs). Y-axis: degree coefficient. (d) SPSNProlifiPCNA has reduced variability for transitivity (clustering coefficient) compared with SPSNProlif\imeta-PCNA and
other genes in the global network. Y-axis: transitivity. (SPSNProlif "\PCNA is the intersection of the three gene sets; SPSNProlif\meta-PCNA is the intersection of
SPS and Prolif, without the component shared with meta-PCNA.)

phenotype across all seven independent data
sets (Fig. 2). Given that there is only a 0.4%
possibility of such occurrence, it is unlikely to
have resulted from chance.

We can also model expected values based on
P = 46% as a binomial distribution. This is akin to
a simulated coin flip where seven coins (with a
chance of success of landing heads = 46%, and

tails = 54%) are tossed simultaneously each
time. For each toss, we count the number of
heads. We repeated this 1000 times to get the
binomial distribution and compared this against
that of observed values (Fig. 2).

Given the binomial (theoretical) distribution,
random signatures only have a 0.3% chance of
being significant in all seven data sets. An ‘ob-

served’ distribution can also be produced em-
pirically by producing 1000 randomly generated
signatures (equal in size to SPS), and testing
each across the seven independent data sets.
Note that the theoretical and observed distri-
butions are different (chi-square test; P val-

ue = 0.013). One explanation is that the
binomial distribution and/or inferred probability
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3 It is highly unlikely for random signatures to be universally significant across all seven independent breast cancer data sets. Y-axis: frequency distribution for
m

signatures, including 1000 random signatures (blue), 1000 counts from a binomial distribution based on an expected probability of success = 0.46 (red), and 48
published signatures (yellow). X-axis: the number of breast cancer data sets a signature is significant in. Inset: generalizability of published signatures is
associated with super-proliferation set (SPS) enrichment.

value of 0.46 are unsuitable. However, a more
likely explanation is that, while the breast cancer
data sets are independent with regards to where
they come from, they are nonetheless all breast
cancer data sets and some common character-
istics are expected. Thus, when a signature is
significant in one data set, there is an increased
likelihood for it to be significant in another data
set (i.e., the assumption of independence is
invalid). Another more likely explanation is that
some sampled random signatures share some
genes (i.e.,, the random signatures are not fully
independent of each other). Thus, when a sig-
nature is significant in one data set, other sig-
natures sharing genes with it are also likely to be
significant in the same data set. Regardless, both
observed and theoretical distributions suggest
that getting significance in all seven data sets is

unlikely and, therefore, support the idea that
SPS is generalizable despite not testing every
breast cancer data set possible.

However, the result above is not sufficient
because passing the above does not mean other
signatures perform badly. In fact, it turns out
that many signatures do beat expectation. In
particular, ~80% of published signatures are
generalizable (Fig. 2). However, this is associated
with SPS: the more SPS genes contained therein,
the more likely a published signature is universal
(Fig. 2 Inset). More importantly and fortunately,
although random signatures can beat any
published signature on one data set, they are
hardly generalizable.

The presence of predictive power in a sig-
nature does not mean that it is easily detectable
or not heavily confounded with other sources of

heterogeneity. Combining principal compo-
nents analysis (PCA) with generalizability tests is
useful for checking this [14]. We generated 1000
random signatures of size 83 (i.e., same size as
SPS). For each random signature, we tested the
minimum P value associated with principal
components (PC) 1-10 induced by the 83 genes
of this random signature on the seven data sets.
We observed that the more SPS genes therein,
the more significant this minimum P value was.
In this scenario, among PC 1-10, there was
always at least one PC significantly correlated
with survival or prognosis (see Table S2 in the
Supplemental information online). In addition,
in these cases, SPS was correspondingly signif-
icantly enriched in the survival-associated PC.
However, PC 1-3 (corresponding to the major
components of variance) were not always the
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most differential with regards to survival (see
Table S2 in the Supplemental information on-
line).

