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Background
In eukaryotic organisms, during messenger RNA (mRNA) processing, introns are 
excised, and exons are joined to form mature mRNA, which serves as a template for 
protein synthesis  [10]. This process is known as splicing, and is carried out by the 
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Abstract
Background  Splice site prediction in plant genomes poses substantial challenges that 
can be addressed using deep learning models. U2-type introns are especially useful for 
such studies given their ubiquity in plant genomes and the availability of rich datasets. 
We formulated two hypotheses: one proposing that short introns may enhance 
prediction effectiveness due to reduced spatial complexity, and another suggesting 
that sequences with multiple introns provide a richer context for splicing events.

Results  Our findings demonstrate that (1) models trained on datasets containing 
shorter introns achieve improved effectiveness for acceptor splice sites, but not for 
donor splice sites, indicating a more nuanced relationship between intron length and 
splice site prediction than initially hypothesized, and (2) models trained on datasets 
with multiple introns per sequence show higher effectiveness compared to those 
trained on datasets with a single intron per sequence. Notably, among the 402 bp 
sequences analyzed, 72% contained single introns while 28% contained multiple 
introns for donor sites (36,399 versus 13,987 sequences), with similar proportions 
observed for acceptor sites (37,236 versus 14,112 sequences). These computational 
insights align with biological observations, particularly regarding the conserved spatial 
relationship between branch points and acceptor splice sites, as well as the synergistic 
effects of multiple introns on splicing efficiency.

Conclusions  The obtained results contribute to a deeper understanding of how 
intronic features influence splice site prediction and suggest that future prediction 
models should consider factors such as intron length, multiplicity, and the spatial 
arrangement of splice-related signals.
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spliceosome, a dynamic complex composed of small nuclear ribonucleoproteins and 
protein molecules.

The spliceosome recognizes specific sequences at the boundaries between introns and 
exons, known as splice sites, and removes the introns while ligating the exons together. 
Splice sites include both donor and acceptor sites. A donor splice site, located at the 5’ 
end of an intron, is characterized by the dinucleotide GT, signaling the beginning of the 
intron to be removed during RNA splicing. An acceptor splice site, found at the 3’ end 
of an intron, is marked by the dinucleotide AG, indicating the end of the intron to be 
excised. These sites play crucial roles in the accurate removal of introns and the subse-
quent joining of exons, facilitating the production of mature messenger RNA [13].

Accurate prediction of splice sites is a crucial element in gene expression analysis [35]. 
Introns can affect gene expression in plants and many other eukaryotes in a variety of 
ways  [42]. U12-type and U2-type introns are two distinct classes of introns found in 
eukaryotic genomes [46]. They differ in terms of their spliceosomal machinery and splic-
ing mechanisms [7].

U12-type introns are a less common class of introns, constituting a small fraction of 
introns in most eukaryotic genomes. They are spliced out by the minor spliceosome, 
a smaller and less well-understood spliceosome complex compared to the major spli-
ceosome, which splices out U2-type introns. U12-type introns have distinct consensus 
sequences at the donor splice site (AT-AC, but many U12-type introns can also be GT-
AG) and the branch point sequence.

U2-type introns, defined in this study by GT-AG boundaries at their splice sites [36], 
are the most prevalent type of introns in eukaryotic genomes, comprising over 99% of all 
introns in most eukaryotic species [46]. They are spliced out through the major spliceo-
some, a larger and more common spliceosome complex. The major spliceosome recog-
nizes a highly conserved intron-exon junction sequence at the donor splice site, as well 
as a branch point sequence near the acceptor splice site [16].

Our focus on U2-type introns in the context of splice site prediction in Arabidopsis 
thaliana is motivated by several factors. First, the ubiquity of U2-type introns in plant 
genomes, including Arabidopsis thaliana, makes them an important topic for under-
standing the global splicing landscape and its regulatory mechanisms. Second, the vast 
amount of data available for U2-type introns facilitates the application of deep learning 
techniques, which require large datasets for effective model training. Third, the choice of 
Arabidopsis thaliana over other species is particularly strategic due to its well-annotated 
genome and its status as a model organism for dicots in plant genetics and molecular 
biology research [11].

Deep learning has emerged as an important tool in computational biology, revolu-
tionizing various aspects of bioinformatics  [5], including the prediction of splice sites. 
The complex nature of gene splicing, coupled with the vast amount of genomic data 
available, necessitates advanced computational techniques for the accurate prediction 
of splice sites. Deep learning models, for instance making use of convolutional neural 
networks (CNNs) [1–3, 53, 57], have shown remarkable proficiency in extracting com-
plex features from DNA and RNA sequences, enabling them to discern subtle patterns 
crucial for splice site identification. However, U2-type introns, the predominant class of 
introns in eukaryotic genomes, pose unique challenges to splice site prediction [45] due 
to factors such as sequence variability [54], the presence of multiple potential splice sites, 
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and the complex regulatory elements associated with them [39]. Experimental evidence, 
such as the results presented in [28] on the ERECTA gene in Arabidopsis thaliana, fur-
ther underscores the beneficial impact of multiple introns on gene expression. This study 
demonstrates that, while no single intron may be crucial for expression, the cumula-
tive presence of multiple introns can substantially enhance mRNA accumulation and 
gene expression in an additive way. Incorporating these distinctive characteristics into 
deep learning models increases their precision and generalizability when dealing with 
U2-type intron-related splice site recognition. By systematically analyzing how intron 
features affect splice site predictability across thousands of sequences, computational 
approaches can complement experimental studies in identifying which sequence charac-
teristics are associated with robust splicing signals [34, 40], ultimately facilitating more 
accurate splice site prediction for genome annotation and gene expression analysis.

Materials and methods
Dataset

The dataset used in this study was obtained from DRANetSplicer  [33], a recent study 
on splice site prediction. This dataset, derived from the Arabidopsis thaliana genome, 
provides high-quality annotations of both donor and acceptor splice site sequences. 
Each sequence in the dataset is 402 bp long, consisting of 200 bp upstream and 200 bp 
downstream regions flanking the canonical splice site, defined by the dinucleotide GT 
for donor sites and AG for acceptor sites. In other words, the splice site is located pre-
cisely at the center of the sequence, specifically at positions 201 and 202. As described 
in DRANetSplicer, the datasets were constructed directly from the annotated genome 
and GFF files downloaded from NCBI RefSeq, ensuring comprehensive coverage of both 
canonical and non-canonical splice sites. Only forward-strand sequences were extracted, 
and redundant entries were removed.

The dataset is divided into two subsets: one exclusive for donor splice sites and the 
other for acceptor splice sites. Each subset contains a positive set of sequences with cor-
rect and biologically validated splice sites and a negative set of sequences that include 
the canonical dinucleotide motifs (GT for donor and AG for acceptor) but do not corre-
spond to valid splice sites. For the negative sequences, the dinucleotides GT/AG appear at 
the same central positions (201–202) as in the positive sequences, preventing the model 
from relying solely on these motifs for discrimination. Table 1 describes the characteris-
tics of the dataset, including the number of sequences in each subset.

To accurately identify U2-type introns, sequences were cross-referenced with the 
Intron Annotation and Orthology Database (IAOD)  [36], which offers multi-species 
intron annotation. The combination of the DRANetSplicer dataset and the IAOD data-
set provided a solid framework for a comprehensive analysis of U2-type introns, ensur-
ing accurate identification of splice sites. Our analysis showed that the DRANetSplicer 
dataset contained 50,386 sequences with U2-type introns for the donor splice site data-
set, while the acceptor dataset had 51,348 such sequences. After filtering the dataset for 

Table 1  Characteristics of the DRANetSplicer dataset
Donor splice sites Acceptor splice sites

Sequence length 402 402
Number of positive samples 65,161 65,505
Number of negative samples 65,161 65,505
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sequences containing U2-type introns, we explored two key hypotheses related to the 
effectiveness of splice site prediction models: (1) the impact of U2-type intron length 
and (2) the impact of the number of U2-type introns per sequence. Fig. 1 provides an 
overview of these hypotheses and the overall data description.

Hypotheses

Hypothesis 1: Short introns lead to higher effectiveness in splice site prediction

Our first hypothesis revolves around the potential improvement in the effectiveness 
of splice site prediction models when trained on a dataset containing short introns, as 
opposed to long ones. This hypothesis is grounded in the complex molecular dynamics 
and biochemical factors inherent to RNA splicing.

The length of introns varies widely among different organisms and different genes. 
Generally, introns in animal genes are longer than those in plant genes. For example, 
human genes tend to have short exons separated by long introns with a mean and median 
length of 3356 and 1023 bp, respectively, whereas introns in Arabidopsis thaliana have 
a mean and median length of 168 and 100 bp, respectively  [9, 50]. Long introns tend 
to contain multiple splice sites, where splice sites compete for alternative splicing [19], 
and can introduce spatial complexities (for example, branch points located 50–60 nucle-
otides from the splice site; polypyrimidine tracts covering a broader sequence region) 
that obstruct the precise alignment of intron-exon junctions during the splicing process. 
These spatial complexities, in turn, increase the likelihood of activating cryptic splice 
sites  [15], which are sequences that can trigger unexpected splicing events, including 
alternative splicing. Additionally, in cases with long flanking introns, the exon definition 
mechanism, which is the way the spliceosome identifies or recognizes exons to ensure 
that they are properly included in mature mRNA, becomes more dominant. This domi-
nance presents a challenge to the spliceosome in accurately recognizing exon boundar-
ies  [44], as it relies on the precise identification of small exonic sequences, potentially 
resulting in exon-skipping events. Given this molecular background, we anticipate that 
splice site prediction models will demonstrate superior effectiveness when applied to 
a dataset containing short U2-type introns. Short U2-type introns inherently possess 
fewer complexities, making them a promising focus for improving the effectiveness of 
splice site prediction.

