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Enhancers are regulatory DNA sequences that could be bound by specific proteins named transcription factors (TFs). The interactions between enhancers and TFs regulate specific genes by increasing the target gene expression. Therefore, enhancer identification and classification have been a critical issue in the enhancer field. Unfortunately, so far there has been a lack of suitable methods to identify enhancers. Previous research has mainly focused on the features of the enhancer’s function and interactions, which ignores the sequence information. As we know, the recurrent neural network (RNN) and long short-term memory (LSTM) models are currently the most common methods for processing time series data. LSTM is more suitable than RNN to address the DNA sequence. In this paper, we take the advantages of LSTM to build a method named iEnhancer-EBLSTM to identify enhancers. iEnhancer-ensembles of bidirectional LSTM (EBLSTM) consists of two steps. In the first step, we extract subsequences by sliding a 3-mer window along the DNA sequence as features. Second, EBLSTM model is used to identify enhancers from the candidate input sequences. We use the dataset from the study of Quang H et al. as the benchmarks. The experimental results from the datasets demonstrate the efficiency of our proposed model.
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INTRODUCTION

Enhancers, as cis-acting DNA sequences, are small pieces of DNA that are surrounded by specific proteins that often boost the expression of specific genes, and the specific proteins are always transcription factors (TFs) (Sen and Baltimore, 1986; Krivega and Dean, 2012; Pennacchio et al., 2013; Liu B. et al., 2016, 2018; Nguyen et al., 2019). In fact, enhancers play a highly important role in vivo. As we know, enhancers can increase the gene expression by interacting with TFs. By activating the transcription of genes, one way that enhancers influence target gene transcription is by bringing enhancers close to target genes by forming chromatin loops, and the other way is through self-transcription. Either way will bring about increasing of gene expression (Krivega and Dean, 2012). Moreover, it is well known that enhancers can influence human health and many human diseases. Recently, researchers have shown that under evolutionary constraints, approximately 85% of human DNA corresponds to non-protein-coding sequences with a significant portion constituting cis-regulatory elements. It is therefore not surprising that genetic variations within these regulatory sequences may lead to phenotypic variations and serve as the etiological basis of human disease (Shen and Zou, 2020). This indicates that enhancers might contribute to evolution.

As the amount of histone modifications and other biological data available on public databases and the development of bioinformatics, gene expression and gene control have become increasingly well known (Kleinjan and Lettice, 2008; Liu G. et al., 2016, 2018; Liu et al., 2017; Wang et al., 2020), and study about enhancers is a hot spot currently, especially how to identify enhancers and their strength (Zou et al., 2016; Zacher et al., 2017; Zhang T. et al., 2020). However, there remain many challenges to identify enhancers. For example, enhancers locate in the non-coding regions that occupy 98% of the human genome. This feature leads to a large search space and increases the difficulty. It is also a formidable challenge that enhancers are located 20 kb away from the target genes, or even in another chromosome, unlike promoters are located somewhere around the transcription start sites of genes. These features make identifying the enhancers more difficult (Pennacchio et al., 2013). As a result, in recent years, a large number of researchers have turned their attention to this topic. In 2017, Zacher et al. proposed a hidden Markov model named Genomic State ANotation (GenoSTAN), which is a new unsupervised genome segmentation algorithm that overcomes many limitations, such as unrealistic data distribution assumptions. Although the experience has shown that chromatin state annotation is more effective in predicting enhancers than the transcription-based definition, sensitivity (SN) remains poor (Wang et al., 2020). There are also other algorithms that can be used for enhancer identification and classification. Liu et al. built a predictor that has two layers named “IEnhancer-2L,” which is the first predictor that can identify enhancers with the strength information. The authors used pseudo k-tuple nucleotide composition (PseKNC) to encode the DNA sequences and then made full use of support vector machine (SVM) to build a classifier (Liu B. et al., 2016). In 2018, a new predictor called “iEnhancer-EL” was proposed by Bin Liu et al. iEnhancer-EL is formed through k-mer, subsequence profile, or PseKNC and SVM. Then it obtains the key classifiers and final predictor for layers 1 and 2 (Liu B. et al., 2018; Nguyen et al., 2019). This bioinformatics tool is equivalent to an advanced version of iEnhancer-2L and therefore has better performance than Enhancer-2L. Last year, Quang H. et al. proposed a new model called iEnhancer-ECNN that uses both one-hot encoding and k-mer to encode the sequence and ensembles of convolutional neural networks as the predictor. In our view, it has great improvements in many metrics.

In this study, we build a prediction network named iEnhancer-ensembles of bidirectional long short-term memory (EBLSTM) to identify enhancers and predict their strengths at the same time. We use 3-mer to encode the input DNA sequences. Then we predict enhancers by EBLSTM. Although we only use DNA sequence information, the experimental results prove the effectiveness of our method.



MATERIALS AND METHODS


Benchmark Dataset

The dataset used in our study is collected from previous studies by Liu B. et al. (2016), Liu B. et al. (2018), and Nguyen et al. (2019) and consists of the chromatin states of nine cell lines, including H1ES, K562, GM12878, HepG2, HUVEC, HSMM, NHLF, NHEK, and HMEC (Liu B. et al., 2016). The dataset is divided into two parts; one part is used to train the model. We called this dataset as the development set. The other part is an independent test dataset. As shown in Figure 1A, the development set consists of 1484 enhancer samples and 1484 negative samples and it is also the layer 1 dataset for enhancer identification. Moreover, 1484 enhancer samples can be divided into 742 strong enhancer samples and 742 weak enhancer samples, and it is the layer 2 dataset for enhancer classification. As shown in Figure 1B, the independent test set contains 200 enhancer samples (100 strong and 100 weak) and 200 negatives. At the same time, the dataset can be presented as follows:
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FIGURE 1. Dataset partition. (A) The partition of the development set. (B) The partition of the independent test set.


where the Dataset is all the data that we used, Dataset+ means the positive dataset, which is the enhancers in our study, and Dataset− means the negative dataset, which is the non-enhancer dataset in our study. Therefore, these two formulas mean the Dataset consists of Dataset+ and Dataset−, and Dataset+ consists of Datasetstrong and Datasetweak.

