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Abstract: - We present a neuro-symbolic framework for medical image analysis that integrates a Binary Discrete
Cellular Neural Network (BD-CeNN) autoencoder, a reservoir-computing—inspired BD-CeNN refinement stack,
and automatically mined Answer Set Programming (ASP) rules. The autoencoder converts grayscale and color
inputs (CT, MRI, histopathology, dermatology) into discrete, symbolic latent codes, which are iteratively refined
to improve robustness and diagnostic discrimination. From annotated cases, ASP rules capture human-readable
relations and constraints, enabling transparent, auditable reasoning over the learned symbols while maintaining
predictive performance. The hybrid design targets resource-constrained clinical environments where trust,
explainability, and adaptability are essential. This paper details the conceptual architecture, motivation, and
deployment feasibility; extensive benchmarking is left for future work, laying the groundwork for accessible,

interpretable Al in medical imaging.
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1 Introduction for informed clinical decision-making. Although

The rapid evolution of artificial intelligence (AI) post-hoc interpretability —techniques, such

has significantly transformed medical imaging by
enhancing diagnostic accuracy and automation. In
particular, deep learning techniques most notably
convolutional neural networks (CNNs) have achieved
human-level or even superior performance in various
tasks such as lesion detection, disease classification,
and image segmentation across a wide range
of modalities, including radiography, magnetic
resonance imaging (MRI), computed tomography

with human reasoning processes, [2], [4],

Grad-CAM, SHAP, and LIME, offer visual
explanations, these methods often fall short in terms
of robustness, clinical reliability, and alignment

Contemporary surveys emphasize that genuinely
trustworthy Al systems must be intrinsically
interpretable, clinically grounded, and designed
with end-user needs in mind, [2], [6]. Moreover,
conventional static feedforward architectures are

(CT), ultrasound, and digital pathology, [1], [2], ill-equipped to replicate human-like cognitive

[3]. However, despite these advancements, the
inherent opacity of such models continues to hinder
their integration into clinical workflows, where
interpretability, reliability, and clinician trust are
essential for decision support, [2], [3].

absent in standard deep learning systems,

processes. Clinicians often revisit regions of interest,
integrate domain knowledge, and iteratively refine
their interpretation capabilities, which are largely

[8]. Another primary concern involves the high

computational demands of state-of-the-art models.

1.1 Limitations of Existing Methods

Despite their success, black-box deep learning infrastructure, rendering them unsuitable
models often lack the explanatory clarity necessary

E-ISSN: 2224-2899 304 Volume 23, 2026

Many top-performing Al systems rely on vast
datasets, powerful GPUs, and energy-intensive



WSEAS TRANSACTIONS on BUSINESS and ECONOMICS
DOI: 10.37394/23207.2026.23.23

deployment in resource-constrained settings, such as
rural hospitals and mobile diagnostic units, [9], [10].

1.2 Toward Neuro-Symbolic and Temporal
Dynamics

To bridge these limitations, we introduce a

neuro-symbolic framework that integrates:

1. A BD-CeNN-based autoencoder to extract
symbolic representations from grayscale and
color medical images.

2. A reservoir-style BD-CeNN stack to capture
temporal and contextual dynamics.

3. An ASP (Answer Set Programming) engine
to enable interpretable, rule-based diagnostic
reasoning.

BD-CeNN Autoencoding

Binary Discrete  Cellular Neural Networks
(BD-CeNNs), which generalize the classical Cellular
Neural Network paradigm, support local binary
computation conducive to symbolic abstraction
and efficient hardware implementation, [11], [12].
These networks serve as interpretable autoencoders
capable of aligning extracted features with clinically
meaningful concepts while maintaining high
computational efficiency. Their binary nature
enhances compatibility with edge-computing devices
and supports real-time deployment scenarios, [13].

Reservoir-Style BD-CeNN

Inspired by the reservoir computing paradigm
previously applied in temporal domains such as
EEG classification and radiographic sequence
analysis, we adapt BD-CeNN layers to function as
symbolic reservoirs. These stacked layers simulate
cognitive reasoning cycles by embedding temporal
dependencies and integrating iterative patterns, [14],
[15]. This approach addresses a critical shortcoming
in traditional deep architectures: the inability to
emulate dynamic inference pathways essential for
nuanced clinical interpretation.

