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Abstract 

The single subunit RNA polymerases (ssRNAPs) of bacteriophages are highly interesting targets for the prediction and engineering of specific 
protein–DNA interactions. Despite e xtensiv e e xisting studies f ocusing on particular ssRNAPs such as the T7 RNAP, fe w rules go v erning the 
protein–DNA sequence co v ariations across div erse ssRNAPs and their cognate promoters are clearly kno wn. Here, aiming to re v eal such rules, 
w e comprehensiv ely mined promoters of various categories of ssRNAPs from phage genomes. F or T7 -like RNAPs, direct coupling analyses of 
the predicted set of RNAP–promoter pairs re v ealed that the interaction specificity was dominantly encoded by the amino acid and nucleotide 
residues at only a few key positions. The covariations between the amino acid and the nucleotide residues at these positions were summarized 
into a sparsely connected network. Using experimentally verified connections in this network, we designed a set of orthogonal T7 RNAP–
promoter variants that showed more stringent orthogonality than previously reported sets. We further designed and experimentally verified 
v ariants with no v el interactions. T hese results pro vided guidance f or engineering no v el RNAP–promoter pairs f or synthetic biology or other 
applications. Our study also demonstrated the use of comprehensive genome mining in combination with sequence co v ariation analy sis in the 
prediction and engineering of specific protein–DNA interactions. 
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ingle subunit DNA-dependent RNA polymerases (ssRNAPs)
rom bacteriophages [ 1 ], such as the T7 RNAP and its rela-
ives (e.g. T3 and SP6), are highly specific for their individ-
al promoters and widely used for RNA synthesis [ 2 ]. It is of
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Broadly speaking, these ssRNAPs perform their function
through binding to the genome DNA, just like many other
DNA-binding proteins. It is possible to discover the DNA
binding specificity for such proteins through mining the se-
quenced genomes of various organisms [ 7–10 ]. This approach
has been successfully applied to various protein families in-
cluding transcription factors [ 11–13 ], nucleases [ 14 ], and re-
combinases [ 15 ]. It has also been applied to the phage ssR-
NAPs [ 16 , 17 ]. Currently, the number of publicly available
bacterial phage genomes exceeds 20000 [ 18 ]. Comprehen-
sively mining these genomes can substantially increase the
number of predicted cognate ssRNAP–promoter pairs. The
resulting dataset may serve as a valuable resource for discov-
ering and engineering diverse ssRNAP-based expression sys-
tems, enabling applications such as gene expression in indus-
trial non-model organisms [ 17 , 19 ] and RNA production with
reduced byproducts [ 20 ]. 

Existing tools for predicting phage promoters associ-
ated with ssRNAPs include PHIRE [ 21 ] and PhagePro-
moter [ 22 ]. PHIRE predicts promoters by searching individ-
ual genomes for repetitively occurring DNA motifs ( ∼20 bp).
PhagePromoter filters DNA motifs using sequence match-
ing scores against several known “standard” promoter se-
quences (e.g. the promoter sequence ‘T AA T AA GA CTCA C-
TAAA GGGA GA’ of the T7 RNAP). While setting up the
basic framework for predicting phage promoters, neither
PHIRE nor PhagePromoter is suitable for comprehensively
mining thousands of phage genomes. For instance, PHIRE is
prone to interference from non-promoter repetitive motifs in
genome sequences, as evidenced by incorrect predictions in the
genomes of Yersinia phages Yepe2 and Yep-phi and Caulobac-
ter phage Percy [ 17 ]. Additionally, PHIRE takes up to several
minutes to process a single genome, which makes it computa-
tionally inefficient for large-scale genome mining. As regards
PhagePromoter, a major limitation is that reliable predictions
are restricted to promoters that are highly similar to the “stan-
dard” promoters. Moreover, it relies on the correctness of the
“standard” promoter sequences themselves. 

As a result of the above drawbacks of existing tools,
the available data sources of promoters of phage ssR-
NAPs are limited, covering only a small fraction of known
phage genomes. One existing dataset containing 662 T7-like
promoters (i.e. promoters of T7-like RNAPs) was derived
from PHIRE predictions on only 46 genomes [ 17 ]. Another
dataset, which was used as the training dataset for PhagePro-
moter, included only 135 T7-like promoters from 10 phage
genomes out of 800 promoter sequences retrieved from the
phiSITE [ 23 ] database and available publications for 53 phage
genomes. Additionally, the “standard” promoters used by
PhagePromoter for several other RNAPs, including phiKMV
and KP34, do not agree with recently reported experimentally
validated promoter sequences of these RNAPs [ 24 , 25 ]. In gen-
eral, the limited existing data preclude in-depth analyses of
relevant protein–DNA sequence covariations. 

A comprehensive and reliable dataset of natural phage
RNAP–promoter pairs may help decode the promoter speci-
ficity of ssRNAPs through the analysis of protein–DNA se-
quence covariations. The results may facilitate the engineer-
ing of RNAPs with new promoter specificity for various ap-
plications. For example, T7 RNAP variants with engineered
orthogonal promoter specificity have been employed for the
modular control of complex gene expression in synthetic biol-
ogy [ 26 , 27 ] as well as for multiplexed monitoring of protein–
protein interactions [ 28 ]. Previous attempts to create orthog- 
onal T7 RNAP–promoter variant pairs relied on part mining 
and domain grafting [ 16 ], or directed evolution [ 6 , 29 ]. For 
example, Temme et al . have used the RNAP–promoter pairs 
predicted with PHIRE [ 21 ] to guide domain grafting, where 
the promoter recognition loop in T7 RNAP was replaced with 

loops from RNAPs of T3, K1F or N4. The resulting sets of 
RNAP–promoter variants indeed displayed a limited extent of 
orthogonality, but non-cognate RNAP–promoter pairings still 
showed relatively high activity. Directed evolution could ex- 
tend the promoter spectrum of an RNAP but could not easily 
achieve orthogonal promoter recognition without negative se- 
lection [ 30 ]. The phage-assisted continuous evolution (PACE) 
method incorporating negative selection [ 31 ] can effectively 
eliminate cross-pair activity. It was successfully employed to 

construct two pairs of highly orthogonal T7 RNAP–promoter 
variants. However, it is challenging to evolve more than two 

orthogonal pairs using negative selection. 
In the current work, we carried out comprehensive min- 

ing of cognate ssRNAP–promoter pairs from publicly avail- 
able phage genomes. Promoters for several categories of ssR- 
NAPs, including T7-like, phiKMV-like, KP34-like, and Syn5- 
like RNAPs, were predicted. We analyzed the covariations of 
the protein–DNA sequences in the predicted set of T7-like 
RNAP–promoter pairs with a pseudolikelihood maximiza- 
tion direct coupling analysis (plmDCA) approach [ 32 ], and 

revealed that the specificity of the protein–DNA interaction 

of T7-like RNAPs was dominantly encoded by the amino acid 

residue types and base types at only several key positions. The 
relationships between the combinations of amino acid residue 
types and of DNA base types at these key positions were visu- 
alized as a sparsely connected network. After systematically 
testing the connections in this network by experiments, we 
successfully designed and experimentally verified T7 RNAP–
promoter variant pairs with orthogonal specificity as well as 
with new specific interactions. 