To display the datasets of this experiment more intuitively, DNA consensus sequences of enhancers (Figure 2A), non-enhancers (Figure 2B), strong enhancers (Figure 2C), and weak enhancers (Figure 2D) are calculated. As Figure 2 shows, the specific distributions of A, T, C, and G on these four datasets are different. This means that differences in DNA sequence can be used to distinguish these four types of sequences.
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FIGURE 2. DNA sequence logo. (A) The DNA logo of enhancers. (B) The DNA logo of non-enhancers. (C) The DNA logo of strong enhancers. (D) The DNA logo of weak enhancers.


Every enhancer sample has the same length of 200 bp. In the process of building the model, the development set will be divided into five parts, no matter whether in layer 1 or in layer 2, and each part will be the validation in turn and other four parts will be the training set.



Sequence Encoding Scheme

In this study, we use the principle of k-mer (Liu et al., 2019; Zou et al., 2019; Yang et al., 2020; Zhang Z. Y. et al., 2020), which means dividing the nucleic acid sequence into many shorter subsequences with length of k to encode the 200-bp enhancer sequence. As we know, enhancers are a type of DNA sequence and are composed of two kinds of purines (including adenine and guanine) and two kinds of pyrimidines (including cytosine and thymine). Thus, we can encode the obtained sequence of a length of 200 using k-mer (k = 3) as a sequence with a length of 198 by the encoding method shown in Figure 3. For example, the DNA sequence D is shown as follows:
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FIGURE 3. Coding flow of 3-mer (taking DNA sequence with the length of 10 bp as an example).


3-Mers are extracted by sliding a 3-mer window along the original DNA sequence with one step as features. The example sequence could be cut into eight such short sequences in S1.
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Then, eight numbers are used to represent eight short sequences with a strategy that makes each different 3-bp subsequence corresponds to a different number as shown in Figure 3. The DNA sequence can be transformed as a number sequence as follows:
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Finally, a number sequence of length 8 can be extracted from a 10-bp DNA sequence. Thus, a sequence of 200 bp in the experiment is encoded in this way and a sequence of 198 digits is produced. Using the sequence ATC in S1 as an example, ATC is regarded as a quaternary three-digit number, A as 0, T as 1, C as 2, and G as 3. Then convert the number in base 3 to base 10. So 64 different 3-mers can be represented by 0–63.



BLSTM Architecture

As Figure 4 shows, a sequence of numbers with the sequence encoding scheme with the length 198 followed by the body of the structure is used as input to BLSTM. It is mainly composed of an embedding layer, a bidirectional LSTM, a dropout layer, the rectified linear unit (relu), a dropout layer, and sigmoid activation functions. In the architecture, the main purpose of embedding term training is to incorporate into the model to form an end-to-end structure, and the vector trained by the embedding layer can better adapt to the corresponding tasks (Kleinjan and Lettice, 2008; Liu G. et al., 2016, 2018; Liu et al., 2017; Zhang T. et al., 2020). The recurrent neural network (RNN) is a network of nerves that processes sequential data. Compared with the ordinary neural network, it can process the sequence variation data (Zou et al., 2016; Zacher et al., 2017). Long short-term memory (LSTM) is a special RNN, and it is mainly used to solve the problem of gradient explosion and disappearance. In short, LSTM performs better than normal RNN if the sequence is long (Liu et al., 2019; Zou et al., 2019; Yang et al., 2020; Zhang Z. Y. et al., 2020). Bidirectional LSTM is equivalent to the LSTM upgraded version, which means that time sequence data are used to input history and future data simultaneously. In contrast to time sequence, two cyclic neural networks are connected to the same output, and the output layer can obtain historical and future information at the same time (Bian et al., 2014; Goldberg and Levy, 2014; Juntao and Zou, unpublished; Tang et al., 2014). The function of dropout layer is preventing model overfitting. In addition, after relu and sigmoid layers (Gers et al., 1999; Graves and Schmidhuber, 2005; Sundermeyer et al., 2012; Zaremba et al., 2014; Huang et al., 2015; Xingjian et al., 2015; Li and Liu, 2020; Sherstinsky, 2020), a probability of whether the sequence is an enhancer or not can be calculated.
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FIGURE 4. Architecture of the BLSTM model.




Ensemble Model

There are two algorithms in ensemble learning: boosting and bagging (Li et al., 2020; Lv Z. B. et al., 2020; Sultana et al., 2020; Zhu et al., 2020). In our experiment, the data from each experiment are relatively independent and the bagging algorithm is more suitable. First, the basis learner models are trained independently by using subsamples. Finally, the strong learner model is made by different ensemble methods. The testing result shows that bagging is better than boosting. The entire workflow of bagging is in perfect agreement with our experimental procedure. After that, through several experiments, compared with the voting and median methods, the average method (Figure 5) can improve most of the metrics in our experiment in the process of selecting the ensemble method.
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FIGURE 5. Workflow of the ensemble model (ensemble method is the averaging method).


