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Abstract 

A terminator is a DNA region that ends the transcription process. Currently, multiple computational tools are a v ailable f or predicting bacterial 
terminators. Ho w e v er, these methods are specialized for certain bacteria or terminator type (i.e. intrinsic or factor-dependent). In this w ork, w e 
de v eloped B acTermFinder using an ensemble of con v olutional neural netw orks (CNNs) receiving as input four different representations of ter- 
minator sequences. To de v elop B acTermFinder, w e collected roughly 41 0 0 0 bacterial terminators (intrinsic and factor-dependent) of 22 species 
with varying GC-content (from 28% to 71%) from published studies that used RNA-seq technologies. We e v aluated B acTermFinder’s perf or- 
mance on terminators of five bacterial species (not used for training BacTermFinder) and two archaeal species. BacTermFinder’s performance 
was compared with that of four other bacterial terminator prediction tools. Based on our results, B acTermFinder outperf orms all other four 
approaches in terms of a v erage recall without increasing the number of f alse positiv es. Moreo v er, B acTermFinder identifies both types of termi- 
nators (intrinsic and factor-dependent) and generalizes to archaeal terminators. Additionally, we visualized the saliency map of the CNNs to gain 
insights on terminator motif per species. BacTermFinder is publicly available at https:// github.com/ BioinformaticsLabAtMUN/ BacTermFinder . 
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ranscription starts at the promoter region and ends at the
erminator region. A terminator is a DNA segment that in-
icates the end of a gene or operon [ 1 ]. The termination of
ranscription is a process crucial for the accurate synthesis of
NA. In prokaryotes, termination can occur through either

actor -dependent or factor -independent mechanisms, with the
atter known as intrinsic termination. Intrinsic terminators are
 DNA region rich in cytosine (C) and guanine (G) nucleotides
ollowed by a poly-thymine (T) sequence. In the canonical ter-
inator structure, the RNA created from the CG-rich region
inds with itself, forming a hairpin structure that causes the
NA polymerase to stall. The weak base pairing between the
denine (A) nucleotides of the DNA template and the uridines
f the RNA transcript let the transcript to detach from the
emplate thus, terminating the transcription [ 2 ]. However, al-
ernative intrinsic terminator structures have been identified
n many bacteria [ 3 ]. While intrinsic termination requires only
is -acting elements on nascent RNAs, factor-dependent termi-
ation depends on both cis -acting RNA elements and a pro-
ein such as Rho ( ρ), which mediates termination via three
istinct mechanisms [ 4 ]. 
Identifying terminators is crucial for understanding operon

tructure and transcriptional regulation. As both terminator
ypes rely, at least partially, on cis -acting elements on the
NA template, they can be predicted from genomic sequence.
his can be done via computational identification. Genome-
ide terminator prediction via computational approaches is
ore affordable and efficient than via wet lab approaches. Al-
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though terminator predictions should be considered putative
terminators or terminator-like regions requiring further val-
idation. Since the development of TransTermHP [ 5 ], which
is arguably the most cited terminator prediction tool, there
have been several computational tools developed for bacterial
terminator prediction (summarized in Table 1 ). However, as
one can see in Table 1 , these tools have either (i) focused on
few (one to three) bacterial species (mostly Esc heric hia coli
and Bacillus subtilis ), (ii) used a relatively small number of
terminators for generating their model, (iii) predicted a sin-
gle terminator type (factor-dependent or intrinsic), or (iv) a
combination of the above. Thus, there is still the need for a
species- and terminator type-independent tool for predicting
bacterial terminators. The availability of genome-wide tran-
scription termination sites (TTSs, also called in other stud-
ies 3 

′ termini or 3 

′ ends) identified by RNA-seq technolo-
gies such as Term-seq [ 6 ], SEnd-seq [ 7 ], SMRT-cappable [ 8 ],
RendSeq [ 9 ], RNATag-seq [ 10 ], and dRNA-seq [ 11 ] in sev-
eral bacterial species opens the door to generate a species-
agnostic machine learning-based model using a large num-
ber (i.e. thousands) of terminator sequences of a wide range
of bacterial species. Here, we generated such a method by
(i) gathering a large collection of TTSs from published stud-
ies, (ii) exploring thousands of features to represent (encode)
terminator sequences, (iii) generating and assessing 11 dif-
ferent machine learning models to identify bacterial termi-
nators, and (iv) comparatively assessing the performance of
our best model (BacTermFinder) with the performance of
four other bacterial terminator prediction methods (namely,
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Table 1. Summary of tools for predicting bacterial terminators 

Methods Year Terminator type Method Software a v ailable? # of terminators # of species 

InterPin [ 42 ] 2023 Intrinsic SM * N / A N / A 

TermNN [ 12 ] 2022 Intrinsic DL Yes 1175 2 
ITT prediction [ 49 ] 2021 Intrinsic Statistical No 137 1 
iterb-PPse [ 50 ] 2020 Both ML No 928 2 
iTerm-PseKNC [ 13 ] 2019 Both ML Yes 852 1 
RhoTermPredict [ 14 ] 2019 Factor-dep. DP Yes 1298 3 
OPLS-DA [ 51 ] 2018 Factor-dep. DA Yes 104 2 
PASIFIC [ 52 ] 2017 Intrinsic SM Yes 330 89 
RNIE [ 53 ] 2011 Intrinsic CM Yes 1062 2 
TransTermHP [ 5 ] 2007 Intrinsic DP Yes N / A N / A 

# of terminators indicates how many terminator sequences were used in the study. The # of species indicates how many bacterial species were considered. CM 

= covariance model, DA = discriminant analysis, DL = deep learning, DP = Dynamic programming, ML = machine learning, and SM = Structure matching. 
* Database with predictions available. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

T ermNN [ 12 ], iT erm-PseKNC [ 13 ], RhoT ermPredict [ 14 ],
and TransTermHP [ 5 ]). Our results show that BacTermFinder
can detect intrinsic and factor-dependent terminators and
even archaeal terminators at a higher recall rate than current
tools. 