Fig. 1  Overview of the two hypotheses explored in this study, along with a description of the dataset
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Within the DRANetSplicer dataset, we examined the U2-type intron length distribu-
tion. The donor set exhibited an average length of 99.6 bp, with a median length of 91 bp 
and ranged from 30 to 202 bp. Similarly, the acceptor set had an average U2-type intron 
length of 99.5 bp, with the same median length of 91 bp. The acceptor set had a similar 
range, with the length of U2-type introns varying from a minimum of 30 bp to a maxi-
mum of 202 bp. These observations demonstrate the significance of considering U2-type 
intron length when analyzing splice site prediction.

According to previous research, a mature intron, which consists of functional struc-
ture units that increase in number with intron length and are linked to form a cohesive 
structure that interacts with mRNA, is generally not shorter than 80 bp [55]. This same 
study classifies introns into short introns (ranging from 0 to 120 bp) and long introns 
(exceeding 120 bp), with an almost equal intron distribution over the two categories. 
Another study, specifically focusing on Arabidopsis thaliana, defines short introns as 
those shorter than 116 bp [27, 32] and notes that the proportion of short introns falls 
within the range of 45% to 65%. In our study, we define U2-type introns shorter than 90 
bp as short U2-type introns. This choice is supported by the consistent median U2-type 
intron length of 91 bp in both our donor and acceptor datasets.

Based on the aforementioned classification criterion, the dataset included, on the one 
hand, 18,859 DNA sequences with short U2-type introns (37.4% of the positive samples) 
and 25,052 DNA sequences with long U2-type introns (49.7% of the positive samples) 
among the sequences containing donor splice sites. The remaining 6,475 DNA sequences 
(12.9%) contained a mix of short and long U2-type introns and were not used to test this 
hypothesis. On the other hand, there were 19,322 DNA sequences with short U2-type 
introns (37.6% of the positive samples) and 25,543 DNA sequences with long U2-type 
introns (49.7% of the positive samples) among the sequences containing acceptor splice 
sites. The remaining 6,483 DNA sequences (12.7%) contained a mix of short and long 
U2-type introns and were not used for testing this hypothesis.

To ensure a balanced and robust comparison, we organized the dataset into six distinct 
subsets: a donor set with short U2-type introns, a donor set with long U2-type introns, a 
donor set with an equal mixture of short and long U2-type introns, an acceptor set with 
short U2-type introns, an acceptor set with long U2-type introns, and an acceptor set 
with an equal mixture of short and long U2-type introns. We refer to the set contain-
ing an equal mixture of short and long U2-type introns as the length-mixed set. Given 
that the short intron category contained fewer samples compared to the long intron cat-
egory, we randomly subsampled both categories to the same size for a fair comparison. 
This resulted in six working sets of 18,859 samples for the donor splice sites and 19,322 
samples for the acceptor splice sites. By maintaining an identical number of sequences in 
each subset, potential biases were minimized, ensuring that any observed differences in 
prediction effectiveness could be attributed to the intrinsic properties of the sequences 
rather than the sample sizes.

We used the total number of negative samples (65,161 for donor and 65,505 for accep-
tor), resulting in a positive-to-negative ratio of approximately 1:3 for both donor and 
acceptor sites. This approach ensured a comprehensive representation of negative sam-
ples while maintaining sufficient positive samples for robust training. Finally, we ran-
domly partitioned the data in each subset into 80% for training and 20% for testing.
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Hypothesis 2: Multiple introns per sequence in a dataset lead to increased splice site prediction 

effectiveness

Our second hypothesis asserts that a dataset containing sequences with more than one 
U2-type intron will yield superior effectiveness in splice site prediction compared to 
a dataset containing sequences with only one U2-type intron. This hypothesis is built 
upon insights from splicing kinetics and the complex regulatory mechanisms controlling 
gene expression.

Specifically, kinetic analysis has indicated that the removal of the first intron in a 
sequence often improves the effectiveness with which subsequent splicing events occur. 
This improvement may arise from accelerated recruitment of the exon junction complex 
(EJC) to ligated exons or the establishment of a stable splicing framework that promotes 
the subsequent removal of introns [14].

Additionally, experimental results presented in [25] have shown that configurations of 
multiple introns within a transcript can effectively influence the splicing machinery. For 
example, full-length long-read sequencing techniques have revealed that in most cases, 
upstream introns tend to be spliced before downstream ones. This sequential splic-
ing mechanism suggests that multi-intron genes may experience stronger evolutionary 
selection pressure for robust, consistently positioned splice site signals, since failure at 
any splicing step could result in non-functional transcripts [37]. If this selective pressure 
results in more canonical or stereotypical splice site sequences in multi-intron genes, 
these sequences would contain more consistent, learnable patterns for machine learn-
ing models. Consequently, this hypothesis anticipates that splice site prediction models 
will demonstrate improved effectiveness when trained on datasets containing multiple 
U2-type introns per sequence, as these sequences may harbor more robust and compu-
tationally recognizable splice site features [4].

We divided the sequences in the DRANetSplicer dataset into two categories: one with 
sequences containing only one U2-type intron and one with sequences containing more 
than one U2-type intron. Specifically, in the case of donor splice sites, the dataset con-
sisted of 36,399 DNA sequences with a single U2-type intron per sequence and 13,987 
DNA sequences with multiple U2-type introns per sequence. Similarly, for acceptor 
splice sites, the dataset included 37,236 DNA sequences with a single U2-type intron 
per sequence and 14,112 DNA sequences with multiple U2-type introns per sequence. 
We then organized the aforementioned two categories into six different subsets: a 
donor set with only one U2-type intron per sequence, a donor set with more than one 
U2-type intron per sequence, a donor set with an equal mixture of sequences with only 
one U2-type intron and sequences with more than one U2-type intron, an acceptor set 
with only one U2-type intron per sequence, an acceptor set with more than one U2-type 
intron per sequence, and an acceptor set with an equal mixture of sequences with only 
one U2-type intron and sequences with more than one U2-type intron. We refer to the 
set with an equal mixture of sequences with only one U2-type intron and sequences with 
more than one U2-type intron as count-mixed set.

As for the first hypothesis, since the multiple intron category contained fewer samples 
compared to the single intron category, we equalized the number of samples between 
the two for a fair comparison. We randomly subsampled each of these six subsets to 
obtain six corresponding working sets of 13,987 samples for the donor splice sites and 
14,112 samples for the acceptor splice sites. By maintaining an identical number of 
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sequences in each subset, potential biases were minimized, ensuring that any observed 
differences in prediction effectiveness could be attributed to the intrinsic properties of 
the sequences rather than the size of the data set. We used the total number of negative 
samples (65,161 for donor and 65,505 for acceptor), resulting in a positive-to-negative 
ratio of approximately 1:4 for both donor and acceptor sites. Following this, we ran-
domly partitioned each subset into 80% for training and 20% for testing. The partition-
ing was performed on disjoint sequence sets prior to cross-validation to ensure that no 
sequence appears in both training and test sets.

Model description

We built a novel CNN model named IntSplicer (Intron Splicer). To evaluate the 
effectiveness of our model, we benchmarked it against three existing models: Splic-
eRover  [57], SpliceFinder  [53], and DeepSplicer  [1]. Each model has its unique archi-
tecture and approach to splice site prediction, thus making it possible to perform a 
comprehensive comparison. Table  2 describes the key characteristics of the different 
model architectures.

