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ABSTRACT. The rapid growth of genomic data generated by high-throughput
sequencing technologies has created significant challenges for statistical model-
ing and sequence classification. In this paper, we investigate genomic sequence
classification using probabilistic and machine learning approaches based on
Markov chains, Hidden Markov Models (HMMs), and Support Vector Ma-
chines (SVMs). Markov and Hidden Markov models are employed to capture
local nucleotide dependencies and latent biological structures associated with
coding and non-coding regions. Building upon these models, we introduce
a hybrid HMM-SVM framework that combines generative likelihood-based
features, hidden-state representations, and biologically interpretable compo-
sitional descriptors. Experimental results on genomic data demonstrate that
the proposed hybrid approach substantially improves classification performance
while maintaining biological interpretability.
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1. INTRODUCTION

Molecular biology has undergone a major transformation with the advent of
high-throughput sequencing technologies, propelling genomics into the era of
Big Data. These technologies now make it possible to rapidly generate massive
volumes of genomic data, whose organization and structuring rely on reference
databases such as GenBank [4] and on rigorous taxonomic classification systems
[10]. This massive accumulation of data raises a fundamental challenge for mod-
ern bioinformatics: the automatic annotation of genomes. In particular, the ac-
curate identification of functional regions—especially the discrimination between
coding regions (CDS) and non-coding regions (Non-CDS)—within sequences that
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may span millions of nucleotides constitutes a central issue in computational ge-
nomics. This problem has been extensively studied in the literature, notably by
Khodaei et al. [12], as well as in the methodological works of Yandell and Ence
[20] and the evolutionary approaches proposed by Mertsch and Stanke [15].

Faced with this explosion of data, one of the major challenges lies in the ability
to extract relevant information from complex sequences characterized by local
dependencies and rich structural organization. In this context, probabilistic and
statistical approaches have emerged as fundamental tools, providing a rigorous
mathematical framework for modeling nucleotide dependencies and analyzing the
structural properties of genomes |3, 17].

The statistical analysis of biological sequences is rooted in a scientific tradi-
tion initiated by the pioneering works of Blaisdell [5] and Brendel et al. [6], who
demonstrated that nucleotide sequences are not random but exhibit significant
local dependencies. These foundational results were further developed and for-
malized by Churchill 7], who introduced stochastic models capable of capturing
the structural heterogeneity of DNA sequences. Within this framework, Markov
chains have become a central tool for modeling biological sequences, with im-
portant contributions addressing both their estimation and statistical properties
[2, 19].

From a methodological perspective, Markovian modeling relies on the estima-
tion of transition probabilities, typically carried out via maximum likelihood, as
shown by Avery and Henderson [2|. This step forms the foundation of statistical
inference in this framework and ensures consistent parameter estimation from
observed data.

Beyond parameter estimation, model selection and evaluation play a crucial
role. The goodness-of-fit of Markov models can be assessed using information-
theoretic criteria such as the Kullback—Leibler divergence and perplexity, as stud-
ied by Kulkarni [13] and Abbas et al. [1]. These measures make it possible to
quantify the ability of models to accurately represent sequence distributions and
to capture the statistical signatures specific to different genomic regions. They
thus provide a unified framework linking estimation, model selection, and predic-
tive performance.

A major advancement in this field is the introduction of Hidden Markov Models
(HMMs), which allow for the explicit representation of latent structures underly-
ing observed sequences. Initially formalized by Rabiner [18|, these models have
been extensively developed in the bioinformatics context, notably by Durbin et
al. [8] and Eddy [9]. HMMs are now a standard probabilistic framework for
biological sequence analysis.

In particular, HMMs play a key role in tasks such as genome annotation [20] and
coding region detection [15]. They have also been widely applied in other domains,
especially in natural language processing, where they serve as a fundamental tool
for modeling sequential data [14].

In the field of genomic sequence classification, Markovian approaches and their
extensions have demonstrated their effectiveness in discriminating between dif-
ferent biological classes. Recent studies, such as those by Khodaei et al. [12] and
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Yoon [21], confirm the relevance of probabilistic models, highlighting their ability
to capture statistical signatures specific to coding and non-coding regions.

Recent contributions in the mathematical and statistical literature have also
highlighted the growing importance of statistical inference, goodness-of-fit proce-
dures, and stochastic modeling in modern applied mathematics [11].

Despite these advances, several challenges remain. The performance of Markov
models strongly depends on the chosen representation and model complexity. At
the same time, modern machine learning methods, such as support vector ma-
chines and decision trees, have demonstrated strong predictive capabilities in
a wide range of classification problems. Recent theoretical developments have
also emphasized the impact of model complexity and over-parameterization on
learning performance and generalization properties [16]. Nevertheless, these ap-
proaches generally rely on vector-based representations that may overlook the
intrinsic sequential structure of biological data.

This tension between probabilistic modeling and supervised learning highlights
the need for hybrid approaches. In this context, it is essential to assess to what
extent Hidden Markov Models can complement or outperform classical methods
when applied to real genomic data. Furthermore, the choice of sequence encod-
ing (mononucleotide versus dinucleotide) remains a key factor influencing model
performance.

In this paper, we propose a unified framework for DNA sequence classification
that integrates Markov chains, Hidden Markov Models, and supervised learning
methods. This framework provides a principled approach for modeling sequential
dependencies and is further extended to incorporate latent structures, thereby
enhancing the discrimination between coding and non-coding regions.

We then conduct an empirical evaluation of the proposed models using standard
performance metrics such as accuracy and F1-score.

The main contribution of this work is the development of a hybrid HMM-
SVM framework that combines probabilistic sequence modeling and discrimina-
tive learning within a unified representation space.

Unlike traditional HMM-based classifiers that rely solely on likelihood compar-
isons, the proposed methodology integrates normalized likelihood scores, latent-
state occupancy statistics, entropy-based uncertainty measures, biologically inter-
pretable compositional descriptors, and multi-scale k-mer representations. These
heterogeneous sources of information are combined through a linear Support Vec-
tor Machine, yielding a classification framework that is both highly accurate and
biologically interpretable.

Beyond the empirical study, the proposed framework illustrates how genera-
tive probabilistic models and discriminative machine learning techniques can be
integrated in a principled manner for genomic sequence analysis.

