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SUMMARY

In this study, we introduce TESA (weighted two-stage alignment), an innovative motif prediction tool that re-
fines the identification of DNA-binding protein motifs, essential for deciphering transcriptional regulatory
mechanisms. Unlike traditional algorithms that rely solely on sequence data, TESA integrates the high-reso-
lution chromatin immunoprecipitation (ChIP) signal, specifically from ChIP-exonuclease (ChIP-exo), by as-
signing weights to sequence positions, thereby enhancing motif discovery. TESA employs a nuanced
approach combining a binomial distribution model with a graph model, further supported by a ‘‘bookend’’
model, to improve the accuracy of predicting motifs of varying lengths. Our evaluation, utilizing an extensive
compilation of 90 prokaryotic ChIP-exo datasets from proChIPdb and 167 H. sapiens datasets, compared
TESA’s performance against seven established tools. The results indicate TESA’s improved precision inmotif
identification, suggesting its valuable contribution to the field of genomic research.

INTRODUCTION

Sequence-binding proteins, pivotal in orchestrating gene regula-
tion, engage specific DNA or RNA sequences, thereby exerting
a profound influence through transcriptionalmodulation, chromo-
somal structural dynamics, and epigenetic governance, encapsu-
lating entities like transcription factors (TFs), RNA-binding
proteins, and chromatin-associated proteins.1–9 Understanding
TF-binding patterns (motifs) elucidates key genomic regulatory
elements like enhancers and promoters, illuminating the intricate
interaction networks among TFs and proteins involved in
transcriptional regulation.10–12 In this work, we present TESA
(weighted two-stage alignment), an advanced motif discovery al-
gorithm (Figure 1), and, through a meticulous and comprehensive
evaluation using chromatin immunoprecipitation-exonuclease
(ChIP-exo) data,13 demonstrate its advantages over mainstream
algorithms.

In contrast to established motif discovery algorithms such
as BoBro,14 Homer,15 MEME,16 MFMD,17 PEnGmotif,18

STREME,9 and XXmotif,19 TESA distinctly leverages the
augmented resolution offered by ChIP-exo technology, a facet
that markedly enhances its motif discovery precision relative to
ChIP sequencing (ChIP-seq) methodologies.20 While TESA em-
ploys the two-stage alignment procedure characteristic of Bo-
Bro,14 it innovatively amplifies the identification of potential motif
instances by judiciously integrating positional sequencing
coverage into the weighting scheme during the alignment pro-
cess. This nuanced integration allows TESA to weight potential
motif instances, thereby refining alignment specificity and
improving the predictive accuracy of motif instances. In
contrast to TESA, the majority of existing algorithms deploy
methodologies that either hypothesize that TFs exhibit a prefer-
ential binding affinity toward peak centers, as exemplified by
MEME,16 or uniformly treat all segments with equal significance,

THEBIGGERPICTURE Due to the significant role of transcription factors (TFs) in gene regulation, decipher-
ing their binding patterns is key to understanding critical genomic regulatory elements. The ChIP-exonu-
clease (ChIP-exo) technology, known for its higher resolution and reduced noise, has advanced research
in this area. This paper introduces an advanced motif discovery algorithm that leverages the refined reso-
lution of ChIP-exo by integrating a positional weighting scheme and a ‘‘bookend’’ model. Its adaptability for
future comprehensive studies that integrate TF binding with gene expression analysis makes the algorithm
a promising tool for deducing gene regulatory networks.
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Figure 1. Overview of the TESA motif detection framework
(A) Sequences undergo a two-stage alignment. During this process, segments from distinct sequences are compared, with their statistical significance being

evaluated through a binomial distribution. Subsequent log normalization then assigns a combined weight for each sequence position.

(B) The top-scoring positions from the two-stage alignment are chosen as vertices to construct a graph, incorporating both input sequences as well as their

reverse complements.

(C) Within the constructed graph, cliques are detected utilizing a heuristic algorithm. These cliques serve as potential motifs.

