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Abstract: Translation initiation site (TIS) prediction in mRNA sequences constitutes an essential compo-
nent of transcriptome annotation, playing a crucial role in deciphering gene expression and regulation
mechanisms. Numerous computational methods have been proposed and achieved acceptable predic-
tion accuracy. In our previous work, we developed NeuroTIS, a novel method for TIS prediction based
on a hybrid dependency network combined with a deep learning framework that explicitly models
label dependencies both within coding sequences (CDS), and between CDS and TIS. However, this
method has limitations in fully exploiting structural information within mRNA sequences. First, it only
captures label dependency within three neighboring codon labels. Second, it neglects the heterogeneity
of negative TIS originating from different reading frames, which exhibit distinct coding features in their
vicinity. In this paper, under the framework of NeuroTIS, we propose its enhanced version, NeuroTIS+,
which allows for more sophisticated codon label dependency modeling via temporal convolution and
homogenous feature building through an adaptive grouping strategy. Tests on transcriptome-wide
human and mouse datasets demonstrate that the proposed method yields an excellent prediction
performance, significantly surpassing existing state-of-the-art methods.

Keywords: deep learning; bioinformatics; translation initiation site prediction; adaptive grouping;
label dependency

1. Introduction

Translation initiation is a pivotal process in the regulation of gene expression, determining where
protein synthesis begins on messenger RNA (mRNA). The dysregulation of this initiation process can
cause various human diseases, including cancers and metabolic disorders [1-3]. Translation initiation
site (TIS) prediction is an essential step in transcriptome annotation that aims to elucidate the biological
relevance [4]. Accurate prediction of TIS is not only important for profiling the protein coding fraction
of the transcriptome, but also for accurate identification of untranslated regions (UTRs) which is known
as important regulators in translation process [4]. Thus, TIS prediction holds significant importance
for studying disease mechanisms of occurrence and development.

The identification of TIS in uncharacterized mRNA sequence presents an inherently challenging
task due to several key factors, including: 1) Weak sequence conservation. In many organisms,
translation initiation is guided by specific sequence motifs such as the Kozak sequence [5] in eukaryotes
and the Shine-Dalgarno sequence [6] in prokaryotes. However, these motifs are not universally
conserved or sufficiently distinctive across all species, also TIS is surrounded by relatively poorly
conserved sequences [7]; 2) Complexity in translation initiation mechanism. In many mRNAs, there
can be multiple potential translation initiation sites that may produce alternative protein isoforms
or regulatory proteins. For example, many mRNAs contain multiple open reading frames (ORFs),
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including upstream open reading frames (uORFs) that typically repress translation of the main ORF
[8-10]. These alternative initiation sites necessitate sophisticated computational techniques to resolve
ambiguities. In this paper, we focus on the prediction of TIS in eukaryotes with tri-nucleotide AUG of
the main ORFE.

Over the past decades, numerous computational methods have been proposed for TIS prediction,
primarily categorized by their classifiers, including artificial neural networks (ANN) [3,11-13], support
vector machine (SVM) [14-16], linear discriminant analysis (LDA) [17] and Gaussian models [18].
In one of the works, the study [17] proposed a method called AUGpr for TIS identification using
LDA, which utilizes six effective features around AUG such as position triplet weight matrix and ORF
hexanucleotide features. The improved version of AUGpr, called AUGpr_sim, was proposed by [19],
which exploit both statistical information and similarity to other known proteins to achieve higher
prediction performance in cDNA sequences. [14] explored SVMs with different kernel functions for
TIS prediction. They claimed that careful design of kernel functions helps to improve the prediction
accuracy. [20] proposed a novel method for eukaryotic gene structures prediction based on a modular
neural network system. The prediction task was performed by detecting different signals and contents
based on different neural network. In [21], a multi-step ensemble approach for TIS prediction was
proposed by combining a consensus neural network sensitive to conserved motifs and a coding neural
network sensitive to the coding/non-coding potential around the start codon. In [22], a modular
approach for TIS prediction, called MANTIS, was proposed, which mainly consists of three models:
consensus, coding region classification, and AUG positioning. These three models are implemented by
three classifiers respectively, and the prediction scores are fused into the decision classifier in the final
stage of MANTIS. An improved version of this method, called StackTIS, adopts a different learning
procedure and training strategy, was reported in [23]. Recently, deep learning has been effectively
applied to TIS prediction. [13] developed a method called TISRover that uses a convolutional neural
network (CNN) to learn biological knowledge (e.g., the presence of Kozak consensus sequence [5],
reading frame features, and donor splice site patterns) directly from DNA sequence. [3,13,24-28].
Later, in view of the shortcoming that it cannot fully capture coding features from raw sequence, we
proposed a method, called NeuroTIS [29], for TIS prediction in mRNA sequence based on a hybrid
dependency network and deep learning framework which explicitly model label dependencies among
coding sequence (CDS), between CDS and TIS. NeuroTIS explicitly exploit coding features and achieve
considerable improvement over other methods in predictive results.

