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Introns are non-coding sequences within the coding region of genes that were originally believed to lack biological 
function after being spliced out. However, recent studies have revealed that introns in fact play critical regulatory 
roles in eukaryotes. Because of these findings, accurate prediction of functional introns has become a key 
challenge in genomic research. Deep learning has been widely applied in gene prediction. However, development 
of cross-species applicable models for the prediction of functional introns in plants remains difficult. This research 
proposed a hybrid deep neural network model (DeepFI) based on a convolutional neural network (CNN) for the 
precise prediction of functional introns in plants by incorporating dual path encoding, multi-scale feature 
extraction, and an attention fusion mechanism along with a dynamic adversarial training method (EnhancedFGM) 
to improve prediction accuracy. In addition, a cross-species mixed dataset was constructed, containing 76,945 
pairs of positive and negative samples from monocot (Arabidopsis, rice, maize) and dicot plants (soybean, cotton, 
rapeseed). The ability of DeepFI to analyze this cross-species mixed dataset was compared with three benchmark 
models including BiLSTM, PDLLM, and DanQ. The results showed that DeepFI significantly outperformed other 
benchmark models across all tests. Varying degrees of improvement were observed for single-species datasets, 
particularly for the cotton dataset where accuracy increased by 4.63%. For the cross-species mixed dataset, DeepFI 
achieved an accuracy of 94.58%, surpassing the best-performing benchmark model by 1.44%. Moreover, DeepFI 
demonstrated excellent zero-shot prediction ability with accuracies of 87.60% and 82.63% for prediction of 
functional introns in the distantly related species grape and sorghum, respectively. This work not only filled the 
gap in cross-species prediction tools for plant functional introns, but also provided a reliable computational 
method for functional annotation of plant genomes, which had important implications for evolutionary biology, 
genetic crop improvements, and the exploration of non-coding DNA functions. 
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Introduction 
 
Introns are non-coding regions between exons in 
gene sequences. During processing of precursor 
mRNA into mature mRNA, introns are removed 

through splicing, while exons are joined together 
to form transcripts that are eventually translated 
into proteins [1]. Historically, introns were 
originally considered to lack genetic function and 
were not believed to participate in essential 

mailto:sunx1@sdau.edu.cn


Journal of Biotech Research [ISSN: 1944-3285] 2025; 23:181-196 

 

182 

 

cellular processes such as protein synthesis. 
However, advances in molecular biology have 
revealed that introns are not “junk DNA” but 
possess specific biological functions [2-4]. In 
2019, two breakthrough studies confirmed a key 
role for introns in stress responses. Parenteau et 
al. knocked out over 200 introns in 
Saccharomyces cerevisiae and found that their 
presence was critical for yeast survival under 
nutrient deficiency conditions [5], while Morgan 
et al. confirmed that 34 introns in yeast cells 
regulated cell growth rates by modulating the 
mTOR signaling pathway, thereby enhancing 
yeast adaptability and survival fitness [6]. More 
recent studies extend these results and show 
that introns also play important roles in plants, 
which demonstrated that proper splicing of 
group II introns was essential for mitochondrial 
gene expression and plant development [7, 8]. In 
Arabidopsis thaliana, introns have been shown to 
contain specific functional elements that are 
indispensable for the regulation of various 
fundamental biological processes [9, 10]. 
 
Recently, deep learning has become an 
important tool in the field of bioinformatics, 
where significant progress has been achieved in 
gene prediction tasks. Cheng et al. proposed the 
MiRTDL algorithm for miRNA target prediction 
using convolutional neural network (CNN) and 
achieved a sensitivity, specificity, and accuracy of 
88.43%, 96.44%, and 89.98%, respectively [11]. 
The iDeepE model successfully predicted RNA-
binding proteins by combining local and global 
RNA sequence features using CNN and achieved 
the best average area under the curve (AUC) of 
93.10% [12]. Wang et al. constructed the 
DeepCirCode model for circular RNA prediction 
based on a CNN algorithm, which achieved 
85.24% accuracy on the test set [13]. Zhang et al. 
combined a stacked ensemble classifier with a 
transformer-based bi-directional encoder in 
BERT-m7G model to predict N7-methylguanosine 
sites, resulting in 95.48% accuracy and a 
Matthews correlation coefficient (MCC) of 91% 
[14]. Ritu et al. employed a bi-CNN algorithm in 
their DeepPlnc model, which enabled high 
precision identification of plant lncRNAs with 

98% accuracy [15]. Using RNA sequence features 
extracted via a transformer model, Xiang et al. 
were able to predict N6-methyladenosine 
modification sites with 84.43% accuracy and an 
MCC of 83.72% [16]. In addition, deep learning 
models have also been generalized for cross-
species analyses and maintain good performance 
in the absence of species-specific data [17, 18]. 
Despite these advances, applications of deep 
learning for functional intron prediction remain 
limited. Previous study developed an intron-
capture RNA sequencing (RNA-seq) technique 
that successfully identified multiple introns with 
functional elements in Arabidopsis thaliana [19], 
and based on that, a functional intron database, 
PlantIntronDB, was established, which included 
five plant species [20]. However, current 
methods for the identification and extraction of 
functional introns have several limitations, which 
include that the experimental procedures 
involved are complex and require multiple 
technical steps, while the data processing phase 
is time-consuming. These technical limitations 
present significant challenges for extending the 
methodology to additional species. More 
critically, there is currently a lack of 
computational tools that can efficiently and 
accurately predict functional introns with cross-
species transferability and generalization 
capabilities. This significant methodological gap 
severely hinders large-scale and systematic 
identification of functional introns across 
different plant species and limits research 
applications in genome annotation and 
functional exploration. 
 
