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Abstract

Background: Enhancers are distal cis-regulatory elements that play essential
roles in gene regulation, development, and disease. Although numerous computa-
tional methods have been developed for enhancer identificatioi, commonly used
DNA encoding strategies, such as one-hot and k-mer representations, typically
treat DNA as a linear symbolic sequence. This simplification ignores the intrinsic
geometry of the DNA double helix, where nucleotides are organized along a peri-
odic three-dimensional structure with a helical repeat of approximately 10-11
base pairs. To address this limitation, we propose HelizPR (Heliz-aware Peri-
odic Representation), a biologically motivated DNA sequence representation for
enhancer identification.

Results: HelixPR augments per-nucleotide one-hot encoding with a sinusoidal
periodic encoding using a period of T' = 10 base pairs. It further incorporates
a global nucleotide-composition token to capture sequence-level compositional
information complementary to local nucleotide patterns. Together, these compo-
nents form a coinpact, interpretable, and information-preserving representation
of DNA sequences. Combined with a lightweight one-dimensional convolutional
neural network, HelixPR achieved competitive performance across benchmark
datasets. On Liu’s benchmark, HelixPR achieved an accuracy of 0.8434 and
a Matthews correlation coefficient of 0.6874 for enhancer identification. For
enhancer strength classification, HelixPR achieved an accuracy of 0.8400 and
an AUC of 0.9346, outperforming baseline methods. On Basith’s benchmark,
HelixPR obtained a mean balanced accuracy of 0.9778, substantially outper-
forming existing methods. Further analysis showed that HelixPR supports
closed-form decoding and that HelixPR-highlighted regions are enriched for



known transcription-factor binding motifs, supporting both the interpretability
and biological relevance of the proposed representation.

Conclusions: These results suggest that incorporating the periodic struc-
ture of the DNA double helix can improve enhancer modeling. By combining
nucleotide identity, helical periodicity, and global compositional information,
HelixPR offers a biologically grounded framework for enhancer identification and
related regulatory sequence prediction tasks.

Keywords: Enhancer identification, DNA sequence representation, Positional
encoding, DNA periodicity, Convolutional neural network

1 Introduction

Enhancers are cis-regulatory DNA elements, typically ranging from 50 to 1500 bp in
length, that activate the transcription of target genes through the binding of tran-
scription factors (TFs) [1]. They are found in both eukaryotes and prokaryotes and are
particularly abundant in the human genome [2]. A typical mammalian cell contains
thousands of active enhancers, and more than one million enhancers are estimated
to be active across all human cell types [3]. Enhancers are involved in gene regu-
lation during development, evolution, and disease [4, 5] including cancer and heart
disease [6]. As a result, accurate enhancer identification remains a central problem in
genomics. Unlike proximal regulatory elements such as promoters, enhancers are dis-
tal and orientation-independent. They can be located in introns, exons, or intergenic
regions, may lie up to one million bp away from target genes, and can even regu-
late transcription across chromosomes [7]. The positional flexibility makes enhancer
identification particularly challenging.

Experimental approaches, such as chromatin immunoprecipitation followed by
sequencing (ChIP-seq) and DNase I sequencing (DNase-seq), can identify enhancer
elements by profiling transcription-factor binding, chromatin accessibility, or other reg-
ulatory activities. However, these approaches are often time-consuming and expensive.
To address these limitations, computational methods have been developed to predict
enhancers directly from sequeiice data. For example, iEnhancer-2L [8] employs Pseudo
k-tuple [9] embeddings together with a support vector machine; Enhancer-IF [10],
iEnhancer-EL [11], and iEnhancer-XG [12] integrate multiple feature encoding schemes
(including EIIP [13] and k-mer [14]) with ensemble learners such as XGBoost, SVM,
and randoni forest to capture different aspects of sequence information; iEnhancer-
ELM [15] combines the k-mer method with an attention mechanism for enhancer
identification; CapsEnhancer [16] and Caps-ac4C [17] use chaos game representation
to encode nucleotide sequences as two-dimensional images, and then apply capsule net-
works to learn sequence patterns. These studies enable rapid and effective identification
of candidate enhancer regions prior to experimental validation.

However, most existing methods still rely on sequence representations such as
one-hot encoding, k-mer encoding, and EIIP. These representations generally model



DNA as a one-dimensional ordered string of nucleotides, and therefore do not explic-
itly characterize the spatial continuity or periodic geometry of the DNA backbone.
Better capturing such structural properties may provide additional information for
distinguishing enhancer from non-enhancer sequences. In particular, one-hot and EITP
encodings preserve nucleotide identity or physicochemical values at each position,
but lack explicit structural priors. Frequency-based k-mer features can capture local
compositional patterns, but they discard global nucleotide ordering and are generally
non-invertible. Moreover, the k-mer feature space grows exponentially with &, leading
to the curse of dimensionality.

A particularly important structural property missing from these representations
is the approximately 10-11,bp helical periodicity observed across eukaryotic and
prokaryotic genomes [18]. This periodicity is closely associated with nucleosomal
positioning and DNA supercoiling [19], and may provide informative signals for dis-
tinguishing regulatory from non-regulatory regions. Recent work has introduced a
multi-perspective representation [20] to capture topological properties of DNA in
its native three-dimensional conformation, demonstrating that structural encoding
can improve downstream classification. Motivated by these findings, we propose the
Heliz-aware periodic DNA sequence representation (HelixPR), a novel sequence repre-
sentation that explicitly integrates the three-dimensional helical geometry of the DNA
double helix into the feature space for enhancer identification. Unlike conventional
encoding schemes that mainly treat DNA as a linear symbolic sequence, HelixPR intro-
duces a biologically motivated periodic prior that reflects the characteristic helical
repeat of DNA. The main contributions of this work are summarized as follows.

1. We introduce HelixPR, a sequence representation that explicitly encodes the
intrinsic periodic property of the DNA double helix for enhancer classification.

2. HelixPR integrates one-hot encoding, a helix-aware periodic Fourier positional
encoding, and a prepended global composition token analogous to the [CLS]
token in BERT-based models, thereby combining local nucleotide ordering, heli-
cal phase information, and sequence-level conipositional statistics within a unified
representation.

3. Coupled with a lightweight four-layer one-dimensional CNN, HelixPR achieves
strong performance on two benchimark datasets, outperforming existing enhancer
identification methods, including methods based on large pre-trained language
models.

4. HelixPR is injective and allows exact recovery of the original DNA sequence,
thereby preserving sequence information while incorporating biologically meaning-
ful structural priors.



2 Materials and Methods

2.1 Data Source
2.1.1 Liu’s Dataset

Enhancers belonging to different subgroups, such as strong versus weak enhancers
and poised versus inactive enhancers, exhibit distinct biological activities and regu-
latory effects on their target genes [4, 8]. Based on chromatin-state information from
nine cell lines—H1ES, K562, GM12878, HepG2, HUVEC, HSMM, NHLF, NHEK, and
HMEC—the enhancer dataset proposed in [8] consists of DNA sequences segmented
into 200 bp fragments. To reduce sequence redundancy, DNA sequences with high sim-
ilarity (> 80%) were removed using CD-HIT [21]. The resulting benchmark contains
1,484 enhancers, comprising 742 strong enhancers and 742 weak enhancers, together
with 1,484 non-enhancers. For fair comparison, an independent test set was further
constructed in [11] following the same protocol; it includes 200 enhancers (100 strong
and 100 weak) and 200 non-enhancers. Together, the training set and the independent
test set constitute the Liu benchmark.

