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Abstract

With the rapid development of genomic sequencing technologies, there is an increasing demand for efficient and accurate sequence
analysis methods. However, existing methods face challenges in handling long, variable-length sequences and large-scale datasets.
To address these issues, we propose a novel encoding method—Energy Entropy Vector (EEV). This method encodes gene sequences
of arbitrary length into fixed-dimensional vector representations by modeling nucleotide energy characteristics based on information
entropy. Experiments conducted on five microbial datasets demonstrate that, compared to traditional alignment-free methods, EEV
achieves higher accuracy in convex hull classification and species classification tasks, with improvements of 15% to 30% in family-
level classification. In phylogenetic tree construction, EEV significantly accelerates the process relative to multiple sequence alignment
methods while maintaining high tree quality, enabling rapid and accurate phylogenetic reconstruction. Moreover, EEV supports flexible
dimensional expansion by superimposing nucleotide energies, enhancing its ability to represent complex genomic sequences while
effectively alleviating sparsity issues in high-dimensional representations. This study provides an efficient gene encoding strategy for

large-scale genomic analysis and evolutionary research.
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Introduction

With the rapid development of genomic sequencing technolo-
gies, bioinformatics has entered a new stage centered on data-
driven approaches [1-3]. Extracting biologically meaningful fea-
tures from genomic sequences has become a significant challenge
in key tasks such as gene classification and evolutionary anal-
ysis. Traditional sequence comparison tools, such as BLAST [4],
and multiple sequence alignment methods like Clustalw [5] and
MAFFT [6] align sequences by analyzing their similarities, pro-
viding intuitive results that have played important roles in con-
structing phylogenetic trees [7-9]. However, as sequence length
increases, the computational complexity of these methods rises
significantly, making it difficult to meet real-time requirements
when processing long sequences [10]. Moreover, relying on local
similarities, these methods may fail to fully capture the deep
similarities and global dependencies in complex sequences. In
recent years, deep learning methods have shown potential in
genomic sequence analysis. However, to accommodate the fixed
input dimensions of neural networks, gene sequences are often
truncated or padded before encoding, which may lead to infor-
mation loss or noise introduction [11-15].

Alignment-free methods, as an efficient alternative, have
gained increasing attention [16-18]. Unlike traditional alignment

methods, alignment-free methods directly compute feature
vectors from genomic sequences through statistical analysis
and mathematical modeling, thereby reducing computational
costs [19]. These methods provide new perspectives for sequence
similarity analysis, species classification, and phylogenetic
tree construction [17, 20, 21]. For example, the k-mer method
compares sequences by counting the occurrence frequency of
all nucleotide fragments of length k [22]. Feature Frequency
Profile (FFP) further enhances the accuracy of k-mer-based
genomic comparison by optimizing feature length [23]. More
recently, a novel k-mer topology method based on persistent
Laplacians has been proposed, which captures the multiscale
topological features of sequences and provides improved metrics
for genome comparison [24]. Another important alignment-
free sequence analysis approach is the natural vector (NV)
method [25]. This method constructs a 12-dimensional vector
by counting the number of each nucleotide, its average position,
and the second-order moment of its positions to characterize
genomic sequence features. The k-mer natural vector method
represents genomic sequences based on the quantity and
distribution of k-mers [26], which further expands the modeling
capability and application scope of the NV method. The NV
method not only has theoretical advantages but has also been
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widely used in genomic classification and phylogenetic studies
[27, 28]. The covariance natural vector (CNV) extends the NV by
incorporating the covariance of nucleotide positions, constructing
an 18-dimensional feature vector [29]. These methods have also
been extended to protein sequence analysis, designing a 250-
dimensional NV model that includes amino acid distribution,
average positions, variances, and covariances, which has been
successfully applied to the classification of bacterial and viral
families [30].

Although the k-mer method, the NV method, and its extension
have achieved some success in certain tasks, they still have
significant limitations. The k-mer method’s dimensionality
grows exponentially with the increase in k, resulting in a higher
proportion of zero elements in high-dimensional vectors, which
causes sparsity. The NV method primarily focuses on basic
statistical features of nucleotides, such as position and frequency,
which can only reflect local information of the sequence and fail
to describe the relationships between these statistical indicators
[31, 32]. The CNV method extends the feature dimension
by incorporating covariance of positions, but this approach
essentially relies on stacking statistical indicators, making it
difficult to fully characterize the global distribution features of
nucleotides and their complex relationships. In particular, it lacks
directional information when describing the interactions between
nucleotide positions, for example, it does not include dependency
relationships such as nucleotide A to G or G to A. Moreover, when
generating vectors, the NV method concatenates the number
of nucleotides, their average positions, and the second-order
moments of their positions. However, these statistical indicators
are independent of each other and cannot reflect the global
regularity of sequence features. Therefore, the method shows
significant limitations when dealing with long sequences or
sequences with complex structures.