ASP Rule-Based Reasoning

Answer Set Programming (ASP) is a form of
declarative logic programming that has gained
traction for its formal rigor and human-auditable
output, [16]. Our ASP module provides an
interpretable reasoning layer on top of neural feature
extraction by learning symbolic rules from labeled
datasets. This logic-based engine enables transparent
diagnostic pathways and supports clinical audibility,
essential features often missing in deep learning
systems. While ASP has roots in expert systems,
its integration with neuro-symbolic models for visual
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diagnostic tasks remains largely unexplored, [17],
[18].

1.3 Innovation and Scope
This triadic architecture,
symbolic  autoencoding,  temporal reasoning
via BD-CeNN reservoirs, and rule-based logic,
systematically addresses four major limitations in
existing medical Al systems:

comprising  discrete

1. Inherent interpretability: The entire pipeline is
designed for transparency, addressing critical
demands for explainable Al in clinical contexts,

[2], [4], [19].

2. Multimodal flexibility: It supports both
grayscale and color modalities, enabling
applications across radiology, dermatology,

pathology, and beyond, [1], [3], [11].

3. Temporal reasoning capability: Through
the symbolic reservoir stack, our system
mimics iterative human reasoning for dynamic
diagnostic contexts, [14], [15].

4. Edge deployability: The lightweight nature of
BD-CeNNs, combined with the logic-driven
ASP layer, enables Al diagnostics in
low-resource environments without sacrificing
explainability or accuracy, [12], [13], [20].

Our previous works, [21], [22], demonstrate a
long-standing and diverse expertise in cellular neural
networks (CeNNs): the authors have published
a series of peer-reviewed studies spanning 2011
to 2019 showing CeNNs as ultrafast, flexible
solvers for stiff ordinary and partial differential
equations, real-time computational engineering, local
traffic-signal control, time-series modelling and
forecasting in transportation, and even raindrop
detection for advanced driver-assistance systems.
This experience builds on established CeNN theory
and early architectures, [23], [24], [25], and
collectively establishes a solid, multidisciplinary
foundation for designing CeNN-based algorithms that
operate in real-time and address practical engineering
problems.

A comparative summary of the main limitations
in current medical imaging Al and how our approach
addresses them is provided in Table 1 (Appendix).
This overview also motivates the research gaps
discussed in Section 2.

2 A Critical Review of the Related
State-of-the-Art

This section presents a comprehensive review of
existing research, emphasizing the scientific gaps this

Volume 23, 2026
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work seeks to address and highlighting the resulting
innovation potential.

2.1 Explainable AI in Medical Imaging

The demand for explainable Al (XAI) in
medical diagnostics is steadily increasing due
to its implications for clinical safety, regulatory
compliance, and trust, [2], [4], [6]. Despite progress,
current XAl strategies typically fall into two main
categories:

* Post-hoc methods such as Grad-CAM, SHAP,
and LIME, while broadly applicable, often lack
fidelity and stability in complex medical settings,

(21, [5], [19].

 Self-explainable (S-XAI) or intrinsically
interpretable models are more desirable but
remain scarce in real-world clinical workflows
due to their architectural limitations and
trade-offs in performance, [7], [19].

Leading reviews emphasize that for medical adoption,
XAI must be truthful, clinically relevant, and
resource-efficient, [6], [26]; yet, few existing
methods meet these criteria under operational
constraints.

2.2 Hybrid and Neuro-Symbolic Al

Neuro-symbolic systems offer a promising fusion
of sub-symbolic learning and symbolic reasoning,
aiming to combine neural perception with logical
inference, [17], [27]. For example, frameworks
like NeuroSymAD utilize CNNs in conjunction with
ASP-based logic rules for Alzheimer’s diagnosis,
[26], offering interpretable justifications that align
with clinical reasoning. However, most of these
systems are limited to grayscale neuroimaging, rely
on floating-point CNNs, and lack support for binary
symbolic processing or color image integration,
which restricts their generalizability across imaging
domains.