Materials and methods 

Terminator sequences collection 

We searched the National Center for Biotechnology Infor-
mation (NCBI) PubMed [ 15 ] and Gene Expression Om-
nibus database [ 16 ] using as keywords Term-seq, SEnd-seq,
SMRT-cappable, Rend-seq, RNATag-seq, and dRNA-seq to
find published studies, which experimentally identified bac-
terial TTSs. For each identified study, using an IPython
Notebook [ 17 ] and pandas data manipulation library [ 18 ],
we stored in a BED file the genomic location of identi-
fied TTSs (provided in the supplementary material of the
corresponding publication). With BEDTools’ [ 19 ] slopeBed
and FastaFromBed commands, we extracted the genomic se-
quences corresponding to 100 nt flanking the TTSs (50 nt on
either side) into a FASTA file. In each operation, stranded-
ness was taken into account. We chose 50 nt on either side
of the TTSs as a previous study [ 20 ] found intrinsic termina-
tor regions in E. coli as long as 65 nt. Thus, a sequence of
100 nt long would be enough to contain this region and al-
low for some variation. Terminators present in plasmids were
disregarded. We also collected archaeal TTSs during this pro-
cess and kept these for the comparative assessment. Addition-
ally, we collected TTSs available in the following databases:
RegulonDB [ 21 ], DBTBS [ 22 ], and BSGatlasDB [ 23 ]. As we
collected multiple data sets for some of the bacterial species,
we needed to remove duplicated sequences from our data.
To achieve this, we merged genomic locations if they had at
least a 60% genomic location overlap. When the merged se-
quence was > 100 nt, we symmetrically removed the extra nu-
cleotides from the beginning and the end of the sequence. Ad-
ditionally, sequences containing ambiguous characters (such
as N, Y, etc) were removed. As some of the studies we collected
data from have used different genome assemblies for the same
bacterium, after getting the terminator sequences, we removed
duplicated sequences (i.e. sequences 100% identical). The bac-
terial species with their number of non-redundant terminators
used for training and comparative assessment are listed in Ta-
bles 2 and 3 , respectively. Details about each study are listed
in Supplementary Table S1 . 
Confirming the sequence length for terminator 
identification 

To confirm that a sequence pattern was within the 100 nt ex- 
tracted, we used relative nucleotide frequency graphs to visu- 
alize whether a distinct pattern was present within this region 

of interest (ROI). The relative log2 nucleotide frequency F i , j 

for a specific position j and nucleotide i ( i ∈ { A , T , C , G }) was
calculated by log 2 ( 

N i, j 

M 

) where N i ,j is the total count of nu- 
cleotide i at position j and M is the total number of sequences.
The log2 ratio of the relative nucleotide frequency in the ROI 
for each position j and nucleotide i was obtained by subtract- 
ing from F i , j the log2 of the nucleotide i -content in the corre- 
sponding genome. 

Non-terminator sequences generation 

To train machine learning-based models, we needed instances 
of non-terminators of the same length and from the same 
genome as the terminator-containing sequences. To generate 
these negative examples, we used BEDTools’ shuffle command 

to randomly generate genomic coordinates different from the 
terminator regions. These random genomic regions are taken 

from anywhere in the genome and, thus, include intergenic 
and intragenic sequences. We allowed a maximum sequence 
overlap between positive and negative sequences of 20 nt. A 

ratio of 1–10 positive to negative was used as it was shown 

in [ 24 ] that there should be more negative than positive in- 
stances to lower the false-positive rate during genome scan.
Furthermore, the terminator detection problem has a natural 
imbalance between terminator and non-terminator sequences,
as the estimated number of terminators in a bacterial genome 
is relatively tiny compared to the number of all possible non- 
terminator sequences of the same length. Henceforth, we re- 
fer to our complete data set (including terminator and non- 
terminator sequences) as BacTermData. 

Feature engineering and selection 

BacTermData contains DNA sequences consisting of ATCG 

characters. However, machine learning methods expect to re- 
ceive a numerical representation of the sequences as input.
There are many approaches to numerically representing se- 
quences, such as one-hot (binary) encoding, k-mer frequen- 
cies, etc. As it is not feasible to determine a priori which repre- 
sentation would generate the ‘best-performing’ machine learn- 
ing model, one needs to try out several distinct representa- 
tions. Here, the best-performing model refers to a model that 
maximizes a specific performance metric, such as the F1-score 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
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Table 2. Number of non-redundant terminators (No. Term.) per genome accession used for training 

Data source Species Phylum Genome No. GC Avg. 
Accession Term. (%) Pre. 

[ 6 , 54 ] Bacillus subtilis 168 Bacillota AL009126.3 1800 42.9 0.88 
[ 55–57 ], 
[ 23 , 58 , 59 ] Bacillus subtilis 168 Bacillota NC_000964.3 4872 42.9 0.72 
[ 57 ] Caulobacter vibrioides NA1000 Pseudomonadota CP001340.1 341 66.2 0.93 
[ 60 ] Clostridioides difficile 630 Bacillota CP010905.2 1646 28.6 0.84 
[ 61 ] Dic k e y a dadantii 3937 Pseudomonadota NC_014500.1 1786 55.5 0.49 
[ 62 ] Esc heric hia coli BW25113 Pseudomonadota CP009273.1 1095 50.1 0.81 
[ 7 , 57 , 58 , 63 ], 
[ 8 , 37 , 64 ] E. coli str. K-12 substr. MG1655 Pseudomonadota NC_000913.3 4139 50.1 0.62 
[ 65 ] Pseudomonas aeruginosa PAO1 Pseudomonadota NC_002516.2 805 65.6 0.89 
[ 66 ] Staphylococcus aureus JKD6009 Bacillota LR027876.1 978 32.4 0.81 
[ 67 ] Staphylococcus aureus NCTC 8325 Bacillota NC_007795.1 566 32.4 0.90 
[ 68 ] Streptococcus pneumoniae D39V Bacillota CP027540.1 747 39.1 0.94 
[ 69 ] Streptococcus pneumoniae TIGR4 Bacillota NC_003028.3 1810 39.1 0.67 
[ 70 , 71 ] Streptomyces avermitilis MA-4680 Actinomycetota BA000030.4 2006 69.7 0.63 
[ 71 , 38 ] Streptomyces clavuligerus ATCC27064 Actinomycetota CP027858.1 1583 71.6 0.62 
[ 71 ] Streptomyces coelicolor M145 Actinomycetota NC_003888.3 1308 71.1 0.73 
[ 71 , 72 ] Streptomyces griseus NBRC13350 Actinomycetota NC_010572.1 2724 71.2 0.76 
[ 71 , 73 ] Streptomyces lividans TK24 Actinomycetota CP009124.1 1999 71.2 0.59 
[ 71 ] Streptomyces tsukubaensis NBRC108819 Actinomycetota CP020700.1 1283 70.8 0.55 
[ 57 ] Vibrio natriegens ATCC 14048 Pseudomonadota CP009977.1 905 44.7 0.97 
[ 57 ] Vibrio natriegens ATCC 14048 Pseudomonadota CP009978.1 257 44.1 0.90 
[ 74 ] Vibrio parahaemolyticus RIMD 2210633 Pseudomonadota NC_004603.1 1852 44.7 0.67 
[ 75 ] Zymomonas mobilis ZM4 = ATCC 

31821 
Pseudomonadota CP023715.1 2040 45.7 0.54 

There is a total of 36 542 terminator sequences. Avg. Pre. shows the average precision obtained during cross-validation as in Fig. 5. 