Despite its effectiveness, NeuroTIS has two key limitations in mRNA structural information
utilization. First, it incompletely models codon labels consistency in a neighboring region. While
its skip-connected bidirectional RNN (skipBRNN) aggregates the two most informative neighboring
positions into current position, however, as shown in Figure 1, CDS is a continuous region where
codon labels are consistent with a multiply of three, hence, all the neighboring positions can provide
more or less information for current position. Technically speaking, it is difficult for skipBRNN to
aggregate more informative neighboring positions to current position for the fact that the network
is sequentially connected. Furthermore, the network is also low-scaled and hence has too limited
expressive power to model complex non-linear relationships between inputs and outputs. Second, the
coding features around different negative TISs are heterogeneous, as shown in Figure 1, for positive
TISs, coding features around t; is homogeneous, but for negative TISs, such as ¢, and t3, they are
located in different reading frames and hence the coding features around them are heterogeneous,
during the process of TIS prediction, it is difficult for CNN to map these heterogeneous features to the
same label. This is because that the weights of CNN is global and shared by all the data, they must
reconcile to fit all the heterogenous features when they are updated by backpropagation algorithm
[30].
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Figure 1. Illustration of the structural information exploited in the paper. 1) CDS is continuous and codon labels
are consistent with a multiply of three; 2) The positive TIS t; is always located in the first reading frame, but
negative TISs, t, and t3 are located in different reading frames.

In this study, we address the aforementioned limitations through the development of NeuroTIS+,
an enhanced method for TIS prediction leveraging structural information in mRNA sequence. Neuro-
TIS+ models codon label consistency by using Temporal Convolutional Network (TCN) [31], which
allows for more expressive power to model coding probability outputs and more flexible codon labels
information aggregation than NeuroTIS. Moreover, NeuroTIS+ consider the heterogeneity of negative
samples and train three frame-specific CNNs for translation initiation site prediction. Evaluated on
human and mouse transcriptome-wide mRNA sequences, our method yields an excellent prediction
performance, which significantly outperform existing state-of-the-art methods. There are three key
innovations contribute to the enhanced performance of our proposed framework:

+  The proposed method, NeuroTIS+, is an improved version of NeuroTIS, which preserve the
basic framework of NeuroTIS, and hence, it inherits the merits of explicitly modeling statistic
dependencies among variables and automatical feature learning. Meanwhile, it assumes stronger
dependency relationship among codon labels and integrates novel frame information for TIS
inference.

+  We consider the structural information that CDS is continuous and models codon labels consis-
tency by using a TCN which can easily and naturally implement the process of multiple codon
labels information aggregation by convolutional layers. Moreover, a position embedding and a
fast codon usage generating strategy for a sequence are also proposed to improve the prediction
of coding sequence in mRNA sequence.

+  We consider the heterogeneity of negative TIS and develop an adaptive grouping strategy for
homogenous feature building, which effectively improve the prediction accuracy of TIS. Moreover,
the adaptive grouping strategy stablizes the learning process of CNN.

The source code and the dataset used in the paper are publicly available at: https://github.com/
hgcwei/NeuroTIS2.0.

2. Related Works
2.1. Codon Labels Consistency

The idea of exploiting label consistency information for promoting model performance is widely
used in image and video analysis. For example, when identifying human actions in videos, since the
actions in adjacent video frames are often consistent, this constraint can be exploited to improve the
accuracy of action recognition [31]. Similarly, in multi-label image classification tasks [32], objects
of different categories in the image may have label dependencies, and considering this dependency
information often improves the classification accuracy. All the aforementioned applications give us
an intuition that we can also benefit from considering codon labels dependencies in coding sequence
prediction of an mRNA sequence. Based on this idea, our previous work proposed a skipBRNN for
CDS prediction, which models codon label consistency by integrating the three most informative
neighboring positions. However, it cannot fully model dependencies among multiple codon labels.
In this paper, we employ TCN for CDS prediction for the first time. TCN is a common approach for
modeling time sequences. It can effectively aggregate local information of time sequences by virtue of
temporal convolution. Hence, it is suitable for problems where there exists local label dependency,
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such as human action recognition [33], named entity recognition [34], etc.In addition, TCN also exhibits
a powerful capability of automatic feature learning, and hence most of aforementioned applications
often directly perform TCN on their raw data, which saves the efforts of handcrafted features. In
contrast, we incorporate codon usage statistics into the TCN, which not only obtains more meaningful
results, but also needs less data and is easier to train.