In this study, we propose the energy entropy vector (EEV), which
effectively represents the features of nucleotide sequences. The
method integrates the statistical features of nucleotides, includ-
ing occurrence probability, conditional probability, and relative
position, and then calculates information entropy [33] to quantify
the uncertainty of the sequence. It also uses mutual informa-
tion [34, 35] to enhance the statistical dependencies between
nucleotides, thereby providing a more comprehensive measure of
the sequence’s information content. On this basis, we introduce a
weighting factor to construct the EEV, which not only quantifies
the uncertainty of the sequence but also enhances the charac-
terization of its global distribution features. The EEV not only
captures the dependencies between nucleotides but also reflects
the spatial organization of the sequence, resulting in a more com-
prehensive feature representation. Experimental results demon-
strate that the EEV exhibits strong discriminative power in convex
hull separation and species classification tasks. Moreover, as a
physical quantity with magnitude, energy entropy has clear phys-
ical and biological significance and provides an effective method
for the quantitative analysis of nucleotide sequences.

Materials and methods
Data

This study used five microbial datasets: Archaea, Bacteria, Fungi,
Virus, and Fungi DNA barcode. The data for Archaea, Bacteria,
Fungi, and Virus were sourced from the National Center for
Biotechnology Information (NCBI), while the Fungi DNA barcode
dataset was obtained from the Barcode of Life Data System (BOLD)
[36]. All datasets were published in prior studies and are based on

experimentally generated genome or gene sequences. To compare
with the natural vector method and the covariance natural vector
method, we preprocessed the datasets according to the strategies
reported in [36]: removal of sequences lacking family-level tax-
onomic information; deletion of samples with fewer than three
sequences in each family; and retention of only those sequences
related to the Internal Transcribed Spacer (ITS) of fungi in the
Fungi DNA barcode dataset [37, 38].

After the aforementioned preprocessing, the datasets were
summarized as follows: The Archaea dataset contains 281
genomic sequences covering 20 families; the Bacteria dataset
contains 16373 genomic sequences covering 178 families; the
Fungi dataset contains 387 genomic sequences covering 22
families; the Virus dataset contains 7382 genomic sequences
covering 83 families; and the Fungi DNA barcode dataset contains
95524 sequences covering 467 families.

Methods

To describe the distribution features of nucleotide sequences, we
propose the EEV based on information entropy and a weighting
strategy. The EEV is formulated by combining information entropy
with the weighting factor of nucleotides, as follows:

E= —(Z WM)(me 1ngm)v i € Comb(4, k) (1)

mei mei

where:

e iis a specific subset selected from {A, C, G, T};

e Comb(4, k) denotes all subsets of size k, where k € {1, 2, 3,4};
* Wy, is the weighting factor for element m, which can be the
number of nucleotides, pairs, etc.;

fm is the feature proportion of element m, which can represent
the probability of nucleotide occurrence, positional propor-
tion, etc.

We defined four information metrics that effectively describe
nucleotide sequences. These include nucleotide probability distri-
bution, global dependency between nucleotides, relative positions
of nucleotides, and mutual information between nucleotides. We
utilized these metrics and their corresponding weighting factors
in a Hadamard product to obtain the energy entropy of genomic
sequences. Figure 1 shows the calculation process of the EEV.
The following sections will provide detailed explanations of these
metrics.

Energy entropy of nucleotide probability distribution (E1)

In a genomic sequence, the probability of occurrence of each
nucleotide is a key factor in describing its distribution charac-
teristics. E; calculates the information entropy based on the
nucleotide probability distribution and combines nucleotide
counts as weights to compute the energy entropy. This metric
reflects the global probability distribution characteristics of
nucleotides and quantifies their contribution to the sequence
information.

Taking the energy entropy of individual nucleotides as an
example, E; can be obtained by substituting the weighting factor
and feature proportion into Equation 1, where:

e Weighting Factor: w, = n,, representing the count of
nucleotide m;

¢ Feature Proportion: f,, = pn, the occurrence probability of
nucleotide m, defined as: p,, = J#, where N is the total length
of the sequence.
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Figure 1. EEV Calculation Process for Nucleotide Sequences. Step 1: (1) Probability Information Entropy: Calculate the probability information entropy,
where P; is the probability of the nucleotide; (2) Positional Information Entropy: Pos; represents the sum of all positions of the nucleotide, and Pos;
represents the relative position proportion; (3) Dependency Information Entropy: Calculate the dependency information entropy through nucleotide
pairs, where (-A) represents the mutual information ending with nucleotide A; (4) Mutual Information: Including (a) the number of nucleotide pairs,
(b) the probability of nucleotide pairs, (c) the mutual information calculated by Equation 4. Where H; is the information entropy of each part. Step 2:
Calculate the energy entropy by combining information entropy and weighting factors through the Hadamard product to generate the energy entropy
vector. Step 3: Apply the calculated features to downstream tasks, such as species classification and phylogenetic tree construction.

