
INTERNATIONAL JOURNAL OF COMPUTERS COMMUNICATIONS & CONTROL
Online ISSN 1841-9844, ISSN-L 1841-9836, Volume: 21, Issue: 5, Month: October, Year: 2026
Article Number: 7478, https://doi.org/10.15837/ijccc.2026.5.7478

CCC Publications 

Algorithmic Compression Learning: A Hybrid Complexity–Deep
Representation Framework for Medical Image Analysis

Soukaina Mjahed , Ouail Mjahed

Soukaina Mjahed
Faculty of Sciences Semlalia, Department of Computer Sciences
LISI Laboratory, Cadi Ayyad University
Marrakech 40000, Morocco.
s.mjahed@uca.ac.ma

Ouail Mjahed*
Faculty of Sciences and Technology, Department of Computer Sciences
L2IS Laboratory, Cadi Ayyad University
Marrakech 40000, Morocco.
*Corresponding author: ouail.mjahed@ced.uca.ma

Abstract

Understanding and quantifying structural complexity in visual data remains a fundamental
challenge in pattern recognition. This work investigates the hypothesis that compression-based
measures can provide a complementary structural representation that enhances deep learning mod-
els. To this end, we introduce a hybrid framework termed Algorithmic Compression Learning with
Deep Learning (ACL–DL), which integrates multi-scale compression-based descriptors with deep
neural representations. The proposed ACL component characterizes structural irregularity and
stability across spatial scales using compression-derived measures, interpreted as empirical prox-
ies of structural organization. These descriptors are fused with semantic embeddings extracted
from fine-tuned deep networks, enabling joint modeling of intrinsic structural patterns and high-
level visual features. Experiments conducted on three heterogeneous medical imaging datasets
(BUSI ultrasound, CBIS-DDSM mammography, and BreakHis histopathology) demonstrate that
compression-based descriptors provide discriminative signals that complement deep representations.
The best accuracy rates achieved by the ACL–DL hybrid framework, reported as mean + standard
deviation, reached 95.63%, 98.72%, and 99.16% across the three datasets, consistently improving
over standalone ACL and deep learning baselines with statistically significant gains (p < 0.05).
Beyond predictive performance, the results highlight the potential of compression-based structural
descriptors as model-agnostic components that can be effectively integrated into modern represen-
tation learning pipelines.
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1 Introduction
Representation learning remains a central challenge in modern machine learning and pattern recog-

nition. Deep neural networks have achieved remarkable success in extracting high-level semantic rep-
resentations from complex data, particularly in computer vision and image analysis. However, their
learned representations are primarily optimized for semantic discrimination and may not explicitly
capture intrinsic structural irregularities present in heterogeneous textures, complex spatial organi-
zations, or limited-data regimes. Consequently, complementary representation paradigms capable of
encoding structural organization independently of purely learned semantic features have attracted
increasing attention.

A promising theoretical perspective arises from Algorithmic Information Theory (AIT). In this
framework, Kolmogorov complexity measures the intrinsic structural complexity of an object through
the length of the shortest program capable of generating it [1, 2]. Although Kolmogorov complexity
is not computable in practice, lossless compression algorithms provide heuristic approximations that
can serve as practical proxies for structural regularity, rather than exact estimates of algorithmic
complexity. These approximations are closely related to the Minimum Description Length (MDL)
principle, which states that the most informative representation of data corresponds to its shortest
description [3, 4].

From this perspective, compression length can be interpreted as an empirical indicator of struc-
tural organization: highly structured patterns can be represented more compactly, whereas irregular
or heterogeneous structures require longer descriptions. Compression algorithms therefore implicitly
capture statistical dependencies, redundancy, and higher-order structural organization in data. These
properties have motivated the development of compression-based similarity measures such as the Nor-
malized Compression Distance (NCD), which has been successfully applied to clustering, classification,
and anomaly detection tasks [5].

Despite these theoretical motivations, compression-based structural descriptors remain relatively
underexplored in modern deep learning pipelines. Most contemporary learning systems rely either
on handcrafted descriptors, such as classical texture features [6], or on deep neural representations
learned from large datasets [7, 8]. While deep models excel at learning semantic abstractions, they
do not explicitly model intrinsic structural organization. This observation motivates the exploration
of hybrid representations that combine compression-derived structural descriptors with learned deep
features.

In this work, we introduce Algorithmic Compression Learning (ACL), a computational
framework designed to extract structural representations from compression statistics. Rather than de-
signing a generic handcrafted descriptor, ACL is formulated as a structured representation framework
that explicitly models structural organization through three coupled principles: (i) multi-scale com-
pression complexity, (ii) dispersion-based characterization of structural variability, and (iii) perturba-
tion-driven stability measures that quantify the robustness of compression patterns under small trans-
formations. Together, these components provide a principled and compact characterization of algo-
rithmic irregularities that cannot be captured by conventional statistical descriptors alone.

It is important to emphasize that ACL does not attempt to estimate Kolmogorov complexity
directly. Instead, compression-based measures are interpreted as empirical proxies of structural reg-
ularity inspired by algorithmic information theory, rather than as formal estimators of algorithmic
complexity.

From a representation learning perspective, ACL descriptors provide a structural embedding com-
plementary to deep neural representations. Deep neural networks such as convolutional architectures
and transformers have demonstrated strong performance in representation learning [9, 10, 11]. How-
ever, their representations are primarily optimized for semantic discrimination and do not explicitly
model intrinsic structural organization. The proposed ACL–DL framework therefore does not rely
on a simple feature concatenation, but establishes a unified structural–semantic representation, where
compression-based descriptors encode intrinsic organization while deep networks capture high-level se-
mantic patterns. This complementary interaction enables a more complete characterization of complex
visual structures.

Although the proposed framework is general and applicable to a wide range of structured data do-
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mains, this study evaluates its effectiveness using breast imaging datasets as a representative testbed.
Breast lesions exhibit complex morphological patterns and heterogeneous textural characteristics
across multiple imaging modalities, including ultrasound, mammography, and histopathology [12, 13].
These properties make breast imaging a challenging benchmark for structural pattern recognition and
automated diagnostic systems. The medical imaging application is therefore considered as a validation
scenario to assess the relevance of the proposed representation framework.

