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arti cial organism [8] (known as mycoplasma laboratorium).
Not only are they ubiquitous in the human genitourinary
tract [6] but readily grow in cultures used in microbiology
laboratories [9]. Indeed their genes have recently crossed
the silicon barrier and infect major Bioinformatics databases
and tools [10, 11]. We will concentrate upon a new tool for
analysing the consequent corruption of wet labs published
data and potential challenges for evolutionary computation.

It is well known that mycoplasma contamination is rife
in molecular biology laboratories [12, 13]. Depending upon
medium, mycoplasma contamination rates of 1% to 15{35%
(or even higher) have been reported [9]. Many labs routinely
sterilised their equipment to counter it. About 1% of pub-
lished NCBI's GEO GeneChip data appear to be contami-
nated [10]. Aldecoa-Otalora et al. [10] showed one complete
A ymetrix probeset (1570561 _at, 22 probes including con-
trols) actually represents the 16S-23S rRNA intergenic tran-
scribed spacer of mycoplasma genomes. This DNA sequence
was included in a human microarray (the HG-U133 +2) and
S0 it measures expression of mycoplasma genes. Here we sug-
gest many more individual HG-U133 +2 probes also do so
and, all those that give a signal, are correlated. This cor-
relation strengthens the earlier claim that a sample which
express 1570561at does so because it is contaminated by
mycoplasma. Indeed mycoplasma contamination has been
con rmed in some cases [13, 14]. Given the disruptive e ect
of mycoplasma on human cells' metabolisms [12], if a sam-
ple is contaminated no gene expression measurements from
it (whether measured by microarray or any other technique)
can be relied upon.

Although Aldecoa-Otalora et al. [10] suggested 157056at
was the only probesetto target Mycoplasma arthritidis, this
is not the full story. Here we report many HG-U133 +2
probes (i.e. members of probesets) map to one or more of
the published mycoplasma genomes (see [15, Table 2]). (Also
more species of mycoplasma have been fully sequenced.)

The next section discusses challenges for evolutionary al-
gorithms when using diverse public gene expression datasets
(e.g. RNAnet). This is followed (in Sections 3 to 5) by de-
tailed descriptions of correlation across hundreds of pub-
lished gene expression experiments. Finally Section 6 dis-
cusses the implications of our ndings and the risks of naive
use of medical data.

2. CHALLENGES FOR GENETIC AND
EVOLUTIONARY COMPUTATION IN
COMPUTATIONAL GENOMICS

Historically Bioinformatics has tended to view DNA only
as a precursor to proteins. However with the exponential
growth in published DNA sequences there is increasing re-
alisation that DNA sequences, other than that coding for
genes and hence proteins, plays a variety of important roles.
Evolutionary computing has already been used in com-
putational genomics [16]. Burgeoning areas include: clas-
sifying medical tissues [17], medical imaging (which is par-
ticularly susceptible to parallel processing on GPUs [18]),
the study of gene-gene interaction and gene regulatory net-
works (GRNSs) [19], and recognising DNA sequences for gene
promoters [20]. Evolutionary computation has also been
used in data mining [21, 22] single nucleotide polymorphisms
(SNPs) [23], epistasis [24] and phylogenetic studies [25, B,
27]. EC phylogenetic studies are pleasingly circular. In

that, a computational technique inspired by natural evo-
lution (EC), is used to create evolutionary trees, which de-
scribe the creation of new species and species extinctions.
EC uses the commonalities and the di erences between cur-
rent (and sometimes recent) genomes to infer phylogenetic
trees which describe Life's ancestry.

Datamining of large public databases of gene expression
levels, such as EBI's ArrayExpress and NCBI's GEO, opens
the way to whole genome studies of gene-gene interaction.
Previously gene-gene studies were driven by the need to test
hypothesises created by experts. These allowed detailed
studies of only a few genes. Experimental whole genome
studies are beyond the resources of any single wet lab. In-
stead datamining of global datasets using modern search
heuristics potentially allows the automatic data-driven gen -
eration of hypothesis. However these data are now remote
from the original experiment and so interesting hypothesises
will require expert con rmation and perhaps further tradi-
tional microbiology experiments. RNAnet [28] provides im-
mediate on-line correlation between all human genes across
many tissues and disease states. (Previously, even where
feasible, just normalising these data from so many di erent
publications took many hours.) Indeed we have precalcu-
lated correlation between 29637 representative gene expres-
sion data covering most human genes. (Since correlation is
symmetric, we need only store n(n  1)=2 data, where n is
the number of genes.) At present it appears that tools like
GeNet [19] experience practical di culties in dealing with
439 161 066 pair-wise correlations. However RNAnet can cal-
culate subsets of these. With improved techniques and larger
computers datamining all the human genes should be feasi-
ble. Indeed, like DNA sequences, the volume of public gene
expression data continues to grow exponentially, demanding
e cient techniques, like evolutionary algorithms to extract
information from these rich data pools. Future work may
consider three-way or even higher gene interactions.