(D) A specialized ‘‘bookend’’ method is deployed to optimize the length of the motifs. This optimization assesses the sequential overlaps between pairs of

potential motifs. Once assembled using the bookend method, all motif instances act as a seed for the ensuing step.

(E) Concluding the process, motif instances undergo expansion by selecting segments with elevated motif match scores. Based on these instances, the motif

position weight matrix (PWM) is structured.
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as demonstrated by algorithms like BoBro,14 XXmotif,19 and
STREME,9 among others.
TESA refines motif widths utilizing a unique ‘‘bookend’’ model,

underpinned by a binomial distribution test, starkly contrasting
approaches such as those adopted by BoBro,14 Homer,15

MEME,16 and STREME,9 which methodically explore all motif
widths within a range predetermined by the user. XXmotif fine-
tunes motif widths through an iterative process, which encom-
passes extension or reduction of up to two positions at both
ends, subsequently evaluating the refined motifs utilizing
E-values.19 However, the strategy of bidirectional extension
hinges upon the statistical derivation of E-values, potentially
subverting biological relevance and generating a surfeit of
redundant motifs. In contrast, TESA implements a bookend
model, rigorously examining the sequential proximity of sites be-
tween each pair of potential motifs, thereby offering a thorough
and direct assessment of their coincident co-occurrence. Based
on the statistical significance of the co-occurrence, TESA elects
to merge two potential motifs to form a longer one or to treat
them as distinct entities.
Through the integration of a positional weighting scheme and

a bookend model, TESA facilitates robust and precise motif dis-
covery, capitalizing on the unique benefits offered by ChIP-exo
over ChIP-seq.13 TESA allocates weights to sequence positions
in accordance with the positional sequencing coverage inherent
to ChIP-exo, thereby delineating precise binding affinities. Given
the ability of ChIP-exo to pinpoint narrower enriched regions, the
bookendmodel adeptly discerns subtle variations and positional
nuances in TF binding that might be obscured within the broader
peaks typical of ChIP-seq. Furthermore, the accurate localiza-
tion of TF-DNA interaction sites by ChIP-exo mitigates back-
ground noise, attenuating the influence of spurious or non-spe-
cific binding events during the implementation of the bookend
model. Crucially, ChIP-exo’s precision enables TESA to
distinctly assess closely located or overlapping binding occur-
rences. In essence, TESA exploits the high resolution, dimin-
ished noise, and precise localization of ChIP-exo data to
augment motif discovery.
In the following sections of this article, we delve into the intri-

cacies of the TESA algorithm and showcase experimental results
that benchmark its performance against seven prevalent motif
discovery algorithms. Our experimental comparisons span motif
discovery across ChIP-exo datasets from both prokaryotic and
eukaryotic organisms. In each instance, we evaluate perfor-
mance by discerning ChIP-exo peaks (positive sequences) and
DNA sequences (negative sequences), the latter being randomly
selected from entire genomes. Moreover, we validate the motifs
predicted by employing Tomtom21 to gauge their similarity to
motifs documented in collectTF (for prokaryotes)22 and
HOCOMOCO v.11 (for eukaryotes),23 respectively.

RESULTS

TESA excels in distinguishing TF-binding sequences
The efficacy of a motif discovery algorithm, when deployed on a
TF ChIP-exo dataset, hinges on its proficiency in discriminating
between DNA sequences that are bound by the ChIP-enriched
TF and those that are not. The precision of these algorithms is as-
sessed through a comparative analysis of their binary classifica-

tion performance between these two distinct categories of DNA
sequences. This evaluation employs themetric of partial area un-
der the receiver operating characteristic curve (pAUC),24 with an
emphasis on both specificity and sensitivity. The assessment
parameters are set to measure the true positive rate and false
positive rate within the intervals of ð0:8;1:0Þ and ð0:0; 0:2Þ,
respectively, thereby focusing on the algorithm’s performance
in critical regions of the classification threshold. Each algorithm
is executed under its standard configuration. Specifically, for al-
gorithms that establish a background model based on their input
sequences—namely, Homer, PEnGmotif, and STREME—we
ensure methodological consistency by mandating the selection
of an equivalent number of randomly chosen DNA sequences
that mirror the lengths of the input sequences. Implementation
parameters for all benchmarked algorithms are detailed in the
Note S1.
Figures 2A and 2B demonstrate that TESA-cov, TESA with