Following prior works [11], enhancer classification on Liu’s dataset is evaluated as
two sequential binary tasks: (i) distinguishing enhancers from non-enhancers, and (ii)
classifying identified enhancers as strong or weak. We train the model for the first
task, and then transfer the results to the second task through fine-tuning.

2.1.2 Basith’s Dataset

The dataset proposed by [22] consists of eight subsets derived from eight cell lines:
epithelial (HEK293), normal human epidermal keratinocyte (NHEK), lymphoblast
(K562), B lymphocyte (GM12878), human mammary epithelial cell (HMEC), human
skeletal muscle myoblasts (HSMM), normal human lung fibroblasts (NHLF), and
human umbilical vein endothelial cells (HUVEC). Since each cell type exhibits a dis-
tinct gene expression signature, which 1s largely driven by cell type-specific enhancer
usage [1], this dataset provides a biclogically meaningful benchmark for enhancer
identification.

In the training sets, the nmnbers of enhancer (positive) and non-enhancer (neg-
ative) sequences are balanced, whereas in the test sets, the number of non-enhancer
sequences is twice that of enhancer sequences. Compared with a fully balanced setting,
Basith’s dataset therefore better reflects real-world classification scenarios with class
imbalance. Another major difference between the two benchmarks lies in sequence
length. In Liu’s dataset, all sequences are fixed at 200 bp, whereas in Basith’s dataset,
sequence lengths range from 204 bp to 2000 bp across different cell lines. Detailed sam-
ple counts and further analyses of dataset characteristics, including sequence length,
are provided in the Supplementary Material.

2.2 Baseline Methods

Feature extraction is a critical step in sequence-based machine learning, as it deter-
mines how biological information is encoded for downstream classifiers [23]. In this



section, we briefly review three widely used DNA encoding methods that serve as base-
lines in our experiments: one-hot, k-mer, and EITP encoding. Our proposed method,
HelixPR, is introduced in Section 2.3.

2.2.1 One-hot Encoding

For a DNA sequence S = s182...s1 of length L, where s; € {A,T,C,G}, one-hot
encoding maps each nucleotide to a four-dimensional binary vector.

(1,0,0,0), sp=A4,

(0,1,0,0), s =T,

(0,0,1,0), sk =C,

(0,0,0,1), sk =G.

Concatenating vi,va, ..., vy produces a binary matrix of size (L X 4).
One-hot encoding preserves nucleotide identity and sequence order, but it provides

a sparse representation with limited explicit structural information. In particular, it

represents positional information only through the discrete order of nucleotides in the

sequence, without directly encoding the periodic geometry of the three-dimensional
DNA double helix.

(1)

Vi =

2.2.2 K-mer Encoding

The k-mer method represents DNA sequences by counting the occurrence frequencies
of all possible contiguous subsequences of length k. Given a sequeiice of length L, it
can be tokenized into (L — k + 1) overlapping k-mers. For exainple, for the sequence
S = ATCGAT with k& = 3, the vocabulary size is 4% = 64, and only the subsequences
{ATC, TCG, CGA, GAT} have non-zero frequencies

As k increases, k-mer encoding can capture longer-range local dependencies; how-
ever, it also leads to exponential growth of the feature space, resulting in the curse of
dimensionality. Conversely, when k is small, multiple distinct sequences may map to
identical k-mer embeddings [20]. Formally, k-mer encoding is a many-to-one projec-
tion that maps a sequence of length L to a fixed-dimensional frequency vector, thereby
irreversibly discarding ordering information. As a result, the original sequence gener-
ally cannot be recovered froin its k-mer representation, meaning that the encoding is
not injective. Moreover, like one-hot encoding, k-mer methods treat DNA as a purely
linear string and capture limited information about the three-dimensional structure
of the double helix and its periodic property.

2.2.3 Electron—Ion Interaction Pseudopotentials(EIIP)

EITP encoding represents a DNA sequence as a single numerical signal by assigning
each nucleotide its Electron—Ion Interaction Pseudopotential value. Specifically, EITP
maps each nucleotide to a scalar corresponding to the energy of its free electrons:
A~ 0.1260, T — 0.1335, C' — 0.1340 and G — 0.0806.

Compared with one-hot encoding, EIIP provides a more compact representation
and introduces physicochemical information into the sequence encoding. However, it



still reduces each nucleotide to a single scalar and does not explicitly preserve richer
structural relationships or helical geometric information.

2.3 HelixPR: a Helix-aware Periodic Representation

The preceding methods treat DNA as a linear sequence of characters, thereby neglect-
ing its three-dimensional physical structure. In reality, a single strand of the DNA
double helix traces a regular cylindrical helix in three-dimensional space, which can
be parameterized as

x(t) = rcos(t),

y(t) = rsin(t), (2)
=ct,
where r denotes the helical radius and ¢ is the axial rise per unit increase in t. This
geometry naturally induces periodic patterns along the sequence axis. Studies in both
eukaryotic and prokaryotic genomes have consistently reported a characteristic peri-
odicity of approximately 10-11bp [18], which has been associated with nucleosomal
positioning and DNA supercoiling [19].

To explicitly encode this periodic three-dimensional structure, we propose HelixPR,
a hybrid representation that integrates three complementary components:

1. a global nucleotide composition token (CLS),
2. per-nucleotide one-hot content,
3. helix-aware periodic Fourier positional encoding.

2.3.1 Global Composition Encoding (CLS Tcoken)

Let na,nr,nc and ng denote the counts of nucleotides A, T,C and G in a sequence
S of length L. Their normalized frequencies are defined as

_Da A% - e _ e
fA*La fT*T/ fC 7’ fG 7
The global composition token is then constructed as
c=[fa, fr. fo. fa] €R. (3)

This token suwmumarizes the global nucleotide composition of the entire sequence
and is prepended to the per-nucleotide representations. In this sense, it plays a role
analogous to the [CLS] token in BERT-based models [15]; therefore, we refer to it as
the CLS token throughout this paper. This token is also related to the 1-mer embed-
ding and the count vector used in the natural vector method [20]. By introducing
this CLS token, HelixPR embeds sequence-level nucleotide statistics directly into the
representation. Consequently, the classifying model receives global compositional infor-
mation at the input stage, rather than relying solely on deeper layers to progressively
aggregate such information from local nucleotide features.



2.3.2 Fourier Positional Encoding

As described in Equation 2, a single strand of the DNA double helix can be approx-
imated by a cylindrical helical trajectory in three-dimensional space. Conventional
sequence representations can be viewed as considering only the projection of this tra-
jectory onto the helical axis, namely the linear order along the z-axis, while omitting
the periodic phase information revealed by its projection onto the Oy plane. Under
the projection onto the Oy plane, the helical phase of a nucleotide can be represented
by the trigonometric components (cos®,sin ), which describe its periodic position
around the helical axis. Assuming that one helical turn corresponds to T' base pairs,
the phase of the nucleotide at position k is defined as

where T' denotes the helical period in base pairs.

In this work, we set T" = 10 to approximate the well-established 10~11 bp helical
repeat of the B-form DNA double helix. This formulation allows the positional encod-
ing to reflect the helical phase of nucleotides, rather than merely serving as an abstract
index-based position embedding. Biologically, nucleotides or regulatory motifs sepa-
rated by approximately one helical turn may have similar spatial orientations on the
DNA helix, which may influence transcription factor binding and enhancer regulatory
organization. Unlike generic positional encodings that mainly provide position indices,
our objective is not to construct a general-purpose position representation. Instead,
we aim to inject a biologically motivated periodic prior into the feature space and con-
centrate the encoding on the characteristic structural scale ot the DNA double helix.
The effect of this design choice is empirically validated in Section 3.7.