2.3 Reservoir Computing in Medical
Imaging

Reservoir computing (RC), including Echo State
Networks (ESNs) and Liquid State Machines (LSMs),
has proven effective in temporal signal processing,
particularly in applications such as EEG-based
emotion recognition and seizure detection, [14],
[15].  Despite its potential to model temporal
dependencies and iterative reasoning, RC has not yet
been systematically applied to static medical images,
such as CT scans or histopathology images. This
presents an opportunity to adapt RC principles for
dynamic feature refinement in image analysis.
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2.4 Discrete Neural Networks and

BD-CeNNs

Binary Discrete  Cellular Neural Networks
(BD-CeNNs) extend traditional CNNs by enabling
localized binary computations, facilitating high
interpretability, low complexity, and edge
deployability, [11], [12], [13]. These networks
have been utilized for image segmentation and
denoising; however, their integration into reservoir
architectures or neuro-symbolic frameworks for
medical imaging remains unexplored. Moreover, no
current system fully leverages discretized symbolic
encoding across grayscale and color modalities in a
unified pipeline.

2.5 ASP Rule Mining in Diagnostics

Answer Set Programming (ASP) supports
logic-based reasoning with auditable decision
paths, critical for trustworthy medical Al, [16], [17],
[18]. Prior use cases in diagnostic systems often
required manually crafted rules, limiting scalability.
While some recent works automatically extract rules
from CNN activations, [26], they often lack symbolic
abstraction and are rarely based on binary or discrete
representations. No known framework currently
auto-mines ASP rules from BD-CeNN symbolic
encodings nor applies them across diverse imaging

types.

2.6 Scientific Gaps & Innovation Potential
To position our contribution within the broader
landscape of Al in medical imaging, Table 1
provides a comparative summary of prevailing
approaches, unresolved challenges, and the
innovations introduced by our proposed framework.
While significant progress has been made in deep
learning—based diagnostics, the field remains
hindered by substantial shortcomings that impact
explainability,  generalizability, and clinical
integration. Our approach addresses six identified
limitations directly, combining symbolic reasoning,
discrete computation, dynamic inference, and a
lightweight architecture in a unified neuro-symbolic
system.

2.6.1 Interpretability

One of the most persistent gaps in medical Al
is the lack of inherently interpretable models.
Current systems rely heavily on post-hoc explanation
methods, such as Grad-CAM, SHAP, and LIME,
which, despite their visual appeal, frequently yield
explanations that are neither clinically validated nor
robust across samples, [2], [5]. These models
operate as black boxes, offering no guarantees
that the explanations correspond to genuine causal
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factors.  Furthermore, their outputs are difficult
to audit or defend in medico-legal contexts. Our
solution addresses this by embedding interpretability
at the architectural level, utilizing a BD-CeNN
autoencoder to generate symbolic features, which are
then interpreted through ASP-based logic reasoning.
This combination ensures that explanations are not
reverse-engineered but produced as part of the
inference process, offering traceable, verifiable, and
human-auditable justifications, [2], [6], [19].

2.6.2 Symbolic Integration

Symbolic reasoning enables clinicians and systems
to follow rules, validate logical consistency,
and generalize across domains. Yet, most deep
learning pipelines lack symbolic integration. Even
neuro-symbolic approaches often isolate the symbolic
component to a post-processing step, detached
from the learned representations. This disconnect
limits their effectiveness and interpretability. By
contrast, our model natively encodes symbolic
structure  through BD-CeNNs and maintains
symbolic continuity by coupling this with ASP-based
rule-based inference. This tight integration bridges
neural perception with logic-driven decision-making,
bringing Al workflows closer to the structured,
rule-informed reasoning used by clinicians, [17],
[27].

2.6.3 Temporal Inference

Diagnostic reasoning is often iterative and temporal
in nature. Clinicians revisit regions of interest,
adjust hypotheses, and incorporate contextual cues
over time. However, most current Al systems
process images in static, one-pass feedforward
models, ignoring temporal or sequential aspects of
interpretation. Inspired by reservoir computing (RC),
our system introduces BD-CeNN reservoir layers
that preserve prior activations and evolve symbolic
features across multiple inference cycles.  This
mimics the temporal dynamics and recursive attention
mechanisms found in expert-level clinical practice,
[14], [15], marking a novel use of RC principles in
symbolic medical image analysis.

