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Abstract 9 

Background: Non-coding RNA (ncRNA) and protein interactions play essential roles 10 

in various physiological and pathological processes. The experimental methods used 11 

for predicting ncRNA-protein interactions are time-consuming and labor-intensive. 12 

Therefore, there is an increasing demand for computational methods to accurately and 13 

efficiently predict ncRNA-protein interactions. 14 

Results: In this work, we presented an ensemble deep learning-based method, 15 

EDLMFC, to predict ncRNA-protein interactions using the combination of multi-scale 16 

features, including primary sequence features, secondary structure sequence features, 17 

and tertiary structure features. Conjoint k-mer was used to extract protein/ncRNA 18 

sequence features, integrating tertiary structure features, then fed into an ensemble deep 19 

learning model, which combined convolutional neural network (CNN) to learn 20 

dominating biological information with bi-directional long short-term memory network 21 

https://xueshu.baidu.com/usercenter/paper/show?paperid=18290m60h66t0080795q0gd0km547509&site=xueshu_se
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(BLSTM) to capture long-range dependencies among the features identified by the 22 

CNN. Compared with other state-of-the-art methods under 5-fold cross-validation, 23 

EDLMFC shows the best performance with accuracy of 94.3% and 90.0% on RPI1807 24 

and NPInter v2.0 datasets, respectively. The results of the independent test 25 

demonstrated that EDLMFC can effectively predict potential ncRNA-protein 26 

interactions from different organisms. Furtherly, EDLMFC is also shown to predict hub 27 

ncRNAs and proteins presented in ncRNA-protein networks of Mus musculus 28 

successfully. 29 

Conclusions: In general, our proposed method EDLMFC improved the accuracy of 30 

ncRNA-protein interaction predictions and anticipated providing some helpful 31 

guidance on ncRNA functions research. 32 

The source code of EDLMFC and the datasets used in this work are available at 33 

https://github.com/JingjingWang-87/EDLMFC. 34 

Keywords: ncRNA-protein interactions, multi-scale features combination, conjoint k-35 

mer, ensemble deep learning, independent test, ncRNA-protein networks 36 

1. Background 37 

Genome sequencing in 2001 showed that only 2% of RNA encodes proteins, and 38 

98% of RNAs do not code for proteins [1, 2], known as non-coding RNAs(ncRNAs). 39 

Studies have shown that ncRNAs are closely related to fundamental biological 40 

processes by interacting with RNA-binding proteins (RBPs) [3], such as translation [4], 41 

splicing [5], chromatin remodeling [6], gene regulation [7], and many other life 42 

https://xueshu.baidu.com/usercenter/paper/show?paperid=18290m60h66t0080795q0gd0km547509&site=xueshu_se
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activities and functions [8, 9]. In addition, ncRNAs implicate in cancer and other 43 

complex diseases [10-14]. Therefore, accurate prediction of ncRNA-protein 44 

interactions (ncRPIs) is crucial for understanding the regulatory function of ncRNAs 45 

and the pathogenesis of diseases. 46 

High-throughput experimental techniques (RIP-Chip [15], HITS-CLIP [16], PAR-47 

CLIP [17], etc) and other experimental techniques of resolving complex structures (X-48 

ray crystal diffraction (X-ray) [18], nuclear magnetic resonance (NMR) [19], electron 49 

cryo-microscopy (cryo-EM) [20], etc) have been developed for revealing ncRPIs. 50 

However, experimental methods are time-consuming and labor-intensive. Thus, there 51 

is a growing demand for the development of computational methods to predict ncRPIs.  52 

Based on the features they used, computational methods to predict ncRPIs can be 53 

divided into two categories: sequence features as inputs and structure features as inputs. 54 

For sequence features based methods, lots of studies used machine learning or deep 55 

learning methods to learn features to predict ncRPIs only based on the primary 56 

sequence. For instance, Muppirala et al. proposed a model named RPISeq, in which 57 

only primary sequence features was used, random forest (RF), or support vector 58 

machine (SVM) were used as classifiers to make predictions [21]. Then, Pan et al. 59 

proposed a computational model called IPMiner [22], learning primary sequence 60 

features from 3-mer and 4-mer frequency of protein and ncRNA, respectively. Besides, 61 

Wang et al. utilized the deep convolutional neural network (CNN) to learn high-level 62 

features from the RNA and protein sequences, further feeding them into an extreme 63 

learning machine (ELM) for classification [23]. Furthermore, our group designed DM-64 
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RPIs, a classifier integrated SVM, RF, and CNN to classify ncRPIs by learning the 65 

discriminative features from 3-mer and 4-mer frequency of proteins and ncRNAs, 66 

respectively [24]. In addition, LightGBM, rpiCOOL, RPIFSE, RPI-SAN, and LPI-67 

CNNCP also made ncRNA-protein interaction(ncRPI) predictions based on primary 68 

sequence [25-29]. 69 

For structure features based methods, besides sequence features, the often-used 70 

structure-derived features include secondary structure sequences, physicochemical 71 

properties, and others. Bellucci et al. proposed catRAPID [30, 31], which was based on 72 

the physiochemical properties of proteins and long non-coding RNAs (lncRNAs), 73 

including secondary structure, hydrogen bonding, and van der Waals propensities. Lu 74 

et al. proposed lncPro [32], using the same input features as Bellucci’s and fisher linear 75 

discriminant approach to implementing lncRNAs and proteins interaction predictions. 76 