In our experiment, the dataset is divided into five parts according to fivefold cross-validation and each part is used as the validation set (Cheng et al., 2019; Dao et al., 2020a; Tang et al., 2020; Zhang D. et al., 2020; Zhao et al., 2020), respectively, and the remaining four parts are used as the training set for the experiment. Five different sets of parameters and models are obtained in these five experiments, and then five sets of models are used to test and obtain the prediction results. The final prediction probability value of the five prediction results is obtained by the average method, and then the prediction results is obtained by comparing with the threshold value of 0.5.



Measurement

To get the performance of the model, some evaluation metrics are used, such as accuracy (ACC), SN, specificity (SP), Matthews’s correlation coefficient (MCC), and area under the ROC curve (AUC) (Jiang et al., 2013; Cheng, 2019; Liang et al., 2019; Dao et al., 2020b; Lv H. et al., 2020; Shao and Liu, 2020; Shao et al., 2020; Su et al., 2020; Lv et al., 2021; Zhang et al., 2021). In the formulas of these metrics, TP, TN, FP, and FN mean true positive, true negative, false positive, and false negative, respectively. As we know, ACC is a description of systematic errors, a measure of statistical bias, and it always evaluates a model objectively when the dataset is balanced. SN and SP can support the model more accurately when the data are not balanced. The ROC curve is based on a confounding factors matrix, and the abscissa and the ordinate of the ROC curve are the false positive rate (FPR) and true positive rate (TPR), respectively, and AUC is the area under the curve. When comparing the different classification models, the ROC curve of each model can be drawn to obtain the value of the AUC, which can be used as an important indicator to evaluate the quality of a model (Gers et al., 1999; Graves and Schmidhuber, 2005; Sundermeyer et al., 2012; Wei et al., 2014, 2017a,b, 2019; Zaremba et al., 2014; Jin et al., 2019; Su et al., 2019; Ao et al.,2020a,b; Li and Liu, 2020; Sherstinsky, 2020; Yu et al.,2020a,b,c). The higher the AUC value is, the better the model is. The MCC is used as a measure of the quality of binary classifications and it is always used in the field of bioinformatics and machine learning. The reason why it is seen as a balanced measure is that MCC can take into account TP, TN, FP, and FN and we can get more ACC results by this way. MCC is a value between +1 and −1. +1 means a perfect prediction, 0 represents that the method does not work, and −1 indicates that the prediction was the exact opposite. These evaluation metrics are calculated from the count of TP, TN, FP, and FN.
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RESULTS


Two-Layer Classification Framework

To finish the work in an orderly way, a two-layer classification framework is proposed, which is composed in two steps: identifying enhancer and classifying strong enhancer from weak enhancers. In fact, layers 1 and 2 have the same encoding scheme and network structure. The only difference between the two layers is the input dataset. In layer 1, all data are used as the training set, enhancer set, and non-enhancer set, as part of all data and considered the positive set and negative set, respectively. In layer 2, only the enhancers are used in the experiment. The strong enhancer and weak enhancer are used, respectively, as the positive set and negative set.


Layer 1: Enhancer Identification

As we know, enhancer identification is extremely important in the field of enhancers. Now it is a hot topic in bioinformatics. In this study, the process of identification can be regarded as preparation for next step. To illustrate it, before judging whether a DNA sequence is a strong enhancer or a weak enhancer, the first thing is to judge if the sequence is an enhancer or not. If it is an enhancer, then the model predicts if it is strong or weak. Through this process, it becomes easier to understand its characteristics. Compared with layer 2 (enhancer classification), layer 1 will have higher ACC. For the reason, there are more differences between enhancer and non-enhancer than strong enhancer and weak enhancer. The more the difference, the easier it is to distinguish. In the process of the experiment, all of the datasets (enhancer + non-enhancer) are divided into five parts. Data division strategy is shown in Table 1.


TABLE 1. The specific division of the dataset into five parts for identifying enhancers and non-enhancers.
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Layer 2: Enhancer Classification

The differences between strong enhancers and weak enhancers are small. Hence, for layer 2, enhancer classification is more difficult than layer 1. Enhancer’s biological function and distinguishing the enhancer’s strength are an important component in understanding its physical and chemical properties. For layer 2, more effort is paid in to study it. In this layer, the enhancer dataset (strong + weak) is split into five parts as layer 1, but the amount of enhancer data is smaller (Table 2). Compared with layer 1, the layer 2 data are characterized by smaller differences and smaller quantities.


TABLE 2. The specific division of the dataset into five parts for classifying strong enhancers and weak enhancers.

[image: Table 2]


Comparison of Different Encoding Schemes

In the second part of our study, we compared the encoding methods that we introduced the sequence and encoding scheme. The encoding method adopted in this article is to encode the letters in the sequence into the numbers by 3-mer. Meanwhile, several other coding methods have also been tested, such as 2-mer, one-hot, and encoding by correspondence between letters and numbers.

k-Mer is obtained by sliding on the DNA sequence with a step size of 1 bp. In our experiment, take 3-mer (k = 3) as an example. When k is 3, 198 3-mers can be extracted from DNA sequence of length 200. Each 3-mer consists of the three letters taken as a whole, so it is possible to encode the original letter sequence into a sequence of numbers of length 198 based on the encoding method shown in Figure 3. In addition, the purpose of k-mer is to enhance the relationship between adjacent letters so that the model can learn better. The same is true for 2-mer, except that we end up with a sequence of 199 digits. Another method is to encode the letters directly in the sequence into the corresponding numbers according to the one-to-one correspondence between letters and numbers (A->0, T->1, C->2, G->3). One-hot coding, in fact, means that there are N state registers used to encode N states. Each state has an independent register bit, and only one of these register bits is valid. In other words, there can only be one state. This method ignores the relationship between adjacent sequences.