This research aimed to address this gap in 
functional intron prediction capabilities in plants 
by developing an accurate, efficient, and cross-
species applicable prediction model. A hybrid 
network model, DeepFI, based on CNN was 
proposed for predicting plant functional introns, 
which integrated dual path encoding, multi-scale 
feature extraction, and an attention fusion 
mechanism along with an enhanced fast gradient 
method (EnhancedFGM) dynamic adversarial 
training technique to improve model 
performance. To support model training and 
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validation, large-scale RNA-seq data from 
multiple plant species were integrated and 
analyzed, creating a cross-species mixed dataset. 
The proposed model was compared with several 
benchmark models under unified experimental 
conditions. This research not only filled the 
methodological gap in plant functional intron 
prediction but also provided technical support 
for the expansion of functional intron databases. 
Furthermore, it offered a reliable computational 
tool for large-scale, cross-species identification of 
functional non-coding elements, which was 
important for advancing research in plant 
genomics and evolutionary biology and could be 
used to guide potential improvements in crop 
genetics. 
 
 

Materials and methods 
 
Data acquisition and dataset construction 
RNA-seq data for eight plant species were 
downloaded from the NCBI SRA database 
(https://www.ncbi.nlm.nih.gov/sra) including 
Arabidopsis thaliana (Arabidopsis), Gossypium 
raimondii (cotton), Zea mays (maize), Brassica 
napus (rapeseed), Oryza sativa Japonica (rice), 
Glycine max (soybean), Vitis vinifera (grape), and 
Sorghum bicolor (sorghum). A total of 622 
Arabidopsis samples, 59 cotton samples, 185 
maize samples, 210 rapeseed samples, 236 rice 
samples, 230 soybean samples, 433 grape 
samples, and 649 sorghum samples were 
obtained. The SRA Toolkit v3.0.2 
(https://github.com/ncbi/sra-tools) was used to 
convert the downloaded SRA files into FASTQ 
format to obtain raw RNA-seq reads. 
Subsequently, HISAT2 v2.2.1 
(https://daehwankimlab.github.io/hisat2/) was 
applied to align the reads to their corresponding 
reference genomes including Arabidopsis 
(TAIR10), cotton (Graimondii2_0_v6), maize (Zm-
B73-REFERENCE-NAM-5.0), rapeseed 
(AST_PRJEB5043_V1), rice (IRGSP-1.0), soybean 
(Glycine_max_v2.1), grape (PN40024.v4), and 
sorghum (Sorghum_bicolor_NCBIv3). All 
reference genomes were obtained from the 
Ensembl Plants database 

(https://plants.ensembl.org/). To ensure data 
quality, samples with alignment rates below 80% 
or those that did not produce valid sequence data 
were discarded. Samtools v1.9 
(https://github.com/samtools/samtools) was 
then used to sort and index the generated BAM 
files for further analysis. The gene annotation 
files in GTF format were processed using R v4.3.1 
(https://www.r-project.org/) and Bioconductor 
package v3.18 (https://www.bioconductor.org/). 
Gene and exon annotation information were 
extracted, and all exon regions for the same gene 
were merged. Then, exon intervals were 
subtracted from the gene regions to precisely 
define the intronic regions of each gene. The 
extracted intron information included the 
genomic start and end positions, chromosome 
IDs, strand direction, gene IDs, and other relevant 
information. To ensure the reliability and 
accuracy of the data, generated BED files were 
visualized using Integrative Genomics Viewer 
(IGV) v2.19.2 (https://igv.org/). To ensure the 
quality of the identified functional introns, 
sequencing reads for each sample were filtered 
according to the criteria described in previous 
study [20], which included that the reads must be 
located entirely within introns, strand-specific, 
and not be spliced. The number of reads within 
each intron was counted. To eliminate artifacts, 
all reads that overlapped with exons and introns 
were removed. To build a high-quality functional 
intron dataset, intron sequences detected in at 
least six biological repeated samples (reads 
number ≥ 5) were defined as functional introns 
(positive samples), while intron sequences 
undetected in all samples (reads number = 0) 
were defined as non-functional introns (negative 
samples). Chromosome IDs, start and end 
positions, and strand orientation were extracted 
from CSV files to generate BED files, which were 
then visualized using IGV. Combined with whole 
genome sequence files, the corresponding gene 
sequences were extracted using Bedtools v2.30.0 
(https://github.com/arq5x/bedtools2) to obtain 
all positive and negative samples. To ensure the 
accuracy and robustness of the model, and to 
avoid bias associated with imbalanced data 
distribution,  the  study applied a random under- 
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Figure 1. DeepFI model architecture. 