Table 3. Number of non-redundant terminators (No. Term.) per species used for comparative assessment for a total of 4626 and 3581 bacterial and 
archaeal terminators, respectively 

Data source Species Phylum Genome No. GC Seq. 
Accession Term. (%) Tech. 

Bacteria 
[ 34 ] Mycobacterium tuberculosis H37Rv Actinomycetota AL123456.3 2202 64.7 Term-seq 
[ 76 ] Streptococcus agalactiae NEM316 Bacillota NC_004368.1 655 35.1 dRNA-seq 
[ 71 ] Streptomyces gardneri ATCC 15439 Actinomycetota CP059991.1 870 70.7 Term-seq 
[ 77 ] Synechocystis PCC 6803 Cyanobacteriota NC_000911.1 553 47.0 Term-seq 
[ 78 ] Synechocystis PCC 7338 Cyanobacteriota CP054306.1 346 47.1 Term-seq 
Archaea 
[ 79 ] Haloferax volcanii DS2 Methanobacteriota NC_013967 1227 65.7 Term-seq 
[ 80 ] Methanococcus maripaludis S2 Methanobacteriota NC_005791 2354 32.6 Term-seq 
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r area under the precision-recall curve (AUPRC). There are
everal libraries or software (e.g. MathFeature [ 25 ], iLearn-
lus [ 26 ], and RepDNA [ 27 ]) to generate features from DNA
equences. Here we decided to use iLearnPlus to represent the
equences in BacTermData, as it can generate a wide vari-
ty of feature sets. Using iLearnPlus, we computed 6208 fea-
ures (belonging to 28 unique feature sets) per sequence. A
eature set contains features created by one feature generation
ethod (e.g. one-hot encoding). After generating the features,
e applied feature selection methods to identify informative

eatures. 
To measure the importance of the features, we used two
ethods: SHAP [ 28 ] and Gini measure of light gradient-
oosting machine (LGBM) [ 29 ]. We used an iterative algo-
ithm to drop features: (i) train an LGBM model with all
emaining features and calculate feature importance values
sing SHAP and Gini measure, (ii) remove features in the
ottom 20% after sorting the features based on their impor-
ance as per both feature importance methods, (iii) repeat step
i) and (ii) until the average of the AUPRC obtained during
10-fold cross-validation decreases. We observed a decrease in
the AUPRC after reaching 1694 features, down from 6208
features (Fig. 1 ). We called these 1694 features (belonging to
22 feature sets) the 22-sets features. Supplementary Table S2
describes the 1694 selected features. 

Generating the 1694 features with ILearnPlus is computa-
tionally intensive [roughly, it processes 30 sequences / second
in a high-performance computing (HPC) cluster]. To re-
duce the computational requirements, we selected the com-
plete six feature sets comprising 60% of the 1694 features
( Supplementary Table S2 ) and called the corresponding fea-
tures the six-sets features. We also kept two feature sets
(ENAC and one-hot / binary encoding) as they preserve the
spatial location of patterns in the ROI. 

Machine learning approaches 

We utilized convolutional neural networks (CNNs) and
fully connected neural networks (FCNNs) as they have been
shown to perform well in various domains [ 30 ]. We also used

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
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Figure 1. Average precision (an estimate of AUPRC) as a function of the 
number of features included in the training set. Each dot indicates an 
iteration of the algorithm used to remo v e non-inf ormativ e features. T he 
shaded area is the standard deviation of 10 cross-validation folds. The 
vertical dash line indicates the point where a drop of AUPRC occurred. 

Table 4. Machine learning approaches considered 

# 
ML 

method Features Description 

1 CNN PS2, ENAC, OH, six-sets 
features 

Fusion a 

2 CNN OH, six-sets features Fusion 
3 CNN PS2, ENAC, OH, six-sets 

features 
Append b 

4 CNN PS2 Single c 

5 CNN OH Single 
6 CNN ENAC Single 
7 CNN NCP Single 
8 CNN PS2, ENAC, OH, NCP Ensemble d 

9 FCNN Six-sets features FCNN trained on 
six-sets features 

10 LGBM Six-sets features A LGBM trained on 
six-sets features 

11 LGBM 22-sets features A LGBM trained on 
22-sets features 

Feature sets are described in Supplementary Table S2. 
a Train one CNN for each of the listed feature sets followed by fully- 
connected layer(s). 
b Train a CNN receiving as input the concatenated listed feature sets fol- 
lowed by fully-connected layer(s). 
c Train a CNN receiving as input the listed feature set followed by fully- 
connected layer(s). 
d Train independent CNNs followed by fully-connected layer(s) on each 
listed feature set and the combined prediction is their average output. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5. CNN architecture description 

La y er type Hyperparameter Value 

Conv1D Filters 64 
Kernel_size 10 
Activation PReLU 

AveragePooling1D Pool_size 2 
Conv1D Filters 64 

Kernel_size 10 
Activation PReLU 

AveragePooling1D Pool_size 2 
BatchNormalization – –
Conv1D Filters 64 

Kernel_size 10 
Activation PReLU 

Dropout Rate 0.1 
Flatten – –
Dense (dropout) Units & (rate) 500 (0.3) 

Activation PReLU 

Dense (dropout) Units & (rate) 600 (0.3) 
Activation PReLU 

Dense (dropout) Units & (rate) 600 (0.3) 
Activation PReLU 

Dense (dropout) Units & (rate) 200 (0.4) 
Activation PReLU 

Dense (dropout) Units & (rate) 200 (0.4) 
Activation PReLU 

Dense Units 1 
Activation Sigmoid 

Table 6. Best hyperparameters for LightGBM model 

Hyperparameter Value 

Boosting_type Goss 
Colsample_bytree 0.8 
Learning_rate 0.1 
Max_depth 7 
Min_child_weight 1 
n_estimators 3000 
Num_leaves 64 
Objective Cross_entropy_lambda 
Random_state 42 
Reg_lambda 30 
Unbalance True 
n_jobs −1 

 

a boosting method because of boosting methods’ ability to
handle tabular data better than other techniques [ 31 ]. Table 4
describes the ML approaches considered. Table 5 describes the
CNNs architecture. 

