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Background MicroRNA (miR) expression may have prognostic value for many types of cancers. However, the miR literature

comprises many small studies. We systematically reviewed and synthesized the evidence.

Methods Using MEDLINE (last update December 2010), we identified English language studies that examined associa-
tions between miRs and cancer prognosis using tumor specimens for more than 10 patients during classifier
development. We included studies that assessed a major clinical outcome (nodal disease, disease progression,
response to therapy, metastasis, recurrence, or overall survival) in an agnostic fashion using either polymerase

chain reaction or hybridized oligonucleotide microarrays.

Results Forty-six articles presenting results on 43 studies pertaining to 20 different types of malignancy were eligible for
inclusion in this review. The median study size was 65 patients (interquartile range [IQR] = 34-129), the median
number of miRs assayed was 328 (IQR = 250-470), and overall survival or recurrence were the most commonly
measured outcomes (30 and 19 studies, respectively). External validation was performed in 21 studies, 20 of
which reported at least one nominally statistically significant result for a miR classifier. The median hazard ratio
for poor outcome in externally validated studies was 2.52 (IQR = 2.26-5.40). For all classifier miRs in studies that
evaluated overall survival across diverse malignancies, the miRs most frequently associated with poor outcome
after accounting for differences in miR assessment due to platform type were let-7 (decreased expression in

patients with cancer) and miR 21 (increased expression).

Conclusions MiR classifiers show promising prognostic associations with major cancer outcomes and specific miRs are

consistently identified across diverse studies and platforms. These types of classifiers require careful external

validation in large groups of cancer patients that have adequate protection from bias.
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Insights gained from novel molecular tests may improve the ability
to make accurate prognostic assessments for patients with cancer.
One of the most promising new biological measurements involves
the expression of microRNAs (miRs), which are small, noncoding,
highly stable 22-base-pair nucleic acids first discovered in the
nematode Cuenorbabditis elegans (1). Unlike messenger RNA,
which serves as a template for DNA translation to protein, miRs
are unique because they directly regulate this translation. To date,
investigators have discovered several hundred of these oligomers
(2). Furthermore, the ability of these molecules to act as gene sup-
pressors or activators at multiple sites, their relatively limited
number, and their remarkable in vivo stability make them appealing
to study as clinical biomarkers in cancer and other diseases (3).
Many articles have published promising results for miR-based
prognostic classifiers in diverse malignancies. Whereas some
studies test only a handful of miRs on an opportunistic basis, there
are also many studies that evaluate a large number of miRs in an
agnostic fashion, that is, they select the most prognostic miRs from
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a large initial unselected set. The development of miR-based clas-
sifiers requires rigorous methods and validation processes, and it is
often challenging to make sense of the evidence accumulated from
complex “omics” studies to ensure that results are unbiased and
well validated (4,5). This problem applies to the cancer miR liter-
ature as well, and it is accentuated by the fact that the literature
comprises many, mostly small, studies among different cancer
types. Currently, a formal systematic synthesis of the evidence on
miR prognostic markers for cancer outcomes is lacking.

For this study, we systematically evaluated and synthesized the
data from miR studies that have attempted to identify prognostic
classifiers in malignancies. We describe the characteristics of studies
published to date, assess study design and limitations thereof—
with emphasis on the validation practices—and provide a quantita-
tive synopsis of the performance of these biomarkers for important
clinical outcomes in cancer. We further evaluate the specific miRs
that are most frequently identified as important prognostic indica-
tors of survival for diverse malignancies.
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Methods

Search Strategy and Eligibility Criteria

We searched MEDLINE for English language studies that analyzed
associations between miRs and prognosis in cancer patients. The
search strategy used the clinical queries prognosis filter, which has a
sensitivity of 92% for detecting articles related to prognosis (6):
(Prognosis/Broad [filter]) AND ((microRNA OR miRNA OR miR)
AND (cancer OR tumor OR neoplas* OR tumour OR malignan* OR
metastat’ OR metastas* OR leukemia OR lymphoma OR recurren*
OR tumor control OR lymph node OR response) AND
(Humans[Mesh] AND English[lang])). The search was last updated to
include articles published through December 31, 2010.

