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Abstract
Mycobacterium tuberculosis (M. tb.) strains differ in the
number and locations of a transposon-like insertion
sequence known as IS6110. Accurate detection of this
sequence can be used as a fingerprint for individual strains,
but can be difficult because of noisy data. In this paper, we
propose a non-parametric discriminant analysis method for
predicting the locations of the IS6110 sequence from
microarray data.
Polymerase chain reaction extension products generated
from primers specific for the insertion sequence are
hybridized to a microarray containing targets corresponding
to each open reading frame in M. tb. To test for insertion
sites, we use microarray intensity values extracted from
small windows of contiguous open reading frames. Ranktransformation of spot intensities and first-order differences
in local windows provide enough information to reliably
determine the presence of an insertion sequence. The nonparametric approach outperforms all other methods tested in
this study.

Gene arrays measure the concentration of thousands of
oligonucleotide species in parallel (Chee 1996, Lander
1999, Schena 1995). They have been used principally in
the study of mRNA expression levels (Chu 1998, Duggan
1999, Spellman 1998), but can also be used to assess the
presence of DNA or RNA for other reasons. For example,
arrays can rapidly assess patterns in genomic DNA (as
compared with a reference set of genes) in the search for
genomic patterns, such as deletions, point mutations,
duplications, and single nucleotide polymorphisms (Behr
1999, Gingeras 1998, Halushka 1999, Pollack 1999).
Searching for genomic patterns in the context of the
inaccuracies of gene array data can be difficult and
requires robust algorithmic techniques.
The quality and reproducibility of array experiments is
still improving. Since the resolution of the data tends to be
coarse, methods built to extract information from arrays
must be engineered to handle extreme amounts of noise,
missing observations, and outlier points. Hybridization is
a function of many experimental variables and intensity
measurements have multiple sources of error. The targets

on a spotted array are of different sizes, are spotted in
different concentrations and may even be entirely missing.
Variation in G-C content and secondary structural features
can give rise to differences in hybridization affinities of
target sequences for their respective probes. All of these
(and perhaps other factors) contribute to the uncertainty of
the intensity signal collected from microarray experiments.
One particular problem for microarray data is the
difficulty in comparing the absolute intensities that are
observed within and between experiments.
Any
assumptions about straightforward distributions of values
from which these intensities are drawn are difficult to
defend. We therefore introduce a general distribution-free
technique for identifying genomic patterns with
appropriate microarray experiments. We demonstrate it
with a specific application to finding the positions of
insertion sequences in genomes.
Mycobacterium tuberculosis (M. tb.) is an infectious
pathogen reported in 8 million clinical cases and claiming
2-3 million lives per annum (Kumar 1997, Sherris 1990).
It is an illness that displays considerable heterogeneity
dependent on both host and pathogen; some strains are
extremely infectious, while others are relatively benign
factors (Bloom 1998, Martinez 2000, Sherris 1990,
Sreevatsan 1998, Valway 1997). Methods for typing
particular strains have already proven beneficial in
pathogen control (Small 1993). Associating pathogenic
phenotypes to particular genomic features, such as
insertions, may link pathogenesis with the molecular
constituents and may allow us to predict the clinical
behavior of a particular strain before it results in a
malignant clinical presentation.
The IS6110 insertion element is a well known
transposable element found to have variable numbers and
locations in genomes across different strains (de Boer
1999). It occurs anywhere from 0 to 25 times depending
on the particular M. tb. strain. The pattern of insertions has
been used in the past to type clinical isolates of the
mycobacterium in epidemiological studies (van Embden
1993, Bradford 1997).
The current typing method,
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Figure 1. Schematic description of the biological procedure. We attempt to discern the location of an IS6110 element with
straightforward application of microarray technology. Primers specific for the 3’ (right arrow) and 5’ (left arrow) end of the insertion
sequence are applied to the genome. Primer extension generates labeled DNA fragments. Upon application of these fragments to the
microarray spots representing ORFs closest to the IS6110 element appear intense (black), while spots further from the IS6110 element
appear dim (light gray). In the experiment the 5’ and 3’ fragments are labeled with two different dyes so that spots -4 to -1 will be labeled
with one dye (solid) and spots 1 to 4 will be labeled with a different dye (dashed).