2.2. Non-Homogeneous Negative TIS

The problem of data heterogeneity is common in federated learning [35], e.g., data have different
feature distributions but with the same label (domain shift [36]).Data heterogeneity induces the
"catastrophic forgetting" problem for classification models; the global parameters might not be optimal
simultaneously on data with different distributions.The model gradually "forgets" the knowledge
learned from previous tasks during the continuous learning process[30]. Indeed, the data heterogeneity
problem also occurs in TIS prediction. Negative TISs are often located in different regions in an mRNA
sequence, and the contextual information of these TISs is very different. To our best knowledge,
only a few works have paid attention to the non-homogeneous property of negative TISs in genomic
sequences. TriTISA [37] is a method for detecting TISs in microbial genomes, which classifies all
candidate TISs into three categories based on evolutionary properties, e.g., positive TISs, negative TISs
upstream of positive TISs, and negative TISs downstream of positive TISs. Then, TriTISA characterizes
them using Markov models. The work [38] extended TriTISA to genome sequences. This method
divides all TISs into different groups, e.g., intron, UTRs, and exons. Then, different classifiers are
trained for each group, and the trained classifiers are combined for final TIS prediction.

Our work differs from the aforementioned works in two aspects. First, these methods divide
candidate TISs according to regions where they are located. However, this kind of division strategy is
rough, e.g., the negative TISs in the same CDS may be located in different reading frames. In contrast,
our proposed method divides the candidate TISs according to the predicted reading frame where
they are located. Second, these methods divide the candidate TISs by using labeled data. However,
in the test process, the labeled information of test data is lacking. These methods must combine the
prediction results of all the local classifiers, which inevitably induces prediction noise from different
classifiers, whereas in our proposed method, a local classifier is assigned to each sample in an adaptive
manner according to predicted frame information.

3. The Proposed Method

In this section, the preliminaries, the dependency network representation of NeuroTIS and
NeuroTIS+, the pipeline of NeuroTIS+ are introduced. The graphical illustration of NeuroTIS+ is
shown in Figure 3.

3.1. Preliminaries

In what follows, s = s155...5,; is an mRNA sequence and z = z1z5...z; is the label sequence of s,
where s; € {A,C,U,G} and z; € {1,0}, and p(-) denotes the output probability of a computational
model. The TIS prediction is equivalent to solve the following maximum a posteriori (MAP) estimation
problem:

z; = argmax p(z|s) (1)

where x denotes the position of k-th tri-nucleotides AUG in the sequence s, and z, denotes whether

the position « in s is a positive TIS (zx = 1) or not (z,x = 0).

3.2. NeuroTIS

NeuroTIS considers the label dependencies among codon labels, and between codon labels and
TIS, it receives the input of mRNA sequence and outputs the probability of a codon and translation
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initiation site, hence the problem of Eq. 1 can be reduced to solve the following MAP estimation
problem:

(2x,y") = argmax p(zy, ys) 2)

where y = y112...)yn is the codon labels of s and y; € {1,0} denotes whether the position i in s is the
first nucleotide of a codon (y; = 1) or not (y; = 0).

NeuroTIS introduces a dependency network to represent and simplify the dependency relation-
ships among variables. As shown in Figure 2, it is assumed that there exists weak interdependency
among codon labels, TIS is dependent on codon labels and mRNA sequence, then according to the
chain rule of probability [39], Eq.2 can be reduced to the problem as follows:

(zey") = arg max p(zcly,s)p(yls) 3)

Despite the above reduction, Eq.3 is still a NP-hard problem, NeuroTIS adopts a greedy inference and
decomposes the TIS prediction problem into two following subproblems:

n
g = argmax [ T p(yils, yio iso) )
i=1

2

Zx = argmax p(z«ls, ¥) (5)

where NeuroTIS efficiently infer variables (zx, y) in two stages: one stage to predict CDS 4, and the
second stage to combine predicted coding scores at the first stage with TIS sequence to jointly infer
the TIS Z,. Note that NeuroTIS assumes that there exists weak interdependency among codon labels
and models the codon labels consistency among three positions with a step interval v to avoid the
information redundancy among neighboring positions. In practice, NeuroTIS employs a skipBRNN to
estimate conditional probability distributions p(y;|s, ¥i—y, Yi+v). With regard to conditional probability
distribution p(z«|s,#), NeuroTIS employs a CNN for the fact that it can effectively capture local
patterns and model non-linearity in data.

Figure 2. The dependency network representation of NeuroTIS (left) and NeuroTIS+ (right) in which nodes
denote random variables and arcs denote probabilistic dependencies between variables, dashed and solid circle
directions respectively denote weak and strong dependency relationship among variables.

