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Abstract
Background: Long non-coding RNAs (lncRNAs) play crucial roles in diverse biological processes and
human complex diseases. Distinguishing lncRNAs from protein-coding transcripts is a fundamental step
for analyzing lncRNA functional mechanism. However, the experimental identi�cation of lncRNAs is
expensive and time-consuming.

Results: In this study, we present an alignment-free multimodal deep learning framework (namely
lncRNA_Mdeep) to distinguish lncRNAs from protein-coding transcripts. LncRNA_Mdeep incorporates
three different input modalities (i.e. OFH modality, k-mer modality, and sequence modality), then a
multimodal deep learning framework is built for learning the high-level abstract representations and
predicting the probability whether a transcript is lncRNA or not.

Conclusions: LncRNA_Mdeep achieves 98.73% prediction accuracy in 10-fold cross-validation test on
human. Compared with other eight state-of-the-art methods, lncRNA_Mdeep shows 93.12% prediction
accuracy independent test on human, which is 0.94%~15.41% higher than that of other eight methods. In
addition, the results on 11 cross-species datasets show that lncRNA_Mdeep is a powerful predictor for
identifying lncRNAs. The source code can be downloaded from https://github.com/NWPU-
903PR/lncRNA_Mdeep.

Background
LncRNAs are de�ned as non-protein-coding transcripts with the length more than 200 nucleotides.
Several studies reveal that more than 70% of the human genome are capable of being transcribed,
whereas less than 2% of the genome can be translated into proteins [1]. LncRNAs make up the largest
portion of the non-protein-coding transcripts [2-4] and show critical roles in cellular function, development,
and diseases [5-7].

LncRNA identi�cation is the fundamental step of lncRNA-related researches, which has drawn a lot of
attention in recent years. Several computational methods are developed for distinguishing lncRNAs from
protein-coding transcripts. Existing computation methods can mainly categorized into alignment-based
methods [8-13] and alignment-free methods [14-21]. The alignment-based methods generally align the
transcripts against comprehensive reference protein database to predict lncRNAs, for example, CPC [8]
aligned transcripts against UniRef90 dataset [22] using BLSATX [23] tool; lncRNA-ID [11] and lncADeep
[13] aligned the transcripts against Pfam dataset [24] using HMMER [25] tool. This kind of methods
heavily rely on the quality of alignments, which will be in�uenced by the performance of multiple-
sequence alignment tools and the quality of reference databases. Furthermore, the alignment process is
extremely time-consuming [15, 21]. To avoid the drawback caused by alignment, the alignment-free
methods are developed to distinguish lncRNAs from protein-coding transcripts. Without considering
conservation features, CNCI [14] extracted �ve features (i.e., the length and S-score of MLCDS, length-
percentage, score-distance and codon-bias) by pro�ling adjoining nucleotide triplets to represent the
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transcript sequences. CPAT [15] calculated open reading frame size, open reading frame coverage, Fickett
TESTCODE score and hexamer score. PLEK [16] proposed an improved k-mer feature. And these methods
adopted different machine learning algorithms to build the classi�ers for predicting lncRNAs. For
example, CNCI and PLEK used support vector machine (SVM), and CPAT used logistic regression. Except
these conventional machine learning algorithms, Deep learning, a branch of machine learning, has been
applied for lncRNA identi�cation. Such as, lncRNA-MFDL [17] was developed to identify lncRNAs by
fusing multiple features and a deep stacking network, and Tripathi et.al. [18] proposed the DeepLNC
method to identify lncRNAs by k-mer features and a deep neural network classi�er. Although deep
learning algorithms achieve a better performance than conventional machine learning algorithms, these
two methods still depend on manually crafted features, and fail to learn intrinsic features automatically
from raw transcript sequences. Recently, a deep learning-based method, lncRNAnet [20], was proposed to
identify lncRNAs. LncRNAnet built a convolutional neural networks (CNNs) for detecting the open reading
frame (ORF) indicator and a recurrent neural network (RNNs) for modeling RNA sequence to identify
lncRNAs, which does not take into consideration at all the manually crafted features.

