











arises from mutations to the duplex region of the aptamer
rather than the core quadruplex. It is important to highlight
that some mutations here may be beneficial to surface analysis
and experimental conditions, but not necessarily increase
binding constant and inhibition rates. Binding constants
calculated from surface plasmon resonance experiments,
SPR, are evidence of this fact as both the mutated and original
aptamer (ThB) have Kp’s of 28 and 26 nM (data shown within
ESI+). A previous study which explored the sequence space of
immunoglobulin E aptamer using high density microarrays
also discovered improved aptamers by directed mutations
to a sequence derived from SELEX.?’ In this instance the
authors demonstrated that the effect was due to destabilization
of the stem region within the single loop aptamer. This
improved binding affinity was replicated ‘off-chip’ using
surface plasmon resonance indicating the validity of the chip
based approach.

The ability to measure and detect the interaction between
protein and aptamer sequence is strongly influenced by the
detection mechanism. The development of this technique to
allow the study of protein targets that are either novel or
poorly studied will rely on the ability to distinguish signal from
background noise. However the use of array based formats
offer an experimental technique capable of generating a wealth
of knowledge.

Combinatorial landscape

In order to probe any enhancement to binding that can arise
from changes in the loop sequences and lengths, all possible
combinations of sequences at loops L; and L; with lengths of
two and three bases were systematically screened on a 90 k chip.
These variants were derived from thrombin aptamer ThB
(GGGGAGTAGG(X, 3) GGTGTTGG(X, 3) GGGGCTCCCC
where X denotes the bases varied). 41000 pseudo-random
variants of the complementary ends and loop L, around the
central quadruplex structure XgGGTTX, 4/GGTTGGGGX
(where X denotes the bases varied) were also generated. Rather
than generating the ends completely randomly there was an
85% probability that each randomly generated base on the 5’
end was paired with a complementary base at the 3’ end; this is
because it has been previously shown that stability of duplex
strand aids quadruplex stability.” In addition loops L; and Ls
were simultaneously varied with 0.01% probability that each
loop was extended to a length of three and a 0.001% probability
that the each base varied from being a T.

Lengths of loops and complementary sections were observed
to have a relatively small effect on binding scores, as too did the
sequence composition of the complementary regions. The
sequences within each loop, however, showed huge variation
in scores (see Fig. 4), with the most important features being
prevalence of Gs within loop 1, the presence of “TA” within
loop 3, and a sequence with TAG within loop 2. It is impor-
tant to note that whilst we fix the initial repeat “Gs”, substitu-
tion of neighboring bases to guanine residues could cause a
shifting of the start point of the loop. The increase in Gs in
loop 1 may therefore correspond to a stabilization of the
quadruplex structure rather than their being present in the loop
region.

Structure—activity relationship model

Conventionally weight matrices derived from SELEX experi-
ments express the prevalence of bases at each position in terms
of information content. Using the array platform and obtain-
ing information on a wider range of binding sequences a
variety of statistical models can be derived from the data.
Linear regression models are limited in that they cannot detect
correlations between features within the dataset i.e. connecti-
vity between structural features within the TBAs. However
unlike many machine learning methods the output is easy to
visualize. A linear regression model was generated using the
Akaike criterion for model selection,? and the model was

Fig. 4 Relative scores of sequences that represent key aspects
detected within the model; solid vertical line i represents the average
score of known thrombin binders? with Kg’s 30, 42, and 126 nm;
vertical line ii, average scores for known thrombin binders with Ky’s
0.5,0.7,0.9 nm. Loop 1: a—dashed line, sequences that do not contain
a guanine residues; b—solid line represents sequences that contain at
least one G within loop 1. Sequence for loop 2 remains fixed. Loop 2:
a—dot-dashed line represents loop 2 sequence TAT; b—dashed line,
loop 2 sequence of TTG; c—solid line, loop 2 sequence CAG;
d—dot-dot-dashed line, loop 2 sequence TAG. Loops 1 and 3
remain fixed at TT. Loop 3: a—dashed line, loop 3 sequence GG;
b—dot-dashed line, loop 3 sequence AA; c—solid line, loop 3 sequence
TT; d—dot-dot-dashed line, loop 3 sequence TA. N.B. All permuta-
tions of loop sequences were analyzed; shown above is representative
subset of data (colour version available in ESI¥).
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tested using 10-fold cross validation producing a correlation
coefficient between observed and predicted scores of 0.71.

