l@ © 2003 Nature Publishing Group http://www.nature.com/naturebiotechnology

LETTERS

nature
biotechnology

A model of molecular interactions on short

oligonucleotide microarrays

Li Zhang!, Michael F Miles? & Kenneth D Aldape®

High-density short oligonucleotide microarrays have become a
widely used tool for measuring gene expression on a large
scale!-2. However, details of the mechanism of binding on
microarrays remain unclear3. Short oligonucleotide probes
currently synthesized on microarrays are often ineffective as a
result of limited sequence specificity or low sensitivity. Here,
we describe a model of binding interactions on microarrays
that reveals how probe signals depend on probe sequences and
why certain probes are ineffective. The model indicates that
the amount of nonspecific binding can be estimated from a
simple rule. Using this model, we have developed an improved
measure of gene expression for use in data analysis.

A key issue in microarray technology using short oligonucleotide probes
(such as those produced by Affymetrix, Inc.) is how to select probe
sequences with high sensitivity and specificity. The current approach to
this problem is to use multiple probe pairs, referred as a ‘probe set’, to
target a single gene; one of each pair exactly matches a fragment of the
gene (PM probe) and the other contains a single mismatching
nucleotide in the center (MM probe). With 11-20 probe pairs in a probe
set, the existence of some low-sensitivity probes is tolerable; the MM
probes offer a measure of nonspecific binding to improve specificity*.

However, the potential for further improvement exists, as around
30% of the probe pairs consistently yield negative signals>, indicating
that the use of MM probes for assessment of nonspecific binding is
unreliable. Furthermore, the observed probe signals within a probe set
typically vary over 2 orders of magnitude’, suggesting that not all
probes have optimal sensitivity.

Choosing optimal probes has been difficult because of the present
poor understanding of how the sensitivity and specificity of a probe
depend upon its sequence. Although duplex formation in solution has
been extensively studied using a nearest-neighbor model®?, it has been
difficult to apply those results to microarrays. Binding interactions on
the microarrays seem to be complicated by many factors such as steric
hindrance on the microarray surface!?, probe-probe interaction!! and
RNA secondary structure formation®. Many recent studies have
focused on developing statistical methods>”>!21¢ or experimental cal-
ibration'”18 to refine microarray technology. In our present study, we
sought to develop a simple free energy model for the formation of
RNA-DNA duplexes on short oligonucleotide microarrays. Our

model is based on the nearest-neighbor model8, with two modifica-
tions: (i) we assign a different weight factor at each nucleotide position
on a probe to reflect the fact that different parts of the probe may con-
tribute differently to the stability of binding; and (ii) we take into
account two different modes of binding on the probes, gene-specific
binding (GSB) and nonspecific binding (NSB). We call this model the
positional-dependent-nearest-neighbor model (PDNN).

Here, GSB refers to the formation of DNA-RNA duplexes with
exact complementary sequences, whereas NSB refers to the formation
of duplexes with many mismatches between the probe and the
attached RNA molecule. The number of duplexes with few mis-
matches should be negligible because the probes are preselected to
avoid this type of binding*.

In addition, we make two assumptions: (i) at the completion of a
hybridization experiment, a thermodynamic equilibrium state is
reached between the RNA molecules bound to the microarray surface
and the RNA molecules in solution; and (ii) binding of various RNA
species is independent and noncompetitive.

The amount of signal expected to be observed for one probe is
decomposed into GSB and NSB modes, which are determined from
the level of gene expression and the binding affinities (see Methods for
details). The model involves a modest number of unknown parame-
ters: there are 16 stacking energy parameters and 24 weight factors for
GSB. The same number of parameters is used for NSB. In addition, N,
N*, and B (see Methods for definitions) are also unknowns. However,
there is little concern about over-parameterization because the num-
ber of probes on an array is on the order of 10°, far exceeding the num-
ber of parameters employed. In our experience, energy parameters
derived from microarray data of different RNA samples are nearly
identical (data not shown).