1.	 IntSplicer: Our model consists of multiple convolutional layers that play a crucial 
role in capturing essential sequence features, which are specific motifs that are crucial 
for identifying splice sites. The first layer consists of 64 filters with a kernel size of 10 
and a stride of 4, followed by subsequent layers with increasing filter sizes (128, 256, 
and 512) and varying kernel sizes (3 and 2). Rectified Linear Unit (ReLU) activation 
functions are applied to introduce non-linearity. Between convolutional layers, max-
pooling layers with a pool size of 2 are incorporated to down-sample the feature maps 
and reduce dimensionality. To prevent overfitting, dropout layers are placed after each 
max-pooling layer. Following the convolutional layers, a flatten layer transforms the 
feature maps into a one-dimensional vector. Next, a dense layer with 512 neurons 
and ReLU activation provides high-level abstractions of the extracted features. 
The final layer, consisting of two neurons with softmax activation, performs the 

Table 2  Characteristics of the different model architectures
Layer SpliceRover SpliceFinder DeepSplicer IntSplicer
1 Conv 70 x (9, 4) Conv 50 x (9, 4) Conv 50 x (9, 4) Conv 64 x (10, 4)
2 Dropout (p = 0.2) Flatten Conv 50 x (9, 1) MaxPool (2, 1)
3 Conv 100 x (7, 1) Dense 100 (ReLU) Conv 50 x (9, 1) Dropout (p = 0.3)
4 Dropout (p = 0.2) Dropout (p = 0.3) Flatten Conv 128 x (3, 1)
5 Conv 100 x (7, 1) Dense 2 (Softmax) Dense 100 (ReLU) MaxPool (2, 1)
6 MaxPool (4, 1) – Dropout (p = 0.3) Dropout (p = 0.2)
7 Dropout (p = 0.2) – Dense 2 (Softmax) Conv 256 x (3, 1)
8 Conv 200 x (7, 1) – – MaxPool (2, 1)
9 MaxPool (4, 1) – – Dropout (p = 0.3)
10 Dropout (p = 0.2) – – Conv 512 x (2, 1)
11 Conv 250 x (7, 1) – – MaxPool (2, 1)
12 MaxPool (4, 1) – – Dropout (p = 0.2)
13 Dropout (p = 0.2) – – Flatten
14 Flatten – – Dense 512 (ReLU)
15 Dense 512 (ReLU) – – Dropout (p = 0.2)
16 Dropout (p = 0.2) – – Dense 2 (Softmax)
17 Dense 2 (Softmax) – – -
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binary classification for splice site prediction. IntSplicer, with its 1,962,946 trainable 
parameters, stands as a model of moderate complexity compared to its counterparts.

2.	 SpliceRover: SpliceRover focuses on human and Arabidopsis thaliana data. This 
CNN model uses convolutional layers with ReLU activations, dropout layers, and 
a final 512-unit dense layer leading to a softmax binary classification layer. The 
architecture and approach of this model represent an important baseline in terms of 
splice site classification effectiveness. SpliceRover has the highest number of trainable 
parameters (12,645,778) among the compared models. This indicates a considerably 
more complex model architecture, potentially allowing for more nuanced learning 
and pattern recognition capabilities. However, such complexity could also lead to 
challenges such as overfitting, especially if the training data are limited in terms 
of quantity and diversity. Compared to SpliceRover, IntSplicer is substantially less 
complex, with roughly 85% fewer trainable parameters. This could imply a more 
streamlined or focused learning approach, resulting in faster training times and 
reduced computational resource requirements [57].

3.	 SpliceFinder: SpliceFinder consists of a single convolutional layer, followed by one 
fully-connected layer and a softmax layer for classification. Its structure, emphasizing 
the capture of local sequence patterns and complex pattern processing, served as a 
key comparative model for evaluating the efficiency and effectiveness of our CNN 
model in splice site detection. The parameter count of SpliceFinder (2,012,152) is 
slightly higher than the parameter count of IntSplicer but still operates on a similar 
scale. The closeness in the number of parameters suggests that both models may 
have similar complexities and potentially similar capabilities in terms of learning and 
generalization [53].

4.	 DeepSplicer: DeepSplicer, another CNN-based architecture, includes three 
convolutional layers, alongside flatten, fully-connected, dropout, and softmax 
layers. DeepSplicer has a comparable number of trainable parameters (2,057,252) to 
SpliceFinder and slightly more than IntSplicer. This similarity in model size suggests 
that DeepSplicer and IntSplicer might have similar computational demands and 
generalization capabilities [1].

Experimental setup

We converted the DNA sequences into a numerical representation using one-hot encod-
ing, where each nucleotide is represented as follows:

A =




1
0
0
0


 , C =




0
1
0
0


 , G =




0
0
1
0


 , T =




0
0
0
1


 , N =




0
0
0
0




For training the models, we adopted a standardized approach to hyperparameter selec-
tion to ensure comparability and consistency across all models. This approach involved 
utilizing the Adam optimizer  [29] with a learning rate of 0.001, the categorical cross-
entropy loss function, and a batch size of 64, which empirically demonstrated optimal 
effectiveness in tests compared to batch sizes of 32, 128, and 256.

The Adam optimizer was selected for its effectiveness in handling sparse gradients 
and its adaptive learning rate properties, making it particularly well-suited in our study. 
The choice of a 0.001 learning rate was based on its widespread adoption as a value that 
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balances fast convergence with the stability of the training process across a variety of 
tasks and datasets.

The uniform application of the different hyperparameters across all models helped to 
facilitate a fair and direct comparison of their effectiveness, removing potential biases 
that could arise from different training conditions.

We applied a stratified 5-fold cross-validation approach to each of the 12 datasets (6 
for each hypothesis) to ensure that models were trained and validated on data from the 
same intron category [48]. For each dataset, the 80% training portion was divided into 5 
folds, with the model trained on 4 folds and validated on the remaining fold, repeating 
this process 5 times per dataset. Consequently, for each hypothesis (comprising 6 datas-
ets), we conducted a total of 6 × 5 = 30 training sessions, ensuring that every model was 
both trained and validated within its specific intron category.

To further enhance the effectiveness of the training process and prevent overfitting, we 
used early stopping. This technique monitors the validation loss, stopping the training if 
no improvement was observed after a certain number of epochs, thereby ensuring that 
the models were not over-trained. We set the maximum number of epochs to 30 and 
used early stopping with patience 5, which means that training stops if no improvement 
is observed on the validation loss after 5 epochs.

Evaluation of effectiveness

In the context of splice site prediction, True Positives (TP) are splice sites correctly 
identified as either donor or acceptor sites. True Negatives (TN) are non-splice sites 
correctly identified as not being either donor or acceptor sites. False Positives (FP) are 
non-splice sites incorrectly identified as either donor or acceptor sites, and False Nega-
tives (FN) are splice sites incorrectly identified as not being either donor or acceptor 
sites. With this understanding, we used four evaluation metrics to assess the prediction 
effectiveness of the models: 

1.	 Sensitivity: Sensitivity, also known as recall, measures the proportion of actual 
positives correctly identified by the model. It is calculated as: 

Sensitivity = TP

TP + FN
.� (1)

2.	 Specificity: Specificity measures the proportion of actual negatives correctly identified 
by the model. It is calculated as: 

Specificity = TN

TN + FP
.� (2)

3.	 F1-score: The F1-score is a statistical measure used to evaluate the accuracy of a test. 
It considers both the precision (the proportion of true positive results in all positive 
predictions) and the recall (the proportion of true positive results over all actual 
positives). Specifically, the F1-score is the harmonic mean of precision and recall, 
calculated using the following formula: 

F1 = 2 × precision × recall
precision + recall

.� (3)
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4.	 Matthews Correlation Coefficient (MCC): The MCC is a correlation coefficient 
used to measure the quality of binary classifications. MCC is considered a balanced 
measure that can be used even if there is a large class imbalance. MCC is calculated 
using the following formula: 

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

.� (4)

5.	 Area Under the Receiver Operating Characteristic Curve (AUROC): AUROC 
evaluates the model’s ability to discriminate between positive and negative classes 
across all possible classification thresholds. A higher AUROC indicates that the model 
performs better in distinguishing true positives from false positives.

6.	 Area Under the Precision–Recall Curve (AUPRC): AUPRC summarizes the trade-off 
between precision and recall across thresholds, which is particularly informative in 
cases of class imbalance. A higher AUPRC value indicates that the model maintains 
high precision and recall even when the dataset is skewed toward one class.

The evaluation was performed on the test set of each of the 12 subsets, ensuring that 
our assessment reflected the ability of the models to generalize on unseen data. Since 
during training we applied 5-fold cross-validation for each of the subsets based on the 
two hypotheses, we calculated the sensitivity, specificity, F1-score, MCC, AUROC, and 
AUPRC on the test set. Then, we used their average and standard deviation to evaluate 
the effectiveness. All evaluations were performed using a fixed decision threshold of 0.5 
across all models and cross-validation folds.

Sensitivity analysis of intron length effects

To validate the robustness of our length-based classification and examine the continu-
ous relationship between intron length and prediction accuracy, we conducted a com-
prehensive sensitivity analysis across the full spectrum of intron lengths. We combined 
all positive sequences from short, long, and mixed length categories for both donor and 
acceptor splice sites, removed duplicates to create a unified positive dataset, and paired 
these with the complete negative dataset. This approach eliminated artificial categorical 
boundaries and enabled analysis across the natural distribution of intron lengths. For 
each positive sequence in the test set, we determined the corresponding intron length 
using k-mer-guided exact matching against our comprehensive U2-type intron database. 
We built k-mer indices to accelerate lookup and performed exact substring matching 
to assign lengths with high confidence. We used k-mer indices with k = 12, providing 
sufficient specificity for accurate intron sequence matching while maintaining sensitiv-
ity across the full range of intron lengths. We divided the detected intron lengths into 
deciles, creating ten bins each containing approximately 10% of the length-mapped posi-
tive samples. For each decile, we evaluated model performance using a consistent 1:3 
positive:negative ratio, randomly sampling negative examples from the test set to main-
tain balanced evaluation conditions across length categories. We computed F1-scores 
and Matthews Correlation Coefficients for each decile with 95% bootstrap confidence 
intervals (200 iterations) to enable robust statistical comparison between length bins. 
We applied LOWESS smoothing (fraction = 0.3) to generate continuous performance 
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trends across the intron length spectrum, providing both discrete bin-based and smooth 
curve representations of the length-performance relationship.

