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10 Abstract

11 Biological sequence data mining is hot spot in bioinformatics. A biological sequence can be regarded as a set of 

12 characters. Time series is similar to biological sequences in terms of both representation and mechanism. Therefore, 

13 in the paper, biological sequences are represented with time series to obain biological time sequence (BTS). Hybrid 

14 ensemble learning framework (SaPt-CNN-LSTM-AR-EA) for BTS is proposed. Single-sequence and multi-

15 sequence models are respectively constructed with self-adaption pre-training one-dimensional convolutional 

16 recurrent neural network and autoregressive fractional integrated moving average fused evolutionary algorithm. In 

17 DNA sequence experiments with six viruses, SaPt-CNN-LSTM-AR-EA realized the good overall prediction 

18 performance and the prediction accuracy and correlation respectively reached 1.7073 and 0.9186. SaPt-CNN-

19 LSTM-AR-EA was comparied with other five benchmark models so as to verify its effectiveness and stability. SaPt-

20 CNN-LSTM-AR-EA increased the average accuracy by about 30%. The framework proposed in this paper is 

21 significant in biology, biomedicine, and computer science, and can be widely applied in sequence splicing, 
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22 computational biology, bioinformation, and other fields. 

23 1. Introduction

24 Portions of this text were previously published as part of a preprint 

25 (https://www.authorea.com/doi/full/10.22541/au.166739767.78591208/v1)Biological sequences are 

26 mainly classified into three types: DNA (Deoxyribonucleic Acids), RNA (Ribonucleic Acids), and protein 

27 sequences. In recent years, biological sequence data mining has been widely concerned and mainly focuses on the 

28 prediction and functional analysis of coding and non-coding regions of sequences, sequence analysis, sequence 

29 visualization, sequence alignment, gene identification, and evolutionary analysis (Ali et al. 2015; Eisenstein 2021; 

30 Li et al. 2022b; Ullah et al. 2022). The main sequence data mining methods mainly include mathematical statistics 

31 method, signal processing method, time series method, and machine learning algorithms (Jiang et al. 2023; Liu et al. 

32 2021; Wang et al. 2022). At present, classification, clustering, alignment, similarity, prediction, and graphical 

33 representation of biological sequences have been extensively explored (Abranches et al. 2022; Aevermann et al. 

34 2021; Routhier & Mozziconacci 2022).

35 DNA sequences can be regarded as the sequence set of four letters (A, C, G, and T). Time series is a sequence 

36 set of digital symbols composed in time sequence and similar to biological sequence in terms of data representation 

37 (Boltenkov et al. 2020; Lochel & Heider 2021; Pavithran et al. 2023; Thuillier et al. 2022). In terms of mechanism, 

38 time series is a sequence based on time, whereas biological sequences also contain a time series relationship related 

39 to organism evolution. Time series and biological sequences are related to time order, so biological sequences are 

40 similar to time series. Biological time sequence (BTS) is the biological series represented by time series method. In 

41 the preliminary work, our research group analyzed relevant literatures on BTS. Based on historical biological 

42 sequence data, BTS prediction aims to establish a suitable sequence prediction model from the trend, periodicity, 
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43 and volatility of biological sequences and then the established model can be used to generate unknown data for 

44 biological sequences. Many time series prediction models can be used in BTS analysis. Time series models can be 

45 classified into three types: single models, hybrid models, and integrated models (He et al. 2022; Li et al. 2021; Mitra 

46 & MacLean 2021; Wen & Yang 2021). Single prediction models mainly include autoregressive (AR), moving 

47 average (MA), autoregressive moving average (ARMA), autoregressive Integrated moving average (ARIMA), SVM, 

48 ANN-based model, and machine learning-based model. Hybrid models can obtain more accurate prediction (Bai et 

49 al. 2022; Han et al. 2019; James & Tripathi 2021; Zhang et al. 2021; Zhang et al. 2023). For example, various meta-

50 heuristic algorithms are used to optimize the weights and thresholds of ANN, such as differential evolution (DE), 

51 simulated annealing (SA), particle swarm optimization (PSO), and genetic algorithm (GA) (Chu et al. 2022; Gugler 

52 & Reiher 2022; Torkey et al. 2021; Torkey et al. 2022; Xia et al. 2022; Zhang et al. 2020). Integrated models have 

53 been widely used in sequence prediction. Integrated models have significant advantages and can improve the 

54 accuracy of sequence prediction and reduce the variance. Deep learning algorithms are emerging machine learning 

55 algorithms, such as recurrent neural network (RNN) (Li et al. 2022c; Savadkoohi et al. 2021; Yang & Song 2022; 

56 Zhou et al. 2023) and long-short term memory artificial neural network (LSTM) (Anzel et al. 2022; Jian et al. 2022; 

57 Li et al. 2023; Liu et al. 2022).

58 Two issues in BST research remain to be addressed. Firstly, biological sequence studies focus on single 

59 sequences. One of the disadvantages of single-sequence models is that some important features contained in 

60 biological sequences are omitted, thus affecting the modelling effect (Angthong et al. 2020; Du et al. 2023; Kim et 

61 al. 2021; Mondal et al. 2022; Nalecz-Charkiewicz & Nowak 2022; Namasudra et al. 2023; Thorn et al. 2022). 