Then, Suresh et al. proposed RPI-Pred [33], which combined the primary sequence and 77 

tertiary structure information of ncRNAs and proteins to predict ncRPIs. Fan et al. 78 

considered pseudo nucleotide/amino acid composition and designed a novel 79 

computational method LPI-BLS by integrating logistic regression with five broad 80 

learning system classifiers [34], which performed a better classification performance 81 

than other state-of-the-art methods. 82 

In the studies above, there are still few ones involving high-order 3D structural 83 

features. Our group found that the structural features play important roles in RNA-84 

binding sites prediction, these structural characteristics reflect the properties around the 85 

binding sites, the clustering properties of the conserved interfacial residues, and the 86 
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binding tendency [35]. We think structural features can also be used to predict ncRPIs. 87 

Furthermore, nearly all of these relied on shallow machine learning techniques to 88 

implement classification tasks, such as fisher linear discriminant, RF, SVM, and 89 

logistic regression: lncPro employed fisher linear discriminant; RPI-seq employed RF 90 

and SVM; and LPI-BLS employed logistic regression. However, deep learning 91 

provides an approach to more effectively learn features from inputs and form high-level 92 

representations for more accurate predictions. One reason is that the increasing number 93 

of training samples can be derived from high-throughput sequencing techniques, which 94 

is highly beneficial for training deep learning models. The other is deep learning-based 95 

methods (especially CNN) that are powerful for analyzing spatial structure buried in 96 

data. And bi-directional long short-term memory network (BLSTM) is a widely used 97 

recurrent neural networks (RNN) with the memory cells, which can learn long 98 

dependency on the sequential data. Currently, CNN and BLSTM has been widely 99 

applied on computational biology and achieved superior performance in various 100 

biological sequence analysis problem [36], such as DNA function [37], RNA-protein 101 

binding sites [38] and protein-RNA binding preferences predictions [39].  102 

Therefore, we proposed EDLMFC, a multi-scale features combination-based 103 

approach to predict ncRPIs through an ensemble deep learning model, which utilizes 104 

not only the primary sequence features of ncRNAs and proteins but also the structural 105 

features. These features are learned by layered networks, including CNN and BLSTM 106 

layers. Compared with the other three state-of-the-art methods, the comprehensive 107 

results demonstrate that EDLMFC has the best classification performance for ncRPI 108 
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predictions. 109 

2. Results  110 

2.1. Performance comparison on EDLMFC with existing state-of-the-art methods  111 

To evaluate the performance of EDLMFC, we compared our method with the other 112 

three state-of-the-art methods. Since the work link of RPI-Pred was not available, and 113 

lncPro only provided the source code for the predictive model that has been trained on 114 

their dataset. Therefore, we chose RPITER, IPMiner, and CFRP to localize for 115 

comparation on RPI1807 and NPInter v2.0 datasets under 5-fold cross-validation 116 

(5CV), respectively. Seven performance metrics: accuracy (ACC), true positive rate 117 

(TPR), true negative rate (TNR), positive predictive value (PPV), F1-score (F1), 118 

Matthews correlation coefficient (MCC), and area under the curve (AUC) of the 119 

receiver operation characteristic (ROC), were employed to evaluate the above four 120 

methods comprehensively. The experimental results on RPI1807 and NPInter v2.0 121 

datasets are shown in Fig. 1a and Fig. 1b, respectively. And the detailed results are all 122 

listed in Table 1. 123 

Table 1 124 

Fig. 1 125 

From the Fig. 1a, EDLMFC achieves the highest ACC, TNR, PPV, F1, and MCC. 126 

As shown in Table 1, we can see that EDLMFC yielded an ACC of 94.3%, which is 127 

0.7%, 0.6%, and 0.9% higher than that of RPITER, IPMiner, and CFRP, respectively. 128 

The standard deviation of ACC under 5CV is smaller than RPITER and CFRP. The 129 
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TNR of EDLMFC is 85.2%, which is 1.8%, 6.8%, and 9.1% higher than that of RPITER, 130 

IPMiner, and CFRP, respectively. The PPV of EDLMFC is 95.1%, which is 0.6%, 2.0%, 131 

and 3.0% higher than that of RPITER, IPMiner, and CFRP, respectively. F1 of 132 

EDLMFC is 96.2%, which is 0.4%, 0.3% and 2.0% higher than that of RPITER, 133 

IPMiner and CFRP, respectively. MCC of EDLMFC is 84.7%, which is 2.0%, 1.7%, 134 

and 8.3% higher than that of RPITER, IPMiner, and CFRP, respectively. Although the 135 