As shown in Table 3, one-hot encoding scheme showed poor effect in every metric. Adjacent sequences are separated in this process and coding these sequences by one-hot into the EBLSTM may not be a good idea. The other three methods have a similar effect by careful observation, and SN of letters to numbers and 3-mer is equal. But in other metrics, 3-mer is undoubtedly the best one. Similarly, as shown in Table 4, in the process of enhancer classification, the difference among different encoding schemes will be more obvious. It can be seen that 3-mer performs better than the others for each item; thus, we think 3-mer is a more suitable encoding method for this experiment.


TABLE 3. Result of comparison of using different encoding schemes in layer 1 (enhancers identification) under 10 trials.

[image: Table 3]
TABLE 4. Result of comparison of using different encoding schemes in layer 2 (enhancers classification) under 10 trials.
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Comparison of Different Architectures

In this experiment, we tried eight different internal structures, including simple RNN, bidirectional RNN, simple LSTM, and bidirectional LSTM, and then, on the basis of the four networks doubled, respectively, which means that another four structures are two layers of RNNs, bidirectional RNNs, simple LSTMs, and bidirectional LSTMs. After this step, a model that has the best performance would be chosen that with higher metrics than other seven models. Then the dropout layer is added to produce the final architecture.

Tables 5, 6 show the different architecture results in layers 1 and 2, respectively. The results are shown from the results in Table 5. Except for SN, the bidirectional LSTM has better effect based on the four other evaluation metrics. The reasons may be that bidirectional LSTM is more complex than the other three architectures and more features can be captured by it. In fact, we also do the other four experiments, as mentioned in the previous paragraph. But increasing the number of layers in this architecture also raises the processing time longer. The efficiency will be reduced. Therefore, the results of these four experiments were added to the table. A similar situation occurs in Table 6, where bidirectional LSTM is also the better choice in many metrics, except SP. Together, these results provide important insights into the idea that bidirectional LSTM is the best fit for the experiment.


TABLE 5. Result of comparison of using different architectures in layer 1 (enhancers identification) under 10 trials.

[image: Table 5]
TABLE 6. Result of comparison of using different architectures in layer 2 (enhancers classification) under 10 trials.
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Comparison of Different Ensemble Models

As mentioned in Section “Ensemble Model,” during the experiment, we tested three ensemble strategies. Each method has advantages and disadvantages. To explore which kind of strategy is more suitable for enhancers DNA sequences characteristics identification, median, voting, and averaging are tested. Set of indicators across the different methods are assessed. In Table 7, the voting and averaging methods are significantly better than the median method, and their performance of the two is very similar, but AUC and MCC in the averaging method are higher than those in the voting method, which shows that the predictive effect and stability of the average method are more advantageous than those of the voting method. In addition, in Table 8, the averaging method is still the best of these three ensemble methods. Combining these two tables to draw a conclusion, the indicators for the averaging method are better than the other two methods. The averaging method is the best one, and finally in our model, this method is applied to achieve ensemble learning.


TABLE 7. Result of comparison of using different ensemble models in layer 1 (enhancers identification) under 10 trials.

[image: Table 7]
TABLE 8. Result of comparison of using different ensemble models in layer 2 (enhancers classification) under 10 trials.
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Comparison With Existing State-of-the-Art Methods

There are several excellent methods for the prediction of enhancers, and the well-known methods are iEnhancer-2L, EnhancerPred, iEnhancer-EL, and iEnhancer-ECNN. Tables 9, 10 show the results of the comparison with existing state-of-the-art methods in layers 1 and 2.


TABLE 9. Result of comparison with existing state-of-the-art methods in layer 1 (enhancers identification).

[image: Table 9]
TABLE 10. Result of comparison with existing state-of-the-art methods in layer 2 (enhancers classification).

[image: Table 10]As Table 9 shows, compared with the previous three experimental methods, all the results of the metrics are significantly improved, especially in AUC and MCC. Moreover, compared with iEnhancer-ECNN in 2019, in this study, the results for ACC, AUC, and SP are slightly higher, but the results for SN and MCC are slightly lower. As seen in Table 10, iEnhancer-EBLSTM remains a reliable method that has better performance than iEnhancer-2L, iEnhancer-EL, and EnhancerPred, especially for SN and MCC; this method has been greatly improved. From the experimental results, we can see that both IEnhancer-EBLSTM and IEnhancer-ECNN are significantly better than the previous methods. I think the reason lies in the fact that the deep learning model itself has certain advantages, which can capture features more accurately and learn more efficiently. The model obtained can have more accurate parameters, so as to obtain higher results. However, compared with iEnhancer-ECNN, the data for AUC in our experiment are lower than the result of them, but the data for SN are higher. Overall, these results indicate that iEnhancer-EBLSTM performs best in enhancer identification and classification.



DISCUSSION

In this paper, we proposed the prediction model called iEnhancer-EBLSTM to identify enhancers and their strengths. In addition, this model uses the principle of 3-mer to encode the DNA sequence and EBLSTM to get the predictive result. The biggest advantage of this method is that it only uses DNA sequence information and does not rely on other features such as chromosome status, gene expression data, and histone modification. This greatly facilitates researchers to use it. iEnhancer-BLSTM could be used not only for identifying enhancers but also for distinguishing strong enhancers from weak enhancers. In the first layer, the predictor can identify whether the DNA sequence is enhancer or not, and the ACC is 0.772. In the second layer, the predictor can classify that the enhancer is strong or weak, and the ACC is 0.658. A lot of work still needs to be done on the second layer. There is little difference between strong and weak enhancers. More and more information of DNA sequences, physical and chemical needs to be mined. The characteristic information can be recorded more completely, and the various models can be built based on this information in more detail.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.



