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Chapter 3

Functional ANOVA with P-splines applied to the analysis

of dissociation curves of nucleic acid duplexes

The organization of the chapters is as follows:

Chapter 3 presents a functional ANOVA model to analyze dissociation curves from hybridizations
to microarrays with thermal dissociation.
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3.1. Abstract

Motivation: Several studies have examined the use of dissociation curves to provide
information of probe-target nucleic acid duplexes. By comparing dissociation curves, the
presence of specific target nucleic acid could be evaluated. However, these comparisons were
generally done visually, as there have been no appropriate statistical tools available.

Results: We developed a functional ANOVA model to compare dissociation curves and
determine if they significantly differed. To test and validate the model, we used dissociation
curves obtained from in vitro transcribed nucleic acid amplified from two environmental
samples hybridized to a microarray. Detection and rejection of outlier curves was important
for appropriate discrimination between curves. The identification of significantly different
curves was more efficient with the model than approaches relying on measurements at a
single temperature.

Availability: A user-friendly interface in Matlab for analysis of curves with functional

ANOVA is available at http://stahl.ce.washington.edu.

Contact: bugli@stat.ucl.ac.be
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3.2. Introduction

Single nucleotide polymorphisms (SNPs) are the most fundamental genotypic variation that
arises during natural selection and genetic drift. SNPs have profound implications in the
genetic variation that occurs within and among species. For instance, mutations in the human
BRCAI and BRCA2 genes have been linked with the susceptibility to breast and ovarian
cancer (Miki et al., 1994; Wooster et al., 1995), and mutations in the APOE gene are
associated with an increased risk of developing Alzheimer's disease (Bullido et al., 1998). In
addition, the deep branching groups of bacteria, Planctomycetes and Verrucomicrobia, may

be phylogenetically distinguished by SNPs in the small subunit ribosomal RNA gene.

High-throughput techniques are often used to identify SNPs present in gene sequences. The
polymerase chain reaction (PCR) and high-density microarrays combined with fluorescence
detection are two commonly used methods of identification. Microarrays contain thousands of
elements (i.e. nucleotide probes) and simultaneously detect thousands of different genes and
their variants. The presence and abundance of a specific gene sequence is generally
determined by quantifying the emission of a fluorescent signal conferred by hybridization of a
labeled target molecule to a complementary probe. This technique relies on the specificity of
hybridization between a target nucleotide sequence and the complementary nucleotide probe
on the microarray (formation of a perfect match (PM) duplex). However, false positive events
may also occur when a sequence hybridizes to non-complementary probes (formation of a
mismatch (MM) duplex). Hacia et al. (1996) reported that quantification of non-specific
hybridization could be determined by subtracting the intensities of signals of MM duplexes
from PM duplexes. However, this approach may not be suitable with samples containing a
mixture of PM and MM sequences in unknown abundance. To discriminate between PM and
MM duplexes, dissociation curves (also called “melting curves” or “melting profiles” in the
literature) can be generated by linearly increasing the temperature of the microarray and
recording signal intensities. The increase of temperature affects the binding of the target to the
probe and leads to their dissociation. Plotting signal intensities versus temperature values
results in a sigmoid-shaped curve. The exact shape of the curve depends on the sequence of
the duplex; and, thus, PM duplexes may produce curves that are distinguishable from MM
duplexes. For instance, Liu et al. (2001) demonstrated discrimination between target and non-

target sequences differing by a single nucleotide.
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PCR, which relies on amplification of a specific target sequence, is another technique to study
nucleotide polymorphisms. The amplified product is typically analysed for its size and
nucleotide sequence, but this process is often time-consuming and labour intensive. However,
rapid characterisation of a PCR product for a SNP can be performed by incorporating
fluorescent molecules during the thermocycling. For instance, Ririe et al. (1997) and Liew et
al. (2004) showed that it is possible to differentiate amplified gene variants by incorporating a
fluorescent molecule, increasing the temperature, and monitoring the evolution of the
intensity of the molecule. Liew et al. (2004) were able to discriminate SNPs using the

dissociation curves obtained from this analysis.