Considering only the energy entropy of individual nucleotides
yields with k=1 yields C(4,1) = 4 energy values. By superim-
posing the energies of nucleotides through combinations, a 15-
dimensional vector can be obtained, calculated as C(4, 1)+C(4, 2)+
C(4,3)+C(4,4) = 15. This approach helps represent the complexity
of sequence features and reveals more comprehensive sequence
information patterns.

However, E; only describes the global distribution characteris-
tics of nucleotides and does not reflect the dependencies between
them. To address this, we introduce the dependencies between
nucleotides in the following section.

Global dependency energy entropy of nucleotide pairs (E;)

In genomic sequences, the global dependency relationships
between nucleotide pairs are important features for revealing
sequence regularities. In E;, we use a generalized approach to
characterize dependency by quantifying the global dependency
of a nucleotide on all other nucleotides through the distribution
of nucleotide pairs ending with a specific nucleotide.

Taking the energy entropy of single nucleotides as an example,
E, is obtained by substituting the feature proportion fr, and the
weighting factor wy, into Equation 1, where:

e Weighting Factor: w,, =
nucleotide m;

¢ Feature Proportion: f,, = P(m|-), representing the relative fre-
quency of nucleotide pairs ending with nucleotide m, defined

as:

Nm, representing the count of

Nxm
Pm|) = ZXE(A,C,G,T) X ‘ )

2ijeiacon

where the numerator represents the total count of nucleotide
pairs ending with nucleotide m, and the denominator represents
the total count of all nucleotide pairs in the sequence.

This formula captures the global dependency of nucleotide m,
rather than the local relationship described by the traditional
conditional probability P(j|i). When the distribution of nucleotides
A, C, G, Tisrelatively uniform, f,, is similar to the global probability
in E;. However, when there are significant differences in the distri-
bution, E; can more prominently highlight the statistical depen-
dencies between nucleotides. Additionally, E; can be extended by
stacking nucleotide energies to increase dimensionality, thereby
enhancing its ability to express local information patterns in the
sequence.

Energy entropy of nucleotide relative positions (Es)

The relative position distribution of nucleotides is an important
feature for uncovering spatial regularities in sequences. Es
describes the spatial distribution based on the relative positions
of nucleotides. Taking the energy entropy of single nucleotides
as an example, E5 can be calculated by substituting the
weighting factor wy, and feature proportion f, into Equation 1,
where:

e Weighting Factor: wp,
nucleotide m;

¢ Feature Proportion: f,, = qm, representing the relative posi-
tion proportion of nucleotide m, defined as:

= Ny, representing the count of

o L =2 iciacomnm Posi
m L

(3)

where Pos; denotes the position of nucleotide i in the sequence,
and {A, C, G, T} \ {m} represents the set of nucleotides excluding m
from the sequence, and L = w the sum of all positions in the
sequence, where N represents the sequence length.

Similarly, Es can also be extended by stacking nucleotide ener-
gies to capture more complex spatial distribution characteristics
and reveal multi-level spatial patterns in the sequence.
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Mutual information energy entropy between nucleotides
(E4)
The shared information between nucleotides can reveal under-
lying biological patterns. Mutual Information is an information-
theoretic measure that can be used to quantify the shared infor-
mation between nucleotide pairs and reflect their interactions.
Considering the mutual information energy between two
nucleotides, itis used as the feature proportion f,, and substituted
into Equation 1 to obtain E4, where:

* Weighting Factor: w, = n; + nj;, representing the sum of
counts of nucleotide pairs {i,j} and {j, i};

¢ Feature Proportion: f,, = I(i,j), representing the mutual infor-
mation between nucleotide pairs {i,j}, defined as:

.. Dij
1(1,j) = p;i - lo . 4
) =pj-log = )
where:
i n; Hj
pij:W, pi:;, pjzz

The parameters are explained as follows: ny: The count of
nucleotide pair {i, j}; n: The total count of all nucleotide pairs in the
sequence; p; and p;: The occurrence probabilities of nucleotides i
andj.

