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A B S T R A C T

We examined the interpretation of research findings and public availability of transparent

information on data and processing for 46 articles of microarray studies that had addressed

major cancer outcomes. Unsupervised and supervised methods selected molecular signa-

tures with a median of 675 and 50 genes, respectively, but only a median of eight genes or

groups thereof were further discussed. Across 479 genes or groups thereof discussed in all

46 studies, 65% reflected specific comments (reflecting external relevant data from other

studies or other lines of reasoning relevant to the gene of interest), and 59% of the com-

ments were referenced. Among specific comments, supportive ones outnumbered com-

ments against the research findings by nine to one (270 versus 29). Discussion was

similarly selective in early studies and in studies published in 2006. Even in 2006 only 10

of 15 studies had publicly deposited data. Only three studies had scanned images, raw

and processed data available. Processing details varied. Public transparency and unbiased

interpretation of findings can be improved in microarray research.

� 2007 Published by Elsevier Ltd.
1. Introduction

Gene expression profiling with microarrays is a prime para-

digm of high-dimensional biology where the resulting signa-

tures typically include many gene tags.1 Molecular

signatures have been proposed that may provide important

information for major clinical outcomes, in particular for sev-

eral cancers.2 However, the reliability of molecular signatures

depends on careful attention to experimental detail.3 The

complexity of the massive testing process requires transpar-

ency at all stages of microarrays experiments.4,5 Data and

their processing should be reproducible and publicly avail-

able.6–8 Suboptimal design and selective reporting may dimin-

ish the credibility of the findings.9–11 An additional concern is

that, when a molecular signature is finally derived, making
hed by Elsevier Ltd.
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inferences about why some genes were included in the signa-

ture while others were not remains a challenge.

Here we aimed to examine whether there is evidence for

selection bias in the interpretation of microarray results and

whether this is accompanied by deficiencies in the public data

availability and transparent processing. We considered two

sets of studies12–57 that generated gene expression profiling

for prediction of major clinical outcomes (survival, disease-

free survival, or response to treatment) in malignancies: those

published in the early years (1999–February 2003) when

microarrays were first applied as tools to generate prognostic

and predictive signatures for cancer (n = 31) and those that

were very recent (published in the first half of 2006, n = 15).

These datasets also allowed a comparative examination on

whether any improvements had occurred over time.
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2. Materials and methods

2.1. Database of analysed studies

We used two databases of studies that used microarrays to clas-

sify malignancies into subtypes. First, we employed a previ-

ously assembled database of such studies published until

February 2003,2 focusing on the 31 studies that attempted to

predict major clinical outcomes (survival, disease-free sur-

vival, or response to treatment) and that evaluated at least

ten patients with cancer using cDNA or oligonucleotide analy-

ses on at least 500 genes. Studies were included regardless of

whether they had also tried to generate molecular signatures

for additional disease correlates and phenotypes (e.g. stage or

histology) or not, and regardless of how many gene probeswere

eventually selected in the molecular signatures. Studies

assessing differential gene expression between different

malignancies or between patients with malignancy and can-

cer-free controls were excluded. We also excluded publications

that re-analysed already published datasets without adding

new cases. Second, we used the exact same PubMed search

and inclusion-exclusion criteria to identify the 15 eligible stud-

ies that were published in the first 6 months of 2006. The two

databases also allowed us to compare whether any features

of the discussion and interpretation aswell as public data avail-

ability and transparent processing in these studies had chan-

ged between the early and more recent studies. For public

data availability, MIAME-compliance and transparent process-

ing, we did not consider studies published before June 2002,

since the MIAME guidelines were first published in December

20014 and further promoted in the summer of 2002,58,59 so it

would be unfair to require much detail and data transparency

of studies published before even the early promotion of MIAME.

2.2. Evaluations and data

From each study we recorded the first author’s name, journal

and year of publication; the type of cancer; the major out-

comes for which molecular signatures were developed;

whether the selection of the subtypes used approaches

dependent or independent on the outcome (supervised versus

unsupervised clustering); the number of genes in the molecu-

lar signature(s) selected; and whether independent validation

had been performed or not.

We further scrutinised each article for discussion com-

ments to individual genes/probes or sets thereof. For opera-

tional purposes each mention of a gene in the text was

considered a ‘comment’. For articles having a distinct Discus-

sion section, we scrutinised that section only. For articles that

did not separate the Discussion section from the Results, we

scrutinised the combined Results and Discussion. For articles

with no structure, we scrutinised the whole text for any dis-

cussion comments. We excluded comments that were in-

cluded in technical appendices.