2.6.4 Automated Rule Induction

While ASP has long been used for expert systems,
traditional rule engines require manually defined rule
sets, which are difficult to scale, maintain, and
validate, [16], [17], [18]. Some recent approaches
attempt to extract rules from CNN activations, but
they typically lack symbolic fidelity or operate
on fuzzy, uninterpretable features. Our approach
automates rule mining directly from the discretized
symbolic features produced by the BD-CeNN. This
facilitates the creation of meaningful, structured ASP
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rules with strong semantic alignment to image content
and clinical categories, [18], [26]. The resulting
system produces both interpretable and data-driven
explanations, eliminating the bottleneck of manual
rule definition.

2.6.5 Multimodal Support

Medical imaging encompasses a diverse range of
modalities, including grayscale images such as
X-rays and MRIs, as well as color-rich images
like dermatological scans or histopathological slides.
Many XAI and neuro-symbolic systems are restricted
to grayscale modalities, especially in the neurological
imaging domain, [26]. Our framework generalizes
across grayscale and color inputs, supporting a wider
range of clinical applications. This cross-modality
compatibility enhances usability in mixed-imaging
workflows (e.g., oncology, dermatology, pathology),
expanding the potential for real-world deployment
across departments and specialties.

2.6.6 Resource-Efficiency and Edge
Deployability

High-performing CNNs  require  significant

computational resources, including GPUs, cloud

access, and energy consumption. These constraints

limit their adoption in rural clinics, point-of-care

devices, and mobile diagnostic units, where
computing capacity and internet access may
be limited, [9], [10], [20]. In contrast, our

use of BD-CeNNs, which operate with binary,
localized computations, drastically reduces hardware
requirements and power consumption, [11], [13].
When coupled with symbolic reasoning via ASP,
which is lightweight and hardware-efficient, the result
is a model inherently suited for edge deployment in
resource-constrained environments. The proposed
framework addresses six significant gaps in the
current literature and technology stack for medical
Al systems, as shown in Table 1 (Appendix).

2.7 Why This Matters

By embedding interpretability into the core
architecture, this framework overcomes the
brittleness of post-hoc XAI. As an S-XAI model,
it aligns with clinical demands for auditability,
transparency, and efficiency, [4], [6], [19].
Furthermore, the introduction of BD-CeNN
reservoirs offers a novel approach to iterative
reasoning, simulating multi-pass diagnostic reasoning
used by clinicians, [8], [27]. Crucially, this system
generalizes to both grayscale and color imaging,
contrasting with the narrow scope of most existing
XAl systems and leverages binary symbolic encoding
to optimize for speed, power consumption, and
interpretability, [11], [13], [20]. To our knowledge,
this is the first framework to integrate:
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1. Symbolic BD-CeNN autoencoding.

2. Temporal refinement through a reservoir-like
structure.

3. ASP-based logic reasoning for diagnosis.

This unified design lays a foundation for the
next generation of neuro-symbolic Al tailored
for transparent, adaptive, and deployable medical
diagnostics.

3 Our System Architecture

The proposed pipeline blends data-driven and
logic-driven mechanisms across four stages.
We begin with the symbolic latent encoding
module (Figure 1 (Appendix)), which provides
the cognitive interface between machine perception
and human-level reasoning. The complete four-stage
workflow is summarized in Figure 2 (Appendix) and
detailed in the following subsections.

3.1 Stage 1: BD-CeNN Autoencoder —

Symbolic Latent Encoding

This first stage transforms raw medical images,
whether grayscale (e.g., CT, MRI) or color (e.g.,
histology, dermatology), into compact, symbolic, and
interpretable representations (Figure 1 (Appendix)).
These representations serve as the cognitive interface
between machine perception and human-level
reasoning. This is achieved via a Binary Discrete
Cellular Neural Network (BD-CeNN)-based
autoencoder, a biologically and symbolically inspired
system designed to extract clinically relevant features
as logical, structured, and composable symbolic
tokens. This stage forms the semantic backbone of
the neuro-symbolic pipeline, defining how visual data
enters a logic-driven, interpretable Al ecosystem.

3.1.1 From Visual Data to Symbolic Knowledge
Medical images are traditionally analyzed by
clinicians in conceptual terms:

* ”The lesion has spiculated margins and central
necrosis.”

» ”This pattern resembles a honeycombing seen in
pulmonary fibrosis.”

* ”The nucleus is hyperchromatic with irregular
contours.”