The corresponding four-dimensional Fourier positional vector is defined as

pr = [sin(0k), cos(fr). cos(4y), sin(fy)] € R (4)

Remark 1 The four-dimensional form of pj is chosen to ensure dimensional consistency
with the one-hot embedding v; € R?, allowing direct channel-wise addition without intro-
ducing a projection layer. Among possible single-period trigonometric constructions, the
replicated sine—cosine pattern [sin 6y, cos 8y, cos 6, sin 6] provides a simple dimensionally
aligned design. Under the nucleotide ordering (A, T, C, G), the first and fourth channels corre-
spond to A and G which are purines, and receive the sin 6, component. The second and third
channels correspond to 7" and C, which are pyrimidines, and receive the cosf;, component.
This layout introduces a fixed 7/2 phase offset between the purine and pyrimidine channels.
We emphasize that this correspondence is a consequence of the channel arrangement rather
than an explicitly imposed biological constraint.



2.3.3 Feature Fusion

The final embedding of the nucleotide at position k is obtained by linearly combining
the one-hot content and the helix-aware Fourier positional encoding;:

e = Vi + O Pk, (5)

where vj, denotes the one-hot vector defined in Equation 1, p denotes the Fourier
positional encoding and « is a scaling coeflicient that controls the relative contribution
of the positional term.

In this work, « is set to a small value (aw = 0.05; see Section 3.7), so the Fourier
positional encoding acts as a mild modulation of the original one-hot representation
rather than replacing nucleotide identity. Since each element of pj is bounded within
[—1, 1], each channel of vy, is perturbed by at most || = 0.05. Therefore, the dominant
binary pattern of the one-hot vector is preserved, while position-dependent helical
phase information is incorporated into the input representation.

2.3.4 Final Sequence Representation

The complete HelixPR representation is given by
E= (C’ ey, ey, ..., eL) c R(E+AD x4

where ¢ is the global composition token defined in Equation 3 and e denotes the
fused embedding of the nucleotide at position k. The paraineter choices T' = 10 and
a = 0.05 are justified in Section 3.7. In particular, T' = 10 is aimed to align with the
known 10 ~ 11 bp helical repeat of the DNA double helix. Fig. 1 illustrates the overall
framework of HelixPR and the downstream classification architecture.

S=TGGAACTGCAGAAC
length: L=14

global composition token

5 2 3 4
[fa. fo fo. fal = 53077 32 74 Input
e Covl Cov2  Cov3  Cové

J/ (k=3) k=9)  (=d) (k=4
—> T~ %D —
T Downstream Task l/

Transfer Learning

Four-layer 1D CNN Network

Classifier:
weak/strong enhancer

01
00
00
10
10
00
01
00
00

. 2nk 2mk. 2mk. . 2mk.
(cos(phase), sin(phase))—> (SIn(=), cos(5=), cos(=-), sin(=-)) toorrm
1o
00

k=1, 2, ..., 14, matches the k™ one-hot

Fig. 1: The framework of HelixPR and the network architecture



2.4 Theoretical Analysis: Invertibility

Proposition 1 Let o € (0,0.5). For any nucleotide sequence S of length L, the HelizPR
encoding E uniquely determines S. Consequently, HelizPR is injective (invertible on its
image).

Proof Fix any position k € {1, ..., L}. The one-hot vector v, has exactly one channel equal
to 1 and the remaining three channels equal to 0. For the positional perturbation, note that
for every channel j € {1,2, 3,4},
|- pr il = alpg;|l < a- max(| sin O], | cos@k|) < a,
since |sinfg] < 1 and |cosf| < 1. Hence, for the active channel j* (where vy, j» = 1):

egj* = 1l+a-pg >1—a>0.5
and for every inactive channel j # j* (where vy, ; = 0):

ek = Dij, lexj| <a<0.5.
Therefore, applying the threshold 7 = 0.5 to e}, uniquely identifies j* = arg max; eg,j, which
recovers vy, and hence si. The composition token c is decoded separately as global frequency

statistics and does not affect recovery of s;. Since this recovery holds for every position k,
the entire sequence S is uniquely recovered from E, establishing injectivity. (]

The proposition shows that HelixPR retains the invertibility property of one-hot
encoding, in contrast to frequency-based k-mer representations that may collapse
different sequences into the same feature representation.

2.5 Prediction Framework for Enhancer Identification
2.5.1 Data Pre-processing

Since sequence lengths vary across different cell lines in Basith’s dataset, all sequences
were zero-padded to a unified length Ly,.x, defined as the maximum sequence length
observed in the corresponding training set. Padding was appended to the end of each
sequence to preserve the original order of the valid positions. In contrast, no padding
was required for Liu’s dataset, since all sequences in that benchmark have the same
fixed length.

Feature-wise standardization was then applied. Specifically, the channel-wise mean
and standard deviation were computed over all valid, non-padded positions in the
training set. The resulting statistics were then used to normalize the training,
validation, and test sets, thereby avoiding data leakage from the test sets.

2.5.2 CNN-based Sequence Modeling

We implemented a one-dimensional convolutional neural network (CNN) in PyTorch to
classify enhancer sequences from their HelixPR representations. The model is designed
to capture local sequential patterns from the input feature and progressively transform
them into a compact global representation for downstream binary classification.

The proposed CNN consists of four convolutional feature extraction blocks, fol-
lowed by a global pooling layer and a fully connected classifier. This design enables



the model to learn hierarchical local sequence patterns and aggregate them into a
fixed-dimensional representation for binary classification. Each block contains three
components: a one-dimensional convolution layer, a rectified linear unit (ReLU) acti-

vation function, and a batch normalization layer. Given an input feature map X1
the output of each block can be formulated as

x® = gN® (ReLU (Conle(l)(X(l_l))>) ,

All convolutional layers use padding that preserves the sequence length, so the out-
put length remains the same after each convolution. This design maintains positional
alignment across layers and facilitates subsequent global feature aggregation.

The four blocks are configured as follows, where d is the input feature dimension
and h = 128. For HelixPR, one-hot and EIIP, d = 4; for k-mer encodings, d = 4*.

1. d — h channels with kernel size 3

2. h — 2h channels with kernel size 9
3. 2h — h channels with kernel size 4
4. h — h/2 channels with kernel size 4

The kernel sizes are chosen to capture patterns at multiple receptive fields. The small
kernel in the first block captures short-range nucleotide dependencies, which is also
compatible with the three-base periodic characteristics reported in eukaryotic genomic
sequences. The larger kernel in Block 2 captures broader local motifs over a scale close
to one helical turn of DNA, and the medium-sized kernels in Blocks 3-4 aggregate
these local features hierarchically.

After the multi-scale convolutional blocks, adaptive global average pooling aggre-
gates position-wise features into a fixed-length vector:

L (,
x %

where L is the sequence length and Xg Y denotes the feature vector at position ¢ after
the fourth convolutional block.

This operation transforms the output of Block 4, whose channel dimension is h/2 =
64, into a unified 64-dimeusional embedding z € R%4, regardless of the input sequence
length.

The pooled representation is passed to a two-layer fully connected classifier:

y = Ws ReLLU (W1Z + b1) + ba,
where Wy € K34%64 b, € R32 W, € R?%32, and by € R?. The output y € R? denotes
the predicted logits for the binary classification task.
The overall architecture of the proposed model is illustrated in Fig. 1, showing the

sequential flow from the HelixPR-encoded input through convolutional blocks to the
final binary output.