For each gene or group of genes mentioned in the discus-

sion-relevant sections, we recorded whether the comment

was ‘specific’ or ‘non-specific’. We defined as ‘specific’ all com-

ments that reflected external relevant data from other studies

or other lines of reasoning relevant to the gene of interest (i.e.

how the gene fits into a molecular pathway that explains or re-
futes the observed results). All other comments were classified

as ‘non-specific’. Non-specific comments include simple men-

tions of the gene without any further comment, re-iteration of

the study’s results, or mere descriptions of the gene’s usual

function without any clear reasoning or hypothesis. We further

recorded whether the comment was referenced or not. Com-

ments referring to specific data or appealing to specific streams

of reasoning were further classified as being clearly supportive

of the gene finding (‘for’); clearly against the finding (‘against’);

or neutral/unclear. The categorisation was performed as fol-

lows. When specific data from other studies were mentioned,

we recorded whether they presented a biological effect in the

same direction as the biological effect found in the microarrays

paper (‘for’); a biological effect in the opposite direction than in

the microarrays paper or no biological effect (‘against’); or the

biological effect was not stated or was unclear. When a stream

of reasoning was employed rather than specific data, we

decided whether the arguments were for or against the finding

of the microarrays paper or whether they were neutral/unclear.

The ‘against’ category included also cases where the discus-

sion mentioned that a specific gene had been found to be

important in some other study, but was not part of the molec-

ular signature identified in the current study.

Whenever specific external data or a specific line of rea-

soning was mentioned in the discussion, we also appraised

their apparent relevance. Apparent relevance was graded

with respect to the commented gene and with respect to

the disease under study. Thus, we classified comments per-

taining to the exact same gene versus all other comments

(i.e. those that pertained to a different gene, a broader set of

genes that included the gene of interest, or comments per-

taining to linkage to a chromosomal region). We also categor-

ised comments into two groups with respect to the disease to

which they pertained: same disease; or other phenotypes and

diseases (i.e. including other types of cancer; other disease

thought to involve the same pathway; in vitro cell lines or ani-

mal models; or any other diseases).

The appraisal and categorisation of comments was per-

formed for all studies and also separately limited to studies

that had included supervised approaches, because one may

argue that unsupervised clustering methods do not primarily

aim to generate molecular signatures per se with specific

genes being implicated.

For each study, we also scrutinised the published article

and online supplements to identify if there was any mention

of public availability of datasets and protocols/methods. We

identified each alluded publicly-accessible dataset and ac-

cessed it for further scrutiny. We recorded for each publicly

accessible dataset whether data were available for the

scanned images; for raw data; and for processed data (norma-

lised and parameterised or standardised data used eventually

for analysis). We also recorded whether these data were com-

pliant with MIAME specifications.4 We scrutinised whether

the array platform was available on public access with details

in the description of each array element, as specified by

MIAME.4 Furthermore, we examined the information that

was provided either in the article and supplements or in the

public dataset records for details on the procedure of image

scanning and the normalisation and standardisation process-

ing of the data. We examined whether information on
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processing would suffice to generate the processed data from

the raw data, when only the raw data were provided in the

public databases. Finally, for studies where the processed data

were available, we perused the presented information on the

statistical analysis employed, noting whether software were

described; and whether statistical and bioinformatics meth-

ods were described; and if so, in what detail.

2.3. Data extraction process and analysis

Two investigators undertook independent data extraction

using pre-constructed forms (TAT and NPP for discussion

comments; and JPAI and NPP for all other aspects). All papers

were examined in duplicate. A pilot form was used to data-

extract five randomly chosen papers; after a consensus meet-

ing of all investigators, amendments were made to the form,

definitions were clarified in detail, and the remaining papers

were scrutinised. The independent data extractions were

compared. Remaining discrepancies were settled with a third

investigator. Consensus was reached on all items.

Operational examples (developed before data extraction to

guide the process) and real examples on discussion comments

are shown in Appendix Table A.1. As compared with the final

consensus, the two independent data extractors had agreed

upfront (before consensus) on 94%, 88% and 95% of genes, ‘spe-

cific’ data/reasoning, and use of reference items, respectively.

All of the comments not in line with (‘against’) the observed ef-

fects were identified by both data extractors, whereas data

extractors agreed 92% on supporting (‘for’) comments.

We present descriptive information on the 46 studies, as

defined above. We also compared the group of early studies

versus the group of recent studies using Fisher’s exact test

and Mann–Whitney U test for binary and continuous vari-

ables respectively. P values are two-tailed.

3. Results

3.1. Characteristics of analysed studies

Table 1 shows characteristics of the 46 analysed microarray

studies. The molecular signatures in 19 of the 46 analysed

studies were also subjected to some form of independent val-

idation, more commonly in recent rather than earlier studies

(11/15 versus 8/31, exact P = 0.004). Unsupervised clustering

typically selected very large numbers of genes (between 100

and 11322 genes, with five exceptions where only 10–90 genes

were selected, median 675). Molecular signatures based on

supervised approaches selected fewer genes than unsuper-

vised methods; however, the molecular signatures for the ma-

jor clinical outcome still contained a median of 50 genes

(range 5 to 512). The total number of selected genes could

actually be higher when additional disease correlates and

phenotypes were studied (Table 1), but then it was not possible

to calculate the total number of non-overlapping gene probes.