Studies were iteratively screened for inclusion at the title,
abstract, and full-text levels. Titles or abstracts that were not
clearly categorized as being eligible or not were reviewed at the
next stage until a definitive assessment could be made. Articles
were considered eligible if they described miR analyses in samples
from patients with any type of malignancy, with the aim of evalu-
ating major clinical outcomes. Eligible outcomes included disease
progression, response to therapy, metastasis, recurrence, and over-
all survival. We only considered studies that analyzed a large
number of miRs (>20) without specifying a priori that only a select
number of miRs should be tested based on speculation about their
biological importance. Studies that included such agnostic testing
of multiple miRs were eligible for consideration in this review if
they examined associations between these miRs and clinical out-
comes in a single dataset or if they also performed validation of
these associations (either by cross-validation or by external valida-
tion in a separate dataset). Articles that presented the results of
studies with selective testing of one or a few miRs were eligible if
they evaluated miRs associated with clinical outcomes in an earlier
study that had started from the agnostic testing of a large number
of miRs; these articles were then considered as efforts to validate
the earlier studies. Finally, we only considered studies with a
sample size exceeding 10 patients because the ability to evaluate
any prognostic marker would be negligible in smaller studies.

Studies that used either quantitative real-time polymerase chain
reaction (QRT-PCR) array or hybridized oligonucleotide microar-
ray (oligoarray) platforms were eligible for inclusion. We excluded
cross-sectional studies (eg, those that addressed associations with
tumor stage), studies concerning genetic alterations of an miR
(eg, polymorphisms or methylation patterns), and studies involving
oncoviruses. Studies that defined associations with tumor his-
tology, tumor size, tumor differentiation from normal tissue, or
malignant potential without specifically examining associations
with a clinical outcome were likewise excluded. Two reviewers
(V. S. Nair and L. S. Maeda) identified eligible studies, and
contested articles were adjudicated by a third reviewer (J. P. A.
Toannidis). The reference lists from included articles were exam-
ined to ensure that relevant studies were not missed.

Data Extraction

We used a worksheet to record information about all studies that
qualified for final inclusion. The worksheet documented relevant
metrics identified during full-text retrieval of the included studies
based on previous empirical evaluations of “omics” studies and
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CONTEXT AND CAVEATS

Prior knowledge

Many small studies have examined associations between tumor
expression of microRNAs (miRs)—small, noncoding highly stable
nucleic acids that regulate DNA translation to protein—and clinical
outcome for a variety of cancers. However, there has been no for-
mal systematic synthesis of the evidence on miR prognostic
markers for cancer outcomes.

Study design

A systematic review of 46 articles presenting results on 43 studies
pertaining to 20 different cancers that examined associations
between miRs and prognosis using tumor specimens for more
than 10 patients during classifier development. Included studies
used either polymerase chain reaction or hybridized oligonucleo-
tide microarrays to assess associations with a major clinical out-
come in an agnostic fashion (ie, without selection for prior
credibility).

Contribution

The median study size was 65 patients, the median number of miRs
assayed was 328, and the most commonly measured outcomes
were overall survival and recurrence. Of the 21 studies that per-
formed external validation, 20 reported at least one nominally sta-
tistically significant result for a miR classifier. The median hazard
ratio for poor outcome in externally validated studies was 2.52.
Two miRs appeared repeatedly among the selected classifiers for
different malignancies: let-7 (decreased expression in patients with
cancer) and miR 21 (increased expression).

Implications

MiR classifiers show promising prognostic associations with major
cancer outcomes. That fact that specific miRs are consistently iden-
tified across diverse studies and assay platforms suggests that
regulatory pathways coordinated by miRs operate across cancers.

Limitations

The review excluded non-English language articles and studies that
analyzed fewer than 20 miRs, cross-sectional studies, studies con-
cerning genetic alterations of a miR, and studies involving oncovi-
ruses. Some biases at the study or outcome level were difficult to
assess due to non-standardized reporting in the primary studies.

From the Editors

information that we thought would be important in identifying
systematic variation for this genre of literature (4,5,7). More spe-
cifically, the worksheet included information on the journal in
which the study was published, demographics, study characteris-
tics, array platform characteristics, technical validation procedures,
statistical methods for selecting miRs, validation techniques,
adjustment for other potential predictors, and clinical outcomes.
The performance of miRs for prognosis was captured separately
for training, cross-validation, and independent external validation
settings whenever applicable.