TPR of EDLMFC is 1.5% lower than the IPMinter, the AUC is 0.8% lower than 136 

RPITER, EDLMFC method performs better than the two methods in general. Therefore, 137 

compared with the above three methods, our method EDLMFC has superior 138 

performance in predicting ncRPIs on RPI1807 dataset. 139 

From the Fig. 1b, EDLMFC is superior to all the methods on seven performance 140 

metrics on NPInter v2.0 dataset. It suggests that the method relied on integrated deep 141 

learning with combination of multi-scale features presented in this work is an effective 142 

and efficient way to predict ncRPIs. 143 

2.2. Performance of EDLMFC in independent test 144 

To further validate the ability of EDLMFC in distinguishing whether ncRNAs 145 

interact with proteins or not. We tried to use the RPI1807 dataset to train our model and 146 

verified it on NPInter v2.0 dataset. There is no overlap between the two processed 147 

datasets. The processed NPInter v2.0 dataset contains 1943 interaction pairs, which can 148 

be divided into 6 organisms: Homo sapiens, Mus musculus, Saccharomyces cerevisiae, 149 

Caenorhabditis elegans, Drosophila melanogaster, and Escherichia coli with the 150 
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number of interaction pairs of 740, 229, 693, 33, 46, and 202, respectively, which were 151 

tested by EDLMFC separately. As shown in Table 2, EDLMFC predicted the correct 152 

number of interacted pairs on the 6 organisms for 631, 217, 632, 31, 41, and 188, with 153 

ACC rates of 85%, 95%, 91%, 94%, 89%, and 93%, respectively. On the independent 154 

NPInter v2.0 dataset, we finally predicted the correct number of ncRNA-protein pairs 155 

to be 1740, with an overall ACC of 90%. 156 

Table 2 157 

2.3. Analyses of different feature combination strategies 158 

We adopted three kinds of features of ncRNAs and proteins to construct EDLMFC 159 

model, including sequence features, secondary structure features, and tertiary structure 160 

features. To analyses the contributions of the three kinds of features, seven different 161 

feature combinations: sequence, secondary structure, tertiary structure, sequence 162 

together with secondary structure, sequence together with tertiary structure, secondary 163 

structure together with tertiary structure, and all features were used as inputs to 164 

experiment the classification performance of the model. The ROC curves of seven 165 

different feature combinations as inputs tested on RPI1807 and NPInter v2.0 were 166 

shown in Fig. 2a and Fig. 2b, respectively. The results of seven performance metrics 167 

under 5CV are all listed in Table 3. 168 

Table 3 169 

Fig. 2 170 

From the Fig. 2, on RPI1807 and NPInter v2.0 datasets, only secondary structure 171 

https://xueshu.baidu.com/usercenter/paper/show?paperid=18290m60h66t0080795q0gd0km547509&site=xueshu_se
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as input have a slightly lower AUC than only sequence as input and notably higher 172 

AUC than only tertiary structure as input. Thus, the sequence is the most important 173 

features; the following is the predicted secondary structure, and then is the tertiary 174 

structure. When any combination of two features was sent into the model, we find that 175 

its AUC value is higher than that of one of the two features. Moreover, the AUC value 176 

of the model is the highest when all features were entered. Therefore, we can conclude 177 

that all the features contain useful information, and at the same time, as inputs, they 178 

complement each other to give the model a better predictive performance. 179 

2.4. Application of EDLMFC for ncRNA-protein network construction 180 

To visualize how many interactions have been correctly predicted, we further used 181 

the independent test results of EDLMFC to construct the ncRNA-protein networks. 182 

Here, we adopted a software named Cytoscape [40-42] for Mus musculus networks 183 

clustering. For Mus musculus in the NPInter v2.0 dataset, we correctly predicted the 184 

217 of 229 interactions, the ACC up to 95%. As is shown in Fig. 3, we found that the 185 

ncRPIs of Mus musculus contain both hub proteins (a protein interacts with multiple 186 

RNAs) and hub ncRNAs (an RNA interacts with multiple proteins). Most numbers of 187 

interactions are P84104 and Q8VE97 hub proteins, which are all considered to be serine 188 

or arginine with rich splicing factor 3 [43]. Especially, P84104 hub protein is the 189 

splicing factor that specifically promotes exon-inclusion during alternative splicing. 190 

Interaction with YTHDC1, an RNA-binding protein that recognizes and binds N6-191 

methyladenosine (m6A)-containing RNAs, promotes recruitment of SRSF3 to its 192 
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mRNA-binding elements adjacent to m6A sites, leading to exon-inclusion during 193 

alternative splicing [44, 45]. Q8VE97 hub protein plays a role in alternative splice site 194 

selection during pre-mRNA splicing. Repressing the splicing of MAPT/Tau exon 10 as 195 

well [46]. Therefore, constructing ncRNA-protein networks help identify the important 196 

functions and pathway of key proteins and ncRNAs, which will facilitate various 197 

medical and pharmaceutical studies.  198 

Fig. 3 199 

3. Discussion 200 

In this work, we proposed a multi-scale features combination-based computational 201 

method, EDLMFC, to predict ncRPIs through an ensemble deep learning combining 202 

CNN and BLSTM. Compared with the other three state-of-the-art methods on RPI1807 203 

and NPInter v2.0 datasets, comprehensive experimental results indicate our method 204 