Visualization

For visualization purposes, we used the saliency maps described in [47] to calculate the 
contribution scores of each nucleotide in a DNA sequence with a true positive splice site. 
This method involves calculating the gradients of the output of the model with respect 
to its input, known as saliency scores. After calculating the saliency scores, we normal-
ized them for better visualization, as implemented in  [57]. This normalization process 
can be mathematically represented as follows:

Normalized Saliency Score = xi,j

1
100n

∑n
i=1

∑l
j=1 |xi,j |

,� (5)

where xi,j  represents the saliency score of the nucleotide at the j-th position of the i-th 
sequence, n is the total number of sequences, l is the sequence length, and the denomi-
nator computes the average of the absolute score sums across all sequences, scaled by 
100.

For example, for the sequence ACTG with scores (0.1, −0.2, 0.3, −0.05) and the 
sequence CGTG with scores (0.5, 0.6, 0.15, −0.01), the absolute sums are 0.65 and 1.26, 
respectively. The average of these sums is then calculated, resulting in 0.955. This aver-
age is scaled down by a factor of 100, yielding a normalization constant Savg = 0.00955. 
Using this constant, each score is normalized by dividing it by Savg. The resulting nor-
malized scores for the sequence ACTG are approximately (10.47, −20.94, 31.41, −5.24) 
and for CGTG are (52.36, 62.83, 15.71, −1.05). This approach ensures that the scores 
are adjusted relative to the average score magnitude across all sequences, enabling a 
consistent scale for comparison. The normalized scores are then associated with each 
nucleotide in the DNA sequence, creating a saliency map [30]. We used these normal-
ized saliency scores to generate high-quality sequence logos using the Python package 
Logomaker [49].

All sequence positions in this study are reported using 0-based indexing, consistent 
with the internal representation used during model training and interpretation. Under 
this convention, the canonical splice site dinucleotides (GT for donors and AG for accep-
tors) occur at positions 200–201 in the sequence visualizations. To provide statistical 
validation of the biological interpretations derived from these saliency maps, we per-
formed quantitative correlation analysis between model attention scores and predicted 
functional regions. Regional saliency scores were calculated by averaging saliency values 
within defined genomic regions based on established Arabidopsis thaliana splicing char-
acteristics. For acceptor sites, we defined functional regions as follows: potential branch 
point region (positions 160–180, corresponding to 20–40 bp upstream), where mean 
saliency scores were calculated for adenine nucleotides (A)  [51]; polypyrimidine tract 
region (positions 181–200), where mean saliency scores were calculated for pyrimidine 
nucleotides (C and T)  [20]; and splice site region (positions 200–201). For donor sites, 
we analyzed upstream exonic consensus (MAG, positions 197–199), downstream intronic 
consensus (RAGT, positions 202–205), and extended donor consensus (MAG|GTRAGT, 
positions 196–205) based on the established dicot donor consensus sequence  [21]. 
Pearson correlation coefficients were computed between regional scores and splice 
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site attention to test whether models systematically attend to biologically relevant fea-
tures. GC content was calculated for each sequence to control for sequence composi-
tion effects. Statistical significance was evaluated using two-tailed tests (p < 0.05). This 
approach provides quantitative validation of visual saliency interpretations while con-
trolling for potential sequence composition confounders.

Results
Effect of U2-type intron length

Table 3 summarizes the effectiveness of the different models on the test data containing 
short, long, and length-mixed U2-type introns.

For donor splice sites, the models demonstrated higher effectiveness for short U2-type 
introns, with IntSplicer achieving the highest F1-score (0.940 ± 0.002) and MCC value 
(0.923 ± 0.002) in the short intron category. In contrast, the long and length-mixed 
intron categories showed slightly reduced effectiveness across all models, with F1-scores 
typically decreasing by 0.004 to 0.008. However, SpliceRover maintained comparable 
performance in the long intron category, achieving an F1-score of 0.939 ± 0.002 and an 
MCC value of 0.923 ± 0.003, which were the highest overall in that category.

For acceptor splice sites, the impact of intron length was more pronounced. The mod-
els showed notably higher effectiveness for the short intron category, with IntSplicer 
achieving an optimal F1-score of 0.933 ± 0.002 and an MCC value of 0.913 ± 0.002. The 
effectiveness decreased considerably for the long and length-mixed intron categories, 
with MCC values dropping by approximately 0.025 to 0.030 for all models.

Overall, IntSplicer demonstrated the highest effectiveness, particularly for short 
U2-type intron prediction, followed closely by SpliceRover. Both models consistently 
outperformed SpliceFinder and DeepSplicer across all categories for both donor and 
acceptor splice site prediction.

Detailed sensitivity analysis by intron length

Our sensitivity analysis revealed that the relationship between intron length and predic-
tion accuracy follows a bell curve rather than the simple binary classification we initially 
hypothesized (Fig. 2, Fig. 3). Peak performance occurred at 87–90 bp for acceptor sites, 
closely validating our original 90 bp threshold choice.

Analysis of prediction accuracy across ten U2-type intron length deciles reveals funda-
mentally different sensitivities for donor and acceptor splice sites, as detailed in Table 4. 
All metrics are quoted from the best-performing model for that specific bin (SpliceRover 
generally, with IntSplicer providing the higher performance for the shortest acceptor 
bin).

Donor sites consistently demonstrated highly stable performance across all intron 
length deciles, supporting the finding that donor site prediction is less sensitive to intron 
length than acceptor site prediction. The F1-score, for instance, ranges narrowly from 
a minimum of 0.918 (30 − 78 bp) to a maximum of 0.955 (86 − 89 bp) using the Splic-
eRover model. The MCC metrics show a similarly consistent pattern of high accuracy 
(ranging from 0.893 to 0.939).

In contrast, acceptor sites exhibited a pronounced length-dependent performance 
profile, characterized by distinct tiers of prediction accuracy. Prediction accuracy is 
lowest for the shortest and longest introns and peaks sharply in the 82 − 93 bp range. 
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Table 3  Comparison of short, long, and length-mixed intron categories for each model. Bold values 
indicate the highest performance scores achieved for each metric across the compared categories
Model Metric Short Long Length-mixed
Donor sites
IntSplicer Sensitivity 0.920 ± 0.008 0.923 ± 0.007 0.919 ± 0.010

Specificity 0.989 ± 0.002 0.986 ± 0.003 0.985 ± 0.002
F1-score 0.940 ± 0.002 0.936 ± 0.002 0.932 ± 0.003
MCC 0.923 ± 0.002 0.918 ± 0.002 0.913 ± 0.003
AUROC 0.994 ± 0.001 0.992 ± 0.000 0.992 ± 0.001
AUPRC 0.983 ± 0.002 0.981 ± 0.000 0.980 ± 0.001

SpliceRover Sensitivity 0.912 ± 0.007 0.922 ± 0.008 0.904 ± 0.004
Specificity 0.990 ± 0.001 0.988 ± 0.003 0.988 ± 0.001
F1-score 0.938 ± 0.003 0.939 ± 0.002 0.930 ± 0.002
MCC 0.921 ± 0.003 0.923 ± 0.003 0.911 ± 0.002
AUROC 0.993 ± 0.001 0.991 ± 0.001 0.990 ± 0.001
AUPRC 0.983 ± 0.001 0.980 ± 0.001 0.970 ± 0.002

SpliceFinder Sensitivity 0.908 ± 0.009 0.914 ± 0.006 0.904 ± 0.017
Specificity 0.984 ± 0.002 0.981 ± 0.002 0.980 ± 0.005
F1-score 0.924 ± 0.002 0.924 ± 0.002 0.917 ± 0.002
MCC 0.903 ± 0.002 0.902 ± 0.002 0.894 ± 0.003
AUROC 0.994 ± 0.002 0.990 ± 0.001 0.993 ± 0.002
AUPRC 0.982 ± 0.003 0.972 ± 0.002 0.978 ± 0.003

DeepSplicer Sensitivity 0.927 ± 0.008 0.924 ± 0.006 0.921 ± 0.017
Specificity 0.982 ± 0.005 0.982 ± 0.003 0.982 ± 0.006
F1-score 0.933 ± 0.003 0.930 ± 0.004 0.928 ± 0.003
MCC 0.914 ± 0.005 0.910 ± 0.005 0.908 ± 0.003
AUROC 0.996 ± 0.001 0.991 ± 0.001 0.994 ± 0.002
AUPRC 0.987 ± 0.002 0.978 ± 0.002 0.982 ± 0.005

Acceptor sites
IntSplicer Sensitivity 0.923 ± 0.006 0.909 ± 0.016 0.905 ± 0.010

Specificity 0.984 ± 0.003 0.976 ± 0.005 0.975 ± 0.003
F1-score 0.933 ± 0.002 0.913 ± 0.003 0.909 ± 0.001
MCC 0.913 ± 0.002 0.888 ± 0.003 0.883 ± 0.002
AUROC 0.993 ± 0.001 0.987 ± 0.000 0.991 ± 0.001
AUPRC 0.981 ± 0.001 0.964 ± 0.001 0.972 ± 0.002