7z =

==

2.5.3 Training Strategy and Optimization

The model was optimized using the AdamW optimizer with a learning rate of
1 x 1074, and cross-entropy loss was adopted as the objective function. Considering



the differences in dataset size, sequence length between the two benchmark datasets,
dataset-specific training strategies were adopted.

For Liu’s benchmark dataset, all models were trained for 40 epochs. This relatively
short training schedule is appropriate because Liu’s dataset is small, containing only
1,484 training sequences, and all sequences have the same fixed length. These prop-
erties make the optimization process less challenging, while limiting the number of
epochs helps reduce the risk of overfitting.

For Basith’s benchmark dataset, the original training set of each cell line was
further split into a training set and a validation set at a ratio of 9:1. All models were
trained for 100 epochs, and the final model for each of the eight cell lines was selected
according to its performance on the corresponding validation set. Stratified sampling
was used for the validation split to preserve the positive-to-negative ratio.

To assess the stability of the proposed representation under the same model
architecture, we repeated the CNN experiments with different embeddings using five
random seeds and reported the results as the mean + standard deviation. The same
set of random seeds was used for all embeddings to ensure a fair comparison.

2.6 Performance Assessment

In this study, six metrics were adopted to evaluate the performance of enhancer pre-
diction: sensitivity (Sn), specificity (Sp), accuracy (Acc), balanced accuracy (Bacc),
Matthews correlation coefficient (MCC) and Area Under the Receiver Operating
Characteristic Curve (AUC). These metrics provide a comprehensive evaluation from
different perspectives.

Let TP denotes the true positive; TN, the true negative; FP, tlie false positive;
FN, the false negative. The metrics are calculated as follows.

G, TP
"TTPYFN
TN
= TN FP
Moo . TPA+TN
TP+ TN+FP+FN
pwcc:w

[y . O\ (TP +TN) — (FP « FN)
V(TP+FP)TP+ FN)(TN + FP)(TN + FN)

MCC ranges i value from -1 to 1 and other metrics range from 0 to 1. In real-
istic classification settings, an AUC value greater than 0.5 indicates that the model
performs better than random guessing. For all metrics, higher values indicate better
performances.

3 Results and Discussions

3.1 Performance on Standard Benchmark Dataset (Liu)

To evaluate the effect of different sequence representations, we first trained the same
CNN architecture on Liu’s training set and then tested it on the independent test set



(200 enhancers and 200 non-enhancers) described in Section 2.1.1. All encoding meth-
ods share an identical network configuration and training schedule, so performance
differences can be attributed primarily to the quality of the sequence representation
rather than to differences in model design. The performance is reported as the mean
+ standard deviation across five random seeds in Table 1, with the best result in each
column highlighted in bold.

Table 1: Performance of CNN with different embeddings on Liu’s test dataset.

Embedding ACC SN SP MCC AUC

HelixPR 0.8434 + 0.0038 0.8250 + 0.0050 0.8619 + 0.0105 0.6874 + 0.0080 0.8667 + 0.0003
One-hot 0.8149 4+ 0.0077  0.8148 £0.0127  0.8150 £ 0.0132  0.6299 + 0.0154  0.8602 4 0.0031

4-mer 0.7496 £ 0.0124  0.7155 + 0.0210 0.7833 £0.0293  0.5004 £ 0.0252  0.8285 £ 0.0060
5-mer 0.7504 +£0.0119  0.6970 +0.0182  0.8033 £0.0115  0.5033 £0.0235  0.8291 £ 0.0037
EITP 0.7663 + 0.0176 ~ 0.7525 + 0.0556  0.7800 £ 0.0260  0.5338 £ 0.0345 0.8053 + 0.0140

Among all evaluated representations, HelixPR achieved the best overall perfor-
mance across the reported metrics. Compared with one-hot encoding, the most direct
baseline under the same CNN architecture, HelixPR improved the mean ACC from
0.8149 to 0.8434 and the mean MCC from 0.6299 to 0.6803. Improvements were also
observed in both SN and SP, indicating that HelixPR led to more balanced classi-
fication performance. In addition, the mean AUC increased from 0.8602 to 0.8667,
suggesting a modest but consistent gain in overall discriminative ability.

One-hot encoding clearly outperformed the k-mer and EIIP representations, sug-
gesting that preserving explicit nucleotide identity and positional order is important
for CNN-based enhancer classification. Its multi-channel sequence representation
provides a strong baseline for convolutional feature extraction.

The k-mer representations, including 4-mer and 5-mer encodings, performed worse
than both HelixPR and one-hot encoding. Increasing k from 4 to 5 led to slight
improvements in most metrics except SN, but the overall performance of the two k-mer
settings remained similar. This observation is consistent with the limitation discussed
in Section 2.2.2: frequency-based k-mer encodings summarize sequence composition
but do not explicitly prescrve the positional arrangement of nucleotides.

EITP achieved slightly higher ACC, SN, and MCC than the k-mer representations,
but obtained a lower AUC. This suggests that EIIP can provide useful nucleotide-
level physicocliemical information, whereas its scalar one-channel representation is less
effective than the multi-channel representations of one-hot encoding and HelixPR in
the CNN-based setting.

Statistical significance was assessed using two-sided paired t-tests across the same
random seeds. Compared with one-hot encoding, HelixPR significantly improved ACC
and MCC (p < 0.05), while the AUC improvement was not statistically significant.
HelixPR significantly outperformed both 4-mer and 5-mer in ACC, MCC, and AUC
(p < 0.01), and also significantly improved these metrics over EIIP (p < 0.05).



Table 2: The performance of different models on Liu’s test

dataset
Method Acc Sn Sp MCC AUC
HelixPR4+CNN 0.8434 0.8250 0.8619 0.6874 0.8667

iEnhancer-GAN 0.7840 0.8110 0.7580 0.5670 -
iEnhancer-5Step 0.7900 0.8200 0.7600 0.5800 -
iEnhancer-ECNN  0.7690 0.7850 0.7520 0.5370 0.8320
iEnhancer-ELM 0.8300 0.8000 0.8600 0.6612 0.8560

Table 2 compares HelixPR+CNN with previously reported methods on Liu’s
independent test set. Since some compared methods could not be directly repro-
duced, their performance values were taken from the corresponding publications. For
HelixPR+CNN, we report the mean results over multiple random seeds. Overall,
HelixPR+CNN achieves the best performance across all reported metrics. Com-
pared with the strongest baseline, iEnhancer-ELM, HelixPR+CNN improves ACC
from 0.8300 to 0.8434, SN from 0.8000 to 0.8250, SP from 0.8600 to 0.8619, MCC
from 0.6612 to 0.6874, and AUC from 0.8560 to 0.8667. These results indicate that
HelixPR+CNN provides a favorable balance between positive and negative predictions
and achieves strong overall discriminative performance on this benchmark.

Instead of relying on a highly complex architecture, HelixPR+CNN adopts a
lightweight four-layer CNN, suggesting that an appropriate sequence representation
can provide informative features for enhancer classification. It is also worth noting that
iEnhancer-ELM incorporates a pre-trained enhancer language model and a multi-scale
attention mechanism, whereas HelixPR+CNN does not rely on pre-training. Therefore,
the competitive performance of HelixPR+CNN highlights tlie value of introducing
biologically motivated representation design into a relatively simple classification
framework.