Extensive experiments conducted on BUSI (ultrasound), CBIS-DDSM (mammography), and Brea-
kHis (histopathology) datasets demonstrate that ACL descriptors consistently capture structural com-
plexity patterns across heterogeneous imaging modalities. Furthermore, when combined with deep
representations, the proposed hybrid ACL–DL framework improves classification performance while
preserving interpretability through compression-derived structural measures.

The main contributions of this work can be summarized as follows:

• We introduce Algorithmic Compression Learning (ACL), a structured representation
framework that models intrinsic structural organization through compression dynamics rather
than conventional handcrafted features.

• We propose a multi-scale and stability-aware compression representation, combining
complexity, dispersion, and perturbation-based stability to capture structural heterogeneity.

• We develop a unified structural–semantic hybrid representation (ACL–DL), enabling
complementary integration of algorithmic complexity and deep learned features.

• We provide extensive multi-dataset validation demonstrating that ACL–DL improves robustness,
interpretability, and generalization compared to both deep-only and handcrafted approaches.

Overall, this work contributes to bridging algorithmic information theory and modern represen-
tation learning by demonstrating how compression-based structural descriptors can complement deep
neural representations for structural pattern analysis.

The remainder of this paper is organized as follows. Section 2 reviews related work on compression-
based representations, hybrid feature learning, and deep neural architectures. Section 3 introduces
the proposed Algorithmic Compression Learning (ACL) framework and its hybrid ACL–DL extension.
Section 4 describes the datasets, evaluation protocol, and implementation details used in this study.
Section 5 presents the experimental results together with a detailed analysis of the structural properties
captured by compression-based descriptors, including robustness, ablation and statistic studies, com-
parison with State-of-the-Art Methods, and clinical interpretation and limitations. Finally, Section 6
summarizes the main findings and outlines potential directions for future research.

2 Related Work
Automatic analysis of complex visual patterns has been widely studied in machine learning, com-

puter vision, and medical image analysis. Existing approaches can be broadly categorized into three
main paradigms: handcrafted feature engineering, deep representation learning, and hybrid feature
integration. More recently, compression-based complexity measures have emerged as an alternative
perspective for characterizing structural organization in data.

2.1 Handcrafted Features and Statistical Texture Analysis

Early computer-aided diagnosis (CAD) systems relied on traditional machine learning models
trained on handcrafted features extracted from medical images. Classical texture descriptors such
as Gray-Level Co-occurrence Matrices (GLCM) [14], Local Binary Patterns (LBP) [15], and wavelet-
based features [16] have been widely used to characterize spatial intensity patterns and tissue het-
erogeneity. These descriptors capture statistical dependencies between pixels and provide partial
interpretability for classification tasks.
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Entropy-based measures have also been investigated to quantify structural variability in imaging
data. Metrics such as Shannon entropy, multiscale entropy, and Rényi entropy have been applied to
capture tissue heterogeneity and disorder [17, 18]. However, these approaches rely primarily on proba-
bilistic statistics and remain limited in capturing higher-order structural dependencies and algorithmic
organization.

Although handcrafted features offer interpretability and computational efficiency, their perfor-
mance is often constrained by the expressiveness of predefined descriptors and their sensitivity to
imaging conditions.

2.2 Deep Representation Learning

Deep learning has significantly advanced pattern recognition and image analysis by enabling hierar-
chical feature learning directly from data. Convolutional neural networks (CNNs) have demonstrated
strong performance across a wide range of visual recognition tasks [19, 20]. Architectures such as
ResNet [21], DenseNet [22], and EfficientNet [23] have achieved state-of-the-art performance in many
computer vision applications.

More recently, transformer-based architectures have extended deep representation learning by mod-
eling long-range dependencies within visual data. Vision Transformers (ViTs) [24] and hierarchical
transformer models such as Swin Transformer [25] have demonstrated strong performance in image
classification and medical imaging tasks.

Despite their accuracy, deep learning models primarily learn task-driven semantic representations
and do not explicitly model intrinsic structural organization. In addition, they may exhibit sensitivity
to dataset bias and domain shifts across acquisition devices and institutions [26], while their internal
representations remain difficult to interpret [27].

2.3 Hybrid Feature Representations

To overcome the limitations of purely handcrafted or purely learned representations, hybrid frame-
works combining statistical descriptors with deep embeddings have been proposed. These approaches
exploit complementary information from heterogeneous feature sources and have been shown to im-
prove robustness and generalization performance [28]. Hybrid strategies have been successfully applied
across various pattern recognition domains, including medical image analysis, texture classification,
and intrusion detection [29, 30, 31].

However, most existing hybrid approaches rely on statistical or correlation-based descriptors and
do not explicitly model intrinsic structural organization. As a result, their ability to capture deeper
forms of structural irregularity remains limited.

2.4 Compression-Based Structural Complexity

Algorithmic Information Theory provides a conceptual framework for analyzing structural organi-
zation in data through description length. Kolmogorov complexity measures the minimal description
required to generate an object [1]. Although it is not computable, lossless compression algorithms
provide practical and heuristic proxies that reflect structural regularity.

Compression-based similarity measures such as the Normalized Compression Distance (NCD) have
been successfully applied to clustering, classification, and pattern discovery tasks [5]. More recent
studies have explored compression-based analysis to characterize structural complexity in images and
networks [32].

Compared to entropy-based approaches, compression-derived measures capture broader forms of
structural dependency, including redundancy and long-range organization. However, existing work has
largely focused on similarity measures or standalone analysis, with limited integration into modern
representation learning frameworks.
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2.5 Position of This Work

The present work builds upon these complementary research directions by introducing Algorith-
mic Compression Learning (ACL), a structured representation framework that models intrinsic
structural organization through compression dynamics.

Unlike conventional handcrafted descriptors, ACL is not based on predefined statistical features
but on the analysis of compression behavior across multiple scales and perturbations, enabling the
characterization of structural irregularities beyond simple correlations. In contrast to purely deep
learning approaches, ACL provides interpretable descriptors reflecting intrinsic structural properties
rather than task-driven abstractions.