Seven of the 46 studies did not discuss anything about any

gene among those included in the identified molecular signa-

tures. The median number of genes or groups thereof with

comments of any sort (including simple mention of a gene

and/or its function in the text of the Discussion) was only

eight (Table 1).
3.2. Comments on genes and groups thereof

Overall, 479 genes or groups thereof were discussed across all

the 46 articles. Of those, the discussion comments reflected

specific data or a specific stream of reasoning for 314 (65%,

95% confidence interval 61–70%) genes or groups thereof in

37 papers; two of the 39 papers that commented on some

genes had only non-specific comments. References were used

in a similar proportion (n = 285, 59%, 95% confidence interval

55–64%). There was high concordance between referencing

and specificity of the comment (kappa concordance coeffi-

cient 0.60, p < 0.001) (Table 2).

Thirty six of the 37 studies that had at least one ‘specific’

comment made comments that were in line with (‘for’) the ob-

served effects in the microarrays study (Table 3). Only nine

studies made comments that were ‘against’ the observed ef-

fects and 8 of them also made at least as many or more com-

ments ‘for’ the observed effects. Only one recent study made

solely comments ‘against’ the observed direction. Across the

database, supportive comments outnumbered comments that

were not in line with the findings by more than 9 to 1 (270 ver-

sus 29). Of the 29 comments ‘against’ the findings, 26 pertained

to the situation where there was no change in the expression

of the commented gene contrary to expectations based on pre-

vious studies or biological plausibility; only three comments

pertained to the situation where the current molecular signa-

ture included a gene that had not been found to be important

in other lines of evidence. Neutral/unclear comments (total

n = 15 comments) were made in seven studies.

Of the 314 comments that referred to specific external data

or specific stream of reasoning, 262 (83%) used a rationale

appealing to the same gene (Table 3). In the remaining cases,

the comment pertained to a broader category of genes

(n = 33), the wider chromosomal region (n = 18), or even a dif-

ferent gene (n = 1). Only in 147 (47%) comments was the dis-

ease phenotype clearly the same (Table 3). In the remaining

cases, the comment pertained to a broader pathway

(n = 104), a cell line or animal model (n = 18), a different cancer

or cancer generally without specifying histological type

(n = 42), or even another non-malignant disease (n = 3).

A similar picture was seen when analysis of comments

was limited to the studies that had performed supervised

clustering. Among 37 studies, 393 genes or groups thereof

were discussed. Of those, 251 (64%) reflected specific com-

ments, and 219 (56%) of the comments were referenced.

Among specific comments, supportive ones outnumbered

comments against the research findings by over eight to one

(219 versus 26; and six neutral comments) and comments

on the same gene and same disease phenotype represented

83% (209/251) and 44% (111/251), respectively.

3.3. Early versus recent studies

We further examined whether the situation is different in the

more recent studies compared with articles describing earlier

efforts in the field (Table 4). All 15 recent studies commented

on at least one gene or group of genes, while seven of the 31

early articles had not (P = 0.08). The percentage of specific or

referenced comments among all comments, the percentage

of specific comments that were ‘for’ the research finding,



Table 1 – Evaluated microarray gene expression studies for major cancer outcomes

Author (year) Neoplasia Major clinical
outcome

Selected genes
for major
outcome

Other
correlates
examined

Comments on
genes or groups

thereof

Early studies

Ahr (2002) Breast Metastatic disease 41 (U) Yes None

Alizadeh (2000) DLBCL Death 100 (U)a No None

Beer (2002) NSCLC Death 4966 (U), 50 (S)a Yes 9

Belbin (2002) Head and neck cancer Death 375 (U) Yes 21

Bertucci (2002) Breast Death 1045 (U) Yes 25

Bhattacharjee

(2001)