In this study, we proposed an alignment-free method, lncRNA_Mdeep, to identify lncRNAs by using
multimodal deep learning. The novelties of lncRNA_Mdeep mainly include: 1) lncRNA_Mdeep
successfully integrates manually crafted features and raw transcript sequences. 2) LncRNA_Mdeep
effectively extracts high-level abstract representations from multiple deep learning models based on
different raw input features. 3) lncRNA_Mdeep successfully distinguish lncRNAs from protein-coding
transcripts in not only human dataset but also multiple cross-species datasets. To validate our
lncRNA_Mdeep, we tested it on human dataset containing 46,000 transcripts in 10-fold cross validation
(10CV) test and compared it with other seven model architectures. Furthermore, we compared
lncRNA_Mdeep with other eight state-of-the-art methods on the human and 11 cross-species datasets in
independent test. The results show that lncRNA_Mdeep can effectively distinguish lncRNAs from protein-
coding transcripts.

Results
We developed an alignment-free multimodal deep learning framework (namely lncRNA_Mdeep) to
distinguish lncRNAs from protein-coding transcripts (Figure 1, Methods). In statistical prediction, the
jackknife test, q-fold cross-validation (CV) test, and independent dataset test are often used to examine
the effectiveness of a predictor in practical application [26]. Of the three test methods, the jackknife test is
deemed the least arbitrary that can always yield a unique result for a given benchmark dataset [27].
However, for large scale database, the jackknife test needs to spend lots of time to generate the prediction
results. To reduce the computational time and evaluate the generalization performance of a predictor, in
this study, we adopted the 10-fold cross-validation (10CV) test and independent dataset test as done by
most investigators [17, 28-30]. For 10CV test, the transcripts in the training set are randomly partitioned
into 10 subsets with approximately equal size, and one of the 10 subsets is singled out in turn as test
transcripts and the other 9 subsets are used as the training transcripts. This process is repeated for 10
iterations, each time setting aside a different test subset. The results from the 10 folds can then be
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averaged to produce a single estimation [31, 32]. For independent dataset test, all transcripts in testing
set are outside the training set.

To evaluate the performance of lncRNA_Mdeep, we �rst investigated the performance of lncRNA_Mdeep
with different model architectures on human dataset in 10CV test, and shown the effect of different
hyper-parameters in DNNs and CNN, then compared lncRNA_Mdeep with eight existing state-of-the-art
methods (i.e., CNCI [14], CPAT [15], PLEK [16], lncRNA-MEDL [17], CPC2 [19], lncRNAnet [20], LncFinder1

and LncFinder2 [21]) on human and 11 cross-species datasets in independent test. LncFinder1 means the
LncFinder without secondary structure, and LncFinder2 means LncFinder with secondary structure.

LncRNA_Mdeep is implemented in python 3 using keras 2.2.4 [33] with the backend of Tensor�ow-gpu
(1.9.0) [34]. All the experiments are implemented on an Ubuntu system with a NVIDIA TITAN V GV100.

Performance of lncRNA_Mdeep

Performance of different model architectures

We separately implemented the DNN model with OFH feature as input (namely OFH_DNN), DNN model
with k-mer feature as input (namely k-mer_DNN), CNN model with one-hot encoding as input (namely
One-hot_CNN), the combinations of these models (i.e., OFH_DNN + k-mer_DNN, k-mer_DNN + One-
hot_CNN, and OFH_DNN + One-hot_CNN), and the decision fusion of three models on Human training
dataset in 10CV test. The results are shown in Table 1, from which we can see that the accuracy, Sn, Sp

and MCC of lncRNA_Mdeep are 98.73%, 98.95%, 98.52% and 0.9748, respectively. By comparing the
performance of OFH_DNN, k-mer_DNN, One-hot_CNN and lncRNA_Mdeep, we found that the accuracy of
lncRNA_Mdeep is 2.99%, 2.20%, and 2.91% higher than that of OFH_DNN, k-mer_DNN, and One-hot_CNN,
respectively. The MCC of lncRNA_Mdeep is 0.0577, 0.0441, and 0.0579 higher than that of OFH_DNN, k-
mer_DNN, and One-hot_CNN, respectively. The Sn of lncRNA_Mdeep is 4.51 %, 2.55%, and 1.94% higher
than that of OFH_DNN, k-mer_DNN, and One-hot_CNN, respectively. The Sp of lncRNA_Mdeep is 1.48%,
1.86%, and 3.89% higher than that of OFH_DNN, k-mer_DNN, and One-hot_CNN, respectively. These
results show that lncRNA_Mdeep through incorporating three different input modalities achieves better
performance than individual models. In addition, k-mer_DNN shows the best performance among three
individual models (i.e., OFH_DNN, k-mer_DNN, and One-hot_CNN).