The architecture of the FCNN is a dense layer contain-
ing 400 units and, using the ReLU activation function, is ap-
plied to the categorical input. This is followed by a dropout
layer with a rate of 0.3 to reduce overfitting. This pattern of a
dense layer with 400 units and ReLU activation followed by a
dropout layer with a rate of 0.3 is repeated six times more. The
output from these repeated layers is then fed into a dense layer
with 200 units and parametric ReLU activation, followed by
a dropout layer with a rate of 0.4. This configuration is re-
peated once more before the final output layer, which consists
of a single unit with a sigmoid activation function to provide
a binary classification output. 
Model generation and assessment 

We used stratified Monte Carlo cross-validation (SM- 
CCV) [ 32 ] (also called repeated random subsampling) to se- 
lect the optimal hyperparameters of the neural network mod- 
els. Monte Carlo cross-validation is a method that randomly 
determines the training and validation set in different iter- 
ations. The positive-to-negative data ratio is maintained in 

each iteration as it is stratified. We used SMCCV with 100 

folds and 10 iterations to find the optimal hyperparameters 
for the models. With 100 folds, 99% of the data is for train- 
ing and 1% for testing on each fold. Neural networks were im- 
plemented in TensorFlow version 2.8.0. We used randomized 

cross-validation with 50 iterations to find the best hyperpa- 
rameters for the LGBM model (Table 6 ). We used the Python 

LGBM implementation version 3.3.3. 
We used SMCCV to assess the models’ performance, and 

calculated average precision, recall, and F-score per species.
We calculated score thresholds for classification that maxi- 
mize the F0.5, F1, and F2 scores. Average precision is calcu- 
lated as AP = 

∑ 

n ( R n − R n − 1 ) P n where R n and P n are the 
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Figure 2. Log2 ratio of the relative nucleotide frequency of all terminator 
sequences in BacTermData. 
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Table 7. SMCCV a v erage precision ± standard deviation 

# Approach Average precision ± S.D. 

1 CNN_fusion 0.5955 ± 0.0232 
2 CNN_fusion 0.6553 ± 0.0252 
3 CNN_append 0.5949 ± 0.0257 
4 CNN_single 0.6738 ± 0.0253 
5 CNN_single 0.6775 ± 0.0214 
6 CNN_single 0.6544 ± 0.0284 
7 CNN_single 0.6730 ± 0.0243 
8 CNN_ensemble 0.7080 ± 0.0248 
9 FCNN 0.5012 ± 0.0319 
10 LGBM 0.5933 ± 0.0269 
11 LGBM 0.6476 ± 0.0217 

The highest SMCCV average precision is highlighted in bold. See Table 4 for 
a description of the ML approaches. 

Figure 3. Depiction of BacTermFinder architecture. 

Figure 4. PRC in blue [starting at coordinates (0,1)] and ROC curve in 
orange [starting at coordinates (0,0)] of BacTermFinder’s performance on 
the aggregated results of SMCCV iterations. Dashed lines show the 
performance of a random classifier. 

 

 

 

 

 

 

 

 

recision and recall at the n th threshold. Recall is the propor-
ion of actual positive instances correctly identified by a model
 

TP 
TP + FN 

), while precision measures the proportion of predicted
ositive instances that are actually true positives ( TP 

TP + FP )
here TP is the number of true positives, FN is the number
f false negatives, and FP is the number of false positives. F-
core is calculated as F-score = (1 + β2 ) 2 ∗Precision ∗Recall 

β2 ∗Precision + Recall where
can be 0.5, 1, or 2 for the corresponding F-Score. 
To support the reproducibility of the machine learning
ethod of this study, the machine learning summary table is

ncluded in the supplementary material as per DOME recom-
endations [ 33 ]. 

esults and discussion 

learly visible pattern in ROI in BacTermData 

e visualized the log2 ratio of the relative nucleotide fre-
uency across the ROI for each study data included in BacTer-
Data and confirmed the presence of a clear pattern around

he middle of the ROI in all the data. Figure 2 shows the ag-
regated pattern around the TTS (middle of the sequence)
n the terminator sequences in BacTermData. This indicates
hat there is indeed a pattern in BacTermData, which ma-
hine learning approaches could learn to identify terminator
equences. BacTermData consists of 41 168 bacterial termi-
ator sequences (36 542 used for training) of 25 bacterial
trains belonging to four phyla: Pseudomonadota (formerly
roteobacteria), Bacillota (formerly Firmicutes), Actinomyce-
ota (formerly Actinobacteria), and Cyanobacteriota. To test
he generalization capabilities of our final model, the termina-
or sequences of five bacterial strains (Table 3 ), including the
nly two belonging to the phylum Cyanobacteriota, were left
ut of training and used only for the comparative assessment.

electing a best performing model: BacTermFinder 

e assessed various ML approaches and sequence representa-
ion combinations (Table 4 ). This assessment involved train-
ng and evaluating these combinations on the data shown in
able 2 using SMCCV. The SMCCV results are presented in
able 7 . The LGBM model trained on the 22-sets features
chieved performance comparable to that of single CNNs,
owever, computing the 22-sets features is resource-intensive
nd time-consuming. During training the models, we noticed
hat the single CNN models were performing well based on
verage precision and thus, we decided to build an ensem-
le with these four models by simply averaging their out-
uts. This approach consisting of an ensemble of the four sin-
le CNNs (Fig. 3 ) achieved an average precision of 0.7080

0.0248, outperforming all the other approaches consid-
red (Table 7 ). We selected this as our final model and
called it BacTermFinder. Figure 4 shows the precision-recall
curve (PRC) and receiver operating characteristic curve (ROC)
of BacTermFinder over all SMCCV iterations. Clearly, Bac-
TermFinder’s performance is well above a random classifier’s
performance (dashed lines in Fig. 4 ). 

Effect of GC content and phylum on terminator 
identification 

It has been shown that there is a correlation between GC
content and prevalence of certain terminator shapes in bac-
teria [ 3 ]. To explore whether there is an effect of GC con-
tent or phylum on terminator identification, we decided to vi-
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Figure 5. Average precision versus GC content of BacTermFinder 
SMCCV results per bacterial strain. Bacterial strains are coloured based 
on their phylum with Bacillota in the GC % between 30 and 43%, 
Pseudomonadot a bet w een 44 and 66%, and A ctinom y cetota abo v e 66%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sualize the average precision per bacterium versus their GC
content and coloured it by the phylum (Fig. 5 ). A linear re-
gression line fitted to this data indicates a moderate relation-
ship between GC content and average precision: As the GC
content increases, the performance decreases (Spearman cor-
relation value of −0.46, P -value .031). For a 10% increase in
GC content, the average precision decreases by 0.038. Thus,
BacTermFinder tends to achieve higher average precision in
bacteria with lower GC content. Bacteria with high GC con-
tent tend to have more factor-dependent terminators [ 34 ] and
less intrinsic terminators with the canonical shape [ 3 ]. Factor-
dependent terminators do not always have the hairpin struc-
ture of intrinsic terminators [ 4 ], and thus, their sequence motif
might be weaker. Additionally, the Rho utilization (rut) site
is 60–90 nt upstream of the terminator [ 35 ], and thus, of-
ten outside our ROI. These issues might partially explain why
BacTermFinder’s performance is lower on high GC bacteria;
however, this pattern is not observed within phyla, and Bac-
TermFinder’s performance is more consistent (with less varia-
tion) for Bacillota and Actinomycetota than for Pseudomon-
adota (Fig. 5 ). All the bacteria in the phylum Actinomycetota
is from the Streptomyces genus (Table 2 ) and that might ex-
plain why BacTermFinder’s performance is similar for these
bacteria; however, this is not the case for the phylum Bacillota.
Other factors, in addition to GC content, probably affect ter-
minator identification between and within phyla and further
investigation is needed. 