SpliceRover Sensitivity 0.916 ± 0.009 0.911 ± 0.010 0.893 ± 0.010
Specificity 0.986 ± 0.002 0.977 ± 0.004 0.978 ± 0.003
F1-score 0.932 ± 0.002 0.917 ± 0.002 0.907 ± 0.002
MCC 0.913 ± 0.002 0.892 ± 0.003 0.881 ± 0.002
AUROC 0.994 ± 0.001 0.986 ± 0.001 0.990 ± 0.001
AUPRC 0.985 ± 0.001 0.964 ± 0.002 0.970 ± 0.002

SpliceFinder Sensitivity 0.902 ± 0.006 0.892 ± 0.022 0.892 ± 0.006
Specificity 0.974 ± 0.002 0.968 ± 0.009 0.969 ± 0.004
F1-score 0.906 ± 0.002 0.892 ± 0.002 0.893 ± 0.004
MCC 0.878 ± 0.002 0.860 ± 0.003 0.862 ± 0.005
AUROC 0.992 ± 0.002 0.984 ± 0.001 0.987 ± 0.002
AUPRC 0.976 ± 0.005 0.955 ± 0.001 0.963 ± 0.005

DeepSplicer Sensitivity 0.909 ± 0.009 0.902 ± 0.023 0.902 ± 0.013
Specificity 0.982 ± 0.006 0.976 ± 0.008 0.975 ± 0.006
F1-score 0.922 ± 0.006 0.910 ± 0.005 0.908 ± 0.004
MCC 0.900 ± 0.008 0.884 ± 0.006 0.882 ± 0.005
AUROC 0.993 ± 0.001 0.988 ± 0.001 0.993 ± 0.002
AUPRC 0.981 ± 0.002 0.969 ± 0.002 0.978 ± 0.003
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Specifically, performance is significantly reduced for very short introns (< 77 bp) at F1
-score= 0.889 and MCC = 0.854 (IntSplicer metric). Performance then peaks in the 
optimal range (82 − 86 bp) reaching F1-score= 0.946 and MCC = 0.928 (SpliceRover 
max decile), followed by a gradual decline for longer introns, eventually reaching F1
-score= 0.895 and MCC = 0.862 for the longest introns (> 148 bp). Bootstrap confi-
dence intervals confirm statistically significant differences between these performance 
tiers.

The continuous analysis of the smoothed trends demonstrates that while the choice of 
90 bp as a binary classification cutoff generally captured the transition from optimal to 
declining performance, the underlying relationship is a smooth curve rather than a sharp 
boundary. This finding strengthens the hypothesis that splice site prediction accuracy is 
fundamentally linked to intron length while also revealing the detailed biological com-
plexity involved.

Effect of U2-type intron count

Following the analysis of intron length impact, we examined the effect of U2-type intron 
count per sequence on model effectiveness. Table 5 summarizes our test results.

Fig. 3  Decile performance versus intron length for acceptor sites. Left: F1-score; right: MCC. Curves show IntSplic-
er, SpliceRover, SpliceFinder, and DeepSplicer; markers denote bin centers. Shaded bands indicate 95% bootstrap 
confidence intervals

 

Fig. 2  Decile performance versus intron length for donor sites. Left: F1-score; right: MCC. Curves show IntSplicer, 
SpliceRover, SpliceFinder, and DeepSplicer; markers denote bin centers. Shaded bands indicate 95% bootstrap 
confidence intervals
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For donor splice sites, IntSplicer and SpliceRover showed particularly strong perfor-
mance when tested on sequences containing multiple U2-type introns, achieving the 
highest F1-scores (0.950 ± 0.001 and 0.948 ± 0.002, respectively) and MCC values (0.940 
± 0.002 and 0.937 ± 0.003, respectively). The models consistently showed lower effec-
tiveness on sequences containing single or count-mixed U2-type introns; for instance, 
F1-scores typically decreased by 0.020 to 0.025.

For acceptor splice sites, the impact of the U2-type intron count was more pro-
nounced. The highest predictive performance was observed in sequences containing 
multiple U2-type introns; for example, IntSplicer and SpliceRover achieved F1-scores 
of 0.933 ± 0.004 and 0.932 ± 0.002, respectively, along with MCC values of 0.919 ± 
0.005 and 0.917 ± 0.002. The performance gap was larger for acceptor splice sites, with 
F1-scores dropping by approximately 0.040 to 0.050 when testing on sequences contain-
ing a single U2-type intron each.

Overall, IntSplicer demonstrated the highest effectiveness across all sequence types, 
followed closely by SpliceRover, with both models consistently outperforming Splice-
Finder and DeepSplicer. The results clearly indicate that the models achieved better 
effectiveness for both donor and acceptor splice site prediction for sequences containing 
multiple U2-type introns.

Cross-evaluation between single and multiple U2-type intron contexts

To further assess model robustness and context generalization, we performed cross-
evaluation experiments where models trained on single U2-type intron sequences 
were tested on multiple U2-type intron sequences and vice versa (Table  6). Over-
all, within-category evaluations (Single?Single and Multiple?Multiple) yielded consis-
tently strong performance across all architectures, with AUROC and AUPRC values 

Table 4  Performance metrics (F1-score and MCC) across all intron length decile bins for best 
models
Intron length range (bp) F1-score MCC Score Model
Donor sites (SpliceRover)
30 − 78 0.918 0.893 SpliceRover
78 − 82 0.954 0.938 SpliceRover
82 − 86 0.952 0.936 SpliceRover
86 − 89 0.955 0.939 SpliceRover (Max performance)
89 − 93 0.951 0.935 SpliceRover
93 − 98 0.950 0.933 SpliceRover
98 − 107 0.948 0.931 SpliceRover
107 − 122 0.945 0.927 SpliceRover
122 − 148 0.934 0.912 SpliceRover
148 − 202 0.939 0.919 SpliceRover
Acceptor sites (SpliceRover, IntSplicer* for first bin)
31 − 77 0.889 0.854 IntSplicer* (Reduced tier)
77 − 82 0.937 0.916 SpliceRover
82 − 86 0.946 0.928 SpliceRover (Optimal tier)
86 − 88 0.946 0.928 SpliceRover
88 − 93 0.938 0.917 SpliceRover
93 − 98 0.940 0.920 SpliceRover
98 − 107 0.941 0.921 SpliceRover
107 − 122 0.928 0.904 SpliceRover
122 − 148 0.923 0.898 SpliceRover
148 − 202 0.895 0.862 SpliceRover (Declining tier)
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Table 5  Comparison of single, multiple, and count-mixed intron categories for each model. Bold 
values indicate the highest performance scores achieved for each metric across the compared 
categories
Model Metric Single Multiple Count-mixed
Donor sites
IntSplicer Sensitivity 0.931 ± 0.009 0.941 ± 0.009 0.921 ± 0.010

Specificity 0.985 ± 0.003 0.992 ± 0.002 0.987 ± 0.002
F1-score 0.930 ± 0.003 0.950 ± 0.001 0.923 ± 0.002
MCC 0.915 ± 0.003 0.940 ± 0.002 0.914 ± 0.003
AUROC 0.987 ± 0.000 0.997 ± 0.001 0.995 ± 0.000
AUPRC 0.967 ± 0.001 0.989 ± 0.001 0.982 ± 0.001

SpliceRover Sensitivity 0.912 ± 0.012 0.933 ± 0.009 0.915 ± 0.009
Specificity 0.988 ± 0.002 0.992 ± 0.002 0.989 ± 0.002
F1-score 0.926 ± 0.004 0.948 ± 0.002 0.931 ± 0.002
MCC 0.911 ± 0.004 0.937 ± 0.003 0.917 ± 0.002
AUROC 0.985 ± 0.001 0.997 ± 0.001 0.995 ± 0.000
AUPRC 0.965 ± 0.001 0.989 ± 0.002 0.983 ± 0.001

SpliceFinder Sensitivity 0.897 ± 0.026 0.918 ± 0.009 0.897 ± 0.012
Specificity 0.983 ± 0.007 0.986 ± 0.002 0.982 ± 0.003
F1-score 0.909 ± 0.005 0.926 ± 0.003 0.906 ± 0.004
MCC 0.890 ± 0.006 0.910 ± 0.004 0.886 ± 0.004
AUROC 0.987 ± 0.001 0.997 ± 0.001 0.995 ± 0.001
AUPRC 0.961 ± 0.001 0.986 ± 0.003 0.978 ± 0.003

DeepSplicer Sensitivity 0.925 ± 0.019 0.939 ± 0.013 0.911 ± 0.011
Specificity 0.980 ± 0.004 0.987 ± 0.005 0.984 ± 0.003
F1-score 0.917 ± 0.003 0.940 ± 0.007 0.917 ± 0.005
MCC 0.900 ± 0.003 0.927 ± 0.008 0.899 ± 0.006
AUROC 0.987 ± 0.001 0.998 ± 0.001 0.996 ± 0.001
AUPRC 0.963 ± 0.002 0.991 ± 0.002 0.981 ± 0.002