3.2 Performance on Cell Type-specific Dataset (Basith)

Basith’s dataset provides a more challenging and realistic setting: test sets are class-
imbalanced (2:1 ratio of non-enhancers to enhancers), and sequence lengths are not
fixed in each cell lines. We therefore report balanced accuracy (Bacc) as the primary
metric, together with Sn, Sp, MCC and AUC. Table 3 summarizes the performance
of different sequence representations on the eight test subsets of Basith’s independent
test dataset, where all encodings were evaluated under the same CNN architecture
and training schedule. The performance is reported as the mean + standard deviation
across five randomn seeds.

Across all cell-lines, HelixPR, achieved the best result on all reported metrics.
For example, on GM12878, HEK293, HUVEC, K562, and NHEK, HelixPR reached
nearly saturated performance, with BACC values above 0.99 and AUC values close
to 1.0. Statistical significance was assessed using two-sided paired t-tests across the
same five random seeds, and HelixPR highly significantly outperformed all baseline
representations on all eight Basith subsets in BACC, MCC, and AUC (p < 0.001). On
the relatively more difficult HMEC and NHLF datasets, HelixPR also remained the



Table 3: Performance of CNN with different embeddings on Basith’s test dataset

Dataset Embedding BACC SN Sp MCC AUC
HelixPR 0.9922 + 0.0091 0.9939 + 0.0085 0.9905 + 0.0121 0.9814 + 0.0219 0.9993 + 0.0011
One-hot 0.7823 £ 0.0182  0.7158 £ 0.1274  0.8489 + 0.1352  0.5869 £ 0.0636  0.8920 =+ 0.0050
GM12878 4-mer 0.7939 £+ 0.0036  0.6944 £ 0.0155  0.8934 + 0.0137  0.6035 & 0.0100  0.8840 £ 0.0046
5-mer 0.7895 + 0.0053  0.7134 £ 0.0272  0.8655 + 0.0277  0.5827 + 0.0182  0.8742 + 0.0073
EITP 0.7773 £ 0.0310  0.6798 £ 0.1521  0.8747 + 0.2016  0.6117 £+ 0.0944  0.8902 =+ 0.0036
HelixPR 0.9970 £ 0.0019 0.9988 + 0.0011 0.9953 + 0.0042 0.9921 + 0.0059 0.9999 + 0.0001
One-hot 0.7927 £ 0.0174  0.7909 £ 0.1033  0.7945 + 0.0731  0.5705 £+ 0.0156  0.8793 £ 0.0061
HEK293 4-mer 0.7590 £+ 0.0053  0.7019 £ 0.0324  0.8161 + 0.0231  0.5104 £ 0.0056  0.8438 £ 0.0034
5-mer 0.7647 £+ 0.0055  0.7125 £ 0.0172  0.8169 + 0.0188  0.5205 & 0.0136  0.8452 £ 0.0072
EITP 0.7800 £+ 0.0109  0.7577 £ 0.0788  0.8024 + 0.0787  0.5492 + 0.0289  0.8666 + 0.0134
HelixPR 0.8931 + 0.0175 0.9411 + 0.0708 0.8451 + 0.0734 0.7587 + 0.0441 0.9758 + 0.0175
One-hot 0.7515 + 0.0161  0.7763 £ 0.1406 ~ 0.7267 + 0.1396  0.4933 &+ 0.0202  0.8504 + 0.0033
HMEC  4-mer 0.7176 £+ 0.0061  0.7307 £ 0.0205  0.7045 + 0.0271  0.4136 £ 0.0130  0.7953 £ 0.0093
5-mer 0.7269 £+ 0.0069  0.7178 & 0.0315  0.7361 + 0.0315  0.4350 £ 0.0140  0.8063 £ 0.0077
EIIP 0.7075 + 0.0297  0.7415 £ 0.2125  0.6734 + 0.1986  0.4198 & 0.0310  0.8098 + 0.0066
HelixPR 0.9840 + 0.0052 0.9878 + 0.0113 0.9803 + 0.0087 0.9618 + 0.0113 0.9990 + 0.0009
One-hot 0.7024 £ 0.0071  0.7124 £ 0.0658  0.6925 + 0.0556  0.3864 £+ 0.0127  0.7783 £ 0.0075
HSMM  4-mer 0.6772 £+ 0.0101  0.6926 + 0.0214  0.6618 + 0.0254  0.3357 & 0.0196  0.7486 £ 0.0075
5-mer 0.6762 £+ 0.0109  0.7312 £ 0.0446  0.6213 + 0.0287  0.3329 £ 0.0210  0.7432 £ 0.0115
EITP 0.6883 £ 0.0170  0.7517 £ 0.1548  0.6249 + 0.1415  0.3674 £+ 0.0242  0.7715 £ 0.0045
HelixPR 0.9980 £ 0.0026 0.9991 + 0.0010 0.9969 + 0.0052 0.9948 £ 0.0076 1.0000 = 0.0000
One-hot 0.7152 £+ 0.0103  0.7765 £ 0.0911  0.6540 + 0.0741  0.4101 £+ 0.0199  0.7910 =+ 0.0085
HUVEC  4-mer 0.6919 £+ 0.0042  0.7274 £ 0.0203  0.6564 + 0.0223  0.3627 £+ 0.0083  0.7627 £ 0.0023
5-mer 0.6939 &+ 0.0045  0.7254 £ 0.0148  0.6624 + 0.0128  0.3666 & 0.0086  0.7635 £ 0.0050
EITP 0.6963 + 0.0307  0.7257 £ 0.1717  0.6670 + 0.1126  0.3807 £ 0.0401  0.7780 + 0.0042
HelixPR 0.9950 £ 0.0044 0.9966 + 0.0072 0.9934 + 0.0087 0.9878 £ 0.0117 1.0000 = 0.0000
One-hot 0.7707 £+ 0.0096  0.8304 £ 0.0529  0.7110 + 0.0463  0.5133 £ 0.0168  0.8444 + 0.0053
K562 4-mer 0.7471 £ 0.0028  0.7632 £ 0.0264  0.7311 + 0.0259  0.4707 + 0.0063  0.8254 £ 0.0026
5-mer 0.7439 £+ 0.0106  0.7574 £ 0.0291  0.7305 + 0.0275  0.4648 - 0.0214  0.8206 £ 0.0118
EIIP 0.7282 £+ 0.0196  0.7566 + 0.1383  0.6999 + 0.1010  0.4412 £ 0.0245  0.8155 £ 0.0084
HelixPR 0.9966 + 0.0010 0.9956 + 0.0017 0.9975 + 0.0007 0.9930 + 0.0019 0.9998 + 0.0002
One-hot 0.6912 £ 0.0567  0.5602 £ 0.2253  0.8222 + 0.1231  0.4080 £ 0.0587  0.8154 £ 0.0068
NHEK  4-mer 0.6885 + 0.0057  0.6901 £ 0.0177  (.6869 = 0.0119  0.3581 £+ 0.0105  0.7534 £ 0.0078
5-mer 0.6874 & 0.0084  0.7171 £ 0.0374  0.6577 + 0.0346  0.3549 + 0.0162  0.7521 £ 0.0103
EITP 0.6838 £ 0.0219  0.7196 4 0.1638  0.6481 + 0.1359  0.3587 £ 0.0306  0.7629 £ 0.0147
HelixPR 0.9664 + 0.0176 0.9497 + 0.0369 0.9830 + 0.0213 0.9376 + 0.0327 0.9972 + 0.0028
One-hot 0.7502 £+ 0.0152  0.7924 + 0.1106  0.7080 + 0.1225  0.4844 + 0.0265  0.8451 =+ 0.0056
NHLF 4-mer 0.7416 £ 0.0108  0.7624 £ 0.0276  0.7208 + 0.0076  0.4590 £+ 0.0190  0.8197 £ 0.0080
5-mer 0.7430 £ 0.0045  0.7569 £ 0.0352  0.7291 + 0.0354  0.4633 & 0.0099  0.8171 £ 0.0057
EIIP 0.6967 &+ 0.0324  0.7492 £ 0.2353  0.6442 + 0.1847  0.3973 £ 0.0309  0.8008 £ 0.0155

best-performing representation, although the absolute BACC values were lower than
those observed in the easier datasets.