Similar public data are available for other species. While
these too are set to grow exponentially, they will proba-
bly always lag behind those for man. In many cases tools
(e.g. GAs) developed for human data are suitable for many
other organisms. Some, particularly plants, have more genes
than man but even so homo sapiens tools and data analysis
techniques can probably be readily scaled to many of them.

3. METHOD

As part of a study of alternative splicing of human exons
previously we had down loaded, checked for spatial errors
and quantile normalised all the human GeneChip CEL les
from NCBI's GEO repository [29, 30, 31]. In particular
we have 2757 HG-U133 +2, which are now available via
RNAnet [28]. (GEO, like other Bioinformatics databases,
continues to grow rapidly and it now contains many more
data.)

In Aldecoa-Otalora et al. [10] we suggested that an ex-
pressed sequence tag (EST) DNA sequence within the ref-
erence human genome is actually DNA from mycoplasma.
This public sequence was used by A ymetrix when they de-
signed their HG-U133 +2 GeneChip and Aldecoa-Otalora et
al. suggested that the probes in this probeset do not mea-
sure expression of human genes but instead they measure
expression of mycoplasma genes. Using RNAnet we were
able to show the probeset was essentially quiescent except
in about 0.7% of GEO. Aldecoa-Otalora et al. suggested
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that in those cases the probeset was active because the sup-
posedly human samples were in fact contaminated with my-
coplasma. As support for this we also reported that the
suspect samples were signi cantly more likely to be from
cell lines [10, Supplementary Material].

Since [10] was published more species of mycoplasma have
been fully sequenced. Using Bowtie [32] (release 0.12.7 with
parameters --all --best ) we nd 437 HG-U133 +2 probes
(including control probes) match one or more species of the
30 mycoplasma genomes we downloaded frondtp.nchi.nih
.gov (see the [15, appendix]). We restricted our search to
the 106 probes that match one or more mycoplasma genome
exactly. (None of these 106 are control probes.) We then
calculated all possible pairwise correlations for individual
probes. We report normal (i.e. Pearson) correlation but also
calculated Spearman's rank correlation since it can be read-
ily converted into a non-parametric statistical test. We also
formulated a second null hypothesis by dividing at the me-
dian values each probe verses probe scatter plot into four
quadrants. If there is no correlation between the two probes
the four quadrants should contain approximately equal num-
bers of points. We test this with a 2 Chi-squared test.

3.1 Setting the Signal Threshold at 120

Microarray data are notoriously noisy. Although the RNAnet
data have been ltered for spatial errors [31] some noise re-
mains. Low intensity signals are especially prone to crosstalk
from other nearby probes giving loud signals [33]. Figure 2
shows two example scatter plots where most of the data lie in
the range 50{100 and are essentially noise. There are many
reasons why a probe may give a weak signal, including poor
probe design. So below a certain signal strength we cannot
rely on probe data. This section is concerned with setting a
threshold below which we shall ignore probe signals.
Probes in the same probeset should be correlated. Al-
though the probesets were designed w.r.t. the reference hu-

. Left chosen as has small correlation. Right chosen with hig
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man genome, the grouping of these probes into probesets
also holds for mycoplasma. l.e. when probes from a \hu-
man" probeset are mapped against the mycoplasma hyorhi-
nis HUB-1 [34] they still lie close to each other (and in
the same order) and individual probesets map to individual
HUB-1 genes. Therefore we took the subset of our all-pairs
correlations corresponding to both pairs being in the same
probeset and plotted them. In Figure 3 the horizontal axis
is used simply to order all these correlations by the mean
expression (of the least active of each pair).