Lung adenocarcinoma Death 675 (U) Yes 3

Bittner (2000) Cutaneous melanoma Death 22 (U) Yes 6

Bohen (2003) Non-Hodgkin’s lymphoma No response 2037 (U), 82 (S) No None

Devilard (2002) Hodgkin’s lymphoma Death 1045 (U), 74 (S) Yes 21

Dyrskjot (2003) Bladder Recurrence 88 (U), 26 (S) Yes None

Fuller (2002) Glioma Death 588 (U) Yes None

Garber (2001) Lung adenocarcinoma Death 366 (U) Yes None

Golub (1999) AML No response 10-50 (S) No 15

Hofmann (2002) ALL Primary resistance 95 (S) No 10

Iizuka (2003) Hepatocellular

carcinoma

Recurrence 12 (S)a No 4

Kihara (2001) Oesophageal cancer Death 52 (S)a No 8

Miura (2002) Lung adenocarcinoma Death 27 (S) Yes 48

Pomeroy (2002) Medulloblastoma Death 8 (S), 100 (U) Yes 23

Rosenwald (2002) DLBCL Death 100 (U), 17 (S)a Yes 2

Shipp (2002) DLBCL Death 13 (S), 90 (U) No 3

Singh (2002) Prostate Recurrence 5 (S) Yes 4

Sorlie (2001) Breast Death 264 (S), 456 (U)a Yes 2

Sotiriou (2002) Breast No response 37 (S) No 7

Stratowa (2001) B-cell CLL Death 6 (S) Yes 6

Takahashi (2001) Clear cell renal cell Death 51 (S), 3184 (U) Yes 10

Van’t Veer (2002) Breast Metastatic disease 70 (S), 4968 (U)a Yes 24

Van de Vijver (2002) Breast Metastatic disease 70 (S)a No None

Virtanen (2002) Lung Death 4253 (U) Yes 2

Wang (2002) Melanoma No complete

response

4293 (U), 33 (S) No 25

Wigle (2002) NSCLC Early recurrence/death 2899 (U), 22 (S) Yes 9

Yeoh (2002) ALL Relapse 11322 (U), failed (S) Yes 1

Recent studies

Bredel (2006) Glioblastoma No response 10 (U), 10 (S)a Yes 6

Helleman (2006) Ovarian Cancer No response 69 (S)a No 8

Luthra (2006) Oesophageal cancer Metastatic disease approximately 400 (U) Yes 15

Nanni (2006) Prostate Recurrence 3000 (U), 89 (S)a No 12

Pereard (2006) Breast Death 402 (U), 14 (S)a Yes 3

Sanchez-Aguilera

(2006)

Hodgkin Death failed (U), 145 (S)a Yes 16

Sanchez-Carbayo

(2006)

Bladder cancer Death unclear (U), 100 (S)a Yes 7

Thueringen (2006) Breast cancer No response 512 (S)a No 32

Watanabe (2006) Rectal cancer No response unclear (U), 33 (S)a No 5

Wei (2006) Ovarian cancer Relapse 112 (S)a No 4

Wilson (2006) AML Death 9463 (U) Yes 14

Winnepenninckx

(2006)

Melanoma Metastatic disease 11043 (U), 254 (S)a Yes 10

Yamanaka (2006) Glioma Death 21 (S) No 9

Zhao (2006) Renal Cell

Carcinoma

Death 3674 (U), 259 (S)a Yes 3

Zirn (2006) Wilms tumours Death 12 (S) Yes 47

ALL: acute lymphoblastic leukaemia; AML: acute myeloid leukaemia; CLL: chronic lymphocytic leukaemia; DLBCL: diffuse large B-cell lym-

phoma; NSCLC: non-small cell lung cancer; S: supervised clustering or other method of determination of molecular subtypes that is dependent

on the clinical outcome; U: unsupervised clustering or other method of determination of molecular subtypes that is independent of the clinical

outcome.

a Some independent validation was performed by same or different team.
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Table 2 – ‘Specific’ comments and referencing among all mentioned genes or groups thereof

Author (year) Total
comments

Specific data
or stream of
reasoning (%)

Referenced (%)

Earlier studies

Ahr (2002) None NA NA

Alizadeh (2000) None NA NA

Beer (2002) 9 6 (67) 6 (67)

Belbin (2002) 21 16 (76) 16 (76)

Bertucci (2002) 25 11 (44) 18 (72)

Bhattacharjee (2001) 3 3 (100) 3 (100)

Bittner (2000) 6 6 (100) 6 (100)

Bohen (2003) None NA NA

Devilard (2002) 21 20 (95) 13 (62)

Dyrskjot (2003) None NA NA

Fuller (2002) None NA NA

Garber (2001) None NA NA

Golub (1999) 15 15 (100) 7 (47)

Hofmann (2002) 10 10 (100) 3 (30)

Iizuka (2003) 4 3 (75) 3 (75)

Kihara (2001) 8 8 (100) 8 (100)

Miura (2002) 48 24 (50) 38 (79)

Pomeroy (2002) 23 5 (22) 7 (30)

Rosenwald (2002) 2 0 (0) 0 (0)

Shipp (2002) 3 3 (100) 3 (100)

Singh (2002) 4 2 (50) 2 (50)

Sorlie (2001) 2 2 (100) 2 (100)

Sotiriou (2002) 7 7 (100) 7 (100)

Stratowa (2001) 6 6 (100) 6 (100)

Takahashi (2001) 10 9 (90) 8 (80)

Van’t Veer (2002) 24 24 (100) NA

Van de Vijver (2002) None NA 6 (25)

Virtanen (2002) 2 2 (100) 0 (0)

Wang (2002) 25 4 (16) 4 (16)

Wigle (2002) 9 5 (56) 4 (44)

Yeoh (2002) 1 0 (0) 0 (0)

Recent studies

Bredel (2006) 6 6 (100) 6 (100)

Helleman (2006) 8 8 (100) 8 (100)

Luthra (2006) 15 14 (93) 10 (67)

Nanni (2006) 12 8 (67) 7 (58)

Perreard (2006) 3 3 (100) 3 (100)

Sanchez-Aguilera (2006) 16 11 (69) 11 (69)