is limited in its ability to distinguish between a significant
number of isolates. A robust analytical method for
rapidly identifying the number and exact genomic
location of insertion elements combined with a wellestablished array protocol could be the key to rapidly
typing hundreds of clinical strains and developing an
understanding of the epidemiology, biology, and
evolution of this pathogen.
Discriminant analysis is a standard statistical approach
described in most textbooks of multivariate analysis
(Anderson 1984, Mardia 1982).
This technique
determines to which of two well-defined populations a
given test example belongs. The technique typically
involves estimating a multivariate normal distribution
over a set of predefined features to describe each of the
two populations from known training cases.
Subsequently, the log likelihood ratio is estimated for
each test case; values above a certain threshold are
classified into one population while those below the
threshold are classified into the other.
However, in microarray data analysis, assuming a
normally distributed feature set can be problematic – the
data contains outliers and complexities that can reduce the
effectiveness of such an assumption. One extreme way to
deal with this issue is to estimate probability densities
from features of the training set directly -- however this
may be ad hoc or computationally intensive. An
alternative approach for coping with outliers is to
transform the data into ranks. Thus, the absolute value of
a measurement becomes less important than its value

relative to other measurements. In this study, all variables
taken from microarray data were first converted to their
corresponding ranks and the rank values were used for the
analysis. This mitigates the influence of the outliers and
results in behavior that can be approximated with normal
distributions.
The choice of features extracted from the data also
heavily affects any method’s ability to find a useful
discriminant function. Here we present our empirical
findings for defining a set of features appropriate for the
task of distinguishing IS6110 sites from non-sites.

Method
Summary of Experimental Protocol. The details of the
microarray experimental protocol will be published
elsewhere, but can be summarized here.
Taking
advantage of the fact that all insertion sequences are the
same, we use two separate primers designed to recognize
the 5' and 3' end regions of IS6110 conserved sequences
in a genomic primer extension assay to determine the
locations of the insertion sequences (Figure 1). Both
primers point out from the conserved sequence so that
only the flanking genes are copied. Primer extension
originating from one annealing site will generate a
population of products that are heterogeneous in length.
No polymerase is perfectly processive and extension will
cease arbitrarily at different lengths (Stryer 1995).
During any given extension event, downstream sequences
closer to the primer annealing site are more likely to be

copied by the polymerase than sequences far from the
annealing site. Therefore, in the pool of products
generated from multiple rounds of polymerization, sites
neighboring the primer annealing site will be overrepresented whereas distant sites will be underrepresented.
The products of the 5’ primer extension are labeled
with one fluor (solid gray in Figure 1) and the 3’ primer
products are labeled with a different fluor (dashed gray),
so that each color corresponds to only one of the two
directions of DNA synthesis. Downstream target sites on
the microarray lying closer to an IS6110 site should light
up more brightly on the array because there is a relatively
large amount of extension product with overlapping
sequence complementarity. Sites further from IS6110
sites look dim on the array since few extension products
incorporate complementary sequence.
The microarray used for these assays (Behr 1999)
contains a target site corresponding to each Open Reading
Frame (ORF) listed in (Cole 1998). We use the Sanger
numbering over the ORFs which order them from 1 to
3924 starting from the origin of replication on the single
circular chromosome, keeping in mind that ORF 1 and
ORF 3924 are neighbors (Cole 1998).
Computational Approach. Since each insertion site may
be oriented 5' to 3' or 3' to 5', there are 7848 (=2
orientations x 3924 inter-genic regions) candidate
positions that we must screen for the presence of IS6110
sites.
The inputs to our procedure are ordered vectors of
intensity values s3 and s5. The intensity value for the 3’
fluor at the ith ORF is recorded in s3(i) while the intensity
value for the 5’ fluor at the same site is in s5(i). The
program outputs two ordered vectors of predictions, πf
and πr; the former contains predicted insertion sites in the
forward direction, while the latter in the reverse direction.
If an insertion sequence is predicted to occur between
ORF i and ORF i+1 oriented with ORF i closest to the 5'
end of the insertion site then πf(i) = 1. If the insertion site
is predicted to be oriented in the reverse direction πr(i+1)
= 1, where ORF i+1 is now closest to the 5' end. All other
situations assign 0 to the prediction vector.
Before conducting any analysis, we normalize
intensities so that the resulting data set has a mean equal
to 0 and a variance equal to 1. Intensity values collected
from two different microarrays are not directly
comparable since the number of DNA fragments
generated in each experiment may differ. Normalizing
intensity values allows combination of multiple data sets
in a straightforward manner. Also, typically we average
the results of two microarray experiments together to
produce a more reliable profile.
The highest levels of intensity are at the two positions
immediately downstream of the insertion site (ORF –1 for
5’ fluor and ORF +1 for 3’ fluor). In order to reduce our

