Nucleic Acids Research, 2024, 52, 4818-4829
https://doi.org/10.1093/nar/gkae215
Advance access publication date: 10 April 2024

Computational Biology

VD

ANNIVERSARY

OXFORD

Definition of the binding specificity of the T7
bacteriophage primase by analysis of a protein binding
microarray using a thermodynamic model

Georg Lipps ©*

Institute of Chemistry and Bioanalytics, University of Applied Sciences Northwestern Switzerland, 4132 Muttenz, Switzerland
“To whom correspondence should be addressed. Tel: +41 612285452; Email: georg.lipps@fhnw.ch

Abstract

Protein binding microarrays (PBM), SELEX, RNAcompete and chromatin-immunoprecipitation have been intensively used to determine the speci-
ficity of nucleic acid binding proteins. While the specificity of proteins with pronounced sequence specificity is straightforward, the determination
of the sequence specificity of proteins of modest sequence specificity is more difficult. In this work, an explorative data analysis workflow for
nucleic acid binding data was developed that can be used by scientists that want to analyse their binding data. The workflow is based on a
regressor realized in scikit-learn, the major machine learning module for the scripting language Python. The regressor is built on a thermody-
namic model of nucleic acid binding and describes the sequence specificity with base- and position-specific energies. The regressor was used to
determine the binding specificity of the T7 primase. For this, we reanalysed the binding data of the T7 primase obtained with a custom PBM. The
binding specificity of the T7 primase agrees with the priming specificity (5’-GTC) and the template (5'-GGGTC) for the preferentially synthesized
tetraribonucleotide primer (5-pppACCC) but is more relaxed. The dominant contribution of two positions in the motif can be explained by the
involvement of the initiating and elongating nucleotides for template binding.
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Introduction

The regulation of transcription and translation is mainly re-
alized by proteins, which bind sequence-specifically to nucleic
acids. Some proteins have acquired exquisite specificity and
bind with high affinity to selected DNA or RNA sequences.
The systematic analysis of the specificities of transcription fac-
tors became possible with the development of PBM which
incorporated in ~42 000 double-stranded DNA probes the
occurrences of all possible 10mers (1,2). The transcription
factors are fluorescently labelled and incubated with the mi-
croarray, washed intensively, and the remaining fluorescence
signal of the spots is used as proxy for the binding of the
transcription factor to the probe sequence. The binding data
can then be analysed with algorithms that are based on mo-
tif enrichment or with thermodynamic models, as reviewed in
Weirauch et al. (3). Besides PBM, there are alternative experi-
mental strategies to investigate the specificity of DNA-binding

proteins with the most prominent being SELEX, RNAcompete
and Chromatin-Immunoprecipitation (4).

Different algorithms for defining the sequence specificity
have been developed. Some more advanced data analysis pro-
cedures incorporate additional properties for predicting the
protein binding to a DNA sequence, such as DNA shape (5,6)
and the effect of neighbouring bases within a motif and the
positional bias of PBMs (7,8). However, for most transcrip-
tion factors, the predictions improve not or only slightly with
these additional properties. Rather, the independent contri-
bution of each position in the motif remains to be the ma-
jor determinant of specificity of DNA binding proteins (9).
The independent contribution of each position of the mo-
tif reinforces that the prominent visualisation of the motif
as an information logo is appropriate, since logo presen-
tation cannot capture DNA shape or correlations between
positions.
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For RNA binding proteins, an alternative approach to sys-
tematically assess specificity has been developed (10,11). In
RNAcompete the GST-tagged RNA-binding proteins are in-
cubated with an excess of around 250 000 different single-
stranded RNA probes. The RNAs bound to the RNA-binding
protein are then separated from the RNA pool by a GST pull-
down. Next, the bound RNA is eluted, labelled and its identity
revealed by hybridisation with a microarray. Single-stranded
RNA can adopt different conformations and the binding of
the RNA is influenced by sequence and RNA structure. The
former can be quite easily investigated with the methods devel-
oped for PBM. In contrast, the physiologically relevant native
structure of the RNA might not form as the RNA probes are
quite short (30-40 nucleotides). More advanced algorithms,
e.g. BEAM, however predict RNA binding by taking account
the sequence and the structure of the RNA (12).

PBMs, SELEX and RNAcompete are successful for
analysing nucleic acid binding proteins with prominent speci-
ficities. In these cases, the protein will bind strongly to only
a minor subset of the probes. More difficult is the analysis
of proteins which have only a limited sequence specificity. In
these cases, the proteins will bind to many probes or may even
bind multiple times to a single probe.

Bacterial primases display a certain sequence specificity
(13). They usually only prime in the context of a short 3 bases
long motif. In general, the priming specificity of the primases
is not very well investigated. Nevertheless, priming specificity
is known for the best-investigated bacterial primases. For ex-
ample, the Escherichia coli primase primes at 5'-CTG (14), the
Staphylococcus primase prefers 5'-CTA (15) and the primase
from the Bacteriphage T7 starts primers at the motif 5'-GTC
(16). These trinucleotide recognition sequences are only partly
used as template. In case of the T7 primase the 3’ nucleotide
cytosine is cryptic and the primer synthesis starts at the central
base generating the initial dinucleotide primer pppAC. The
priming specificity of the primases might help to coordinate
the DNA synthesis at the lagging and leading strand of the
bacterial replisome. For the T7 replisome it could be demon-
strated by single-molecule studies that upon primer synthe-
sis at the lagging strand the DNA replication is paused at
the leading strand (17). In the context of the replisome, T7
preferentially synthesizes a tetraribonucleotide of pppACCC,
pppACCA and pppACAC. These short RNA primers are ef-
ficiently synthesized before being released and handed-off in
a time-limited step towards the T7 DNA polymerase which
then proceeds with DNA extension of the Okazaki fragment
(18).