The remainder of the paper is organized as follows. Section 2 presents Markov
chain models for genomic sequences. Section 3 introduces Hidden Markov Models
and the associated inference procedures. Section 4 is devoted to the empirical
study. Section 5 presents the proposed hybrid HMM-SVM framework. Section 6
discusses the methodological implications, limitations, and future research direc-
tions. Finally, Section 7 concludes the paper.
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2. MARKOV CHAIN MODELS FOR GENOMIC SEQUENCES

2.1. DNA Sequences as Markov Chains. Markov chains constitute a fun-
damental probabilistic framework for modeling local dependencies in symbolic
sequences. They are widely used in bioinformatics to represent the statistical
structure of genomic sequences, where successive nucleotides exhibit non-trivial
dependencies related to biological constraints such as compositional biases, mu-
tational context effects, and certain functional structures of the genome.

Within this framework, a DNA strand is represented as a sequence of random
variables defined over the finite alphabet 3 = {A,C, G, T}.

Let (X,)n>0 denote a stochastic process defined on the probability space (2, F, P),
with state space ¥.. The process (X,,) is a homogeneous Markov chain if, for all
n >0,

PX,=J|Xn=14,....X0=10) =P(Xpy1 =7 | X0n =1).
For all 7,7 € X, let
P = P(Xpy1 =3 | Xn =1).
Then P = (P,;) defines a stochastic matrix. Multi-step transitions satisfy the
Chapman-Kolmogorov equations

(P™™)i; = (P")ix(P™ )i
kes
For clarity, Figures 1 and 2 illustrate the probabilistic structures underlying
the Markov and hidden Markov models considered in this work.
These schematic representations emphasize the transition structure of Markov
chains and the role of latent states in Hidden Markov Models, both of which are
central to the probabilistic framework developed in this study.

If the chain is irreducible and aperiodic on a finite state space, then it admits
a unique stationary distribution 7, characterized by

P =, lim (P")y = mj,
n—oo

where 7; denotes the j-th component of the stationary distribution. This con-
vergence shows that the distribution of X,, converges to m, independently of the
initial state .

This result ensures the asymptotic stability of empirical frequencies observed in
biological sequences. Moreover, the classification of states (recurrent or transient)
allows for a finer characterization of the long-term behavior of the process.

2.2. Parameter Estimation. The likelihood of an observed trajectory (xo, ..., x;)
is given by
n—1
L(P) =P(Xo = o) H pxkka?
k=0

or, in aggregated form,

log L(P) =Y Nijlog Py,
2%
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Figure 1. Markov chain representation of nucleotide transitions on

the alphabet > = {A,C,G,T}. Each edge corresponds to a transi-
tion probability p;j = P(X,1 =7 | X,y = 1).

Figure 2. Structure of a Hidden Markov Model. The hidden process
(Zy) is a Markov chain with transition matric A = (a;;), while

each observation Y; is generated conditionally on Z; according to
the emission distribution B.

where Nj;; is the number of transitions from ¢ to j. The maximum likelihood
estimator is then given by

)
Zz

J

Z
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Under ergodicity conditions, this estimator is consistent and asymptotically nor-
mal.

2.3. Model Selection and Information Criteria. In many genomic appli-

cations, local dependencies are better described by higher-order Markov chains,
defined by

P(X,=x,| Xon-1,...,X0) =P(Xy =2, | Xoo1, -+, Xok),

which makes it possible to capture complex biological patterns such as dinu-
cleotide dependencies or GC-content biases.

To determine the appropriate model, and in particular the Markov order, one
may use likelihood ratio tests together with information criteria such as

AIC = —2log L(P) 4+ 2k,  BIC = —2log L(P) + klogn,

where k denotes the number of free parameters and n the sample size. These cri-
teria incorporate a penalty term to balance goodness-of-fit and model complexity.

To quantify the discrepancy between probabilistic models, one may resort to
information-based measures. A fundamental example is the Kullback-Leibler
divergence, given by

DialPIQ) = 3 P o8

while the entropy of a stationary Markov chain is given by

H=-) mP;logPy.
A practical performance measure is perplexity,

1
Perplexity = exp (—— log P(xlm)) ,
n
which quantifies the predictive capacity of the model.

2.4. Markov-Based Classification. Beyond their descriptive capabilities, Markov
chain models can be employed for classification purposes. Consider two classes
of genomic sequences, for instance coding regions (CDS) and non-coding regions
(Non-CDS), represented by two distinct Markov models with transition matrices
P and P®,

Given an observed sequence xi.,, the classification decision may be based on
the likelihood ratio

log £2{1) Zlo
xl ” $k$k+1
where L1(x1.,) and Ly(x1.,) denote the likelihoods of the observed sequence
under the two competing Markov models. The sequence is assigned to the class
associated with the largest likelihood value.
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This classification rule exploits the local transition structure of nucleotide se-
quences and provides a natural probabilistic framework for discriminating be-
tween different genomic regions. In particular, it allows the identification of
statistical signatures associated with coding and non-coding sequences through
their transition patterns.

More generally, DNA sequences may be viewed as realizations of stochastic
processes taking values in the alphabet

Y = {A,C,G,T}.

Within this framework, the objective is not only to describe local nucleotide
dependencies but also to exploit them for statistical inference, prediction, and
classification.

The Markovian representation captures transition preferences between nucleotides,
including enrichments or depletions of specific nucleotide combinations, which of-
ten constitute characteristic molecular signatures of distinct biological regions.

The interest of this approach is twofold. First, it provides a rigorous analyti-
cal framework for studying the long-run behavior of genomic sequences through
the stationary distribution 7. When the chain is irreducible and aperiodic, this
distribution describes the equilibrium frequencies of nucleotides and contributes
to the biological interpretation of sequence composition. Second, it enables di-
rect parameter estimation from observed data through the maximum likelihood
estimator P;;, thereby providing a statistically sound basis for prediction and
classification.

Despite these advantages, observed Markov chains remain limited when the
organization of genomic sequences depends on latent biological mechanisms that
cannot be directly inferred from nucleotide transitions alone. In particular, func-
tional regions such as coding and non-coding segments may exhibit hidden struc-
tural patterns that are not fully captured by observable states. These limitations
motivate the introduction of Hidden Markov Models, which enrich the Markov-
ian framework by incorporating an underlying latent state process. Such models
provide a more flexible representation of biological sequences and play a central
role in modern genomic classification and annotation.

3. HIDDEN MARKOV MODELS FOR GENOMIC CLASSIFICATION

3.1. Hidden State Representation. DNA sequences are naturally viewed as
realizations of stochastic processes taking values in the alphabet 3 = {A, C, G, T'}.

While Markov chains provide an effective framework for modeling local nu-
cleotide dependencies, they may not fully describe the underlying biological or-
ganization of genomic sequences.

In particular, coding and non-coding regions often exhibit distinct statistical
properties that cannot always be explained solely through observable nucleotide
transitions. The existence of latent biological mechanisms suggests the need for
a richer probabilistic representation.