search space we eliminate candidate sites if either of these
intensities are less than a threshold; which we set (after
testing) to 0, the mean intensity. This +1/-1 cutoff
procedure eliminates 92% of candidate sites without loss
of sensitivity.
We find the features most effective in distinguishing
insertion sites from non-insertion sites to be local
intensities of candidate sites from both the 3’ and 5’ series
and first order neighbor-to-neighbor difference
information between these local intensities.
The
difference information helps to preserve the form
associated with insertion sites, by approximating first
derivative information.
We obtain optimal results when we include intensities 4
ORFs downstream and 2 ORFs upstream of the candidate
site. For example, if we are attempting to predict the
presence of the insertion site between position i and i+1
oriented with its 5’ side closest to ORF i, we would
include intensities from the 5’ series, s5, at ORFs { i-3 , i2 , i-1 , i , i+1 , i+2} and from the 3’ series, s3, { i –1 , i ,
i+1 , i+2 , i +3 , i+4} (Figure 2). We use first order
differences between intensities from adjacent ORFs to
augment the feature set. This corresponds to a feature set
of 12 intensities (6 ORFs/series x 2 series) and 10
differences (5 differences/series x 2 series); each
candidate site is associated with a feature vector of size
f=22.
Figure 3 plots the profiles that we attempt to
distinguish between. This is a plot over the insertion site
(position 0) and the surrounding intensities in the 5’ series
and the 3’ series.
Discrimination Procedure. In order to discriminate there
must be two sets of feature training examples: n insertion
sites and m non-insertion sites that have surpassed the
+1/-1 cutoff elimination described in the last paragraph.
We construct insertion site profile examples by looking at
known insertion sites across multiple experiments to
generate many examples. Typical values are n = 540, m =
2000. The n examples where IS6110 is “present” are
configured in a n x f matrix P and the m examples where
it is “absent” are configured in a m x f matrix A.
In parametric linear discrimination we use training
examples to estimate normal population distributions for
both cases assuming an identical feature covariance
matrix S, but differing in feature means.

S = 1 cov( P ) + 1 cov( A)
2
2
Different covariance matrices can also be treated without
much difficulty (Anderson 1984). We define p as the f x
1 column feature vector mean of P, and a as the f x 1
column feature vector mean of A. Given a particular
feature column vector x from a test case associated with a
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Figure 2. Illustration of the feature extraction method. A. Features from the data are constructed by combining standardized intensities
and first-order differences from two extension reactions into one 22-length feature vector. Two ORFs upstream and 4 ORFs downstream
of the predicted position are included from both the 5’ and the 3’ reactions. Feature vector i is labeled as a positive site since an IS6110
sequence occurs between ORF i and ORF i+1. Feature vector i+1 on the other hand is labeled negative since no insertion sequence
occurs between ORF i+1 and ORF i+2. B. The block matrix of training examples, [P/A] is constructed from the positive feature vectors,
P, and the negative feature vectors, A. A column in [P/A] corresponds to one feature’s values across the entire training set. A column of
ranks is computed from the combined vector of negative and positive sites. The column vector for feature j is then replaced with the
computed rank vector and the resulting R(P) and R(A) matrices are used in the discrimination procedure.
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candidate site, we calculate a log-likelihood classification
score:

Test cases that receive high scores are likely to be
insertions; cases with low scores are likely to be noninsertions. In a parametric discrimination approach we
assume a normal distribution to estimate the log ratio:

B

−1

This reduces to the linear discriminant function:

1
f ( x) = ( p − a ) S ( x − ( p + a ))
2
−1

We score each test case with the above function; all test
cases with a value above a certain threshold are classified
as insertion elements.
Our actual approach is identical to the above, except for
substitution of the feature values with rank values before
applying the discrimination strategy. In the standard
discrimination procedure the mean and variance of a
given feature, and its covariance with other features are
calculated from actual values. Instead, for each feature
we assign ranks ranging form 1 to n + m for all training
examples in P and A. We then calculate mean and
variance with respect to the rank values. Whenever a test
example is presented, each feature value is converted to a
rank relative to the training examples to construct a rank
feature vector. We use this vector instead of an intensity
vector to score the test example.
Procedure Evaluation. As our gold standard we use the
H37Rv strain whose single chromosome genome was
sequenced by Sanger in 1998 (Cole). At the time of this
communication a number of microarray experiments were
available to us: 10 sets of 5’ primer intensity series and 4
sets of 3’ primer intensity series. The experiments were
conducted under variable conditions and protocols. The
H37Rv strain contains 16 insertion sites with known
positions oriented in both directions along the genome.
Of these, two are contiguous in the same inter-genic
region and are oriented in the same direction; we treat
these as a single insertion. Another insertion site is
located between two ORFs with corresponding targets on
the microarray that were defective; we eliminate this site
from our analysis.
For the matrix P of positive training examples there are
560 instances we can choose from (14 sites x 10 5’series
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Figure 3. Plot of the profiles that we are trying to distinguish:
true insertion sites (▲) vs. non-insertion sites that are not
eliminated by the +1/-1 cutoff (ê). (Intensity values have been
normalized to mean=0, variance=1; error bars are +/- 1 SD.)
The solid lines represent experimental microarray intensity
values at ORFs surrounding the insertion site at position 0.
Dotted lines represent randomly chosen examples from the rest
of the genome that do not have an insertion site at position 0
but pass the cutoff. The error bars indicate substantial overlap
at most positions. A. Intensity values from microarray
experiment conducted with primer specific for 5’ side of
insertion sequence.
B. Intensity values for 3’ primer
microarray experiment.

x 4 3’ series). For negative training examples A we
choose 2000 sites oriented in either direction that are not
insertion sites, but pass +1/-1 cutoff elimination. We do
not average two sets of data to construct our training
examples; averaging training (not testing) examples did
not improve performance.
Specificity of our method was studied by analyzing
200,000 randomly picked inter-genic positions with
replacement that were not insertion sites. For each of the
200,000 positions picked, two of the 5’ series and two of
the 3’ were drawn with replacement, and averaged. We
used these averaged profiles to construct a feature set for
each of our false test cases. All 560 examples were
included in P; the set A was constructed as described
above. All of these sites were scored with our procedure
to establish specificities at particular thresholds (see
Figure 5).
Sensitivity of our method was studied with crossvalidation. We iterated through each insertion site,
attempting to score profiles from it with positive
examples created from the other 13 insertion sites. For
each site we constructed 500 test cases by randomly
drawing two 5’ series and two 3’ series with replacement
and building a feature set vector. The positive examples,
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Figure 4. A. As an example of the non-normal nature of the features examined in our discrimination procedure, we plot histograms of
the intensity of the ORF closest to candidate insertion site on the 5 prime side from the 5’ primer experiment. These values correspond to
the summarized values at ORF –1 in Figure 3A. We expect, for actual insertion sites that these values should be relatively high. (The
above plots were generated from 560 positive examples and 560 negative examples where the +1/-1 cutoff was exceeded; intensity values
have been normalized to mean=0, variance =1 across each experiment.) Notice both histograms appear to have different functional
forms; both of which would be inaccurately estimated by a normal distribution. B. After replacing raw intensity data with ranks (highest
intensity value has rank1120, lowest intensity value has rank 1) we recreate the histogram. Notice that these distributions lack the
extreme nature of those in A; they are better approximated by a normal distribution.

P, were constructed with the remaining 520 examples
from the other 13 insertion sites; A was constructed as
above. The pooled scores were used to calculate
sensitivity levels at different threshold values.
We implemented the above approach and the
alternative variants described below in Matlab.
A sensitivity-specificity plot of our algorithm compared
with other variants are presented in Figure 5.