 
 
sampling method to balance the ratio of positive 
to negative samples at 1:1. In the dataset 
division, a stratified sampling strategy was used 
to maintain a consistent ratio of positive and 
negative samples across the training, validation, 
and test sets. The data was split into an 
approximately 8:1:1 ratio. For the cross-species 
prediction experiments, grape and sorghum were 
set as independent test species, while the 
remaining six species (Arabidopsis, cotton, maize, 
rapeseed, rice, and soybean) were used for 
model training and validation. For each of these 
six species, balanced single-species datasets 
were constructed, and these were further 
combined into a cross-species mixed dataset 
containing 76,945 positive and 76,945 negative 
samples. 
 
Data preprocessing 
Before training the model, all nucleotide 
sequences were processed through a 
standardized preprocessing procedure to ensure 
consistency in input dimensions. All sequences 
were duplicated to eliminate the influence of 
redundant data. The input length of all sequences 
was standardized to a fixed length of 1,000 base 

pairs (bp). For sequences shorter than 1,000 bp, 
gaps were filled by random insertion of "N" bases 
at insertion positions that were randomly 
selected from position 1 to L, where L was the 
original sequence length. This strategy could 
effectively simulate the presence of unknown 
bases that might occur in real sequencing and 
avoid the deviation that might be introduced by 
fixed position padding. For sequences longer 
than 1,000 bp, the first 1,000 bp were retained 
for further analysis. Sequences that were exactly 
1,000 bp in length were directly used as input for 
the model. This preprocessing workflow ensured 
that all input sequences adhered to a uniform 
length requirement, while maintaining biological 
relevance. 
 
Model architecture 
The proposed DeepFI model incorporated several 
core innovations including dual path encoding, 
multi-scale feature extraction, and attention 
fusion architecture (Figure 1). In the coding layer, 
the original sequence was processed in parallel 
via two pathways of word embedding encoding 
and one-hot encoding. Word embedding 
encoding could effectively capture the high-level 
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semantic features of intron sequences by 
modeling them in continuous vector space, while 
one-hot encoding accurately retained base 
composition information from the original 
sequence, enabling precise identification of key 
functional sites. The combination of these two 
pathways allowed for full characterization of the 
multi-dimensional characteristics of functional 
introns. For the word embedding encoding 
pathway, three convolutional blocks were 
designed for hierarchical feature extraction. An 
EnhancedFGM dynamic adversarial training 
algorithm was incorporated into both the word 
embedding and convolutional layers, which 
enabled simulation of natural sequence variation 
by directionally disturbing the gradient of the 
embedding layer and convolution layer and 
significantly improved the adaptability and 
transferability of the model to cross-species 
introns. Each convolution block consisted of a 
one-dimensional convolutional layer, a batch 
normalization layer, a Gaussian Error Linear Unit 
(GELU) activation function, and a max pooling 
layer. The number of channels was progressively 
set to 16, 32, and 64. Subsequently, the model 
employed a flow-attention mechanism, which 
effectively captured long-range dependencies in 
the sequence by dynamically adjusting feature 
weights, where output was recorded as output1. 
The one-hot encoding pathway employed a 
multi-scale feature extraction strategy, which 
utilized parallel one-dimensional convolutional 
layers with kernel sizes of 1, 3, 5, and 7 to capture 
sequence features at different scales including 
single-nucleotide features, short motifs, 
medium-range regulatory elements, and long-
range functional domains. Each convolutional 
branch applied a Rectified Linear Unit (ReLU) 
activation function and a max pooling layer for 
nonlinear transformation and feature dimension 
reduction, and with Dropout being introduced to 
prevent overfitting. After multi-scale features 
were fused along the feature dimension by a 
Concatenation (CONCAT) function, the model 
was passed through a two-layer bi-directional 
long short-term memory (BiLSTM) network to 
further extract the time series features, and the 
final output was recorded as output2. Features 

from output1 and output2 were concatenated 
and fed into an Efficient Additional Attention 
(EAA) mechanism. This EAA mechanism 
significantly improved computational efficiency 
and reduced memory consumption, while 
maintaining high prediction accuracy because it 
simplified the calculation process and adopted 
additive attention. The output layer employed a 
Sigmoid activation function to map the final 
prediction value to the [0, 1] interval, 
representing the probability of functional intron 
prediction. In this study, the binary cross-entropy 
loss function was used as the loss function for the 
DeepFI model. 
 
EnhancedFGM dynamic adversarial training 
algorithm 
Although FGM usually introduced perturbations 
to all model parameters, it lacked the ability to 
customize perturbations for specific layers. The 
EnhancedFGM was specifically designed for 
targeted adversarial training, which enhanced 
the robustness of the model by incorporating two 
key improvements including the application of 
layer-selective perturbations by adding gradient-
based noise only to the word embedding and 
convolutional layers to avoid interference from 
irrelevant parameters and the introduction of a 
gradient safety mechanism to automatically filter 
outliers and normalize the perturbation 
amplitude. During training, EnhancedFGM first 
backed up the original parameters, then injected 
controllable perturbations to generate 
adversarial samples (Figure 2). After computing 
adversarial loss, it immediately restored the 
parameters to ensure training stability. The 
perturbation was calculated as follows. 
 