Sanchez-Carbayo (2006) 7 7 (100) 6 (86)

Thueringen (2006) 33 3 (9) 3 (9)

Watanabe (2006) 5 5 (100) 5 (100)

Wei (2006) 4 4 (100) 4 (100)

Wilson (2006) 14 11 (79) 13 (93)

Winnepenninckx (2006) 10 10 (100) 6 (60)

Yamanaka (2006) 8 8 (100) 8 (100)

Zhao (2006) 3 3 (100) 3 (100)

Zirn (2006) 47 22 (47) 22 (47)

All applicable 479 314 (65) 285 (59)

NA: Not applicable (we identified no eligible comments in these papers).
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the percentage of comments that pertained to the same gene,

and the percentage of comments that pertained to the same

disease did not differ beyond what would be expected by

chance between the early and recent studies. Given sample

size limitations, we acknowledge that small or even modest

differences could have been missed, but it is not likely that

major differences exist.
3.4. Transparent, publicly available data, data processing
and analysis

As shown in Table 5, six of the ten (60%) early articles (pub-

lished in June 2002–February 2003) had publicly available dat-

abases, and the proportion was similar (67%, 10/15) for

articles published in 2006. Nevertheless, only three studies



Table 3 – Characteristics of comments pertaining to specific data or stream of reasoning

Author (year) Number of
comments

‘For’ the research
finding (%)

Same
gene (%)

Same
disease (%)

Early studies

Ahr (2002) NA NA NA NA

Alizadeh (2000) NA NA NA NA

Beer (2002) 6 6 (100) 6 (100) 4 (67)

Belbin (2002) 16 13 (81) 12 (75) 6 (38)

Bertucci (2002) 11 5 (45) 11 (100) 6 (55)

Bhattacharjee (2001) 3 3 (100) 3 (100) 3 (100)

Bittner (2000) 6 6 (100) 6 (100) 0 (0)

Bohen (2003) NA NA NA NA

Devilard (2002) 20 20 (100) 20 (100) 12 (60)

Dyrskjot (2003) NA NA NA NA

Fuller (2002) NA NA NA NA

Garber (2001) NA NA NA NA

Golub (1999) 15 14 (93) 15 (100) 1 (7)

Hofmann (2002) 10 5 (50) 10 (100) 9 (90)

Iizuka (2003) 3 3 (100) 3 (100) 0 (0)

Kihara (2001) 8 7 (88) 8 (100) 2 (25)

Miura (2002) 24 23 (96) 7 (29) 16 (67)

Pomeroy (2002) 5 5 (100) 5 (100) 2 (40)

Rosenwald (2002) 0 0 (0) 0 (0) 0 (0)

Shipp (2002) 3 3 (100) 3 (100) 0 (0)

Singh (2002) 2 2 (100) 2 (100) 2 (100)

Sorlie (2001) 2 2 (100) 2 (100) 2 (100)

Sotiriou (2002) 7 6 (86) 7 (100) 0 (0)

Stratowa (2001) 6 5 (83) 5 (83) 3 (50)

Takahashi (2001) 9 9 (100) 9 (100) 3 (33)

Van’t Veer (2002) 24 18 (75) 6 (25) 6 (25)

Van de Vijver (2002) NA NA NA NA

Virtanen (2002) 2 2 (100) 2 (100) 2 (100)

Wang (2002) 4 2 (50) 4 (100) 0 (0)

Wigle (2002) 5 5 (100) 5 (100) 0 (0)

Yeoh (2002) 0 0 (0) 0 (0) 0 (0)

Recent studies

Bredel (2006) 6 5 (83) 6 (100) 2 (33)

Helleman (2006) 8 7 (88) 7 (88) 4 (50)

Luthra (2006) 14 14 (100) 8 (57) 8 (57)

Nanni (2006) 8 8 (100) 4 (50) 2 (25)

Perreard (2006) 3 3 (100) 3 (100) 3 (100)

Sanchez-Aguilera (2006)a 11 11 (100) 11(100) 0 (0)

Sanchez-Carbayo (2006) 7 7 (100) 6 (86) 7 (100)

Thueringen (2006) 3 3 (100) 3 (100) 3 (100)

Watanabe (2006) 5 5 (100) 5 (100) 1 (20)

Wei (2006) 4 4 (100) 4 (100) 1 (25)

Wilson (2006) 11 8 (73) 11(100) 11 (100)

Winnepenninckx (2006)a 10 10 (100) 10 (100) 0 (0)

Yamanaka (2006) 8 8 (100) 8 (100) 6 (75)

Zhao(2006) 3 0 (0) 3 (100) 3 (100)

Zirn (2006) 22 14 (64) 22 (100) 17 (77)

All applicable 314 270 (86) 262 (83) 147 (47)

Any comments ‘against’ the research finding were made only in Golub (1999) n = 1, Hofmann (2002) n = 5, Van’t Veer (2002) n = 6, Bredel (2006)

n = 1, Helleman (2006) n = 1, Wilson (2006) n = 3, Thueringen (2006) n = 1, Zhao (2006) n = 3 and Zirn (2006) n = 8; another 15 comments were

neutral/unclear.