sequence coverage integration, achieves pAUC valuesmatching
or surpassing those of competing algorithms in our study, which
analyzed 90 proChIPdb datasets of 85 TFs. TESA-cov show-
cases notable median pAUCs of 0.97 for sensitivity (pAUC
[sensitivity]) and 0.94 for specificity (pAUC [specificity]), as high-
lighted in Figures 2A and 2B. TESA’s variant that processes only
DNA sequences, termed TESA-basic, along with BoBro and
MFMD,mirrors TESA-cov’s performance, each registering ame-
dian pAUC (sensitivity) of 0.97 and amedian pAUC (specificity) of
0.94. Meanwhile, other algorithms in our assessment, including
XXmotif, MEME, and Homer, manifest a significant decline in
both pAUC metrics, falling below 0.80. Notably, XXmotif’s
pAUC (specificity) is particularly diminished, scoring less
than 0.60.
In the analysis of the 167 H. sapiens datasets of 67 TFs,

as shown in Figures 2C and 2D, TESA-cov and TESA-basic
consistently outperformed other evaluated methodologies.
Specifically, TESA-cov registers a slight enhancement in
pAUC (sensitivity), achieving a median value of 0.82, compared
to TESA-basic’s median of 0.81. BoBro’s performance on
these datasets lags, particularly when assessed by pAUC (sensi-
tivity). This underperformance is evident when contrasted
with other methods such as MEME, STREME, PEnGmotif, and
Homer, as demonstrated in Figure 2C. However, in terms
of pAUC (specificity), BoBro remains competitive, showing
only a modest deviation from the values achieved by TESA-
cov and TESA-basic. Distinctly different from its performance
on proChIPdb datasets, XXmotif and MFMD trail the pack,
with both pAUC (sensitivity) and pAUC (specificity) falling below
0.60.

TESA accurately recovers motif PWMs
The precision of motif discovery algorithms is assessed by quan-
tifying the similarity between each discovered motif’s position
weight matrix (PWM) and the known motif corresponding to
the ChIP-enriched TF. This quantification is executed utilizing
the Tomtom motif comparison tool21 against collectTF and
HOCOMOCO v.11, respectively. Throughout the experiments
conducted for this study, Tomtom is operated via its default
command-line parameters. To ensure that elevated scores are
indicative of more accurate motifs, we adopt the negative
base-10 logarithm of the Tomtom p value, derived from the
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similarity assessment between the identified motif and the refer-
ence motif, as our definitive motif similarity score.

In the assessment of the ability of TESA, alongside other par-
allel algorithms, to faithfully reconstruct PWMs for proChIPdb
datasets, Figure 3A reveals that the PWMs discerned by both
TESA-cov and TESA-basic typically demonstrate heightened
congruence with the curated benchmark standards. This is in
comparison to PWMs identified by other algorithms examined
in this study. Specifically, TESA-cov and TESA-basic manifest
median motif similarity scores of 16.61 and 15.47, respectively.
Additionally, we examine the ranks of motifs identified that align
with the motifs of ChIP-enriched TFs that lead to the most statis-
tically significant p values. In this context, TESA-cov and TESA-
basic consistently register superior average ranks of 5.25 and
4.875, outpacing the majority of alternative methods, including
Homer (10.90), MEME (8.00), PEnGmotif (15.68), and XXmotif
(61.23). It is noteworthy that while BoBro and STREME achieve
commendable average ranks, at 3.40 and 1.82, respectively,
the motifs they identify exhibit diminished motif similarity scores.
RegardingMFMD, given its propensity to yield either nomotifs or
a singular motif per dataset, it is excluded from our comparative
analysis.