𝑟EnhancedFGM = 𝜖 ⋅
∇𝜃ℒ

‖∇𝜃ℒ‖2+𝛿
⋅ 𝕀(𝜃 ∈ {𝜃𝑒𝑚𝑏, 𝜃𝑐𝑜𝑛𝑣})  (1)      

 
where ϵ was the perturbation coefficient, which 
controlled the perturbation intensity. ∇𝜃ℒ  was 
the gradient of loss function for parameter 𝜃. δ 
was a numerical stability term, set to 1e-8. 𝕀 was 
an indicator function which ensured that 
perturbations were applied only to the 
parameters  of  the  word  embedding  layer  and  
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Figure 2. Flow chart of the EnhancedFGM dynamic adversarial training process. 

 
 
convolutional layer. 
 
Benchmark model selection and training 
Because of the lack of specialized models 
published in the field of plant functional intron 
prediction, 18 related models were selected from 
the following three categories as benchmark 
references, which included 10 classic deep 
learning models that were widely used in 
sequence analysis including one-dimensional 
convolutional neural network (1D-CNN), two-
dimensional convolutional neural network (2D-
CNN), recurrent neural network (RNN), 
bidirectional recurrent neural network (BiRNN), 
long short-term memory network (LSTM), 
BiLSTM, gated recurrent unit (GRU), bidirectional 
gated recurrent unit (BiGRU), Transformer, and 
BERT; 5 models specifically designed for DNA 
sequence prediction including DeepSea [20] 
(http://deepsea.princeton.edu/), DanQ [21] 
(https://github.com/uci-cbcl/DanQ), TBiNet [22] 
(https://github.com/dmis-lab/tbinet), DeepATT 
[23] (https://github.com/cntx-gnnewton/ 
deepatt), and DeepFormer [24] 

(https://github.com/YZ20211221/DeepFormer); 
and 3 large-scale models for DNA prediction 
including DNABERT [25] 
(https://github.com/Jerryji1993/DNABERT), 
DNABERT2 [26] (https://github.com/JackxTong/ 
DNABERT2), and PDLLM [27] 
(https://github.com/zhangtaolab/Plant_DNA_LL
Ms). This multi-level, wide-coverage model 
selection strategy was used to ensure that 
performance evaluation of proposed DeepFI 
model was both comprehensive and objective. 
All benchmark models were trained and tested 
against the cross-species mixed dataset, strictly 
adhering to an 8:1:1 ratio for the training, 
validation, and test sets with the same data 
preprocessing process applied across all models. 
Each sequence was represented using one-hot 
encoding with bases A, C, G, and T being encoded 
as [1, 0, 0, 0], [0, 1, 0, 0], [0, 0, 1, 0], and [0, 0, 0, 
1], respectively, while non-standard bases were 
encoded as [0, 0, 0, 0]. During model training, the 
batch size was set to 128 and the maximum 
number of training epochs was set to 50. To 
optimize the training process and prevent 

http://deepsea.princeton.edu/
https://github.com/uci-cbcl/DanQ
https://github.com/dmis-lab/tbinet
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https://github.com/YZ20211221/DeepFormer
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https://github.com/JackxTong/%20DNABERT2
https://github.com/JackxTong/%20DNABERT2
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overfitting, a combination of Early Stopping and 
ReduceLROnPlateau strategies was employed. 
The initial learning rate was set to 5e-4 and was 
reduced by a factor of 0.5 if the validation 
accuracy did not improve for three consecutive 
epochs. If no improvement was observed for five 
consecutive epochs, the training process was 
halted early. 
 
Model training and performance evaluation 
The DeepFI model was trained using the 
optimized configuration that the batch size was 
set to 128 and the number of training epochs was 
set to 50. Parameters were updated using the 
Adam optimizer with the ReduceLROnPlateau 
strategy being applied to dynamically adjust the 
learning rate. The initial learning rate was set to 
5e-4 with a minimum learning rate threshold of 
1e-6 and a weight decay coefficient of 1e-5. All 
Dropout layers were set to 0.3 to enhance 
regularization and prevent overfitting. For the 
single-species performance evaluation, a five-
fold cross-validation strategy was adopted. For 
each species, introns from a complete 
chromosome were randomly selected as an 
independent test set (random seed = 42) to 
ensure complete independence between test 
and training data at the chromosome level. 
Intron data from the remaining chromosomes 
were trained and verified by five-fold cross-
validation with data split into training and 
validation sets at an 8:2 ratio in each fold. During 
the cross-validation process, the model was 
independently trained on the training data of 
each fold, and model performance was 
monitored on the corresponding validation set to 
save the best-performing weights. Afterwards, 
the saved model weights were evaluated against 
the independent test set, and performance 
metrics were recorded. By aggregating 
evaluation results from all five folds on the test 
set, the mean and standard deviation for each 
metric were computed, which provided a 
comprehensive view of the model’s overall 
performance and stability. This process 
effectively verified the cross-chromosome 
generalization capability of the model and 
avoided deviation caused by a single data 

division. For evaluation of the model against the 
cross-species mixed dataset, the data were 
randomly split into training, validation, and test 
sets at an 8:1:1 ratio. This mixed dataset was 
used to train and assess the performance of the 
model in multi-species integration scenarios. 
 