NA: Not applicable (we identified no eligible comments in these papers).

a In Winnepenninckx, we have not counted an online appendix that lists 70 gene tags (as opposed to just ten discussed in the full text). Even

though the appendix simply lists the 70 genes, it does not specify whether they are ‘for’ or ‘against’, but the tone of the Discussion suggests that the

direction is generally ‘for’, even though only selected genes are discussed in more detail. A similar situation arises in Sanchez-Aguilera et al.
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(one early one and two published in 2006) had MIAME-compli-

ant data for scanned images as well as raw and processed

(normalised and parameterised) data (Table 5). As a post hoc

analysis we explored whether these studies with better

transparency of their data were also more balanced in their
comments. These three studies had no clear preference for

comments in favour of their gene findings: one made no com-

ments at all, another had five ‘for’ and one ‘against’ comment

and the last had three ‘against’ comments without any ‘for’

comments (overall 5/9 ‘for’ comments as compared with



Table 5 – Availability of publicly accessible data, and MIAME compliance for data and array description

Author (year) Papers refer to publicly available datasets MIAME-compliant data MIAME-compliant
array description

Early studies

Beer (2002) No No No

Bohen (2003) GEO (GSE3646), SMD Images, raw, processed Yes

Dyrskjot (2003) GEO (GS88, GS89) Only scaled values Yes

Iizuka (2003) At local website (Yamaguchi) Raw and processed Previously described

Miura (2002) No No No

Rosenwald (2002) At LLMPP (NIH-supported) Raw and processed Previously described

Van de Vijver (2002) No No Previously described

Virtanen (2002) At journal supplement Only background-subtracted No

Wang (2002) No No No

Wigle (2002) At local website (Toronto) Only processed No

Recent studies

Bredel (2006) SMD Images, raw, processed Yes

Helleman (2006) At local website (Erasmus),

but not accessible

when we tried to access

Only normalised,

but not accessible

Previously described?

Luthra (2006) No No Yes

Nanni (2006) GEO (GSE3868) Only scaled values Yes

Perreard (2006) GEO (GSE2607), also at local website (UNC) Raw and processed Yes

Sanchez-Aguilera (2006) No No No?

Sanchez-Carbayo (2006) At journal supplement Only processed Previously described

Thueringen (2006) GEO (GSE4056) Raw and processed Yes

Watanabe (2006) GEO (GSE3493) Only signal intensity Yes

Wei (2006) No No Previously described

Wilson (2006) No No Previously described

Winnepenninckx (2006) E_TABM_1,2,4 Raw and processed Yes

Yamanaka (2006) GEO (GSE4381) Raw and processed Yes

Zhao (2006) GEO (GSE3538), SMD (484) Images, raw, processed Yes

Zirn (2006) Array express E-MEXP-221 Only raw Previously described

GEO: Gene expression omnibus; LLMPP: Lymphoma/leukaemia molecular profiling project; SMD: Stanford microarrays database; Previously

described: array not described in public submission record, but it consists of a known array for which a MIAME-compliant public description

was readily available.

Table 4 – Comparison of the two datasets of microarrays studies

Early studies (n = 31) Recent studies (n = 15) p-value

Selection method

Unsupervised 9 2 0.30

Supervised 13 5

Both 9 8

Comments on genes/groups thereof

No 7 0 0.08

Yes 24 15

Among studies where comments were made

Percent specific comments, median (IQR) 92 (50, 100) 100 (69, 100) 0.29

Percent referenced comments, median (IQR) 69 (30, 100) 93 (60, 100) 0.11

Among specific comments

Percent ‘for’ the research finding, median (IQR) 100 (83, 100) 100 (83, 100) 0.63

Percent on the same gene, median (IQR) 100 (100, 100) 100 (88, 100) 0.68

Percent on the same disease, median (IQR) 39 (0, 66) 57 (25, 100) 0.32

IQR: interquartile range.
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265/305 in the other studies, exact p = 0.025). Another six

studies included MIAME-compliant raw and processed data-

sets, although not all steps of processing were always avail-

able. Finally, seven articles referred to either raw or

processed data, but not both. Array descriptions were either
directly available in the public datasets or could be easily in-

ferred in the recent studies, since commercial assays were

used; this was not so for five of the ten early studies (Table 5).