62 Secondly, although various machine learning algorithms have been widely applied in time series prediction, 

63 multivariate biological sequence prediction is still a challenge. In this paper, parallel multivariate biological 
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164 After sequence division, each BTS consists of several groups of subsequences. To improve the generalization 

165 ability of the model, each subsequence is divided into three subsets: training set (70%), validation set (15%), and test 

166 set (15%), as shown in Table 2.

167 Table 2 Experimental data distribution

168 3.1.2. Stationary analysis

169 Taking the BTS generated with sequences A, C, and E as an example, the BTS corresponding to the first 3000 

170 bp is shown in Figure 3.

171

172 Figure 3 Biological time sequence

173 In Figure 3, the time series curves obtained with sequences A, C, and E are characterized by large fluctuations, 

174 unequal amplitudes, and unequal position intervals, indicating that BTS has typical non-stationary characteristics. 

175 Other series have similar non-stationary characteristics.

176 3.1.3. Pre-processing

177 In order to reduce the interference caused by non-stationary series, we carried out normalization and variance 

178 normalization transformations for each BTS. Each BTS produces six new series: normalized spectral time sequence, 

179 variance-normalized spectral time sequence, normalized CGR time sequence, variance-normalized CGR time 

180 sequence, normalized Z time sequence, and variance-normalized Z time sequence.

181 3.2. Results

182 The operating environment is Windows 10 64-bit OS (16 GB of memory and Intel (R) Core ô i7-12700F 

183 processor). The deep learning framework was constructed with Matlab2020a. The transformed and preprocessed 6 

184 BTSs were used for model testing and prediction (see the architecture of the model and corresponding parameters in 
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185 in Supporting Information). Finally, the output results of the model were reversely normalized to make the model 

186 more explanatory.

187 Firstly, SaPt-CNN-LSTM-AR-EA was trained with the training set. Secondly, various parameters of the model 

188 were adjusted to minimize the training error in the training process (see Supporting information). The relationship 

189 between the predicted value and the actual value of each data sample in the training set is shown in Figure 4.

190

191 Figure 4 Prediction results of the training set.

192 The closer the predicted data points are to the experimental line, the smaller the prediction error is. As shown in 

193 Figure 4, the predicted data points of the 6 biological sequences are basically distributed on the experimental line, 

194 indicating that the training effect of SaPt-CNN-LSTM-AR-EA was good on each sequence data set and that the 

195 model had been fully trained. The validation set was used to verify the reliability of the model. The parameters of 

196 the model were fine-tuned in the validation process so as to reduce the output error of the model. The distribution 

197 relationship between the predicted value and the actual value of the model in the validation set is shown in Figure 5.

198

199 Figure 5 Prediction results of the validation set.

200 In the validation set, the data points predicted by the model are basically distributed near the straight line, 

201 indicating that the predicted value was in good agreement with the experimental value. The predicted value of SaPt-

202 CNN-LSTM-AR-EA was more consistent with the experimental value, indicating that the trained model had the 

203 reliable and accurate prediction ability and could be used to predict BTS.
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204 After training and validation, the prediction experiment was performed with the trained model. With the test set, 

205 the model was tested against each biological sequence. The test data of each biological sequence were used for 

206 model testing. The prediction results and relevant data statistics of the model are shown in Figure 6.

207

208 Figure 6. Prediction results of the test set: (a) mean distribution of the error between predicted and experimental 

209 values, (b) error statistics of the model in each biological sequence test, and (c) error distribution of the model in 

210 each biological sequence test.

211 The distributions of predicted values and experimental values and the mean distribution of errors are shown in 

212 Figure 6(a). The error statistics and error distribution of the model in each biological sequence test are respectively 

213 shown in Figures 6(b) and 6(c).

214 The predicted values of each sequence were basically consistent with the actual values except the reults of 

215 some loci. In the error analysis results, most of the error points were distributed around the value of 0 and the 

216 number of sequences with large errors accounted for a small proportion. The predicted values were highly consistent 

217 with the experimental values in six biological sequences, indicating that the model had good prediction performance. 