The proposed ACL–DL framework extends prior hybrid approaches by establishing a unified
structural–semantic representation, where compression-based descriptors capture intrinsic organiza-
tion while deep neural networks extract high-level semantic features. This integration enables a more
complete and robust characterization of complex visual patterns.

While rooted in concepts from algorithmic information theory, our approach adopts a pragmatic
perspective, where compression is treated as a data-driven probe of structural organization rather
than a formal estimator of algorithmic complexity.

3 Methodology
This section presents the proposed Algorithmic Compression Learning (ACL) framework and its

hybrid extension with deep learning (ACL–DL). The approach is conceptually motivated by Algo-
rithmic Information Theory (AIT) and the Minimum Description Length (MDL) framework, which
associate structural complexity with description length [1, 3].

In this work, compression-based measures are interpreted as empirical proxies of structural reg-
ularity, rather than formal estimators of Kolmogorov complexity. Although Kolmogorov complexity
is not computable, lossless compression algorithms provide practical heuristics reflecting redundancy
and organization in data: structured patterns are more compressible, whereas irregular patterns yield
longer descriptions.

The central hypothesis is that structural irregularities induce measurable variations in compression
behavior. ACL therefore models structural organization through compression dynamics across spatial
scales and controlled perturbations.

3.1 Problem Formulation

Let X = {xi}Ni=1 denote a dataset of images, where each image xi ∈ RH×W is associated with a
label yi ∈ Y. The objective is to learn a prediction function

f : xi ↦→ yi, (1)

using compression-derived structural representations, optionally combined with deep semantic fea-
tures. Figure 1 illustrates the proposed ACL–DL framework.

3.2 ACL Representation

The ACL framework extracts structural representations through four stages:
(i) multi-scale decomposition,
(ii) compression-based complexity estimation,
(iii) perturbation-based stability analysis, and
(iv) feature aggregation.
Each image is decomposed into patches across dyadic scales S = {16, 32, 64}:

Pi =
⋃︂
s∈S
{p(s)

i,j }. (2)
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Figure 1: Overview of the proposed ACL–DL framework. Multi-scale compression descriptors capture
structural complexity, while deep networks extract semantic representations.

Multi-scale analysis is essential to capture hierarchical structure: fine scales encode local textures,
while coarser scales capture global organization [15, 16].

The selected scales (16, 32, 64) correspond to fine, mesoscopic, and coarse structural levels. This
choice reflects a trade-off between spatial resolution and statistical reliability, as larger patches reduce
sample size while smaller patches increase sensitivity to noise.

Each patch p
(s)
i,j is quantized into a symbolic sequence:

q
(s)
i,j = Q(p(s)

i,j ), (3)

where the mapping Q(: R→ Σ) assigns pixel intensities to a discrete alphabet Σ, enabling sequence-
based compression.

Compression complexity is estimated using a universal compressor C(·) (as LZMA, a variant of
the Lempel–Ziv family of universal compression algorithms, adopted in this work):

K
(s)
i,j =

C(q(s)
i,j )

|q(s)
i,j |

. (4)

where |q(s)
i,j | denotes the uncompressed sequence length. Higher values indicate lower compressibility

and therefore greater structural irregularity.
To capture robustness, patches are subjected to perturbations Tt ∈ T :

p̃
(s,t)
i,j = Tt(p(s)

i,j ). (5)

Compression stability is defined as the variance of compression estimates across perturbations:

S
(s)
i,j = Vart(K(s,t)

i,j ). (6)

This stability term reflects sensitivity to structural perturbations, with irregular patterns exhibiting
higher variability.

Patch-level measures are aggregated into image-level descriptors:

µ(s) = E[K(s)], σ(s) = Std[K(s)], S̄(s) = E[S(s)]. (7)

The final ACL representation is:

ϕACL = [µ(16), σ(16), S̄(16), µ(32), σ(32), S̄(32), µ(64), σ(64), S̄(64)]. (8)
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The proposed descriptor is intentionally minimal and designed to capture complementary aspects
of structural organization.

The mean reflects average structural irregularity, the standard deviation captures spatial hetero-
geneity, and the stability term quantifies sensitivity to perturbations.

Higher-order statistics were explored in preliminary experiments but did not provide consistent
improvements and were therefore not retained to preserve robustness and interpretability.

Fig. 2 details the ACL feature construction process.

Figure 2: Overview of the ACL feature construction process, comprising multi-scale decomposition of
patches, followed by a compression-based complexity estimate and a stability analysis.

3.3 Hybrid Structural–Semantic Representation

In the ACL–DL configuration, deep features are extracted from pretrained models (e.g., ResNet
[21], DenseNet [22], ViT [24, 33]).

fDL,i = ϕDL(xi). (9)

ACL and deep representations encode complementary information: compression captures intrinsic
structural organization, while deep networks capture semantic abstractions.

The hybrid representation is defined as:

fHybrid,i = [fDL,i∥fACL,i]. (10)

This formulation establishes a unified structural–semantic representation, rather than a simple
feature augmentation.

3.4 Classification and Algorithmic Summary

Predictions are obtained as:

ŷi =
{︄

g(fACL,i), ACL only
g(fHybrid,i), ACL–DL

(11)

where g(·) is a classifier (SVM, Multi-Layer Perceptron (MLP)).
The ACL-DL pipeline is summarized in Algorithm 1.
The framework provides:
(i) a compression-based structural representation,
(ii) robustness through perturbation stability, and
(iii) compatibility with deep representation learning.
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Algorithm 1: Unified ACL / ACL–DL Diagnostic Pipeline
Input: Image xi, scales S, compressor C, perturbations T , hybrid flag h
Output: Predicted label ŷi

1 Preprocess xi (grayscale + normalization);
2 Initialize Φi ← ∅;
3 foreach scale s in S do
4 Extract patches {p(s)

i,j };
5 foreach patch p

(s)
i,j do

6 Quantize: q
(s)
i,j ← Q(p(s)

i,j );

7 Compute complexity: K
(s)
i,j ←

C(q
(s)
i,j

)

|q(s)
i,j

|
;

8 Compute stability: S
(s)
i,j ← VarT ∈T (K(T (p(s)

i,j )));
9 Aggregate µ(s), σ(s), S̄(s);

10 Append [µ(s), σ(s), S̄(s)] to Φi;
11 if h = 1 then
12 FDL ← Backbone(xi);
13 ŷi ← gHybrid([FDL, Φi]);
14 else
15 ŷi ← gACL(Φi);
16 return ŷi

4 Experimental Setup
This section describes the experimental design used to evaluate the proposed Algorithmic Com-

pression Learning (ACL) framework and its hybrid extension (ACL–DL). The evaluation aims to assess
(i) the discriminative power of compression-based descriptors, (ii) the contribution of multi-scale mod-
eling, and (iii) the complementarity between structural and deep representations.