In a recent work Soffer et al. investigated the primase se-
quence specificity of the bacteriophage T7 primase with a cus-
tom made PBM (19,20). The custom PBM had the known T7
priming site (5’-GTC) in the centre and was flanked by vari-
able sequences composed of 2-3 nucleotides. For the binding
experiment, a his-tagged T7 primase was incubated with the
PBM and excess protein was washed away. Next, the T7 pri-
mase binding was detected with a fluorescent antibody against
the his-tag. The median intensities of ~3000 single-stranded
DNA probes were normalized to a binding score (scale of 0 to
1). The obtained binding data was then analysed by machine
learning technique. The authors established a linear model
which used as features the k-mers counts of the probe se-
quences. The mean absolute error of the model was around
0.1 (~10% of the binding score range). This model, however,
did not allow to further describe the specificity of the T7 pri-
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mase in terms of a classical sequence motif. The specificity of
the primase is in fact ‘hidden’ in the k-mers coefficient of the
model. The result of this particular machine learning exercise
points towards a general problem in machine learning, which
is the lack of explainability and the high complexity of the
obtained models.

Given the robust body of evidence that DNA binding speci-
ficity can be determined using the classic approaches devel-
oped for the analysis of PBM, Selex and RNAcompete the data
of Soffer et al. was reanalyzed with a strictly thermodynamic
model of protein binding. For this means a regressor for motif
discovery was developed within the scikit-learn environment
and incorporated into a Jupyter notebook to allow for facile
and flexible explanatory analysis of nucleic acid binding data.

Materials and methods

The regressor

The regressor was realized as a scikit-learn regressor, which al-
lows to use the powerful framework of the scikit-learn module
for later analysis.

The regressor requires as input the probe sequences and the
associated binding data of each probe. In its current imple-
mentation, it is required that there is a linear relationship be-
tween the protein occupancy on the probe and the binding
data used as input for the regressor. This prerequisite shall be
met in a well-performed experiment with experimental condi-
tions avoiding probe saturation.

Beside the input data, the regressor requires as a parameter
the motif length. Depending on the motif length, a list of sub-
sequences with the same motif length are constructed from the
input probe sequence. The subsequences, which are the dis-
crete potential binding sites, are taken along the whole input
sequence and differ in the starting position by one nucleotide.

To predict the binding of a protein to a nucleic acid se-
quence, a thermodynamic model similar to the one developed
by Stormo (21) and later refined by Morozov (8) was used.
Briefly, the occupancy for each subsequence was calculated as
follows:

[protein]

Occupancysubsequence = [protein] +K
D

With [protein] the protein concentration during the incuba-
tion with the probes and Kp the dissociation constant between
the protein and the subsequence. In case the protein concen-
tration is assumed to be low compared to the dissociation con-
stant Kp the equation above can be simplified by omitting the
protein concentration in the denominator. This approxima-
tion was realised in MatrixReduce (22) but was not consider
here.

The dissociation constant itself can be calculated as follows:

KD = eAT(iO

With AGP the standard free energy of the binding (associ-
ation) reaction between protein and subsequence.

The Standard Gibbs energy of the association reaction can
now be expressed as the sum over all positions of the subse-
quence with each nucleotide having a distinct position depen-
dant free energy of binding:

AGO = Z

positions, nucleotides

Sposition, nucleotide AGpositiun, nucleotide
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AG position, nucleotide Fepresents the free energy matrix of the size
4*motif length and s giion, nucteoride €ncodes the subsequence.
While such an energy matrix is formally correct, it is not suit-
able for optimisation during motif finding since the binding
experiments only yield information about the specificity of
binding but not the affinity (that would require the absolute
occupancy of the probes, which is usually not known). There-
fore, the expression of AGY is reformulated as follows:

AGY = AG,

-

positions, nucleotides

) ) normalized
Sposition, nucleotide AAGmtcleotide, position

with the condition that

Z AA Gnormalized

nucleotide, position

=0 (forall positions)

nucleotides

The first summand, AG,, represents the unspecific affinity
of the protein to the nucleic acid sequence of subsequence
length, and the second summand describes the specificity of
the protein towards subsequences with different sequences.
This reformulation reduces the number of parameters to de-
scribe the specificity to three per position while AG expresses
solely the affinity. AGy can be estimated or fixed before opti-
mization.

In a final step, the occupancies of all subsequences of a sin-
gle probe are summed up to yield the occupancy on the probe:

OCC“PanCJ’pmbe = § occu pancysubsequence

subsequences

In a well-conducted binding experiment, the number of pro-
tein molecules per probe should be very low for most probes,
and in a few cases, it might reach 1-2. The described model
estimates the occupancy of each subsite independently and
therefore does not prohibit overlapping binding events of two
neighbouring sites, which is, however, structurally not possi-
ble. Under standard setting AGy is therefore set to avoid un-
physiological oversaturation of single probes. Alternatively,
the problem of calculating the correct occupancy in case of
overlapping binding sites can be explicitly modelled (8).

The regressor calculates for each input sequence the to-
tal occupancy according to the normalized energy matrix

AAGrommalized - The occupancies over all probes are
nucleotide, position

compared with the input binding data of all probes, and the
Pearson linear regression coefficient r is maximized by the re-
gressor during motif finding, finally yielding the energy ma-
trix that best describes the motif. The optimized energy matrix

normalized . . . .
AAGnmleotide, position 1S visualized as an energy logo and, via

the calculation of the frequency matrix, also as an information
logo.