Evaluation metrics 
Model evaluation was conducted using six 
metrics including accuracy (Equation 2), precision 
(Equation 3), recall (Equation 4), F1 score 
(Equation 5), Matthews Correlation Coefficient 
(MCC) (Equation 6), and Area Under the Receiver 
Operating Characteristic (AUROC) (Equation 7) as 
follows. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                  (2) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                               (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                     (4) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                        (5) 

 

𝑀𝐶𝐶 =
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
          (6) 

 

𝐴𝑈𝑅𝑂𝐶 = ∫ TPR(FPR) 𝑑(FPR) 
1

0
                      (7) 

 
where TP was true positive, representing the 
number of samples with positive real data and 
positive prediction results. TN was true negative, 
representing the number of samples with 
negative real data and negative prediction 
results. FP was false positive, representing the 
number of samples with negative real data and 
positive prediction results. FN was false negative, 
representing the number of samples with 
positive real data and negative prediction results. 
FPR was false positive rate, representing the 
proportion of actual negative samples that were 
incorrectly predicted as positive. TPR was true 
positive rate, indicating the proportion of actual 
positive samples that were correctly predicted as 
positive. Among these evaluation metrics, 
accuracy, precision, recall, F1 score, AUROC 
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ranged from [0, 1], while MCC ranged from [-1, 
1]. 
 
Ablation study design 
To evaluate the effectiveness of each core 
component of the DeepFI model, five model 
variants were designed for ablation experiments 
including systematic removal of individual 
modules for comparison. For the first model 
variant, the dual path encoding module was 
removed (w/o Dual-path), and only one-hot 
encoding was used as input, replacing the original 
dual path encoding strategy. In the second 
variant, the multi-scale feature extraction 
structure was removed (w/o Multi-scale), and a 
single convolutional layer was used instead of the 
original multi-kernel convolution layers. For the 
third model variant, the flow-attention 
mechanism was removed (w/o Flow-Attention) 
to assess the role of the attention mechanism in 
feature optimization. For the fourth model 
variant, the EAA mechanism was omitted (w/o 
EAA) to analyze the contribution of EAA to 
feature fusion. In the fifth model variant, the 
EnhancedFGM dynamic adversarial training 
algorithm was removed (w/o EnhancedFGM) 
during training to examine the impact of this 
algorithm on the performance of the model. All 
model variants were trained and tested using the 
same dataset, training configuration, and 
evaluation metrics, allowing for quantitative 
analysis of the contribution of each module to 
the overall performance of DeepFI. 
 
Cross-species prediction experimental design 
The cross-species generalization ability of the 
DeepFI model was evaluated using a cross-
species zero-shot prediction experiment 
designed. The DeepFI model was trained on a 
mixed dataset, and two distantly related species 
(sorghum and grape) were selected as 
independent test sets for performance 
evaluation based on multiple scientific 
considerations. From an evolutionary 
development standpoint, grapes are 
dicotyledonous plants, while sorghum are 
monocotyledonous plants, and both belong to 
different evolutionary branches. The grape plants 

are known for their high genomic and structural 
heterozygosity, while sorghum has a more 
compact genome that is typical of Gramineae 
crops. Thus, the combination of these two 
species effectively captured a broad spectrum of 
intron structural diversity across plants. 
Furthermore, although both crops hold 
significant agricultural and economic 
importance, studies on the functionality of their 
introns remain limited. The experiment was 
conducted using standardized data 
preprocessing and a feature encoding method to 
ensure consistency in the input feature space. To 
evaluate the zero-shot learning ability of the 
model, independent forward propagation 
calculation of grape and sorghum test sets were 
carried out during the model verification stage by 
freezing the model parameters after training 
convergence. Performance evaluation also 
involved use of six metrics to comprehensively 
investigate the transfer learning effect of the 
model among distant species. 
 
Input sequence length experiment design 
To investigate the impact of input sequence 
length on model performance, a gradient 
comparison experiment was designed based on 
the upper quartile distribution of intron 
sequence lengths from six plant species. The 
upper quartile distribution for these species were 
Arabidopsis at 291 bp, cotton at 836 bp, maize at 
723 bp, rapeseed at 454 bp, rice at 575 bp, and 
soybean at 723 bp. Based on this distribution, 
intron fragments of lengths 300 bp, 450 bp, 600 
bp, 750 bp, 850 bp, and 1,000 bp were selected 
as inputs to the model. In the experiment, the 
DeepFI model architecture and training 
parameters remained unchanged to ensure that 
performance differences were solely attributable 
to variations in sequence length. 
 
 

Results 
 

Composition and length distribution of the 
intron dataset 
In the present study, a large-scale intron dataset 
was  extracted  from  eight  plant species with the 
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Figure 3. Composition and length distribution of intron dataset. A. Distribution of intron number of each species. B. Number of positive and 
negative samples of each species dataset after balance treatment. C. Distribution of intron sequence length of six species. 

 
 
distribution of intron quantities shown in Figure 
3A. Based on the experimentally selected 
functional introns (positive samples) and non-
functional introns (negative samples), a positive-
negative sample dataset was constructed. 
Analysis revealed that the original dataset 
exhibited a significant class imbalance between 
positive and negative samples, which could 
hinder model training and evaluation. To address 
this issue, a random under-sampling technique 
was applied to balance samples. The resulting 
balanced distribution of positive and negative 
samples was shown in Figure 3B. To determine 
the appropriate model input length, statistical 
analysis of the intron sequence length 
distribution for the six species used in training 
and validation was conducted. All intron 
sequences were less than 35,000 bp in length 
with over 86% of the sequences being shorter 

than 1,000 bp (Figure 3C). The result suggested 
that setting the input length to 1,000 bp was 
sufficient to cover the core functional regions of 
most introns. Therefore, a uniform length of 
1,000 bp was chosen as the standard input length 
for subsequent model training and evaluation. 
 