Materials and methods 

Mining promoters of ssRNAPs from phage 

genomes 

Our computational workflow for mining cognate ssRNAP–
promoter pairs from phage genomes has been devised based 

on several key observations. First, with most phages lack- 
ing their own RNAP and instead using the host RNAP, the 
ssRNAPs used by a small number of phages are homolo- 
gous to the T7 RNAP [ 33 ]. Second, these ssRNAPs are com- 
monly grouped into different categories including the T7-like,
SP6-like, phiKMV-like, and P60-like RNAPs based on their 
similarity to certain representative ssRNAP family members 
[ 24 ]. Third, a small number of promoters for ssRNAPs in 

different categories have been experimentally characterized,
including promoters for T7, T3, SP6, LUZ19 (phiKMV-like),
KP34 (phiKMV-like), and Syn5 (P60-like) RNAPs [ 24 , 25 , 34–
37 ]. These promoters usually occur multiple times within a 
genome (T7 promoters appear 18 times, SP6 promoters ap- 
pear 12 times, LUZ19 and KP34 promoters appear four times,
and Syn5 promoters appear twice), with the promoter se- 
quences within the same genome being highly conserved. 

Our computational workflow, named PhageProm, is shown 

in Fig. 1 A. The workflow started with the identifica- 
tion of phage genomes that contain ssRNAPs. To per- 
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orm this, we downloaded 23854 phage genomes from the
ebsite http:// millardlab.org/ bacteriophage-genomics/ phage- 

enomes- 1Dec- 2022/, built a local database using the ‘make-
lastdb’ command of the ncbi-blast-2.13.0 + program [ 38 ],
nd searched the local database with the same program by
sing the amino acid sequence of T7 RNAP as a query (no
-value cut-off was specified). The results gave us a list of
sRNAP-containing phage genomes. 

From these genomes, we subsequently predicted promoters
or various categories of ssRNAPs in two steps. Step one was
o search for repetitively appearing sequence motifs (each rep-
esented as a group of DNA subsequences) from each genome.
tep two was to pool together the sequence motifs found in
ifferent genomes containing the same category of ssRNAPs
nd to identify promoters through sequence clustering. 

To perform the first step on a given genome, we consid-
red all contiguous segments in a genome sequence with a
ength of L = 20 bp (with L – 1 bp overlaps between two
djacent segments). Each segment was considered in turn as
 Query subsequence. For a given Query, all 20 bp segments
Subject subsequences) separated by > 100 bp from the Query
ere matched one-by-one against the Query. If the Hamming
istance between a Subject subsequence and the Query was
o more than 4 bp, the Subject subsequence was collected. A
uery and all of its matched Subject subsequences comprised
 Query:Subject group. To filter out groups that contained seg-
ents in repeat elements of the genome, we removed every

roup that contained three or more matched Subject subse-
uences that were within 200 bp in their genome locations.
hen any two Query:Subject groups were merged into a sin-
le group if their matches corresponded to contiguous sub-
equences that overlapped by > 10 bp. The merging was per-
ormed by extending both the Query and the Subject subse-
uences, and was performed repeatedly until no further merg-
ng was possible. The groups after merging were sorted ac-
ording to the number of subsequences in descending order.
hen, redundant groups were removed from the sorted list by
ligning each of the subsequence in a group to the Query of ev-
ry preceding group. If ≥10 bases were found to be identical in
 gapless alignment, the group containing the smaller number
f subsequences was removed from the list. This produced a
nal sorted list of non-redundant groups of Query:Subject for
ach genome, each group corresponding to a DNA sequence
otif represented by one Query and one or more Subject sub-

equences that match the Query. 
To carry out the second step, we pooled and clustered the
uery:Subject subsequence groups from the phage genomes

ontaining a specific category of ssRNAPs. To predict pro-
oters for the T7-like, phiKMV-like, KP34-like, and Syn5-

ike RNAPs, we identified genomes containing ssRNAPs with
imilarity (ncbi-blast E-value < e –50 ) to the respective refer-
nce proteins (i.e. T7 RNAP , phiKMV RNAP , KP34 RNAP ,
nd Syn5 RNAP). We then pooled the Query:Subject groups
rom these genomes separately for each RNAP category.
he minimum number of subsequences in each of the se-

ected Query:Subject groups was required to be five for
7-like RNAPs, three for phiKMV-like RNAPs, and KP34-

ike RNAPs, and two for Syn5-like RNAPs. Notably, some
enomes contained RNAPs that could be grouped to multi-
le categories based on the ncbi-blast searches. Subsequences
rom these genomes were added to the respective pools in
arallel. 
 

The subsequences in each pool were clustered using the
DBSCAN algorithm [ 39 ], which requires three user-defined
parameters: the distance function ( distFunc ), the cut-off ra-
dius ( eps ) for the neighborhood of a reference point in the
sequence space, and the minimum number of points ( minPts )
in the sequence space required to form a dense region. Here,
we defined the distFunc as 1 − Match ( x, y ) /Length (x ) , where
Match ( x, y ) refers to the number of identical bases between
subsequences x and y , and Length (x ) denotes the total num-
ber of bases in subsequence x . The parameters eps and minPts
were set to 0.2 and 2, respectively. Among the clusters of sub-
sequences of various pools, we could identify clusters con-
taining the known promoter sequences of the T7, LUZ19
(phiKMV-like), KP34, and Syn5 RNAPs, as well as clusters
containing the reverse complementary sequences of these pro-
moters. Subsequences within the former clusters were pre-
dicted as promoters (below referred to as T7-like promoters,
phiKMV-like promoters, etc.) associated with the correspond-
ing categories of ssRNAPs. 

Constructing position-specific scoring matrices 

(PSSMs) from predicted promoters 

The predicted promoters for each type of RNAP were aligned
without gaps, and PSSMs of 21 bp in length were constructed
by computing the frequency of each nucleotide type b at each
position i as 

f i 
(
b 

) = 

n i 
(
b 

)
N 

, (1)

where n i (b) is the number of occurrences of nucleotide type
b at position i , and N is the total number of promoter se-
quences. The log-odds score for each nucleotide type at each
position relative to the corresponding background distribu-
tion was computed as 

s i 
(
b 

) = log 2 

( 

f i 
(
b 

)
p 

(
b 

)
) 

, (2)

where p (b ) is the background probability of nucleotide type
b, which was set to 0.25. 