In this study, we transform nucleotide sequences of arbitrary
length into a feature vector concatenated from E;, E;, Es, and
E4 by calculating the energy entropy of single nucleotides. The
dimensionality of E1, E», and Es is C(4, 1), while E4, representing the
mutual information between nucleotides and involving at least
two nucleotides, has a dimensionality of C(4,2) = 6. Thus, the
dimensionality of the final feature vector is C(4,1) + C(4,1) +
C4,1)+CH4,2) =18.

Furthermore, the EEV can be further expanded in dimensional-
ity by superimposing nucleotide energies, thereby more compre-
hensively characterizing sequence features. The specific details
of dimensionality expansion and its impact will be detailed in the
last experiment of the results section.

Convex hull analysis

Convex Hull Analysis is used to evaluate the classification capa-
bility of feature vectors in high-dimensional spaces and applied
in genomic classification and phylogenetic analysis [39, 40]. For
each genomic family, feature vectors and their convex hulls are
constructed. Let F = {xq,Xp,...,Xy} denote the set of feature
vectors of n genomic sequences in a given family, then its convex
hull is defined as:

S(F):IZMXJM;O,ZM:I]. (5)
i=1 i=1

To evaluate classification performance, determine whether the
convex hulls S(F1) and S(Fy) of two genomic families intersect,
which can be converted to the following linear programming
problem:

n

n m m
Daxi= oy, D ohi=p =1 (6)
i1 i1 i

i=1

If this equation has a solution, the convex hulls intersect;
otherwise, they are disjoint. Classification capability is measured

by the disjoint rate Pgisjoint, Wwhich is calculated as:

Number of disjoint family pairs
Total number of family pairs

Paisjoint =

where the total number of family pairs is determined by all
possible convex hull combinations C2. A higher Paisjoint value
indicates stronger separation capability of the feature vectors in
high-dimensional space.

Results
Comparison of family classification performance

To evaluate the performance of the EEV in species family classifi-
cation, the experiment compared it with the NV and CNV. We used
five datasets, Archaea, Bacteria, Fungi, Virus, and Fungi DNA barcode,
to test their convex hull classification rate and classification
performance.

Convex hull analysis

In this study, based on the principle of convex hulls, we analyzed
EEV, NV, and CNV. In the experiments, each dataset comprised
several families, and the gene sequences of different families
were used to construct convex hulls. By calculating the disjoint
rate of convex hulls between different families, we evaluated
the classification performance of each method on family-level
classification tasks.

Table 1 shows that the EEV achieved the highest disjoint rates
of convex hulls across all datasets, reaching 100% in the Archaea
and Fungi datasets. Compared to the CNV, which is also 18-
dimensional, the EEV demonstrated superior discriminative abil-
ity for species family classification. This indicates that, at the
same dimensionality, the energy entropy vector can more effec-
tively separate species families.

Family classification

To further assess the performance of the EEV in classification
tasks, we conducted classification experiments using three
machine learning methods: MLP, Random Forest [41], and XGBoost
[42]. The experiments used the EEV, NV, and CNV as feature inputs
to train models and evaluate their classification accuracy.

As can be seen from Table 2, the EEV demonstrated good
classification performance on the five datasets, with significant
improvements in test set accuracy compared to the NV and CNV,
particularly on the Archaea, Bacteria, and Fungi datasets. On the
Archaea dataset, the test set accuracy of the EEV was 28% higher
than that of the CNV when using the MLP model (0.8421 versus
0.5614), and the improvement reached 30% with the Random For-
est model (0.8247 versus 0.5263). On the Bacteria dataset, the test
set accuracy of the EEV was 17% higher than that of the NV when
using the MLP model (0.9282 versus 0.7566). On the Fungi dataset,
the EEV achieved higher test set accuracy than other methods
across all models. For instance, under XGBoost, the accuracy was
approximately 22% higher (0.6154 versus 0.3974). However, on the
Virus and Fungi DNA barcode datasets, although the EEV still
showed some improvement, the increase was relatively smaller.
Overall, the EEV not only improved classification accuracy but
also effectively enhanced the generalization ability of models,
particularly on complex biological datasets.