Assessing BacTermFinder’s predictions on 

independent validation data 

To confirm that BacTermFinder had learned terminator-like
sequence patterns present in prokaryotic organisms not in-
cluded in the training data, we tested BacTermFinder on an
independent set of bacterial and archaeal terminators. For this
assessment, we used the experimentally determined termina-
tors described in Table 3 as the reference set of true termi-
nators and compare them against BacTermFinder’s genome- 
wide terminator predictions for these organisms. We used Bac- 
TermFinder’s predictions with a probability threshold of at 
least 0.30 (this is the probability threshold that maximized 

the F1 score during cross-validation) and merged those pre- 
dictions three or less nucleotides apart. BacTermFinder predic- 
tions used are available in BacTermFinder’s GitHub repository 
under the folder ‘data / BacTermFinder predictions validation 

set’. 
First we looked at whether predicted terminators have a 

log2 ratio of the relative nucleotide frequency similar to that 
of experimentally identified terminators. Log2 ratios are pro- 
vided in the Supplementary File 2 . To estimate the similarity 
between these distributions, we calculated Kendall’s Tau be- 
tween both frequency distributions per nucleotide. As it can 

be seen from Fig. 6 for Streptococcus agalactiae , the log2 ra- 
tio of the relative nucleotide frequency of predicted termina- 
tors is similar to that of experimentally identified terminators.
The saliency map (Fig. 6 C) shows the contribution of each 

nucleotide per position in BacTermFinder’s predictions. Nega- 
tive numbers reduce the probability of predicting a terminator,
while positive numbers increase the probability of predicting 
a terminator. Figures 7 and 8 show the same visual analysis 
for the archaea Haloferax volcanii and the cyanobacterium 

Synechocystis PCC 6803. Figures for the the other four or- 
ganisms can be seen in Supplementary Figs S1 –S4 . The aver- 
age Kendall’s Tau coefficient value per nucleotide across the 
seven organisms in the validation data are: A 0.42 ± 0.08,
T 0.35 ± 0.17, C 0.29 ± 0.06, and G 0.30 ± 0.18. This 
suggests that BacTermFinder predicted terminators have sim- 
ilar sequence patterns to those present in experimentally de- 
termined terminators. The lowest Kendall’s Tau correlation 

is observed in Methanococcus maripaludis followed by My- 
cobacterium tuberculosis ; while the highest correlation is ob- 
served in Streptococcus agalactiae followed by Synechocystis 
PCC 6803. 

As previously done by Bar A et al. [ 36 ], we classified 

BacTermFinder predicted terminators as primary ( ≤200-nt 
downstream of an annotated stop codon) and internal (in- 
tragenic). On average 16.09 ± 2.16% of BacTermFinder’s 
predictions are primary and 48.67 ± 5.35% are internal.
On average, 23.73 ± 10.60% of TTSs detected by sequenc- 
ing methods are located within genes [ 36–38 ]. Even though,
most BacTermFinder predictions are nearby annotated stop 

codons ( Supplementary Fig. S5 ), the proportion of intra- 
genic predictions among BacTermFinder’s predictions is on 

the upper range of those experimentally detected by se- 
quencing methods. In addition to false positive predictions,
these intragenic predictions might be due to other reasons; 
for example, intragenic intrinsic terminators have been ob- 
served in many bacteria where they might act as attenua- 
tors and terminator-like structures may have other functions 
[ 39 ]. 

We constructed average profiles of structural and physical 
characteristics of the predicted terminators using the values 
collected for RNA dinucleotides in the DiProDB database [ 40 ] 
(accessed on 9th December 2024) and compared them against 
the average profiles of same-length randomly selected se- 
quences from the corresponding genome (control sequences).
Predicted terminators showed a clearly distinct average pro- 
file from that of the control sequences in all RNA character- 
istics available in DiProDB. Figure 9 shows the RNA free en- 
ergy [ 41 ] profiles of BacTermFinder predicted terminators for 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
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Figure 6. Visualization of Streptococcus agalactiae experimentally identified terminators (A) versus BacTermFinder genome-wide predictions (B) on the 
Y-axis is the log2 ratio and on the X-axis is the nucleotide position. Kendall’s Tau coefficient values per nucleotide are A 0.56 ( P -value 9.41 × 10 −17 ), T 
0.62 ( P -value 4.88 × 10 −20 ), C 0.26 ( P -value 1.04 × 10 −4 ), and G 0.38 ( P -value 1.84 × 10 −8 ). ( A ) Log2 ratio of the relative nucleotide frequency of 
experimentally determined terminators. ( B ) Log2 ratio of the relative nucleotide frequency of genome-wide predicted terminators. ( C ) Saliency map 
generated using using [ 81 ]. 
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he seven organism in our validation data. This indicates that
redicted terminator sequences have a clearly distinct struc-
ural characteristics than control sequences. 

omparative assessment for genome-wide 

erminator prediction 

e compared BacTermFinder’s performance with that of
 ermNN [ 12 ], iT erm-PseKNC [ 13 ], RhoT ermPredict [ 14 ],
nd TransTermHP [ 5 ] on terminators of five bacterial species
Table 3 ) not used for generating our model. We decided
o include T ermNN, RhoT ermPredict, and iT erm-PseKNC
n the comparative assessment because they are the most
ecently developed tools available for predicting intrinsic,
actor-dependent, and both types of terminators, respectively
Table 1 ). We included TransTermHP because, as mentioned
earlier, is the most cited tool for bacterial terminator predic-
tion. All programs were used to obtain genome-wide termina-
tor predictions. Additionally, we downloaded (on 9th Decem-
ber 2024) genome-wide intrinsic terminator predictions from
the InterPin database [ 42 ] for Synechocystis sp. PCC 6803 and
Streptococcus agalactiae NEM316. The InterPin database pre-
dictions for Mycobacterium tuberculosis H37Rv and Strepto-
myces gardneri ATCC 15439 were done in a different genome
assembly than the one used in this study. There were not pre-
dictions available for Synechocystis sp. PCC 7338 in the In-
terPin database. 