218 The performance indexes of the model in the training set, validation set, and test set are shown in Table 3.

219 Table 3 Predictive performance indexes of the model.

220 The values of performance indexes fully reflect the comprehensive performance of the model in the three data 

221 sets. The error in the validation set was small and the correlation was high. The prediction ability of training and 

222 validation sets was better than that of the test set. From the perspective of prediction mechanism, model training and 

223 validation aims to reduce the output error, so the correlation coefficient of the training and validation sets should be 

224 larger than that of the new samples in the test set.
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225 4. Discussion

226 4.1. Comparison with other benchmark models

227 In order to verify the performance of the model, several models with better performances in time series 

228 prediction were selected as benchmark comparison models in this paper. The theories and parameters of all the 

229 models are shown in Table 4.

230 Table 4 Benchmark comparison models

231 One hundred samples were randomly selected from 6 BTS data sets to form the test data set of the comparison 

232 model. Each benchmark model was used to predict each sample in the test data set. The prediction results of each 

233 model on Sequence A are shown in Figure 7. The results on other sequences are similar to those of Sequence A.

234

235 Figure 7 Prediction performance of each benchmark model on Sequence A.

236 The correlation between the predicted and experimental values is shown in Figures 7(a) and 7(b). The 

237 prediction results of SaPt-CNN-LSTM-AR-EA model were closer to the experimental line, indicating that the 

238 predicted results were more consistent with experimental results. The statistical distribution of predicted values 

239 shown in Figures 7(c), 7(d), and 7(e) indicated that SaPt-CNN-LSTM-AR-EA model performed better than other 

240 models. The errors of each model are shown in Figure 8.

241

242 Figure 8 Test errors of each benchmark model

243 In the error curve (Figure 8(a)), the error bar of the SaPt-CNN-LSTM-AR-EA model was closest to the origin 

244 and the prediction error was smaller, indicating that the model had the highest prediction accuracy. According to the 

245 error statistics (Figure 8(b)), most of the error points of SaPt-CNN-LSTM-AR-EA model were distributed between 
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246 1.4 and 2.0 and the average error was also the smallest, indicating that the accuracy of the model was relatively high. 

247 The correlation coefficient and calculation time of each benchmark model are shown in Figure 9

248

249 Figure 9 Correlation coefficient and calculation time of each comparison model.

250 According to Figure 9(a), the correlation curve of SaPt-CNN-LSTM-AR-EA model is at the top of the 

251 coordinate and the coordinate value is closest to 1. In addition, the statistics of correlation data points also showed 

252 that the predicted values of the model in this paper had the most significant correlation with experimental values. BI-

253 ARFIMA model had the shortest computation time and CONV-LSTM model had the longest computation time 

254 (Figure 9(b)). SAPT-CNN-LSTM-AR-EA model also had the acceptable computation time. Table 5 shows the 

255 performance statistics of each model. SaPt-CNN-LSTM-AR-EA model performed better in terms of both prediction 

256 accuracy and correlation and its computation time was also acceptable.

257 Table 5 Statistics of the prediction performance of each benchmark model

258 SaPt-CNN-LSTM-AR-EA model had obvious advantages over other models in terms of prediction accuracy 

259 and correlation due to the following factors. Firstly, the characteristics of multivariate sequences were fully utilized 

260 in the model. Secondly, adaptive pre-training mechanism improved the training performance. Thirdly, the 

261 advantages of CNN-LSTM in feature extraction had been fully utilized. SaPt-CNN-LSTM-AR-EA model belonged 

262 to a multi-layer cyclic deep learning framework and fused ARFIMA, so its computation time was long. Compared 

263 with CTS-LSTM and CONV-LSTM models, SaPt-CNN-LSTM-AR-EA had a slight advantage in computation time 

264 because it adopted one-dimensional convolution operation.
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265 4.2 Discussion of different evaluation metrics

266 4.2.1 Accuracy growth rate

267 In this paper, the accuracy growth rate of each benchmark model was calculated in order to verify the 

268 prediction accuracy of SaPt-CNN-LSTM-AR-EA model on the test dataset. The accuracy growth rate statistics of 

269 SaPt-CNN-LSTM-AR-EA compared with other five benchmark models are shown in Figure 10.

270

271 Figure 10 Accuracy growth rate of SAPT-CNN-LSTM-AR-EA model compared with other benchmark models

272 Compared with the 5 benchmark models (BI-ARFIMA, ARFIMA-LSTM, EA-LSTM, CTS-LSTM, and Conv-

273 LSTM), SaPt-CNN-LSTM-AR-EA model had different MAPE growth rates in 6 different biological sequences. The 

274 highest accuracy was increased by nearly 50% and the average accuracy was increased by about 30%. The accuracy 

275 improvement was obvious.