Data reduction techniques are often used to analyse dissociation curves. Calculation of Ty
values (temperature at 50% probe-target dissociation) is one such method of data reduction.
This approach was successfully used by Liu ef al. (2001) and Liew et al. (2004) to
discriminate sequences having a single nucleotide change with microarray and real-time PCR
experiments, respectively. Urakawa et al. (2003) found that T4 did not effectively
discriminate PM and MM duplexes in microarray experiments because it only accounts for
signal intensities at 50% dissociation. Furthermore, in his study of SNPs with real-time PCR,
Wittwer et al. (2003) showed that the entire curve should be included in the analysis. In an
attempt to glean additional information beyond the T4 value, Urakawa et al. (2003)
determined an optimum discrimination temperature defined as the maximum product of
difference and ratio of the signal intensities between normalized dissociation curves of PM
and MM duplexes, while El Fantroussi ef al. (2003) evaluated the extent of the discrimination
by visually comparing normalized dissociation curves. However, in these studies,
interpretation of the comparisons between curves was limited, as no statistical analysis of the

curves was used.

Although several statistical methods have been developed to compare signal intensities at a

single temperature (an extensive review of the literature can be found at http://www.nslij-

genetics.org/microarray), there is no available method to analyse curves generated from

thermal dissociations. The objective of this study was to develop a statistical tool to compare

dissociation curves and determine when they significantly differ.
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3.3. Methods

Sample dataset. The dataset used to develop and test the calculator was obtained from
hybridization of in vitro transcribed 16S rRNA of PCR amplified product of uncontaminated
and 2,4,6-trinitrotoluene contaminated soil samples to a microarray targeting 16S rRNA genes
(Eyers et al., manuscript submitted). Hybridizations were done in triplicate for each sample.
The microarray contained general (e.g. probe Eub338 targeting all Bacteria) and species-
specific PM probes (e.g. probe Nsel472 targeting the species Nitrosomonas europaea). In
addition, the microarray contained two MM probes for each PM probe (e.g. probe Eub338-t7g
and Eub338-gllc, where G replaced T at the 7t position and C replaced G at the 11"
position, respectively). A description of the microarray platform (i.e. description of the
spotted probes, number of replicate probes, and location of the probes on the microarray) and
the dataset (i.e. probe signal intensities before and during thermal dissociation) are available
at the Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo) under the accession

numbers GPL2993 and GSE3499, respectively.

The methods used to hybridize the samples to the microarray and collect signal intensities are
described elsewhere (Eyers et al., manuscript submitted). In brief, dissociation curves were
generated by increasing the temperature of the hybridized microarray (1°C/min) from 20°C to
68°C and recording signal intensities every 1°C. The hybridization signals were corrected by
subtracting the local background signal (Fotin ef al., 1998). Comparisons of dissociation
curves were both with curves from nucleic acid from the same sample hybridized to different
probes (e.g. PM and MM probes) and with different nucleic acid samples hybridized to the
same probe. Normalized curves were used for comparison, and normalization was done by
setting the lowest intensity in a profile at a value of 0 and the highest intensity at 1 (i.e. signal
intensities were subtracted by the minimum signal intensity and divided by the difference
between the maximum and the minimum values). In the functional ANOVA calculator, a set
of curves compared against another set was defined as a “group”. Data from a PM and two
respective MM probes hybridized to the same soil sample (3 groups) were used to develop the
functional ANOVA model. Results of hybridizations of the two soil samples to PM and MM

probes were used to validate the model (6 groups).
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Tg computation. Calculation of T4 values was done using an adapted method presented by
Urakawa et al. (2003). In brief, for each observed normalized curve, a linear regression was
determined using 5 data points around the point with the observed normalized value closest to
0.5. The slope and intercept of the regression line were used to calculate the Ty at a

normalized signal intensity of 0.5.

P-spline smoothing and Functional ANOVA with P-splines. P-splines are a combination of
B-splines and difference penalties coefficients. B-splines are attractive for nonparametric
modelling, but the choice of the optimal number and positions of knots can be difficult. A
solution is to use a large number of equidistant knots and a penalty to control the smoothness
of the fitted curve (O'Sullivan, 1986, 1988). Eilers and Marx (1996) proposed to use B-splines

with a difference penalty on the spline coefficients.