AUTHOR CONTRIBUTIONS

YZ conceived and designed the project. KN and XL conducted the experiments and analyzed the data. KN and YZ wrote the manuscript. TZ and YZ revised the manuscript. All authors read and approved the final manuscript.



FUNDING

This work was supported by the National Natural Science Foundation of China (Grant Nos. 61971119 and 61901103) and the Natural Science Foundation of Heilongjiang Province (Grant No. LH2019F002).



REFERENCES

Ao, C., Yu, L., and Zou, Q. (2020a). Prediction of bio-sequence modifications and the associations with diseases. Briefin. Funct. Genom. 20:1201.

Ao, C., Zhou, W., Gao, L., Dong, B., and Yu, L. (2020b). Prediction of antioxidant proteins using hybrid feature representation method and random forest. Genomics 89, 256–178.

Bian, J., Gao, B., and Liu, T.-Y. (2014). “Knowledge-powered deep learning for word embedding. in Joint European conference on machine learning and knowledge discovery in databases,” in Machine Learning and Knowledge Discovery in Databases. ECML PKDD 2014. Lecture Notes in Computer Science, Vol. 8724, eds T. Calders, F. Esposito, E. Hüllermeier, and R. Meo (Berlin: Springer).

Cheng, L. (2019). Computational and biological methods for gene therapy. Curr. Gene Ther. 19, 210–210. doi: 10.2174/156652321904191022113307

Cheng, L., Zhao, H., Wang, P., Zhou, W., Luo, M., Li, T., et al. (2019). Computational Methods for identifying similar diseases. Mol. Ther. Nucleic Acids Res. 18, 590–604. doi: 10.1016/j.omtn.2019.09.019

Dao, F. Y., Lv, H., Yang, Y. H., Zulfiqar, H., Gao, H., and Lin, H. (2020a). Computational identification of N6-methyladenosine sites in multiple tissues of mammals. Comput. Struct. Biotechnol. J. 18, 1084–1091. doi: 10.1016/j.csbj.2020.04.015

Dao, F. Y., Lv, H., Zulfiqar, H., Yang, H., Su, W., Gao, H., et al. (2020b). A computational platform to identify origins of replication sites in eukaryotes. Brief. Bioinform. 17:bbaa017.

Gers, F. A., Schmidhuber, J., and Cummins, F. (1999). Learning to Forget: Continual Prediction with LSTM.

Goldberg, Y., and Levy, O. (2014). word2vec Explained: deriving Mikolov et al.’s negative-sampling word-embedding method. arXiv [Preprint]. arXiv:1402.3722..

Graves, A., and Schmidhuber, J. (2005). Framewise phoneme classification with bidirectional LSTM and other neural network architectures. Neur. Netw. 18, 602–610. doi: 10.1016/j.neunet.2005.06.042

Huang, Z., Xu, W., and Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv [Preprint]. arXiv:1508.01991..

Jia, C., and He, W. (2016). EnhancerPred: a predictor for discovering enhancers based on the combination and selection of multiple features. Sci. Rep. 6, 1–7.

Jiang, Q., Wang, G., Jin, S., Li, Y., and Wang, Y. (2013). Predicting human microRNA-disease associations based on support vector machine. Int. J. Data Min. Bioinform. 8, 282–293. doi: 10.1504/ijdmb.2013.056078

Jin, Q., Mengad, Z., Phamb, T. D., Chena, Q., Weic, L., and Sua, R. (2019). DUNet: A deformable network for retinal vessel segmentation. Knowl. Based Syst. 178, 149–162.

Kleinjan, D. A., and Lettice, L. A. (2008). Long-range gene control and genetic disease. Adv. Genet. 61, 339–388. doi: 10.1016/s0065-2660(07)00013-2

Krivega, I., and Dean, A. (2012). Enhancer and promoter interactions—long distance calls. Curr. Opin. Genet. Dev. 22, 79–85. doi: 10.1016/j.gde.2011.11.001

Li, C.-C., and Liu, B. (2020). MotifCNN-fold: protein fold recognition based on fold-specific features extracted by motif-based convolutional neural networks. Brief. Bioinform. 21, 2133–2141. doi: 10.1093/bib/bbz133

Li, J., Wei, L., Guo, F., and Zou, Q. (2020). EP3: an ensemble predictor that accurately identifies type III secreted effectors. Brief. Bioinform. doi: 10.1093/bib/bbaa008

Liang, C., Qi, C., Zhuang, H., Fu, T., and Zhang, X. (2019). gutMDisorder: a comprehensive database for dysbiosis of the gut microbiota in disorders and interventions. Nucleic Acids Res. 48:7603.

Liu, B., Fang, L., Long, R., Lan, X., and Chou, K. C. (2016). iEnhancer-2L: a two-layer predictor for identifying enhancers and their strength by pseudo k-tuple nucleotide composition. Bioinformatics 32, 362–369. doi: 10.1093/bioinformatics/btv604

Liu, B., Gao, X., and Zhang, H. (2019). BioSeq-Analysis2.0: an updated platform for analyzing DNA, RNA, and protein sequences at sequence level and residue level based on machine learning approaches. Nucleic Acids Res. 47:e127. doi: 10.1093/nar/gkz740

Liu, B., Li, K., Huang, D. S., Chou, K. C., and Enhancer, E. L. (2018). Identifying enhancers and their strength with ensemble learning approach. Bioinformatics 34, 3835–3842. doi: 10.1093/bioinformatics/bty458

Liu, G., Hu, Y., Jin, S., and Jiang, Q. (2017). Genetic variant rs763361 regulates multiple sclerosis CD226 gene expression. Proc. Natl. Acad. Sci. U.S.A. 114, E906–E907.