Convex hull analysis and classification experiments indicate
that the EEV exhibits strong family-level discriminative ability in
representing gene sequence features. Its disjoint convex hull rate
and classification accuracy outperform those of the NV and the
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Table 1. Comparison of convex hull disjoint rates across different datasets using NV, CNV, and EEV methods

DataSets Convex hull pairs NV CNV EEV

Archaea €3y = 190 96.8% 100% 100%
Bacteria 2,4 = 15753 92.5% 96.7% 99.5%
Virus C3, = 3403 94.8% 97.7% 98.6%
Fungi €3, =231 89.6% 97.0% 100%
Fungi DNA barcode C3., = 108811 69.1% 82.1% 85.1%

Table 2. Evaluation of classification models with NV, CNV, and EEV across different datasets

Model Method Archaea Bacteria Virus Fungi Fungi DNA barcode
Train Test Train Test Train Test Train Test Train Test
MLP NV 0.5938 0.5439 0.7927 0.7566 0.5598 0.5586 0.5502 0.5256 0.7499 0.7246
CNV 0.5759 0.5614 0.7815 0.7542 0.5578 0.5396 0.5857 0.5385 0.7566 0.7259
EEV 0.9375 0.8421 0.9743 0.9282 0.7617 0.7177 0.9126 0.6667 0.8184 0.7813
Random Forest NV 1.0000 0.5263 1.0000 0.7927 1.0000 0.7813 1.0000 0.4487 0.9914 0.7747
CNV 1.0000 0.5263 1.0000 0.7890 1.0000 0.7793 1.0000 0.4487 0.9913 0.7761
EEV 1.0000 0.8247 1.0000 0.9127 1.0000 0.8517 1.0000 0.7436 0.9914 0.8112
XGB NV 0.5439 0.5090 0.5596 0.5396 0.7596 0.7637 0.4359 0.3974 0.6946 0.7104
CNV 0.4561 0.5737 0.7637 0.7759 0.7596 0.7637 0.3974 0.3974 0.7104 0.7104
EEV 0.8070 0.8070 0.8940 0.8294 0.8294 0.8463 0.6154 0.6154 0.7371 0.7371

CNV. This validates its effectiveness in family-level classification
tasks for gene sequences.

Kingdom analysis

To evaluate the performance of EEV in classifying species king-
doms, we conducted experiments on the Archaea, Fungi, and
Virus datasets, which contained 281, 387, and 7,382 sequences,
respectively. Each kingdom dataset was randomly split into train-
ing (80%), validation (10%), and test (10%) subsets to ensure a
fair and robust evaluation. To maintain balanced class sizes,
the Virus dataset was downsampled by randomly selecting 387
sequences. To assess variability, downsampling and training were
repeated ten times, and the mean and standard deviation on
the test set were reported. Additionally, to evaluate the method'’s
performance under real-world class imbalance, the model was
also tested once on the original, unbalanced Virus dataset without
downsampling.

All methods were trained under the same MLP architecture,
which consisted of three hidden layers with 128, 64, and 32
neurons, respectively, using ReLU activation functions. Models
were trained for 200 epochs with a learning rate of 0.001, and
the checkpoint with the highest validation accuracy was saved for
final evaluation on the independent test set.

Performance evaluation

We used the preserved optimal model to predict the test datasets,
and the results are summarized in Table 3. The EEV method
performed the best, with an overall mean accuracy of 0.9594 and
a mean micro-AUC of 0.9800 based on the ten random under-
sampling runs. In comparison, the mean accuracy rates of NV
and CNV were 0.9274 and 0.9349, respectively, with their micro-
AUC values lower than those of the EEV method. In addition, the
bottom part of Table 3 shows the results obtained on the full,
imbalanced Virus dataset, further demonstrating that the EEV
method consistently outperforms the other methods under real-
world class imbalance.

Phylogenetic tree construction

To validate the effectiveness of the EEV method in biological
classification, we constructed phylogenetic trees using the
Unweighted Pair Group Method with Arithmetic Mean(UPGMA)
[43] and compared it with ClustalW and MAFFT, focusing on
evaluating both computational efficiency and the performance
of phylogenetic tree construction.

Computational Efficiency Comparison

All experiments were conducted on a server equipped with an
Intel Xeon Gold 6346 CPU (64 cores, 3.10 GHz) and 512 GB RAM,
running Ubuntu 22.04.5 LTS.

Due to the excessive computation time required to process
complete genome data (such as Archaea, with some sequence
lengths reaching 1-4 million bp) using traditional alignment
methods, which is difficult to handle, we extracted partial gene
fragments and conducted experiments with sequence lengths
up to 5k, 10k, and 80k. We measured the computational time
for constructing the phylogenetic tree using EEV, ClustalW, and
MAFFT, with the results shown in Table 4.

The experimental results show that, with 80k sequences,
ClustalW requires 46,311.31 seconds, MAFFT requires 20,515.12
seconds, while EEV only takes 4.96 seconds, achieving acceleration
factors of 9,337 and 4,137, respectively. With 10k sequences, EEV
is still 356 times faster than MAFFT and 838 times faster than
ClustalW, demonstrating a significant computational advantage.
For complete genome data, EEV can still construct the tree in
85.74 seconds, further validating its efficiency.