Statistical significance of the difference in recall between
methods was estimated using the Friedman test which is a
non-parametric test recommended for comparison of more
than two classifiers over multiple datasets [ 43 ]. To find out
which models differ in terms of recall, we used several post-
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Figure 7. Visualization of H . volcanii DS2 experimentally identified terminators (A) versus BacTermFinder genome-wide predictions (B) on the Y-axis is the 
log2 ratio and on the X-axis is the nucleotide position. Kendall’s Tau coefficient values per nucleotide are A 0.43 ( P -value 2.57 × 10 −10 ), T 0.26 ( P -value 1.2 
× 10 −4 ), C 0.39 ( P -value 1.04 × 10 −8 ), and G 0.32 ( P -value 2.09 × 10 −6 ). ( A ) Log2 ratio of the relative nucleotide frequency of experimentally determined 
terminators. ( B ) Log2 ratio of the relative nucleotide frequency of genome-wide predicted terminators. ( C ) Saliency map generated using [ 81 ]. 

 

 

 

 

 

 

 

 

 

 

hoc pair-wise tests as recommended in [ 44 ], namely Quade,
Miller, Nemenyi, and Siegel post-hoc tests. All statistical tests
were carried out in R using the packages PMCMRplus [ 45 ]
and scmamp [ 46 ]. 

As the experimentally identified terminators by sequenc-
ing methods in our validation data are not exhaustive (i.e.
there are actual terminators missing due to lack of expression
of some transcripts in the growth conditions sampled for se-
quencing), absence of a experimentally-detected terminator in
a specific region does not prove that there is not a terminator 
in that region. Considering all predicted terminators absent in 

the validation data as false positives would overestimate the 
false positive rate of the tools. Thus, we evaluated predictive 
performance using recall (also called sensitivity or true posi- 
tive rate) at 10 sequence overlapping thresholds between the 
predicted terminators and the actual terminators (Table 8 ).
That is, we first considered as correct predictions those pre- 
dictions with at least 10% overlap with an actual terminator,
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Figure 8. Visualization of Synechocystis PCC 6803 experimentally identified terminators (A) versus BacTermFinder genome-wide predictions (B) on the 
Y-axis is the log2 ratio and on the X-axis is the nucleotide position. Kendall’ s T au coefficient values per nucleotide are A 0.43 ( P -value 1.82 × 10 −10 ), T 0.47 
( P -value 4.98 × 10 −12 ), C 0.29 ( P -value 1.70 × 10 −5 ), and G 0.36 ( P -value 7.64 × 10 −8 ). ( A ) Log2 ratio of the relative nucleotide frequency of 
experimentally determined terminators. ( B ) Log2 ratio of the relative nucleotide frequency of genome-wide predicted terminators. ( C ) Saliency map 
generated using [ 81 ]. 
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hen considered those with at least 20% overlap with an ac-
ual terminator as correct, and so on until considering only
hose with 100% overlap with an actual terminator as cor-
ect. In this way, we evaluated how accurately the terminator
ocation is predicted by the tools. To do this, we used BED-
ools’ intersect command and calculated recall at each overlap

hreshold.  
We included in the comparative assessment bacteria with
different GC content. Bacteria with high GC content tend to
have a larger proportion of factor-dependent terminators [ 34 ].
For example, Mycobacterium tuberculosis is reported to have
a large proportion (up to 54%) of factor-dependent termina-
tors [ 34 ]. As RhoTermPredict was designed to predict factor-
dependent terminators, we hypothesized it would perform
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Figure 9. RNA free energy a v erage profiles of predicted terminator sequences (orange, jagged line) and control sequences (gray, horizontal line). 
Dinucleotide free energy values were obtained from the DiProDB database. AL123456.3 = Mycobacterium tuberculosis H37Rv, CP054306.1 = 

Synechocystis PCC 7338, CP059991.1 = Streptomyces gardneri ATCC 15439, NC_0 0 0911.1 = Synechocystis PCC 6803, NC_004368.1 = Streptococcus 
agalactiae NEM316, NC_005791 = Methanococcus maripaludis S2, NC_013967 = H . volcanii DS2. 

Table 8. Average recall over 10 overlap thresholds ± standard deviation for four other terminator prediction tools and BacTermFinder 

Bacterium RhoTermPredict ITerm-PseKNC T ransT ermHP TermNN BacTermFinder 

Streptomyces gardneri 
ATCC 15439 

0.25 ± 0.13 0.01 ± 0.004 0.17 ± 0.10 0.37 ± 0.22 0.60 ± 0.22 

CP059991.1, GC = 70.7% 

Mycobacterium tuberculosis 
H37Rv 

0.24 ± 0.16 0.18 ± 0.11 0.003 ± 0.002 0.14 ± 0.09 0.23 ± 0.12 

AL123456.3, GC = 64.7% 

Synechocystis sp. PCC 7338 0.10 ± 0.04 0.12 ± 0.05 0.28 ± 0.15 0.51 ± 0.26 0.64 ± 0.22 
CP054306.1, GC = 47.1% 

Synechocystis sp. PCC 6803 0.12 ± 0.08 0.10 ± 0.05 0.22 ± 0.10 0.48 ± 0.24 0.54 ± 0.18 
NC_000911.1, GC = 47.0% 

Streptococcus agalactiae 
NEM316 

0.02 ± 0.006 0.24 ± 0.13 0.56 ± 0.27 0.77 ± 0.32 0.82 ± 0.30 

NC_004368.1, GC = 35.1% 

Overall mean recall 0.15 ± 0.10 0.13 ± 0.09 0.25 ± 0.20 0.46 ± 0.23 0.57 ± 0.21 

The corresponding genome accession and GC content (%) is provided below each bacterium name. The highest recall per row is highlighted in bold. 

 

 

 

 

 

 

 

 

 

better on bacteria with high GC content than on bacteria with
low GC content. On the other hand, we hypothesized that
termNN and TransTermHP would perform better on bacte-
ria with low GC content than on bacteria with high GC con-
tent, as these two tools were designed to identify intrinsic
terminators. Our results (Table 8 ) indeed support these hy-
potheses. RhoTermPredict achieved its highest recall (roughly
24%) on Mycobacterium tuberculosis and Streptomyces gard-
neri , which are the two organisms with the highest propor-
tion of factor-dependent terminators. BacTermFinder’s recall 
on these two organisms (i.e. Mycobacterium tuberculosis and 