Hidden Markov Models (HMMs) address this limitation by introducing an un-
observed state process that governs the generation of nucleotides. In the genomic
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context, these hidden states may represent functional categories such as coding
and non-coding regions, while the observed symbols correspond to emitted nu-
cleotides.

The introduction of latent states considerably extends the descriptive power of
Markovian models and provides a flexible framework for segmentation, annota-
tion, and classification of genomic sequences.

o /N

Figure 3. Biological interpretation of a Hidden Markov Model for
genomic sequences. Hidden states may represent functional classes
such as coding (C') and non-coding (N ) regions, while observations
correspond to emitted nucleotides.

Let
Z={1,...,K}

denote the hidden state space.
An HMM is defined through the triplet (A, B, 7), where A = (a;;) is the tran-
sition matrix given by

aij =P(Zy1 = j | Z4 =), i,j € Z.

The component B = (b;(y)) corresponds to the emission distribution, defined

by

bi(y) =P, =y | Z = j), jEZ yex,

where ¥ = {A, C, G, T} denotes the observation alphabet.
Finally, the vector

= (771')1'62

characterizes the initial distribution of the hidden Markov chain, where

WII]P(Zl :’L), 1€ Z.

In genomic applications, hidden states may represent functional categories such
as coding regions, non-coding regions, promoters, or regulatory elements. The ob-
servations correspond to emitted nucleotides, whose distributions vary according
to the underlying biological state.
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3.2. Likelihood, Inference and Decoding. Let
Yir=M,...,Yr)
denote the observed nucleotide sequence and
Zvr = (Zy,..., Zr)
the corresponding sequence of hidden states, where Y; € ¥ and Z, € Z.

For a Hidden Markov Model characterized by the parameter triplet § = (A, B, 1),
the joint distribution of observations and hidden states is

T
P(yr1.7, 21:7) = 72, b2y (1 Hazt vz 0z (1)
t=2
The likelihood of the observed sequence is obtained by summing over all pos-
sible hidden-state configurations:

L(0) = Py(Yr.r = y1.7) = Z Po(yr.7, 21.7),
z1.7€ZT

where

0= (A, B,m)
denotes the parameter vector of the Hidden Markov Model.

Direct computation of the likelihood is generally infeasible because the number
of hidden-state sequences grows exponentially with 7. Consequently, inference
relies on efficient dynamic programming algorithms.

The forward probabilities are defined by

at( ) ]P)(let Yi:t, Zt - 2)7 { € Za

and satisfy the recursion

i1(J (Z (1 a’zg) (Yer1), JEZ.

€2
Similarly, the backward probabilities are defined by

Bi(i) = P(Yesrr = Yoy | 2 = 19), 1€ Z,
and satisfy

Bi(i) = Z @i bj(Ye+1) Ber1(5), i€ Z.
jEZ
The forward—backward procedure provides an efficient computation of the like-
lihood and posterior state probabilities, which are central to parameter estimation
and sequence analysis.
To recover the most probable sequence of hidden states, one uses the Viterbi
algorithm, which computes

Zir = argmax P(zy.r | y1.7).
Z1:T
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In the genomic context, this decoding procedure allows the segmentation of
DNA sequences into biologically meaningful regions, such as coding and non-
coding segments.

3.3. Parameter Estimation by the Baum—Welch Algorithm. The param-
eters are estimated via the EM algorithm (Baum—Welch) using the quantities

’Yt(l) - ]P(Zt =1 ’ YI:T)7 ét(lﬂj) - ]P)(Zt - 7:) Zt+1 :j | Yi:T)v

ensuring a monotonic increase of the likelihood.
The Baum—Welch algorithm is a particular instance of the Expectation—-Maximization

(EM) procedure.
During the E-step, the posterior probabilities

(i) =P(Z =i | Yir)

and

515(27]) - P(Zt - 7:7 Zt+1 - j ’ Yi:T)
are computed using the forward—backward recursions.

During the M-step, the transition and emission probabilities are updated ac-
cording to

G X &ling)
TOXS )

)

and

A‘ (y) o Zt:}ft:y /yt(j)
i\Y) = =1 -
Zt:1 Vi (] )
These updates maximize the expected complete-data log-likelihood and guar-
antee a monotonic increase of the observed-data likelihood.

3.4. HMM-Based Genomic Classification. To model not only local depen-
dencies but also the existence of functional structures that are not directly ob-
servable, Hidden Markov Models constitute a particularly relevant generalization.
In this framework, the observed sequence of nucleotides is assumed to be emitted
by a latent sequence of states representing, for example, coding and non-coding
regions. The joint probability of a sequence of states zy.r and a sequence of
observations yy.r is given by P(yy.7, 21.7).

In a classification perspective, probabilistic inference consists in comparing
the compatibility of a sequence with several competing models. If, for example,
one has a model learned on coding regions M¢ps and another learned on non-
coding regions My,,_cps, the decision can be formulated based on the maximum
likelihood criterion:

Let S = y;.r denote an observed DNA sequence. The classification rule is
based on the maximum log-likelihood criterion
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c(S) = ar max log P(S | M.,).
(:9) ch{CDS,Non—CDS} g P(S | M)

A sequence is thus assigned to the class whose model best explains the ob-
servations. This decision strategy makes it possible to transform probabilistic
modeling into an operational prediction tool, while preserving a clear interpreta-
tion of the underlying statistical mechanisms.

Finally, Hidden Markov Models provide a natural probabilistic framework for
representing latent biological structures underlying genomic sequences. Hidden
states may be associated with functional categories such as coding and non-coding
regions, while emission distributions characterize the statistical properties of ob-
served nucleotides. Through probabilistic inference and decoding procedures,
HMMs enable the segmentation and annotation of genomic sequences.

The combination of Markov chains and Hidden Markov Models therefore pro-
vides a unified framework for modeling, inference, and classification. The practi-
cal effectiveness of this framework will be assessed in the next section through an
empirical study based on real genomic data, using standard performance measures
such as accuracy and Fl-score.

4. EMPIRICAL STUDY

In this section, we implement the theoretical concepts presented previously to
address a concrete problem of genomic region classification. More specifically, we
focus on distinguishing between coding and non-coding regions.

4.1. Genomic Data Description. We used genomic data from the organism
Escherichia coli strain K-12 substr. MG1655, a bacterial model widely stud-
ied in molecular biology and genomics. The complete genome of this strain is
available through the public database NCBI (National Center for Biotechnology
Information) [4], under the accession number NC_000913. 3.