Statistical Methods

Descriptive characteristics for studies were described by the
median value with interquartile range (IQR) for continuous vari-
ables and by frequencies with percentages for categorical variables.
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MiR classifiers were defined by the authors of each study; some
classifiers consisted of a single miR, whereas other classifiers com-
bined information from multiple miRs. We abstracted the miR
threshold published by the original investigators to define the
association between miR expression and outcome along with the
threshold metric used for this purpose. To quantify the risk of
poor clinical outcome associated with each classifier, we extracted
the hazard ratio (HR) from time-to-event analyses along with the
95% confidence interval for the defined miR categories. Whenever
the 95% confidence interval was not directly provided, we approx-
imated it using the hazard ratio and the P value from the log-rank
test, or we estimated the variance of the natural logarithm of the
hazard ratio using the formula [(n, + n,)?/(n, + n,) x t; x t,], where
n was the number of events per group delineated by miR expres-
sion levels and t was the total number of subjects per group (8).
When the hazard ratio was not reported and it was not possible to
approximate it with these calculations, we used the inverse of the
ratio of the median survival times in groups that were defined by
miR expression levels to approximate the hazard ratio. For consis-
tency, all hazard ratios were expressed as values greater than 1 to
denote increased risk (ie, HRs <1 were presented as the inverted
ratio). No formal quantitative synthesis (meta-analysis) of these
data was performed because they pertained to heterogeneous
cancers, miRs, validation settings, and adjustments.

Testing for Small-Study Effects and Excess of Statistically

Significant Results

For estimates of effects derived from validation studies, we evalu-
ated whether smaller studies yielded different effects compared
with larger studies by creating a funnel plot with sample size on the
vertical axis and log,, hazard ratio on the horizontal axis. We used
sample size for the funnel plot because there were no complete
data on standard errors for all estimates. We used linear regression
(9) to assess whether the sample size was associated with the log,,
hazard ratio. We also calculated the expected number of positive
classifiers based on the power of each study to find nominally
statistically significant (P < .05) results given the number of events
and assuming an effect equal to the median effect found in these
analyses. The expected number was then compared with the
observed number using a x? test to determine whether an excess of
statistically significant findings existed (10,11).

Specific MiRs Associated With Survival

We also identified which specific miRs were identified most fre-
quently across all cancers regardless of expression level direction
and those with increased or decreased expression levels. This
analysis required adjusting for how many times each miR was
assayed because not all known miRs were assessed up front in all
studies. We therefore counted how many opportunities each miR
had for selection, or in other words, how many times it was assayed
in the original agnostic platform, and also counted how many
times each miR was identified in training classifiers used for sur-
vival analysis. The null hypothesis is that all miRs had the same
probability of being selected in a prognostic classifier across any
study. This expected probability is equal to p,,= N,/N,, where N,
is the sum of the number of statistically significant miRs across all
survival classifiers and N,, is the sum of the number of miRs across

530 Reviews | JNCI

all platforms evaluated in survival studies. We used a binomial test
to determine whether the observed frequency of selection for each
miR across all classifiers differed from the expected probability. In
a sensitivity analysis, we also assessed variants of the same “parent”
miR as separate opportunities for classifier prediction. The parent
is defined here as the root number assigned to each miR without
additional annotation according to the Welcome Trust Sanger
Institute’s miRBase registry (12) and represents the fundamental
unique biological miR. As a hypothetical example, the parent miR
of miR 0%, 0a, 0-1, and 0-3p would be coded as miR 0. We limited
our analysis to overall survival because recurrence, progression,
and metastasis were often studied in concert with survival and were
typically not studied independently (recurrence was examined in
nine studies, progression in four studies, and metastasis in one
study). MiR platform data were recovered from the supplementary
material of the relevant studies, the Gene Expression Omnibus of
the National Center for Biotechnology Information, or the
European Bioinformatics Institute Array Express Database.

All calculations were performed using Excel software (for Mac
2011, Microsoft Corp, Seattle, WA) or SAS statistical software
(v9.2; SAS Institute Inc, Cary, NC). Forest plots were developed
using GraphPad Prism (v5; GraphPad Software, Inc, La Jolla, CA).
P values are two-sided.

Results

Eligible Studies

Of the 987 items retrieved by the MEDLINE search, 908 were
excluded based on screening of the title or abstract and 79 were
evaluated in full text. Of these, ultimately 46 articles (13-58) per-
taining to 43 different studies (ie, unique miR classifiers associated
with a clinical outcome) were considered eligible for inclusion in
this review (Figure 1). One article (52) described a validation study
of a classifier that had been developed but not externally validated
in a previous article (18), another article (15) described a new
validation study of a classifier that had already been externally
validated in a previous article (14), and two other articles from the
same research group (39,40) described the development and
training of the same classifier and were counted as one study. We
refer to these combined classifiers from here as “Calin—Visone”
(18,52), “Bray—Buckley” (14,15), and “Navarro” (39,40) in the
accompanying tables.