Analyzing protein–DNA joint multiple sequence 

alignment 

We applied plmDCA to analyze the multiple sequence align-
ment (MSA) of the predicted cognate RNAP–promoter se-
quence pairs for the T7-like RNAPs. The protein–DNA joint
MSA can be represented as 

{(
a m 

1 , . . . , a 
m 

L , b 

m 

1 , . . . , b 

m 

N 

)}
m =1 , ... M 

, (3)

where M is the number of rows in the MSA, and L and N
are the numbers of columns of the protein and DNA parts,
respectively. a = (a m 

1 , . . . , a 
m 

L ) represents the aligned protein
sequence and b = (b 

m 

1 , . . . , b 

m 

N 

) represents the aligned DNA
sequence. 

We considered learning both bi-DC A and uni-DC A mod-
els from the protein–DNA joint MSA. In the bi-DCA
model, the probability of a combined protein–DNA sequence

http://millardlab.org/bacteriophage-genomics/phage-genomes-1Dec-2022/
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is represented as 

P( a, b ) = 

1 

Z 

exp 

⎡ 

⎣ 

∑ 

1 ≤i ≤L 

h 

a 
i ( a i ) + 

∑ 

1 ≤i ≤N 

h 

b 
i ( b i ) + 

∑ 

1 ≤i< j≤L 

J a i j ( a i , a j ) 

+ 

∑ 

1 ≤i< j≤N 

J b i j ( b i , b j ) + 

∑ 

1 ≤i ≤L, 1 ≤ j≤N 

T 

ab 
i j ( a i , b j ) 

⎤ 

⎦ . (4)

The five energy terms in the above formula correspond to:
the energies of individual protein residues, the energies of in-
dividual DNA bases, the couplings between protein residues,
the couplings between DNA bases and the couplings between
DNA bases and protein residues. In the uni-DCA model, the
energies of individual protein residues and the couplings be-
tween protein residues are ignored, and the probability is de-
fined as 

P 

(
b 

) = 

1 

Z 

exp 

⎡ 

⎣ 

∑ 

1 ≤i ≤N 

h 

b 
i 

(
b i 

) + 

∑ 

1 ≤i< j≤N 

J b i j 

(
b i , b j 

) + 

∑ 

1 ≤i ≤N, 1 ≤ j≤L 

T 

ba 
i j 

(
b i , a j 

)⎤ 

⎦ .

(5)

Compared with bi-DC A, uni-DC A has a significantly re-
duced number of parameters, especially when the protein se-
quence is long. A negative control with uni-DCA was devised
by randomly shuffling the protein and DNA sequences within
each row of the joint MSA. More details for learning the
parameters of the DCA models are given in Supplementary
Methods. 

Experimental assays of RNAP–promoter activity 

Plasmid construction 

We constructed a genetic circuit containing a pair of T7
RNAP–promoter variants of interest along with a green fluo-
rescent protein (GFP) reporter ( Supplementary Fig. S1 ). Since
the mutations in the T7 RNAP variants (N748, R756, and
Q758) were all located within Region3 (K740–E768), the
Golden Gate Assembly method was employed to efficiently
assemble all genetic fragments into plasmids for each pair of
T7 RNAP–promoter variants. Primers A-F and A-R were de-
signed to amplify the Region3 fragment, incorporating both
the variant sequence and adapter required for assembly. Sim-
ilarly, primers P-F and P-R were used to amplify each corre-
sponding promoter fragment ( Supplementary Fig. S2 ). 

Growth and fluorescence measurement 
The plasmids were transformed into 25 μl of Trans10 Chem-
ically Competent Cell (TransGen Biotech). After recovery, the
cells were cultured overnight at 37 

◦C on LB agar plates con-
taining 100 μg ml –1 ampicillin. Two colonies were picked,
grown separately, and sequenced to confirm the correct Re-
gion3 and promoter sequences. The validated clone was inoc-
ulated into 0.9 ml of LB medium [supplemented with 100 μg
ml –1 ampicillin and various concentrations of isopropyl- β-
d -thiogalactopyranoside (IPTG)] in a 96-deep-well plate and
cultured for 16 h at 37 

◦C and 250 rpm. Specifically, the ac-
tivities of 137 pairs in the specificity and similarity network
(SpSN) were measured under 10 μM IPTG induction, while
the activities of 16 orthogonal pairs and 33 pairs with novel
specific interactions were measured under 50 μM IPTG induc- 
tion. This process was repeated three times. 

Subsequently, 2 μl of the cell culture was transferred to 

a 96-well plate containing 150 μl of phosphate-buffered 

saline supplemented with 1 mg ml –1 kanamycin for transla- 
tion inhibition. Fluorescence was measured using a BECK- 
MAN CytoFLEX S flow cytometer, with excitation at 488 

nm and detection at the fluorescein isothiocyanate (FITC) 
channel (525 / 40 nm). Ten thousand events per sample were 
recorded, and the fluorescence intensity was calculated using 
CytExpert software. The activity of each T7 RNAP–promoter 
variant pair was determined as the average fluorescence 
from triplicate samples. Three internal control pairs, NRQ–
CGACT (wild-type), DR Q–CCCCT, and DR Q–CGACT, were 
included, and their activity values were consistent with those 
reported in previous studies [ 6 ] ( Supplementary Fig. S3 ). 

Similar to previous studies [ 16 , 40–43 ], we also encoun- 
tered the cellular toxicity issue of the wild-type T7 RNAP–
promoter pair in Esc heric hia coli cells. All the T7 RNAP–
promoter variant pairs were successfully constructed, except 
for the wild-type pair. The wild-type pair experienced con- 
struction collapse, i.e. spontaneous mutation of T7 RNAP or 
the T7 promoter ( Supplementary Fig. S4 A). This indicated 

that T7 RNAP or the T7 promoter alone was not toxic, but 
their combination caused severe growth defects, possibly due 
to the excessively high transcriptional activity. To resolve this 
issue, we used a very weak ribosome-binding site (RBS) to re- 
duce the production of T7 RNAP ( Supplementary Fig. S4 B).
Therefore, this weak RBS was constructed into the genetic cir- 
cuit ( Supplementary Fig. S1 ) for measuring the activities of T7 

RNAP–promoter variant pairs. 