The file used in this study is in GenBank format, which allows the combination
of the nucleotide sequence with detailed annotation describing genes, coding re-
gions (CDS), RNAs, promoters, and other functional elements. This genome, of
circular double-stranded DNA type, has a total length of 4641 652 base pairs. It
contains approximately 4 870 annotated genes, of which nearly 4 315 correspond
to coding regions (CDS). In addition, more than 300 RNAs have been identi-
fied, including ribosomal RNAs (rRNA), transfer RNAs (tRNA), as well as other
non-coding RNAs (ncRNA).

This richness of annotation allows a precise distinction between coding and non-
coding regions, which is essential in our classification approach. These data are
automatically extracted using the Biopython library, which enables automated
reading and processing of GenBank files.
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Genomic structure: coding (red) vs non-coding (blue)
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Figure 4. Genomic structure

Table 1. Detailed mononucleotide statistics of CDS and Non-CDS

regions
Base CDS (4025874) Non-CDS (646 148) Difference
A 24.06% 28.26% -4.20%
C 24.55% 21.69% +2.86%
G 27.34% 22.08% +5.26%
T 24.04% 27.97% -3.93%
GC 51.90% 43.77% +8.12%
AT 48.10% 56.23% -8.13%

The analysis of mononucleotide frequencies is an essential step to characterize
sequence composition and highlight differences between coding and non-coding
regions. In CDS regions, the base distribution is relatively balanced, with a slight
predominance of G and C bases, leading to a GC content of 51.90%.

In contrast, non-coding regions show a marked enrichment in A and T bases,
reaching more than 56% of the total content. This difference reflects distinct
biological constraints: coding regions require a certain structural stability, favored
by GC bases, whereas non-coding regions exhibit greater structural flexibility due
to their AT richness.

These compositional differences constitute a discriminative molecular signa-
ture between CDS and Non-CDS regions, which can be exploited in classification
models.
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Figure 5. Frequency distribution

Beyond individual frequencies, the analysis of dinucleotides allows capturing lo-
cal dependencies between successive nucleotides. Dinucleotides are not randomly
distributed but reflect contextual constraints.

In coding regions, the dominant motifs are GC (8.65%), TG (8.14%), CG
(7.85%), AA (7.44%), and GG (6.68%), confirming the GC richness. In particular,
the overrepresentation of GC and CG motifs is notable.

In contrast, non-coding regions are dominated by dinucleotides AA (9.54%),
TT (9.36%), AT (8.11%), TA (6.59%), and TG (6.46%), reflecting a strong dom-

inance ?)Ff and

able 2. ls[ét]a?feeaﬁ‘dmucleotide statistics of CDS and Non-CDS re-

gions

Dinucleotide CDS Non-CDS Difference

GC 8.65% 5.97% +2.69%
CG 7.85% 5.18% +2.66%
TT 6.45% 9.36% -2.91%
TA 4.23% 6.59% -2.37%
AA 7.44% 9.54% -2.09%

These differences highlight discriminative motifs, notably the enrichment of
GC and CG in CDS, and TT, TA, and AA in Non-CDS regions.

These motifs constitute relevant variables for classification models. In HMMs,
they allow better capture of sequential dependencies, while in supervised models
(SVM), they can be incorporated as explanatory variables.
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Frequency Difference Top 10 Dinucleotides
CDS vs Non-CDS with Largest Differences
GA 1
A -2.09 +0.16 -0.64 -2
AG

Pecnriet nacbectide

Difterence CDS - Non-CDS (%)
3

(& T N
Deuxiéme nucléotide Frequency Difference (%)

Figure 6. Discriminative dinucleotides

4.2. Data Cleaning and Encoding. The preliminary processing of DNA se-
quences constitutes a crucial step, as it directly affects the quality of the models
developed subsequently. This phase consists in preparing raw genomic data to
make it suitable for statistical analysis and machine learning.

The data cleaning process aims to retain only the information relevant to our
study. More specifically, we keep coding regions (CDS) and non-coding regions
(Non-CDS), while removing unnecessary elements such as redundant annotations,
incomplete sequences, and ambiguous nucleotides.

Using the Biopython library, the following operations were performed: load-
ing the GenBank file containing genomic annotations, extracting coding regions
(CDS), inferring non-coding regions from the intervals between CDS, and filtering
out sequences that are too short (length < 30 nucleotides), which may introduce
noise.

Depending on the type of model used, specific transformations were then ap-
plied to the sequences.

In the case of Hidden Markov Models (HMMs), the sequences are encoded as
discrete states. Each nucleotide from the alphabet ¥ = {A, C, G, T} is mapped
to an integer, for example:

A—0, C—1, G—2, T3

This encoding allows each sequence to be represented as a sequence of discrete
observations, compatible with a categorical HMM.

For Support Vector Machines (SVMs), sequences cannot be used directly, as
this type of model requires fixed-dimensional feature vectors. To address this
constraint, sequences are transformed into numerical vectors using the k-mer ap-
proach, which is widely used in bioinformatics. This method consists of counting
the occurrences of subsequences of length k, thereby providing a vector represen-
tation suitable for supervised learning.
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Experimental protocol. For each class, the dataset was randomly divided into
training and testing subsets using an 80%/20% split. Model performance was
evaluated using accuracy, precision, recall, F1-score, and ROC-AUC metrics.

4.3. Construction of HMM Models. We constructed and trained two Hid-
den Markov Models (HMMs) to model coding and non-coding regions of DNA
sequences, drawing in particular on the work of D. Mertsch and M. Stanke [15].

The objective is to assess the impact of sequence representation on the ability
of probabilistic models to discriminate between coding (CDS) and non-coding
(Non-CDS) regions.

Two encoding strategies were investigated: a mononucleotide encoding based
on individual nucleotides, and a dinucleotide encoding based on successive nu-
cleotide pairs.

In the first approach, each nucleotide
A C G, T

is mapped to an integer value. The resulting probabilistic model is a discrete
HMM whose observations belong to a finite alphabet of size 4.

The hidden-state structure relies on six latent states, assumed to represent
recurrent motifs or internal organizational patterns of genomic sequences. The
choice of six hidden states provided a satisfactory compromise between model
flexibility and estimation stability.

Training is carried out using two categories of genomic regions: coding segments
(CDS) and non-coding segments (Non-CDS). Two distinct probabilistic models
are therefore estimated, one for each class.

The estimated parameters consist of: the transition matrix between hidden
states and the emission probability matrix associated with the observations.

Parameter estimation is performed by maximum likelihood using the Baum—
Welch algorithm, which iteratively maximizes the likelihood of the observed se-
quences.