By comparing the performance of different combination of three individual models and lncRNA_Mdeep,
we found that the accuracy of lncRNA_Mdeep is 2.76%, 0.37%, and 1.13% higher than that of OFH_DNN +
k-mer_DNN, k-mer_DNN + One-hot_CNN, and OFH_DNN + One-hot_CNN, respectively. The MCC of
lncRNA_Mdeep is 0.0537, 0.0074, and 0.0222 higher than that of OFH_DNN + k-mer_DNN, k-mer_DNN +
One-hot_CNN, and OFH_DNN + One-hot_CNN, respectively. These results show that lncRNA_Mdeep
through fusing three models achieves better performance than that of fusing any two models.

Furthermore, we also compared lncRNA_Mdeep with a decision fusion strategy of voting. As shown in
Table 1, the performance of lncRNA_Mdeep is 0.31% and 0.0059 higher than that of voting fusion
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strategy in terms of accuracy and MCC. All the results from Table 1 show that lncRNA_Mdeep is a
superior deep learning framework and it can effectively distinguish lncRNAs from protein-coding
transcripts.

Performance of lncRNA_Mdeep

Performance of different model architectures

We separately implemented the DNN model with OFH feature as input (namely OFH_DNN), DNN model
with k-mer feature as input (namely k-mer_DNN), CNN model with one-hot encoding as input (namely
One-hot_CNN), the combinations of these models (i.e., OFH_DNN + k-mer_DNN, k-mer_DNN + One-
hot_CNN, and OFH_DNN + One-hot_CNN), and the decision fusion of three models on Human training
dataset in 10CV test. The results are shown in Table 1, from which we can see that the accuracy, Sn, Sp

and MCC of lncRNA_Mdeep are 98.73%, 98.95%, 98.52% and 0.9748, respectively. By comparing the
performance of OFH_DNN, k-mer_DNN, One-hot_CNN and lncRNA_Mdeep, we found that the accuracy of
lncRNA_Mdeep is 2.99%, 2.20%, and 2.91% higher than that of OFH_DNN, k-mer_DNN, and One-hot_CNN,
respectively. The MCC of lncRNA_Mdeep is 0.0577, 0.0441, and 0.0579 higher than that of OFH_DNN, k-
mer_DNN, and One-hot_CNN, respectively. The Sn of lncRNA_Mdeep is 4.51 %, 2.55%, and 1.94% higher
than that of OFH_DNN, k-mer_DNN, and One-hot_CNN, respectively. The Sp of lncRNA_Mdeep is 1.48%,
1.86%, and 3.89% higher than that of OFH_DNN, k-mer_DNN, and One-hot_CNN, respectively. These
results show that lncRNA_Mdeep through incorporating three different input modalities achieves better
performance than individual models. In addition, k-mer_DNN shows the best performance among three
individual models (i.e., OFH_DNN, k-mer_DNN, and One-hot_CNN).

By comparing the performance of different combination of three individual models and lncRNA_Mdeep,
we found that the accuracy of lncRNA_Mdeep is 2.76%, 0.37%, and 1.13% higher than that of OFH_DNN +
k-mer_DNN, k-mer_DNN + One-hot_CNN, and OFH_DNN + One-hot_CNN, respectively. The MCC of
lncRNA_Mdeep is 0.0537, 0.0074, and 0.0222 higher than that of OFH_DNN + k-mer_DNN, k-mer_DNN +
One-hot_CNN, and OFH_DNN + One-hot_CNN, respectively. These results show that lncRNA_Mdeep
through fusing three models achieves better performance than that of fusing any two models.

Furthermore, we also compared lncRNA_Mdeep with a decision fusion strategy of voting. As shown in
Table 1, the performance of lncRNA_Mdeep is 0.31% and 0.0059 higher than that of voting fusion
strategy in terms of accuracy and MCC. All the results from Table 1 show that lncRNA_Mdeep is a
superior deep learning framework and it can effectively distinguish lncRNAs from protein-coding
transcripts.