Utilizing a methodological approach analogous to that em-
ployed for the proChIPdb datasets, the 167 H. sapiens datasets
were subjected to a comparable evaluation, as depicted in Fig-
ure 3B. Both TESA-cov and TESA-basic emerge with superior
motif similarity scores, registering median values of 9.49 and
9.33, respectively, surpassing other methods. Notably, in
contrast to the observations from proChIPdb datasets, none of
the motifs identified by STREME, MFMD, and PEnGmotif align
with the motifs of ChIP-enriched TFs. Furthermore, for motifs
congruent with those of the ChIP-enriched TFs, those discerned
by TESA-cov, TESA-basic, and BoBro exhibit marginally supe-
rior average ranks, registering at 6.29, 5.57, and 5.0, respec-
tively. In comparison, MEME, Homer, and XXmotif attain average
ranks of 6.42, 6.71, and 52.07, respectively. Note S2 shows
sequence logos for the best TESA-cov motifs, and their Tomtom
p values, aligned to the logo of the reference motifs.

DISCUSSION

This study’s primary contributions are 2-fold: first, the introduc-
tion of the innovative TESA algorithm, and second, a thorough
and systematic performance assessment of TESA in conjunction
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Figure 2. Comparative assessment of sequence bi-classification for TESA versus existing methods
(A) pAUC (sensitivity) performance across proChIPdb datasets.

(B) pAUC (specificity) metrics for the same proChIPdb datasets.

(C) Comparison of pAUC (sensitivity) on H. sapiens datasets.

(D) Corresponding pAUC (specificity) evaluations for the H. sapiens datasets.
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with seven other established motif discovery algorithms. The al-
gorithms selected for this comparative analysis represent the
most prevalently employed tools in the realm of ChIP-seq/-exo
motif analysis, encompassing BoBro,14 Homer,15 MFMD,17

MEME,16 PEnGmotif,18 STREME,9 and XXmotif.19 Our evaluative
methodology is distinctive in its construction of datasets, which
comprise ChIP-exo narrow peaks (classified as positive se-
quences) and sequences arbitrarily chosen from genomes (clas-
sified as negative sequences). This approach facilitates an
astute evaluation of sequence bi-classification performance.
An ancillary yet significant contribution of this research is the
introduction of the bookend model within TESA, which presents
a methodological innovation in the precise determination of
motif widths. This model circumvents the need for the labor-
intensive and computationally demanding process of exhaus-
tively enumerating varying widths, thereby enhancing efficiency
and practicality in motif discovery endeavors.

EXPERIMENTAL PROCEDURES

Resource availability
Lead contact

The lead contact for questions about this paper is Bingqiang Liu, who can be

reached at bingqiang@sdu.edu.cn.

Materials availability

No unique materials were generated from this study.

Data and code availability

The datasets referenced in this study’s experimental procedures are publicly

accessible,25,26 ensuring transparency and reproducibility in our research.

No new data were generated in this work.

The source code for TESA, accompanied by an extensive tutorial, is acces-

sible via the following GitHub repository (https://github.com/OSU-BMBL/tesa)

and Zenodo (https://doi.org/10.5281/zenodo.8056408).27

Additional data analysis details used in this paper are available upon request

from the lead contact, ensuring comprehensive data transparency and facili-

tating further research exploration.

Methodology
Data acquisition

To assess the performance of motif discovery algorithms utilizing ChIP-exo

data, we identified 90 (all available) and 167 TF ChIP-exo experiments in pro-

karyotes (sourced from proChIPdb25) and H. sapiens (derived from GEO:

GSE152144 26), respectively. Comprehensive details regarding the prepro-

cessing of ChIP-exo datasets and the generation of negative sequences for

each dataset can be found in Note S3.

Data preparation
First, an input sequence dataset is meticulously prepared, which encom-

passes a reference genome file (in FASTA format), a narrow peak file (in BED

format), and one or multiple sequencing coverage file(s) (in BigWig format).