In the second approach, dinucleotide encoding is introduced in order to capture
local dependencies between successive nucleotides. The observation alphabet then
contains

16=4x14

symbols corresponding to all possible nucleotide pairs.

The hidden-state architecture remains unchanged, with six latent states. How-
ever, the emission structure becomes richer, allowing a finer representation of
short-range sequence regularities, at the cost of increased model complexity.

Training follows the same strategy as in the mononucleotide case, with separate
estimation procedures for CDS and Non-CDS regions.

The partition of the data into training and test sets is adapted to the prob-
abilistic framework. For each class, 80% of the sequences are used for training,
while the remaining 20% are reserved for evaluation.

Consequently, two independent HMMs are constructed: one associated with
coding regions and the other with non-coding regions.
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During the testing phase, each sequence is evaluated under both compet-
ing models. The predicted class is determined according to the maximum log-
likelihood criterion:

c(S) = arg max log P(S | M.),

ce{CDS, Non—CDS}
where M, denotes the HMM associated with class c.

The estimated transition structures reveal significant differences between cod-
ing and non-coding regions.

For coding regions, several transitions exhibit dominant probabilities, reflecting
a highly structured sequential organization. Certain transitions appear almost
systematic, which is consistent with the regularity of biological motifs observed
in CDS regions.

In contrast, the transition matrices associated with non-coding regions display
a more diffuse probabilistic structure. The transition probabilities are less concen-
trated and exhibit greater variability, indicating a more heterogeneous sequential
organization and increased structural flexibility.

These differences confirm that Hidden Markov Models effectively capture the
specific statistical characteristics of each type of genomic region, thereby pro-
viding a robust probabilistic framework for discriminating between coding and
non-coding sequences.

4.4. Baseline Models.

HMM Mono
Accuracy: 0.910

Table 3. Classification

2 report Mononu-
: :: cleotide HMM
3 P Class Precision | Recall | F1-score | Support
: - 300 Non-CDS 0.86 0.93 0.89 577
81 200 CDS 095 | 0.90 | 0.92 863
- 100 Accuracy 0.91 (out of 1440)
Macro avg 0.90 0.91 0.91 1440
Weighted avg 0.91 0.91 0.91 1440

Figure 7. Performance of the mononucleotide HMM model

4.4.1. Mononucleotide HMM Results. The evaluation of the HMM model with
mononucleotide encoding shows high performance, with an overall accuracy of
91%. This result confirms the relevance of the probabilistic approach for genomic
region classification.

For non-coding regions, the model achieves a precision of 0.86 and a recall of
0.93, indicating a strong ability to correctly identify these regions (535 sequences
correctly classified versus 42 errors).

For coding regions, the precision reaches 0.95 and the recall 0.90, resulting
in an Fl-score of 0.92. This means that 775 sequences out of 863 are correctly
identified, with 88 classification errors.
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The confusion matrix highlights a dominant diagonal, reflecting a good sep-
aration between classes. The errors are mainly due to CDS being classified as
Non-CDS, suggesting a trade-off between sensitivity and specificity.

These results show that even with a simple encoding, the HMM effectively
captures sequential dependencies.

HMM Di
Accuracy: 0.869

500 Table 4. Classification

5 " report — Dinucleotide
° HMM
:5:0 Class Precision | Recall | F1-score | Support
:OZ Non-CDS 092 | 0.74 | 0.82 577

1 * [ CDS 0.85 | 0.96 | 0.90 863

| 100 Accuracy 0.87 (out of 1440)

cbs

MRS predicted Macro avg | 0.88 | 0.85 | 086 | 1440
Weighted avg | 0.87 | 0.87 | 0.87 | 1440

Non-CDS

Real

"
a
o

Figure 8. Performance of the dinucleotide HMM model

4.4.2. Dinucleotide HMM Results. The HMM model based on dinucleotide en-
coding allows capturing richer local dependencies. It achieves an overall accuracy
of 87%, slightly lower than that of the mononucleotide model.

For Non-CDS, the precision is high (0.92), but the recall is lower (0.74), mean-
ing that some non-coding sequences are poorly detected (426 correctly classified
versus 151 errors).

For CDS, the model achieves a very high recall (0.96), but a lower precision
(0.85), indicating a tendency to over-classify certain sequences as CDS.

The confusion matrix reveals an asymmetry: the errors mainly arise from Non-
CDS classified as CDS (151 cases), compared to only 38 errors in the opposite
direction.

These results show that the dinucleotide model better captures characteristic
motifs of CDS, but at the cost of degraded performance on Non-CDS.

SVM
Accuracy: 0.899

oo Table 5. Classification
- o0 report — SVM
500 Class Precision | Recall | F1-score | Support
| 400 Non-CDS 0.84 0.94 0.88 577
~300 CDS 0.95 0.88 0.92 863
| * - 200 Accuracy 0.90 (out of 1440)
- 100 Macro avg 0.90 0.91 0.90 1440
CDS

NDHICDS S .
Predicted Weighted avg | 0.91 0.90 0.90 1440

Non-CDS

Real

0
o
o

Figure 9. Performance of the SVM model
4.4.3. Support Vector Machine (SVM). The SVM model, based on variables such

as GC content and mono- and dinucleotide frequencies, achieves an accuracy of
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90%. It provides good classification performance but relies on a vector represen-
tation of the data, without explicitly modeling sequential dependencies.

Confusion Matrix - Decision Tree 700 Table 6' Classzﬁcatlon
report — Decision Tree
Class Precision | Recall | F1-score | Support

” Non-CDS 084 | 094 | 088 577

H a0 CDS 0.95 0.88 0.92 863

: Accuracy 0.90 (out of 1440)
30 Macro avg 0.90 0.91 0.90 1440
. Weighted avg 0.91 0.90 0.90 1440

100

Non-CDS s
Predicted label

Figure 10. Performance of the Decision Tree model

4.4.4. Decision Tree.

4.4.5. Decision Tree. The Decision Tree classifier achieves competitive perfor-
mance, with an overall accuracy of approximately 90%. Although its predictive
performance remains slightly below that of the Hidden Markov Model and sub-
stantially below that of the proposed hybrid HMM-SVM framework, it offers an
important advantage in terms of interpretability.

Unlike probabilistic sequence models, decision trees produce explicit classifi-
cation rules that can be directly analyzed and visualized. The learned decision
paths highlight biologically meaningful descriptors, including GC content, nu-
cleotide composition, and specific dinucleotide motifs. These variables are known
to be associated with functional differences between coding and non-coding ge-
nomic regions.