The regressor takes as an additional parameter whether the
probes are single-stranded or double-stranded nucleic acids.
For double-stranded probes, the occupancy on both strands
is summed while disallowing an occupancy above 1 for each
subsequence.

In essence, the regressor is a linear model which internally
calculates the binding occupancy on the complete probe se-
quence by taking into account the agreement of the motif
(expressed as energy matrix) with all the subsequences of the
probe.

The previous analysis by the group of Prof. Akabayov also
employed a linear model but the inner workings of the lin-

Nucleic Acids Research, 2024, Vol. 52, No. 9

ear regression model are completely different. From each se-
quence the K-mer frequency was determined for a pre-chosen
K. For example, for K = 3 the frequency of each possible
trimer (43 = 64) in each probe sequence was calculated. This
preprocessing steps transforms the 36 nucleotides of the probe
sequence into 64 features which are the 64 trimer frequencies.
In a linear model, the target value (here the predicted binding
score) is calculated by summing over the product of weights
and features (=trimer frequencies).

predicted binding score = Zweight x features + intercept

The weights and the intercept are now varied to find a good
agreement between the predicted binding score and the actual
(measured) binding score. There are several metrices to judge
the agreement, in the cited work the mean absolute error (mae)
was taken. Another popular metric is the Pearson correlation
coefficient.

The linear model above can be solved but the high num-
ber of parameters (weights) will probably lead to overfitting.
Therefore, such a linear model shall be regularized, a tech-
nique where the magnitude of the weights is penalized. In their
work Lasso (least absolute shrinkage and selection operator)
also called L1 regularization was chosen. Here, the sum over
all absolute values of the weights is used as penalty. With L1
regularization most weights are zeroed out in the process of
regularization thus the linear model is simplified as the num-
ber of parameters is decreased. In addition, the authors inten-
tionally forced non-negative weights and used for their final
models only the 10 largest weights.

While this machine learning model is also able to predict the
binding score, the model itself does not have a direct physical
meaning which turns out to be problematic when the bind-
ing specificity incorporated in the model shall be understood.
Continuing with the example K = 3: In case the binding speci-
ficity would be the unambiguous dinucleotide motif 5'-GT we
would expect that the weights for trimers containing 5'-GT
are positive and the weights for trimers not containing this
dinucleotide would be zero or negative. For ambiguous mo-
tifs like 5'-G/A-T/C we would expect that all trimers con-
taining either 5'-GT, 5'-GC, 5’-AT and 5’ AC have positive
weights. As can be seen by these examples the decoding of
the weights (which may also contain the preference for cer-
tain dinucleotide or trinucleotides) to a sequence motif with
independent positions is possible but not straightforward.

The workflow

In the standard workflow realized within a Jupyter Notebook,
the input data is split into a training (80%) and test (20%)
datasets.

The input data typically amounts to several ten thousand
probes. To speed up the calculation of the motif, the train data
is further downsampled for initial calculations. Typically, the
probes with the 4% highest and the lowest 4% input binding
signal are taken and further down sampled to a maximum
of 1000 probes (Figure 1B). This subset contains sufficient
probes to find a motif present in the high-rank probes versus
the background probes devoid of this motif.

This subset is used to estimate the length of the motif.
To achieve this, a five cross-validation is performed on the
subset in a sensible range of motif lengths. The average re-
gression coefficient of the cross-validations of a given motif
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Figure 1. Explorative motif analysis with a Jupyter notebook. Depiction of the main steps of the workflow (see material and methods) for the
transcription factor PRDM11. (A) visualization of the composition of the probe sequences used for analysis; here the input sequences were padded with
five nucleotides of the constant probe part. (B) Intensity distribution of the probe subset consisting of 500 low-intensity probes and 500 high-intensity
probes. The red vertical line is the classification threshold calculated from the complete dataset as mean +4 standard deviations. (C/D) GridCV search to
find the motif length. The core motif length is chosen from the maximal of 7 /sgrt(motif length) visualized in (D), here 7. (E) Logo of the best model from
the GridCV search. (F) Repeated optimization with the core motif length; only top hits are shown. (G) Corresponding PCA of the energy matrix of the
found motifs. Red dots have the highest regression quality. (H) The best motif from list F is chosen as the starting condition for optimization using the
data from the complete train dataset. Shown are the logo and energy logo presentation of the obtained energy matrix. (I) Distribution of the binding
energies over all subsequences of motif length and all probes (histogram with fitted normal distribution) The vertical line is A Gy, the free energy of
unspecific binding. Only a few binding events have sufficient (negative) free energies to lead to measurable subsequence occupancy (blue line). (J)
Heatmap of binding data versus predicted probe occupancy. The large excess of low binding probes is visualized by colour (see the red dot close to the
origin) and the bordering histograms. The red line is the classification threshold. (K) Investigations of the bordering positions relative to the core motif
(H). Here, one position 5’ to the core motif was included in the next analysis. (L) Summary of the motif models analysed during the workflow. The first
line is a quick optimisation to test for data integrity. The workflow also provides additional figures to assess the classification performance (not shown).

G20z Aleniged /| UO Jesn UsHO YoUlolqig ‘ZISMYISISSMPION SINYISYOoUYoe AQ £6ZE9//8181/6/2G/R10IME/IBU/LO0D"ANO"0ILBPEOE//:SARY WO PEPEOIUMOQ



4822

length is then used to define the length of the core motif. Typ-
ically, the length of the core motif can be chosen as the opti-
mum from 72 divided by the square root of the motif length
(Figure 1C, D).