276 The output of SaPt-CNN-LSTM-AR-EA model had obvious advantages in accuracy due to the comprehensive 

277 results of various algorithms. In addition, the performance of the model was significantly improved.

278 4.2.2 Diebold-Mariano test

279 DM test was performed to test the model. In invalid hypothesis , the error difference of the models is not H0

280 obvious. In other words, there is no significant difference in prediction accuracy. The DM test values of each model 

281 are shown in Table 6. At the significance level of 1%, all DM test values were above the upper limit of 2.58, 

282 suggesting that  should be rejected and that  should be accepted. The DM values indicated that the prediction H0 H1

283 performance was significantly different among the models.

284 Table 6 DM values of SaPt-CNN-LSTM-AR-EA and benchmark models (at the significance level of 1%)
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285 DM test was performed to test the necessity of modelling. DM values at the confidence level of 99% showed 

286 that SaPt-CNN-LSTM-AR-EA model was necessary and effective. The data distribution of DM values suggested the 

287 performance differences among the models. The performance of BI-ARFIMA, ARFIMA-LSTM, and EA-LSTM 

288 models was basically the same and the performance of CTS-LSTM was the same as that of CONV-LSTM. CONV-

289 LSTM had a slight advantage. The DM value on each sequence showed that the performance of the model was 

290 basically the same among all the sequences.

291 4.2.3 VAR

292 The proposed model is to improve the efficiency, accuracy, and stability of prediction. We used variance of 

293 residuals (VAR) to test the stability of the model. The VAR change curves of each model are shown in Figure 11. 

294 The VAR curve of SaPt-CNN-LSTM-AR-EA model was close to the abscissa, indicating that the model was more 

295 stable. In addition, BI-ARFIMA and ARFEIMA-LSTM had similar stability and CTS-LSTM was more stable than 

296 EA-LSTM.

297

298 Figure 11 VAR of each model

299 The results of VAR stability test indicated that the stability of SaPt-CNN-LSTM-AR-EA model was basically 

300 the same among all the BTS because the fusion of multivariate sequences in the model avoided the defect of single 

301 sequence output error and improved the generalization ability. The results also proved the good scalability of the 

302 model.

303 4.3 Discussion of ablation study

304 To validate the contribution of these modules to the framework, we performed ablation study by respectively 

305 removing one module from the four modules in four times. Then, four models were obtained: CNN-LSTM-AR-EA, 
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306 SaPt-LSTM-AR-EA, SaPt-CNN-LSTM-EA, and SaPt-CNN-LSTM-AR. The performance indexes of these models 

307 are shown in Table 7.

308 Table 7. Results of ablation study

309 After any module was removed from SaPt, CNN, AR, and EA, the error was significantly larger and the 

310 correlation decreased, indicating that each module contributed to SaPt CNN LSTM AR-EA model. SaPt-LSTM-AR-

311 EA model without the CNN module had the worst experimental results, indicating that the CNN module had the 

312 greatest contribution. The contributions of the other three modules ranked in the following order: AR > SaPt > EA. 

313 The contribution rate is defined as the ratio of the contribution of one module to the total contribution (assuming that 

314 the total contribution of the four modules is 100%). Fig. 12 shows the accuracy contribution and correlation 

315 contribution of each module.

316

317 Fig. 12 Contribution rate of each module 

318 The contributions of the four modules ranked in the following order: CNN > AR > SaPt > EA and all modules 

319 have a contribution rate of over 17% (Figures 12(a) and 12(b)). The ablation study indicated that the four modules 

320 were critical and indispensable and jointly contributed to SaPt-CNN-LSTM-AR-EA model.

321 5. Conclusions and Outlook

322 This paper proposes an integrated prediction model of biological sequence based on time series theory method: 

323 SaPt-CNN-LSTM-AR-EA. The prediction results of DNA sequences of six viruses indicated that the model had 

324 high prediction accuracy. The performance analysis and test confirmed the better reliability of the model. This study 

325 opened up a new field of BTS research and provided a new idea for biological sequence and time series research. 

326 The proposed integrated model framework is significant in many fields, such as biology, computer, economics, and 
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327 medicine and can be widely used in bioinformation, genetic evolution, financial economy, meteorology, hydrology, 

328 signal processing, electric power, medicine, and health care.