The amount of detail on the image processing and normal-

isation and parameterisation of data differed a lot across



Table 6 – Examples of analyses with insufficient detail to fully reproduce the analysis without further communication with
the original investigators; selected presentation of best analysis; and different selection choices for eligible data

Author (year) Example

Details need clarification

Bohen (2003) Singular value decomposition was used to remove artifact and K-nearest neighbours impute algorithm was used to

estimate missing data; references given, but use of these methods requires specification of the exact analytical options

Dyrskjot (2003) Used average linkage clustering with a modified Pearson correlation coefficient as similarity metric (unclear which

modification was used)

Virtanen (2002) Used a lowess normalisation; reference given, but use of lowess requires specification of the exact analytical options

Nanni (2006) Packages described without specification of parameters and options (e.g. the germa package was used for

normalisation and background correction)

Selected presentation of best analysis

Iizuka (2003) Used support vector machine-based system that could select anywhere between the top 10 and top 300 genes;

only data with top 50 genes are shown, stating that this is when the system performed best

Different selection choices for eligible data

Bredel (2006) Survival analysis used transcripts revealed by significance analysis of microarrays that also had expression

in >75% of the specimens

Rosenwald (2002) Selected genes where data were available for at least 90% of the patients and the gene-expression variances for

the gene were in the upper 33rd percentile for such variances

Wigle (2002) Selected 2899 genes that had data on at least 80% of the samples and of which the transcripts had at

least two or more samples with an absolute value of two in log2 space

Watanabe (2006) Samples were eligible for normalisation and further analysis when they were classified as flag-P

or flag-M in >50% of the samples
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studies. For feature extraction, typically the software was

mentioned, but this could be accompanied by no further

statement43,50 or generic statements that feature extraction

was done ‘as recommended by the manufacturer’55 or

‘according to the manufacturer’s instructions’.54 There was

also large variability in the details used to present normalisa-

tion procedures, thus it would not be possible to generate

with certainty the same exact data processing for the studies

that only provided the raw unprocessed information.

Finally, all studies that provided public access to their pro-

cessed data had detailed description of the statistical analysis

methods and all of them mentioned both the software and

the various statistical or bioinformatics techniques that were

employed in different steps of the analysis process. However,

we esteem that the exact same analysis as used in each paper

would practically not be possible to repeat without communi-

cation with the original investigators, given the complexity of

the process and the fact that for several of the techniques the

specific options employed were not fully specified (examples

in Table 6). Moreover, unavoidably arbitrary selection choices

had to be made for what constituted eligible data and these

choices were different across studies (example in Table 6). It

was uncommon to acknowledge that several analyses had

been performed and only the best results were being pre-

sented (example in Table 6), but it is unknown whether this

was also true of studies that did not acknowledge such

selectivity.

4. Discussion

In an empirical evaluation of a large sample of gene expres-

sion profiling studies for cancer outcomes we have found

that there is strong selection bias in the discussion and

interpretation of the research findings. Few genes and

groups thereof are selectively commented on, and support-

ive comments outnumber comments against the research
findings by nine to one. This tendency has been similar in

early studies and in studies published in 2006. Selective

interpretation of the results would be less of a problem if

the data from these investigations were publicly available

and the data processing and analysis were fully transparent.

However, we found that public availability of data has been

suboptimal; even in 2006 only 10/15 studies had publicly

deposited data. Only three studies had scanned images,

raw and processed data available. Processing details varied

across studies, but overall it would be very difficult, if not

impossible, for outsider investigators to replicate the exact

same analyses performed in each study.

If too many genes have the same low prognostic effect on

outcomes, different studies are expected to implicate differ-

ent genes each time. Thus one might expect a much higher

rate of ‘against’ comments than supportive ones. Ein-Dor

et al.60 estimated that studies of several thousands of patients

are needed to generate clinically useful prediction lists that

share even 50% of the included genes in two independent

studies. With limited sample sizes, if 90% of the published

data on specific genes in the literature are false positives, with

replication studies one would expect again most comments to

be against rather than supportive. Published signatures on

the prognosis of the same cancer have very low concordance

and very limited or no overlap between the selected genes

and this has led to the argument that probably there is

exchangeability of genes (different genes having the same

role in different derived signatures).61,62 However, this is not

an excuse for suboptimal analysis of the data. Consistent

with our findings, Dupuy and Simon recently found that

50% of microarray studies with cancer outcomes published

in 2004 had major flaws in their data analysis.63

For complex signatures including many genes, it may be

practically impossible anyhow to make comments in the dis-

cussion for each one of these genes or even families thereof

containing many members each. Selecting a few favourable
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comments from a potentially vast available literature of pos-

sibly relevant information may give a false sense of corrobo-

ration of the findings by other lines of research evidence.

In discussing their findings in any field, investigators may

often be tempted to show more prominently the positive as-

pects of their work and downplay the limitations, drawbacks

and contradictory data.64,65 Citation bias has also been dem-

onstrated against ‘unfavourable’ results.66 Selective presenta-

tion and highlighting of results is a major threat in molecular

medicine,67 given the inherent complexity and analytical flex-

ibility of the research involved.10

Selection bias in the discussion of the findings apparently

accompanies selection bias in data availability, processing

and analysis. Despite major progress in the development of

reliable public databases,68–70 public availability and transpar-

ency remain suboptimal and discussion of microarray findings

seems biased. The cancer field is probably the most advanced

to-date in terms of applications of microarray technologies,

and the only one where microarrays have reached the point

of being approved for clinical use.71 Cancer-related studies also

represent more than half of all microarray research in hu-

mans.1 We worry that if transparency of information, public
Characteristic

Referenced comment

Yes ESR1 has been found to be up regulated in patients w

No As above, no reference given.