Results 

Predicted ssRNAP promoters in phage genomes 

A total of 1757 phage genomes containing ssRNAPs were 
identified with ncbi-blast. Subsequently, we identified 11 218 

T7-like promoters in 840 genomes, 467 KP34-like promoters 
in 135 genomes, 186 phiKMV-like promoters in 62 genomes 
and 18 Syn5-like promoters in nine genomes. Category- 
specific PSSM scores were derived, and Fig. 1 B shows the 
sequence logos for these four categories of promoters. For 
741 genomes, no definite prediction of the promoters for 
their ssRNAPs was made. However, we provided a number 
of groups (on average 20 groups per genome) of repeated 

subsequences for each genome, each containing at least three 
subsequences. Additionally, we scanned each genome using 
the four category-specific promoter PSSM models shown in 

Fig. 1 B, and selected for each PSSM the 20 highest scor- 
ing subsequences as potential promoters. We expect that 
these pre-selected, limited numbers of repetitively occurring 
or high-scoring subsequences can substantially narrow the 
search range for experimentally identifying promoters in any 
of the processed genomes. All predicted promoters, sub- 
sequence groups, and potential promoters are provided in 

Supplementary Dataset S1 . 
It is interesting to compare the predictions reported here 

with those from PHIRE and PhagePromoter, the two previ- 
ous methods that inspired the development of PhageProm. A 

major improvement of PhageProm over PHIRE is that Phage- 
Prom implements a mechanism to avoid a major type of error 
of PHIRE: predicting genomic repeat elements as promoters 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Figure 1. Mining and analysis of promoters of ssRNAPs from phage genomes. ( A ) An overview of the computational pipeline. ( B ) Sequence logos for 
promoters of four categories of ssRNAPs. For the T7-like promoters, the 21 positions are divided into four regions. ( C ) Pie charts displaying the 
frequency of exact nucleotide subsequences in each promoter region. 
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 Supplementary Table S1 ). Another improvement is that, un-
ike PHIRE, PhageProm does not make the assumption that
he promoters must correspond to the most frequently oc-
urring motif in a genome. This allowed PhageProm to dis-
over phage promoters outside of the T7-like category, which
ay not occur so frequently in the genomes. Moreover, even

he T7-like promoters are not always the most frequent mo-
if in some phage genomes, causing PHIRE to generate false-
ositive predictions in these genomes ( Supplementary Table 
2 ). To illustrate this, we compared PhageProm and PHIRE on
he 46 genomes from the dataset of Zhao et al. [ 17 ], which in-
luded a total of 662 T7-like promoters predicted by PHIRE.
lthough the PHIRE predictions for 40 out of 46 genomes
ere of high scores when evaluated with the PSSM model for
7-like promoters obtained in this work, the PHIRE predic-

ions for the remaining six genomes have low PSSM scores
 Supplementary Fig. S5 A) and are likely to be false positives.
For the same 46 genomes, PhageProm generates high-scoring
predictions for 43 genomes (594 promoters in total), cover-
ing the 40 genomes for which PHIRE made high-scoring pre-
dictions. For the remaining three genomes where PhageProm
did not identify any promoters (CR8, Percy, and ECBP5), the
PSSM scores of the promoters identified by PHIRE were all
also low. 

When compared against PhagePromoter, a major advan-
tage of PhageProm is that PhageProm but not PhagePromoter
can discover promoters that diverge relatively far away from
the “standard” T7 promoter motif. For instance, PhagePro-
moter did not predict any of the four experimentally verified
promoters in the VSW-3 phage genome, which have sequence
identities of 48% with the “standard” T7 promoter sequence
[ 20 ]. In comparison, both PhageProm and PHIRE predicted
five promoters in this phage genome, covering all the four ex-
perimentally confirmed promoters. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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General features of T7-like promoters 

Since T7-like promoters account for the majority of the dis-
covered phage promoters, the sequence patterns of T7-like
promoters warrant further analysis. For the 840 genomes con-
taining predicted T7-like promoters, a total of 11218 pro-
moters were predicted, averaging ∼13 promoters per genome.
However, many predicted RNAP–promoter pairs share iden-
tical RNAP and / or promoter sequences. After removing re-
dundancy, we obtained a total of 470 RNAPs and 1067 pro-
moters of unique sequences. By matching the predicted pro-
moters in a genome to the RNAP of the same genome, we
obtained 4750 cognate RNAP–promoter pairs of unique se-
quences ( Supplementary Dataset S1 ). 

The 1067 T7-like promoters exhibit a clearly discernible
consensus sequence pattern. As shown in Fig. 1 B, the 21 bp
promoter can be divided into three 5 bp subregions (regions
I–III) and a 6 bp subregion (region IV). Among these, subre-
gion III is the most conserved, while subregion II is the least
conserved. Figure 1 C shows the exact subsequence distribu-
tions in the different subregions. In subregion III, > 50% of the
promoters share the exact subsequence CACTA, while in the
subregions I, II, and IV, the five most frequent subsequences
account for 39.6, 47.7, and 25.1%, respectively, of the pro-
moters. Supplementary Fig. S5 B demonstrates a clear separa-
tion between the PSSM score distributions of predicted pro-
moters and random genome fragments. Specifically, 99.3% of
predicted promoters have scores above the crosspoint value,
and 99.2% of random genome fragments have scores below
the crosspoint value. This indicates high specificity and selec-
tivity of the PSSM score as a metric for evaluating candidate
promoters of the T7-like category. 

Specificity determinants in T7-like RNAPs and 

promoters 

We first tried to apply the mutual information (MI) metric to
the protein–DNA joint MSA to infer specificity-determining
amino acid residue and base positions. Although MI has been
widely used to identify specificity-determining positions from
MSAs of protein–DNA complexes [ 8 , 9 , 44 ], the metric does
not differentiate between direct and indirect couplings. This
could lead to too many false-positive predictions. Indeed, per-
forming MI analysis on our data produced many positions
on the RNAPs where residue types covaried with base types
at various positions of the promoters. However, many of
these positions were structurally distant from the promoter,
as indicated by the experimental structure of the T7 RNAP–
promoter complex [ 45 ] ( Supplementary Fig. S6 ). 