Suppose that we observe a smooth functiony(¢)att,¢,,...,t,, yielding N pairs of

observations {(tn, y,)n=1...,N } In spline regression, we approximate y(t) by

Zﬂﬂ%(f) ; (D

where ¢, 4,,..., ¢, are known functions of 7 and £ = (f,,. .., B, )" an appropriate coefficients
vector. Examples of the ¢¢ might be B-splines, tensor products of B-splines, thin plate

regression spline basis functions, the truncated power basis for cubic splines, or some radial
basis functions (e.g. Ruppert et al, 2003). In this application, we used B-spline basis

functions.

A B-spline of degree ¢ is a piecewise polynomial function with ¢ + 1 pieces of degree ¢q. At
the g joining knots, derivatives up to order g - 1 are continuous (de Boor, 2001; Dierckx,

1995).

The coefficients f in Equation (1) are estimated by minimising:

Z(yn -> B4, (r,,)j +PEN(A) )

S
n=1 s=0

where PEN(A)is a roughness penalty depending on a smoothing parameter A. Examples of

this penalty are the thin plate spline penalty, the integrated square of second derivative
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penalty for cubic spline, and the various difference penalties used in P-spline smoothing.
Eilers and Marx (1996) introduced P-spline, a penalised B-spline regression model using
equidistant knots associated with a convenient roughness penalty. P-splines are based on the
difference of adjacent B-spline coefficients yielding the penalised likelihood:

N s 2 s
Z(yn —Zoﬂsqﬁs(zn)j 22 WB) 3)

n=1 s=d+1

where A’ is the difference operator of order d.

In the case of longitudinal data (i.e. repeated observations over time), we have several
curves y,(t)i=1,..., I observed at multiple occasions, sayt?=(¢,?,,...,t,). Multiple
regressions were used to model these curves and their association to factors (i.e. explanatory
variables). For example, suppose that P binary covariates (x,,,..., x,,) are associated with the
ith curve (the model can be extended to non-binary variables). Each curve was decomposed as
the sum of several curves: one reference curve f{f) that we named the “mean curve” and P

corrections curves g,(7) (p =1,..., P) (named “effect curves”) that summarise the effect of

each factor:
EY (¢t,) =/ =f(fn)+zbipgp(fn) : 4)

These curves can be modelled using B-splines (Hastie and Tibshirani, 1991).

As with spline smoothing, the evolution of the curvature of a B-spline fit is strongly
dependent on the number and the positions of the knots. Rather than optimising the number
and position of the knots (which is a difficult numerical problem), we used a relatively large
number of equidistant knots and avoided over-fitting by adding a difference penalty on the
coefficients of adjacent B-splines. This is the P-spline approach recommended by Eilers and

Marx (1996).

The full model for a B-splines basis {¢S ®):s=1...,8 }is, for curve y(?):

E(y) =)+ prgp ()= Zﬁoscﬁs (1) + Z(%Zﬂps(/ﬁs (t)j : )
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If Y is the matrix such that: Y, = y,(¢,), then Equation (5) can be written as:

E(Y)=XBD" (6)
where X is the matrix indicating presence or absence of factors of interest (p =1,..., P+1) for
each curve (i=1,...,[), ®is the matrix associated to the B-spline basis (such that
D =¢(t),s=1...,8;n=1,...,N), and B is the matrix of the B-spline coefficients (such
that B, =p,_ . k=1...,P+1;s=1,...,5). Subsequently, the notations of the above

problem were transformed to obtain an index notation, which conveys the same information
but is intended for mathematical convenience rather than machine calculation. We used the

vectorial form of this model with the vec(.) operator defined by:x = vec(X) such that

X =Xy (=l I j =10, )

For the above spline regression model, we have:

vee(E(Y)" )= vee((XBD")" )= vec(®B' X7 ) . 7

Henderson and Searle (1981) showed that
vee(®B' X" )= (X @ D)vec(B”) | )
where (X ® @)is the Kroenecker product of the matrices X and @ . Therefore, Equation (5)
can be rewritten as
E(y)=Xb ©)

with (X ® @) =)?andvec( T)=b.