Performance comparison of benchmark models 
The evaluation results of classical deep learning 
models showed that BiLSTM demonstrated the 
best overall performance with respect to 
functional intron prediction. It ranked first in 
several key metrics including accuracy, F1 score, 
and MCC. Although RNN achieved slightly higher 
precision and BERT showed better recall than 
BiLSTM, both models performed significantly 
worse in other metrics (Table 1). The superior 
performance of BiLSTM was mainly attributed to 
its  bidirectional  architecture,  which  effectively 
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Table 1. Performance evaluation of ten classical deep learning models for predicting functional introns. 
 

Model Accuracy Precision Recall F1-score MCC AUROC 

1D-CNN 0.9232 0.9392 0.9052 0.9219 0.8474 0.9722 
2D-CNN 0.9215 0.9405 0.9008 0.9202 0.8448 0.9718 

RNN 0.8810 0.9661 0.7892 0.8687 0.7750 0.8336 
BiRNN 0.6761 0.7080 0.5968 0.6477 0.3564 0.7171 
LSTM 0.9290 0.9469 0.9087 0.9274 0.8587 0.9708 
BiLSTM 0.9303 0.9423 0.9163 0.9291 0.8609 0.9758 

GRU 0.9264 0.9543 0.8953 0.9239 0.8544 0.9732 
BiGRU 0.9293 0.9328 0.9249 0.9288 0.8586 0.9748 

Transformer 0.9248 0.9455 0.9012 0.9228 0.8505 0.9711 
BERT 0.9201 0.9207 0.9218 0.9212 0.8401 0.9595 

 
 
Table 2. Performance evaluation of five DNA sequence prediction SOTA models for predicting functional introns. 
 

Model Accuracy Precision Recall F1-score MCC AUROC 

DeepSea 0.9278 0.9357 0.9209 0.9282 0.8522 0.9714 
DanQ 0.9314 0.9395 0.9306 0.9350 0.8659 0.9738 
TBiNet 0.9307 0.9366 0.9234 0.9300 0.8556 0.9732 

DeepATT 0.9299 0.9372 0.9278 0.9325 0.8592 0.9742 
DeepFormer 0.9292 0.9343 0.9232 0.9287 0.8573 0.9737 

 
 
Table 3. Performance evaluation of three large-scale models in the field of genomics for predicting functional introns. 
 

Model Accuracy Precision Recall F1-score MCC AUROC 

DNABERT 0.9267 0.9365 0.9143 0.9253 0.8536 0.9721 
DNABERT2 0.9297 0.9371 0.9236 0.9303 0.8596 0.9733 
PDLLM 0.9305 0.9368 0.9300 0.9334 0.8671 0.9782 

 
 
captured long-range dependencies in DNA 
sequences and thereby enhanced prediction 
accuracy. Therefore, BiLSTM was selected as the 
benchmark model among the tested classical 
deep learning approaches. The evaluation results 
of five specialized DNA sequence prediction 
models showed that DanQ exhibited the 
strongest functional intron prediction 
performance, ranking first in five critical metrics 
with an AUROC slightly lower than that of 
DeepATT (Table 2). The outstanding performance 
of DanQ was mainly due to its hybrid architecture 
that integrated CNN with BiLSTM, enabling the 
model to capture both local features and long-
range dependencies in DNA sequences. Based on 
its comprehensive performance, DanQ was 
chosen as the benchmark model within this 

category for subsequent comparison with the 
proposed DeepFI model. Three large-scale 
models for DNA sequence prediction were 
assessed (Table 3). The comparison results 
showed that PDLLM outperformed all other 
tested models across multiple metrics. 
Specifically, PDLLM achieved higher accuracy, F1 
score, and AUROC than that of DNABERT and 
DNABERT2, and was particularly strong in recall. 
This improvement might be attributed to the fact 
that it had been specifically optimized for plant 
genomic data, which allowed it to better capture 
sequence patterns related to plant-specific 
functions. Consequently, PDLLM was selected as 
the benchmark model among large-scale 
approaches. 
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Figure 4. Evaluation results of each species on the test set after five-fold cross-validation. 

 
 
DeepFI performance 
The DeepFI model achieved outstanding 
performance in functional intron prediction 
across the six tested plant species with 
consistently low standard deviations across all 
evaluation metrics, indicating excellent stability 
under five-fold cross-validation. Overall, the 
average accuracy exceeded 92% and AUROC 
values were above 0.98 for all species. Among 
them, the best overall performance was achieved 
for rapeseed with an accuracy of 0.9866 and an 
AUROC of 0.9968, while comparatively lower 
performance was obtained for Arabidopsis with 
an accuracy of 0.9288 and an AUROC of 0.9826. 
Excellent results were also obtained for the other 
species tested. With respect to the other 
evaluation metrics, the average precision, recall, 
and F1 score for all species were above 0.95, 
while the average MCC reached 0.92, 
demonstrating the ability of the model to 
effectively balance between recognition of 
positive and negative samples. Notably, for the 
rapeseed dataset, DeepFI achieved the highest 
values across all metrics with precision of 0.9718, 
recall of 0.9676, F1 score of 0.9696, and MCC of 