Results
Profiles of the standardized intensity values for windows
focused at IS6110 sites are shown in Figure 3; this figure
depicts the patterns that we discriminate between. The
profiles for both the 5’ and 3’ primers are depicted in the
figure. Primer extension from both ends of the insertion
sequence yields similar amounts of complementary
information useful for detecting insertion sequences. The
error bars indicate the overlap in position intensities
between the two profiles.
The means and variances between the {-1, -2} 5’
positions and the {+1, +2} 3’ positions are comparable.
However, the 5’ positions {-3, -4, -5} all have larger
means than their 3’ counterparts at {+3, +4, +5}
suggesting a more detectable 5’ signal further away from
the insertion site. The most informative positions lie near
the insertion site, occurring approximately within 4 to 5

downstream ORFs of an IS6110 site. A number of
variations on the discrimination procedure were
performed to test the size and prediction position of the
window. Window sizes approximately 6 ORFs in width
out-performed windows including greater or fewer
numbers of ORFs (data not shown). Also, windows
asymmetrically positioned around the predicted position
were superior to centered windows; incorporating more
ORFs downstream rather than upstream of the predicted
sites gave better results (data not shown). Large variances
are associated with large mean intensities, suggesting
there may be a relationship between the measurement
error and the spot intensity on these microarrays.
A histogram of 5’ series intensity and rank intensity for
the -1 positions in both sites and non-sites obtained from
microarray experiments is shown in Figure 4.
The
distribution of site intensities is much flatter and wider
than the non-site intensity distribution (part A of the
figure).
Approximating either distribution with a
Gaussian would not be appropriate given the shape of the
actual distributions. The non-site intensity distribution
appears more exponential and the site distribution is
slightly bimodal.
On the other hand, the rank
distributions appear to have a more normal shape (part B
of figure). Also, both populations have similar variance.
Figure 5 showcases performance in sensitivityspecificity plots (or ROC curves); it contains several of
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Figure 5. Sensitivity-specificity plots illustrating performance of our approach and the critical nature of each of the features. The curves
with the solid boxes (■) are identical in each plot. A. Our approach (upper trace) is compared to identical approaches in all aspects
except for the non-parametric adjustment. One trace demonstrates performance when parametric estimation is attempted with one pooled
covariance matrix for both distributions of insertion elements and non-insertion elements (linear discrimination); the other demonstrates
estimation with two separate covariance matrices (quadratic discrimination). B. Success of our approach (upper trace) relies on utilizing
difference information as well as eliminating many cases with adjacent intensities below a threshold at high specificity values. Success
of identical procedure conducted without these features is depicted individually in this figure. C. Attempting discrimination on a profile
created from multiple averaged experiments improves performance. Most of the results generated assume averaging two experiments.

the algorithmic variants that we tested. All algorithmic
variants are identical except in the indicated aspect. Part
A compares the results of using a space of feature ranks
(our procedure) versus a space of feature values
(parametric discrimination). We display both linear
discrimination (pooled covariance matrix) and the
quadratic discrimination (two distinct covariance
matrices) when feature values are used. Note the
differences in prediction performance between the
discriminators using values versus ranks; for example, at
a threshold yielding a sensitivity level of 65%, the rank
discriminator produces 1 false positive out of the 5000
tested positions whereas the parametric discriminator
produces approximately 5 false positives.
Including first-order differences in the feature vectors
improves the performance of the method, especially at
high specificity ranges (Figure 5B). For example, at the
99.98% specificity level, first-order differences increase
the sensitivity from 54% to 65%. The +1/-1 cutoff
elimination gives performance increases of the same order
as first-order differences with an effect over a slightly
broader specificity range.
Figure 5C illustrates the performance gains associated
with combining multiple experiments into test cases. The
sensitivity-specificity curve for the predictor given a
single experiment lies completely beneath the curve for
the same predictor given the averaged results of two
experiments. The curve for the predictor given doublet
averages (our procedure) in turn lies beneath the curve for
the same predictor given quadruplet averages. The most
dramatic improvement occurs when a second experiment
is taken into consideration -- at the 85% sensitivity level,
the predictor using two averaged experiments produces 8
false positives while producing around 250 false positives
given only one experiment.