329 The algorithm proposed in this paper has achieved good experimental results, but its computing time is long. In 

330 the future work, we will further improve the performance, efficiency, and generalization ability of the model and 

331 reduce computation time and space complexity. We will design more optimized algorithms and models based on the 

332 parallel computation strategy for the purpose of mining biological sequence data.
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1 Table 1 Source of experimental data

Label Source Accession Length (bp)

A Human adenovirus C NC_001405 35937

B Dubowvirus MR25 NC_010808 44342

C Infectious bronchitis virus NC_048213 27464

D Phietavirus MR11 NC_010147 43011

E Abalone shriveling syndrome-associated virus NC_011646 34952

F Clostridium phage phiCD505 NC_028764 49316
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1 Table 2 Experimental data distribution

Label Training set Validation set Testing set Data points

A 420 89 89 598

B 519 110 110 739

C 321 68 68 457

D 502 107 107 716

E 408 87 87 582

F 575 123 123 821
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1 Table 3 Predictive performance indexes of the model

Training set Validation set Test set

S��� ��� � MAPE R2 MAPE R2 MAPE R2

A 11� ���  010 �	
  11� 	0 �  010 ���  1100 ��  0 10 �
 �  

B 11�
 ��  010 �� �  11���0  010 �	�  11���	  0 10 ���  

C 11�	��  010 �
 	  11����  010 �
0  11���
  0 10 ��
  

D 11�
 ��  010 �
0  11	�
 �  010 ���  11�	��  0 10 �	�  

E 11����  010 ��
  11��
 �  010 �

  11
���  0 10 �
�  

F 11���	  010 ���  11�
 	�  010 �	�  11� �
 �  0 10 �0 �  

AA���� � 11�	�0  010 �� 
  11���
  010 ��
  11� �0�  0 10 ���  
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1 Table 4 BenB�� ���  Bc� � �� ��c �  �c m �� �

Model Model details R� �����  � !

B"#$ R%"&$ Ba'� !()�  "� �����  �  �f�  AR%"&$ DD�* )+,  et  e  2019 - DD�* )+  et ale  

2019.

AR%"&$#/23& AR%"&$#/23&  h 'h�(4  re  D����r  netnf�5 BD5* )�( ,  et  e  2020 - BD5* )�(  et ale  

2020.

EA#/23& EEf 6Dr(f� )�'  attention#h )!�4  /23& /( ,  et e  2019 - /(  et ale  2019 .

CT2#/23& /23&  netnf�5  �f�   f��� 6)r�4  ti +�  series W)� ,  et e  2020 - W)�  et ale  2020 .

ConE#/23& Con Ef 6Dr(f� )6  neD� )6  netnf�5  and /23& FD ,  et e  2022 - FD  et ale  2022 .
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1 Table 5  Statistics of predictive performance of each benb78 9:;  8 <= >?

Model MAM@ C

2 TiTF

BGHICJGKI 2LNOPQ 0LU VUU 10L XY

ACJGKIHZ[\K 2L] VQ Y 0LU VYV 21L ^U

EAHZ[\K 2LQ UPP 0LUOQ X 17LU V

CT[HZ[\K 2LV X]U 0LU ]P Y 22LQU

Conv HZ[\K 2LVO ^U 0LU ]]Q 45L ]V

[_M`HaddHZ[\KHICH@I 1LP ^P Y 0L XOU ] 19LPP
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1 Table 6 DM values of SaPt-CNN-LSTM-AR-EA and benchmark models (at the significance level of 1%)

Sequence BI-ARFIMA ARFIMA-LSTM EA-LSTM CTS-LSTM Conv-LSTM Average

A 5.2319 5.2951 5.4511 5.1221 4.2437 5.0688 

B 4.4318 5.3555 5.8193 5.2391 4.1951 5.0082 

C 5.9460 5.4438 4.7947 3.5907 5.2476 5.0046 

D 5.1702 4.9207 5.5258 4.8178 5.0280 5.0925 

E 5.5484 4.9639 4.9925 4.8713 4.6340 5.0020 

F 5.3184 5.3652 4.8212 5.7784 3.8258 5.0218 

Average 5.2745 5.2240 5.2341 4.9032 4.5290 5.0330
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1 Table 7.The results of ablation experiment

Removed modules Model MAPE R2

SaPt CNN-LSTM-AR-EA 2.4865 0.7591
CNN SaPt-LSTM-AR-EA 4.5621 0.6174
AR SaPt-CNN-LSTM-EA 3.8697 0.6726
EA SaPt-CNN-LSTM-AR 2.3134 0.7969
This Paper SaPt-CNN-LSTM-AR-EA 1.7197 0.9177
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