EDLMFC has the best classification performance for ncRPI predictions. This is mainly 205 

because of the following reasons: 206 

(1) The multi-scale features were used, which includes not only sequence features 207 

information but also structural information. The results of different feature 208 

combinations show that sequence features are the most important, followed by 209 

secondary structure features and tertiary structure features. All features contain 210 

useful information, so the classification performance of the model is best when 211 

all features are used as input for prediction. 212 

(2) Using conjoint k-mer method to encode sequence features of ncRNAs and 213 
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proteins, a variety of k-mer features are considered so that proteins and 214 

ncRNAs can be represented more accurately and comprehensively. 215 

(3) CNN was used to dig the hidden abstract high-level features of proteins and 216 

ncRNAs, then feeding into BLSTM to capture their long-range dependencies, 217 

and the output is determined through the full connection layer. 218 

Although EDLMFC achieves a better performance in ncRPI predictions, there are 219 

still some limits that need to be noticed. Like other deep learning-based approaches, it's 220 

like a black box that automatically learns the features of proteins and ncRNAs and 221 

makes predictions that we can't understand biologically. Besides, the method of ncRNA 222 

secondary structure prediction, SPOT-RNA, can only predict RNAs with a length of no 223 

more than 500 nucleotides. Therefore, our work mainly predicts the interaction between 224 

ncRNA with a length of fewer than 500 nucleotides and proteins. In future work, we 225 

will consider designing more advanced neural network models to learn high-level 226 

abstract features with biological insights and choosing a more accurate prediction 227 

method of secondary structure to predict ncRPI interactions more accurately and 228 

efficiently. 229 

4. Conclusions 230 

The prediction of ncRPIs help to understand the molecular mechanism within 231 

various fundamental biological processes and diseases. Many computational methods 232 

have been proposed for ncRPI predictions. However, only a small number of previous 233 

studies have considered high-order structural features of ncRNAs and proteins, and 234 
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nearly all of them have only used shallow machine learning to build classifiers for 235 

prediction. In this work, we presented a computational method based on CNN and 236 

BLSTM to predict ncRPIs through learning high-level abstract features from multi-237 

scale feature combinations. To gain as much information about proteins and ncRNA as 238 

possible, we employed not only primary sequence features, secondary structure 239 

sequence features but also tertiary structure features. Additionally, we adopted a 240 

conjoint k-mer method to extract multiple-mers features by extending the range of k. 241 

Then, we adopted BLSTM to capture long-range dependencies between dominating 242 

features of ncRNAs/proteins learned by CNN. And send them to the full connection 243 

layer to predict whether they have the interaction relationship. Compared with  he 244 

other three state-of-the-art methods under 5CV on RPI1807 and NPInter v2.0 datasets, 245 

EDLMFC improved the performance with an increase of roughly 0.3%-8.3%. And the 246 

independent test between 6 organisms divided from NPInter v2.0 has an overall ACC 247 

of 90%, indicating that the ensemble deep learning framework can reveal and learn the 248 

high-level hidden information to improve prediction performance. Besides, according 249 

to the analyses of different feature combination strategies, we can conclude that all the 250 

features contain useful information. When multiple features were fed into the model, 251 

they complemented each other to make the model achieve a better prediction 252 

performance. In conclusion, EDLMFC method can be a useful tool for predicting 253 

unknown ncRPIs. 254 

5. Methods 255 
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5.1. Benchmark datasets 256 

Primary sequence data of paired samples, ncRNAs, and proteins in RPI1807 and 257 

NPInter v2.0 were downloaded from the previous study [47]. RPI1807 has extracted 258 

the possible interaction pairs by parsing a nucleic acid database (NAD) that provides 259 

RNA protein complex and protein-RNA interface, consisting of 1078 RNA chains and 260 

3131 protein chains in total [25]. In data preprocessing, the EMBOSS needle program 261 

has used to remove protein and RNA chains with high sequence similarity (cutoff ≥ 262 

30%), then further distinguishing the atomic interactions with a distance threshold 263 

(cutoff = 3.40 Å), which was reasonable and sufficient to cover ‘strong’ and ‘moderate’ 264 

hydrogen bonds and energy-rich van der Waals contacts [48, 49]. It contains 1807 265 

positive pairs and 1436 negative pairs after deleting the RNA sequences length of fewer 266 

than 15 nucleotides and the protein sequences of less than 25 amino acids. NPInter v2.0 267 

was obtained from NPInter database, which documents functional interactions between 268 

noncoding RNAs (except tRNAs and rRNAs) and biomolecules (proteins, RNAs, and 269 

DNAs) verified by experiments [50]. In addition, as NPInter database only contains 270 

interaction (primarily physical interactions) pairs, and lack non-interaction pairs to 271 

work as negative samples in the training model, the same number of non-interaction 272 

pairs were generated by randomly pairing the ncRNAs and proteins in positive samples 273 

and further discarding similar known interaction pairs [21, 22] (a randomly generated 274 

pair R2-P2 was discarded if there has existed an interaction pair R1-P1 of P2 shared 275 