4.1 Datasets

Experiments are conducted on three publicly available breast imaging datasets covering comple-
mentary modalities.

BUSI (Breast Ultrasound Images) [34]: 780 images categorized into normal (133), benign
(437), and malignant (210).

CBIS-DDSM (Mammography) [35]: The Curated Breast Imaging Subset of DDSM provides
digitized mammograms with pathology-verified labels and annotated regions of interest (ROIs).

BreakHis (Histopathology) [36]: 9,109 microscopic images acquired at multiple magnifications
(40×–400×), including 2,480 benign and 5,429 malignant samples from multiple patients.

4.2 Preprocessing and ROI Handling

A unified preprocessing pipeline is applied across all datasets, including grayscale conversion,
intensity normalization, resizing to 224 × 224 for deep models, and multi-scale patch decomposition
(s ∈ {16, 32, 64}). Prior to compression-based analysis, patches are quantized using an adaptive
uniform scheme.

ROI handling is standardized to ensure consistency across datasets. For CBIS-DDSM, feature
extraction is performed on annotated lesion-centered regions of interest (ROIs), which are resized to
a fixed resolution. For BUSI and BreakHis, images are inherently lesion-focused and are therefore
treated as effective ROIs without additional cropping.

Importantly, both ACL descriptors and deep features are extracted from the same spatial regions
in all cases, ensuring that the learned representations reflect intrinsic tissue structure rather than
background variability.
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4.3 Baseline Methods

The proposed framework is compared with representative approaches:

• Deep learning: ResNet-50, DenseNet-121, ViT-B/16,

• ACL-only: compression descriptors with Support Vector Machine (SVM) or Random Forest
(RF),

• Handcrafted: GLCM-SVM, LBP-RF,

• Entropy-based: Shannon and multiscale entropy - SVM.

All methods are evaluated under identical conditions to ensure fairness. Hyperparameters for
classical models are tuned within training folds.

4.4 Experimental Protocol

All methods are evaluated under a unified and reproducible protocol with identical data splits,
preprocessing, and training settings.

A strict patient-level 10-fold cross-validation strategy is employed, where all samples belonging to
the same patient are assigned to a single fold prior to any preprocessing or feature extraction. This
guarantees complete separation between training and testing data and eliminates any risk of data
leakage.

For BreakHis, patient identifiers are used to group all images across different magnification levels
within the same fold. For CBIS-DDSM, ROI samples are grouped according to case identifiers, ensuring
that all regions from the same patient study are assigned to a single fold. Similar precautions are
applied to other datasets whenever metadata is available.

All preprocessing operations are computed exclusively on training data and then applied to test
samples. Deep models are initialized with ImageNet pretrained weights and fine-tuned using iden-
tical training settings (Adam optimizer, learning rate 10−4, batch size 32, 50 epochs). Handcrafted
descriptors are evaluated using classifiers tuned via grid search within training folds only, and hyper-
parameters for all methods are optimized under the same validation strategy.

The hybrid ACL–DL models rely on a simple feature concatenation scheme, without additional
tuning complexity, ensuring that performance gains are not due to increased optimization effort.

Overall, this protocol enforces strict experimental fairness and provides a realistic evaluation of
generalization across patients rather than memorization of correlated samples.

4.5 Evaluation Metrics and Statistical Analysis

Performance is evaluated using Accuracy (Acc), Recall (R), F1-score, False Alarm Rate (FAR),
and AUC.

Statistical analysis is conducted across cross-validation folds. Normality and homogeneity are
verified using Shapiro–Wilk and Levene tests. Inter-group differences are assessed using one-way
ANOVA (FA):

FA = Vb

Vw
. (12)

where Vb and Vw denote between-class and within-class variances.
Paired comparisons are performed using Student’s t-test and Wilcoxon signed-rank test:

t = d̄

sd/
√

n
, Z = W − µW

σW
. (13)

where d̄ denotes the mean difference and sd its standard deviation, n is the number of paired samples.
W is the Wilcoxon statistic, µW , σW its expected mean and standard deviation.

Significance is established at p < 0.05.
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4.6 Implementation Details

Experiments are implemented using Python 3.10, PyTorch 2.2, and Scikit-learn. Compression is
performed using the lzma library.

Experiments are executed on an NVIDIA RTX A6000 GPU. ACL feature extraction is lightweight
and performed on CPU, while GPU resources are used for deep model training.

5 Results and Discussion
This section provides a comprehensive analysis of the experimental results obtained with the

proposed Algorithmic Compression Learning (ACL) framework and its hybrid extension with deep
learning (ACL–DL). The focus is placed not only on predictive performance, but also on understanding
the underlying properties and contributions of compression-based algorithmic complexity descriptors.

Rather than limiting the discussion to accuracy metrics, this section aims to address three funda-
mental research questions: (i) whether compression-based descriptors are capable of capturing intrinsic
structural differences between benign and malignant tissues, (ii) how algorithmic complexity compares
as a standalone representation against conventional handcrafted features and deep neural embeddings,
and (iii) whether the hybrid ACL–DL formulation provides complementary information that enhances
robustness and diagnostic performance.