A typical problem in optimization, especially for functions
with many parameters is the lack of convergence to find the
global minimum. Therefore, the motif finding is repeated 20
times on the subset to sample the energy landscape better.
In the standard workflow, 20 local optimization are initiated
with a random start motif. The motifs detected by these repli-
cate optimizations are then compared with a 2D principal
component analysis (Figure 1G). Typically, in the PCA visu-
alisation, a cluster of motifs with high-ranking regression co-
efficients is found. In case the probes are double-stranded, it is
to be expected that two clusters form with motifs that are re-
verse complementary to each other. The presence of these two
corresponding clusters is an internal control for the validity of
the optimization.

Complementary to the PCA analysis, the 20 independently
found motifs with their corresponding energy matrix are then
used to calculate the regression coefficient on the full training
set and the test dataset (Figure 1F). The motif with the best
regression coefficient on the training set is then carried on for
the optimization.

The local optimization of the complete training dataset
is started with the best energy matrix previously detected
in the subset. The subset was balanced between low- and
high-binding probes. In contrast, the training dataset con-
tains much more low-binding probes. This leads to a readjust-
ment of the motif to avoid spurious binding to the very large
number of low-binding probes. Nevertheless, the strong sig-
nals of the motif present in the high binders of the subset are
maintained.

The optimized motif on the training set still has the length
found to be optimal during the initial analysis of the subset
with the enriched fraction of high-binding probes. With the
complete training dataset, the optimization is challenged with
a higher number of probes including an increased fraction of
background probes. Thus, it is highly probable that the re-
gression is improved when neighbouring positions to the core
motif are also considered since the higher motif lengths entail
a better discriminatory power of the motif.

Therefore, the next step in the workflow is to investigate
whether the extension on the 5’ or 3’ side of the core motif
by 1 to 3 positions improves the motif as assessed by the re-
gression coefficient (Figure 1K). For computational efficiency,
the energy matrix of the core motif is held constant, whereas
each neighbouring position is independently optimized start-
ing from a zero energy matrix. In the standard workflow, an
increase of the regression coefficient by 2% is deemed to in-
clude the respective position for further analysis. Based on this
decision, a new starting energy matrix is generated with the
core motif energy matrix and the singly optimized energy ma-
trices of the added neighbouring positions. This new extended
motif is then optimized with the training dataset.

In the next step, the motif is further extended by one bor-
dering position at both ends, but only if the information con-
tent of the respective current 5" and 3’ positions exceeds 0.25
bit. In a final optimization step, the obtained motif (includ-
ing the extended and bordering positions) is challenged. The
contribution of all positions in the motif is evaluated by set-
ting the respective energy matrix of this position to zero and
by determining the Pearson regression coefficient of the mod-
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ified energy matrix. Relevant positions show a clear decrease
in regression quality. In the current implementation, a change
of regression coefficient above —2% is deemed acceptable to
drop the respective position. Positions can only be dropped if
they are continuous positions at the border of the motif. A fi-
nal optimization is then carried out, starting with the energy
matrix devoid of the irrelevant bordering positions.

In the standard implementation the unspecific free energy of
binding AGj is estimated based on motif length and the typ-
ical energy values in the matrices of nucleic acid binding pro-
teins. If the reported occupancies of the optimization indicate
saturation of the PBM (many probes exceeding an occupancy
of 1) or very low occupancy in all probes, it is advisable to
adjust AGy. This can be done in two ways: by including AG
in the fit (targeting to a maximal user-defined occupancy, usu-
ally 1) or by finding an appropriate AGy by holding constant
the energy matrix while monitoring maximal occupancy and
the quality of linear regression. These analyses are reported
for the information of the user. In most cases, an adjustment
is not necessary.

Software and data used is available at https://github.com/
l-i-g/Motiffinder and  https://dx.doi.org/10.5281/zenodo.
10560171.

Results

In a first step, the scikit-learn regressor for motif identifica-
tion embedded in the Jupyter notebook was validated with
published PBM and RNAcompete datasets.

The majority of the PBM datasets analyse the specificity
of eukaryotic transcription factors and use double-stranded
DNA as probes (1). Four transcription factors were selected
from the DREAMS challenge (3). As can be seen in Table 1 the
Motiffinder regressor found the same motifs as BEEML-PBM
(23,24) at a comparable regression quality. Only for the tran-
scription factor Sox10 the regression quality was significantly
poorer, although the same motif was detected. A possible rea-
son could be the lower overall signal intensity of this particu-
lar dataset. Although the same protein microarrays were used
for the four transcription factors reported in Table 1, on the
SOX10 array only very few high-binding probes were detected
(Supplementary Figure S1). In addition, the workflow used
by Motiffinder does not filter and preprocess the fluorescence
data.