Relation to research finding

For ESR1 is up regulated also in an experimental model o

Against Contrary to what we found, ESR1 is down regulated i

Reasoning on exactly the same gene

Yes ESR1 has been found to be up regulated in patients w

No A different estrogen receptor gene, ESR2, has been fo

breast cancer in another study

Reasoning on exactly the same disease

Yes ESR1 has been found to be up regulated in patients w

No ESR1 has been found up regulated also in patients w

Specific text comments for discussion of findings: real example

Characteristic Study (malignancy)

Referenced comment

Yes Helleman et al. (ovarian cancer) ANXA4 wa

histologica

[reference

No Wang et al. (melanoma) Similarly [

suppressed

[no referen

Relation to research finding

For Bittner et al. (malignant melanoma) The overex

previous o

Against Hoffman et al. (acute

lymphoblastic leukaemia)

In vitro stu

BCR-ABL, o

can cause

myeloid le

Neutral/unclear Wang et al. (melanoma) Other gene

(MADH3 IN
data availability and unselected seasoned discussion are lack-

ing in this advanced field that is moving into clinical applica-

tion,72 this may also provide a poor example for other fields.

Our observations reinforce existing recommendations that

microarray data should be publicly available and the data pro-

cess should be transparent and standardised.73,74Journals can

have a major role in facilitating and enhancing public availabil-

ity of information. Authors may sometimes avoid depositing

information in public or may deposit less complete informa-

tion, if the publishing journal does not have strict policies in

this regard. We also recommend that interpretation of micro-

array results should avoid unilateral gene-specific claims in fa-

vour of the findings. The complete molecular signature is what

matters. Finally, we recommend that if other (external) evi-

dence is used, there should be a systematic, unbiased approach

to its collection and presentation and it should include both

favourable and unfavourable information. This would help

place this very important research into its proper context.
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Appendix

Table A.1 – Operational examples for discussion of findings from microarrays studies
Example

ith metastatic breast cancer also in another study [reference given].

f aggressive breast cancer in mice.

n an experimental model of aggressive breast cancer in mice.

ith metastatic breast cancer also in another study

und to be up regulated in patients with metastatic

ith metastatic breast cancer also in another study.

ith poor prognosis colorectal cancer.

s

Gene and text comments (verbatim)

s found to be highly expressed in clear cell compared with other

l types of ovarian carcinomas studied by Schaner et al.

given] and Schwartz et al. [reference given]

to other, aforementioned genes], JAK-1 and Txk, relatively

in responding lesions, regulate T-cell signalling and differentiation

ce given]

pression of MK167 and TNFa [. . .] is in accordance with

bservations. (reference given)

dies showed that genomic amplification increased expression of

r both and high-level expression of the multidrug resistance gene

resistance to STI571 in myeloid cell lines from patients with chronic

ukaemia. We did not detect amplified expression of ABL.

s are associated with transforming growth factor-b-like function

HBA) [unclear if the data support or contradict the finding]

(continued on next page)



Table A.1 – continued

Characteristic Study (malignancy) Gene and text comments (verbatim)

Reasoning on exactly the same gene

Yes Golub et al. (acute leukemia) The single most highly correlated gene out of the 6817 was the homeobox

gene HOXA9 which was overexpressed in patients with treatment failure.

HOXA9 expression has been shown to transform myeloid cells in vitro and

to cause leukaemia to animal models [a gene used in the molecular

signature is in accordance with other studies; also a reference is given]

No Miura et al. (lung

adenocarcinoma)

For example chromosome 3p21.3 is a well known region for a frequent

homologous deletion in lung cancer. Using the F test for smoking we

found two genes, 101F6 and CACT, located on 3p21 region. [The genes

discussed here are located on a chromosome region. This region is

associated with lung cancer, but it contains dozens of genes]

Reasoning on exactly the same disease

Yes Devilard et al.

(Hodgkin’s disease)

The third gene cluster (orange cluster) underexpressed in nodular

BOHD [bad outcome HD], included two tumour suppressor genes

PTEN and DCC. [. . .] The PTEN deficiency observed in BOHD cases might

cause inadequate responsiveness to autocrine and paracrine pathways

operating in HD, thus favouring aggressive behaviour of these tumours.

[Previous clinical findings referring to the same gene are in accordance

to the findings of the authors]

No Beer et al.

(lung adenocarcinoma)

Elevated IGFBP3 gene expression has been found in

colon cancer [comment referring to the same gene supporting the

finding but in a different disease]

In the above examples, we assume that ESR1 is a gene that belongs to those identified in the molecular signature (significantly upregulated) for

poor outcome in breast cancer patients, while ESR2 is not. The example is entirely hypothetical and is given to illustrate the operation of the

criteria that we pursued.
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