The median impact factor of the journals in which the eligible
studies were published was 7.5 (IQR = 4.7-11). The first eligible
article was published in the New England Fournal of Medicine in
2005 and 21 different journals published this research (Table 1).
The median study size was 65 patients (IQR = 34-129 patients),
most studies analyzed solid tumors, and more than three times as
many studies used frozen tumor tissue vs formalin-fixed paraffin-
embedded tumor tissue. Hybridized oligoarrays were used by 81%
of the studies to identify statistically significant miRs, whereas
PCR arrays were used by 19% of the studies. The median number
of miRs assayed across studies was 328 (IQR = 250-470).

Array Data Processing
In general, most studies that used oligoarray analysis reported

data normalization procedures consisting of: 1) filtering probe
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MEDLINE search
n = 987

(697) Excluded by title screening:
Not a human study

Unrelated to prognosis

Unrelated to cancer

Unrelated to miR

Studies of genetic variation
Expert reviews

[

| n=200 |
(174) Excluded by abstract screening:

Not a human study

Unrelated to prognosis

Unrelated to cancer

Unrelated to miRNA

Expert reviews/commentaries

]

’ n 116 ‘ (37) Excluded by preliminary full text screening:
Selected miRs only or not agnostic (26)

Training cohort < 10 tumors (3)

Not study of human or tumor specimen (3)

Not miR study (2)

No outcome data (1)

“Matched” to previous study (2)

-

| h=79 |

(36) Excluded after detailed full text screening:
Not agnostic signature (13)

Not directly related to specific outcome (9)
Training cohort < 10 tumors (8)

-

Not human or tumor specimen (6)

46 articles pertaining to 43
different studies

Figure 1. Flow chart of study inclusion.

signal intensity by mean normalization across replicates to adjust
for sample variability, 2) median centering across arrays to adjust
for interarray variability, and 3) log normalization to accommo-
date further statistical analyses (Supplementary Table 1, avail-
able online). By contrast, studies that used qRT-PCR arrays
performed mean normalization for replicates based on the
amplification threshold cycle (C,) with normalization to an
endogenous control to account for between-sample variability.
Among the 43 included studies, 33 of the 35 oligoarray studies
defined a normalization procedure for microarray data process-
ing, with global median normalization being the most common
method. Thirty-two oligoarray studies validated signal intensity
by PCR, and none of the PCR array studies provided additional
signal validation. Normalization using endogenous miR controls
to account for between-sample variability for PCR arrays was
performed in all cases, and the most commonly used endogenous
miR controls were U6B and let-7. Comparative expression
analysis was the dominant method used for quantifying PCR
transcript expression (59).

Analytic Methods Used for Classifier Development
Although the included studies used diverse statistical methods, the
majority (31 [72%] of 43) provided methods to account for
multiple comparisons, either by reporting a false discovery rate
(Q value) (60) or an adjusted P value. The most commonly used Q
value was 0.05 (n = 9) and the median adjusted P value was .005
(n = 8).

Thirty-three studies (13-19,22-28,32,33,35-37,39-50,53-55,

58) performed either cross-validation or external validation, and
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Table 1. Descriptive characteristics for included studies*

General study characteristics
Journal impact factort
Year of publication
2005-2007
2008
2009
2010
Sample size, all studies

Sample size, internal validation studies only
Sample size, external validation studies only

Tumor characteristics
Tumor type
Solid tumor
Hematological
Tissue preservation method
Frozen
Paraffin-embedded
Frozen and paraffin-embedded
Other
Not reported
Assay characteristics
Array type
Oligoarray
Polymerase chain reaction
MiRs assayed
Net miRs*
Predictive miRs
Increased expression
Decreased expression
Validation
Internal validation
Sample size
External validation
Sample size
Internal and external validation
Sample size
Validation method$§
Cross-validation
K means
Leave-one-out
Bootstrapping
Prediction of analysis microarray
Other
External validation§||
Split samples
Independent samples
Combined cohorts
Not clearly defined
Outcomef
Response to therapy
Metastasis
Disease progression
Recurrence
Overall survival

7.5 (4.7-11)

3(7)
12 (28)
13 (30)
15 (35)
65 (34-129)
76 (63-142)
129 (69-182)

35 (81)
8 (19)

22 (51)
7 (16)
2 (5)
5(12)
7 (16)

35 (81)
8 (19)

328 (250-470)
208 (167-298)
6 (3.5-9.5)

3 (0-6)
1(0-3.3)

20 (47)

62 (47-92)

21 (49)

55 (32-79)
8 (19)

186 (110-241)

33 (77)

20 (47)
5(12)
1(2)

2 (5)
2 (5)

* Continuous variables are displayed as the median (interquartile range) and
categorical variables as No. (%). Data are based on 43 studies, except where
explicitly enumerated and for the variables net miRs, miRs with increased
expression, and miRs with decreased expression for which information was
available from 17, 41, and 41 studies, respectively. miR = microRNA.