To systematically address these questions, the analysis is structured into six components: (i) an
examination of the intrinsic behavior of ACL descriptors, (ii) a quantitative evaluation of classification
performance, (iii) an ablation study to assess the contribution of individual components, (iv) statistical
validation of the observed performance gains, (v) a comparison with recent state-of-the-art approaches,
and (vi) a discussion of clinical relevance and limitations.

All reported results are obtained under a strict patient-level evaluation protocol, ensuring that
performance reflects generalization across patients rather than memorization of subject-specific pat-
terns.

5.1 Intrinsic Behavior of ACL Descriptors

We first investigate whether ACL descriptors encode meaningful structural information across
classes. Features are computed at scales s ∈ {16, 32, 64} and include mean complexity µ(s), dispersion
σ(s), and stability S̄(s).

Results on the BUSI dataset (Table 1) reveal consistent and interpretable trends. Malignant
lesions exhibit higher compression complexity and dispersion, together with lower stability, compared
to benign and normal tissues. These observations are consistent with the known structural properties
of malignancy, which is characterized by architectural disorder and heterogeneity.

Table 1: Multi-scale statistical characterization of ACL descriptors on the BUSI dataset with one-way
ANOVA results (mean ± std).

Scale Class µ(s) σ(s) S̄(s) FA p-value Partial η2

16 Normal 0.412± 0.028 0.083± 0.011 0.798± 0.024 6.84 0.0012 0.017
16 Benign 0.436± 0.031 0.097± 0.013 0.777± 0.026
16 Malignant 0.471± 0.034 0.118± 0.016 0.749± 0.029
32 Normal 0.458± 0.030 0.091± 0.012 0.801± 0.022 18.42 < 0.001 0.045
32 Benign 0.497± 0.033 0.113± 0.014 0.773± 0.025
32 Malignant 0.548± 0.037 0.149± 0.018 0.728± 0.031
64 Normal 0.489± 0.032 0.102± 0.014 0.791± 0.021 9.76 < 0.001 0.024
64 Benign 0.522± 0.035 0.121± 0.016 0.768± 0.027
64 Malignant 0.561± 0.039 0.138± 0.019 0.754± 0.030

One-way ANOVA confirms statistically significant inter-class differences (p < 0.05) across all
descriptors and scales. The most pronounced separation is observed at the intermediate scale (s = 32),
suggesting that mesoscopic structural organization provides the most discriminative information. Fine
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scales (s = 16) primarily capture local texture variations, while coarse scales (s = 64) reflect global
morphological patterns.

Figure 3 further illustrates class separability through two-dimensional projections of selected ACL
components. Clear cluster structures are observed, indicating that compression-based descriptors
provide intrinsically discriminative representations.

Similar trends are consistently observed on CBIS-DDSM and BreakHis, despite differences in
imaging modality. Malignant samples systematically exhibit higher complexity, dispersion, and insta-
bility, confirming that ACL captures a modality-independent structural signal associated with tissue
heterogeneity.

Overall, these results demonstrate that compression-based descriptors encode meaningful struc-
tural information prior to classification, supporting their role as intrinsic representations of tissue
organization.

Figure 3: Two-dimensional projections of selected ACL components for BUSI Dataset, representing,
µ(64) vs. S̄(64) , S̄(32) vs. σ(16), and σ(32) vs. µ(32) (normal in green, benign in blue, malignant in red).

5.2 Quantitative Classification Performance

Table 2 summarizes the classification performance of handcrafted features, standalone ACL de-
scriptors, deep neural networks, and the proposed hybrid ACL–DL framework.

The proposed method consistently achieves strong performance across datasets, with improvements
observed for both predictive accuracy and robustness. Three key observations emerge.

ACL versus handcrafted features: ACL descriptors consistently outperform classical texture-
based approaches (GLCM, LBP, entropy) across all datasets. On BUSI, ACL achieves an F1-score of
90.16%, compared to 82.23% for GLCM-SVM. Similar improvements are observed on CBIS-DDSM
(91.68% vs. 81.39%) and BreakHis (93.49% vs. 84.51%).

These results highlight the limitations of conventional second-order statistics, which primarily
capture local correlations. In contrast, compression-based descriptors encode higher-order structural
dependencies and broader spatial organization.

ACL versus deep learning: Deep models such as ResNet-50 and DenseNet-121 achieve strong
performance due to hierarchical feature learning. However, standalone ACL remains competitive
despite its low-dimensional and data-efficient nature. For example, on CBIS-DDSM, ACL reaches
91.68% F1, compared to 94.89% for ResNet-50.

This suggests that compression-based structural descriptors provide discriminative information
that does not rely on large-scale training data or high model capacity.

Impact of hybrid ACL–DL: The hybrid framework consistently yields the best performance.
On BUSI, ACL–ResNet-50 improves F1 from 93.32% to 94.35% and reduces FAR from 4.79% to 3.71%.
On CBIS-DDSM, F1 increases from 94.89% to 97.34%, with FAR reduced from 4.26% to 2.57%. On
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BreakHis, ACL–DenseNet-121 improves F1 from 96.41% to 98.68%, while reducing FAR from 2.44%
to 0.71%.

These improvements indicate that ACL and deep representations provide complementary informa-
tion: deep networks model semantic morphology, whereas ACL encodes intrinsic structural irregularity.
Their combination therefore produces a richer and more robust representation.

All results are obtained under a strict patient-level cross-validation protocol, supporting general-
ization across subjects rather than memorization of correlated samples. Nevertheless, performance
should be interpreted in the context of curated datasets and ROI-based evaluation, which may lead
to optimistic estimates compared with real-world clinical settings.

Overall, the hybrid framework improves mean accuracy by approximately +1.71%, +3.45%, and
+1.96% over the corresponding deep baselines on BUSI, CBIS-DDSM, and BreakHis, respectively,
while consistently reducing FAR. These results support the effectiveness of structural–semantic feature
integration.