Among other representations, one-hot encoding generally provided a strong base-
line, especially in terms of BACC, MCC, and AUC. However, it was not uniformly
better than k-mer or EIIP on every metric. For instance, on GM12878, 4-mer achieved
a slightly higher BACC than one-hot, and EIIP achieved a higher MCC. On HSMM
and K562, EITP showed higher sensitivity than one-hot, although this was accompa-
nied by lower specificity. Similarly, k-mer representations sometimes achieved higher
specificity, such as on GM12878, K562, and NHLF. These results indicate that dif-
ferent encodings produce different sensitivity—specificity trade-offs, while HelixPR
consistently improves the overall balance.



The performance of HelixPR+CNN was not uniform across all Basith subsets,
suggesting that enhancer prediction difficulty varies among cell-line-specific datasets.
Some subsets, such as GM12878, HSMM, and HUVEC, reached very high BACC and
AUC values, whereas HMEC and NHLF remained relatively more challenging. For
example, on HMEC, HelixPR improved BACC from 0.7515 with one-hot encoding to
0.8931 and increased AUC from 0.8504 to 0.9758, but its final performance was still
lower than that observed in the easier subsets. These results indicate that HelixPR
consistently improves the baseline representation, while the achievable performance
still depends on the intrinsic separability of each cell-line-specific dataset.

To better understand the striking results on several Basith subsets, we added
analyses of train—test redundancy, sequence length, GC content, CpG frequency, and
nucleotide/dinucleotide composition in Supplementary Material. The results did not
reveal direct train—test leakage, and simple sequence features alone were insufficient to
explain the CNN performance. Length showed relatively strong discriminative power in
some subsets, such as GM12878 and HEK293, but was much weaker in harder subsets
such as HMEC. GC content, CpG frequency, and nucleotide/dinucleotide frequencies
generally showed lower discriminative power. These findings suggest that sequence
length, composition bias, and cell-line-specific sequence properties may affect the dif-
ficulty of individual Basith subsets, but they do not fully explain the performance
gains. The consistent improvement over one-hot encoding supports the effectiveness
of HelixPR in providing additional helix-aware sequence information for enhancer
prediction.

Table 4 compares HelixPR+CNN with previously reported methods on the same
benchmark dataset. The performance values of baseline methods were taken from the
corresponding publications. For HelixPR+CNN, we report the mean values over five
random seeds.

HelixPR+CNN counsistently outperformed both iEnhancer-ELM and Enhancer-IF
across all eight cell lines and all reported metrics (Table 4). Averaged over the eight
subsets, HelixPR+CNN achieved a mean Bace of 0.9778, improving over iEnhancer-
ELM (0.7844) by 0.1934 and over Enhancer-IF (0.7693) by 0.2085. The gains in MCC
were substantial: HelixPR4+CNN obtained a mean MCC of 0.9509, compared with
0.5504 for iEnhancer-ELM and 0.5210 for Enhancer-IF. These results demonstrate the
strong and consistent advantage of HelixPR+CNN on Basith’s benchmark datasets.

Notably, the advantage of HelixPR+CNN is particularly evident on the HSMM and
HUVEC subsets, which appear to be relatively challenging for the baseline methods.
On both subsets, iEnhancer-ELM and Enhancer-IF showed comparatively low perfor-
mance, with Bacc values around 0.72-0.74 and MCC values below 0.46. In contrast,
HelixPR+CNN maintained very high performance, achieving Bacc values above 0.98
and MCC values above 0.96. This contrast suggests that HelixPR+CNN remains effec-
tive even on subsets where existing methods exhibit limited classification performance,
highlighting the robustness of the proposed representation.

Overall, these results consistently demonstrate that HelixPR provides a more effec-
tive sequence representation than conventional encodings and, when coupled with a
lightweight CNN, achieves outperforming performance across both Liu’s and Basith’s
benchmark datasets.



Table 4: The performance of different models on Basith’s
test dataset

Dataset Method Bacc Sn Sp MCC AUC
HelixPR+CNN 0.9922 0.9939 0.9905 0.9814 0.9993
iEnhancer-ELM 0.8222 0.7564 0.8879 0.6475 0.9179
Enhancer-IF 0.8140 0.7550 0.8730 0.6260 0.9010
HelixPR+CNN 0.9970 0.9988 0.9953 0.9921 0.9999
iEnhancer-ELM 0.8732 0.8666 0.8798 0.7283 0.9443
Enhancer-IF 0.8170 0.7750 0.8580 0.6250 0.8930
HelixPR+CNN 0.8931 0.9411 0.8451 0.7587 0.9758
iEnhancer-ELM 0.7645 0.7638 0.7652 0.5068 0.8631
Enhancer-IF 0.7530 0.7400 0.7650 0.4850 0.8390
HelixPR+CNN 0.9840 0.9878 0.9803 0.9618 0.9990
iEnhancer-ELM 0.7193 0.7191 0.7194 0.4179 0.7948
Enhancer-IF 0.7180 0.7090 0.7270 0.4170 0.7940
HelixPR+CNN 0.9980 0.9991 0.9969 0.9948 1
iEnhancer-ELM 0.7334 0.7691 0.6977 0.4417 0.8045
Enhancer-IF 0.7370 0.7520 0.7220 0.4500 0.8110
HelixPR+CNN 0.9950 0.9966 0.9934 0.9878 1
iEnhancer-ELM 0.7974 0.8180 0.7767 0.5679 0.8712
Enhancer-IF 0.7730 0.7730 0.7720 0.5230 0.8520
HelixPR+CNN 0.9966 0.9956 0.9975 0.9930 0.9998
iEnhancer-ELM 0.7766 0.7229 0.8303 0.5453 0.8716
Enhancer-IF 0.7480 0.7340 0.7620 0.4770 0.8100
HelixPR+CNN 0.9664 0.9497 0.9830 0.9376 0.9972
iEnhancer-ELM 0.7884 0.8236 0.7532 0.5479 0.8623
Enhancer-IF 0.7940 0.7890 0.7980 0.5650 0.8650

GM12878

HEK293

HMEC

HSMM

HUVEC

K562

NHEK

NHLF

3.3 Comparison between results on Liu’s dataset and Basith’s
dataset.

Notably, the improvement of HelixPR over baseline methods is moderate on Liu’s
dataset but more pronounced on Basith’s dataset. The two benchmarks differ in several
aspects. Liu’s dataset is constructed as a general enhancer prediction benchmark by
combining enhancer sequences from multiple cell lines, and all sequences have a fixed
length of 200 bp. In contrast, the Basith benchmark evaluates enhancer prediction
separately for each cell line, with larger training sets and variable sequence lengths
ranging from 204 bp to 2000 bp.