Subsequently, the narrow peaks, initially represented in BED format, are con-

verted into FASTA format, employing BEDTools as a facilitative utility.28

Following this transformation, sequencing coverages are assigned to each po-

sition within the narrow peaks. Ultimately, the sequencing coverage of each

position (xi ; i = 1;.; n) is normalized as per Equation 1, ensuring that the

sequencing coverages across diverse narrow peaks are bounded within

the ½0;1$ interval. The narrow peaks, formatted in FASTA, in conjunction with

the normalized sequencing coverages, are coalesced into a singular file, herein

referred to as the TESA format, which subsequently serves as the input for

TESA. In instances where users abstain from providing sequencing coverage

file(s), TESA defaults to accepting the FASTA file as input. Exhaustive informa-

tion pertaining to the methodologies employed for data preparation is elabo-

rately delineated in Note S4.

xi =
logð1+xiÞ

max
i = 1;2;.;n

ðlogð1+xiÞÞ
; i = 1;/; n: Equation 1

Step 1: Two-stage alignment
Without loss of generality, it is assumed that the input consists of m se-

quences, each of equal length n, with each position assigned a normalized

sequencing coverage (Figure 1A). Subsequently, TESA constructs a matrix

Mh of dimensions 2m3 n. The rows ofMh represent both the input sequences

(odd rows) and their reverse complementary sequences (even rows), while col-

umns indicate the starting positions of segments of length l on sequences. The

entries of the matrix convey the normalized sequencing coverages.

TESA scores sequence positions through the development of a weighted,

enhanced version of BoBro’s two-stage alignment procedure.14 In the initial

alignment round, TESA allocates weights to each pair of segments, each of

length l ðl = 14 as default), between disparate sequences, predicated upon

both string similarity and sequencing coverage. For segments sij from

sequence si and spq from sequence sp, which exhibit k identical positions,

TESA employs the binomial distribution, as articulated in Equation 2, to eval-

uate the statistical significance of their string similarity,

fðsij ; spqÞ = % lg

 
Xl

k

Bðl; k; 0:25Þ

!

: Equation 2
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Figure 3. Comparative analysis of motif similarity scores between detected and reference motifs
(A) Assessment of motif similarity scores within proChIPdb datasets.

(B) Examination of motif similarity scores within H. sapiens datasets.
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TESA computes theweight of the segment pair, sij and spq, by integrating the

sequencing coverage of both segments, defined as

f 0ðsij ; spqÞ = fðsij ; spqÞ3
!
Mh

ij +Mh
pq

"
: Equation 3

TESA constructs a matrix M1 to delineate the weight of segments, utilizing

metrics f and f 0 as follows. Initialized with zeros, M1 is subsequently updated

through exhaustive comparison of sequence pairs. Specifically, for each pair

of sequences, si and sp, increments of one are applied to M1
ij and M1

pq if

fðsij ; spqÞ exceeds a defined threshold (3 as default) or f 0ðsij ; spqÞ ranks within

the top a (defaulted to 5) across all the l-segment alignments. Detailed insights

into the two-stage alignment utilized in this study are comprehensively pre-

sented within the Note S5.

Should sij and spq represent authenticmotif instances, the apex value across

all l-segment alignments between si and sp is likely observed at proximal seg-

ments of sij and spq, respectively, within two base pairs.14 Hence, to incorpo-

rate such observation, TESA recomputes f 0ðsij ; spqÞ utilizingM1. This is formal-

ized as

f 0ðsij ; spqÞ = fðsij ; spqÞ3 max
j% 2% j0 % j+2

q% 2%q0 %q+2

!
M1

ij0 +M1
pq0

"
:

Equation 4

Using the same approach as the derivation of M1, TESA constructs M2

based on the values of f and f 0. Following this, bothMh andM2 are normalized

by dividing each row by its maximum value. Subsequently, TESA refinesM2 by

adding the corresponding values from Mh to M2. The updated M2 matrix then

serves as the input for step 2.