Classification Performance Comparison

We constructed four phylogenetic trees (Fig.2). The results
showed that when the maximum sequence length was 5000 base
pairs, Figures (a), (b), and (c) could effectively distinguish Fungi
from Archaea and Virus, but there was still some overlap between
Archaea and Virus.

In the phylogenetic tree constructed by EEV, the families
Haloarculaceae and Sulfolobaceae within Archaea are clearly
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Table 3. Comparison of NV, CNV, and EEV classification performance across kingdoms. The first three rows correspond to 10-time
random under-sampling; the last three rows (marked with *) show results on the full imbalanced dataset without downsampling

Method Acc AUC Micro-AUC
Archaea Virus Fungi

EEV 0.9594 £ 0.0194 1.0000 + 0.0001 0.9865 £ 0.0087 0.9366 £0.1049 0.9800 £ 0.0220
NV 0.9274 £0.0167 1.0000 + 0.0001 0.9679+£0.0133 0.9402 £+ 0.0443 0.9743 £0.0118
CNV 0.9349 £0.0163 0.9997 £0.0010 0.9667 £0.0127 0.9405 £ 0.0566 0.9767 £0.0119
EEV* 0.9901 1.0000 0.9953 0.9678 0.9985

NV* 0.9863 1.0000 0.9862 0.9639 0.9979

CNV* 0.9826 1.0000 0.9851 0.9454 0.9976

Table 4. Computation Time of Different Methods for
Phylogenetic Tree Construction (in seconds)

Method 5k 10k 80k Full
sequence

EEV 1.43 1.66 4.96 85.74

MAFFT 152.24 592.70 20515.12 -

Clustalw 431.72 1393.87  46311.31 -

Speed-up (EEV 106 x 356x 4,137 x -

versus MAFFT)

Speed-up (EEV 302x 838x 9,337 x -

versus Clustalw)

clustered together (Figure (c)). In contrast, ClustalW show a
more ambiguous classification of these two families, with more
dispersed sequence distribution. In the Virus dataset, compared
to the EEV method, the phylogenetic trees generated by ClustalW
and MAFFT exhibit a more dispersed distribution of members
belonging to the same kingdom, with them scattered across five
different positions. This indicates that EEV is more effective than
ClustalW and MAFFT in revealing phylogenetic differences among
different species.

Meanwhile, classical MSA methods face a significant increase
in computational complexity when dealing with large-scale data,
leading to substantial increases in computation time and resource
consumption. In contrast, EEV efficiently integrates all the infor-
mation and completes the computation in a shorter time. Figure
(d) shows that, on whole-genome data, EEV fully utilizes the
sequence information to completely separate Fungi, Archaea,
and Virus. Furthermore, compared to Figures (a) and (b), EEV
more clearly distinguishes the Anelloviridae and Closteroviridae
families within the Virus dataset. The total computation time was
only 85.74 seconds.

To assess the topological consistency of the constructed phy-
logenetic trees, We built a reference tree at the family level based
on known taxonomic information according to established clas-
sifications. All trees generated by EEV, ClustalW, and MAFFT used
the same sequence set and consistent leaf node labels to ensure
comparability. We then compared the clustering structure implied
by each method'’s tree with the reference tree by calculating the
Adjusted Rand Index (ARI) [44] and Normalized Mutual Informa-
tion (NMI) scores, where higher values indicate better agreement
with the known family labels. The results show that the phylo-
genetic tree constructed by the EEV method achieves the high-
est clustering consistency with the known family classifications,
significantly outperforming ClustalW and MAFFT, which further
demonstrates the effectiveness of EEV in preserving species rela-
tionships, as summarized in Table 5.

Table 5. Comparison of structural similarity between
phylogenetic trees generated by traditional MSA methods and
the proposed EEV method

Method ARI NMI

Clustalw 0.2246 0.4200
MAFFT 0.1990 0.4069
EEV Sk 0.4461 0.6502
EEV Full 0.6825 0.8238

Energy superposition and dimensionality
expansion

The EEV can achieve dimensionality expansion through the
superposition of nucleotide energies. Specifically, the features of
nucleotides A, C, G, T can be expanded from a single energy state
to four energy states. For Equation 1, Comb(4, k) represents the
k-element subsets generated from the set {A,C, G, T}. When k = 2,
it represents the superposition of energies of two nucleotides,
and the corresponding nucleotide pairs generated by Comb(4, 2)
are {{A, C}, {A, G}, {A, T}, {C, G}, {C, T}, {G, T}}. Taking the energy
superposition of nucleotides A and G as an example, the energy
entropy calculation formula is:

Eac) = —(Wa +we) - (falogfa + fc logfo). )

This expansion can more comprehensively capture the com-
plex information features in gene sequences, thereby enhancing
the feature expression ability.