If D is the difference matrix associated to the difference operator of order d such

2
that Zid“ (Ad p ps) =p ; D'Dp ,» then the estimates of the spline parameters will be obtained

by minimising:
- - P
(y=Xb)' (v~ Xb)+ > 4,B,D'Dp, (10)
p=0
. . th . .
where 4 is the penalty parameter associated to p™ curve. The penalty term in that penalised

likelihood can be rewritten asb” (Af &® DTD)b where A, = diag{ﬂo, Alseees /lp }‘
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Conditionally based on the penalty parameters, the following spline parameter estimators
were obtained:
h=(¥"X+A,®D'D)'X7y | (11)

and the fitted values:

~ A

5=Xb=X(X"X+A,®D'D] X" y=Hy . (12)

The model was presented in a least square setting to keep the explanation simple. Because of
its regression structure, it can be extended to a generalised additive model (Eilers and Marx,
1996). A more detailed discussion of functional ANOVA with P-spline is provided by Bugli
and Lambert (2004).

Application of functional ANOVA to discriminate PM and MM probes. As discussed

previously, the model in matrix notation is:
E(Y)=XBD" (13)
where X is the matrix indicating presence or absence of factors of interest(p =1,..., P) for

eachcurve(i=1,..., 1),

1 b, b, ... b,
X = 1 b, b.zz o by , (14)
1 b[l bIZ bIP
@ is the matrix of the B-spline basis:
¢1 (tl ) ¢2 (tl ) ¢S (tl )
q) — ¢1(t2) ¢2(t2) ¢S(t2) , (15)
¢1 (tN) ¢2 (tN) ¢S (tN)
and B is the matrix of the B-spline coefficients (Bugli and Lambert, 2004):
ﬂOl ﬂ02 ﬂOS
B: ﬂll ﬂlZ ﬂlS (16)
ﬂPl ﬂPZ ﬂPS
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In the following equations, we transformed the notations of the above problem to obtain an
index notation, which conveys the same information but is intended for human manipulation
rather than machine calculation. We used the vectorial form of this model with the vec(.)

operator defined by:x =vec(X)such thatx ., =X, (Bugli and Lambert, 2004). We

obtained:
Yl,l _yl(tl) ]
Yl,z ()
vee(V")=y=[%, |=|n) | - (17)
Y2,1 yZ(tl)
_YI,N i _yl(tN)_

In the application of nucleic acid duplex discrimination, we used the following model:

Suppose that there were 10 curves measured at 50 temperatures, in 2 groups: 5 are PM and 5

are MM

®® |vec(B") (18)

—_— = = = em OO O O O
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B ,B(PM)

om0 (19)

ScC oo oc o g8 B B O
g 8 8 B oo o o o

S

I
L

=Xb ,
where each block ®@ denotes the matrix of B-spline bases with (N=50 rows and S=20

columns), and thus:

¢1 (tl) ¢2 (tl) s ¢20 (tl)

— ¢1 (tZ) ¢2 (tZ) s ¢20 (tZ)

® (20)

¢1 (tSO) ¢2 (150) ce ¢20 (tSO)

(pm)’ (PM) (PM)
B— B _ B 20 . Q1)
IB(MM)T ﬂl(MM) . (MM)

20

and

Matlab interface. A user-friendly interface of the functional ANOVA calculator was made in
Matlab for automated statistical analysis of comparison of dissociation curves. In addition, the
software was compiled to compare initial signal intensities and T4 values. The calculator is

available at http://stahl.ce.washington.edu. It is an open-source. Users can view and alter the

algorithms and add or substitute modules to perform different functions. A stand-alone
executable version of the calculator was also created and is available at the same webpage. A
user manual is provided and gives additional information for installation, requirements for the

datasets, use, and performance of the calculator.

After loading the data, the functional ANOVA calculator computes and normalizes the
individual curves. If specified by the user, detection and removal of outlier curves can be
done. In this case, outliers are not included in the functional ANOVA model, calculation and

comparison of T4 values. Then, an average curve and confidence interval with an o value of
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0.05 are calculated for each group. The normality of initial signal intensities and T4 values are
tested. Signal intensities and Tq4 values are compared between groups using Wilcoxon and
Student’s #-tests with an a value of 0.05. Figures are automatically created at each step and
can be saved. A summary window shows the removed outliers (if specified) (Figure 1). The
summary also shows pair of groups with significantly different dissociation curves and
provides for these groups the area between the intervals of confidence of the pair of groups,
the range of temperature for which curves are significantly different, the maximum difference
in normalized signal intensities (MAXpcsp, where DCSD stands for “dissociation curves
significantly different”) between the lower limit of the interval of confidence of the upper
dissociation curve and the upper limit of the lower dissociation curve, and the temperature
corresponding to the MAXpcsp. The area, range of temperature and MAXpcsp values indicate
the extent of the discrimination between the 95% confidence intervals. The summary gives
values of the T4 for each individual curve, as well as the mean and standard deviation for each
group. Finally, the summary provides the results of the tests of normality, Wilcoxon and