Next, RNAcompete datasets were selected to test the per-
formance of the Motiffinder on single-stranded nucleic acids.
The RNAcompete datasets were analysed by the original au-
thors (11,10,25) with the Seed-And-Wobble algorithms (2).
This algorithm is based on the overrepresentation of motifs
in the high-binding probe sequences. It is known that this al-
gorithm tends to construct a motif with a too high informa-
tion content (3). Indeed, the motifs obtained by Motiffinder
generally had a lower information content than the motifs
obtained by RNAcompete (Table 2). In particular, for the
proteins PTB1 (Polypyrimidine tract-binding protein 1) and
HNRNPA1 (Heterogeneous nuclear ribonucleoprotein A1)
the motif detected by the Motiffinder is only a dinucleotide.
Nevertheless, these low-information content motifs agree well
with the motifs found by the DeepBind algorithm. In all cases
the regression quality of Motiffinder was significantly bet-
ter than that of RNAcompete and approached in quality the
much more complex DeepBind algorithm (26).
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Table 1. Motifs detected by the Motiffinder on selected datasets of the Dream5 challenge

protein Reference Motiffinder
(Dreamb) (scikit-learn regressor)
motifseemL I BEEML | Ibest motif train lest
DREAM5

KIf9 0.608 |0.705 il 0.803 |0.818

[ Ruay
eolals ;;?QQ_IIQ_

Mix ! 0.706 |0.848 - 0.831 |0.817
o CAQ : XCAQQA G

Prdm11 | * 0.790 |0.893 - 0.830 |0.837
” Ic N -

Sox10 | ° 0.646 | 0.796 0.484 |0.487
| _achAr a<AAT

Shown are the logos obtained with BEEML-PBM along with the correlation coefficient obtained with BEEML-PBM and with the best-performing algorithm
of the respective transcription factor. The motifs detected by Motiffinder are very similar, and the Pearson correlation coefficients are comparable or better,

except in the case of Sox10.

Table 2. Motifs detected by the Motiffinder on selected RNAcompete datasets

protein reference Motiffinder
(RNAcompete) (scikit-learn regressor)
motif 'RNAcompete | lDeep- Motif Itrain ltest
Bind

A2BP1 0.290 0.461 0.431 | 0.439
U _NeAUG

PTBP1 llhl 0.183 0.586 0.553 | 0.567
I Q.

HNRNPA1 UA 0.285 0.694 0.557 |0.547

S B s o

RBM24 U 0.263 0.625 ) 0.526 |0.524

B, :'."i'{gug'fj

The logos (https://hugheslab.ccbr.utoronto.ca/supplementary-data/RNAcompete_eukarya/Experiment_reports/RNAcompete_report_index.html) as well as
the Pearson correlation coefficient obtained with RNAcompete and DeepBind are taken from the Supplementary Table S2 from Alipanahi et al. (26).

In summary, the comparison with known motifs confirmed
that the Motiffinder algorithm can detect motifs in binding
experiments with single- as well as double-stranded nucleic
acid sequences.

After having established that the Motiffinder regressor is
able to find motifs from binding data based on a biophysi-
cal model, the sequence specificity of the T7 primase was de-
termined by a reanalysis of the PBM experiments conducted

by group of Akabayov (19,20). Noteworthy, the elucidation
of the sequence-specific binding of a bacterial primase via a
PBM experiment is much more challenging than the identi-
fication of the sequence specificity of a typical transcription
factor: Firstly, the binding of the primase to the template is
weaker, and secondly, the specificity of the binding is much
less pronounced compared to transcription factors. Moreover,
in the present case the binding experiments was carried out in
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the presence of ribonucleotides. This will allow the primase
not only to bind to the template but also to move along the
single-stranded template during an eventual priming reaction.

In a PBM experiment, probes are immobilized on the mi-
croarray surface. Then the protein of interest is incubated with
the microarray slide. The protein will bind to the probes ac-
cording to its preference for certain sequences. In the case
of proteins that bind with low sequence specificity, binding
events will occur with the majority of the immobilized probes.
To be more specific, a protein with a sequence specificity of 4
bit (that is the unambiguous recognition of 2 bases) will bind
to a random nucleic acid sequence in average every 16 bases.
The probes of a standard PBM have a variable sequence of
35 nucleotides. Since typical PBM experiments only allows to
identify the probe, which is bound by the protein but not the
position where the protein binds, the uncovering of the se-
quence specificity of low-specificity binding proteins is more
difficult, especially in the presence of experimental noise.

It was therefore tested beforehand whether a known mo-
tif could be recovered from simulated binding data to which
noise was added to a varying degree. The analysis was based
on 3149 probe sequences of the T7 DNA binding data from
the group of Akabayov (20). 100 random motifs with a length
3 bases were generated with an information content between
~1 and ~35 bit. For each random motif, the occupancy on
the 3149 probes was calculated based on the thermodynamic
model. The unspecific binding energy AGy was adjusted so
that no oversaturation of the probes occurred, i.e. a maximal
occupancy of 1.2 proteins per probe was targeted.

The noise in the T7 primase dataset was estimated using
the replicate measurement of the probes (20). In the simula-
tion, we added a single noise term (‘weak’) or two or four
times of noise (‘medium’ and ‘strong’). The simulated binding
data (with and without added noise) from each random motif
then went through the Motiffinder algorithm to find the mo-
tif which best explained the simulated binding data. For each
random motif, 10 optimization trials were performed, and the
motif with the best regression coefficient between predicted
occupancy and simulated/noised occupancy was kept for fur-
ther analysis.

As expected, the addition of noise has a clear impact on
the regression coefficients obtained from the Motiffinder al-
gorithm (Figure 2A). In most cases with no noise added, the
algorithm found exactly the energy matrix of the random mo-
tif that was used to generate the binding data; therefore, the
regression coefficients were close to one. In a single case, a
regression coefficient of ~0.93 was detected. In this case the
detected motif was shifted by one position relative to the ran-
dom motif (see Figure 2B, red box). The addition of noise
progressively leads to a decrease in regression coefficients
(Figure 2A).