≥40% sequence identity with P1 and R2 shared ≥80% sequence identity with R1). 276 
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Additionally, we used ncRNA secondary structure prediction method, SPOT-RNA, 277 

which was trained via RNAs with a maximum length of 500 nucleotides. Thus, ncRNAs 278 

with more than 500 nucleotides in primary sequence were deleted. ncRNAs-proteins 279 

paired samples of more than 500 nucleotides were further deleted based on the deleted 280 

ncRNA samples. Then, the protein primary sequences that were not paired with ncRNA 281 

were deleted based on the deleted paired samples. Finally, RPI1807 contains 652 282 

positive pairs and 221 negative pairs, NPInter v2.0 contains 1943 positive pairs and 283 

1943 negative pairs. The sample information of the original and processed set is shown 284 

in Table 4. 285 

Table 4 286 

5.2. Features extraction 287 

5.2.1. SPOT-RNA based features 288 

The secondary structure of ncRNA was predicted by SPOT-RNA [51, 52]. We 289 

localized their work by downloading it from 290 

https://github.com/jaswindersingh2/SPOT-RNA/. SPOT-RNA represented RSS with a 291 

macroscopic secondary structure, which is seven single character identifiers for the 292 

structure types of each nucleotide in the primary sequence. In this representation, S = 293 

stem, H = hairpin loop, M = multi-loop, I = internal loop, B = bulge, X = external loop, 294 

and E = end. Thus, each secondary structure sequence of ncRNA can be represented by 295 

the seven-letter alphabet. 296 

5.2.2. SPIDER3 based features 297 
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For protein secondary structure prediction, we localized SPIDER3 from the server 298 

http://sparks-lab.org./server/spider3/ [53], in which three classical protein secondary 299 

structures (α-helix, β-sheet, and coil) were used to represent each amino acid in the 300 

protein primary sequence. Besides, SPIDER3 also can be used to predict tertiary 301 

structures: solvent accessible surface area (ASA), contact number (CN), the upper half 302 

sphere exposure (HSEα-up), and the down half sphere exposure (HSEα-down) [53]. 303 

We calculated the average value of these tertiary structures for all amino acids in each 304 

protein sample.  305 

5.2.3. Interface propensity 306 

For interface propensity (IP) between a residue and nucleotide [54], we used an 307 

improved work by our team [54], which got the residue-nucleotide propensities (60×8) 308 

with secondary structure information of RNAs and proteins considered by scoring. Here, 309 

we calculated the average value of the binding preferences of all nucleotides to amino 310 

acids in a paired sample. 311 

5.2.4. Sequence coding 312 

To input ncRNA and protein sequences into deep learning or conventional 313 

machine learning models, the sequence data need to be encoded as numeric vectors. 314 

Most existing studies extracted ncRNA and protein sequence features by using a simple 315 

k-mer: 3-mer frequency feature for protein and 4-mer frequency feature for ncRNA [22, 316 

24, 26, 29, 33]. For protein, 20 amino acids can be classified into seven groups based 317 

on their dipole moments and side-chain volume:  𝐺1 =AA, G, V,, 𝐺2 =AI, L, F, 318 
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P,, 𝐺3=AY, M, T, S,, 𝐺4=AH, N, Q, W,, 𝐺5=AR, K,, 𝐺6=AD, E, and 𝐺7={C} [33]. 319 

Then, each protein sequence can be represented by the seven-letter alphabet. Thus, a 320 

protein sequence can be represented as a numeric vector with 343 (73) elements by 321 

calculating the 3-mer frequency. For ncRNA, using four ribonucleotides (A, U, G, C), 322 

an ncRNA sequence can be represented as a numeric vector of 256(44) elements. 323 

We adopted a conjoint k-mer method to extract more feature information by 324 

extending the range of k to 1-4 in the k-mer frequency coding process for an ncRNA 325 

and 1-3 for a protein. That is to say, for ncRNA, we considered not only the 4-mer 326 

frequency information but also the 1-mer, 2-mer, and 3-mer. Similar to 4-mer, 3-mer of 327 

ncRNAs can be represented as a numeric vector with 64( 43 ) elements  2-mer of 328 

ncRNAs can be represented as a numeric vector with 16( 42 ) elements  1-mer of 329 

ncRNAs can be represented as a numeric vector with 4(41) elements. As shown in Fig. 330 

4a, the rows and columns are corresponding to all kinds of k-mer comprised of four 331 

ribonucleotides (A, U, G, C) and the primary sequence of each ncRNA. Then, an 332 

primary sequence of ncRNA can be represented by a binary matrix, which was then 333 

transformed into a numeric vector with 340 (∑ 4𝑘4𝑘=1 ) elements by calculating each 334 

kind of k-mer frequency. Similar to Fig. 4b, using seven structure types (S, H, M, I, B, 335 