It is important to stress that this is a local sequence activity
model based around the central quadruplex structure. Predic-
tions from this model may be limited when applied to regions of
the sequence space that are well outside the original dataset.
While conventionally the thrombin aptamer is constructed
around two stacked guanine quartets, it is believed the stability
derived from m-orbital interactions from three stacked guanine
quartets is desirable in genomic DNA.* In fact the thrombin
aptamer would not be identified as being a quadruplex using the
conventional motif (G3+N; 7G3+ Ny 7G3+N; 7G3 ) used for
searching for putative structures.” Despite this, structural
studies of thrombin aptamer have provided insights into the
conformational flexibility of G-quadruplexes’ and serve as a
useful model system. Details of the statistical model built on the
data in this study are available from the ESI{ and raw data are
available from http://dbkgroup.org/direvol.htm.

Conclusions

We show that it is possible to perform on-chip analysis of
mutations to the complex three-dimensional thrombin
aptamers and derive a statistical model based on these results
with a high correlation between predicted and observed bind-
ing scores. Whilst the analysis has been performed on a chip,
the results reflect previous studies of solution-based assays
demonstrating the scope of this technique, with the attendant
advantages that arrays permit high-throughput and multi-
plexing. The chosen method of detection can however
limit the quality of the analysis for intermediate binders.
Post-hybridization labelling of the target with a streptavidin-
fluorophore has been shown to allow simple and ready detec-
tion of strong binders with scores and intensities greatly above
those of the background and of random sequences. This
technique however, requires additional washing of the chip
which tends to remove weak binders. Alternatively direct
labelling with CyS5 is less cumbersome and allows a more
detailed study of intermediate binders. Whilst having the
disadvantage that intensities from background and randomly
generated sequences can be similar to those of bound targets,
analyses indicate that this method is better for differential
inspection of mutated sequences.

While the linear regression model described in this paper is
able to predict binding affinity based on a feature set used to
describe each thrombin aptamer with relatively high accuracy
it is unable to detect relationships between features. There
exists a plethora of techniques which extend regression to non-
linear multivariate models, including neural networks which
are rapidly gaining popularity in DNA sequence analysis.>!
These techniques can detect complex relationships between
features, which is important when considering structural
features, however unlike conventional weight matrices and
the linear regression presented here the resultant models are
opaque and difficult for human beings to understand. QSAR
models for aptameric sequences present an interesting variant
in the world of DNA sequence analysis in that unlike the
recognition of transcription factor binding sites these are
artificial systems. There is no debate about the relationship

between in vitro and in vivo model performance, the accuracy
of the model given here should translate when performing
rational alternations of the sequence for modification of
performance.

The model derived in this study describes the interaction of
the protein thrombin with a series of sequences derived from
known thrombin aptamers. Central to these sequences is
the ability to form G-quadruplex structure. Discerning the
features which are critical to quadruplex formation and those
which are specific to protein binding is however not an easy
task. The DNA microarrays described in this study are
capable of being washed and reconstituted; potentially they
can be employed again to study the interaction profile of other
proteins that bind G-quadruplexes. Similarly two colour dye
assays can be employed to study the interaction of two
proteins with a single aptamer simultaneously.

As in a previous study on the sequence landscape of an
aptamer by randomly varying a sequence produced through
SELEX we have observed aptamers on a chip with increased
binding affinities.” The ability to survey the landscape system-
atically using aptamers of known sequence makes the ‘on-chip’
approach considerably more powerful than SELEX for study-
ing sequence specific protein binding profiles. The power of
SELEX is in contrast derived from the ability to saturate
the sequence landscape to produce high affinity aptamers.
The present findings may also indicate that it is best to
optimize aptamers derived from SELEX for use in array based
applications ‘on-chip’.
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