It is clear from Figure 3 that when both probes are active
(i.e. both have average expression above 120) then they are
correlated. (53% of normalised probe values are below 120.
See also Figure 4.) Therefor of our 106 probes which exactly
match a mycoplasma genome we selected the 61 with mean
normalised expression of at least 120. This givesC$! = 1830
pairings.

4. RESULTS

Table 1 gives the correlations of all 61 probes which match
exactly against mycoplasma and have a reasonable expres-
sion on the 33 suspect cel les. Apart from a small number
of exceptions and the anomalous behaviour of one of the 61
probes (next paragraph) all are correlated.

Even at p = 0:1, only probe (21169Qat.pm8) fails to
show statistically signi cant correlation against many of th e
other 60 probes. We suggest 211690at.pm8 is atypical be-
cause of two outliers. (The two outliers are shown in Fig-
ure 5. Apart from them 211690_at.pm8 does not have a
large signal.) Hence we feel justi ed in excluding it. Except
211690Qat.pm8, there are only 13 other pairs (shown in bold
in Table 1) with poor statistical signi cance.

Figure 1 shows the Pearson correlation between our 61
probes. White{yellow backgrounds indicate high correla-
tion, whilst blue indicates near zero. (Code to convert corre-
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Figure 3: Using 2 to see which probe pairs in
the same A ymetrix probeset are statistically cor-
related. Of the 106 HG-U133 +2 probes which
match mycoplasma exactly, there are 450 pairs from

the same probeset (plotted + and ). Setting
a threshold above 120 ( ) gives only seven pairs
(of 189, 3.7%) which have 2 pelow 3.84. (2 above
3.84 is needed for a p-value of better than 5%, 1 dof.)
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Figure 4: Distribution of normalised HG-U133 +2
probes. All GEO, centile bins, note log scale.

lation to a colour can be found via http://bioinformatics.
essex.ac.uk/users/wlangdon/colour.html ) The high con-
trast between correlation on the contaminated data (Fig-
ure 1 top) and little correlation across several thousand other
CEL les (bottom of Figure 1) is dramatic. (Figure 6 sum-
marises Figure 1.)

Figure 1 contains a few examples of badly behaved probes.
These contain runs of four or more Gs. As expected [35],
these are indeed correlated with other probes containing
runs of Gs but not with other members of their probesets.
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Figure 5: Scatter plot of normalised gene expression
values for suspect GEO cel les for 211690 _at.pm8
against another probe to show two outliers ( ? near
X = 600).

5. INSUFFICIENT HG-U133A DATA

Although it is known that some of GEO's samples which
correlation picked out as being suspect of mycoplasma con-
tamination were indeed contaminated [13], we also sought
independent con rmation from Miller et al. [12]. Unfor-
tunately there were two problems: 1) Miller's group used
an older microarray, A ymetrix's HG-U133A. 2) The data
set includes only three GeneChips which were contaminated
with mycoplasma.

Only one probeset in HG-U133A contains probes which
match against one or more species of Mycoplasma exactly.
It is probeset 21169Q.at. Miller et al. report that 211690 _at
is neither up nor down regulated by mycoplasma contami-
nation. Also only only three of the eleven 211690_at probes
(pm5, pm7 and pm8) are in our set of 60 Mycoplasma indi-
cator probes.

We downloaded all Miller et al. [12]'s 12 CEL les, checked
them for spatial errors and quantile normalised [31] ! them
using RNAnet's [28] robust average of HG-U133A gene ex-
pression from GEO. The signal for probeset 21169Qat is
weak and perhaps consequentially, even across all 11 PM
probes the correlation is low (on average only 0.058694). So
we found for Miller et al. [12]'s data 21169Qat probes pm5
pm7 and pm8 did not correlate well with Mycoplasma pres-
ence/absence.

Naturally this is disappointing but given that we are look-
ing at only three probes, on three contaminated samples,
with low signal strength, perhaps not too surprising.