3.3. NeuroTIS+
3.3.1. Dependency Network Representation

In this paper, apart from label dependency between CDS and TIS, we also consider the hetero-
geneity of negative TISs, and introduce a frame information which have an influence on the final TIS
prediction for the first time. To be specific, we can reformulate Eq.2 as follows:

(zx f*,y") = arg max p(z, f, yls) (6)
where variable f € {0,1,2} denotes which frame that the CDS of a mRNA sequence s is located in.
NeuroTIS+ also build a dependency network to represent and simplify dependency relationships
among multiple variables. As shown in Figure 2, NeuroTIS+ assumes denser and stronger codon
label dependencies compared with NeuroT]IS, that is, each codon label is interdependent on all the left
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codon labels of the mRNA sequence s. Moreover, frame variable f is dependent on codon labels, and
TIS variable is dependent on mRNA sequence s, codon variables y and frame information. According
to chain rule of probability, the problem of jointly infer TIS and coding region can be finally reduced to
solve a type of MAP problem:

(22 f*,y7) = arg max p(zcls,y, f)p(fly) [Trilsyz) @)
wef s i
where # i denotes all the index of a mRNA sequence except i. Note that Eq.7 is NP-hard and exact
inference is intractable. Hence, we make a simple and efficient greedy inference to approximate the
problem as follows:

§ = argmax] [ p(yils y ;) (8)
1
f = argmaxp(f|3) )
2y = arg max p(z«ls, 9, f) (10)
Stage 1 CU matrix
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Figure 3. The pipelines of NeuroTIS+. It mainly include two stages: CDS prediction and TIS prediction. In stage
1, TCN is used to predict CDS from the three frames of a mRNA sequence, then in stage 2, a candidate TIS is
grouped according to predicted frame information of CDS and its features are fed into the specified CNN for TIS
prediction.

Using the above three equations, NeuroTIS+ can efficiently infer variables (zy, f,y) in three stages:
one stage to predict CDS, and the second stage to predict frame of CDS, and the third stage to combine
frame information and coding scores for TIS prediction. In the following sections, we introduce a
TCN to estimate the conditional probability distribution p(yi[s,y ;), and a sirnrA)le strategy to calculate
f according to ¥, and as for the conditional probability distribution p(z«|s, f,#), we estimate it by
utilising frame-specific CNN.
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3.3.2. Temporal Convolutional Network for CDS Prediction

TCN [40] is a class of artificial neural network dealing with time sequential data that exhibits
correlations between time points. Unlike traditional recurrent neural networks (RNNs) or long short-
term memory (LSTM) networks, TCN uses convolutional layers to capture dependencies in sequential
data in a parallel way, which makes the training process efficient. In this subsection, we employ a TCN
to model codon labels consistency, it is based on our intuition that the network can not only naturally
performs multiple coding labels message aggregation by using convolutional layers, but also can easily
implement this aggregation in a long distance by using dilated convolution. In the following parts, we
first propose a fast codon usage matrix generation strategy and position encoding of a reading frame,
and then the two features are fed into TCN for CDS prediction.

Fast Codon Usage Matrix Generation. NeuroTIS+ and NeuroTIS both use codon usage as a entity
feature to predict coding and non-coding regions in mRNA sequence, hence it must calculate codon
usage at each position of a reading frame. To attain this goal, a sliding window is performed with
a step 3 and window size m along a reading frame and then the frequency of each codon (from 1 to
64) occurs in the window is calculated and summed in a 64-dimensional feature vector. Assume that
scanning a codon is a basic operation, a reading frame with length n must perform mn /3 times in total.
In fact, the computational complexity can be reduced due to many repeated scanning operation, e.g.,
two sliding widows overlaps with only exception of the first codon and the last codon, hence once the
feature vector of the first sliding window has been calculated, the next feature vector can be calculated
directly by add 1 for the last codon and subtract 1 for the first codon. The detailed process is shown in
Algorithm 1.

Position Encoding. In this paper, we introduce a position encoding for CDS prediction, it is based
on our observation that the CDS portion is flanked by 5" and 3° UTRs where codon labels are zeros,
and hence codon labels is dependent on position in a mRNA sequence in some way. To exploit this
simple statistical dependency information, we add 1-dimension feature to codon usage measure by
calculating the ratio of position and length of reading frame, p; = i/I. This encoding can bring a slight
improvement of the prediction results.