Interestingly, however, when the motifs found by the Mo-
tiffinder algorithm under the conditions of varying amounts
of noise are compared, it is found that the sequence logos are
nearly identical (Figure 2B). We quantified the motif resem-
blance by calculating the root over the sum of all squared dif-
ferences in the information contribution of each base and posi-
tion. With this metric, which reflects the visual resemblance of
information logos, we find that the addition of noise has only a
limited effect on the motif which is recaptured from the noised
data (Figure 2B). Thus, the simulation demonstrates that even
noised binding data is sufficient to recover the correct motifs,
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even if the motifs have a low information content between 1
and 5 bits.

After having verified that the probes of the custom-made
PBM allow for the detection of low-information motifs in
noised PBM data, the binding data was reanalysed with
the thermodynamic model incorporated in the Motiffinder
algorithm.

The T7 custom PBM array used by Soffer et al. has a cen-
tral 5’-GTC motif (the known priming site of the T7 primase)
flanked by variable sequences: 17 nucleotides on the 5 side
and 16 nucleotides on the 3’ side. The probes also consist of
24 nucleotides further on the 3’ side, which are invariant. The
constant sequence contains an additional 5’-GTC motif at its
border facing the variable sequences. The purpose of the con-
stant sequence is to link the variable part of the probe to the
surface. Nevertheless, it can be assumed that this part of the
probe is also accessible for protein binding. We therefore con-
ducted the analysis in two different settings. One with probe
sequences devoid of the 24 constant nucleotides (‘no padding’)
and one with adding 6 nucleotides of the constant sequence
(5’-GTCTTG, ‘padding’). The dataset contains the median of
replicate measurements from 3149 probe sequences, normal-
ized between 0 and 1, and square-rooted (20). The raw data
was therefore squared to approach a linear relationship be-
tween the measured fluorescence signal and the occupancy.

Compared to the standard workflow described above, the
Jupyter workflow was slightly adjusted for the T7 primase
binding data. Firstly, the thermodynamic model requires an
estimation of AGy. In case of the T7 primase PBM data, the
Motiffinder algorithm estimated a too strong unspecific affin-
ity of the T7 primase to the probes. This leads to an oversat-
uration (> 1 bound protein/probe) for a number of probes.
Probe oversaturation is not possible from a biochemical view-
point and therefore needs to be prevented by the algorithm.
We therefore included AGy in the optimization and penal-
ized the maximal occupancy over all probes deviating from
1. Secondly, as the number of probes is low, there is no need
to construct a subset of the training dataset for initial mo-
tif discovery. Instead, the complete dataset (3149 sequences)
was directly used. A 5-fold cross-validation was repeated 10
times varying the parameter motif-length. The training and
test scores run parallel indicating that the underlying mod-
els did not overfit (Figure 3C). Further, the motif length of
2 already achieved a good regression with a mean of ~0.65
which was only marginally improved up to a motif length
of 6 with a mean of ~0.68. The motif space was then ex-
tensively sampled with 200 local optimizations of the motif
length of 4 nucleotides and yielded roughly four clusters of
motifs in a 2D PCA (Figure 3D). In both settings, with and
without padding, the cluster with the highest regression co-
efficient was similar to the know 5'-GTC priming motif. The
motif with 4 positions had already a high regression quality,
however extending the motif by one position on the 5’ side
even improved the model further to » = 0.723 (Figure 3E and
Table 3). The final regression quality is in the range of the re-
gression quality obtained with the transcription factors. The
mean absolute error (mae) is close to the values found by Sof-
fer et al. (0.084-0.112) through a more difficult-to-rationalize
machine learning model (20). The identified motif in both
settings agrees well with the known priming specificity (5'-
GTC) reflecting a potential link between binding and priming
specificity.
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Figure 2. Quality of the motifs recovered with simulated and noised binding data. Probe occupancies were calculated for 100 random motifs (1-5 bit
information content), and noise was added to the binding data. (A) Plotted are the distributions of the Pearson regression coefficients between predicted
occupancy and the simulated and noised binding data for all 100 random motifs. The regression quality decreases with the amount of noise added.
However, the addition of noise only leads to a marginal change of the motif (A information) (B) Logo representations of the original random motif and the
recaptured motif calculated by the Motiffinder algorithm after the addition of noise. Shown are the last seven random motifs. In most cases, the motif
could be recovered very well. One example of a high information difference and poor regression quality is seen in the top row (boxed in red) between
the logo of the original motif and the logo obtained with simulated binding data and no noise added. In this case, the information difference was high (1.7
bit) since the motifs are shifted by one position. Most motifs are, however, very well recaptured.

Discussion

In this work, the reanalysis of the PBM binding data of the
T7 primase was used to develop a generic regressor which can
identify motifs from large scale binding data. The regressor re-
alised in the scikit-learn environment along with the Jupyter
notebooks allow a relatively easy, explorative, and flexible
analysis of nucleic acid binding data.

The prime intention of this work was however to elucidate
the binding specificity of the T7 primase. This primase is a
well-studied primase and can serve as a model to develop ex-
perimental approaches to uncover the binding specificity of
primases or more generally, of nucleic acids binding proteins
with low sequence specificity.