Acceptor sites
IntSplicer Sensitivity 0.879 ± 0.018 0.934 ± 0.004 0.885 ± 0.014

Specificity 0.980 ± 0.004 0.985 ± 0.003 0.982 ± 0.003
F1-score 0.890 ± 0.003 0.933 ± 0.004 0.900 ± 0.004
MCC 0.868 ± 0.003 0.919 ± 0.005 0.879 ± 0.004
AUROC 0.984 ± 0.001 0.996 ± 0.001 0.992 ± 0.001
AUPRC 0.950 ± 0.001 0.985 ± 0.002 0.970 ± 0.002

SpliceRover Sensitivity 0.859 ± 0.015 0.924 ± 0.007 0.878 ± 0.012
Specificity 0.981 ± 0.004 0.987 ± 0.002 0.980 ± 0.003
F1-score 0.883 ± 0.002 0.932 ± 0.002 0.891 ± 0.004
MCC 0.860 ± 0.002 0.917 ± 0.002 0.868 ± 0.005
AUROC 0.984 ± 0.001 0.996 ± 0.001 0.992 ± 0.001
AUPRC 0.950 ± 0.002 0.986 ± 0.002 0.970 ± 0.003

SpliceFinder Sensitivity 0.868 ± 0.019 0.921 ± 0.011 0.861 ± 0.029
Specificity 0.973 ± 0.005 0.968 ± 0.004 0.977 ± 0.005
F1-score 0.870 ± 0.003 0.891 ± 0.004 0.876 ± 0.007
MCC 0.843 ± 0.003 0.867 ± 0.005 0.850 ± 0.006
AUROC 0.983 ± 0.000 0.994 ± 0.001 0.991 ± 0.002
AUPRC 0.940 ± 0.001 0.970 ± 0.003 0.957 ± 0.005

DeepSplicer Sensitivity 0.885 ± 0.015 0.918 ± 0.019 0.903 ± 0.018
Specificity 0.978 ± 0.004 0.983 ± 0.003 0.976 ± 0.005
F1-score 0.891 ± 0.004 0.918 ± 0.005 0.897 ± 0.006
MCC 0.868 ± 0.004 0.901 ± 0.006 0.875 ± 0.008
AUROC 0.985 ± 0.001 0.997 ± 0.001 0.993 ± 0.003
AUPRC 0.951 ± 0.003 0.986 ± 0.002 0.969 ± 0.008
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Table 6  Comparison of within-category and cross-evaluation results for each model. Columns 
show training→testing settings. Bold values indicate the highest score per metric across the four 
evaluation settings
Model Metric Single→Single Multiple→Multiple Single→Multiple Multiple→Single
Donor sites
IntSplicer Sensitivity 0.931 ± 0.009 0.941 ± 0.009 0.914 ± 0.014 0.781 ± 0.016

Specificity 0.985 ± 0.003 0.992 ± 0.002 0.992 ± 0.002 0.993 ± 0.001
F1-score 0.930 ± 0.003 0.950 ± 0.001 0.951 ± 0.007 0.873 ± 0.011
MCC 0.915 ± 0.003 0.940 ± 0.002 0.908 ± 0.012 0.792 ± 0.015
AUROC 0.987 ± 0.000 0.997 ± 0.001 0.992 ± 0.000 0.982 ± 0.002
AUPRC 0.967 ± 0.001 0.989 ± 0.001 0.993 ± 0.000 0.985 ± 0.002

SpliceRover Sensitivity 0.912 ± 0.012 0.933 ± 0.009 0.905 ± 0.019 0.768 ± 0.029
Specificity 0.988 ± 0.002 0.992 ± 0.002 0.992 ± 0.002 0.995 ± 0.002
F1-score 0.926 ± 0.004 0.948 ± 0.002 0.946 ± 0.010 0.866 ± 0.018
MCC 0.911 ± 0.004 0.937 ± 0.003 0.901 ± 0.017 0.783 ± 0.023
AUROC 0.985 ± 0.001 0.997 ± 0.001 0.992 ± 0.001 0.982 ± 0.002
AUPRC 0.965 ± 0.001 0.989 ± 0.002 0.993 ± 0.001 0.985 ± 0.002

SpliceFinder Sensitivity 0.897 ± 0.026 0.918 ± 0.009 0.877 ± 0.036 0.774 ± 0.025
Specificity 0.983 ± 0.007 0.986 ± 0.002 0.992 ± 0.005 0.995 ± 0.002
F1-score 0.909 ± 0.005 0.926 ± 0.003 0.930 ± 0.019 0.870 ± 0.016
MCC 0.890 ± 0.006 0.910 ± 0.004 0.875 ± 0.029 0.789 ± 0.022
AUROC 0.987 ± 0.001 0.997 ± 0.001 0.990 ± 0.001 0.983 ± 0.001
AUPRC 0.961 ± 0.001 0.986 ± 0.003 0.992± 0.001 0.975 ± 0.001

DeepSplicer Sensitivity 0.925 ± 0.019 0.939 ± 0.013 0.905 ± 0.025 0.789 ± 0.048
Specificity 0.980 ± 0.004 0.987 ± 0.005 0.988 ± 0.004 0.994 ± 0.003
F1-score 0.917 ± 0.003 0.940 ± 0.007 0.944 ± 0.013 0.878 ± 0.029
MCC 0.900 ± 0.003 0.927 ± 0.008 0.897 ± 0.020 0.800 ± 0.038
AUROC 0.987 ± 0.001 0.998 ± 0.001 0.991 ± 0.001 0.983 ± 0.001
AUPRC 0.963 ± 0.002 0.991 ± 0.002 0.992 ± 0.001 0.978 ± 0.002

Acceptor sites
IntSplicer Sensitivity 0.879 ± 0.018 0.934 ± 0.004 0.863 ± 0.016 0.676 ± 0.027

Specificity 0.980 ± 0.004 0.985 ± 0.003 0.987 ± 0.002 0.990 ± 0.002
F1-score 0.890 ± 0.003 0.933 ± 0.004 0.920 ± 0.008 0.802 ± 0.019
MCC 0.868 ± 0.003 0.919 ± 0.005 0.857 ± 0.013 0.702 ± 0.021
AUROC 0.984 ± 0.001 0.996±0.001 0.986 ± 0.001 0.973 ± 0.002
AUPRC 0.950 ± 0.001 0.985 ± 0.002 0.987 ± 0.001 0.975 ± 0.002

SpliceRover Sensitivity 0.859 ± 0.015 0.924 ± 0.007 0.833 ± 0.015 0.611 ± 0.086
Specificity 0.981 ± 0.004 0.987 ± 0.002 0.988 ± 0.001 0.994 ± 0.003
F1-score 0.883 ± 0.002 0.932 ± 0.002 0.903 ± 0.009 0.753 ± 0.066
MCC 0.860 ± 0.002 0.917 ± 0.002 0.831 ± 0.012 0.655 ± 0.064
AUROC 0.984 ± 0.001 0.996 ± 0.001 0.984 ± 0.001 0.971 ± 0.001
AUPRC 0.950 ± 0.002 0.986 ± 0.002 0.985 ± 0.001 0.973 ± 0.001

SpliceFinder Sensitivity 0.868 ± 0.019 0.921 ± 0.011 0.804 ± 0.032 0.775 ± 0.029
Specificity 0.973 ± 0.005 0.968 ± 0.004 0.989 ± 0.003 0.984 ± 0.003
F1-score 0.870 ± 0.003 0.891 ± 0.004 0.885 ± 0.019 0.866 ± 0.017
MCC 0.843 ± 0.003 0.867 ± 0.005 0.806 ± 0.025 0.777 ± 0.022
AUROC 0.983 ± 0.000 0.994 ± 0.001 0.982 ± 0.001 0.972 ± 0.002
AUPRC 0.940 ± 0.001 0.970 ± 0.003 0.983 ± 0.001 0.975 ± 0.002

DeepSplicer Sensitivity 0.885 ± 0.015 0.918 ± 0.019 0.852 ± 0.034 0.699 ± 0.060
Specificity 0.978 ± 0.004 0.983 ± 0.003 0.987 ± 0.006 0.992 ± 0.003
F1-score 0.891 ± 0.004 0.918 ± 0.005 0.913 ± 0.018 0.818 ± 0.041
MCC 0.868 ± 0.004 0.901 ± 0.006 0.847 ± 0.025 0.723 ± 0.046
AUROC 0.985 ± 0.001 0.997 ± 0.001 0.986 ± 0.001 0.975 ± 0.002
AUPRC 0.951 ± 0.003 0.986 ± 0.002 0.987 ± 0.001 0.978 ± 0.002
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typically above 0.98. In cross-evaluation, performance generally decreased, particularly 
in the Multiple?Single setting. For example, IntSplicer retained a high donor F1-score 
of 0.951 ± 0.007 in the Single?Multiple evaluation, but dropped to 0.873 ± 0.011 in the 
Multiple?Single case, while SpliceRover showed a similar decline from 0.946 ± 0.010 
to 0.866 ± 0.018. For acceptor sites, the same pattern was observed, with IntSplicer 
F1-scores decreasing from 0.920 ± 0.008 in the Single?Multiple setting to 0.802 ± 0.019 
in the Multiple?Single evaluation. These results indicate that models trained on single 
U2-type intron sequences generalize reasonably well compared to multiple U2-type 
intron sequences, whereas models trained on U2-type intron sequences show weaker 
generalization to single U2-type intron sequences, likely due to the greater contextual 
variability and auxiliary motif density in multi-intron genes.