To overcome the problem associated with MI, we applied
the DCA approach, which can filter out indirect coupling
and thus lead to more accurate predictions than MI [ 46 ].
Previously, several DCA-based methods, including mfDCA,
GREMLIN, and plmDCA [ 32 , 47 , 48 ], have been proposed for
analyzing protein–protein interactions. Here we adjusted the
plmDCA method to analyze protein–DNA interactions. We
considered two possible models: bi-DCA and uni-DCA (Fig.
2 A). For modeling the full-length T7-like RNAP–promoter
MSA, the number of parameters of bi-DCA is ∼170 million,
while the number of parameters of uni-DCA is ∼1.6 million.
The former number was obviously too large relative to the
limited number of sequences in our MSA. Therefore, we chose
to use uni-DCA to identify strongly coupled residue–base po-
sition pairs in the full-length MSA of paired RNAPs and 

promoters. 
Our initial results from uni-DCA analysis of the full-length 

RNAPs revealed a 28 residue region on the aligned RNAPs 
that displayed strong couplings with promoters (Fig. 2 B). This 
region, named Region3, corresponds to the specificity loop 

of T7 RNAP, as revealed by the structure of the T7 RNAP–
promoter complex [ 45 ]. However, a more detailed examina- 
tion of the full-length uni-DCA results showed that the most 
strongly coupled amino acid residues and bases identified by 
the analysis did not match those involved in intermolecular 
hydrogen bonds in the complex structure ( Supplementary Fig. 
S7 A–C). This suggested that the full-length uni-DCA model 
could still lead to severe overfitting due to the limited amount 
of MSA data and the large number of model parameters. To 

mitigate overfitting, we explored two strategies. The first was 
to utilize a regularization term with a large weight when learn- 
ing the full-length uni-DCA model ( Supplementary Fig. S7 D).
The second was to consider only Region3 instead of the full- 
length RNAP in the uni-DCA analysis ( Supplementary Fig. 
S7 E). We found that both strategies could effectively mitigate 
overfitting, but the Region3-only model more accurately iden- 
tified residue–base pairs that form intermolecular hydrogen 

bonds as the most strongly coupled pairs ( Supplementary Fig. 
S7 B). By restricting the analysis to Region3, we were also able 
to train a bi-DCA model without suffering from overfitting,
with results in close agreement with those of the Region3-only 
uni-DCA model ( Supplementary Fig. S7 F). Consequently, we 
focused on the Region3-only bi-DCA results (Fig. 2 C). 

The results suggest that the residue–base pairs at 7 → 11 

(numbers refer to the position on Region3 MSA → the po- 
sition on the promoter), 9 → 7, 9 → 8, 17 → 8, 17 → 9,
18 → 10, and 19 → 10 dominantly determine the specificity 
of T7-like RNAP–promoter interactions. Figure 2 D shows the 
frequency of each amino acid–base type combination at these 
position pairs. For example, for the position pair 9 → 7, the 
top three most frequent amino acid–base type combinations 
are 9D → 7C, 9N → 7G, and 9K → 7G. A special position 

pair is 7 → 11, where the amino acid–base type combination 

was highly conserved: the 7R → 11C combination was ob- 
served in 91% of cognate RNAP–promoter pairs. 

As the specific recognition between T7-like RNAPs and 

promoters should rely on physical intermolecular interactions,
we expect that the set of specificity-determining amino acid 

residues and bases derived from MSA-based analysis should 

generally agree with known structural data on the RNAP–
promoter complexes. A previous structural study [ 45 ] re- 
vealed that the sequence-specific recognition of the T7 pro- 
moter by T7 RNAP is primarily achieved by the hydrogen- 
bonding interactions involving the side chains of four residues 
(R746, N748, R756, and Q758) in an antiparallel β-loop 

and bases in the major groove of the promoter. The specific 
residue–base pairs forming these hydrogen bonds are shown 

in Supplementary Fig. S7 A. Indeed, the DCA of the MSA re- 
vealed that the residues at positions 748, 756, and 758 in this 
loop (corresponding to positions 9, 17, and 19 in Region3) 
could be critical for promoter specificity in other T7-like 
RNAPs as well. The convergence of the DCA and the struc- 
tural data onto these positions gave us confidence in decoding 
specific RNAP–promoter interactions from the protein–DNA 

joint MSA based on the combinations of amino acid residue 
and base types at these positions. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Figure 2. Direct coupling analysis of the joint MSA of T7-like RNAPs and cognate promoters. ( A ) The bi-DCA and uni-DCA models for modeling a 
protein–DNA joint MSA. ( B ) Left: the maximum coupling strength of each residue position with base positions obtained with uni-DCA. The upper and 
lo w er panels show the actual and the negative control results, respectively. Right: str uct ure of T7 RNAP–promoter complex (pdbid: 1cez) with residues 
colored by a rainbow spectrum according to their maximum coupling strengths. The str uct ure was drawn with PyMOL [ 54 ]. ( C ) The score matrix of 
coupling strength between each position in Region3 MSA and each position in promoter MSA inferred by Region3-only bi-DCA. Red arrows indicate the 
most strongly coupled amino acid residues. ( D ) Correlations between amino acid residue types and their coupled base types at the most strongly 
coupled positions from Region3-only bi-DCA. 
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isualizing the connections between residue type 

nd base type combinations in a network 

n total, we observed 24 unique amino acid type combina-
ions at positions 9, 17, and 19 of Region3 in the MSA of
7-like RNAPs, representing the naturally evolved diversity
f these key residues for recognizing specific promoters. Cor-
espondingly, we divided the T7-like RNAPs into 24 groups.
upplementary Fig. S8 shows the logos of the promoters rec-
gnized by RNAPs in each group. 
Besides the sequence logos, the recognition relationships be-

ween the amino acid residue type combinations at the key
ositions on the protein side (positions 9, 17, and 19 of Re-
ion3 in the MSA) and the base type combinations at the key
ositions on the DNA side (positions 6–10 of the promoter
SA) were summarized and visualized as a network. In this

pSN as shown in Fig. 3 A, all RNAPs sharing the same combi-
ation of amino acid residue types at the designated positions
ere assigned to the same node. The combinations of the base

ypes in the cognate promoters of these RNAPs form a clus-
er of nodes connected to the corresponding amino acid type
ombination node. These nodes fall into nine larger clusters,
ach named after a representative RNAP having the amino
cid combination of the central node. Some base type com-
bination nodes are shared by similar but distinct amino acid
type combinations which restrained the placement of the lat-
ter nodes in the network graph, causing the nodes of simi-
lar amino acid residue combinations (probably representing
evolutionarily closer RNAPs) to be close to each other ac-
cording to the shortest paths in the graph (Fig. 3 B). The base
type combination nodes bridging two protein nodes, e.g. the
AACCT node bridging the T7 and T3 nodes or the AA T A T
node bridging the T7 and K1F nodes, may play pivotal roles
in the evolutionary differentiation of promoter specificity of
T7-like RNAPs. 