TCN. Due to the triplet structure characteristics of codons in the CDS of mRNA sequence, there
are three kinds of reading frames in mRNA sequence, and each reading frame satisfies the constraint
of label consistency. Hence, without loss of generality, we consider one reading frame whether it
contains CDS at a time, and the other two reading frame can be processed in the same way. Assume

that u represents the reading frame to be examined, and x; is the entity feature generated by a sliding
()

window at the i-th position of u (e.g., position encoding and codon usage). h;

O

neuron at the i-th position on the I-th layer of the network, and w, ’ represents the k-th component of

(1+1)

i

represents the hidden

the convolution kernel w(!) on the I-th layer. Then, the hidden neuron h at the i-th position of the
sequence can be expressed as:
I+1 1)4.(1
W =o( ¥ w'nl) (11)
kel jeN;
where I = 0 : r represents the index of the convolution kernel of lengthr +1, N; =i —r/2:i+47r/2
represents the r + 1 adjacent positions to the left and right of the i-th position in the sequence, and

o represents a nonlinear activation function. Note that the input layer uses a linear transformation
(0)
i

TCN has good properties: 1) Hidden neuron is the weighted sum of its neighboring positions via

to capture attribute features, that is, h; ' = x;. Compared with our previously proposed skipBRNN,
convolutional layers, which makes multiple labels message passing easier; 2) Each convolutional
kernel can be performed independently, which makes parallel calculation possible; 3) It is natural to
enhance the expressive power of the network by adding the number of convolutional layers, which
helps to handle big data.
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Algorithm 1 Fast CU matrix generation strategy

Input: one reading frame of a mRNA sequence with length 7 and a sliding window.
Output: CU matrix X with size of 64 x (n/3), in which each column is 64-dimensional codon usage
statistics.
1: pad the reading frame with "N’ on two sides.
2: initialize an array of size 64, u = 0, an empty queue Q,
3: calculate the index [y of each codon in sliding window, u[ly] = u[lp] + 1, and enqueue them into Q
one by one,
. the 1-st column of Xy = u, initialize a scaler variable, k = 1,
: dequeue an element /1 from Q,
: Slide the window with step 3 (one codon), and calculate the index of the codon I,
culll] =ull] — Lullb]) = ull)] +1,
X Kk=u, k=k +1 ,
: enqueue an element I, to Q,
10: goto step 5 until the sliding window stops,
11: return CU matrix X.

© ® N o U e

3.3.3. Frame-Specific CNN with Adaptive Grouping Strategy for TIS Prediction

Given the coding scores of a mRNA sequence, how to determine the correct frame where CDS is
located, and then divide all the TISs into different groups? We here adopt a simple strategy to calculate
the max mean scores of each frame. It is based on the fact that each coding score tends to be close to 1
in the correct frame, and close to zero in the other two frames. Then we can formulate the process as
follows:

f=argmax Y @,s.tfe{0,1,2} (12)
i=[f3,n]

where [f,3, 1] denotes all the indices from f to 1 with step 3. It is worth noting that f is predicted
frame information of the positive TIS in a mRNA sequence. Hence, to group homogeneous TISs in all
mRNA sequences, we must calculate which frame that a TIS is located in, then the group of k-th TIS in
a mRNA sequence with position x can be calculated as follows:

$r=(k—f) mod3 (13)

where ¢, € {0,1,2} denotes three kinds of groups, in which §; = 0 denotes that the candidate TIS
is located in the same frame as positive TIS. After grouping all the TISs, we can build homogenous
features from each group.

We here adopt the same feature set as NeuroTIS for each group and three specific CNNs are
separately trained using samples that belongs to the same group. To be specific, for a TIS to be
predicted, once that which group it has been determined, the features of coding scores, the scanning
model, and one-hot encoding of sequence around AUG are generated and fed into a specific CNN for
final TIS prediction. It is observed that NeuroTIS+ and NeuroTIS employ the same features for the
final TIS prediction, the difference lies in that NeuroTIS+ builds homogenous features according to the
predicted frame information.

4. Experiments

In this section, we conduct four experiments on two benchmark gene datasets. The first is to
verify the significance of adaptive grouping strategy. The second is to evaluate the performance of
TCN for CDS prediction. In the third experiment, we compare NeuroTIS+ with the other existing
state-of-the-art methods such as NeuroTIS [29], TISRover [13], TITER [3]. The last experiment is to
evaluate the time cost and running status of NeuroTIS+.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.1. Datasets

We selected transcript datasets from Refseq (ftp:/ /ftp.ncbinih.gov/refseq/), which provides a
complete, well-annotated collection of biological molecules for various types of species. We down-
loaded transcriptome-wide mRNA sequences with prefixes NM_" and a total number of 24842 human
and 19900 mouse transcripts are obtained after clean up procedure. All these transcripts have canonical
TISs. After redundancy removal by using CD-hit [41] with sequence identity cutoff 80%, there are
20488 and 11613 sequences left for human and mouse transcripts, respectively, from which we adopted
the hold-out strategy and randomly selected 4/5 and 3/4 sequences as training set, and 1/5 and 1/4
sequences as test set for human and mouse datasets, respectively.