We fitted the observed microarray data with the model’s expected
signals to obtain the unknown energy parameters as well as the gene
expression levels. The good fit (Fig. 1) shows that the model has largely
captured the sequence dependence of probe binding affinity. This
result is somewhat surprising given the simplicity of the model. The
model may be further refined when other factors affecting hybridiza-
tion? are taken into account.

We tested the model with the same raw microarray data that were
used to validate the current commercial software (MAS5.0,
Aftymetrix, Inc.). The model-estimated concentrations correlated well
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g Figure 1 Model fitting and parameterization. (a) Model fitting. The y-axis represents probe signals on
- a log scale. Each stretch of 16 probes along the x-axis represents a probe set. The probe sets were
arbitrarily chosen. Typically, the minimized fitness value, F (see Equation (4) for definition), ranges
from 0.04 t0 0.11; In f,-/-and In /;; are well correlated (r > 0.9). Outliers are rare. Roughly 2% or fewer

of the probes have Iin /“,»/—In Ijj1> 30, where 02 = F. (b) Nearest-neighbor stacking energy. These

stacking energies correlated weakly (r = 0.6) with those found in aqueous solution® and are smaller in
magnitude. (c) Weight factors. These parameters were obtained by modeling PM and MM probe signals
separately. The parameters for PM and MM probes are the same except for the weight factors of GSB.
(d) Background and NSB baseline. The model estimated baseline of NSB and observed PM probe
signals (y-axis) are plotted on a natural logarithmic scale against the NSB energy E£*. The symbol *

indicates parameters for NSB throughout this report.

(average r = 0.988) with known concentrations of ‘spike-in’ genes
(Fig. 2a). We compared these results with those obtained with MAS5.0
and dChip’, a commonly used alternative to MAS5.0. All three meth-
ods yielded expression levels that correlated well with known concen-
trations (Fig. 2a—c). The contrast was in consistency: the variances
were systematically lower with the PDNN model (Fig. 2d-f). We
noticed that the apparent reduced variance with the PDNN model was
partly due to a reduction of the range of gene expression levels, which
does not represent a practical improvement by itself. On a log scale,
changes in expression obtained from MAS5.0 appear to be 1.24 times
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larger than those from the PDNN model
(compare Fig. 2a and b). However, the effect
of the reduced range of expression levels is
considered to be minor because for most of
the genes, the standard deviation of log-trans-
formed PDNN expression levels across repli-
cate samples is three times smaller than that
obtained from MAS5.0 (compare Fig. 2d and
e). Therefore, there seems be a clear advantage
to using PDNN model for error reduction.

The PDNN model appears to indicate
that the two ends of probes contribute less
to binding stability according to the weight
factors (Fig. 1b)—perhaps because the ends
of duplexes bound on the microarray sur-
face are fraying. This behavior was not
observed in duplexes in aqueous solution.
Interestingly, there is a dip in the GSB
weight factors of MM probes around the
mismatch position (Fig. 1b). Presumably,
the dip is caused by the mismatch, which
destabilizes the duplex structure. Given that
the mismatch is not prespecified in the
model, that fact that it can be ‘recovered’ by
the model is striking.

We also noted that stacking energies in the
PDNN model (Fig. 1c) might explain the pres-
ence of negative probe pair signals (PM — MM
< 0), which have remained a mystery because
the mismatch has been thought to always
lower the binding affinity. However, according
to the PDNN model, the mismatch represents
an energy cost for GSB but not for NSB. (The
stacking energies and weight factors for NSB
are the same for PM and MM probes.)
Because of the mismatch in the center base,
the NSB stacking energies relating to the mid-
dle three bases are different in a probe pair.
This energy difference becomes a determining
factor for In(PM/MM) values especially when
gene expression level is low. This energy differ-
ence is highly correlated with the averages of
In(PM/MM) values (r = 0.95) (Fig. 3).