We then experimentally tested if the network, which in-
volves only a small number of positions extracted from the
full-length RNAPs and promoters, could guide the engineer-
ing of a particular RNAP, such as the T7 RNAP. We experi-
mentally quantified each connection in the network with the
background sequences of T7 RNAP and its cognate promoter
(i.e. only the amino acid residues and bases at the designated
key positions were mutated to combinations as specified by
the nodes) using an in vivo transcription assay. The results
( Supplementary Dataset S2 ) showed that more than half of
the connections (74 out of 137) were associated with active
transcriptions (GFP fluorescence intensity > 1000 a.u.). With

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Figure 3. Summarized relationships between the amino acid type combinations at three key positions on T7-like RNAPs and the base type 
combinations at five key positions on promoters. ( A ) A network visualizing the relationships. Purple nodes represent amino acid residue type 
combinations. Blue and y ello w nodes represent base type combinations. Edges represent observed pairings in natural T7-like RNAPs and cognate 
promoters. The double solid red edges indicate strong activities (GFP fluorescence intensity > 10 000 a.u.) observed in experimental tests of the 
corresponding pairs of T7 RNAP–promoter variants. The solid green edges indicate detectable but weak activities (GFP fluorescence intensity > 1000 
a.u. but < 10 0 0 0 a.u.), with thicker lines indicating stronger activities. The yellow nodes are presumed to be promoters for host RNAPs because the 
GFP fluorescence intensity of the cells induced by IPTG (for expression of the T7 RNAP variants) was not significantly higher than that without IPTG 

induction ( Supplementary Dataset S2 ). The four pairs used in the set of T7 RNAP variants with orthogonal promoter specificity are highlighted with 
rectangular bo x es. ( B ) T he relationship betw een the a v erage shortest path dist ance and the string dist ance (i.e. the number of non-identical residues or 
bases) for two amino acid type combination nodes (left side) and two nucleotide type combination nodes (right side). ( C ) The correlation between the 
experimentally measured transcriptional activities and DCA scores of 137 pairs of T7 RNAP–promoter variants constructed according to the network. 
The activity values on the x-axis refer to the logarithm of GFP fluorescence intensity. The points colored in yellow and red correspond to combination 
pairs from the K1E and SP6 clusters, respectively. 

 

 

 

 

 

 

 

 

the exception of the K1E and SP6 clusters, the other seven
large clusters in the SpSN network have at least one pair
of experimentally verified active RNAP–promoter variants.
The K1E and SP6 RNAPs are the most evolutionarily distant
ones from T7 RNAP. Therefore, changing only the three key
residues in the T7 RNAP background sequence may not be
sufficient to confer the specificity of K1E and SP6 RNAPs
to T7 RNAP. We note that the transcriptional activity in- 
directly reflects protein–DNA binding strengths for the T7 

RNAP–promoter variants, as previous studies have suggested 

that single or multi-amino acid substitutions on the specificity 
loop of T7 RNAP usually did not cause significant changes of 
solubility, expression and catalytic activity [ 3 , 4 ]. Moreover,
a previous study has shown that the transcriptional activi- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Table 1. A designed set of four orthogonal T7 RNAP–promoter variant 
pairs 

TAACT 

a GTCAT GGGCC A CCC A 

NRQ 

a 6.41 ( ± 5.45) b 0 ( ± 1.30) c 3.51 ( ± 2.89) 2.63 ( ± 1.67) 
KHQ 0 ( ± 1.82) 5.37 ( ± 5.05) 1.65 ( ± 1.93) 2.68 ( ± 2.31) 
KNK 2.51 ( ± 2.12) 1.98 ( ± 1.39) 5.90 ( ± 5.33) 2.62 ( ± 2.29) 
DRA 2.69 ( ± 2.44) 2.23 ( ± 1.79) 0 ( ± 1.25) 5.29 ( ± 4.44) 
a The amino acid and base type combinations. NRQ is the amino acid com- 
bination in the wild-type T7 RNAP. 
b The activity values shown are the logarithm of the average of three inde- 
pendent cultures measured under 50 μM IPTG induction, after subtracting 
the activity value of the negative control. The values in parentheses indicate 
the logarithm of one standard deviation. The negative control was measured 
in the absence of the promoter. The highest activity values of each T7 RNAP 
variant on different promoters are highlighted in bold. 
c The value ‘0’ in the table means that the activity measured was lower than 
that of the negative control. 
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Table 2. Sets of orthogonal T7 RNAP–promoter variant pairs reported by 
various studies 

Method T7 RNAP variant 
Cognate 
promoter a Orthogonality b 

Domain grafting 
[ 16 ] 

632S CGACT 8 

632S, 745K, 748D, 
749M, 750I 

ACCCT 

632S, 754S, 756N, 
761V 

ACT A T 

632S, 747I, 748D, 
749C, 750V, 751I, 
754T, 755H, 757M, 
758A, 759L 

ACCCA 

CPR [ 29 ] Wild type CGACT 34 
744K, 747V, 748H, 
749I, 756E, 757M, 
772R 

CCGGT 

725A, 744K, 747I, 
748S, 749I, 756T, 
758K, 772R, 775V 

CCTGA 

747I, 748D, 749C, 
750V, 751I, 754T, 
755R, 757M, 758A, 
759L, 770N,772R, 
775V 

ACCCA 

DCA (this work) Wild type TAACT 245 
748K, 756H GTCAT 

748K, 756N, 758K GGGCC 

748D, 758A ACCCA 

a Only the sequence of positions 6–10 of the promoter is shown, and the rest 
is the wild-type T7 promoter sequence. 
b Orthogonality is defined as the smallest ratio among the activity values of 
the four cognate pairs divided by the maximum activity of their correspond- 
ing RNAP variants with non-cognate promoters. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ies of T7 RNAP and various promoter variants measured in
ivo were closely correlated with their protein–DNA binding
ffinity [ 49 ]. 

We further scored the 137 experimentally tested T7 RNAP–
romoter variant pairs using the bi-DCA model (Supplemen-
ary Methods) and compared the computed scores with their
ranscriptional activities (Fig. 3 C). The Pearson correlation co-
fficient was 0.75. Notably, the DCA scores for all RNAP–
romoter variant pairs in the K1E (yellow points) and SP6
red points) clusters are significantly lower (Fig. 3 C), indicat-
ng that the K1E-like and SP6-like RNAPs may deviate sub-
tantially from the other T7-homologous RNAP family mem-
ers in their promoter specificity determination rules. 
Overall, our experimental results verified that the combina-

ions of amino acid residue types at only three key positions
nd the base types at only five key positions dominantly en-
ode the interaction specificities between most T7-like RNAPs
nd their cognate promoters. Thus, it is possible to reprogram
he promoter specificity of a wild-type RNAP by substituting
nly these amino acid residues / bases. 