Discussion
Models trained on datasets consisting of short U2-type introns demonstrate a higher 

predictive effectiveness for acceptor splice sites compared to those trained on datasets 

with long U2-type introns, whereas no substantial difference is observed for donor splice 

sites

The first hypothesis suggested that models trained on datasets with short U2-type 
introns would outperform those trained on datasets with long U2-type introns in pre-
dicting both donor and acceptor splice sites. Our experimental results confirmed this 
hypothesis for the prediction of acceptor splice sites for all models. However, we did not 
observe a substantial difference for donor splice sites.

The sequence logos (Figs.  4 to 7) provide visual evidence to support these observa-
tions. For donor splice sites, the sequence logos for short U2-type introns (Fig. 4) and 
long U2-type introns (Fig. 5) show similar core patterns, characterized by consistent G 
and T signals at positions 200 and 201, which correspond to the donor splice site in the 
dataset.

The downstream polypyrimidine tract is visibly shorter in the sequence logo for short 
introns, whereas it extends further for long introns, making the difference in intron 
length visually apparent. However, both logos show comparable peak saliency scores 

Fig. 5  Sequence logo for donor sequences containing long U2-type introns (nucleotide colors: A = green, C = 
blue, G = orange, T = red). Splice site dinucleotide GT shown at positions 200–201 using 0-based indexing.

 

Fig. 4  Sequence logo for donor sequences containing short U2-type introns (nucleotide colors: A = green, C = 
blue, G = orange, T = red). Splice site dinucleotide GT shown at positions 200–201 using 0-based indexing.
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near the donor site, indicating that the model relies on essentially the same key signals 
for donor site recognition in both short and long introns. As a result, the difference 
in polypyrimidine tract length does not translate into a clear predictive advantage for 
donor sites in short introns.

For acceptor splice sites, the sequence logos for short U2-type introns (Fig. 6) and long 
U2-type introns (Fig. 7) display the AG dinucleotide at positions 200 and 201, which cor-
respond to the acceptor splice site in the dataset. The saliency scores of the branch point 
signal (A around positions 160–180) and the polypyrimidine tract are higher in Fig.  6 
compared to Fig. 7. Similarly to donor splice sites, the span of the polypyrimidine tract 
extends less than 90 bp in Fig. 6 but stretches beyond 90 bp in Fig. 7, providing a visual 
indication of the importance of intron length. The position of the branch point, reflect-
ing the typical 18–40 bp distance in Arabidopsis thaliana  [6], and its higher saliency 
score in Fig. 6 aligns with the observations in [24], supporting a more uniform splicing 
mechanism. These higher saliency scores observed in key splicing elements help explain 
the improved prediction effectiveness for acceptor splice sites in short U2-type introns.

Furthermore, long introns could also contain more splicing regulatory elements such 
as enhancers or silencers, which modulate the kinetics and efficiency of spliceosome 
assembly at nearby splice sites, thereby influencing splicing outcomes. These intron ele-
ments are important for adjusting where splicing takes place. Furthermore, according 
to [12, 23], shorter introns can lead to more effective processing and recognition of the 
splicing machinery, which in turn could facilitate more consistent regulation of gene 
expression.

Quantitative correlation analysis provided statistical validation of the visual patterns 
observed in the sequence logos. For donor splice sites, the correlations between short 
U2-type introns (Fig. 8) and long U2-type introns confirmed the similar core recognition 
patterns observed in the sequence logos. The extended donor consensus (MAG|GTRAGT) 
showed exceptionally strong correlations with splice site scores for both short (r=0.90) 
and long (r=0.88) introns, while individual upstream MAG and downstream RAGT com-
ponents exhibited much weaker correlations (r=0.24−0.16 and r=0.14−0.08, respec-
tively). This demonstrates that models recognize donor sites through integrated 

Fig. 7  Sequence logo for acceptor sequences containing long U2-type introns (nucleotide colors: A = green, C = 
blue, G = orange, T = red). Splice site dinucleotide AG shown at positions 200–201 using 0-based indexing.

 

Fig. 6  Sequence logo for acceptor sequences containing short U2-type introns (nucleotide colors: A = green, C = 
blue, G = orange, T = red). Splice site dinucleotide AG shown at positions 200–201 using 0-based indexing
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consensus sequence analysis rather than individual motif components, supporting 
the visual observation of comparable peak saliency scores near donor sites regardless 
of intron length. For acceptor splice sites, the quantitative analysis (Fig.  9) validated 
the visual differences observed between short and long U2-type introns. Polypyrimi-
dine tract correlations remained consistently strong for both short (r=0.60) and long 
(r=0.59) introns, while branch point correlations showed moderate values (r=0.21 and 
r=0.27, respectively). The minimal GC content correlations (r=−0.10 to −0.08) con-
firmed that observed patterns reflect genuine biological signal recognition rather than 
sequence composition artifacts. These results statistically support the visual observation 
of higher saliency scores in key splicing elements for short introns.

The major observations and biological considerations are: (1) Shorter introns may con-
centrate essential splicing signals (e.g., branch points and polypyrimidine tracts) within 
a smaller region, which appears to correlate with more consistent acceptor site recogni-
tion in the models. (2) The conserved 18–40 bp distance between the branch point and 
the acceptor site in Arabidopsis thaliana provides a stable and reliable feature for model 
prediction, particularly in shorter introns where this distance is consistently maintained. 
(3) The variable distance between the branch point and donor sites, which tends to 
expand with increasing intron length, could explain why short introns do not lead to 
higher predictive performance for donor site recognition compared with acceptor site 
prediction. (4) The proximity of the branch point and the polypyrimidine tract to the 
acceptor site provides an additional predictive cue; in shorter introns, these signals are 
more localized, which likely contributes to the higher predictive accuracy observed for 
acceptor site prediction.

Fig. 8  Quantitative validation of model attention patterns for donor sites (short vs long). Colors indicate intron cat-
egory: short (red) and long (blue). Each panel shows the relationship between regional normalized saliency scores 
and the splice-site score. The legend reports the Pearson correlation coefficient (r) and the two-sided p-value; 
p<0.05 denotes a statistically significant correlation at the 5% level, and p≥0.05 denotes a non-significant result. 
Top left: upstream MAG consensus vs splice score. Top right: downstream RAGT consensus vs splice score. Bottom 
left: extended donor consensus (MAG GTRAGT) vs splice score. Bottom right: distributions of regional scores
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Having multiple U2-type introns per sequence improves splice site prediction effectiveness

The second hypothesis dealt with the impact of the number of introns present within 
sequences. Our experimental results pointed to higher effectiveness in splice site predic-
tion for datasets containing multiple U2-type introns per sequence. This observation is 
consistent with the underlying biological mechanisms that govern RNA splicing, where 
the presence of multiple introns within a gene sequence has been shown to positively 
impact splicing kinetics and gene expression regulation [14].

For donor splice sites, the sequence logos for single U2-type introns (Fig. 10) and for 
multiple U2-type introns (Fig. 11) show the GT dinucleotide at positions 200 and 201, 
which correspond to the donor splice site in the dataset. A notable difference emerges 
in the polypyrimidine tract distribution, where Fig.  11 shows prominent signals both 
upstream and downstream of the splice site, while Fig. 10 exhibits only one dominant 
polypyrimidine tract with high saliency scores in the downstream region of the splice 
site.

For acceptor splice sites, the sequence logos for single U2-type introns (Fig. 12) and 
for multiple U2-type introns (Fig. 13) show similar differences in polypyrimidine tract 
arrangement around the AG dinucleotide at positions 200 and 201. The dual presence 

Fig. 10  Sequence logo for donor sequences containing single U2-type introns (nucleotide colors: A = green, C = 
blue, G = orange, T = red). Splice site dinucleotide GT shown at positions 200–201 using 0-based indexing.

 

Fig. 9  Quantitative validation of model attention patterns for acceptor sites (short vs long). Colors indicate intron 
category: short (red) and long (blue). Each panel shows the relationship between regional normalized saliency 
scores and the splice-site score. The legend reports the Pearson correlation coefficient (r) and the two-sided p-
value; p<0.05 denotes a statistically significant correlation at the 5% level, and p≥0.05 denotes a non-significant 
result. Top left: branch point adenine region vs splice score. Top right: polypyrimidine tract vs splice score. Bottom 
left: GC content vs splice score. Bottom right: distributions of regional scores
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of polypyrimidine tracts in sequences with multiple U2-type introns suggests a more 
sophisticated splicing regulation, facilitating the cooperative recruitment of splicing fac-
tors, particularly U2AF65, which is a key protein involved in pre-mRNA splicing  [25]. 
From a computational perspective, these dual high-contribution regions provide 
additional discriminative features for splice site prediction, supporting our observed 
improvement in prediction effectiveness for sequences containing multiple U2-type 
introns.