Streptomyces gardneri ) is comparable to or better than that 
of RhoTermPredict. This indicates that BacTermFinder can in- 
deed predict some factor-dependent terminators. All tools but 
RhoTermPredict achieved their highest recall on Streptococ- 
cus agalactiae (lowest GC content). InterPin’s recall for Syne- 
chocystis sp. PCC 6803 is 0.28 ± 0.19 and for Streptococcus 
agalactiae NEM316 is 0.49 ± 0.23. InterPin’s recall is compa- 
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Figure 10. Distribution of the number of predicted terminators per gene 
across the five bacterial species in our independent validation data. The 
horizontal line inside each box indicates the median value, and the bottom 

and top of each box indicate the 25 and 75 percentile, respectively. 
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Table 9. Average recall over 10 overlap thresholds on two archaeal 
species of the two best performing terminator prediction tools (TermNN 

and BacTermFinder) as per the results shown in Table 8 

Archaea TermNN BacTermFinder 

Haloferax volcanii 0.15 ± 0.11 0.32 ± 0.20 
NC_013967, GC = 65.7% 

Methanococcus maripaludis 0.40 ± 0.22 0.57 ± 0.25 
NC_00579, GC = 32.6% 

The highest recall per Archaea is highlighted in bold. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

able to that of TransT ermHP (T able 8 ). This is unsurprising
s both tools (InterPin and TransTermHP) predict terminators
y seeking sequences that match the canonical hairpin intrin-
ic terminator structure. Tools’ recall varied between species
ith an overall recall range of [0.03, 0.82]. BacTermFinder
utperformed IT erm-PseKNC, T ermNN, and TransT ermHP
n terms of mean recall across various overlap thresholds in
ll the species in the validation set, and it achieved the highest
ean recall overall (Table 8 ). This result suggests that Bac-
ermFinder is able to find both types of terminators (intrinsic
nd factor-dependent) and can generalize to phyla not seen
uring training (e.g. Cyanobacteriota). 
The Friedman test ( P -value < 2.2 × 10 

−16 ) indicated that
he average recall rank obtained by some of the classifiers
s significantly different from the mean rank expected un-
er the null hypothesis. All post-hoc pair-wise tests indicated
hat BacTermFinder’s recall rankings were significantly better
han those of all other tools, and that termNN’s recall rank-
ngs were significantly better than those of iTerm-PseKNC,
ransT ermHP, and RhoT ermPredict ( Supplementary Fig. S6
hows the critical difference plot and results per post-hoc test
re shown in Supplementary Table S3 ). 

As we have an incomplete annotation of all terminators in
ny given bacterial genome, it is hard to estimate the genome-
ide false positive rate of terminator prediction tools since
 prediction might indeed be correct even though a termina-
or has not yet been determined experimentally in that loca-
ion. However, the number of predicted terminators per gene
an provide a rough estimate of the number of false positives.
igure 10 shows the distribution of number of terminators
redicted per gene by T ermNN, RhoT ermPredict, and Bac-
ermFinder across the five bacteria in our independent valida-
ion data. BacTermFinder displays less variation in the num-
er of predicted terminators per gene, and predicts, on aver-
ge, 6.62 ± 1.18 terminators per gene, while TermNN and
hoTermPredict predict 8.89 ± 3.52 and 4.30 ± 3.20, re-
spectively. RhoTermPredict predicts less terminators per gene;
however, its recall is substantially lower than BacTermFinder’s
for four out of five bacteria in our independent validation
data. The results provided in Fig. 10 and Table 8 indicate
that BacTermFinder’s false positive rate is lower than that of
TermNN (the second best tool) while achieving a higher recall
rate. 

We used TermNN and BacTermFinder, which are the two
tools with the highest recall as per Table 8 , to find archaeal
terminators. BacT ermFinder outperforms T ermNN in terms
of recall in predicting archaeal terminators (Table 9 ). This in-
dicates that BacTermFinder can generalize to identify some
archaeal terminators. 

BacTermFinder can predict the location of terminators accu-
rately 
We assessed how closely our predictions aligned with actual
terminator locations. To do this, we visualized the recall rate
as a function of sequence overlap of the predicted terminators
with the actual terminators (Fig. 11 ). We hypothesized that we
would observe a declining trend as we moved towards stricter
overlap thresholds, which is indeed the case. We compared our
overlap versus recall with that of TermNN. Our results show
that (i) on every overlap threshold, BacTermFinder outper-
forms or is comparable to TermNN, and (ii) BacTermFinder’s
recall drops at stricter overlaps than TermNN’s recall. The
latter indicates that BacTermFinder can find the location of
terminators more accurately than TermNN. However, Bac-
TermFinder’s recall sharply decreases at overlap thresholds
> 0.8, which suggests the potential need for a nucleotide-wise
segmentation approach to achieve accuracy at the nucleotide
level. 

Additionally, we assessed the accuracy of the probability of
being a terminator outputted by TermNN and BacTermFinder.
To do this, we sorted their predictions based on their estimated
probabilities of a sequence being a terminator, and selected the
top n % to calculate recall at ten different percentage overlaps
with actual terminators. Subsequently, we calculated the mean
recall and standard deviation across the percentage overlap
levels. We visualized mean recall versus top n predictions for
a bacterium with high GC content ( Streptomyces gardneri ,
Fig. 12 A), a bacterium with approximately equiprobable nu-
cleotide distribution ( Synechocystis PCC 7338, Fig. 12 B) and
a bacterium with low GC content ( Streptomyces gardneri ,
Fig. 12 C). For these three bacteria, BacTermFinder achieves
higher recall rates at any top n % predictions than TermNN.
BacTermFinder has a wider margin over TermNN as the GC
content increases. BacTermFinder has also less variation in re-
call across different overlap thresholds (shaded area in Fig. 12 )
than TermNN. For Streptomyces gardneri , the worst recall

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf016#supplementary-data
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Figure 11. Recall as a function of percentage sequence overlap between predicted and actual terminators. All sequences are 100 nt long. The dotted 
lines are TermNN, and the solid lines are BacTermFinder. Each colour represents a bacterium in our independent validation data. The area under the 
curves is shown in the legend. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

other tools. 
level of BacTermFinder is similar to or higher than the best
recall level of TermNN across all top n % of predictions. With
BacTermFinder’s 10% most confident predictions on any of
these three bacteria, one is able to identify close to 40% of
their known terminators. 

Low agreement between terminator prediction tools 
To see the agreement among RhoT ermPredict, T ermNN, and
BacTermFinder, we generated a Venn diagram for two bacteria
in the extremes of the GC content axis in our validation data.
That is Mycobacterium tuberculosis with 64.69% GC content
and Streptococcus agalactiae with 35.12% GC content. We
chose Mycobacterium tuberculosis as it has a large proportion
of factor-dependent terminators [ 34 ]. For Mycobacterium tu-
berculosis , the highest agreement (14% of the total predicted
terminators) is between BacTermFinder and RhoTermPredict
(Fig. 13 , intersection areas in the center and top-center). For
Streptococcus agalactiae , a low GC bacteria, the highest agree-
ment (92.8% of the total predicted terminators) is between
BacT ermFinder and T ermNN (Fig. 14 , intersection areas in the
center and left-center). This suggests that there is lower agree-
ment among tools to predict factor-dependent terminators
(Fig. 13 ) than intrinsic terminators (Fig. 14 ). BacTermFinder
predicts a similar number of terminators in Mycobacterium
tuberculosis and Streptococcus agalactiae as RhoTermPredict
and TermNN, respectively. This suggests that BacTermFinder
is as effective in identifying factor-dependent and intrinsic
terminators as tools specialized on each terminator type.
The number of terminators predicted by all three tools is
quite low for both bacteria: 23 (or 1.9%) and 9 (or 1.4%)
for Mycobacterium tuberculosis and Streptococcus agalactiae ,
respectively. 