Dimensional growth: EEV versus k-mer

Compared to the traditional k-mer method, the dimensionality
expansion growth rate of EEV is O(4 x 2¥), while that of the k-
mer method is O(4%). The dimensionality growth rate of the k-mer
method is significantly faster. For example, when k = 4, the k-mer
method generates 256-dimensional features (4* = 256), while EEV
requires only 56 dimensions. The dimensionality of EEV can be
calculated using Equation 8 as follows:

k max(2,k)
de=3>CAD+ Y. CAD 8)
i=1 i=2

Here, 3 ZL C(4,1) represents the dimensionalities of Eq, E5, and Es,
which are multiplied by 3; 3™3*®® C(4, i) represents the dimen-
sionality of the mutual information energy E4, as E4 involves
mutual information between nucleotides and requires at least
two nucleotides, starting from i = 2 to calculate C(4, 1).

Similarly, for protein sequences, when k = 4, the k-mer method
generates 160000-dimensional features (20* = 160000), whereas



(a) Clustal W(max 5k sequences)

Energy entropy vector | 7

(b) MAFFT(max Sk sequences)

1
7

* -cace: "Astry
Family T lacea At
‘Haloattlaceae, ¥ e
e — Haloarfacene ! i
A0 A 1
. Haloarculacea B igieno
a

. Thermococcacea
. Sulfolobaceae

1, Vi
logy
DecaqCea'e
e e
lace 11
‘e 1

. Auriscalpiaceae

‘o5,
Sy le
lal,

The,

<

Cl
Clo

Vi

loay
eyl

H,
lost
loste,
s

. Astrosphaeriellaceae

. Blastocladiaceae
* Adenoviridae
* Anelloviridae
i} Closteroviridae

Kingdom
. Archaea
. Fungi
¢

Virus

N
ppaeriellacee 13
Sphae

Sopactill
Phaey

faceae &
aceae &
Naceae
acea,

Hiellaceae 17

‘Ceae 1|
Ceae g

ae 1

el
ellg

9
Aden®¥iidae )
ndeneiadac

o
QoS e
e 30

" rosphaeriellaceat 4
A scapaceac {2
ecalpiact i

Figure 2. Phylogenetic Tree of Archaea, Fungi, and Virus. The tree is based on 135 sequences from three kingdoms: Archaea, Fungi, and Virus. Outer ring
colors represent kingdoms: purple for Archaea, pink for Fungi, and blue for Virus. Inner ring colors distinguish families within each kingdom: Archaea
includes Haloarculaceae, Thermococcaceae, and Sulfolobaceae; Fungi includes Astrosphaeriellaceae, Auriscalpiaceae, and Blastocladiaceae; and Virus

includes Adenoviridae, Anelloviridae, and Closteroviridae.
the EEV only requires 24760 dimensions, computed as:

4 4
ds =37 C(20,1) + >_ C(20,1) = 24760.

i=1 =2

As k increases, the k-mer method faces not only the problem of
dimensionality explosion but also vector sparsity. In contrast, the
EEV significantly reduces dimensional growth through cumula-
tive energy superposition, effectively avoiding the issue of vector
sparsity.

Figure 3 shows the disjoint rate of convex hulls for the 18-
dimensional EEV, the 16-dimensional standard k-mer method,
and the k-mer with FFP method [23] across three datasets. The
results indicate that the EEV more effectively separates the
data.

Energy superposition and classification performance

This section will analyze the impact of energy superposition on
feature separation performance. The experiments selected Bac-
teria, Virus, and Fungi DNA barcode datasets that had not yet
reached the convex hull separation limit, to better demonstrate
the differences under more challenging classification conditions.
By progressively superposing energy states of nucleotides, We
observed their effect on the disjoint rate of convex hulls in high-
dimensional space.