To further validate our model, we analyzed
samples in which either GSB or NSB was pres-
ent, but not both. First, we observed that sam-
ples containing only a handful of genes, in
which cases the source of NSB were minimal,
produced virtually no negative PM — MM val-
ues (detailed data not shown). We then
hybridized two Drosophila melanogaster RNA

samples on two mouse arrays (MG_U74a), where little GSB was
expected to be present. We observed that even though the overall signal
intensity on these arrays was [20-fold less than that observed with
mouse RNA samples hybridized to the array, the relative values of
probe signals in a probe set remained about the same. Therefore,
In(PM/MM) values (Fig. 3, red line) were also similar. These results
support the model’s prediction that negative PM — MM values are
caused by differences in NSB stacking energies.

Quantification of NSB is critical for interpretation of microarray
data. For this task our model offers a simple rule: following Equation
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Figure 2 Accuracy test. Known concentrations
of 14 ‘spike-in’ genes are compared with those
obtained from (a) PDNN, (c) MAS5.0 and

(e) dChip. Each line represents a gene in 14
samples. The microarray raw data were obtained
from the ‘1532 series’ human data (see Methods
for URL). For genes other than the ‘spike-ins’,
standard deviations (s.d.) versus the averages of
the log-transformed expression levels are shown
in b, d and f as determined using PDNN, MAS5.0
and dChip’, respectively. Each of these figures

In(expression level)

contains 12,474 genes; top half shown in red.

Finally, the model provides a practical guide
for microarray design in terms of probe selec-
tion. A previous study!® of probe selection
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(1), N*/(1 + exp(E*)) is the expected amount of NSB for a probe. The
only parameter that needs to be estimated for a given sample is N*.
The absence of probe signals substantially below the NSB baseline for
any given level of E* indicates that the estimate of NSB is reasonable
(Fig. 1d).

A key advantage of the PDNN model is that it offers a means to
check data quality and appropriateness of probe design. Problematic
probe signals can be detected directly from the model fitting.
Detection of outliers is also possible with dChip’, but the program
requires multiple samples to determine statistical outliers and it can-
not identify probe signals that are consistently in error owing to array
design. The PDNN model does not have these limitations. Another
feature of the PDNN model is that determination of NSB and GSB
requires only PM probe signals. Therefore, the capacity of the array
can be doubled through replacement of MM probes with additional
PM probes.

Average In(expression level)

tion, simply using the parameters obtained
from solution studies would be inappropriate.
With our model, it is relatively straightforward
to select probes according to the following cri-
teria: (i) the chosen sequence should have a
unique relationship with a targeted gene; and
(ii) it should have a low E value and a high E*
value, so that the GSB signal is high while the
NSB signal is low. Further improvement may
also be achieved by taking into account alter-
native splicing sites and removing all MM
probes. We have noticed that the newer array
designs are better than their predecessors in terms of reduced NSB and
background noise (our unpublished observations). Given the short his-
tory of microarray technology, it is safe to predict that the technology
will become much more powerful in the near future as more is learned
about the physical mechanisms of microarrays.

METHODS
PDDN model. In the PDNN model, a probe’s signal is decomposed into three
components as follows:

I;= N/(1 + exp(Ej)) + N*/(1 + exp(E;*)) + B (1)

where fij is the expected signal of the ith probe in a probe set targeted to detect
gene j; the three terms on the right represent GSB, NSB and a uniform back-
ground (B), respectively. N; is the number of expressed mRNA molecules
from gene j and N* is the population of RNA molecules that contributes to
NSB. From this equation, Ej;is the free energy for formation of the specific

Figure 3 Evaluating probe pair signals with PDNN
model. Average In(PM/MM) values were obtained
from background-subtracted probe signals. Filled
black circles represent data from a human RNA
sample hybridized on HG-U94av2 array; Filled red
circle, data from a D. melanogaster RNA sample
hybridized on a mouse MG-U74a array. Standard
deviations of In(PM/MM) values are [10.5-0.7.
Open circles represent EX(PM) — EX(MM) as
determined using Equation (3) and the parameter
values shown in Figures 1b and c. Note that the
level of gene expression also affects In(PM/MM)

In(PM/MM)
<

—e— < In(PM/MM) >
—o— E*(PM) — E*(MM)
—a— < In(PM/MM) >fly

values; E*(PM) — EX(MM) is a good predictor of
In(PM/MM) value when expression level is low so
that the effects of GSB are negligible.
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RNA-DNA duplex with the targeted gene. By analogy, E;;* is the average free
energy for NSB, that is, formation of duplexes with many different genes.