4.2. Performance Measurements

In order to evaluate the performance of NeuroTIS+, we here employ the standard performance
evaluation criteria in terms of sensitivity (SN), specificity (SP), accuracy (ACC), precision (PRE), F-score,
area under the receiver operating characteristic (auROC), area under the precision recall curve (auPRC)
and MCC. These metrics can be calculated as follows:

SN = TP
~ TP+FEN
TN
P=—
5 FP+ TN
PRE— 1P
~ TP+FP
TP+ TN
ACC_TP+TN+FP+PN
F1 — score — 2 X PRE* SN
~ PRE+SN
MCC =

TP+ TN — FP «FN
(TP + FN) % (TP + FP) * (TN + FP) % (TN + EN)

All the above metrics are based on the notions of TP, FP, TN, and FN, which correspond to number
of positive samples identified correctly, negative samples identified incorrectly, negative samples
identified correctly, and positive samples identified incorrectly, respectively. The MCC is an overall
measurement of performance and another objective assessment index. ROC curve is commonly used
to measure performance for binary classification problems, whereas PRC is a better measure when
dealing with an unbalanced dataset. The auROC and auPRC can be calculated by using the trapezoidal
areas created between each curve points. Further details can be found in [42,43].

4.3. Significance of Adaptive Grouping Strategy

In order to verify the significance of adaptive grouping strategy. We make an ablation study and
compare the prediction performance of NeuroTIS+ with and without adaptive grouping. As shown
in Tables 1 and 2, we can see that NeuroTIS+ (G) consistently outperforms NeuroTIS+ (nG) in all the
datasets and measures, especially PRE, Fl-score, auPRC, and MCC scores. Figure 4 also shows the
training and test process of the second phase of NeuroTIS+ (G) and NeuroTIS+ (nG). It is observed
that mixture of all the negative TISs lead to heavier predictive oscillation and more convergence time
in training and test process, while adaptive grouping strategy makes the training process more stable
and converge quickly. It is worth noting that group 1 and 2 shows more stable and accurate predictive
results. This is because the positive TIS is located in the first frame and hence negative TISs in the first
frame have higher false positives than that in the other two reading frames. All the above analysis
demonstrates that features of negative TISs exhibit heterogenous, and construction of homogenous
features according to frame information not only facilitate more accurate prediction performance, but
also promote the stability of model training process.
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Figure 4. Training and test process of NeuroTIS+ on human dataset. (A) without grouping; (B) CNNO with group
0; (C) CNN1 with group 1; (D) CNN2 with group 2.

Table 1. Performance comparison of NeuroTIS+ with the other state-of-the-art methods on Human dataset.

Human SN(%) SP(%) PRE(%) ACC(%) Fl-score auROC auPRC MCC
TITER 0.02 100 - 98.31 - 0.9788 0.6186 -
TISRover 9252 9377 20.26 93.75 0.3324 09760 0.3998 0.4167
NeuroTIS 98.19 9854 56.29 98.53 0.7156  0.9985 0.9150 0.7377
NeuroTIS+ (nG) 9838 98.94 84.29 98.91 0.9079  0.9989 0.9266 0.9052
NeuroTIS+ (G) 99.08 99.56 92.87 99.53 0.9588 0.9996 0.9385 0.9569

Table 2. Performance comparison of NeuroTIS+ with the other state-of-the-art methods on Mouse dataset.

Mouse SN(%) SP(%) PRE(%) ACC(%) Fl-score auROC auPRC MCC
TITER 0.03 100 - 98.36 - 09766 05879 -
TISRover 9529 96.74 32.52 96.72 0.4849 09936 0.7399 0.5463
NeuroTIS 98.12 9831 48.90 98.30 0.6527  0.9982 0.9036 0.6865
NeuroTIS+ (nG) 98.63 99.26 86.96 99.23 0.9243  0.9991 0.9363 0.9223
NeuroTIS+ (G) 99.26  99.73 94.85 99.71 0.9701 0.9997 0.9460 0.9688

4.4. Performance Comparison for CDS Prediction

In order to verify the effectiveness of TCN for CDS prediction, we compare kmer+TCN
with existing state-of-the-art methods, including kmer+SVM, C2+DanQ), kmer+skipBRNN, and
C2+gkm+CNN+skipBRNN. For fairness, all methods were trained and tested on the same datasets.
All the comparable methods were implemented according to the parameter settings in their original
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literatures. As for DanQ network, C2 encoding was used instead of C4 encoding because C2 encoding
is more efficient. DanQ sets the input sequence length to 1000, while 90 is used here like other methods.
Moreover, in order to prevent underfitting or overfitting, the scale of the neural networks is set large
enough and two regularization techniques, e.g., Dropout [44] and early stopping [45], are adopted.
Moreover, in order evade the side effect of data imbalance on predictive model, we use random
undersampling for the negative samples and make the ratio of positive samples to negative samples
approximately 1:1.