From a biological perspective, the resulting tree provides insight into the mech-
anisms driving classification decisions and facilitates the identification of sequence
characteristics that contribute most strongly to class discrimination. This inter-
pretability makes decision trees particularly attractive for exploratory genomic
analyses, where understanding the relationship between sequence composition
and biological function is often as important as predictive accuracy.

However, because decision trees rely on fixed-dimensional feature represen-
tations and hierarchical splitting rules, they do not explicitly model sequential
dependencies or latent biological structures. Consequently, their ability to cap-

ture the complex organization of genomic sequences remains more limited than
that of Hidden Markov Models or the proposed hybrid HMM-SVM framework.

5. HYyBRID HMM-SVM FRAMEWORK

In this section, we propose a hybrid framework for genomic sequence classifica-
tion that explicitly combines sequential probabilistic modeling based on Hidden
Markov Models (HMMs) with a discriminative decision mechanism provided by
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a Support Vector Machine (SVM). The objective is to overcome the classical
opposition between generative and discriminative models by constructing a uni-
fied representation in which HMMs extract latent structural information from
genomic sequences, while the SVM learns an optimal decision boundary in the
resulting feature space.

5.1. Hybrid Feature Representation. Let
x=(x1,...,27)
be a genomic sequence of length 7', and let
ye{-1,+1}

denote its class label, corresponding respectively to non-coding and coding re-
gions.

Within the standard generative framework, two class-specific Hidden Markov
Models are estimated: a model My associated with coding regions and a model
M associated with non-coding regions. Classification is then based on the com-
parison of the likelihoods

plx|Mg)  and  p(z| My).

Although this approach is biologically meaningful, it remains limited from a
discriminative perspective, since the final decision is often reduced to a scalar
likelihood contrast.

In contrast, SVM-based approaches operate on fixed-dimensional feature vec-
tors and generally provide a stronger separation between classes. However, they
do not explicitly account for the sequential dependence structure or the latent
organization of nucleotides within genomic sequences.

The proposed framework therefore seeks to combine the strengths of both ap-
proaches. Hidden Markov Models provide a representation that captures the
sequential and latent structure of genomic data, while the Support Vector Ma-
chine exploits this representation to perform maximum-margin classification. In
this way, the resulting hybrid model benefits simultaneously from the descrip-
tive power of probabilistic sequence modeling and the discriminative efficiency of
modern machine learning methods.

For a genomic sequence x, we first compute the normalized log-likelihoods
associated with the two class-specific models:

1 1
lo(x) = T log p(x | Mc), In(x) = T logp(x | My).

Normalization by sequence length ensures comparability across sequences of
different sizes. We then define the generative contrast

Al(x) =Llo(x) — ln(x),
which quantifies the extent to which the sequence is better explained by the
coding model than by the non-coding model.
However, in order to avoid reducing the sequential information to these global
likelihood scores alone, we also exploit the posterior quantities produced by the
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forward—backward algorithm. For each model, we consider the average hidden-
state occupancies together with average entropy measures summarizing the dis-
persion of the posterior distributions along the sequence.

The former describe how a sequence activates the latent states of the Hidden
Markov Model, whereas the latter quantify the degree of uncertainty associated
with this activation. These quantities are particularly relevant in a biological
context, since coding and non-coding regions may differ not only in their over-
all nucleotide composition but also in the stability of their internal sequential
organization.

Consequently, the extracted HMM features provide a richer representation of
genomic sequences, combining global likelihood information with latent structural
characteristics inferred from the posterior state distributions.

In addition to the generative features described above, we incorporate a set of
biologically interpretable compositional descriptors, denoted by

z(x).

This feature vector includes mononucleotide and dinucleotide frequencies, GC
and AT contents, as well as other simple sequence composition indicators. The
inclusion of these variables is motivated by their well-established biological rele-
vance, particularly in distinguishing GC-rich regions from AT-rich regions.

The final representation of a sequence is defined through the hybrid embedding

CI)(:E) = [fc(x),gj\r(l’),AE(:E),’_)/(C)(I),’?(N)(ZE),HC(JI),HN(ZL'),Z(I) :

This representation possesses an important methodological advantage: it com-
bines within a single feature space global generative evidence, latent sequential
structure, and explicit compositional information. Consequently, it is neither a
simple handcrafted projection of the sequence nor a purely probabilistic reduction
based on a single likelihood score. Rather, it defines a mixed representation space
that is simultaneously biologically interpretable and statistically discriminative.

From a machine learning perspective, this hybrid embedding allows the classi-
fier to exploit complementary sources of information. The likelihood-based fea-
tures summarize the global compatibility of a sequence with each probabilistic
model, the posterior-state statistics characterize its latent sequential organiza-
tion, and the compositional descriptors capture biologically meaningful patterns
related to nucleotide content and local dependencies.

5.2. Multi-Scale k-mer Extension. The proposed hybrid representation is for-
mulated within a multi-scale framework. More precisely, we consider two levels
of granularity,
k=1 and k=2,
corresponding respectively to mononucleotide and dinucleotide representations.
For each value of k, a hybrid feature vector

is constructed according to the procedure described above. The resulting repre-
sentations are then concatenated into a common feature space.
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This strategy makes it possible to simultaneously integrate information cap-
tured at different local resolutions of the sequence. It also strengthens the
methodological scope of the proposed framework, since the study of k-mer ef-
fects is no longer treated as a secondary experimental analysis but becomes an
intrinsic component of the classification model itself.

From a biological perspective, different values of k capture complementary
aspects of genomic organization. Mononucleotide representations characterize
global compositional properties, whereas dinucleotide representations provide in-
formation about short-range dependencies and local sequence motifs. Their com-
bination therefore yields a richer and more informative description of genomic
sequences.

The resulting multi-scale embedding can be written schematically as

Byis (1) = [@1(;5),@2(35)],

where @, (z) and ®5(x) denote the hybrid representations associated with the
mononucleotide and dinucleotide levels, respectively.

5.3. Hybrid HMM-SVM Classification Rule. The final classification step
is performed using a linear Support Vector Machine defined by

f(z) = sign (w' ®(z) +b),

where w denotes the weight vector and b the intercept term, both estimated from
the labeled training data.

The choice of a linear SVM is not motivated solely by its computational effi-
ciency and numerical robustness. It also provides a direct interpretation of the
learned coefficients, which is particularly desirable in an explainable bioinformat-
ics framework. Indeed, the components of the vector w quantify the contribution
of each feature to the classification decision and therefore make it possible to
identify the variables that play the most important role in discriminating be-
tween coding and non-coding regions.