These differences may affect the relative contribution of different sequence repre-
sentations. On Liu’s dataset, one-hot encoding with CNN already provides competitive
performance, and HelixPR mainly offers an additional improvement. On Basith’s
dataset, the longer sequences and cell-line-specific subsets provide a setting in which
positional and periodic sequence information can contribute more substantially.

Overall. the results on the two datasets indicate that HelixPR is effective across
different benchmark settings. The comparison further suggests that helical positional
information is a useful complement to conventional nucleotide representations, espe-
cially in datasets with longer sequences, larger sample sizes, and cell-line-specific
enhancer prediction tasks.

3.4 Analysis of Feature Space: Feature Visualisation

To further examine the structure of the feature space learned by the model, we
visualized the feature representations extracted from the model on both benchmark
datasets, as shown in Fig. 2 and Fig. 3. Specifically, for each sample, we extracted



the 64-dimensional output of the global pooling layer after the multi-scale convolu-
tional blocks as its learned embedding. These features were then projected into a
two-dimensional space using principal component analysis (PCA). For each dataset,
the PCA model was fitted on training data and subsequently applied to the corre-
sponding test data, ensuring that both training and test samples were visualized in a
shared feature space. For visualization, nonenhancer and enhancer samples are shown
in blue and red, respectively. Within each class, training samples are plotted as circles
in lighter shades of the same color, whereas test samples are represented by darker
triangles to facilitate visual distinction from the training distribution.

Train enhancer
Train nonenhancer
Test enhancer
4-  +  Test nonenhéncer

PC2 (10.22%)

-2 0 2 6
PC1 (80.00%)

Fig. 2: PCA visualization for Liu’s dataset
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Fig. 3: PCA visualization for Basith’s dataset



On Liu’s dataset and across all eight subsets of Basith’s dataset, the PCA visu-
alizations show a consistent pattern in the learned feature space. Enhancer and
non-enhancer samples from the training set are clearly separated, and most test sam-
ples are projected to the corresponding regions defined by the training distribution.
This indicates that the model learns discriminative representations that are largely
preserved across training and test data.

Interestingly, the geometric structure of the projected features differs between the
two benchmarks. The subsets of Basith’s dataset generally exhibit elongated, ellipse-
like or cone-shaped distributions, whereas Liu’s dataset shows two more compact and
approximately circular class clusters. Despite these differences, the class-wise separa-
tion remains evident across datasets, suggesting that the proposed method can adapt
to different data distributions.

Overall, these PCA results provide qualitative evidence that the proposed model
learns robust and discriminative representations for enhancer classification. The align-
ment between training and test samples in the projected feature space further supports
the generalization ability of the learned HelixPR-based features.

3.5 Transfer Learning to Enhancer Strength Classification

Building on the enhancer identification results, we further evaluate whether the
HelixPR-based representation learned for enhancer identification can be transferred to
enhancer strength classification, which aims to distinguish strong enhancers from weak
enhancers. This task is more challenging than binary enhancer identification because
both strong and weak enhancers belong to the enhancer class and therefore share many
common sequence characteristics. As a result, the discriminative patterns between
them are more subtle and harder to capture. In addition, the available enhancer-
strength training set is relatively small, containing 742 strong and 742 weak enhancer
sequences. Training a model from scratch on this limited dataset may not fully exploit
the general enhancer-related features learned from the enhancer identification task.

To address this issue, we adopt a trausfer learning strategy. The convolutional
backbone pretrained on enhancer identification is used to initialize the strength clas-
sification model, while the original output layer is replaced with a new task-specific
classification head for distinguishing strong and weak enhancers. A two-phase fine-
tuning procedure is then applied. In the first phase, the pretrained backbone is frozen,
and only the newly initialized classification head is optimized to adapt to the strength
classification task. In the second phase, all parameters are unfrozen and jointly opti-
mized with a smaller learning rate, allowing the model to refine the transferred feature
representations in an end-to-end manner. The model is trained for 40 epochs in total,
and the test performance is reported in Table 5.

The proposed fine-tuning framework achieved substantial performance improve-
ments over existing baseline methods on the strong/weak enhancer classification task.
Compared with the best baseline, our model improves MCC from 0.2800 to 0.6913,
yielding a gain of over 0.4. This marked increase in MCC indicates that the pro-
posed model provides a more reliable and balanced separation between strong and
weak enhancers, rather than improving performance by favoring only one class. The
proposed model also raises accuracy from 0.6350 to 0.8400 and AUC from 0.6801 to



Table 5: The performance of different models on enhancer
strength test dataset

Method Acc Sn Sp MCC AUC
HelixPR+CNN 0.8400 0.9300 0.7500 0.6913 0.9346
iEnhancer-5step  0.6350 0.7400 0.5300 0.2800 -
iEnhancer-EL 0.6100 0.5400 0.6800 0.2222 0.6801
iEnhancer-2L 0.6050 0.4700 0.7400 0.2181 0.6678

0.9346, suggesting a much stronger ability to rank enhancer sequences according to
their strength-related discriminative patterns. In addition, the model achieves higher
sensitivity while also obtaining higher specificity. These results demonstrate that the
fine-tuning strategy effectively transfers general enhancer-related knowledge learned
from enhancer identification to the more fine-grained enhancer strength classification
task.

3.6 Motif enrichment in HelixPR-highlighted regions

To examine whether HelixPR-highlighted regions contain biologically meaningful
regulatory patterns, we performed attribution-guided motif enrichment analysis.
Specifically, we selected correctly predicted enhancer sequences from the independent
test set and used integrated gradients to calculate nucleotide-level importance scores.
Fixed-length windows centered on high-importance positions were extracted as impor-
tant regions. For each important window, a matched background window of the same
length was sampled from the same sequence while avoiding overlap with the important
region. We then performed motif enrichment analysis using SEA[24] with the JAS-
PAR CORE vertebrate non-redundant motif database[25]. Motifs with g-value < 0.05
were considered significant.

Using the HEK293 subset of Basith’s dataset as an example, SEA identified 212 sig-
nificantly enriched motifs in HelixPR-highlighted regions. The enriched motifs showed
clear differences between important and matched background windows. For example,
the top-ranked motif was detected in 68.67% of important windows and 51.67% of
background windows, with an enrichnment ratio of 1.33 and a g-value of 6.42 x 10711,
Representative enriched motifs are summarized in Table 6. These results suggest
that the regions emphasized by the HelixPR-based CNN are enriched for known
transcription-factor binding motifs, supporting the biological interpretability of the
learned sequence patterns.

3.7 Parameter Analysis and Control Experiments

To determine the two key parameters used in HelixPR, namely the scaling factor «
and the periodicity T', we conducted a hyperparameter sensitivity analysis on Liu’s
dataset. A controlled one-factor-at-a-time strategy was adopted. Specifically, when the
effect of @ was analyzed, T was fixed at 10; when the effect of T" was analyzed, « was
fixed at 0.05. This setting allows the influence of each hyperparameter to be evaluated
independently.



Table 6: Representative motif enrichment in HelixPR-highlighted regions on the
HEK293 subset. Important and Background denote the proportions of attribution-
important and matched background windows containing each motif, respectively.