Concerning sequence specificity for primases, two differ-
ent levels of specificity should be distinguished: The primases
may bind preferentially to certain sequences (binding speci-

ficity), and they may initiate and complete primer synthesis
only at certain sites (priming specificity). The priming speci-
ficity of some bacterial primases is well investigated, and typ-
ically priming starts at a specific trinucleotide sequence in the
template (13). Possibly, the primase also binds preferentially at
these priming sites. However, it is more likely that the binding
specificity is more relaxed than the priming specificity. A suit-
able template sequence might be bound, but for dinucleotide
synthesis to occur, additional conditions might need to be met.
This could include correct positioning of the initiating and
elongating nucleotide, base pairing of both nucleotides with
the template, and additional interactions with the template.
In this context, it should be stressed that the primase is one of
the few enzymes where the interactions with three substrates
needs to be coordinated by the enzyme. The catalytic step
may only occur efficiently under optimal steric conditions of

G20z Aleniged /| UO Jesn UsHO YoUlolqig ‘ZISMYISISSMPION SINYISYOoUYoe AQ £6ZE9//8181/6/2G/R10IME/IBU/LO0D"ANO"0ILBPEOE//:SARY WO PEPEOIUMOQ



4826 Nucleic Acids Research, 2024, Vol. 52, No. 9

|. Properties of the PBM Dataset

- oo
0 -
-
- 500
200 -y
-
w0
2000
1300 g0
i
1000 200

[l. Motif Search

C D
1.0 4 o]
o]
20000 o g\o 0.70
o0
- 15000 -
Sope |=%£
[&]
10000 - * - 0.69
test = *
. . : r (o]
W2 % < 5 & o 50004 .
motif length g ° L 0.68
0 °, o ks
T-
~5000 8 %
8 G 0.67
Al
~10000 %
.cb
__%e
~15000 - o 0.66
~-20000 -10000 O 10000 20000 30000
. PCAl
[1l. Final Model
E F

2.0

}

classfication threshold

1 (bit)

0.8 1

o3
o

bound/probe

3
Y

0.2 4

—AAG (k)/mol)

Figure 3. Explorative motif analysis of the T7 primase dataset. (A) Visualization of the composition of the unpadded probe sequences used for analysis.
The custom-made PBM contained a central GTC motif in all probe sequences. (B) Histogram of the normalized binding scores. (C) Validation curve with
mean and standard deviation of Pearson r. Means and individual test and train scores were nearly identical in a 10-fold repeated 5-fold cross validation
with the motif length as parameter. (D) Motif finding was repeated 200 times and the obtained energy matrices were investigated via Principal
Component Analysis. Four clusters with a representative logo are indicated. The colour of the dots indicate the quality of the underlying regression
coefficient of the motif. PCA1 and PCA2 explained 62% and 17% of variance, respectively. (E) Logo and Energy logo of the final motif with five
positions. F: Heatmap and histograms of predicted probe occupancies (bound/probe) vs. normalized measured binding score (y). The regression
coefficient was 0.723.
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Table 3. Analysis of the T7 primase binding data
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The second variant (‘padding with 5-GTCTTG’) included the part of the constant region that contained a second 5'-GTC priming site of the T7 primase.
Both analyses yielded comparable results with a four to five nucleotide-long motif with two dominant positions. For both variants, the models were fitted to
maximize r and then refitted to minimize the mean absolute error (row: mae opt.).

the precatalytic complex. Studies of the bacterial RNA poly-
merase (which catalyses a similar reaction) have revealed that
the initiating nucleotide (which becomes the 5’ end of the tran-
script) stacks with a purine base in the template strand (27).
A similar stabilization of the precatalytic complex is seen in
archaeoeukaryotic primases. Here, pi-pi interactions between
the protein (a tyrosine side chain), both nucleotides, and an
adenine base in the template bind and orient the nucleotides
(28). Thus, in both examples, the contribution of the template
restricts productive priming beyond the binding specificity of
the protein alone.

The priming specificity of the T7 primase is usually being
described with the trinucleotide sequence 5’-GTC. The third
base is cryptic, meaning that the primer end pppApC base
pairs with the first two nucleotides of the priming site (5'-GT)
thus the cytosine itself is not a templated nucleotide. In the
context of the replisome the task of the T7 primase is the re-
peated synthesis of a short ribonucleotide primers on the lag-
ging strand which is later extended to the Okazaki fragments.
The T7 primase has a strong preference for CTP over the other
ribonucleotides for the extension reaction (29). At the moving
replication fork T7 primase synthesizes a four ribonucleotide
long primer which is then transferred to the T7 DNA poly-
merase for further elongation with dNTPs. The specificity for
the trinucleotide 5’-GTC together with the strong extension
preference towards CTP therefore leads to the effective prim-
ing specificity with 5-GGGTC being the best priming site fol-
lowed by 5-TGGTC and 5'-GTGTC (18,30).

The priming specificity can be rather easily determined as
it materialize in the primer product. The binding specificity,
however, is more difficult to measure as even short templates
present a high number of potential binding sites (subsequences
of the template DNA) of different sequences. These circum-
stances complicate a straightforward determination of the
binding specificity of proteins with only short motifs. Instead,
it is required to measure the affinities to a high number of
probe sequences and then to extract the model the binding
specificity as done by previous studies (19,20) and in this
work.

The group of Akabayov analysed the binding specificity
of the T7 primase with a custom-made protein binding mi-
croarray in two studies. In their first study, they observed that
the sequence context around the central 5'-GTC motif on the
probes of the PBM influences the binding strength (19). Se-
quence flanks with a T/G composition are bound better by
the primase than sequence flanks of A/G. The latter templates
also lead to longer primers with T7 primase alone but not with
the T7 holoenzyme composed of a primase and a helicase do-
main. In view of the results presented in this reanalysis the bet-
ter binding to the flanks of T/G composition can be explained
by the better agreement of 5'-GT dinucleotides with the iden-
tified motif 5’-purine-pyrimidine as opposed to the A/G flank
consisting only of purines. The better binding is caused by the
additional weak binding of the T7 primase to the flanks.