Table 3 shows the performance comparison of kmer+TCN with existing state-of-the-art methods
on human and mouse datasets. It is observed that kmer+TCN achieves the best prediction performance
and consistently outperforms the other methods on all the datasets, with an average sensitivity of
99.7%, specificity of 99.2% and auROC of 0.9992, an improvement of 0.61%,1.15%,0.0007 over the
second best method, C2+gkm+CNN+skipBRNN. Moreover, kmer+TCN only use 64-dimensional
codon usage and 1-dimensional position encoding, and the scale of TCN is very small, and hence
it is easy to train and requires very little time to converge, while C2+gkm+CNN+skipBRNN need
several hours to train due to large dimension of C2 encoding and gkm features. Moreover, Figure 5
also plot the ROC curves of different methods on human and mouse transcripts, from which we can
observe that kmer+TCN not only achieve competed performance in human and mouse transcript
sequences, but also consistently outperform the other existing state-of-the-art methods, which verifies
the significance of biological feature (e.g., codon usage) and structural information (e.g., codon labels
consistency). All the experimental results demonstrate that kmer+TCN is a highly accurate method for

predicting CDS.
Table 3. Performance comparison of kmer+TCN with existing state-of-the-art methods on Human and Mouse
datasets.
Human Mouse
Methods SN(%) SP(%) auROC SN(%) SP(%) auROC
kmer+SVM 9276 9292 - 9291 9271 -
C2+DanQ 9547 9427 09889 9532 9437 (.9884
kmer+skipBRNN 98.25 9739 09975 9793 9791 0.9973
C2+gkm+CNN+skipBRNN 99.08 9797 0.9986 99.10 98.14 0.9985
kmer+TCN 99.64 99.67 0.9995 99.76 98.74 0.9988
1 1 —
kmer+SVM kmer+SVM
C2+DanQ C2+DanQ
098 —— kmer+skipBRNN 4 0.98 (/f — kmer+skipBRNN B
——— C2+gkm+CNN+skipBRNN ——— C2+gkm+CNN+skipBRNN
——kmer+TCN ——kmer+TCN
20961 2096
% 0.94 % 0.94
092 0.92
A B
0.9 - - - 0.9 - - -
0 0.02 0.04 0.06 0.08 0.1 0 0.02 0.04 0.06 0.08 0.1
1 - Specificity 1 - Specificity

Figure 5. Comparison of the ROC of different methods on (A) Human dataset; (B) Mouse dataset.

4.5. Performance Comparison for TIS Prediction

We compare the performance of our proposed method NeuroTIS+ with that of existing state-of-
the-art methods such as TITER, TISRover, NeuroTIS. To make a fair comparison, all the methods are
trained and tested on the same dataset. In order to evade the side effect of imbalance dataset, we also
limit the number of negative samples in training set like kmer+TCN, but in the test set, all the negative
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samples are selected. The other comparable methods are implemented with reference to their original
papers. Note that for all the neural network-based methods, the network size is set large enough to
ensure that the model training will not be underfitted. Also, two regularization methods (i.e., Dropout
and early stopping) are used to ensure that the model will not be overfitted.

As shown in Tables 1 and 2, NeuroTIS+ performed the best among all the existing state-of-the-art
methods and achieved the highest scores in all the evaluation metrics, especially in PRE, F1-score
and MCC, an average improvement of 41.26%/0.2803/0.0332/0.2508 over the second best method,
NeuroTIS, on human and mouse datasets. This improvement indicates that NeuroTIS+ can effectively
reduce false positives, which verifies the significance of promoting the CDS prediction and adaptive
grouping strategy. Figure 6 also illustrate the ROC and PRC curves comparison of all the methods
on the human and mouse datasets. It can be seen that NeuroTIS+ is consistently higher than other
state-of-the-art methods on both curves. Given a false positive rate of 0.5%, NeuroTIS+ achieved 99.2%
and 99.56% sensitivity on human and mouse genome sequences, respectively, which is 5.45% and 7.04%
higher than the second best method NeuroTIS. For the PRC curve, given a recall rate of 95%, NeuroTIS+
achieved 98.8% and 99.15% precision on human and mouse genome sequences, respectively, which is
24.33% and 30.12% higher than NeuroTIS, respectively.