Tt Based on 2009 data.

+ After data processing and filtration and before classifier development.

= w

For prespecified outcomes as stated in the inclusion criteria.
Split-pair sampling was considered external validation. For one study, both

split-sample and independent external cohort testing was performed. In that
case, we considered only the external cohort as the external validation.

9 All outcomes in training or test cohorts are tabulated per study.
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S . . . . .
o 29 3 z those, 150 displayed increased expression in samples of patients
S TS & o ’ v
= © . . . .
= " €9 2 € with cancer, 103 displayed decreased expression, and for 86, it was
lcccc © Q2 o §. S g 2 K . .
sleses 2&| Bg L 3 g S not clearly stated whether their expression was increased or
T © © © @ ol .© > . . .
Z 8 g g g g SLl £ £ g g < decreased in patients with cancer.
@ 25 8 2 8 &
=] 2 8 n 5 u <
c £ 1 9 2 . . . -
i 5 SR @ S Selection of MiRs for External Validation
2= 22 £ £ 2 . S .
Q 5 — To|l 82 % E 5 & Of the 21 studies that performed external validation, 11 carried
S| £ _ s3I ©¢ 5 98 3
~| 518583 58| L9 2% g & forward to the test set all of the statistically significant miRs in the
[} © o= = © Sl Z 0 = .. .. .
5 % % c é ED % é aT25z:% training set, whereas the remaining 10 carried forward only part of
= = © —= . . . .
Rl EElDSZ22 @al o« - w e = the developed classifier for external validation testing. Four of the
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NR

NR

1.118
1.07%
2.47 (1.39 to0 4.38)

625
660
let-7i

54
54
62

(OS]

NHL
NHL
Ovarian

Di Lisio (23)
Di Lisio (23)

Yang (54)

NR

NR

0os

NR
Grade

NR
3.55 (0.95 to 13.3)

NR

96

79

Prostate

Schaefer (45)

Not reported or calculations not possible for deriving metric; OS = overall

metastasis; NHL = non-Hodgkin lymphoma; NR

World Health Organization.

microRNA; N = node stage; M

white blood cell count; WHO

t Classifiers comprising more than five miRs are presented in Supplementary Table 2 (available online).

* Cl = confidence interval; HR = hazard ratio; MiR

= recurrence; WBC

= progression; R

survival, P

+ These studies combined training and testing cohorts and the resulting data are presented.

§ Cl not given and/or unable to be imputed.

Separate study providing external validation to parent study.

studies that dropped part of the prognostic classifier in the test
cohort did not provide a clear reason for doing so (Table 2).

External Validation Studies

The median sample size for training and test cohorts for the 21
studies that performed external validation was 62 (range = 20-131)
and 55 (range = 16-147), respectively. These studies externally
validated their data on a total of 1188 patients by using disease
progression (one study), metastasis (two studies), recurrence
(10 studies), or overall survival (14 studies) as an outcome measure
(Table 3). Six of 21 studies provided externally validated data for
more than one outcome. Nine studies used a classifier for outcome
analysis that combined information for more than one miR, and
12 studies used only a single miR for outcome analysis. Six of these
12 studies presented separate analyses for several miRs.

To assess the effect of miR expression levels on patient out-
come, studies performed survival analysis by regression modeling
or Kaplan-Meier plots against a threshold miR expression level in
most test sets except for one study where the threshold was not
explicitly stated (52). Single miR classifiers used the median (n = 10
studies), mean (n = 1 study), or some other (n = 1 study) expression
threshold to dichotomize expression levels. Composite classifiers
used a “summary” score for further analysis and selected various
cutoffs (Supplementary Table 2, available online).