Quantitative correlation analysis of single versus multiple U2-type intron showed that 
for donor sites (Fig. 14), the extended consensus showed strong correlations with splice 
site saliency in both categories (r=0.90, single; r=0.82, multiple; p<0.05). Upstream 
MAG correlations were moderate (r=0.16, single; r=0.39, multiple; p<0.05), whereas 
downstream RAGT correlations were weaker and negative in multiple U2-type intron 
sequences (r=0.14, single; r=−0.41, multiple; p<0.05). For acceptor sites (Fig.  15), 
branch point correlations remained modest (r=0.21, single; r=0.27, multiple; p<0.05), 
while polypyrimidine tract correlations were stronger (r=0.60, single; r=0.54, multiple; 
p<0.05). GC content correlations were weak across both categories (r=−0.10, single; 
r=−0.03, multiple), with the latter not reaching significance (p≥0.05).

Prior research has indicated that early splicing events facilitate splicing of down-
stream introns on the same transcript [25]. Early splicing events possibly recruit neces-
sary protein complexes, such as EJC, resulting in faster splicing of downstream introns. 
This mechanism suggests a synergistic effect, in which each splicing event incrementally 
improves the precision of subsequent splicing events within the same transcript.

Fig. 13  Sequence logo for acceptor sequences containing multiple U2-type introns (nucleotide colors: A = green, 
C = blue, G = orange, T = red). Splice site dinucleotide AG shown at positions 200–201 using 0-based indexing.

 

Fig. 12  Sequence logo for acceptor sequences containing single U2-type introns (nucleotide colors: A = green, 
C = blue, G = orange, T = red). Splice site dinucleotide AG shown at positions 200–201 using 0-based indexing.

 

Fig. 11  Sequence logo for donor sequences containing multiple U2-type introns (nucleotide colors: A = green, 
C = blue, G = orange, T = red). Splice site dinucleotide GT shown at positions 200–201 using 0-based indexing.
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Fig. 15  Quantitative validation of model attention patterns for acceptor sites (single vs multiple). Colors indicate 
intron category: single (red) and multiple (blue). Each panel shows the relationship between regional normal-
ized saliency scores and the splice-site score. The legend reports the Pearson correlation coefficient (r) and the 
two-sided p-value; p<0.05 denotes a statistically significant correlation at the 5% level, and p≥0.05 denotes a 
non-significant result. Top left: branch point adenine region vs splice score. Top right: polypyrimidine tract vs splice 
score. Bottom left: GC content vs splice score. Bottom right: distributions of regional scores

 

Fig. 14  Quantitative validation of model attention patterns for donor sites (single vs multiple). Colors indicate 
intron category: single (red) and multiple (blue). Each panel shows the relationship between regional normal-
ized saliency scores and the splice-site score. The legend reports the Pearson correlation coefficient (r) and the 
two-sided p-value; p<0.05 denotes a statistically significant correlation at the 5% level, and p≥0.05 denotes a 
non-significant result. Top left: upstream MAG consensus vs splice score. Top right: downstream RAGT consensus 
vs splice score. Bottom left: extended donor consensus (MAG GTRAGT) vs splice score. Bottom right: distributions 
of regional scores
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In addition, multiple introns can enhance the efficiency of co-transcriptional splic-
ing (CTS)  [56]. CTS refers to splicing that occurs during the transcription process. In 
Arabidopsis thaliana, individual loci such as FLOWERING LOCUS C (FLC) and DELAY 
OF GERMINATION 1 (DOG1) have shown CTS activities  [17, 41]. The average CTS 
efficiency correlates strongly with the number of introns per gene and appears indepen-
dent of gene length. Notably, RZ-1 proteins, which are RNA binding proteins, have been 
shown to promote CTS of genes with multiple introns at the chromatin level [56].

These studies demonstrate that, while no single intron may be crucial for expression, 
the cumulative presence of multiple introns can substantially enhance mRNA accumula-
tion and gene expression in an additive way. This effect can also extend to the regulation 
of splicing factor abundance, indirectly influencing splice site selection accuracy [8].

The key observations and biological considerations are: (1) The models show higher 
predictive performance for sequences containing multiple U2-type introns compared 
to those containing a single intron. This may reflect that multi-intron sequences har-
bor a richer and more robust collection of splicing regulatory elements (such as multiple 
branch points and extended polypyrimidine tracts), which are critical for accurate splic-
ing. (2) The difference in prediction performance is consistent with biological studies 
indicating that genes with multiple introns in Arabidopsis thaliana tend to display coor-
dinated splicing regulation. For example, the conserved branch point-to-acceptor dis-
tance and the presence of several regulatory motifs are thought to contribute to efficient 
co-transcriptional splicing.

Downstream biological impact
Our findings on U2-type intron characteristics indicate potential avenues for practical 
application in important domains of plant biology.

For genome annotation in Arabidopsis thaliana, our findings provide modest improve-
ments in splice site prediction accuracy. These improvements could be incorporated into 
existing annotation pipelines through context-dependent scoring adjustments, such as 
applying higher confidence weights to acceptor sites in short intron contexts or to splice 
sites in multi-intron gene models [22].

However, several important limitations must be acknowledged. First, the magnitude of 
improvement is modest and may not substantially impact overall annotation quality. Sec-
ond, our analysis was limited to Arabidopsis thaliana, and direct transfer to other plant 
species requires validation, particularly for species with different median intron lengths 
or intron multiplicity distributions  [52]. Third, implementation would require species-
specific parameter optimization rather than direct application of our Arabidopsis-
derived thresholds. The challenge of cross-species applicability is particularly important 
for practical implementation. Our Arabidopsis-based threshold of 90 bp for distinguish-
ing short from long U2-type introns may not apply to other species. For example, rice 
(Oryza sativa) exhibits a median intron length of approximately 400 bp [38], while maize 
shows highly variable intron size distributions  [26]. Similarly, the proportion of genes 
containing multiple introns varies significantly across plant lineages. Therefore, while 
our findings establish proof-of-concept evidence that intron characteristics influence 
splice site prediction accuracy, practical application to genome annotation tools requires 
species-specific validation studies to determine appropriate parameter settings for each 
target organism.
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For genetic engineering and synthetic biology applications, our results provide compu-
tational insights that may inform intron design strategies, though they do not establish 
optimal intron configurations for biological function. Our findings indicate that U2-type 
short introns show improved acceptor site prediction accuracy and that sequences with 
multiple U2-type introns exhibit enhanced splice site predictability. However, compu-
tational predictability does not necessarily correlate with superior expression levels or 
splicing efficiency in engineered constructs [31, 43]. Therefore, while our analysis sug-
gests certain intron features are associated with more robust splice site signals, experi-
mental validation through transgenic studies would be required to determine their 
effectiveness for improving gene expression in synthetic biology applications [18].

Conclusions and directions for future research
This study investigated two key hypotheses regarding splice site prediction in Arabidop-
sis thaliana. First, we examined whether models trained on datasets with short U2-type 
introns would demonstrate higher effectiveness compared to those trained on datasets 
with long U2-type introns. Secondly, we tested whether datasets containing sequences 
with multiple U2-type introns would yield higher prediction effectiveness compared to 
those with single U2-type introns.

Our findings partially supported the first hypothesis, demonstrating that models 
trained on datasets containing short U2-type introns exhibited enhanced predictive 
capabilities for acceptor splice sites across all tested models. However, no substantial 
improvement was observed for donor splice sites, where performance remained consis-
tent across intron length categories. The second hypothesis was fully supported, with the 
presence of multiple U2-type introns within sequences resulting in more effective splice 
site prediction across all models, particularly for acceptor sites.

Our computational analysis contributes to the field by providing systematic valida-
tion and quantification of known biological features affecting splice site recognition. 
While our study advances computational methods for splice site prediction, we empha-
size that these findings represent computational predictability rather than direct bio-
logical mechanism understanding. The improved prediction accuracy for short introns 
and multi-intron sequences provides computational evidence supporting the functional 
importance of these features, but determining their causal roles in splicing efficiency 
requires experimental validation.

For practical applications, our findings provide computational baselines that may 
inform future studies, though several important limitations must be acknowledged. Our 
analysis was limited to Arabidopsis thaliana, and direct transfer to other plant species 
requires validation, particularly for species with different intron length distributions. 
While our computational insights could theoretically inform genome annotation pipe-
line modifications, the modest improvements we observed require careful evaluation of 
implementation complexity versus benefit. Similarly, while our results suggest certain 
intron features are associated with more predictable splice site patterns, experimental 
validation through transgenic studies would be required to determine their effectiveness 
for improving gene expression in synthetic biology applications.

Several methodological limitations should guide future work. Our saliency map analy-
sis provided visual interpretation of sequence feature importance, but quantitative cor-
relation analysis between saliency scores and prediction performance would strengthen 
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the biological relevance of our computational findings. Additionally, the relationship 
between computational prediction accuracy and actual splicing efficiency in biological 
systems remains to be experimentally determined. Future research should focus on vali-
dating these computational predictions across diverse plant species, developing quan-
titative frameworks for interpreting model attention mechanisms, and experimentally 
testing whether computationally robust splice sites translate to improved splicing effi-
ciency in engineered constructs. Such work could bridge the gap between computational 
prediction and biological function, ultimately contributing to more effective tools for 
plant biotechnology and our understanding of transcriptome complexity. Additionally, 
given the limited understanding of alternative splicing regulation in plants, future work 
could explore how deep learning models can be adapted to identify and interpret alter-
native splicing events, ultimately contributing to a deeper understanding of transcrip-
tome complexity.
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