Table 2: Comparative Performance of Hybrid ACL – DL and Baselines on Breast Cancer Datasets
(mean ± std, 10-fold CV)

Method Acc (%) R (%) F1 (%) FAR (%) AUC
BUSI

Entropy - SVM 78.61 ± 2.02 75.81 ± 1.26 77.41 ± 2.12 19.01 ± 0.41 0.793 ± 0.011
LBP - RF 81.23 ± 1.81 78.56 ± 1.31 80.10 ± 1.59 16.15 ± 0.56 0.812 ± 0.022
GLCM - SVM 83.51 ± 1.62 80.34 ± 1.23 82.23 ± 1.27 14.21 ± 0.31 0.838 ± 0.011
ACL Only 90.81 ± 1.23 89.25 ± 0.91 90.16 ± 1.34 7.61 ± 0.32 0.904 ± 0.031
ResNet-50 92.92 ± 1.01 92.61 ± 1.34 93.32 ± 1.21 4.79 ± 0.19 0.936 ± 0.022
ACL-ResNet-50 94.63 ± 1.00 94.33 ± 0.92 94.35 ± 0.90 3.71 ± 0.19 0.945 ± 0.021

CBIS-DDSM
Entropy - SVM 77.89 ± 2.08 74.61 ± 1.72 76.51 ± 2.01 19.87 ± 0.31 0.793 ± 0.019
LBP - RF 80.41 ± 1.85 77.78 ± 1.69 79.19 ± 1.77 17.39 ± 0.22 0.815 ± 0.018
GLCM - SVM 82.67 ± 1.67 79.91 ± 1.51 81.39 ± 1.54 15.02 ± 0.21 0.847 ± 0.014
ACL Only 92.28 ± 1.16 91.76 ± 1.18 91.68 ± 1.24 7.09 ± 0.12 0.945 ± 0.013
ResNet-50 94.49 ± 1.01 94.09 ± 1.08 94.89 ± 1.09 4.26 ± 0.11 0.957 ± 0.013
ACL-ResNet-50 97.94 ± 0.78 97.19 ± 0.91 97.34 ± 0.85 2.57 ± 0.09 0.971 ± 0.010

BreakHis
Entropy - SVM 80.49 ± 1.89 77.91 ± 2.01 79.61 ± 1.78 17.23 ± 0.32 0.811 ± 0.029
LBP - RF 83.77 ± 1.58 81.32 ± 1.88 82.69 ± 1.51 14.01 ± 0.23 0.845 ± 0.020
GLCM - SVM 85.59 ± 1.51 83.02 ± 1.68 84.51 ± 1.34 12.24 ± 0.24 0.867 ± 0.014
ACL Only 94.01 ± 1.01 92.78 ± 1.53 93.49 ± 1.11 4.88 ± 0.19 0.953 ± 0.015
DenseNet-121 96.78 ± 0.81 95.67 ± 1.45 96.41 ± 0.87 2.44 ± 0.18 0.972 ± 0.009
ACL-DenseNet-121 98.74 ± 0.42 98.85 ± 0.86 98.68 ± 0.75 0.71 ± 0.09 0.989 ± 0.006

Training dynamics: Figure 4 shows the evolution of classification performance during training.
The hybrid ACL–ResNet-50 model converges faster and stabilizes earlier than the deep network alone.
This behavior suggests that ACL descriptors provide structural priors that facilitate optimization by
guiding the learning process toward informative regions of the feature space. In contrast, classical
descriptors produce static feature spaces and therefore show no training dynamics.

ROC analysis: Receiver Operating Characteristic curves further confirm the robustness of the
hybrid framework (Fig. 5). ACL descriptors alone already achieve strong AUC values (0.904 on BUSI,
0.945 on CBIS-DDSM, and 0.953 on BreakHis), indicating intrinsic class separability. Hybridization
further improves these margins, reaching an AUC of 0.989 on BreakHis.

This demonstrates that the hybrid representation does not only improve classification accuracy
but also strengthens ranking performance across decision thresholds.

Beyond raw performance, the consistency of results across datasets and folds supports the robust-
ness of the proposed framework.



https://doi.org/10.15837/ijccc.2026.5.7478 13

Figure 4: F1-score evolution during training for deep and hybrid ACL–DL models, illustrating faster
convergence and improved stability of the hybrid framework.

Figure 5: Receiver Operating Characteristic (ROC) curves comparing standalone ACL, deep learning
backbones, and the proposed hybrid ACL–DL framework.

5.3 Ablation Study

We evaluate the contribution of each component of the ACL–DL framework using 10-fold cross-
validation. For clarity, detailed analysis is presented on the BUSI dataset, while similar trends are
observed on CBIS-DDSM and BreakHis. Table 3 shows that ACL descriptors alone provide compet-
itive performance, further improved by multi-scale analysis. Deep models achieve strong baselines,
while the hybrid ACL–DL consistently yields the best results, confirming the complementarity be-
tween algorithmic complexity and deep representations.

Impact of model components: On BUSI, multi-scale ACL outperforms single-scale descrip-
tors, highlighting the importance of capturing both local and global structures. Removing the stability
term slightly degrades performance, confirming its contribution to robustness. The full ACL–DL model
achieves the highest accuracy and F1.

Compression algorithms: Results (Table 4) show that LZMA consistently outperforms Brotli
and BWT–Huffman, due to its ability to capture long-range dependencies.

Patch scale analysis: Table 5 confirms that multi-scale decomposition outperforms single-scale
settings, demonstrating the importance of modeling both micro-textures and global tissue structure.

Feature fusion: As shown in Table 6, hybrid ACL–DL features outperform standalone ACL or
deep features, confirming their complementarity.
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Classifier selection: Among evaluated classifiers (Table 7), SVM provides the best performance
and stability, suggesting that the hybrid feature space is largely linearly separable.