Liu, G., Hu, Y., Jin, S., Zhang, F., Jiang, Q., and Hao, J. (2016). Cis-eQTLs regulate reduced LST1 gene and NCR3 gene expression and contribute to increased autoimmune disease risk. Proc. Natl. Acad. Sci. U.S.A. 113, E6321–E6322.

Liu, G., Zhang, Y., Wang, L., Xu, J., Chen, X., Bao, Y., et al. (2018). Alzheimer’s disease rs11767557 variant regulates EPHA1 gene expression specifically in human whole blood. J. Alzheimers Dis. 61, 1077–1088. doi: 10.3233/jad-170468

Lv, H., Dao, F. -Y., Guan, Z.-X., Yang, H., Y-W, Li, and Lin, H. (2020). Deep-Kcr: accurate detection of lysine crotonylation sites using deep learning method. Brief. Bioinform. 2:bbaa255.

Lv, H., Dao, F. Y., Zulfiquar, H., Su, W., Ding, H., Liu, L., et al. (2021). A sequence-based deep learning approach to predict CTCF-mediated chromatin loop. Brief. Bioinform. 21:bbab031. doi: 10.1093/bib/bbab031

Lv, Z. B., Wang, D. H., Ding, H., Zhong, B. N., and Xu, L. (2020). Escherichia Coli DNA N-4-methycytosine site prediction accuracy improved by light gradient boosting machine feature selection technology. IEEE Access 8, 14851–14859. doi: 10.1109/access.2020.2966576

Nguyen, Q. H., Nguyen-Vo, T.-H., Le, N. Q. K., Do, T. T. T., Rahardja, S., and Nguyen, B. P. (2019). iEnhancer-ECNN: identifying enhancers and their strength using ensembles of convolutional neural networks. BMC Genom. 20:951.

Pennacchio, L. A., Bickmore, W., Dean, A., Nobrega, M. A., and Bejerano, G. (2013). Enhancers: five essential questions. Nat. Rev. Genet. 14, 288–295. doi: 10.1038/nrg3458

Sen, R., and Baltimore, D. (1986). Multiple nuclear factors interact with the immunoglobulin enhancer sequences. Cell 46, 705–716. doi: 10.1016/0092-8674(86)90346-6

Shao, J., and Liu, B. (2020). ProtFold-DFG: protein fold recognition by combining Directed Fusion Graph and PageRank algorithm. Brief. Bioinform. 2:bbaa192. doi: 10.1093/bib/bbaa192

Shao, J., Yan, K., and Liu, B. (2020). FoldRec-C2C: protein fold recognition by combining cluster-to-cluster model and protein similarity network. Brief. Bioinform. 2:bbaa144. doi: 10.1093/bib/bbaa144

Shen, Z., and Zou, Q. (2020). Basic polar and hydrophobic properties are the main characteristics that affect the binding of transcription factors to methylation sites. Bioinformatics 36, 4263–4268. doi: 10.1093/bioinformatics/btaa492

Sherstinsky, A. (2020). Fundamentals of recurrent neural network (rnn) and long short-term memory (lstm) network. Phys. D Nonlin. Phenom. 404:132306. doi: 10.1016/j.physd.2019.132306

Su, R., Wu, H., Xu, B., Liu, X., and Wei, L. (2019). Developing a multi-dose computational model for drug-induced hepatotoxicity prediction based on toxicogenomics data. IEEE Acm. Transact. Comput. Biol. Bioinform. 16, 1231–1239. doi: 10.1109/tcbb.2018.2858756

Su, W., Wang, F., Tan, J. X., Dao, F. Y., Yang, H., and Ding, H. (2020). The prediction of human DNase I hypersensitive sites based on DNA sequence information. Chemometr. Intel. Labor. Syst. 209:104223. doi: 10.1016/j.chemolab.2020.104223

Sultana, N., Sharma, N., Sharma, K. P., and Verma, S. A. (2020). Sequential ensemble model for communicable disease forecasting. Curr. Bioinform. 15, 309–317. doi: 10.2174/1574893614666191202153824

Sundermeyer, M., Schlüter, R., and Ney, H. (2012). “LSTM neural networks for language modeling” in Proceedings of the Thirteenth Annual Conference of the International Speech Communication Association.

Tang, D., Wei, F., Yang, N., Zhou, M., Liu, T., Qin, B., et al. (2014). “Learning sentiment-specific word embedding for twitter sentiment classification,” in Proceedings of the 52nd Annual Meeting of the Association for Computational Linguistics, Vol. 1, Baltimore, MY.

Tang, Y.-J., Pang, Y.-H., and Liu, B. (2020). IDP-Seq2Seq: identification of intrinsically disordered regions based on sequence to sequence learning. Bioinformaitcs 23:btaa667. doi: 10.1093/bioinformatics/btaa667

Wang, H., Liu, Y., Guan, H., and Fan, G.-L. (2020). The regulation of target genes by co-occupancy of transcription factors, c-Myc and Mxi1 with max in the mouse cell line. Curr. Bioinform. 15, 581–588. doi: 10.2174/1574893614666191106103633

Wei, L., Liao, M., Gao, Y., Ji, R., He, Z., and Zou, Q. (2014). Improved and promising identification of human MicroRNAs by incorporating a high-quality negative set. IEEE ACM Transact. Comput. Biol. Bioinform. 11, 192–201. doi: 10.1109/tcbb.2013.146

Wei, L., Ranbc, S., Bingd, W., Xiutinge, L., Quana, Z., and Gaof, X. (2019). Integration of deep feature representations and handcrafted features to improve the prediction of N-6-methyladenosine sites. Neurocomputing 324, 3–9. doi: 10.1016/j.neucom.2018.04.082