For these 21 externally validated studies, 45 cancer-specific
outcomes were assessed (Table 3). We imputed hazard ratios for
16 of the 45 outcomes reported in these 21 studies and 95% con-
fidence intervals for 19 of the 45 outcomes for which this informa-
tion was not explicitly provided. For 14 of the 45 outcomes, we
could extract point estimates only. Examining unadjusted hazard
ratios (unless only an adjusted value was available) revealed that 16
of the 45 miR classifiers were not statistically significantly associ-
ated with outcome (Table 3). The median hazard ratio in external
validation studies that reported statistically significant results at
the P = .05 level for which we were able to extract or approxi-
mately calculate a hazard ratio (n = 25) was 2.52 (IQR = 2.26-5.40;
range = 1.39-19.7) (Figure 2). Fifteen of these 25 estimates had
a P value less than .01. For all 45 reported hazard ratios, regard-
less of statistical significance, the median hazard ratio was 2.29
(IQR = 1.39-3.28) (Table 3).

Twelve studies adjusted for potentially prognostic clinical and
pathological variables during multivariable regression in test
cohorts (Table 3). Of the six studies that presented hazard ratios
and 95% confidence intervals for both unadjusted and adjusted
classifiers, only one (28) reported a substantially smaller hazard
ratio with adjustment, whereas in the other studies (16,37,47,53,58),
there was no substantial change or an increase in the hazard ratio
estimate with adjustment. Only three studies performed adjusted
and unadjusted analysis for their miR classifier in both training and
test cohorts: two studies (47,53) adjusted for the same variables in
both the test and training cohorts, and one study (45) adjusted for
different variables.

Testing for Small-Study Effects and Excess of Statistically
Significant Results

As shown in Figure 3, there was a suggestion that large effect sizes
were seen predominantly in smaller studies (P = .08 for correlation
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between log,,HR and sample size). Moreover, we estimated the
statistical power required for 40 of the 45 measured outcomes to
achieve the median hazard ratio of 2.29 (we excluded five study
outcome analyses for which the number of events was missing and
could not be approximated). Power calculations showed that the
expected number of measured outcomes with nominally statisti-
cally significant results among the 40 available was 17.9 vs the
25 observed (P = .02 for an excess statistical significance of expected
vs observed positive classifiers).

Specific MiRs Associated With Overall Survival

Thirty studies evaluated overall survival as a clinical outcome in a
training cohort, and for 27 of these studies, we were able to extract
data for the full miR profiles tested (Supplementary Tables 3 and 4,
available online). A total of 257 prognostic miRs from the original
339 miRs were identified in these 27 classifiers, and 20 miRs
(7.8%) were identified statistically significantly more frequently
than expected at an alpha level of 5%. Four miRs (let-7, 21, 100,
and 125) were statistically significantly associated with overall
survival at an alpha level of 1% (Table 4). In addition, four miRs
(20, 21, 155, and 193) appeared more frequently than expected as

miRs with increased expression and four miRs (let-7, 29, 30, and
7039) appeared more frequently than expected as miRs with
decreased expression at an alpha level of .01. Let-7 and miR 21
were commonly part of classifiers associated with poor outcome,
both overall and when miRs were grouped by direction of expres-
sion level. Expression of let-7 was decreased in a variety of tumors,
including gastric, lung, liver, and ovarian carcinomas. Expression
of miR 21 was increased consistently in lung, ovarian, and colon
cancer as well as in astrocytoma. Additional sensitivity analyses for
fully annotated miRs are presented in Supplementary Tables 5-8
(available online).

Discussion

In this systematic review, we found that several miR classifiers
were associated with prognosis above and beyond traditional clin-
ical and pathological metrics for a diverse group of cancers. The
median hazard ratio for statistically significant classifiers that
were developed and tested in separate groups of patients was 2.52,
suggesting a modestly strong discriminatory ability. Moreover,
we identified specific miRs that appeared repeatedly among the

Cancer Study Reference
Breast Foekens (Metastasis, multiple) —e— (26)
Colon Schetter (0OS, 21) —eo— (47)
CNS Bray (OS, multiple) e (14)
Bray (Recur, multiple) —e—
Bray-Buckley (Recur, multiple) M — (14,15)
Bray-Buckley (OS, multiple) —e—|
Schulte (OS, multiple) — & (48)
Schulte (Recur, multiple) — e
Esophageal Zhi (0OS, 181b) | —o—| (58)
Zhi (0S, 21) —e—i
Guo (0S, 103 & 107) e (28)
Mathe (0OS, 223) —e— (37)
Ogawa (0S, 129) —e— (41)
Hepatocellular Budhu (OS, multiple) —eo— (16)
Cairo (OS, multiple) e | (17)
Leukemia Garzon (0S, 191) —e— (27)
Garzon (Recur, 191) e
Marcucci (Recur, multiple) —o—| (36)
Lung Yanaihara (OS, 155) —eo— (53)
Yu (OS, multiple) —e—— (55)
Yu (Recur, multiple) — e
Melanoma Caramuta (0S, 191) ——e— (19)
Caramuta (0OS, 193b) ————
Mesothelioma Pass (0S, 29c¢) —o— (42)
Ovarian Yang (Recur, let-7i) —e— (54)
0.1 1.0 10 100