X, E), an secondary structure sequence of ncRNA can be represented as a numeric 336 

vector with 2800 (∑ 7𝑘4𝑘=1  ) elements. Therefore, integrating IP would produce the 337 

ncRNA coding vector with 3141 ( ∑ 4𝑘 + 7𝑘 + 14𝑘=1  ) elements. For protein, we 338 

considered the 1-mer, 2-mer, and 3-mer frequency information, combining primary 339 

sequence represented by the reduced seven-letter alphabet, secondary structure 340 
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sequence represented by three classical secondary structures (α-helix, β-sheet, and coil) 341 

with tertiary structures (IP, ASA, CN, HSEα-up and HSEα-down) would produce the 342 

ncRNA coding vector with 443 (∑ 7𝑘 + 3𝑘 + 53𝑘=1 ) elements. 343 

Fig. 4 344 

5.3. Performance metrics 345 

We adopted 5CV to evaluate the performance of EDLMFC and other methods by 346 

seven widely used metrics, including ACC, TPR, TNR, PPV, F1, MCC, and AUC of 347 

the ROC. Formulas of these metrics are as follows: 348 

 𝐴𝐶𝐶 =  𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (1) 

 𝑇𝑃𝑅 =  𝑇𝑃𝑇𝑃 + 𝐹𝑁 (2) 

 𝑇𝑁𝑅 =  𝑇𝑁𝑇𝑁 + 𝐹𝑃 (3) 

 𝑃𝑃𝑉 =  𝑇𝑃𝑇𝑃 + 𝐹𝑃 (4) 

 𝑀𝐶𝐶 =  𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁) (5) 

 𝐹1 =  2 × 𝑇𝑃𝑅 × 𝑃𝑃𝑉𝑇𝑃𝑅 + 𝑃𝑃𝑉  (6) 

Where TP, FP, TN, and FN denote the number of true positive, false positive, true 349 

negative, and false negative, respectively. ACC reflects the ability of the classifier to 350 

discriminate against the whole sample. TPR reflects the ability to predict positive 351 

samples. TNR reflects the ability to predict negative samples. PPV represents the ability 352 

to discriminate positive samples that are actually positive samples. MCC reflects the 353 

classification performance of the classification model when the number of positive and 354 

negative samples are not balanced. F1 is a comprehensive index that considers TPR and 355 
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PPV. And AUC is used to evaluate the performance of a classification model. 356 

5.4. Model design 357 

We adopt a conjoint k-mer to encode the primary sequence and secondary structure 358 

sequence features, merging IP and IP, ASA, HSEα-up, HSEα-down, CN for ncRNA, 359 

and protein, respectively, forming 3141 and 443-dimensional feature column vectors. 360 

Then the ensemble deep learning framework does the rest of the work automatically. 361 

Specifically, the two encoded feature column vectors of ncRNA and protein were 362 

separately fed into layered networks, including CNN and BLSTM layers. Then, a 363 

concatenated vector of the two outputs from the BLSTM layer was wired as the input 364 

of the fully connected layer. Finally, the ensemble module used the softmax activation 365 

function at the last layer to make binary predictions. The details of the proposed 366 

framework are shown in Fig. 5. 367 

Fig. 5 368 

CNN consists of several layers, including the input layer, convolution layer, max-369 

pooling layer, full connection layer, and output layer [55]. Among these, the 370 

convolution layer includes activation operation and the max-pooling layer includes 371 

batch normalization operation. In the convolution layer, assume that 𝐴[𝑙] is the feature 372 

map of the 𝑙th layer, which can be described as: 373 

 𝐴[𝑙]  =  𝑓(𝐴[𝑙]  𝑊[𝑙] + 𝑏[𝑙]) (7) 

Where 𝑊[𝑙] is the weight matrix of the convolution kernel of 𝑙th layer, operator 374 

  represents convolution operation, 𝑏[𝑙]  is the offset vector, and 𝑓(𝑥)  is the 375 
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activation function.  376 

After convolution operation, a commonly used activation function rectified linear 377 

unit (ReLU) was applied to sparse the output of the convolution layer, which can be 378 

used to speed up the supervised train process and maintain the rate of convergence at a 379 

steady state to avoid the vanishing gradient problem [56]. Suppose that ReLU is the 380 

activating layer, its formula defined as:  381 

 𝑅𝑒𝐿𝑈 = {𝑥, 𝑖𝑓 𝑥 ≥ 00, 𝑖𝑓 𝑥 ≤ 0  (8) 

Followed by the convolution layer, the max-pooling layer was used to sample the 382 

feature graph according to certain rules to reduce the parameters and calculation while 383 

maintaining the main features. suppose that 𝐴[𝑙] is the pooling layer, its formula is: 384 

 𝐴[𝑙]  = 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔(𝐴[𝑙−1] ) (9) 

After the max-pooling operation, batch normalization (BN) [57] operation was 385 

employed to reduce internal covariate shift and help train the designed deep network. 386 

LSTM is a widely used RNN with the memory cells [58], which store information 387 

over an arbitrary time allowing the network to learn long dependencies in the sequential 388 

data. Three non-linear gating units (input, output and forget) control the information 389 

flow through the time steps. Each gate gets a similar input as the input neuron. 390 

Moreover, each gate has an activation function [59], which forward mechanism 391 

expressed by the following equation: 392 

 393 

 394 
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�̃�<𝑡> = tanh (𝑊𝑐[𝑎<𝑡−1>, 𝑥<𝑡>] + 𝑏𝑐) 