0.9611, demonstrating its exceptional 
classification performance and robustness for 
this species (Figure 4). For the cross-species 
mixed dataset, the DeepFI model achieved 
excellent results including an accuracy of 0.9458, 
a precision of 0.9549, a recall of 0.9363, a F1 
score of 0.9455, a MCC of 0.8918, and AUROC of 
0.9836 on the test set. The model was highly 
effective at discriminating between positive and 
negative samples (Figure 5A). The precision-
recall (PR) curve further confirmed that the 
model maintained high precision while achieving 
high recall with an average precision (AP) of 
0.9859 (Figure 5B). The proposed DeepFI 
displayed excellent performance and robustness 
for the prediction of functional introns in plants. 
The model consistently maintained a stable, high-
level performance during both species-specific 
five-fold cross-validation and independent 
testing against a cross-species mixed dataset. 
 
Model comparison 
DeepFI was comprehensively compared with 
three benchmark models, BiLSTM, PDLLM, and 
DanQ,   against   both   single-   and   mixed-species 



Journal of Biotech Research [ISSN: 1944-3285] 2025; 23:181-196 

 

192 

 

 
 
Figure 5. ROC curve (A) and PR curve (B) of DeepFI model on cross-species mixed dataset. 

 
 

 
 
Figure 6. Model comparison. A. Comparison of the results of each evaluation index of the model on a single species dataset. B. Comparison of the 
results of each evaluation index of the model on the mixed dataset. 
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Table 4. Ablation study results. 
 

Model Accuracy Precision Recall F1-score MCC AUROC 

DeepFI 0.9458 0.9549 0.9363 0.9455 0.8918 0.9836 

𝑤/o Dual-path encoding 0.9333 0.9403 0.9253 0.9327 0.8772 0.9722 

𝑤/o Multi-scale feature extraction 0.9387 0.9474 0.9264 0.9368 0.8857 0.9761 

𝑤/o Flow-Attention mechanism 0.9390 0.9496 0.9319 0.9407 0.8862 0.9753 

𝑤/o EAA mechanism 0.9387 0.9486 0.9278 0.9381 0.8838 0.9737 

𝑤/o EnhancedFGM 0.9268 0.9324 0.9193 0.9258 0.8691 0.9674 

 
 
datasets. DeepFI consistently demonstrated 
superior overall performance across all tested 
species. In terms of accuracy, DeepFI 
outperformed the best-performing benchmark 
model by 4.63% against the cotton dataset, and 
by 2.64% against the maize dataset. The DeepFI 
model also showed clear advantages with respect 
to precision during analysis of the cotton and rice 
datasets. With respect to F1 score, DeepFI 
achieved higher values across all six species with 
particularly notable improvements of 4.14% and 
1.54% against cotton and maize datasets, 
respectively, compared to the strongest 
benchmark models. Moreover, in terms of the 
MCC metric, which measured classification 
balance, DeepFI surpassed the best benchmark 
model by 7.85% for the cotton dataset (Figure 
6A). Model evaluation against the mixed dataset 
further confirmed that DeepFI consistently 
outperformed all benchmark models across all 
evaluation metrics. Specifically, DeepFI displayed 
improvements in both accuracy by 1.44% and 
precision by 1.26% over the best-performing 
benchmark model and also achieved higher recall 
and F1 score than that of BiLSTM, PDLLM, and 
DanQ. In addition, DeepFI achieved the highest 
MCC and AUROC values, where MCC improved by 
2.47%, further demonstrating the excellent 
classification performance and robustness of this 
model (Figure 6B). 
 
Ablation study results 
The performance of DeepFI under different 
ablation settings demonstrated that, overall, the 
complete model achieved the best performance 
across all evaluation metrics, confirming the 
important role of each core module for 
enhancing model performance. Specifically, 

when the dual path encoding module was 
removed, all evaluation metrics decreased by 
more than 1%. Removal of the multi-scale 
feature extraction module led to the most 
notable drop in recall, demonstrating its key role 
in improving the model’s ability to identify 
positive samples. In addition, removal of either 
the flow-attention mechanism or the EAA 
mechanism resulted in decreased overall 
performance, yielding reduced AUROC values of 
0.9753 and 0.9737, respectively. Notably, 
omission of the EnhancedFGM dynamic 
adversarial training algorithm had the greatest 
impact on model performance with accuracy and 
MCC decreasing by 2.25% and 2.27%, 
respectively, strongly suggesting that this 
component was essential to overall model 
performance (Table 4). Based on ablation 
studies, each module was shown to substantially 
contribute to the overall performance of DeepFI. 
The integrated design of these components 
enabled the model to achieve state-of-the-art 
performance in plant intron prediction tasks. 
 
Cross-species prediction results 
To evaluate the cross-species generalization 
ability of DeepFI, zero-shot prediction 
experiments were conducted against two 
distantly related species, grape and sorghum. For 
the grape dataset, the model achieved an 
accuracy of 0.8760, precision of 0.8397, recall of 
0.9385, F1 score of 0.8864, MCC of 0.7564, and 
AUROC of 0.9206, indicating that DeepFI could 
effectively predict functional introns in grape 
plants. For the sorghum dataset, model 
performance was slightly lower with an accuracy 
of 0.8263, precision of 0.8864, recall of 0.7528, 
F1 score of 0.8142, MCC of 0.6607, and AUROC of 
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Figure 7. Model accuracy of different species with varying input sequence lengths. 