Discussion
Successful design of an experimental and analytic method
for typing M. tb. will greatly enable studies of how
different strains have different clinical phenotypes. When
analyzing these results it is important to keep in mind
that, during genotyping of one strain, thousands of sites
are scanned for a comparatively few number of positive
sites. Maintaining an extremely low false-positive rate is
therefore key to any algorithm’s success.
Parametric discriminant analysis on feature values
performs poorly (Figure 5A). At specificity levels
realistic for typing strains (>99.95%), parametric
prediction using feature values detects <50% of insertion
sites. It is a well known phenomenon that linear
discriminant analysis performs poorly when the
underlying distributions are far from normal or have
wildly different covariance structures (both of which are
indicated by the distribution plot in Figure 4A).

Correcting for covariance differences does not improve
the discrimination (Figure 5A); this may be a
consequence of introducing too many parameters to fit a
few (at most 560) positive training examples. On the
other hand, a multivariate normal distribution
approximates the components of the rank feature vector
well when the number of training examples is large. The
normal theory applies to the rank data better, so we can
bring the power of the linear discriminator to bear on the
problem.
The single most important factor affecting the method’s
accuracy in detecting insertion sequences is the number of
microarray experiments used to perform the typing.
Averaging intensities across multiple primer extension
experiments greatly improves the performance of the
method compared to using only a single experiment. In
practice, however, it may be desirable to minimize the
number of microarray experiments required to site type
per clinical isolate, which motivates the improvement of
the algorithm’s performance on non-averaged data sets.
The success of our approach is dependant on a filtering
step that eliminates from consideration sites where the +1
and -1 ORF positions are both below the mean intensity
level. All such windows are classified as non-sites by our
method before using the discriminator. This step not only
eliminates from consideration many non-sites that would
be mis-called by the algorithm, but implicitly eliminates
many cases where missing values occur at these positions
due to a defect in the microarray.
While the experimental protocols for detecting IS6110
locations are improving, the algorithm presented
demonstrates that the current technique is already viable
for site-typing. At 99.99% specificity it detects over half
of the insertion sequences present in the genome. One
run of the algorithm at this level of specificity will predict
8 of the approximately 8000 examples as putative
insertions out of which 1 will be erroneously called. The
method does not exhibit systematic error in that false
positives and false negatives do not seem to be correlated
across experiments.
The experimental data on which we conducted our
analysis on was obtained under heterogeneous conditions.
These conditions are now being optimized to include a
better choice of hybridization procedure and replacement
of defective targets on the microarray with new ones. The
results presented here should only improve as the quality
of the input data increases. However, it is unlikely that
the data will ever be so homogenous and noise-free to
render our methods unnecessary.
The discovery that the performance of the algorithm
improves when ORFs upstream of the IS6110 primer are
included in the feature set indicates there is some signal in
the opposite direction of extension (Figure 2). We will
not conjecture about the biological phenomenon
producing this curiosity but merely note that our

algorithm takes advantage of some decrease or lack of
signal in this region.
The success of the ranked version versus the nonranked version of the approach underscores the
importance of treating the distribution of microarray
measurements in an unbiased manner. Converting
microarray measurements into ranked data has two main
advantages with respect to the robustness of the method -(1) it moderates the effects of outliers common in typical
microarray datasets, and (2) the results are invariant to
any monotonic transformation of the data (such as a
logarithm). Global shifts in intensity values from one
experiment to the next will not typically alter the accuracy
of the method since ranks are indifferent to scaling of the
data. This is a desirable property of the method given the
high degree of variability across microarray experiments.
The method requires the relative order of intensities
remain fairly reproducible instead of the stronger
requirement that the intensities themselves remain
reproducible.
We believe that a similar algorithmic approach may be
adapted to identify other genomic patterns such as
deletions, single nucleotide polymorphism, point
mutations, and gene duplications on microarray data as
well as expression patterns. The same qualities that
permit our methodology to perform well under the
circumstances described in this study should apply in
these other circumstances.
We recognize that there are other pattern recognition
algorithms, such as neural networks or genetic algorithms,
which may be useful for these types of problems. We
used discrimination analysis as the simplest first step.
Other types of non-parametric methods may prove useful
and perhaps necessary for identifying patterns in and
analyzing hybridization experiments.
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