Effects of different hyper-parameters

We evaluated the effects of two parameters of k in k-mer feature and maxlen for padding one-hot
encoding. The accuracies of k-mer_DNN and One-hot_CNN on Human training dataset in 10CV test at
different k and maxlen are shown in Figure 2. As shown in Figure 2A, we found that k-mer_DNN achieved
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the highest accuracy when k = 6. Results in Figure 2B shows that One-hot_CNN achieves the highest
accuracy when maxlen = 3000, Therefore, we set k = 6 when we extract the k-mer feature, and �x the one-
hot encoding of a transcript as a 4 × 3000 matrix. All other hyper-parameters in lncRNA_Mdeep are
selected by using hyperopt [35] strategy, and these parameters are listed in Additional �le 2.

Comparison with other existing methods

We compared lncRNA_Mdeep with other eight existing alignment-free methods (i.e., CNCI, CPAT, PLEK,
lncRNA-MEDL, CPC2, lncRNAnet, LncFinder1 and LncFinder2) on human datasets and cross-species
datasets. LncRNA_Mdeep is trained on Human training dataset, and since most existing methods do not
provide the retraining option, we used their per-trained models.

Comparison performance on human dataset

We �rst compared the performance of lncRNA_Mdeep and other eight existing methods on Human
testing dataset. The results are shown in Table 3, from which we can see that lncRNA_Mdeep achieves an
accuracy of 93.12%, which is 6.72%, 5.14%, 15.41%, 7.65%, 15.14%, 0.94%, 6.90%, and 6.24% higher than
that of CNCI, CPAT, PLEK, lncRNA-MEDL, CPC2, lncRNAnet, LncFinder1, and LncFinder2, respectively. MCC
and Sp of lncRNA_Mdeep are 0.8653 and 88.97%, which are at least 0.0183 and 1.24% higher than that of
eight methods. Although CNCI achieves 97.42% sensitivity, which is 0.15% higher than that of
lncRNA_Mdeep, it shows lower performance in terms of accuracy, Sp, and MCC.

To further evaluate the “memory” effect, we trained 3 lncRNA_Mdeep models (namely model-1, model-2,
and model-3) on Human training dataset, Human gene-wise training dataset, and Human non-gene-wise
training dataset, respectively, and compared the performance of these 3 lncRNA_Mdeep models and other
eight existing methods on Human gene-wise testing dataset. The results are shown in Additional �le 3,
from which we can see that lncRNA_Mdeep model-1 achieves best performance, and lncRNA_Mdeep
model-2 and lncRNA_Mdeep model-3 still show the better performance than most of the existing
methods. By comparing the performance of lncRNA_Mdeep model-2 with model-3, we found that
lncRNA_Mdeep model-2 show the better performance than model-3. These results indicate that even if
there is no overlapped originated gene between training transcripts and testing transcripts, our
lncRNA_Mdeep method can still achieve a superior performance. It should be pointed out that all of other
compared methods have not been retrained, and some transcripts in their training datasets may be same
as the transcripts in Human gene-wise testing dataset, thus the prediction performance of these
compared methods might be over-estimated.

Comparison performance on cross-species datasets

We also compared the performance of lncRNA_Mdeep and other eight existing methods by using 11
cross-species datasets as the independent testing datasets. In these tests, our lncRNA_Mdeep and other
eight predictors are trained on the human dataset, and no additional training processes with other species
were implemented. The results are shown in Table 4. On mouse testing dataset, lncRNA_Mdeep achieves
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92.52% accuracy, which is 5.43%, 2.05%, 20.63%, 3.99%, 12.09%, 0.71%, 4.05%, and 3.53% higher than
that of CNCI, CPAT, PLEK, lncRNA-MEDL, CPC2, lncRNAnet, LncFinder1, and LncFinder2, respectively. On
other 10 cross-species testing datasets, the accuracies of lncRNA_Mdeep for arabidopsis, Bos taurus, C.
elegans, chicken, chimpanzee, frog, fruit �y, gorilla, pig and zebra�sh are 95.73%, 97.33%, 98.87%,
96.06%, 96.76%, 96.80%, 96.10%, 96.65%, 96.87%, and 96.76%, respectively. LncRNA_Mdeep shows the
best performance on 5 out of 11 cross-species testing datasets, and lncRNA-MDFL shows the best
performance on 3 cross-species testing datasets, and lncFinder2 shows the best performance on 3 cross-
species testing datasets, and CPAT shows the best performance on 1 cross-species testing datasets. The
results on the 11 testing datasets show that lncRNA_Mdeep has the superior performance for
distinguishing lncRNAs from protein-coding transcripts.