From the above analysis, we can conclude that accurate prediction of CDS and homogenous
feature building by adaptive grouping strategy play an important role in predicting TIS. All the
experimental results demonstrate that NeuroTIS+ is a high-precision TIS prediction method.

1 T 1
0.98 f 0.98
2 0.96 2 0.96
= =
E= =
c c
[0 [0
o 0.94 / o 0.94
NeuroTIS+ (G) NeuroTIS+ (G)
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0.92 NeuroTIS 1 0.92 NeuroTIS
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Figure 6. Comparison of ROC and PRC results of different methods. (A) the ROC curve on Human dataset; (B)
the ROC curve on Mouse dataset; (C) the precision-recall curve on Human dataset; (D) the precision-recall curve
on Mouse dataset.
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4.6. Time Cost of NeuroTIS+

We here briefly introduce the computational cost of the proposed method. All the experiments are
performed on the Intel Core i7-11700 CPU 2.50GHz PC with 16GB RAM. For the fact that NeuroTIS+
preserves the basic computational framework of NeuroTIS, hence it exhibits very similar cost as
NeuroTIS. As shown in Table 4, NeuroTIS is efficient and it spends only about 20 minutes to complete
the training process for CDS and TIS prediction. kmer+TCN converges quickly in 20 minutes in human
dataset for the fact that it only requires 65-dimensional features and the network scale is small. In
contrast, CNN+gkm+C2+skipBRNN requires much more time and memory resources to train for large
dimensional C2 encoding and gkm features. Furthermore, in the second phase of NeuroTIS+, frame-
specific CNN is also very efficient owing to the efficiency of 1d-CNN and proper feature dimension.
Moreover, the homogenous feature building by using adaptive grouping strategy also facilitate the
convergence time of CNN.

Table 4. Brief description of time cost on Human and Mouse datasets with regard to NeuroTIS+

Time cost (min)
kmer+TCN frame-specific CNN
Human 9,545,915 32780 20 0.8
Mouse 7,883,216 17420 15 0.5

Dataset Coding Number TISs Number

5. Discussions

Translation site prediction is a important step for gene annotation, accurate prediction of TIS in
mRNA sequence facilitates the understanding of gene regulating mechanism, and play an important
role in studying the occurrence and development mechanism of diseases. Many computational
methods have been proposed to evade the expensive and time-consuming wet experiment, and
achieve acceptable prediction accuracy by exploiting features such as consensus motifs around TIS,
coding features around TIS and the scanning model. However, how to fully exploit the aforementioned
features so far is still an open problem. Most of existing computational methods directly capture the
above features from raw data, whereas it has been verified by a few works that it is more beneficial
from designing a series of more sophisticated submodels for feature extraction, e.g., NeuroTIS. This
paper extends that idea and explore a method for TIS prediction by fully exploit structural information
in mRNA sequence. Tests on transcriptome-wide human and mouse datasets demonstrate that our
proposed method show remarkable prediction performance.

In our work, the main potential factors which may explain the outstanding performance of
NeuroTIS+ over NeuroTIS lies in that the former one fully exploit structural information of mRNA
sequence. First, as regard to codon labels dependency, NeuroTIS only realized the process of mes-
sage passing among three neighboring codon labels by using skip connection in a BRNN, whereas
NeuroTIS+ realize the process of message passing among all the codon labels in a local region by
using temporal convolution. Moreover, NeuroTIS+ have stronger expressive power by increasing the
number of network layers and convolution kernels. Second, NeuroTIS+ considered the heterogeneity
of negative TISs and build homogenous features for TISs by using an adaptive grouping strategy, then
three frame-specific CNNss are trained for TIS prediction, which significantly improve the prediction
performance of NeuroT]IS.

Despite its improved performance, NeuroTIS+ has several limitations. First, it requires full-length
mRNA sequences for global feature generation. Fortunately, the availability of full-length mRNA
sequences is increasing. Second, it only considers canonical downstream TISs, while numerous mRNAs
contain alternative TISs (including non-AUG codons) [3]. Third, its assumption of a directed TIS-CDS
dependency enables efficient inference, but cyclic dependencies might offer additional benefits. Future
studies on these points are warranted.
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6. Conclusion

Translation initiation site prediction is an important problem in transcriptome annotation which
plays a key role in transcript function annotation. In this paper, in view of the shortcomings that our
previous method do not fully structural information in mRNA sequence, we propose its improved
version, NeuroTIS+, which allows for more sophisticated codon label dependency modelling by tem-
poral convolution network and homogenous feature building by using an adaptive sample grouping
strategy. The experimental results demonstrate that our proposed method not only outperform existing
state-of-the-art methods for coding sequence and translation initiation site prediction, but also exhibit
more stable model training process.
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