Student’s #-tests for initial signal intensities and T4 values (Figure 1).
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-} window_result

Outliers detected:

Functional ANOVA

=101 ]

2 31415 28 27

GROLUP 1

values: 401465
average: 41 4354
=tel :1.7032

354313 43 966 43217

GROLP 2

valles: 351722
average: 37 8858
stol 11,255

35.8945 304975 353045

GROUP 3
values: 36 5647
average: 40,7396

otel 4 AOND

38038 417524 416838

Diagnostics:

Areq 31723 Range: 30.93 faccimurm: 02051

GROLP 2 and 3
Area 163 Range: 21 .93 faximurm: 015136

GROUP 3 and 1

Area; 1.0521 Range: 16.06 Macimurm: 01175

Student's t-tests (Ho: means are equal):

group 1 and 2 Ho rejected P=0.000
group 1 ahd 3 Ho not rejected P=0.4241
group 2 and 3 Ho rejected P=0.001
Initial signal intensity:

group 1 ahd 2: Ho rejected P=0.000
group 1 and 3 Ho rejected P=0.000
group 2 ahd 3: Ho not rejected  P=0187

428003 427297 40446 408162 41.3315 404659

34147 381845 39281 354632 35.2235 358423

416009 4120537 420038 420438 411497 41.5207

Tests of normality:

Trmax: 47.49 group 1: norrality
group 2 non normality
group 3 noh norenality
Tmax 4554
Initial =ignal intensity:
araup 1 norElity
group 2: notrality
group 3 normality

Tmax 5352

=
Wilcoxon tests {(Ho: means are equal):

P=0.000
P=0.791
P=0.011

group 1 and 2 Ho rejected
group 1 ahd 3 Ho not rejected
group 2 and 3 Ho rejected

Ihitizl signal intensity:

group 1 ahd 2 Ho rejected
group 1 and 3 Ho rejected
group 2 ahd 3 Ho not rejected

P=0.000
P=0.000
P=0.299

Cloze |

Figure 1. Screen snapshot of the output summary obtained using the functional ANOVA calculator

with data of in vitro transcribed 16S rRNA of contaminated soil hybridized to probes Eub338 (group
1), Eub338-gl1c (group 2) and Eub338-t7g (group 3).
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3.4. Results and discussion

There are several approaches to nonparametric modelling: serial-based smoothers including
wavelets (Tarter and Lock, 1993), kernel methods (Hérdle, 1990; Silverman, 1986) including
local regression (Fan and Gijbels, 1996; Wand and Jones, 1995), and splines methods
including smoothing splines (Eubank, 1988; Green and Silverman, 1994; Wahba, 1990),
regression splines (Friedman, 1991; Stone, et al., 1997), and B-splines (de Boor, 2001;
Dierckx, 1995). All these methods can be used efficiently, but the nature of the data is
important in the choice among them. There is a growing interest in modelling longitudinal
data with curves, in the style of ANOVA. Specifically, Ramsay and Silverman (1997)
discussed the use of functional ANOVA models, and their use in several applications was
recently presented (Brumback and Rice, 1998; Rice and Wu, 2001). The approach used in our
paper is based on functional ANOVA with P-splines. Although the smoothing parameter,
lambda, has drawbacks, the smoothness of the original data minimises the influence of

lambda.

During the testing of the functional ANOVA model, we found that the shape of some
individual dissociation curves was atypical. In other words, they presented a shape that
deviated from the general sigmoid shape of the majority of the curves. Three distinct
“classes” of outlier curves were identified in the dataset. The first class corresponded to
curves with signal intensities sharply decreasing at temperatures lower than 35°C (Figure 2A
and 2B). The shape of the second class of outliers was relatively linear instead of sigmoidal
(Figure 3A and 3B). The third class of outliers consisted of sigmoid-shaped curves with
unusual variation of the signal intensities at high temperatures (Figure 4A and 4B). The
observed outliers may result from different experimental artefacts such as movement of the
microarray during thermal dissociation analysis which results in an incorrect placement of the
grid used to determine signal intensities of each microarray element, sporadic occurence of
fluorescent particles, and formation of bubbles within the hybridization chamber at high