Furthermore, we compared the prediction results of lncRNA_Mdeep model-1, model-2, and model-3 on 11
cross-species datasets. The results are shown in Additional �le 4. By comparing the prediction results of
lncRNA_Mdeep model-1, model-2, and model-3, we found that the lncRNA_Mdeep model-1 shows the best
performance on 7 out of 11 cross-species datasets, and lncRNA_Mdeep model-2 shows the best
performance on one cross-species dataset. By comparing the prediction results of lncRNA_Mdeep model-
2 and model-3, we found that lncRNA_Mdeep model-2 achieves the better performance than model-3 on
all 11 cross-species datasets. These results further show that the “memory” effect on lncRNA_Mdeep is
limited, and our lncRNA_Mdeep show a better generalization performance.

Discussion
LncRNA identi�cation is essential for understanding the lncRNA function and regulatory mechanism. In
recent years, several computational methods are developed for distinguishing lncRNAs from protein-
coding transcripts. Most of existing methods focused on manually extracting features and directly
feeding into a classi�er (e.g., support vector machine, logistic regression, and random forest) to predict
lncRNAs. These predictors depend on the effectiveness of manually crafted features and fail to
automatically learn intrinsic representations from raw transcript sequences. To address this issue,
lncRNA_Mdeep is proposed to identify lncRNAs by multimodal deep learning. LncRNA_Mdeep can
successfully integrate the manually crafted features and the raw transcript sequences. It also
successfully learns high-level abstract representations based on different raw input features, and
integrates learned high-level abstract representations by a multimodal deep learning model to predict
lncRNAs.

Our experience results show that lncRNA_Mdeep is a superior predictor for distinguishing lncRNAs from
protein-coding transcripts. We compared lncRNA_Mdeep with other different model architectures on
human dataset in 10CV test, and compared lncRNA_Mdeep with existing eight state-of-the-art methods
on human and 11 cross-species datasets in independent test. The results in Table 1, 3 and 4 show that
lncRNA_Mdeep is a superior multimodal framework, and it achieves a better performance than other
methods on human and 11 cross-species datasets. In addition, we evaluated the “memory” effect caused
by the overlapped originated genes between training transcripts and testing transcripts. The results in
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Table 2, Additional �le 3 and 4 show that the “sequence memorization” has certain in�uence on the
prediction results, but lncRNA_Mdeep still shows a better generalization performance.

Although lncRNA_Mdeep shows a superior performance to identify lncRNAs, there are still several issues
need to be addressed in the future. First, lncRNA_Mdeep used one-hot encoding strategy to encode the
raw transcript sequence and set up a parameter of maxlen to meet the input requirement of CNN model,
but we expect a more effective encoding strategy to encode the transcript sequences with variable-length.
Second, the deep learning model is like a black box, which can interpret the meaning of learned high-level
abstract representations, but we expect a good way to analyze the learned high-level abstract
representations.

Conclusions
In this study, we proposed a novel multimodal deep learning method (namely lncRNA_Mdeep) to
distinguish lncRNAs from protein-coding transcripts. LncRNA_Mdeep �rst builds three individual deep
model architectures to learn the hidden high-level abstract representations from three input modalities
(i.e., OFH modality, k-mer modality, and sequence modality), and high-level representations are fused to
feed into another deep model architecture for predicting lncRNAs. The experimental results show that
lncRNA_Mdeep successfully integrates the manually crafted features (i.e., OFH and k-mer features) and
the raw transcript sequences by using the multimodal framework, and it achieves higher performance
than other state-of-the-art methods on human and other 11 cross-species datasets. These results indicate
that lncRNA_Mdeep can contribute to the identi�cation of novel lncRNA transcripts.