Given that the data sets are not properly
cleaned to deal with various sources of bias, it
cannot be established a priori which PC is the
correct one to use on which data set (in practical
usage, this is important if the intention is to
combine data sets for meta-analyses) [15,16].
However, as a simple first pass, it is reasonable to
consider using the PC achieving the highest sig-
nificance among the top ten PCs (Fig. 3a) and
setting the score to the P value of this PC (for
determining the correlation with phenotype of
the corresponding data set). This better reflects
the practical-use scenario; as in the absence of
perfect information, it is an intuitive choice to use
the best PCs for prediction.

Relative to published signatures, SPS is not
always the best performer (with the most sig-
nificant P values) but it does remain consistently
significant throughout all seven data sets. A
generalizable signature need not always be the
most significantly associated with phenotype
(against other signatures) because P values are
unstable, and its magnitude cannot be relied on

as an objective gauge of the strength of phe-
notype association [6,17], but it should be re-
producible [i.e., it should always pass the
threshold for significance across any indepen-
dent data sets (Fig. 3b)]. To see the additive
effects of low and high SPS enrichment more
objectively, random sampling is always useful.
Here, four sets of 1000 random signatures (size
20) were generated, respectively drawing 0, 25,
50, and 100% of the 20 genes in the signature
from SPS. These simulations were tested for the
minimum P value of PC 1-10 across all seven
data sets. Again, it was observed that an in-
creased proportion of SPS genes clearly in-
creased association with survival (see Fig. S1 in
the Supplemental information online).

Recommendations

Generally, it is good analytical practice to con-
struct reasonable hypothesis statements and to
check the appropriateness of the summary
statistics and reference distributions. However,
this does not exclude the existence of other
sources of confounders. It is impracticable to
exhaustively isolate and exclude all of these,
especially because many will not be known a

priori. Unfortunately, not addressing these
would negatively impact the gene signature
inference; thus, something has to be done.
Fortunately, robustness can be built into analysis
without explicitly identifying and negating all
sources of confounding.

The first recommendation is to build upon
prior knowledge: meta-analysis of published
signatures is useful for identifying recurring
genes, which, in turn, hints at biological rele-
vance. Here, taking the intersection among best-
performing published signatures facilitated in-
ference of a powerful signature with general-
izable properties.

The second recommendation is that, when
many random signatures are significant, it is
likely that many confounders and real causes are
present. Genes suspected to be associated with
confounders can be informative. They should
not be naively discarded without careful and
systematic evaluation of their properties. In
breast cancer, although many irrelevant signa-
tures are confounded with proliferation-associ-
ated genes, an identifiable subset has robust
properties, such as a strong correlation with
phenotype with additive prediction effects.
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No SPS 033 0.00 0.07 1.00 1.00 0.47 0.47
High SPS (>5) 0.86 0.00 043 0.90 1.00 0.67 095
Low SPS (<=5) 056 0.00 0.1 1.00 1.00 0.48 052
Overall 0.69 0.00 0.25 0.96 1.00 0.56 071
(ii) | SPS min pval 0.00 0.00 0.00 0.01 0.04 0.01 0.03
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FIGURE 3

Published signatures with more super-proliferation set (SPS) genes are less likely to fail. (a) Signatures with fewer SPS genes have more tendency to fail (above
the pink line marking P = 0.05). The higher the number of SPS genes in a published signature, the better it performs. Y-axis: min P value PC1-10. X-axis: individual
GEO data sets. (b) Proportion of signatures that do better than SPS (i) and the SPS min P value PC1-10 (ii).
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These properties are not observable in random
subsets of other proliferation genes.

Finally, irrelevant signatures do not exhibit
generalizability: when evaluating a signature, it
is worthwhile to consider a spectrum of inde-
pendent data sets. If the signature works well
across all data sets, it is likely to be useful, and
we should be less worried about its significance
resulting from chance or its being outperformed
in a data set by randomly generated signatures.

Concluding remarks

Inference of predictive signatures can be aug-
mented with the use of prior knowledge (via
meta-analysis); with the careful and systematic
evaluation of gene sets, even if they overlap with
known sources of confounding; and rigorous
testing of inferred signatures against as many
published data sets as possible.
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