Step 2: Graph construction
TESA commences by initializing an empty graph, denoted asG. Subsequently,

for each l-segment pair sij and spq, the function f 0ðsij ; spqÞ is computed based

on M2 as

f 0ðsij ; spqÞ = fðsij ; spqÞ3
!
M2

ij +M2
pq

"
: Equation 5

If f 0ðsij ; spqÞ ranks among the top b (where the default b = 3) for all l-seg-

ments pairs between sequences si and sp, then sij and spq are added to G

as vertices and are interconnected by an edge. Analogous to the approach

adopted by BoBro,14 the two-stage alignment in step 1 augments the

signal-to-noise ratio of the resultant graph G (Figure 1B). Subsequently, this

graph G is utilized as the input for step 3.

Step 3: Clique detection
TESA identifies all disjoint maximal cliques in G, denoted as potential mo-

tifs, employing the methodology consistent with BoBro (Figure 1C).14

Should the user specify a range for the variable l, TESA iteratively executes

steps 1–3, facilitating the recognition of potential motifs with varying

lengths.14 The identified potential motifs subsequently serve as the input

for step 4.

Step 4: Optimization of motif width using the bookend model
For each pair of potential motifs ci and cj, encompassing ni and nj in-

stances, respectively, TESA computes oij, denoting the count of overlap-

ped instance pairs where each instance is derived from ci and cj, respec-

tively, and simultaneously resides within a window of width d (default:

25 bp) (Figure 1D). In the computation of oij , reverse complementary se-

quences are additionally taken into account. Let us assume niRnj without

loss of generality. The significance of oij is approximated by TESA using the

equation

PðoijÞ =
Xnj

k = oij

0

@
nj

k

1

Apkð1 % pÞnj % k : Equation 6

Here, p = ðdniÞ =ðmnÞ represents the estimated probability that a pair of

randomly selected instances from ci and cj are within distance d. If oij is

deemed statistically significant (PðoijÞ< 0:05), TESA integrates potential motifs

ci and cj while maintaining their intersecting instances. Given that instances

from ci and cj might overlap with varying numbers of nucleotides, TESA retains

instances corresponding to the modal number of overlapping nucleotides,

denoted as lo. The curated instances constitute a motif, and this collection

of motifs serves as the input for step 5.

Step 5: Expansion of motif instances
For every motif, denoted as x, identified in step 4 with a designated length lx =

2l % lo, TESA constructs its PWM (Figure 1E). This is mathematically repre-

sented by

PWMx =

#
log

pði; jÞ
qðiÞ

$

43 lx

: Equation 7

Here, ði; jÞ represents the probability that nucleotide type i occurs at position

j within the motif. Conversely, qðiÞ indicates the background probability of

nucleotide type i being present in the entire genome. The motif match score

for any given sequence segment si0 j0 of length lx based on PWMx is computed

by TESA as follows:

Sðsi0 j0 ; xÞ =
1

2

#
max

j0 % t% j00 % j0
Mh

i0 j00 + max
j0 % j00 % j0+lo+t

Mh
i0 j00

$ X4

i = 1

Xlx

j = 1

PWMxði; jÞ$Iði; jÞ
!
:

Equation 8

In this equation, Iði; jÞ signifies whether the j-th nucleotide of si0 j0 corresponds to

nucleotide type i. Furthermore, Mh represents the scoring metric, as delin-

eated in step 1. The term t stands as a modifiable parameter and possesses

a default value of 2. Utilizing Equation 8, TESA evaluates the motif match

scores across all instances of motif x in addition to all the lx segments of the

input sequences. Subsequently, TESA refines motif x by assimilating those

lx segments from the input sequences whose motif match scores, when

compared to PWMx , exceed those of at least one instance of motif x. Adhering

to this methodology, TESA expands the sets of motif instances, upon which

the PWMs are subsequently reconstructed.
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19. Hartmann, H., Guthöhrlein, E.W., Siebert, M., Luehr, S., and Söding, J.
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