This interpretability is especially valuable in genomic applications, where un-
derstanding the biological significance of predictive features is often as important
as achieving high classification accuracy. In particular, the analysis of the learned
coefficients allows one to assess the relative importance of likelihood-based scores,
hidden-state occupancy statistics, entropy measures, and compositional descrip-
tors in the final decision process.

Consequently, the proposed HMM-SVM framework combines the representa-
tional power of probabilistic sequence models with the discriminative strength
and interpretability of modern supervised learning techniques.

5.4. Hybrid HMM-SVM Results. The proposed hybrid HMM-SVM frame-
work was evaluated on the genomic dataset described in Section 4 in order to
assess its ability to discriminate between coding (CDS) and non-coding (Non-
CDS) regions. The objective of this experiment is twofold. First, we investigate
whether the integration of probabilistic sequence modeling and discriminative
learning improves classification performance. Second, we analyze the relative
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importance of the extracted hybrid features in order to better understand the
biological and statistical mechanisms underlying the classification process.

The following results illustrate both the predictive performance of the proposed
framework and the contribution of the different categories of features included in
the hybrid representation.

Confusion Matrix - Hybrid HMM-SVM

Non-CDS

Actual

CDS

'
Non-CDS

Predicted

Table

7. Classification
Report — Hybrid HMM-

600 SVM
500 Class Precision | Recall | F1-score | Support
- 400 Non-CDS 0.99 0.99 0.99 450
_300 CDS 0.99 0.99 0.99 857
= Accuracy 0.99 (out of 1307)
% Macro avg 0.99 0.99 0.99 1307
Weighted avg 0.99 0.99 0.99 1307

Figure 11. Performance of the Hybrid HMM-SVM Model
Table 8. Top 20 Most Discriminative Hybrid Features
Rank|Feature Coef. [|Coef.|
11kl II cds 4.126 | 4.126
2|kl delta 1l 3.654 | 3.654
3k2 1l cds 1.801 | 1.801
41k2 delta 1l 1.720| 1.720
5|kl occ_cds O -1.633| 1.633
6|k2 di AT -1.472| 1.472
7|kl di AT -1.472| 1.472
8lk2 occ _non cds 0| 1.427 | 1.427
9/k2 di TA 1.417| 1.417
10(k1 di TA 1.417 | 1.417
11/k2 di CA 1.113| 1.113
121k1 di CA 1.113| 1.113
13/k2 di AC -1.102| 1.102
14|kl di AC -1.102| 1.102
15|kl occ cds 2 -1.042| 1.042
16|kl entropy cds 0.968 | 0.968
17|kl _occ_non cds_ 3[0.921| 0.921
18|k2 occ_cds 0 0.913] 0.913
191kl _di AG -0.841] 0.841
201k2 di AG -0.841] 0.841

Performance Analysis

. As shown in Figure 11, the proposed hybrid model achieves
an overall accuracy of 0.99 on the test set composed of 1307 genomic sequences.
The corresponding precision, recall, and Fl-scores are all close to 0.99 for both
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classes. Such results indicate an excellent balance between sensitivity and speci-
ficity and demonstrate the ability of the model to accurately discriminate between
coding and non-coding regions.

The classification report further confirms the robustness of the proposed ap-
proach. The performance remains remarkably stable across both classes, sug-
gesting that the classifier does not improve global accuracy at the expense of
one category of genomic regions. Moreover, the confusion matrix indicates that
only 11 sequences are misclassified, providing strong evidence that the hybrid
representation captures the essential statistical differences between coding and
non-coding DNA sequences.

These results substantially improve upon the performance obtained with the
individual HMM, SVM, and Decision Tree models considered previously. The
gain in predictive accuracy suggests that the different sources of information
incorporated into the hybrid representation are highly complementary.

5.5. Feature Interpretation. A major advantage of the proposed methodology
lies in the interpretability of the learned classifier. Because a linear SVM is
employed, the estimated coefficients directly quantify the contribution of each
feature to the classification decision. Consequently, the learned model provides
not only accurate predictions but also valuable insight into the variables driving
genomic discrimination.

The ranking displayed in Table 8 reveals that the most influential variables
are primarily likelihood-based descriptors derived from the Hidden Markov Mod-
els, particularly k1_11_cds, k1_delta_11, k2_11_cds, and k2_delta_11. These
quantities represent the global probabilistic evidence supporting either the cod-
ing or non-coding nature of a sequence. Their predominance demonstrates that
the generative component of the framework provides the strongest discriminatory
signal.

The analysis also highlights the importance of latent-state descriptors. Several
hidden-state occupancy variables appear among the most influential predictors,
indicating that the internal organization of the hidden states contains biologically
meaningful information beyond the global likelihood scores. Furthermore, the
presence of entropy-based descriptors among the most discriminative variables
suggests that the uncertainty associated with the posterior state distributions
itself contributes to the classification process. This result emphasizes the impor-
tance of considering not only the inferred latent structure but also the confidence
associated with that structure.

In addition to the HMM-derived variables, several compositional descriptors
associated with dinucleotide frequencies exhibit substantial coefficients. In par-
ticular, motifs involving AT, TA, CA, AC, and AG repeatedly appear among the
most discriminative features. Their simultaneous presence across multiple scales
confirms that local nucleotide composition remains an important source of biolog-
ical information. More importantly, the multi-scale representation demonstrates
that such compositional patterns complement rather than replace the information
extracted from probabilistic sequence models.
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Biological and Methodological Interpretation. Taken together, these findings pro-
vide strong evidence that effective genomic classification emerges from the inte-
gration of multiple complementary information sources. The proposed hybrid rep-
resentation combines global likelihood evidence, latent-state organization, uncer-
tainty measures, and biologically interpretable compositional descriptors within
a unified feature space.

From a methodological perspective, the results validate the central hypoth-
esis underlying the proposed framework: Hidden Markov Models and Support
Vector Machines should not be viewed as competing paradigms, but rather as
complementary tools whose integration yields a more powerful and informative
classification methodology. The resulting framework therefore achieves not only
very high predictive performance but also a meaningful level of interpretabil-
ity, making it particularly attractive for bioinformatics applications where both
accuracy and biological understanding are essential.

6. DISCUSSION

The results obtained in this study highlight both the strengths and limitations
of classical probabilistic and machine learning approaches for genomic sequence
classification. More importantly, they demonstrate the benefits of integrating
these complementary paradigms within the proposed hybrid HMM-SVM frame-
work.

The experiments first confirm the relevance of Hidden Markov Models for ge-
nomic sequence analysis. Owing to their ability to explicitly represent latent
biological structures and sequential dependencies, HMMs provide a natural prob-
abilistic framework for distinguishing coding and non-coding regions. In par-
ticular, the mononucleotide HMM achieves an accuracy of approximately 91%,
confirming that local nucleotide dependencies contain substantial information for
genomic classification.