In the second study, the binding specificity was investigated
more closely with a dataset comprising 3149 probe sequences
(20). They tried different methods for feature extraction from
the probe sequences and different machine learning algo-
rithms to model the binding data from the PBM dataset. Their
final model used the K-mers frequency as features and LASSO
linear regression. The model was fivefold cross-validated and
achieved a regression quality between the mean absolute er-
ror of 0.171 (K = 1, equivalent to the nucleotide frequencies)
and 0.084 (K = 4, frequencies of tetramers). It should be noted
that this procedure can produce solutions which might present
different ‘motifs’ in the different folds of the cross-validation.
A Pearson regression coefficient was not reported, and the re-
gression between binding score and predicted binding score
was not plotted either.

Machine learning has its merits in being able to analyse
complex datasets, but it also has the disadvantage delivering
models that are poorly explainable. The low explainability is
caused by the complex structure of the models and their high
number of parameters. To avoid overfitting, the models there-
fore need to be carefully validated.

The complexity of the present dataset is not overly high,
and well-established procedures for analysing PBM dataset
have already been developed (3). The present reanalysis of
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the binding data with a strictly biophysical model achieved an
overall comparable regression quality and delivered an easily
understandable result, which is the base- and position-specific
energy matrix (Table 3). The energy matrix can be visualized
as energy or information logo and is immediately understand-
able to biochemists and molecular biologists.

The explorative data analysis using the Motiffinder regres-
sor also revealed that the motif length has only a limited im-
pact on the regression quality. A motif length of 2 already
achieves a Pearson r ~ 0.67 (Figure 3C) and longer motif
lengths only marginally improve the regression quality to
~ 0.72 (Table 3 and Figure 3C). The importance of two posi-
tions is clearly visible in the logos of the found motif.

The information content of the motif is rather low, with
only ~2.5 bits. Thus, a motif is present on average every 2>
(~6) nucleotides. In a recent characterisation of the priming
specificity of the archaeoeukaryotic primase from Nanoar-
chaeum equitans, the priming specificity was found to be ap-
proximately 3 bits and the binding specificity can be expected
to be even lower (31) underscoring the difficulties in determin-
ing the primase binding specificity in contrast to the priming
specificity.

The binding motifs of the T7 primase identified with the
Motiffinder agree with the known priming specificity. This
means that the weak preferential binding could support the
initiation of primer synthesis at the preferred priming site 5'-
GGGTC. There is no structural information on the precat-
alytic complex of template and nucleotides bound by a bac-
terial primase. The cryo-EM structures of the replisomes of
bacteriophage T4 and bacteriophage T7 show that the tem-
plate and primer/template is bound by the zinc-finger domain
(ZFD) and by the RNA polymerase domain (RPD) (32,33). In
both cases, the 5’ primer end is bound by the ZFD, while the 3’
end is closer to the active site of the RBD. However, since the
primers had a length of 5 and 6 nucleotides, respectively, the
conformation is different than can be expected for the precat-
alytic primase complex with only the elongating and initiating
nucleotide in place. Nevertheless, previous biochemical inves-
tigations confirmed that template and nucleotides are bound
cooperatively with involvement of both domains. Early stud-
ies already showed that the dissociation constant for the T7
primase towards template is in the micromolar range and that
the affinity towards the template increases in the presence of
nucleotides (16,34). As CTP is the preferred nucleotide in the
elongating nucleotide pocket of the primase (see above) it was
concluded that the CTP bound by the primase could help in se-
lecting the priming site (34). Moreover, the zinc finger domain
of the primase is responsible for specificity towards the cryp-
tic base cytosine in the priming site motif 5’-GTC (34). These
findings were later substantiated with surface plasmon reso-
nance experiments where 25 nucleotide long templates where
immobilized and the binding by the T7 primase was measured
(35). The binding of T7 primase increased greatly (Kp = 22
uM) when ATP and CTP, the two cognate nucleotides for the
5’-GTC priming site were present and the cryptic cytosine was
not omitted in the template sequence. Remarkably, the addi-
tion of only ATP or only CTP was not sufficient to increase
the binding of the template. These finding reinforce the view
that template binding involves both nucleotides and the zinc
finger which recognizes the cryptic cytosine.

The PBM experiments were conducted in the presence of
all four ribonucleotides. Consequently, the binding of probes
will be influenced by the binding of nucleotides in the initiat-
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ing and elongating nucleotide pocket located in the primase
active site. In this work, we detected a binding motif with two
dominant neighbouring positions. These two positions could
reflect the two distinct nucleotide binding pockets that bind
the initiating nucleotide and the elongating nucleotide. The
primase activity of the T7 primase suggest that CTP is pre-
ferred at the elongating site. The CTP could therefore base pair
with the guanosine in the motif. A similar mechanism could
apply for the initiating nucleotide. A preferential binding of
ATP by the primase would explain the central thymidine in
the dinucleotide motif. The motif detected by the Motiffinder
is however ambiguous. This could be explained by the limited
specificity for the CTP or the ATP at both nucleotide binding
pockets or that size complementary between the bound nu-
cleotide and the preferred template is already sufficient. In the
latter scenario the bound CTP would allow a purine base and
the bound ATP would allow a pyrimidine in the template.

In summary, the detected binding motif underpins that the
observed binding specificity of the T7 primase is best ex-
plained by a dominant contribution of the template interact-
ing with nucleotides bound in the active site of the T7 primase.
In contrast, the much higher primase site specificity is due to
additional steric and chemical constraints during dinucleotide
synthesis and further extension to the tetraribonucleotide.

Data availability

The data underlying this article are available in Zenodo, at
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that the PBM and RNAcompete datasets were generated
by others. The original data can be also found under:
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