esigning orthogonal pairs of T7 RNAP–promoter 
ariants 

rom the experiments described above, we identified 49 pairs
f highly active T7 RNAP–promoter variants (indicated by
he red double solid lines in Fig. 3 A). From these pairs, it
hould be possible to select a set of RNAP–promoter variants
ith orthogonal specificity (i.e. of high activity between the

ognate RNAP–promoter pairs and low activity for all non-
ognate pairs). To demonstrate this, we selected four pairs
f highly active T7 RNAP–promoter variants, namely NRQ–
 AACT, KHQ–GTCA T, DRA–ACCCA, and KNK–GGGCC

highlighted by the rectangular boxes in Fig. 3 A). Within these
ets, amino acid type combinations differ from each other by
t least two residues, and the base type combinations differ
y at least four bases. This design minimizes the likelihood
f high activity in non-cognate pairs. The results of the in
ivo transcription assays confirmed that these four pairs were
ighly orthogonal, with the transcription activity of cognate
airs > 200-fold higher than that of non-cognate pairs (Ta-
le 1 ; Supplementary Dataset S2 ). The cognate pairs NRQ-
 AACT and KHQ-GTCA T exhibited the most stringent or-

hogonality, with almost undetectable activity observed in the
on-cognate pairs (NR Q–GTCA T and KHQ–TAACT). 
We note that previous studies have reported 4–6 pairs of

rthogonal T7 RNAP—promoter variants constructed using
omain grafting and compartmentalized partnered replica-
tion (CPR) methods, respectively [ 16 , 29 ]. From the six pairs
constructed in the CPR study, we selected the four with the
most stringent orthogonality and compared them with the
four pairs designed here. Results in Table 2 suggest that the
pairs designed here show significantly stricter cross-pair or-
thogonality than previously reported pairs. We acknowledge
that while the T7 RNAP–promoter variant pairs in Table 1
are stringently orthogonal, their absolute transcription activi-
ties are only ∼1 / 10 that of the wild-type T7 RNAP–promoter
pair . However , as the activity of the wild-type T7 RNAP–
promoter pair is often too high in intracellular applications,
it may cause cellular toxicity without being turned down [ 16 ,
26 , 50 , 51 ]. Therefore, the lower activity of the reprogramed
RNAP–promoter pairs should not be a significant limitation
in applications. 

Designing T7 RNAP–promoter variants with new 

combinations of interactions 

Although we have shown that a large number of cognate T7
RNAP–promoter variant pairs predicted by DCA are indeed
active, the amino acid residue type combinations and base
type combinations in these pairs were all derived from natu-
ral sequences. Next, we examined if sequences with new type
combinations at both the protein and the DNA sides could be
computationally designed to achieve specific recognition. 

We first tested the performance of two structure-based
models for redesigning protein–DNA interactions, Roset-
taDNA [ 52 ] and LigandMPNN [ 53 ], on the T7 RNAP–
promoter complex by examining how the scores produced
by these methods correlate with the experimentally mea-
sured results of 137 RNAP–promoter variant pairs (Fig. 4 A;
Supplementary Methods). Both methods yielded reasonable
Pearson correlation coefficients (0.6 for RosettaDNA and

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Figure 4. Designing T7 RNAP variants for recognizing new promoters. ( A ) Correlations between the scores of two str uct ure-based models and two 
MSA-based models with the transcriptional activity data measured for 137 pairs of T7 RNAP–promoter variants. The activity values on the x-axis 
represent the logarithm of GFP fluorescence intensity. ( B ) The look-up table and mapped sequence logos illustrating the mapping from individual residue 
types to subgroups of base type combinations. The top two rows in the look-up table are the positions and residue types in Region3, while the bottom 

tw o ro ws are the mapped positions and base type combinations in the promoter. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. Pearson correlation coefficients between the scores of different 
models on 137 pairs of T7 RNAP–promoter variants 

Method RosettaDNA DCA LM 

LigandMPNN 0.53 0.58 0.51 
RosettaDNA – 0.77 0.63 
DCA – – 0.71 

The highest value is in bold text. 

 

 

0.56 for LigandMPNN). Notably, the RosettaDNA scores
contained only contributions from the backbone-dependent
residue type terms and the side chain hydrogen bond terms,
rather than the total scores (see Supplementary Methods and
Supplementary Table S3 ). However, these correlations were
weaker than that computed with the DCA model (Pearson cor-
relation coefficient 0.75). For comparisons, a language model
trained on the RNAP–promoter sequence set (Supplementary
Methods) produced a Pearson correlation coefficient of 0.55
( Supplementary Fig. S9 ). Interestingly, the Pearson correlation
coefficient between the structure-based RosettaDNA scores
and the MSA-based DCA scores was 0.77 (Table 3 ). Thus,
in our setup, the evolutionarily selected protein–DNA pairs
are also those that result in physically favorable interactions
(i.e. strong protein–DNA hydrogen bonds) under the given

structure. 
To facilitate further designs, we simplified the DCA model 
into a look-up table based on the 49 experimentally deter- 
mined RNAP–promoter variant pairs associated with high ac- 
tivity (Fig. 4 B). In this table, each of the three key amino acid 

residues is coupled with only a subset of the five key bases.
The allowed residue types are enumerated for each position,
and each of them is mapped to a group of cognate base type 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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Table 4. The activities of designed T7 RNAP–promoter variants with new 

specific interactions 

Target 
promoter 

RNAP 
variant 

RNAP variant 
activity a 

T7 RNAP 
activity a Selectivity b 

AACGC NRR 4.50 ( ± 3.82) 2.62 ( ± 1.73) 74 
AACTC DRK 3.02 ( ± 2.38) 2.17 ( ± 1.63) 7 
AACTC NRK 3.62 ( ± 2.87) 2.18 ( ± 1.63) 27 
AACTC NRR 3.66 ( ± 2.46) 2.18 ( ± 1.63) 30 
A CCA C DNK 3.18 ( ± 2.11) 2.63 ( ± 1.52) 4 
A CCA C DNR 2.44 ( ± 1.74) 2.63 ( ± 1.52) 1 
ACCGC DRK 3.79 ( ± 2.68) 2.74 ( ± 1.43) 11 
ACCTC DRK 3.62 ( ± 2.74) 2.27 ( ± 1.69) 22 
GA CA C DNK 2.95 ( ± 1.85) 3.28 ( ± 2.19) 0 
GA CA C DNR 2.48 ( ± 1.56) 3.28 ( ± 2.19) 0 
GACGC DRK 3.93 ( ± 2.34) 3.07 ( ± 2.57) 7 
GACTC DRK 2.17 ( ± 1.81) 2.24 ( ± 1.43) 1 
GCCAC DHK 4.58 ( ± 3.18) 2.87 ( ± 1.95) 51 
GCCAC DHR 3.49 ( ± 2.78) 2.87 ( ± 1.95) 4 
GCCAC DNK 3.32 ( ± 2.64) 2.87 ( ± 1.95) 3 
GCCAC DNR 2.69 ( ± 1.99) 2.87 ( ± 1.95) 1 
GCCGC DRK 3.72 ( ± 2.95) 2.87 ( ± 1.96) 7 
GCCTC DRK 3.49 ( ± 2.70) 2.42 ( ± 1.62) 12 
TCCAC DNK 2.98 ( ± 2.15) 2.74 ( ± 1.44) 2 
TCCTC DRK 3.14 ( ± 2.50) 2.45 ( ± 1.85) 5 
a The activity values are the logarithm of the average of three independent 
cultures measured under 50 μM IPTG induction, after subtracting the activ- 
ity value of negative control. The values in parentheses indicate the logarithm 