temperatures.
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Figure 2. Detection of outlier dissociation curves of the first class with in vitro transcribed 16S rRNA
of contaminated soil. Dissociation curves of probe Eub338, Eub338-gllc, and Eub338-t7g (A).
Normalized dissociation curves of probe Eub338, Eub338-gllc, and Eub338-t7g (B). Boxplot' of the
leave-one-out errors of normalized dissociation curves of probe Eub338, Eub338-gllc, and Eub338-
t7g (C). Normalized dissociation curves of probe Eub338, Eub338-gllc, and Eub338-t7g after

rejection of outliers (D). Outlier dissociation curves are indicated in blue.

' The upper edge of the box indicates the 75" percentile of the data set and the lower edge the 25™ percentile.
The median is shown by a line in the box. Vertical lines represent the maximum and minimum values, unless
outliers (shown by a + cross) are present in which case the lines extend to a maximum of 1.5 times the inter-

quartile range
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Figure 3. Detection of outlier dissociation curves of the second class with in vitro transcribed 16S
rRNA of uncontaminated soil. Dissociation curves of probe Lowgc353, Lowgce353-a6c, and
Lowgc353-c9g (A). Normalized dissociation curves of probe Lowgc353, Lowgc353-a6c, and
Lowgc353-c9g (B). Boxplot of the leave-one-out errors of normalized dissociation curves of probe
Lowgc353, Lowgc353-a6c, and Lowgc353-c9g (C). Normalized dissociation curves of probe
Lowgc353, Lowgce353-a6c, and Lowgc353-c9g after rejection of outliers (D). Outlier dissociation

curves are indicated in green.
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Figure 4. Detection of outlier dissociation curves of the third class with in vitro transcribed 16S rRNA
of uncontaminated soil. Dissociation curves of probe Nsel472, Nsel472-g7c, and Nsel472-c15g (A).
Normalized dissociation curves of probe Nsel472, Nsel472-g7c, and Nsel472-c15g (B). Boxplot of
the leave-one-out errors of normalized dissociation curves of probe Nsel472, Nsel472-g7c, and
Nseld472-c15g (C). Normalized dissociation curves of probe Nsel472, Nsel472-g7¢, and Nsel472-

cl5g after rejection of outliers (D). Outlier dissociation curves are indicated in red.

The outlier curves affected the functional ANOVA model and the interpretation of
dissociation curves. Figure 5A shows the average curves for each group obtained with the

functional ANOVA calculator from the individual curves of Figure 2B.
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Figure 5. Dissociation curves analysed with the functional ANOVA calculator. Average normalized
dissociation curves of probe Eub338 (blue line, n=12), Eub338-gl1c (green line, n=12), and Eub338-
t7g (red line, n=12) from hybridizations with in vitro transcribed 16S rRNA of contaminated soil (A).
Average normalized dissociation curves of probe Eub338 (blue line, n=10), Eub338-gllc (green line,
n=10), and Eub338-t7g (red line, n=10) from hybridizations with in vitro transcribed 16S rRNA of
contaminated soil after rejection of outliers (B). Confidence bands are indicated by non-continuous
lines. The dashed and solid arrows represent, respectively, the MAXpcsp of Eub338/Eub338-gl1c and
Eub338/Eub338-t7g probe sets.

Removal of the outliers generally resulted in an improvement of the quality of the average
curves, in terms of shape and confidence interval (i.e. smoothed curves with less variation
along the sigmoid shape and smaller confidence intervals); and, subsequently, rejection of

outliers provided a greater discrimination between average curves. Figure 5B shows the
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average curves for each group from the individual curves of Figure 2D, i.e. after rejection of
outlier curves. The outlier curves were detected with the functional ANOVA calculator using
leave-one-out error, as it shows extreme values for influential data. The “leave-one-out error”
is the error of the computed functional ANOVA model determined by successive single
exclusion of each observed curve. The error was calculated by summing for each point the
square difference between observed points and estimated points determined with the model. A
boxplot of the leave-one-out errors for each curve allowed the detection of extreme values of
the errors (Figure 2C, 3C, and 4C). Removal of the curves associated with these extreme
values resulted in the rejection of outliers (Figure 2D, 3D, and 4D). Of note, a minimum of 4
curves for each group is needed to detect potential outlier curves in appropriate way as with

less than 4 curves, a valid boxplot can not be drawn.