ր𝑖 = 𝜎(𝑊𝑖[𝑎<𝑡−1>, 𝑥<𝑡>] + 𝑏𝑖) 

ր𝑓 = 𝜎(𝑊𝑓[𝑎<𝑡−1>, 𝑥<𝑡>] + 𝑏𝑓) 

ր𝑜 = 𝜎(𝑊𝑜[𝑎<𝑡−1>, 𝑥<𝑡>] + 𝑏𝑜) 

𝑐<𝑡> =  ր𝑢 ∗  �̃�<𝑡> +  ր𝑓 ∗ 𝑐<𝑡−1> 

𝑎<𝑡> = ր𝑜 ∗ tanh (𝑐<𝑡>) 

(10) 

Where, W, b denote the weights and bias, respectively, 𝜎 denotes the Logistic 395 

Sigmoid function, ∗ denotes pointwise multiplication, ր𝑖, ր𝑓 and ր𝑜 represent the 396 

input gate, forget gate, and output gate, respectively. 𝑥<t> 𝑖𝑠 input data at current step 397 

t, 𝑎<𝑡−1> is hidden state at previous step t-1. 𝑐<𝑡−1>is cell state at previous step t- 398 

1, 𝑐<𝑡> is cell state at current step t, 𝑎<𝑡> is the hidden state at the current step t, 399 

which equal to the output 𝑦<𝑡> at current.  400 

We used the variant BLSTM, which consists of two parallel LSTMs: one input 401 

sequence forward and the other input sequence inverted [60], to capture long-range 402 

dependencies between high-level abstract features extracted from primary sequence, 403 

secondary structure sequence, and tertiary structure features by CNN. 404 

To predict ncRNA-protein interactions effectively, we designed a training model 405 

based on three-layer CNN combining a BLSTM. The module was trained using Adam 406 

and stochastic gradient descent (SGD) successively [47, 61], among which Adam firstly 407 

performed rapid convergence for the module, and then SGD was used to fine-tune after. 408 



 

21 

 

Besides, we used the back-propagation algorithm [62] to minimize the loss function of 409 

binary cross entropy, also used regularization [63] and early stopping [64] algorithms 410 

to avoid overfitting. Our model was implemented by the Keras2.2.5 library. 411 
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Figure captions 615 

Fig. 1 Performance comparison among different ncRPI prediction methods. a Performance 616 

comparison on RPI1807 dataset. b Performance comparison on NPInter v2.0 dataset. 617 

Fig. 2 AUC comparison among different feature combination strategies. a AUC comparison on 618 

RPI1807 dataset. b AUC comparison on NPInter v2.0 dataset. The ROC curves of all feature, 619 

sequence together with secondary structure, sequence together with tertiary structure, only sequence, 620 

secondary structure together with tertiary structure, only secondary structure, and only tertiary 621 

structure as inputs were expressed in red, blue, green, magenta, orange, purple and black, 622 

respectively. The maximum AUC represents the best performance of the model. 623 

Fig. 3 The Mus musculus networks constructed based on interaction pairs predicted by the 624 

EDLMFC. The oval nodes with green and blue represent the ncRNA and proteins, respectively. The 625 

gray and red edges indicate correctly and wrongly predicted ncRPIs, respectively. 626 

Fig. 4 a The primary sequence of ncRNAs representation by conjoint k-mer. b The secondary 627 

structure sequence of ncRNAs representation by conjoint k-mer.  628 

Fig. 5 The workflow of the proposed EDLMFC. 629 
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Table 1 Performance comparison between EDLMFC and other ncRPI prediction methods on 656 

RPI1807 and NPInter v2.0. 657 

Dataset Method ACC(%) TPR(%) TNR(%) PPV(%) F1(%) MCC(%) AUC(%) 

RPI1807 EDLMFC 94.3±0.2 97.4±1.0 85.1±1.9 95.1±0.6 96.2±0.2 84.7±0.7 96.7±0.8 

 RPITER 93.6±0.3 97.1±0.2 83.3±0.7 94.5±0.2 95.8±0.2 82.7±0.9 97.5±0.3 

 IPMinter 93.7±0.2 98.9±0.6 78.3±1.7 93.1±0.4 95.9±0.2 83.0±1.7 88.6±0.6 

 CFRP 93.4±0.3 96.5±0.2 76.0±0.7 92.1±0.2 94.2±0.2 76.4±0.9 96.6±0.4 

         

NPInter v2.0 EDLMFC 90.0±0.7 92.2±1.1 87.6±0.9 88.2±0.8 90.2±0.7 80.0±1.4 96.2±0.3 

 RPITER 89.2±0.4 91.9±0.6 86.4±0.6 87.1±0.4 89.5±0.4 78.5±0.7 96.1±0.5 

 IPMinter 82.5±0.7 85.6±0.4 79.3±1.1 80.8±0.2 83.1±0.7 65.1±1.4 82.4±0.7 

 CFRP 83.0±0.4 78.4±0.4 86.8±0.4 85.6±0.4 81.8±0.4 65.4±0.7 88.4±0.1 

The values in bold indicate this performance metric is the best among the four methods.  658 