of one standard deviation. 
b The selectivity is defined as the ratio of the activity of the RNAP variant on 
the target promoter to the activity of the wild-type T7 RNAP on the target 
promoter. The selectivity values > 10 are highlighted in bold. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ombinations observed in the active RNAP–promoter variant
airs. Based on this table, new three-residue combinations can
e generated from the allowed residue types, while the cor-
esponding five-base combinations can be derived from the
isted mappings from the residue type to the base type com-
inations. It is also possible to decode the residue type com-
ination to recognize a given promoter sequence. Thus, the

ook-up table can be used as a guidance for generating new
andidate cognate pairs. 

We systematically considered all possible combinations of
ases at the five key promoter positions, which comprised
 total of 4 

5 = 1024 possibilities. After excluding combina-
ions already covered by natural promoters, 917 possibilities
emained. For 148 of them, corresponding residue type com-
inations at the three key RNAP sequence positions could be
ecoded according to the look-up table. This led to a total
f 389 T7 RNAP–promoter variant pairs. In 152 pairs, the
esidue type combinations are new and all the five bases are
ifferent from those in the wild-type T7 promoter. Then, we
pplied RosettaDNA to evaluate the pairs and obtained 20
airs with the highest scores. These 20 pairs involved 13 new
romoter sequences and seven T7 RNAP variants with new
esidues type combinations at the three key positions, none
f which had been observed in natural proteins. We experi-
entally determined the transcriptional activities of these 20
airs. For comparison, we also determined the activities of the
ild-type T7 RNAP on the 13 new promoter sequences. The

esults are presented in Table 4 , and the raw fluorescence in-
ensity data are provided in Supplementary Dataset S2 . Most
f the designed T7 RNAP variants showed higher activities on
heir corresponding target promoters than the wild-type T7
NAP, with seven out of 20 pairs showing activities at least
0-fold higher than those of the wild type. These results con-
rmed the effectiveness of our approach of using the look-up
able derived from the MSA to sample or propose designs and
sing a structure-based model such as RosettaDNA for engi-
eering new specific interactions not yet sampled by natural
volution. 

iscussion 

e developed the PhageProm algorithm for the systematic
dentification of ssRNAPs and their recognized promoters
ithin phage genomes. For the prediction of T7-like promot-

rs, PhageProm demonstrates higher accuracy than PHIRE
nd greater diversity of predicted promoters compared with
hagePromoter. For the other three categories of ssRNAP pro-
oters (phiKMV-like, KP34-like, and Syn5-like), it is difficult

or PHIRE and PhagePromoter to make reliable predictions.
or genomes without definite prediction of the promoters, we
rovided a small number of potentially promoter-containing
ubsequences for each genome, which could narrow the search
ange for future promoter characterization by experiments.
he comprehensive predictions of T7-like promoters allowed
s to train a DCA model to infer co-evolving pairs of pro-
ein residues and DNA bases from the RNAP–promoter joint

SA. 
Our MSA provided systematic insights into the specificity

f T7-like RNAP–promoter interactions. Over the past three
ecades, there has been a continuous effort to understand how
romoter specificity is achieved by T7 RNAP [ 3 , 4 , 45 ]. These
iochemical and structural studies have revealed the residues
nd bases at the key positions that determine the recognition
pecificity of T7 RNAP–promoters, as well as the interaction
relationships between these key residues and bases. However,
these studies have mainly focused on the T7 RNAP alone,
not considering the large protein family. It is currently un-
clear which other family members follow the same recognition
rules as T7 RNAP and which do not. Our analysis revealed
that most T7-like RNAPs share a common structural basis for
promoter recognition with T7 RNAP, while some others, such
as K1E and SP6, did not follow the recognition rules derived
from the DCA. The latter finding contrasts with the prior as-
sumption that SP6 and T7 shared the same recognition rules
[ 3 , 4 , 45 ]. 

Another important aspect of our analysis that goes beyond
existing studies is that we can decode the combinations of
residue / base types on the protein / DNA side and their connec-
tions based on a DCA model. Here the decoded information
is visualized through a network, in which the shortest path
distance between two nodes (RNAPs or promoters) is deter-
mined by their sequence similarity. These shortest path dis-
tances roughly correlate with evolutionary distances, which
may support the gradual diverging of the promoter spectrum
rather than abrupt switches of promoter specificity. 

We demonstrated that our analysis can efficiently guide the
engineering of promoter specificity for T7-like RNAP, espe-
cially for creating orthogonal RNAP–promoter pairs or de-
signing RNAP–promoter pairs with new specific interactions.
We showed that the orthogonal pairs designed here, based on
DCA of the comprehensive family dataset, exhibited far lower
off-diagonal activities than previous designs based on exam-
ining the sequence of a few individual family members. 

We note that most of the transcriptional activities of the
T7 RNAP–promoter variants characterized here are one or-
der of magnitude or more lower than that of the wild-type T7
RNAP–promoter. This phenomenon has also been observed
in previous studies [ 3 , 4 , 6 , 16 , 29 ]. Directed evolution experi-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf140#supplementary-data
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ments by previous researchers have yielded interesting results,
showing that some mutations outside the specificity loop, such
as E222K, H772R, and E775V, can generally improve the
activities of these T7 RNAP variants without compromis-
ing their promoter recognition specificity [ 29 , 31 ]. However,
it is unclear whether these mutations promoted the binding
of RNAPs to promoters, enhanced the expression or folding
of RNAPs or increased the activity through some other un-
known mechanisms. It is worthwhile addressing the questions
of whether analyzing the full-length sequences of natural T7-
like RNAPs can explain how these mutations function, and
whether other approaches such as protein language models
can be used to generate compensatory mutations to improve
the activities of these T7 RNAP variants with altered promoter
specificity. 

Although the specific recognition between protein and
DNA is eventually determined by intra- and inter-molecular
physical interactions, existing structure-based models do not
yet generally allow the accurate design of such recognition.
Here we demonstrated that information derived from DCA of
paired protein–DNA MSA can be combined with structure-
based models such as RosettaDNA to efficiently design new
protein–DNA interactions. The dataset and analysis results
provided here may guide the promoter specificity engineering
of T7 or T7-like RNAPs. Moreover, the approaches adopted
here should be applicable to other protein–DNA recognition
systems. 
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