Figure 4 shows the trends of convex hull separation perfor-
mance on different datasets during the energy superposition
process. The X-axis represents the change in feature dimension-
ality with the superposition of nucleotide energies. According to
Equation 2, the feature dimensionality for a single nucleotide is
18, for two nucleotides is 36, for three nucleotides is 52, and for
four nucleotides is 56. For the 24-dimensional case, the first three
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Figure 4. Proportion of Disjoint Convex Hulls with Nucleotide Energy
Superposition. Change in the proportion of disjoint convex hulls as
nucleotide energies are progressively superposed. The x-axis represents
the dimensional changes resulting from nucleotide energy superposition.
The y-axis represents the proportion of disjoint convex hulls, where the
left side corresponds to the Fungi DNA barcode dataset and the right side
corresponds to the Bacteria and Virus datasets.

statistical metrics (E1, E2, E3) only calculate the energy between
each pair of nucleotides, 3 x C(4,2) = 18, while E4 calculates
the mutual information energy between two nucleotides, which
is 6-dimensional, resulting in a total dimensionality of 24. The
experimental results indicate that the family-level proportion of
disjoint convex hulls gradually increases on different datasets
with the superposition of nucleotide energies. This demonstrates
that energy superposition has a significant effect on enhancing
feature representation.

Ablation study on energy terms

To evaluate whether the four energy terms (E1-E4) provide com-
plementary information, we conducted an ablation experiment
by using each term individually and comparing the results with
the full EEV. This experiment uses the same settings as described
in the Family Classification section, and we selected a random
forest classifier for the evaluation. Table 6 shows that the full EEV
consistently outperforms any single term alone. Notably, while E4
alone achieves relatively high accuracy, removing the other terms
still results in a performance drop, demonstrating that all terms
contribute complementary information.

Discussion

This study proposes a nucleotide sequence feature representation
method based on energy entropy. By defining energy entropy
from different perspectives, E; describes the global probability
distribution, E, characterizes global dependencies, E; reflects spa-
tial distribution properties, and E4 quantifies mutual information
between nucleotides. Specifically, E4 is computed based on the
logarithm of probabilities, representing a nonlinear operation.
Meanwhile, the first three metrics integrate probability distribu-
tion, positional information, and dependency through a unified
weighting factor, while E; uses the count of nucleotide pairs
as its weighting factor. Ultimately, the information content of
nucleotides is transformed into energy representation through a
Hadamard product with the weighting factors.

We compared the EEV, NV, and CNV, evaluating their perfor-
mance in convex hull separation at the family level and species
classification tasks. Experimental results show that the EEV
outperforms the other two methods in both classification per-
formance and generalization ability. Moreover, EEV can construct
high-quality phylogenetic trees in a short time, with efficiency
superior to traditional MSA methods (ClustalW and MAFFT).
Additionally, the EEV supports flexible dimensional expansion,
making it adaptable to complex datasets. For complex tasks,
dimensions can be expanded by the superposition of multiple
nucleotide energy terms to meet higher task requirements. For
simpler datasets, a single nucleotide energy (18-dimensional) is
sufficient. The choice of dimensionality should be determined
based on the complexity of the dataset and research needs.
Compared to the k-mer method, the EEV avoids the dimension-
ality explosion and sparsity issues in high-dimensional spaces
caused by increasing k, thereby maintaining superior feature
representation and classification performance. Meanwhile,
energy entropy is a quantity with magnitude, and through its
definition, we can perform various types of quantitative analysis
in biological analysis. This comprehensive feature representation
helps to reveal structural and evolutionary patterns in microbial
genomes, providing additional insights for interpreting their
genomic diversity and relationships.

Despite the excellent performance of the EEV in multiple exper-
iments, some issues require further investigation. For example,
optimizing the design of weighting factors and developing new
statistical metrics to further enhance classification performance.
Furthermore, the potential applications of the energy entropy
vector in protein sequences and other biological data warrant
further exploration. Although this study focused on microbial
genomes, the EEV framework could also be extended to human
genome analysis, which will be investigated in future work.

In summary, the EEV provides a novel and efficient solution for
feature representation of gene sequences. Its remarkable perfor-
mance advantages and flexible scalability make it highly valuable
for applications in bioinformatics analysis.

Key Points
e EEV encodes gene sequences of arbitrary length into
fixed-length vector representations by modeling
nucleotide energy characteristics via information
entropy.
e EEV effectively captures global sequence features,
demonstrating superior accuracy and efficiency in
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Dataset Full EEV E1 Only E; Only E3 Only E4 Only
Archaea 0.8247 0.6491 0.6491 0.6491 0.7894
Bacteria 0.9127 0.7728 0.7728 0.7911 0.9071
Virus 0.8517 0.7440 0.7468 0.7379 0.7765
Fungi 0.7436 0.4744 0.4744 0.4872 0.6794
Fungi DNA barcode 0.8112 0.6764 0.6778 0.6699 0.7428

species classification and phylogenetic tree construc-
tion.

e EEV supports flexible dimensional expansion while alle-
viating high-dimensional sparsity, exhibiting strong scal-
ability and robust representation capability.
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