Wei, L., Tang, J., and Zou, Q. (2017a). Local-DPP: an improved DNA-binding protein prediction method by exploring local evolutionary information. Inform. Sci. 384, 135–144. doi: 10.1016/j.ins.2016.06.026

Wei, L., Xinga, P., Zengb, J., Xiu, J., Ran, C., and Guoa, S. F. (2017b). Improved prediction of protein-protein interactions using novel negative samples, features, and an ensemble classifier. Artif. Intel. Med. 83, 67–74. doi: 10.1016/j.artmed.2017.03.001

Xingjian, S., Chen, Z., Wang, H., Yeung, D.-Y., Wong, W. -k., and Woo, W. -c. (2015). Convolutional LSTM Network: A Machine Learning Approach for Precipitation Nowcasting. Advances in Neural Information Processing Systems.

Yang, H., Yang, W., Dao, F. Y., Lv, H., Ding, H., Chen, W., et al. (2020). A comparison and assessment of computational method for identifying recombination hotspots in Saccharomyces cerevisiae. Brief Bioinform. 21, 1568–1580. doi: 10.1093/bib/bbz123

Yu, L., Xu, F., and Gao, L. (2020a). Predict New therapeutic drugs for hepatocellular carcinoma based on gene mutation and expression. Front. Bioeng. Biotechnol. 8:8.

Yu, L., Zhoua, D., Gaoa, L., and Zhab, Y. (2020b). Prediction of drug response in multilayer networks based on fusion of multiomics data. Methods (San Diego CA) 5:256.

Yu, L., Zou, Y., Wang, Q., Zheng, S., and Gao, L. (2020c). Exploring drug treatment patterns based on the action of drug and multilayer network model. Int. J. Mol. Sci. 21:5014. doi: 10.3390/ijms21145014

Zacher, B., Michel, M., Schwalb, B., Cramer, P., Tresch, A., Gagneur, J., et al. (2017). Accurate promoter and enhancer identification in 127 ENCODE and roadmap epigenomics cell types and tissues by GenoSTAN. PLoS One 12:e0169249. doi: 10.1371/journal.pone.0169249

Zaremba, W., Sutskever, I., and Vinyals, O. (2014). Recurrent neural network regularization. arXiv [Preprint]. arXiv:1409.2329.

Zhang, D., Chen, H. D., Zulfiquar, H., Yuan, S. S., Huang, Q. L., Zhang, Z. Y., et al. (2021). iBLP: a XGBoost-based predictor for identifying bioluminescent proteins. Comput. Mathemat. Methods Med. 2021: 6664362.

Zhang, D., Xu, Z. C., Su, W., Yang, Y. H., Yang, H., and Lin, H. (2020). iCarPS: a computational tool for identifying protein carbonylation sites by novel encoded features. Bioinformatics 7:btaa702.

Zhang, T., Wang, R., Jiang, Q., and Wang, Y. (2020). An information gain-based method for evaluating the classification power of features towards identifying enhancers. Curr. Bioinform. 15, 574–580. doi: 10.2174/1574893614666191120141032

Zhang, Z. Y., Yang, Y.-H., Ding, H., Wang, D., Chen, W., and Lin, H. (2020). Design powerful predictor for mRNA subcellular location prediction in Homo sapiens. Brief Bioinform. 22, 526–535. doi: 10.1093/bib/bbz177

Zhao, T., Hu, Y., Peng, J., Cheng, L., and Martelli, P. L. (2020). DeepLGP: a novel deep learning method for prioritizing lncRNA target genes. Bioinformatics 36, 4466–4472. doi: 10.1093/bioinformatics/btaa428

Zhu, H., Du, X., and Yao, Y. (2020). ConvsPPIS: identifying protein-protein interaction sites by an ensemble convolutional neural network with feature graph. Curr. Bioinform. 15, 368–378. doi: 10.2174/1574893614666191105155713

Zou, Q., Wan, S., Ju, Y., Tang, J., and Zeng, X. (2016). Pretata: predicting TATA binding proteins with novel features and dimensionality reduction strategy. BMC Syst. Biol. 10:114.

Zou, Q., Xing, P., Wei, L., and Liu, B. (2019). Gene2vec: gene subsequence embedding for prediction of mammalian N6-methyladenosine sites from mRNA. RNA 25, 205–218. doi: 10.1261/rna.069112.118

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Niu, Luo, Zhang, Teng, Zhang and Zhao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fgene-12-665498-t008.jpg
Ensemble
method

Median
Voting
Averaging

ACC

0.622
0.638
0.658

AUC

0.664
0.644
0.688

SN

0.740
0.794
0.812

SP

0.572
0.562
0.536

MCC

0.310
0.311
0.324





OPS/images/fgene-12-665498-t007.jpg
Ensemble method

Median
Voting
Averaging

ACC

0.728
0.765
0.772

AUC

0.788
0.762
0.835

SN

0.774
0.792
0.755

SP

0.726
0.738
0.795

MCC

0.498
0.517
0.534





OPS/images/fgene-12-665498-t009.jpg
Method

ACC AUC SN SP MCC Source
iEnhancer-2L 0.730 0.806 0.710 0.750 0.460 LiuB.etal, 2016
EnhancerPred 0.740 0.801 0.735 0.745 0.480 Jia and He, 2016
iEnhancer-EL 0.748 0.817 0.710 0.785 0.496 LiuB.etal, 2016;
Liu G. et al., 2018
iIEnhancer-ECNN 0.769 0.832 0.785 0.752 0.537 Nguyen et al., 2019
0.772 0.835 0.755 0.795 0.534 This study

iIEnhancer-EBLSTM





OPS/images/fgene-12-665498-t004.jpg
Encoding scheme ACC AUC SN SP MCC
Letters to numbers 0.640 0.650 0.784 0512 0.302
One-hot 0.526 0.522 0.438 0.412 0.116
2-Mer 0.645 0.662 0.786 0.498 0.304
3-Mer 0.658 0.688 0.812 0.536 0.324