Figure 2. Nominally statistically significant hazard ratios of miR classifiers in
test cohorts. Prognostic impact of miRs by cancer type and study are shown
for statistically significant results. The point estimate (denoted by a circle) is
bounded by a 95% confidence interval (Cl) (indicated by error bars), and the
dashed line represents no increased risk (unity) for the outcome. Each study
is referred to by author name followed by the measured outcome and the
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HR (95% CI)

miR(s) included in the classifier. Classifiers with many miRs per classifier
are denoted as “multiple” (see Supplementary Table 2 [available online] for
full details). Unadjusted hazard ratios (HRs) and 95% Cls are presented for
all studies except for those by Garzon and Yu (27,55) for which only
adjusted hazard ratios were available. CNS = central nervous system;
miR = microRNA; OS = overall survival; recur = recurrence.
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Figure 3. Association between sample size and effect size. Hazard ratios
(HRs) for studies reporting statistically significant and non-statistically
significant findings are shown by study size (P = .08 for correlation
between log,,HR and sample size). The relative sizes of the gray and
black circles indicate the study size and the median log,,HR is shown by
the dashed line.

selected classifiers for different malignancies. This finding sug-
gests that miR-coordinated regulatory pathways are common to
many cancers.

Although these results are promising, this overview suggests
several caveats and areas for improvement in miR-related transla-
tional research. There are many critical steps in the appraisal of
miRs for prognostic purposes, and errors or biases can appear at all
steps (64), including data acquisition, which is subject to preana-
lytical imprecision (65), and the large variety of statistical methods
that are applied for classifier generation, which allows for a range
of different results and creates opportunities for selective analysis
and other reporting biases. We found that adjustment for impor-
tant prognostic factors in both training and test cohorts was nei-
ther common nor standardized. Moreover, miRs that were
considered in datasets for external validation were often a selected
subset of those found in the training sets and were sometimes
chosen without clear justification. Furthermore, most test cohorts
were small, and although a large number of classifiers reached
nominally statistically significant results in external validation,
many had wide 95% confidence intervals, and most P values were
close to the .05 threshold. A “winner’s curse” has been demon-
strated in other biomarker fields: small studies are typically per-
formed first and have large effect sizes (66-68), whereas subsequent
larger replication studies report smaller effects or no effect at all (69).

We also found some evidence in the available data that smaller
studies tended to report the largest effect estimates and that the
number of statistically significant studies was probably excessive
given the generally small sample sizes and relatively limited statis-
tical power of many of these investigations. These observations
are consistent with the possibility of publication bias, although
other explanations such as genuine heterogeneity of effects cannot
be excluded, especially given the large diversity of cancers and
markers analyzed (70).

Table 4. MicroRNAs selected most frequently in classifiers compared with expected frequency*

No. of times

No. of times selected in
MiR assessed, n, (%)t classifier, n, (%)% P8 Cancer type
All miRs in patients with poor outcome
let-7 244 (2.46) 16 (6.23) <.001 Gastric, HCC, leukemia, lung,
melanoma, NHL, ovarian
21 34 (0.34) 5 (1.95) .0018 Astrocytoma, colon, lung, ovarian
100 26 (0.26) 4 (1.56) .0043 Gastric, HCC, lung
125 71 (0.72) 6 (2.33) .0084 HCC, gastric, neuroblastoma
MiRs with increased expression in
patients with poor outcome
21 34 (0.34) 5(4.72) <.001 Astrocytoma, colon, lung, ovarian
20 47 (0.47) 4(3.77) .0046 Colon, leukemia, NHL
155 26 (0.26) 3(2.83) .0063 Lung, melanoma
193 55 (0.56) 4 (3.77) .0078 Melanoma
MiRs with decreased expression in
patients with poor outcome
let-7 244 (2.46) 7 (9.59) .0017 Gastric, lung, HCC, ovarian
30 135 (1.36) 5 (6.85) .0028 Astrocytoma, HCC, lung
29 94 (0.95) 4 (5.48) .0046 Endometrial, NHL
7039 1(0.01) 1(1.37) .0073 Ovarian

* For studies assessing overall survival as an outcome with platform data available (n = 27). HCC = hepatocellular carcinoma; miR = microRNA,

NHL = non-Hodgkin lymphoma.