Table 3: Ablation study of the proposed Hybrid ACL+DL framework (mean ± std, 10-fold CV)
Configuration Acc (%) R (%) F1 (%)

BUSI
DL only (ResNet-50) 92.92 ± 1.01 92.61 ± 1.34 93.32 ± 1.21
ACL only (single-scale) 87.84 ± 1.35 86.72 ± 1.28 87.43 ± 1.30
ACL only (multi-scale) 89.96 ± 1.27 88.94 ± 1.19 89.62 ± 1.22
ACL - DL (w/o stability) 93.78 ± 0.94 93.41 ± 1.02 93.56 ± 0.98
ACL - DL (full model) 94.63 ± 1.00 94.33 ± 0.92 94.35 ± 0.90

Table 4: Impact of the compression algorithm used in ACL (mean ± std, 10-fold CV).
Compressor Acc (%) R (%) F1 (%)

BUSI
BWT–Huffman 86.92 ± 1.48 85.74 ± 1.39 86.41 ± 1.42
Brotli 88.61 ± 1.34 87.52 ± 1.28 88.13 ± 1.30
LZMA 89.96 ± 1.27 88.94 ± 1.19 89.62 ± 1.22

Table 5: Impact of patch scale on ACL performance using LZMA compression (mean ± std, 10-fold
CV).

Patch Scale Acc (%) R (%) F1 (%)
BUSI

16× 16 87.02 ± 1.46 85.93 ± 1.38 86.61 ± 1.41
32× 32 88.45 ± 1.36 87.52 ± 1.29 88.03 ± 1.32
64× 64 87.84 ± 1.39 86.71 ± 1.34 87.32 ± 1.36
Multi-scale 89.96 ± 1.27 88.94 ± 1.19 89.62 ± 1.22

Table 6: Impact of feature fusion on classification performance (mean ± std, 10-fold CV).
Feature Set Acc (%) R (%) F1 (%)

BUSI
Deep features only 92.92 ± 1.01 92.61 ± 1.34 93.32 ± 1.21
ACL features only 89.96 ± 1.27 88.94 ± 1.19 89.62 ± 1.22
ACL - DL (Hybrid) 93.78 ± 0.94 93.41 ± 1.02 94.35 ± 0.90

Table 7: Impact of classifier choice on ACL–DL performance (mean ± std, 10-fold CV).
Classifier Acc (%) R (%) F1 (%)

BUSI
RF 92.61 ± 1.02 92.14 ± 1.15 92.31 ± 1.07
MLP 93.24 ± 0.98 92.87 ± 1.08 93.01 ± 1.00
SVM 93.78 ± 0.94 93.41 ± 1.02 93.56 ± 0.98

Similar improvements are consistently observed on CBIS-DDSM and BreakHis, confirming the
generality of these findings. Overall, the ablation study validates that performance gains arise from
the synergy between multi-scale analysis, compression-based descriptors, stability modeling, and deep
feature fusion.

The ablation results confirm that each component of the ACL descriptor contributes to perfor-
mance: removing multi-scale information, dispersion, or stability leads to consistent degradation,
validating the necessity of the proposed design.

5.4 Statistical Significance Analysis

To ensure that the observed performance improvements are not due to random variations across
cross-validation folds, statistical hypothesis testing was conducted on fold-wise results.

Paired comparisons between methods were performed using Student’s t-test under the assumption
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of normality, and the Wilcoxon signed-rank test as a non-parametric alternative. These tests were
applied to performance differences between the proposed ACL–DL framework and its ablated variants.

In addition, one-way ANOVA was used to assess inter-class differences in multi-scale ACL descrip-
tors. Prior to ANOVA, normality and homogeneity of variances were verified using the Shapiro–Wilk
and Levene tests, respectively.

Table 8 summarizes the statistical comparison results. All improvements achieved by the hybrid
ACL–DL framework are statistically significant across datasets (p < 0.01) for both parametric and
non-parametric tests. Moreover, Cohen’s d values indicate large effect sizes, confirming that the
observed gains are not only statistically significant but also practically meaningful.

The agreement between t-test and Wilcoxon results further supports the robustness and consistency
of the proposed framework across cross-validation folds.

Although the number of statistical comparisons is limited, the potential risk of Type I error inflation
is taken into account when interpreting the results. The Holm–Bonferroni correction is applied to
control the family-wise error rate, under which the results remain significant. The consistency of
results across parametric and non-parametric tests, together with large effect sizes, supports the
robustness of the observed improvements.

The extended statistical analysis confirms that improvements are consistent across all baselines,
with large effect sizes (d > 1), supporting both statistical and practical significance.

Table 8: Statistical significance analysis comparing ACL–DL with baseline and ablated models (10-
fold cross-validation)

Comparison Paired t-test Wilcoxon test Effect
t pt W Z pW Sig. Cohen’s d

BUSI
ACL–DL vs DL only 4.72 1.8× 10−3 15 -3.12 1.8× 10−3 Yes 1.49
ACL–DL vs ACL only 5.11 9.6× 10−4 13 -3.29 9.9× 10−4 Yes 1.62
ACL only vs GLCM–SVM 3.85 3.1× 10−3 18 -2.87 4.1× 10−3 Yes 1.22
ACL–DL vs GLCM–SVM 6.12 3.2× 10−4 8 -3.85 1.2× 10−4 Yes 1.94

CBIS-DDSM
ACL–DL vs DL only 4.35 2.4× 10−3 16 -3.05 2.3× 10−3 Yes 1.38
ACL–DL vs ACL only 4.89 1.2× 10−3 14 -3.18 1.5× 10−3 Yes 1.55
ACL only vs GLCM–SVM 3.62 4.5× 10−3 19 -2.75 5.8× 10−3 Yes 1.15
ACL–DL vs GLCM–SVM 5.74 4.1× 10−4 9 -3.68 2.3× 10−4 Yes 1.81

BreakHis
ACL–DL vs DL only 5.26 7.9× 10−4 12 -3.41 6.5× 10−4 Yes 1.66
ACL–DL vs ACL only 5.73 4.5× 10−4 10 -3.57 3.6× 10−4 Yes 1.81
ACL only vs GLCM–SVM 4.02 2.6× 10−3 17 -2.95 3.2× 10−3 Yes 1.27
ACL–DL vs GLCM–SVM 6.45 2.1× 10−4 7 -3.92 9.0× 10−5 Yes 2.04

5.5 Comparison with State-of-the-Art Methods

Table 9 compares the proposed ACL–DL framework with recent machine learning and deep learning
approaches reported in the literature.