! ftp://ftp.cs.ucl.ac.uk/genetic/gp-code/R



700 T T T T T T T T T T T T T T T T T T T T

Correlation 33 suspect cel files
Correlation other cel files ------- : e
600 291164616 Exon pairs all cel files : : 4

500 | : 1

300
200

100 |

S S S S S S S S SO S S S S
-1 -09-08-0.7-06-05-04-03-02-01 0 0.1 02 03 04 05 06 07 08 09 1
All 1830 pairings for 61 HG-U133 +2 probes exactly matching mycoplasma and having mean >= 120

Figure 6: Distribution of all against all Pearson
correlation coe cients for 61 HG-U133 +2 probes
which map exactly to one or more species of my-
coplasma bacteria and have a mean value 120. The
two histograms contrast 33 human samples identi-
ed by [10] as suspected of being contaminated with
mycoplasma (solid line, cf. Table 1 and top of Fig-
ure 1) v. rest of GEO (cf. bottom of Figure 1). (Data
grouped in 0.1 wide bins). Dotted line is the under-
lying distribution. It is taken from 24132 well be-
haved HG-U133 +2 probes, one per Ensembl human
exon (drawn to the same scale).

6. DISCUSSION

6.1 Does it Matter?

Contamination by mycoplasma is di cult to detect but the
activity of mycoplasma genes can overwhelm the expressed
RNA signal from human genes in the infected sample. Miller
et al. [12] say mycoplasma contamination has \potentially
major consequences for the diagnosis and characterization
of diseases using expression array technology." Yet the sus-
pect GEO data is used in ve di erent publications in top
ight journals. According to PubMed, so far in total they
have been cited 68 times. None of them explicitly mention
mycoplasma contamination.

Only in one study are there a sizable number of published
samples. In the others, it appears between 26% and 100%
of the samples in the study were contaminated.

In all published cases the HG-U133 +2 measurements
were backed up by real time PCR. Western blotting was also
used in most cases. Although the publicly available data in
GEO suggests the A ymetrix GeneChip samples were con-
taminated, other techniques are typically used to conrm
HG-U133 +2 results and so are used later. This con r-
mation aims to overcome noise inherent in GeneChips and
get more reliable measurements of expressed RNA rather
than to address problems where the sample's metabolism
has been changed by mycoplasma. Hence, except in one
case [13], whilst we do not know that the samples used with
RT-PCR etc. were also infected, there seems little reason to
be con dent that they were not.

To some extent the importance of mycoplasma contamina-
tion has been accepted and this can be re ected in improved
laboratory rigour [13].

6.2 Isita Surprise?

Given the high frequency of mycoplasma contamination re-
ported in microbiology laboratories (particularly for cell lines)
[12], it is not unexpected that data from contaminated cell
lines have been published. However, in addition to those pre-
viously reported, we nd many A ymetrix probes designed
from the human genome which match one or more published
mycoplasma genomes and where they nd a signal, they all
respond in the same way giving, for GeneChips, unusually
high correlations (see Figure 6).

6.3 Correlation as an Investigative
Bioinformatics Datamining Tool

The existence of NCBI's GEO and other large Bioinformat-
ics data repositories enables correlation studies like these
which would be impractical for all but the largest labora-
tories or Bioinformatics processing services. RNAnet pro-
vides convenient and instant access to normalised GEO data
and so allows cross site comparisons and data mining explo-
ration of gene expression data. It has been used to inves-
tigate alternative exon splicing and alternative polyadeny-
lation [36], human chimeric transcripts [37] and antisense
expression (NAT) [38]. Given su cient data, correlation is

a powerful data mining tool. Other possibilities include cross
correlating RNAnet (or other datasets) to investigate other
contaminates, such as e-coli or viruses.

6.4 Errors in Public Datasets

In Aldecoa-Otalora et al. [10] we suggested a gene sequence
in the human genome was not human but was in fact a
DNA sequence from mycoplasma. Further that it had been
copied by a commercial company and incorporated into a
gene expression measuring device. (l.e. probeset 1570564t
on A ymetrix' HG-U133 +2 microarray.) We also suggested
that 33 public datasets in GEO are unreliable due to the
presence of mycoplasma in the experiments they report.
Since then we have reported a second mycoplasma gene se-
quence (DA466599) in the human genome [39, 11] and re-
cently Longo at al. [40] reported other (non-human) public
genome sequences appear to have have been contaminated
with human genes. Here we have strengthened our claim
that the 33 public datasets in GEO were contaminated by
mycoplasma by reporting another 1530 data pairs which are
correlated (p = 5%) across the 33 suspect datasets.

Despite Aldecoa-Otalora et al. [10] having been published
three years ago, Both the original sequence (AF241217) and
the second one (DA466599 [11]) are still described as\Homo
sapiens” within the NCBI reference human genome. In view
of the exponential rise in genomic sequence data available
via the Internet, everyone needs to be increasingly suspicious
of public genomic databases.
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