Note that N; is assumed to have the same value within a probe set, while N*
and B are assumed to be constant throughout an array. Energy values in
Equation (1) are in units of kzT, where kg is the Boltzmann constant. Given
the sequence of a probe as (by, by, ..., bys), Ejj and E;* are calculated as
weighted sums of stacking energies:

Ejj=Za &by byyy) )

E* =Za* by, by,y) 3)
where @, and @ * are weight factors that depend on the position along the
probe from the 5’ end to the 3" end. The &(by, by, ;) term is the same as the
stacking energy used in the nearest-neighbor model®.

Best values for all the parameters involved in the model can be obtained by
minimizing the fitness function F to optimize the match between the
expected signal intensity values (T,-j) and the observed signal intensity values
(I) with

F=% (In[;-In [;)*/M (4)

where M is the total number of probes on an array.

Minimization of F was performed through a Monte Carlo simulation pro-
cedure. Initially, the stacking energies were set to be random between —1 and 1
while the weight factors were held constant to be 1. After F reached its mini-
mum, the weight factors were allowed to change along with stacking energies
to further minimize F.

Given the energy parameters, the gene expression level was calculated as
follows:

Nj=Z{[I; = B~ N*/(1 + exp(E*D VA Z[1/(1 + exp(Ej))/ A (5)
where Aij = ‘/[Iij (1+exp(E,-j))]. The summations include all probes in a probe
set except for probes that have I;-B- N*/(1 + exp(Eij*)) < 0 (that is, there is
no gene-specific signal) or have [In [; -In I; |> 30 (that is, an outlier), where
02 = F. The expression levels were scaled so that the average is 500 on an array.

URLs: A computer program, PerfectMatch, designed for data analysis using
the model is available online at http://bioinformatics.mdanderson.org.
Details of the ‘1532 series’ human microarray data are available at
http://www.affymetrix.com/analysis/download_center2.affx.
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ERRATA AND CORRIGENDA

Erratum: Development of potent monoclonal antibody auristatin conjugates
for cancer therapy

Svetlana O Doronina, Brian E Toki, Michael Y Torgov, Brian A Mendelsohn, Charles G Cerveny, Dana F Chace, Ron L DeBlanc,
R Patrick Gearing, Tim D Bovee, Clay B Siegall, Joseph A Francisco, Alan F Wahl, Damon L Meyer & Peter D Senter
Nat. Biotechnol. 21,778-784 (2003)

In the legend to Figure 4d on page 781, cIgG Ag~ should be cAC10 Ag™.

Corrigendum: A model of molecular interactions on short oligonucleotide

microarrays

Li Zhang, Michael F Miles & Kenneth D Aldape
Nat. Biotechnol. 21, 818-821 (2003)

In the legend to Figure 1 on page 819, text in parts b and ¢ was transposed. The legend should have read as follows:
(b) Weight factors. (c) Nearest-neighbor stacking energy. These stacking energies weakly correlated (r = 0.6) with that found in aqueous solu-
tion®, and are smaller in magnitude.

In the legend to Figure 2 on page 820, figure parts were referred to incorrectly. The legend should have read as follows:

Accuracy test. Known concentrations of 14 ‘spike-in’ genes are compared with those obtained from (a) PDNN, (b) MAS5.0 and (c¢) dChip. Each
line represents a gene in 14 samples. The microarray raw data were obtained from the ‘1532 series” human data (see Methods for URL). For genes
other than the ‘spike-ins’, standard deviations (s.d.) versus the averages of the log-transformed expression levels are shown in d, e and f as deter-
mined using PDNN, MAS5.0 and dChip”, respectively. Each of these figures contains 12,474 genes; top half shown in red.
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