Comparisons with previously published results should be interpreted with caution, as differences in
data splits, preprocessing, ROI selection, and evaluation protocols limit direct comparability. There-
fore, these results should be considered indicative rather than strictly comparable.

Despite these differences, the proposed method maintains consistently strong performance across
datasets, achieving peak accuracies, expressed as mean + standard deviation, of 95.63%, 98.72%, and
99.16% on BUSI, CBIS-DDSM, and BreakHis, respectively.

The improvements are particularly notable on heterogeneous datasets such as BreakHis, suggesting
that compression-based structural descriptors capture variability not fully modeled by conventional
deep features. This highlights the complementary nature of structural (ACL) and semantic (deep)
representations. Overall, while results are obtained under controlled experimental conditions, the
consistency of performance gains across datasets supports the effectiveness and robustness of the
proposed hybrid framework.
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Table 9: Comparison with recent ML and DL approaches on BUSI, CBIS-DDSM, and BreakHis
datasets

Reference Method Acc (%) R (%) F1 (%)
BUSI Dataset

[37] DNBCD 90.90 90.90 90.91
[38] ProtoNet-ResNet50 88.90 – –
[39] ViT-B32 86.70 – –
[40] HAU-Net 83.11 – –
This work ACL–ResNet-50 95.63 95.25 95.25

CBIS-DDSM Dataset
[41] CNN-SGD 96.00 95.00 –
[42] CNN (NasNet, MobileNet) 91.20 92.31 91.76
[43] DNN-WOA 93.80 93.75 93.77
[44] IMPA-ResNet50 98.32 96.61 97.65
This work ACL–ResNet-50 98.72 98.10 98.19

BreakHis Dataset
[45] CNN 91.60 – –
[46] ResRFSAM-LSTM (200×) 98.01 – –
[47] IDSNet (200×) 93.00 – –
[48] DenseNet (200×) 95.87 – –
This work ACL–DenseNet-121 99.16 99.71 99.43

5.6 Clinical Interpretation and Limitations

From an interpretability perspective, ACL descriptors provide a direct quantification of structural
irregularity derived from compression behavior. Unlike post-hoc explanation techniques, these descrip-
tors are intrinsically linked to the underlying organization of image patterns, offering a transparent
representation of tissue heterogeneity.

The observed performance gains can be attributed to the complementary nature of the repre-
sentation: compression-based descriptors capture intrinsic structural variability, while deep features
encode semantic information. This structural–semantic interaction enables a more comprehensive
characterization of complex tissue patterns.

Despite these promising results, several limitations should be noted.
First, compression-based measures depend on the selected algorithm and should be interpreted as

empirical indicators rather than exact approximations of algorithmic complexity.
Second, the current framework relies on predefined patch scales rather than adaptive multi-scale

selection. In addition, the descriptor may be sensitive to image resolution, quantization parameters,
and lesion size. Although normalization and multi-scale aggregation mitigate these effects, further
investigation is required to assess robustness under varying acquisition conditions.

Third, the evaluation is conducted on curated datasets using lesion-centered ROIs, which simplifies
the task compared to full-image clinical scenarios. In practice, automatic lesion localization would be
required prior to classification.

Fourth, statistical analyses are performed on cross-validation folds, which are not strictly inde-
pendent. Consequently, reported p-values should be interpreted as indicative rather than definitive
measures of significance.

Finally, although patient-level cross-validation mitigates data leakage, the limited number of pa-
tients and the curated nature of certain datasets (e.g., BreakHis) may lead to optimistic estimates of
generalization.

Future work will address these limitations by exploring adaptive multi-scale strategies, multi-
compressor ensembles, and tighter integration of compression-based representations within neural ar-
chitectures. The incorporation of automatic lesion localization and prospective multi-center validation
will also be essential to assess real-world clinical robustness.
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6 Conclusion and Future Work
This work investigated whether compression-based approximations of algorithmic complexity can

provide meaningful structural representations to complement deep neural features. We introduced
the Algorithmic Compression Learning (ACL) framework and its hybrid extension (ACL–DL), which
combines compression-derived descriptors with learned representations.

Experimental results on BUSI, CBIS-DDSM, and BreakHis demonstrate that ACL descriptors
capture discriminative structural information across modalities. Standalone ACL achieves strong
performance, with average F1-scores of 90.16%, 91.68%, and 93.49%, respectively, outperforming
classical handcrafted descriptors.

When integrated with deep models, the ACL–DL framework consistently improves performance.
On BUSI, ACL–ResNet50 achieves 94.63% accuracy and 94.35% F1, compared to 92.92% and 93.32%
for ResNet50 alone. On CBIS-DDSM, accuracy increases from 94.49% to 97.94%, while F1 improves
from 94.89% to 97.34%. On BreakHis, ACL–DenseNet121 reaches 98.74% accuracy and 98.68% F1,
outperforming DenseNet-121 (96.78% accuracy and 96.41% F1). In addition, the hybrid models reduce
false alarm rates, notably from 2.44% to 0.71% on BreakHis, indicating improved robustness.

These results suggest that compression-based descriptors act as practical proxies for structural
organization, capturing patterns that complement semantic representations learned by deep networks.
The observed improvements are therefore attributable to the structural– semantic complementarity of
the proposed representation.

Despite these promising results, several limitations should be noted. The evaluation is conducted
on curated datasets using lesion-centered ROIs, which may simplify the task compared to real-world
clinical settings. In addition, statistical analyses are based on cross-validation folds and should be
interpreted accordingly. Further validation on larger and more diverse multi-center datasets is required
to assess clinical generalization.

Future work will focus on extending the framework through adaptive multi-scale modeling, multi-
compressor strategies, and tighter integration of compression-based representations within neural ar-
chitectures. The incorporation of automatic lesion localization and evaluation under domain shifts
will also be investigated.

In summary, ACL provides a compact, interpretable, and complementary structural representa-
tion that consistently enhances deep learning models, yielding average accuracy gains of approximately
+1.7%, +3.5%, and +2.0% on BUSI, CBIS-DDSM, and BreakHis, respectively, and offering a promis-
ing direction for integrating structural analysis into modern representation learning frameworks.
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