The mathematical notation (±) represent standard deviation. 659 

 660 

Table 2 Independent testing results of EDLMFC on six organisms from NPInter v2.0. 661 

Organism Total ncRNA-protein pairs in NPInter v2.0 EDLMFC performance 

Homo sapiens 740 631(85%) 

Mus musculus 229 217(95%) 

Saccharomyces cerevisiae 693 632(91%) 

Caenorhabditis elegans 33 31(94%) 

Drosophila melanogaster 46 41(89%) 

Escherichia coli 202 188(93%) 

Total 1943 1742(90%) 
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Table 3 Results under 5CV of different feature combinations considered on RPI1807 and NPInter 687 

v2.0.  688 

Dataset 
Combinations 

of features 
ACC(%) TPR(%) TNR(%) PPV(%) F1(%) MCC(%) AUC(%) 

RPI1807 Sequence 92.1±1.3 94.5±2.7 85.1±2.9 94.9±0.8 94.7±0.9 79.5±2.9 96.2±0.8 

 
Secondary 
structure 

92.8±1.2 96.6±1.9 81.5±6.6 94.0±2.1 95.2±0.7 80.7±3.5 96.1±1.1 

 Tertiary structure 72.9±9.6 85.7±21.7 28.7±28.7 82.9±6.9 79.7±12.7 26.9±21.5 81.6±8.7 

 

Sequence + 

Secondary 

structure 

93.8±0.6 96.6±1.2 85.5±2.5 95.2±0.8 95.9±0.4 83.5±1.5 96.5±0.8 

 
Sequence + 

Tertiary structure 
92.6±1.6 95.1±2.2 85.1±2.9 95.0±0.9 95.0±1.1 80.5±3.9 96.3±0.8 

 

Secondary 
structure + 

Tertiary structure 

92.4±0.4 96.5±1.5 80.6±5.6 93.7±1.6 95.0±0.2 79.7±1.3 96.2±0.9 

 All features 94.3±0.2 97.4±1.0 85.1±1.9 95.1±0.6 96.2±0.2 84.7±0.7 96.7±0.8 

         

NPInter 
v2.0 

Sequence 87.7±0.8 89.7±1.1 85.7±2.4 86.3±1.9 87.9±0.7 75.5±1.6 94.6±0.3 

 
Secondary 
structure 

78.8±1.4 87.5±1.4 70.1±2.4 74.6±1.6 80.5±1.2 58.5±2.7 88.1±1.0 

 Tertiary structure 54.7±3.8 68.1±27.0 41.4±33.6 58.7±8.7 56.3±10.6 10.9±8.7 59.9±2.7 

 

Sequence + 

Secondary 

structure 

89.1±0.9 91.2±1.1 86.9±1.5 87.5±1.3 89.3±0.8 78.3±1.7 95.4±0.3 

 
Sequence + 

Tertiary structure 
88.9±0.8 91.1±1.1 86.8±1.3 87.3±1.1 89.2±0.7 77.9±1.5 95.2±0.5 

 

Secondary 

structure + 

Tertiary structure 

83.5±1.0 88.6±1.5 78.5±2.6 80.5±1.8 84.3±0.7 67.5±1.9 92.0±0.4 

 All features 90.0±0.7 92.2±1.1 87.6±0.9 88.2±0.8 90.2±0.7 80.0±1.4 96.2±0.3 

The values in bold indicate this performance metric is the best among the three methods.  689 

The mathematical notation (±) represent standard deviation. 690 

 691 

Table 4 The two original and processed ncRPI datasets used in this study. 692 

 Dataset Positive Pairs Negative Pairs RNAs Proteins 

Original set RPI1807 1807 1436 1078 3131 

 NPInter v2.0 10412 10412 4636 449 

      

Processed set RPI1807 652 221 646 868 

 NPInter v2.0 1943 1943 513 448 

 693 



Figures

Figure 1

Performance comparison among different ncRPI prediction methods. a Performance comparison on
RPI1807 dataset. b Performance comparison on NPInter v2.0 dataset.

Figure 2



AUC comparison among different feature combination strategies. a AUC comparison on RPI1807 dataset.
b AUC comparison on NPInter v2.0 dataset. The ROC curves of all feature, sequence together with
secondary structure, sequence together with tertiary structure, only sequence, secondary structure
together with tertiary structure, only secondary structure, and only tertiary structure as inputs were
expressed in red, blue, green, magenta, orange, purple and black, respectively. The maximum AUC
represents the best performance of the model.

Figure 3

The Mus musculus networks constructed based on interaction pairs predicted by the EDLMFC. The oval
nodes with green and blue represent the ncRNA and proteins, respectively. The gray and red edges
indicate correctly and wrongly predicted ncRPIs, respectively.



Figure 4

a The primary sequence of ncRNAs representation by conjoint k-mer. b The secondary structure sequence
of ncRNAs representation by conjoint k-mer.



Figure 5

The work�ow of the proposed EDLMFC.