—+

From 9900 total miRs across 27 platforms.

+

Percentages calculated for 257, 146, and 73 of the selected miRs in the all, increased expression, and decreased expression sets, respectively (for 38 selected

miRs, it was not specified whether their expression was increased or decreased in patients with cancer).

= w

This is a proprietary miR from Ambion (Foster City, CA) used by Nam et al. (38).

jnci.oxfordjournals.org

Two-sided, using the binomial distribution to assess a statistically significant difference between n, and n,.

JNCI | Reviews 537

¥202 Iudy €2 uo1senb Aq Le¢/1GZ/825/L/¥0L/e1o1ue/0ul/woo dno olwepeoe)/:sdiy woly pspeojumoq



An interesting question that remains poorly defined for the
field is the number of features required for a robust classifier. Most
studies in this review developed an miR classifier and carried it
forward to an external test set using only a few miRs. Patnaik et al.
(43) suggested that at least four miRs were required for optimal
test performance when examining the area under the receiver
operating characteristic curve during cross-validation, whereas
Bray et al. (14) found very marginally, albeit statistically signifi-
cantly, improved test performance when expanding their classifier
from 10 to 42 miRs. Previous work in the field (71) suggests that
differences in expression levels across genes necessarily define the
size of a classifier and that a 1.5-fold increase in expression across
seven different features (eg, miRs) will result in a small classification
error rate between classes or populations (eg, patients with cancer
who have different outcomes). Given that the majority of studies
to date have externally validated classifiers with only one or a few
selected miRs, it is likely that larger studies and a larger number of
validated miRs will provide substantial improvement in discrimi-
natory ability.

The miR field is evolving rapidly. The first database of miR
sequences (miRBase) contained 506 entries for six organisms in
2002; by 2010, it contained 1424 entries for humans alone (2).
Furthermore, miR terms are dynamic, and some miRs are
“deceased” based on misclassifications due to high sequence simi-
larities between preprocessed miRs, actual miRs, and minor varia-
tions among different miRs (72). Because platform arrays are made
from probes that are specific for sequences and annotated to the
most recent registry, each change can render current or previous
studies inaccurate. For these reasons, we chose to use an ontolog-
ical approach commonly used in gene enrichment analysis to
account for some of these issues and to understand the expression
of miRs across diverse cancers (73).

Although previous reviews (74,75) have illustrated the impor-
tance of certain cancer-associated miRs, including let-7 and miR
21, our analysis augments this literature by systematically pooling
prognostic associations for classifiers across cancers. By using an
ontological approach, we demonstrate that let-7 and miR 21
remained statistically significantly associated with outcome across
all classifiers as well as when analyzed separately for miRs with
increased (miR 21) or decreased (let-7) expression.

Specific miRs could be selected more frequently in cancer
prognosis classifiers if either they have large average expression
differences in patients with good vs poor prognosis and/or if the
values of expression within each of these two groups have small
variability. There are not sufficient data to tell whether the vari-
ances of the distributions of miR values consistently tend to be
higher for some miRs than for others across very heterogeneous
malignancies. One possibility is that miRs that are more frequently
found to be differentially expressed have smaller variances within
compared groups and thus have higher statistical power to detect
differences. Alternatively, it is possible that some miRs indeed
tend to be more important determinants of cancer survival than
others.

Limitations of this systematic review are as follows: The review
excluded non-English-language articles and studies that analyzed
fewer than 20 miRs, cross-sectional studies, studies concerning
genetic alterations of a miR, and studies involving oncoviruses.

538 Reviews | JNCI

Some of the outcome data were missing (eg, HR estimates were
not available or possible to calculate for all studies). Similarly,
information was not always provided on each analyzed miR
separately. Finally, some of the primary studies did not provide
full details on their design and some selection or information
biases cannot be excluded, whereas adjustments for other factors,
including potential confounders were not standardized. This sys-
tematic review suggests that these are fronts where standardized
reporting may improve the quality of this research literature in the
future.

In conclusion, imperfect methodology and potential biases
hinder the clinical application of miR expression testing as a bio-
marker of prognosis. However, the availability of many promising
results suggests that larger scale standardized investigations with
robust external validation practices for the most promising miRs
are likely to better define the true potential of these novel cancer
biomarkers and help select miR classifiers for further successful
clinical translation.
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