Support Vector Machines and Decision Trees also exhibit competitive perfor-
mance, with accuracies close to 90%. These methods benefit from their dis-
criminative nature and their ability to exploit compositional descriptors such
as GC content and nucleotide frequencies. However, because they operate on
fixed-dimensional feature vectors, they do not directly model the sequential or-
ganization of genomic data and therefore cannot fully exploit latent structural
information contained in DNA sequences.

The main contribution of this work lies in the development of a hybrid HMM—
SVM framework that combines the complementary strengths of both approaches.
Rather than treating generative and discriminative models as competing paradigms,
the proposed methodology integrates them within a unified representation space.
Hidden Markov Models provide likelihood-based features, hidden-state occupancy
statistics, and entropy measures that capture latent sequential organization, while
the SVM learns an optimal discriminative boundary from these probabilistic de-
scriptors together with biologically meaningful compositional variables.
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The empirical results strongly support the effectiveness of this strategy. The
hybrid model achieves an accuracy, F1-score, and ROC-AUC close to 0.99, sub-
stantially outperforming the individual HMM, SVM, and Decision Tree models.
Such an improvement suggests that the different sources of information exploited
by the hybrid representation are highly complementary.

6.1. Methodological Discussion and Scope of the Model. Beyond its pre-
dictive performance, the proposed framework provides several methodological
contributions. First, it establishes a principled mechanism for combining prob-
abilistic sequence modeling and discriminative learning within a unified classifi-
cation architecture. The HMM component captures both the sequential depen-
dencies and the latent biological organization of genomic sequences, whereas the
SVM component transforms this information into an optimal classification rule.

The analysis of the learned coefficients reveals that the most influential vari-
ables are dominated by the likelihood-based quantities associated with the Hidden
Markov Models, particularly the coding likelihood scores and likelihood contrasts.
This observation demonstrates that the probabilistic component constitutes the
primary source of discriminative information. At the same time, hidden-state
occupancies, entropy measures, and compositional descriptors contribute signif-
icantly to the classification process, indicating that the hybrid model effectively
combines multiple complementary sources of information.

From a broader perspective, the proposed representation integrates three fun-
damental aspects of genomic sequence analysis:

(1) probabilistic evidence through HMM likelihoods;

(2) latent biological organization through hidden-state representations;

(3) explicit sequence composition through nucleotide and dinucleotide de-
scriptors.

The resulting framework therefore goes beyond a simple juxtaposition of a
generative classifier and a discriminative classifier. Instead, it provides a coherent
methodology in which probabilistic modeling and supervised learning reinforce
one another. This integration is particularly relevant in genomics, where both
local sequential dependencies and global compositional properties play a crucial
role in determining biological function.

Another important feature of the proposed methodology is its interpretability.
Unlike many modern black-box classification systems, the hybrid HMM-SVM
framework allows direct identification of the variables driving the classification de-
cision. This property is especially valuable in bioinformatics applications, where
biological understanding and predictive performance are equally important.

More generally, the proposed framework should be viewed as a flexible method-
ological platform rather than a model restricted to a particular genomic dataset.
The hybrid representation can naturally accommodate additional probabilistic
descriptors, alternative hidden-state architectures, higher-order sequence models,
or different discriminative classifiers. Consequently, the methodology introduced
in this work may be applicable to a broader range of sequence analysis problems
beyond the coding versus non-coding classification task considered here.
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6.2. Limitations and Future Research Directions. Despite these encour-
aging results, several limitations should be acknowledged. First, the empirical
study is restricted to the genome of Fscherichia coli, a well-annotated prokary-
otic organism whose genomic organization is relatively simple compared with that
of higher eukaryotes. Although this dataset constitutes a standard benchmark
for methodological evaluation, additional experiments on more complex genomes
would be necessary to assess the generalizability of the proposed framework.

Second, the current implementation relies on first-order Hidden Markov Mod-
els together with mononucleotide and dinucleotide representations. While these
models successfully capture short-range dependencies, they may not adequately
represent longer-range biological interactions. Extensions based on higher-order
Markov models or more sophisticated latent-state architectures could potentially
provide additional improvements.

Several promising research directions emerge from this work. Future investi-
gations may include the development of higher-order HMM representations, the
integration of deep neural architectures within the hybrid framework, and the ap-
plication of the proposed methodology to eukaryotic genomes exhibiting complex
exon-intron structures. Another important direction concerns the theoretical
analysis of the hybrid representation itself, including its statistical properties,
robustness, consistency, and generalization capabilities.

Overall, the present study demonstrates that combining probabilistic sequen-
tial modeling with discriminative machine learning yields a powerful and inter-
pretable framework for genomic sequence classification. Beyond its practical per-
formance, the proposed HMM-SVM methodology provides a principled bridge
between stochastic modeling and modern supervised learning, thereby opening
new perspectives for the analysis, annotation, and understanding of biological
sequences.

7. CONCLUSION

In this paper, we developed a unified framework for genomic sequence classifi-
cation based on Markov chains, Hidden Markov Models, and supervised learning
techniques.

The study first revisited the role of Markovian models in the probabilistic rep-
resentation of DNA sequences and highlighted the importance of local nucleotide
dependencies for distinguishing coding and non-coding regions. Hidden Markov
Models were then employed to incorporate latent biological structures and to
provide a richer representation of genomic organization.

The principal contribution of this work is the introduction of a hybrid HMM-
SVM framework that combines probabilistic sequential modeling, latent-state in-
formation, and biologically interpretable compositional descriptors within a com-
mon feature space. Experimental results obtained on the FEscherichia coli genome
demonstrate that this hybrid representation substantially improves classification

performance, achieving an accuracy close to 99% and outperforming the individ-
ual HMM, SVM, and Decision Tree models.
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Beyond its predictive performance, the proposed methodology provides an in-
terpretable framework that bridges generative probabilistic modeling and dis-
criminative machine learning. The analysis of the learned features confirms that
likelihood-based descriptors, hidden-state statistics, and compositional variables
all contribute significantly to genomic discrimination.

Future work will focus on the extension of the framework to higher-order
Markov models, more complex latent-state architectures, and large-scale genomic
datasets, particularly eukaryotic genomes exhibiting rich exon—intron structures.
Another promising direction concerns the theoretical analysis of the hybrid rep-
resentation and its statistical properties.

Overall, the proposed HMM-SVM methodology provides a flexible and effective
framework for genomic sequence classification and opens new perspectives for the
integration of stochastic modeling and modern machine learning in computational
genomics.
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