Methods
Due to technological limitations, the Methods section is only available as a download in the
supplementary �les.
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Tables
Table 1. Performance of lncRNA_Mdeep and other model architectures on Human training
dataset in 10CV test

  ACC (%) Sn (%) Sp (%) MCC
OFH_DNN 95.74 ± 1.70 94.44 ± 4.89 97.04 ± 2.15 0.9171 ± 0.0307
k-mer_DNN 96.53 ± 0.41 96.40 ± 1.11 96.66 ± 0.78 0.9307 ± 0.0082
One-hot_CNN 95.82 ± 0.33 97.01 ± 0.96 94.63 ± 1.19 0.9169 ± 0.0064
OFH_DNN + k-mer_DNN 95.97 ± 2.49 96.87 ± 1.05 95.06 ± 5.71 0.9211 ± 0.0449
k-mer_DNN + One-hot_CNN 98.36 ± 0.16 98.70 ± 0.42 98.03 ± 0.50 0.9674 ± 0.0033
OFH_DNN + One-hot_CNN 97.60 ± 1.26 97.78 ± 1.58 97.43 ± 2.33 0.9526 ± 0.0248
Decision fusion 98.42 ± 1.12 99.24 ± 0.45 97.60 ± 2.59 0.9689 ± 0.0212
lncRNA_Mdeep 98.73 ± 0.41 98.95 ± 0.54 98.52 ± 0.92 0.9748 ± 0.0080

Table 2. Performance of lncRNA_Mdeep on three training datasets in 10CV
Dataset Transcripts ACC (%) Sn (%) Sp (%) MCC
Human training dataset 46,000 98.73  ±

0.41
98.95  ±
0.54

98.52  ±
0.92

0.9748  ±
0.0080

Human non-gene-wise training
dataset

24,000 97.91  ±
0.68

97.21 ±
1.40

98.61 ±
0.65

0.9584 ±
0.0133

Human gene-wise training dataset 24,000 94.95  ±
0.45

95.40 ±
1.50

94.50 ±
1.26

0.8994 ±
0.0089

Table 3. Performance of lncRNA_Mdeep and other eight methods on Human testing dataset
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Methods ACC (%) Sn (%) Sp (%) MCC
CNCI 86.40 97.42 75.38 0.7463
CPAT 87.98 95.22 80.73 0.7676
PLEK 77.71 97.22 58.20 0.6019
lncRNA-MFDL 85.47 93.43 77.50 0.7185
CPC2 77.98 94.07 61.90 0.5911
lncRNAnet 92.18 96.63 87.73 0.8470
lncFinder1 86.22 95.20 77.23 0.7363
lncFinder2 86.88 95.98 77.77 0.7501
lncRNA_Mdeep 93.12 97.27 88.97 0.8653

Table 4. Accuracy (%) of lncRNA_Mdeep and other eight methods on 11 cross-species
datasets

Species CNCI CPAT PLEK lncRNA-

MFDL

CPC2 lncRNAnet lncFinder1 lncFinder2 lncRNA_Mdeep

Mouse 87.09 90.47 71.89 88.53 80.43 91.81 88.47 88.99 92.52
Arabidopsis 79.86 91.39 66.93 97.30 93.36 94.60 92.45 93.77 95.73
Bos taurus 92.88 97.13 89.32 95.51 96.10 96.30 97.00 97.03 97.33
C. elegans 77.72 91.48 45.37 97.97 94.75 97.95 87.46 88.55 98.87
Chicken 91.52 97.04 83.95 96.87 95.22 95.56 96.82 96.64 96.06

Chimpanzee 89.84 96.18 88.99 94.26 95.48 94.78 96.05 96.21 96.76
Frog 90.60 96.40 80.90 96.14 96.34 95.53 96.92 97.26 96.80

Fruit fly 92.90 96.02 74.43 96.49 94.28 95.21 95.33 95.50 96.10
Gorilla 89.37 94.99 86.75 95.12 94.12 94.31 94.72 94.87 95.65

Pig 91.73 96.91 87.34 96.98 95.86 95.56 96.88 96.82 96.87
Zebrafish 93.59 97.50 85.07 92.17 96.83 95.77 97.54 97.78 96.76

Figures
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Figure 1

Overview of lncRNA_Mdeep

Figure 2
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Results of k-mer_DNN and One-hot_CNN with different parameters. (A) Accuracy of k-mer_DNN with
different k value. (B) Accuracy of One-hot_CNN with different maxlen value.
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