OPS/xhtml/Nav.xhtml




Contents





		Cover



		iEnhancer-EBLSTM: Identifying Enhancers and Strengths by Ensembles of Bidirectional Long Short-Term Memory



		INTRODUCTION



		MATERIALS AND METHODS



		Benchmark Dataset



		Sequence Encoding Scheme



		BLSTM Architecture



		Ensemble Model



		Measurement







		RESULTS



		Two-Layer Classification Framework



		Layer 1: Enhancer Identification



		Layer 2: Enhancer Classification







		Comparison of Different Encoding Schemes



		Comparison of Different Architectures



		Comparison of Different Ensemble Models



		Comparison With Existing State-of-the-Art Methods







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		REFERENCES

















OPS/images/fgene-12-665498-t003.jpg
Encoding scheme

Letters to numbers
One-hot

2-Mer

3-Mer

ACC

0.753
0.565
0.758
0.772

AUC

0.824
0.611
0.827
0.835

SN

0.755
0.494
0.735
0.755

SP

0.750
0.642
0.762
0.795

McC

0.500
0.132
0.505
0.534





OPS/images/fgene-12-665498-t006.jpg
Architecture type ACC AUC SN SP MCC
Simple RNN 0.617 0.634 0.801 0.591 0.249
Bidirectional RNN 0.628 0.617 0.792 0.612 0.276
Simple LSTM 0.634 0.626 0.770 0.578 0.302
Bidirectional LSTM 0.658 0.688 0812 0.536 0.324





OPS/images/fgene-12-665498-t005.jpg
Architecture type ACC AUC SN SP McC
Simple RNN 0.721 0.791 0.732 0.760 0.488
Bidirectional RNN 0.745 0.801 0.767 0.751 0.492
Simple LSTM 0.742 0.812 0.802 0.746 0.512
Bidirectional LSTM 0.772 0.835 0.755 0.795 0.534






OPS/images/fgene-12-665498-t002.jpg
Part Strong Weak

1 148 148
2 148 148
3 148 148
4 148 148
5 150 150

Total 742 742





OPS/images/fgene-12-665498-t001.jpg
Part Enhancers Non-enhancers

1 296 296
2 296 296
3 296 296
4 296 296
5 300 300

Total 1484 1484





OPS/images/cover.jpg
frontiers
in Genetics

iIEnhancer-EBLSTM: Identifying
Enhancers and Strengths by
Ensembles of Bidirectional Long
Short-Term Memory





OPS/images/fgene-12-665498-e004.jpg
TN+ TP

ACC= ——— T —
TP+ FN+ 1IN + FP
TP
S
TP+ EN
™
P=—
TN + FP
Mee— TP x TN — FP x FN

(TP + FP)(IP + EN)(IN + FP)(IN + FN)

©)

@)

®)

©)







OPS/images/fgene-12-665498-g005.jpg
Development set Train data Val data Model






OPS/images/fgene-12-665498-e002.jpg
{ATC, TCG, CGT, GTA, TAT, ATC, TCA, CAG) (4)






OPS/images/fgene-12-665498-g004.jpg
DNA sequence
(198)






OPS/images/fgene-12-665498-e003.jpg
{6,27,45,52,17, 6,24, 35) ®)






OPS/images/fgene-12-665498-g003.jpg
Sequence:
WATCGTATCAGY

Sequence:

EEE B
R
B E e

A—»0
GIGIA 00 0 I
T—>» 1
GIGIT » (001 a0
iR _ang O AR
ElelE g—0 alE =

A—» 0
T—»1
C—2

EEREE
2R R R

G—3

G G A—»60
G G T—»o6l
G G C—»062
G G G—»63

/ Sequence:

w,zzﬁts,sz, 17,624,353






OPS/images/fgene-12-665498-e000.jpg
Dataset = Dataset,. U Dataset_ (1)

Dataset . = Datasetsrong U Dataset yeqr. @)





OPS/images/fgene-12-665498-g002.jpg
0.014

- i . | .
i i iy ii»xl
| Il"d Rk
k « l MAT
sl -m’wf L u ' wr:n'?i"?i‘:.'.’aﬁf!e‘.:"&
g ? e*-a:mf-m»nre.‘ ik rn R
C D

4






OPS/images/fgene-12-665498-e001.jpg
D = {ATCGTATCAG)

3)





OPS/images/logo.jpg
’ frontiers
in Genetics





OPS/images/fgene-12-665498-g001.jpg
weak
enhancers
(742)

non-enhancers
(1484)

weak
enhancers
(100)

non-enhancers
(200)





OPS/images/cross.jpg
3,

i





OPS/images/fgene-12-665498-t010.jpg
Method ACC AUC SN SP MCC Source
iIEnhancer-2L 0.605 0.668 0.470 0.740 0.218 LiuG.etal, 2016
EnhancerPred 0.550 0.579 0.450 0.650 0.102 Jia and He, 2016
iIEnhancer-EL 0.610 0.680 0.540 0.680 0.222 LiuG.etal, 2018
iIEnhancer-ECNN 0.678 0.748 0.791 0.564 0.368 Nguyenetal., 2019
iEnhancer-EBLSTM 0.658 0.688 0.812 0.536 0.324 This study