Motif ID TF Consensus Important (%) Background (%) Q-value

MA1150.2 RORB AWWTRGGTCA 68.67 51.67 6.42 x 10~ 11
MAO0891.2  GSC2 TAATCC 78.89 63.67 1.67 x 10~ 1°
MAO0117.3  Mafb AWWNTGCTGAC 36.56 23.67 3.11 x 1077
MA1521.2 MAFA  TGCTGASTCAGCA  30.78 19.33 1.95 x 1076
MA1520.2 MAF TGCTGASTCAGCA  34.44 22.78 3.23x 1076
MAO0722.2 VAX1 YTAATTA 70.78 59.00 8.33 x 107¢
MAO0648.2 GSC TAATCC 35.00 23.78 8.33 x 107¢
MAO0888.2 EVX2 TAATTA 64.00 51.89 8.33 x 107¢
MAO0883.2 Dmbxl RWNMGGATTA 25.44 15.56 8.33 x 107¢
MA0036.4 GATA2 CTTATCT 44.56 32.78 1.08 x 107°

The corresponding performance on the Liu’s test set is shown in Fig. 4. For the
scaling factor «, HelixPR achieves the most favorable overall performance at o = 0.05.
Although larger values of «, such as 0.1 and 0.5, lead to slightly higher AUC values,
their ACC and MCC decrease, indicating less balanced classification performance.
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Fig. 4: Parameter comparison on Liu’s dataset

For the periodicity parameter T', we further evaluated several values around and
beyond the DINA helical periodicity, including 7' = 3,8,9,10,11, 12,20, and 50. The
results show that T = 10 achieves the best overall performance, with the highest
ACC, SN, MCC, and AUC among the tested periods. In comparison, nearby periods
such as T'= 8 and T = 9 also produce competitive AUC values, but their ACC and
MCC are lower than those obtained with 7" = 10. Periods farther from 10, such as
T = 12,20, and 50, generally lead to weaker performance. These observations are
consistent with the biological prior that one DNA helical turn is approximately 10
base pairs, supporting the use of T'= 10 in HelixPR. Based on the above analysis, we
set & = 0.05 and T = 10 in all experiments.

To further examine whether the improvement of HelixPR comes from DNA heli-
cal periodicity rather than simply introducing additional positional information, we



compared HelixPR with several control representations. As summarized in Table 7,
all positional encoding controls were constrained to the same four-dimensional input
space and were added to the one-hot vectors before being fed into the same CNN
backbone. This design avoids confounding effects from increased input dimension or
model capacity.

Table 7: Comparison of HelixPR with different control representa-
tions on Liu’s dataset.

Method ACC SN SP MCC AUC
One-hot 0.8166 0.8050 0.8283 0.6334 0.8568
One-hot plus CLS token 0.8166 0.8150 0.8182 0.6332 0.8587
CLS token only 0.7513 0.7250 0.7778 0.5034 0.8057
Standard positional encoding 0.7814 0.8000 0.7626 0.5631 0.8480
Random-period encoding 0.7990 0.8050 0.7929 0.5980 0.8434

Learned positional encoding 0.7990 0.8150 0.7828 0.5982 0.8592
HelixPR without CLS token 0.8241 0.8050 0.8434 0.6488 0.8603

HelixPR 0.8434 0.8250 0.8619 0.6874 0.8667

The composition-token-only model uses only global A/C/G/T frequencies as input,
reducing the sequence-level CNN to an MLP classifier. Its relatively low performance
indicates that global nucleotide composition provides only limited discriminative infor-
mation when used alone. Combining the composition token with one-hot encoding
achieved a substantial performance improvement over the composition-token-only
model, showing that sequence-level nucleotide patterns are essential for this task.
Moreover, the one-hot plus composition-token model also outperformed one-hot encod-
ing alone and produced more balanced sensitivity and specificity, suggesting that the
global composition token provides complementary information and helps the model
better capture differences between positive and negative samples. Nevertheless, this
representation still did not reach the performance of the full HelixPR model, indicat-
ing that the helix-aware positional intormation further contributes to the effectiveness
of HelixPR.

We then compared HelixPR with several positional encoding controls. The stan-
dard sinusoidal positional encoding introduces generic absolute positional information,
while the random-period encoding provides periodic signals that are not tied to DNA
helical structure. Both controls produced lower overall performance than HelixPR,
suggesting that the gain is not simply due to adding positional information or arbitrary
periodicity. The learnable positional encoding achieved relatively competitive AUC,
but its ACC and MCC remained lower than those of HelixPR, implying that uncon-
strained learnable position encoding may not provide the same balanced classification
ability as the biologically motivated helical prior.

In addition, HelixPR without the CLS token was evaluated to isolate the contribu-
tion of the helical positional representation itself. This variant outperformed one-hot
encoding and other generic positional encoding controls on most metrics, indicating
that the helical positional component already provides useful sequence-level informa-
tion. The full HelixPR model further improved the performance after incorporating the



CLS token, suggesting that global composition information and DNA helical periodic-
ity are complementary. Overall, these control experiments show that HelixPR benefits
from the joint modeling of nucleotide identity, global composition information, and
biologically meaningful helical periodicity.

4 Conclusions

In this study, we proposed HelixPR, a helix-aware periodic DNA sequence repre-
sentation for enhancer identification. Unlike conventional encoding methods that
mainly treat DNA as a linear symbolic sequence, HelixPR, explicitly incorporates the
periodic geometry of the DNA double helix into the input representation. By com-
bining per-nucleotide one-hot content, helix-aware Fourier positional encoding, and a
global nucleotide-composition token, HelixPR provides a compact, interpretable, and
biologically motivated representation for regulatory sequence modeling.

Experimental results on two standard benchmark datasets demonstrate that these
design advantages translate into practical predictive gains. Under the same CNN archi-
tecture, HelixPR consistently outperformed one-hot, EIIP, and frequency-based k-mer
representations, highlighting the benefit of incorporating helical periodic information
into DNA sequence features. Moreover, HelixPR combined with a lightweight four-
layer CNN achieved better overall performance than previously reported methods,
including models based on large pre-trained language models. On Liu’s bench-
mark, the HelixPR-based CNN also showed strong transferability when applied to
enhancer strength classification. These results suggest that accurate enhancer pre-
diction and downstream strength classification can be achieved without relying on
complex architectures, emphasizing the importance of biologically meaningful repre-
sentation design in genomic prediction tasks. PCA-based visualizations further showed
that HelixPR helps the CNN learn more discriminative feature spaces across differ-
ent benchmarks. In addition, attribution-guided motif enrichment analysis showed
that HelixPR-highlighted regions were cuiriched for known transcription-factor binding
motifs, supporting the biological interpretability of the learned sequence patterns.

The ablation and parameter analyses further confirmed the effectiveness of the
main components of HelixPR. The Fourier positional encoding improved the one-hot
baseline, and the global composition token provided complementary sequence-level
information. Notably, the best performance was obtained when the helical period was
set to T' = 10, consistent with the known 10—11 bp periodicity of the DNA double helix.
HelixPR also outperformed alternative positional encoding strategies, suggesting that
its advantage comes from the biologically motivated helical prior rather than from
simply adding positional information.

Another important property of HelixPR is its injectivity. In contrast to frequency-
based k-mer representations, which cannot establish a one-to-one correspondence with
the original sequence, HelixPR retains the invertibility of one-hot encoding and sup-
ports exact sequence recovery. Beyond one-hot encoding, HelixPR further incorporates
biologically meaningful periodic information while preserving nucleotide identity.



Future work may explore adaptive periodic encoding schemes that can account
for variations in DNA helical structure across different genomic contexts. In addi-
tion, integrating HelixPR with other regulatory genomic features, such as chromatin
accessibility and transcription factor binding profiles, may further improve enhancer
modeling. Overall, this study suggests that incorporating the periodic geometry of
the DNA double helix into sequence representations is a promising direction for
computational enhancer analysis and broader regulatory sequence modeling.
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