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1 Computational approaches for bacterial pro-

moter recognition

Table 1: A number of promoter prediction approaches
published within the last twelve years. Columns are
methods’ name and publication year, brief description
of approach used to detect promoters, and target organ-
ism(s).

Name Approach Target Organism(s)
Selector [1]

(2021)
Stacked-ensemble

approach
E. coli

iPromoter-BnCNN [2]
(2020)

CNN-based classifier E. coli

MULTiPLy [3]
(2019)

SVM E. coli

iProEP [4]
(2019)

Support vector
machine (SVM)

H. sapiens
D. melanogaster

C. elegans
B. subtilis

E. coli

iPro70-FMWin [5]
(2018)

Sequence-based
features extracted for
”multiple windows”

and logistic regression

E. coli

IBPP [6]
(2018)

SVM E. coli

iPromoter-2L [7]
(2018)

Multi-window-based
pseudo K-tuple

nucleotide
composition

E. coli

70ProPred [8]
(2018)

SVM E. coli

G4PromFinder [9]
(2018)

Detection of AT-rich
element and

G-quadruplex motifs

S. coelicolor A3(2)
P. aeruginosa PA14
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bTSSfinder [10]
(2017)

Position weight
matrices (PWM) and

neural networks

E. coli K12
Nostoc sp. PCC 7120

Synechocystis sp.
PCC 6803

S. elongatus PCC
6301

CNNProm [11]
(2017)

Convolutional Neural
Networks (CNN)

E. coli
B. subtilis

Homo sapiens
Mus musculus

Arabidopsis

vw Z-curve [12]
(2012)

Variable-window
Z-curve for frequencies

of k-nucleotides and
partial least squares

classifier

E. coli
B. subtilis

PePPER [13]
(2012)

MEME motif search
for the Pribnow box

DNA pattern

L. lactis
E. coli

B. subtilis
BacPP [14]

(2011)
Neural networks E. coli

PromPredict [15]
(2010)

Thresholds on
sequences’ average free

energy

E. coli
B. subtilis

M. tuberculosis
BPROM [16]

(2010)
Linear Discriminant

Analysis (LDA)
E. coli
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2 Number of instances per bacterium in train-

ing and validation data sets

Table 2: Training data sets. Data sets are given in the
same order as in Table 10 in the manuscript

BACTERIA ID
PROMOTER
SEQUENCES

NON-PROMOTER
SEQUENCES

ECOLI 248 2,773
ECOLI 2 2,636 26,147

HPYLORI 1,877 18,273
HPYLORI 2 448 4,448

CJEJUNI 269 2,674
CJEJUNI 2 1,881 18,298
CJEJUNI 3 2,140 20,736
CJEJUNI 4 1,919 18,619
CJEJUNI 5 1,973 19,173
SPYOGENE 891 8,754

STYPHIRMURIUM 1,869 18,464
CPNEUMONIAE 530 5,221
SONEIDENSIS 4,728 46,511

LINTERROGANS 2,791 27,979
SCOELICOLOR 3,566 35,170

SUBTOTAL 27,766 273,240
TOTAL 301,006
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Table 3: Balanced test data sets. These data sets were
not used during training. They were used to assess Pro-
motech’s performance on independent data and compare
its performance with that of existing tools.

BACTERIA ID
PROMOTER
SEQUENCES

NON-
PROMOTER
SEQUENCES

MYCOBACTER 4,054 3,978
CLOSTRIDIUM 1,187 1,177

RHODOBACTER 5,374 5,207
BACILLUS 1,064 1,055

SUBTOTAL 11,615 11,417
TOTAL 23,032
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3 Whole-genome promoter search requiring

10% sequence overlap between predicted

promoters and actual promoters

Figure 1: A comparison between the AUPRC and AUROC requiring 10%
sequence overlap between predicted promoters and actual promoters in the
Mycolicibacterium smegmatis str. MC2 155 bacterium. Column (a) shows
the PR curves per model and (b) shows the ROC curves.

Figure 2: A comparison between the AUPRC and AUROC requiring 10%
sequence overlap between predicted promoters and actual promoters in the
Lachnoclostridium phytofermentans ISDg bacterium. Column (a) shows the
PR curves per model and (b) shows the ROC curves.
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Figure 3: A comparison between the AUPRC and AUROC requiring 10%
sequence overlap between predicted promoters and actual promoters in the
Rhodobacter capsulatus SB 1003 bacterium. Column (a) shows the PR curves
per model and (b) shows the ROC curves.

Figure 4: A comparison between the AUPRC and AUROC requiring 10%
sequence overlap between predicted promoters and actual promoters in the
Bacillus amyloliquefaciens XH7 bacterium. Column (a) shows the PR curves
per model and (b) shows the ROC curves.
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4 RNN’s hyper-parameters

Table 4: Hyper-parameter setting used in the RNN’s architecture and train-
ing.
Hyper-parameter Value
Number of embedding units 50
Number of recurrent units 100
Type of recurrent units LSTM or GRU
Number of fully-connected units 100
Number of hidden dense layers 0, 1, 2, 3, or 4
Dropout rate 0.2
Epochs 50
Batch size 10
Activation function Sigmoid
Optimizer Adam
Loss function Binary cross-entropy
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