One hundred fifty-one individual curves from a total of 1548 were detected as outliers. Of
these 151 curves, 91 were of the first class, 24 of the second class and 36 of the third class.
The microarray elements producing these outliers were identified for each replicate
hybridization (Figure 6). Outliers of the second and third class appeared at different locations
on the microarray among the replicates. Most of the outliers of the first class were detected
with the first replicate hybridization carried out with the contaminated soil (Figure 6D). In
addition, these outliers were mainly located at the lower right region of the microarray.
Together, these findings may indicate that the microarray of this replicate effectively moved
during thermal dissociation in such way that it affected preferentially the curves collected at

the lower right region of the microarray.
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Figure 6. Images at 20°C of the microarray after hybridization with in vitro transcribed 16S rRNA of
soil samples. Uncontaminated soil sample, first replicate (A). Uncontaminated soil sample, second
replicate (B). Uncontaminated soil sample, third replicate (C). Contaminated soil sample, first
replicate (D). Contaminated soil sample, second replicate (E). Contaminated soil sample, third
replicate (F). Microarray elements with dissociation curves identified as outliers are indicated by
colored squares (blue: outliers of the first class; green: outliers of the second class; red: outliers of the

third class).
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Validation of the functional ANOVA calculator was realised with data from hybridizations of
nucleic acids from uncontaminated and 2,4,6-trinitrotoluene contaminated soil samples. The
functional ANOVA calculator revealed significant differences (Student’s #-tests) in initial
signal intensities for most of the probes between the two soil samples and between the PM-
MM probe sets (Eyers et al., manuscript submitted). For instance, a significant difference in
initial signal intensities of a contaminated soil sample hybridized to the PM probe Eub338 and
the MM probe Eub338-t7g was detected (Figure 7A). As previously mentioned, Hacia et al.
(1996) subtracted signal intensities of MM duplexes to PM duplexes to take into account the
presence of non-specific hybridizations to the PM probe. However, the sample used in this
study may contain PM and MM targets in unknown abundance. For this reason, the approach
used by Hacia ef al. is not suitable. To analyse the specificity of each probe, it was necessary
to compare the dissociation curves. Comparison of T4 values calculated from the dissociation
curves of probes Eub338 and Eub338-t7g hybridized to contaminated soil showed no
significant differences (Student’s ¢-test) between these probes (Figure 7B). However,
functional ANOVA effectively discriminated the dissociation curves for these probes. The
confidence bands of the dissociation curves of probe Eub338 and Eub338-t7g did not overlap
between 44 and 60°C (Figure 5B); and, thus, between this range of temperature, the curves
were significantly different. The T4 values were not significant because discrimination did not

occur until after 50% probe-target dissociation (Figure 5B).
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Figure 7. Comparison of hybridizations with in vitro transcribed 16s rRNA of the contaminated soil
sample. Boxplot of initial signal intensities of probe Eub338 and Eub338-t7g (A). Boxplot of Ty
values of probe Eub338 and Eub338-t7g (B).

Among the 126 comparisons made between groups (Eyers et al., manuscript submitted), 55
were significantly different (Student’s #-tests) with the T4 approach. An additional 31
comparisons were significantly different with the functional ANOVA approach. For these 31
comparisons, discrimination generally occurred at higher temperatures than the respective Ty
values. Therefore, functional ANOVA had a higher performance for detecting significantly
different curves than the T4 approach. Moreover, functional ANOVA offered the possibility to
determine the temperature at which discrimination between curves was maximal, as well as

the range of temperatures over which the curves were discriminated.
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3.5. Conclusions

In this paper, we demonstrated the application of functional ANOVA to discriminate among
dissociation curves of different probe-target nucleic acid duplexes. Functional ANOVA with
P-splines was shown to be a very useful tool to model curves. Indeed, the model was easily
and clearly stated. The model allowed a straightforward comparison of the shapes of the
curves, and influent outlier curves were easily detected and removed. It also had an increased
sensitivity to detect significantly different curves than other approaches based on comparisons
at a single temperature. Finally, the model was tested and validated with microarray data, but
it is also applicable to other molecular techniques that generate dissociation curves, such as

those derived from the melting of PCR amplicons.
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