 
 
0.8855. Notably, the MCC values for both species 
exceeded 0.65, suggesting that DeepFI 
maintained reliable discriminative power even 
across distantly related species. These results 
further validated the model’s generalization 
ability and practical application potential for 
cross-species prediction of functional introns in 
plants. 
 
Effect of input sequence length 
Within a range of 300 bp to 1,000 bp, input 
sequence length had a relatively small impact on 
the performance of DeepFI, indicating that the 
model was well-adapted to intron sequences of 
varying lengths (Figure 7). Across all species, the 
highest prediction accuracy was achieved when 
the input sequence length was set to 1,000 bp, 
suggesting that longer sequences might help the 
model capture richer contextual information and 
thereby improve predictive performance. 
Overall, these results demonstrated the 
robustness and broad applicability of DeepFI for 
handling sequences of different lengths, 
providing strong support for its reliability in tasks 

requiring the prediction of functional introns 
across multi-species. 
 
 

Discussion 
 
This study proposed a hybrid deep neural 
network model, DeepFI, which was designed for 
the accurate prediction of functional introns in 
plants. The model integrated dual path encoding, 
multi-scale feature extraction, and attention 
mechanisms, while incorporating an 
EnhancedFGM dynamic adversarial training 
strategy. This design enabled comprehensive 
improvements in feature representation, 
predictive accuracy, and robustness. For data 
construction, a total of 2,624 RNA-seq samples 
from eight plant species were collected from the 
NCBI SRA database and used to extract and 
identify 2,204,645 intron sequences. A cross-
species mixed dataset containing 76,945 pairs of 
positive and negative samples was then 
established. For model evaluation, intron 
sequences from one complete chromosome of 
each species were reserved as an independent 
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test set, while introns from the remaining 
chromosomes were used for training and 
validation via a five-fold cross-validation 
strategy, which ensured that the training and test 
data were completely independent at the 
chromosome level. The results showed that 
DeepFI achieved excellent performance in 
functional intron prediction across six plant 
species with high scores across all evaluation 
metrics and small standard deviations. For the 
cross-species mixed dataset, the model achieved 
a test accuracy of 94.58% and an AUROC of 
98.36%, underscoring its robustness and general 
applicability. Comparison with three categories 
of benchmark models further underscored the 
advantages of DeepFI. In contrast with the 
benchmark models, DeepFI leveraged the 
organic integration of multiple functional 
modules, making it particularly well-suited for 
functional intron prediction. Specifically, the dual 
path encoding module operated in parallel, 
enabling the model to learn both the functional 
semantics and structural characteristics of 
introns simultaneously. This design enhanced the 
capacity of the model to represent the multi-
dimensional features of functional introns. The 
multi-scale feature extraction module captured 
sequence patterns at different levels, thereby 
improving the ability of the model to recognize 
diverse functional elements. To further enhance 
feature learning, multiple attention mechanisms 
were incorporated to address the challenges of 
local focus and global context fusion in sequence 
modeling. The EnhancedFGM dynamic 
adversarial training algorithm applied gradient 
perturbations to both the embedding and 
convolutional layers, which improved the anti-
interference ability of the model. For single-
species datasets, DeepFI consistently obtained 
the highest accuracies with improvements of 
4.63% and 2.64% over the best-performing 
benchmark models against cotton and maize, 
respectively. With respect to the mixed dataset, 
DeepFI also outperformed all benchmark models, 
achieving the best results across all evaluation 
metrics. Cross-species prediction experiments 
further validated the generalization capacity of 
the DeepFI model. By using grape and sorghum, 

which were not included in training, as 
independent test sets, DeepFI achieved 
prediction accuracies of 87.60% and 82.63%, and 
AUROC values of 92.06% and 88.55%, 
respectively. Although performance was lower 
than that observed for species used during 
training, MCC values for both datasets exceeded 
0.65, indicating that DeepFI maintained reliable 
discriminative power in zero-shot prediction 
scenarios. These results suggested that DeepFI 
possessed cross-species prediction potential, 
though its generalization ability remained 
constrained by the diversity of training data and 
interspecies differences [28]. Future research 
could incorporate more diverse and 
representative training samples to improve the 
generalizability of the model. In addition, 
leveraging transfer learning or domain 
adaptation techniques might further enhance the 
predictive accuracy of DeepFI in cross-species 
scenarios [29, 30]. Overall, DeepFI demonstrated 
outstanding accuracy, stability, and robustness in 
plant functional intron prediction. The model not 
only effectively handled intron sequences of 
varying lengths but also showed potential for 
cross-species prediction. In future research, the 
training dataset should be expanded to cover 
more representative plant species, particularly 
those of high agricultural value that currently lack 
sufficient data to improve the model’s 
universality and prediction accuracy. In addition, 
a user-friendly online analysis platform needs to 
be developed to integrate DeepFI’s prediction 
capabilities, offering tools for visualization and 
interactive analysis of results to support plant 
genomics research. 
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