Case study: the Rhodobacter capsulatus SB1003 

puc operon 

As a case study, we looked specifically at terminator pre-
dictions made by BacT ermFinder, T ermNN, RhoT ermPredict,
and InterPin for the puc operon of Rhodobacter capsulatus
SB 1003 (chromosome sequence RefSeq ID: NC_014034.1).
R. capsulatus has a GC content of 66.5%, is from the phylum
Pseudomonadota and has both types of termination (intrin-
sic and Rho-dependent). All predictions on the reverse strand
were discarded for this analysis. We chose this operon be- 
cause its transcription initiation, attenuation, and termina- 
tion have been previously studied using gene fusions, high- 
resolution RNA 5’ -end mappings by primer extensions, and 

RNA blot hybridization by LeBlanc et al. [ 47 ]. Addition- 
ally, R. capsulatus was not included in BacTermFinder train- 
ing data. LeBlanc et al.’s model of puc RNA regulation in- 
dicated that there are two termination sites in this operon: 
one located immediately downstream of pucE and another 
between pucA and pucC (circles in Fig. 15 ). We deemed pre- 
dictions overlapping the vertical rectangles in Fig. 15 as pre- 
dicting the corresponding experimentally-determined termi- 
nation site. Only BacTermFinder and InterPin predicted both 

termination sites identified by LeBlanc et al. (i.e. their recall 
is 100%). RhoTermPredict and TermNN only predicted the 
site directly downstream of pucA (i.e. their recall is 50%).
The web version of ITerm-PseKNC failed to predict any termi- 
nation site in this region. BacTermFinder and RhoTermPre- 
dict have a prediction in common in the middle of pucDE .
LeBlanc et al. identified several RNA 5’ ends in the middle 
of pucDE and concluded that there is a promoter internal to 

pucD . Thus, BacT ermFinder and RhoT ermPredict are likely 
both mistakenly identifying this promoter as a terminator. In- 
terestingly, BacTermFinder and RhoTermPredict predicted a 
pucB-internal terminator, which is immediately downstream 

of a small RNA (sRNA) predicted with high confidence (prob- 
ability of being a sRNA of 0.99) by Grüll et al. [ 48 ] (rectangle 
in the third track of Fig. 15 ). Based on these results, if only 
the two terminator sites identified by LeBlanc et al. are con- 
sidered active termination sites, then the precision of the tools 
is 100%, 40%, 20%, and 11% for InterPin, BacTermFinder,
T ermNN, and RhoT ermPredict, respectively. However, if one 
assumes that the terminator internal to pucB is bona fide,
then the recall of InterPin and BacTermFinder would be 66% 

and 100%, respectively, while the precision of RhoTermPre- 
dict and BacTermFinder would increase to 22% and 60%, re- 
spectively. From the perspective of using predictions to guide 
further research, the predicted pucB-internal termination site 
downstream of the predicted sRNA is a promising lead. This 
case study suggests that BacTermFinder might be more sen- 
sitive for identifying non-canonical termination sites than In- 
terPin; while, keeping its false positive rate lower than that of 
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Figure 12. Average recall (solid lines) versus top n % most confident 
predictions f or B acTermFinder (blue, top line) and TernNN (orange, bottom 

line) for ( A ) Streptomyces gardneri , ( B ) Synechocystis PCC 7338, and ( C ) 
Streptococcus agalactiae . The shaded area indicates standard deviation. 
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Figure 13. Agreement among 1220 predicted terminators (with at least 
50% sequence o v erlap with an actual terminator) of BacTermFinder, 
RhoTermPredict, and TermNN for Mycobacterium tuberculosis . 

Figure 14. Agreement among 642 predicted terminators (with at least 
50% sequence o v erlap with an actual terminator) of BacTermFinder, 
RhoTermPredict, and TermNN for Streptococcus agalactiae . 

 

 

 

 

 

 

 

 

 

 

 

 

 

onclusions 

n this work, we have collected, to our knowledge, the largest
ata set of bacterial terminators identified by sequencing
echnologies. This comprehensive dataset includes termina-
ors from 25 bacterial strains with a wide range of GC con-
ent identified by various sequencing technologies. We expect
hese data to be valuable for further developments in bacterial
terminator prediction. Additionally, we have developed Bac-
TermFinder, a general model for finding bacterial terminators.
Future work to improve BacTermFinder includes (i) increasing
the ROI to include the rut site; (ii) adding archaeal termina-
tors into the training data; and (iii) determining the termina-
tor type, as BacTermFinder can find both terminator types but
does not indicate which type is found. 

BacTermFinder outperforms in terms of recall other ex-
isting tools in an independent validation data set. Bac-
TermFinder’s average recall over five bacterial species is 0.57
± 0.21, and TermNN’s (the second-best tool) recall is 0.46
± 0.23. This increase in recall is achieved by BacTermFinder
while predicting, on average, two terminators less per gene
than T ermNN. BacT ermFinder recall in all prokaryotic data
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Figure 15. R. capsulatus puc operon. Circles in the first track indicate attenuation and termination sites experimentally identified by LeBlanc et al. [ 47 ]. 
NCBI annotated coding sequences and stop codons are shown as rectangles and thin lines in the first and second track, respectively. A sRNA predicted 
with high-confidence in [ 48 ] is shown as a rectangle in the third track. The bottom tracks shown terminator predictions of BacTermFinder (fourth track, 
dark green rectangles), TermNN (fifth track, magenta rectangles), RhoTermPredict (sixth track, orange rectangles), and InterPin (bottom track, gray 
rectangles). Predictions within the two large vertical rectangles overlap with the experimentally identified attenuation / termination sites. The number 
belo w B acTermFinder’s predictions is the probability of being a terminator calculated b y B acTermFinder. Image w as partially created using Integrativ e 
Genomics Vie w er (IGV) [ 82 ]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(bacterial and archaeal) is 0.53 ± 0.20, and TermNN’s is
0.40 ± 0.22. Furthermore, BacTermFinder can identify both
types of terminators as good as or better than tools specialized
on that specific terminator type. BacTermFinder and BacTer-
mData are available at: 

https:// github.com/ BioinformaticsLabAtMUN/ 
BacTermFinder . 
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