Al systems based on convolutional neural
networks (CNNs) often fail to replicate this
abstraction ability, producing uninterpretable
numerical embeddings that are even unintelligible to
experts. The BD-CeNN autoencoder addresses this
by:
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* Translating visual data directly into symbolic
assertions.

» Capturing what is present in an image, where it
is located, and how it behaves.

* Organizing this information into discrete
logic-compatible  structures  suitable for
reasoning, feedback, and human-machine
collaboration.

3.1.2 Preprocessing and Harmonization Across
Modalities

To handle diverse imaging modalities, a

harmonization process ensures a modality-agnostic

symbolic encoding:

* Grayscale images (e.g., CT scans): focus on
density gradients, edge structure, and anatomical
location.

* Color images (e.g., histology, skin lesions):
encode hue, saturation, and color contrast into
symbolic units (e.g., “reddish center,” “blue
cytoplasm”).

Rather than treat each modality separately, BD-CeNN
layers normalize and encode clinical visual cues into
a unified symbolic vocabulary, enabling cross-modal
logic and diagnostics.

3.1.3 BD-CeNN Architecture: Structure and

Function
A BD-CeNN consists of a 2D cellular grid, where
each cell is a binary unit (0 or 1), and its next state
depends on:

 The current state of itself and its neighbors.

* A discrete update rule (expressed as a Boolean or
symbolic function).

* Local topology (typically Moore or von

Neumann neighborhoods).

This architecture is inspired by biological neural
fields and cellular automata, providing:

* Spatial pattern emergence without convolutions.
* Discrete semantics from local rules.

* Composability and modularity are ideal for
symbolic Al.

Each BD-CeNN layer acts as a symbolic
transformation stage, gradually abstracting away
pixel-level data into structured patterns.

Volume 23, 2026
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3.1.4 Mathematical Formulation of the
BD-CeNN Autoencoder

Let the input image be I € [0, 1]7>*W*C where
C € {1,3} denotes grayscale or color channels.
After preprocessing and binarization, we obtain an
input field u € {0,1}7XWxFo (e.g. thresholded
intensity/edge/color cues), where Fj is the number of
binary input feature maps.

Cell grid and neighborhood topology: A
BD-CeNN layer is defined over a 2D grid of cells
V=A{1,...,H} x{1,...,W}. Eachcell (i,5) € V
has a binary state ml(-é?t) € {0,1} at discrete time
t in encoder layer {. We formally define common
neighborhood systems with radius r in Egs. (1)—(2):

NMoore (i, §) = {(p, q) : max(|p — i, |g — j|) < 735

NNG ) ={p, @) : lp—il+la—j <r} Q)

In our implementation, N (i, ) is chosen as either
NMoore or AYN and kept fixed for all updates.

Explicit BD-CeNN state-update equation:
Given local templates A() e REr+Dx2r+1) apd
BW ¢ REr+UXx@r+1) "pias 3O ¢ R and threshold
0) e R, the synchronous binary update is given in
Eq. (3):

(6t+1) _ ) 0t
(2. EN(i4)
D SR )
(P.9)EN (i.)

3)

where HY(-) is the Heaviside step function (H(s) = 1
if s > 0, else 0) and «¥ is the binary input to
layer ¢ (for ¢ = 1, u® u; for deeper layers
u® can be set to the previous layer output). To
encourage edge deployability and interpretability, the
templates may be restricted to low-precision values

(e.g., AW B((fl); € {-1,0,1}), which makes each

a,b’
update a transparent local vote/logic aggregation.

Encoder and decoder as explicit functions:

Let @ denote T} repeated applications of Eq. (3) in
layer ¢. The encoder is the composition in Eq. (4):

Eol) = » = g(q>(L>o..-oq><1>(u(I))> e {0,1}M,
4)
where w(I) is the preprocessing/binarization

operator, L is the number of BD-CeNN encoder
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layers, and g(-) maps the final binary cell field to a
symbolic latent vector z. A simple, reproducible g is
regional pooling with thresholds, defined in Eq. (5):
for concepts m = 1,..., M associated with regions
Ry C V and thresholds &,

>

(4,5) ERm

(lfvTL)

Zm =1 i > K

)

m

The decoder reconstructs I from z via prototypes (or
learned sparse bases) P, as in Eq. (6):

M
I = Dy(z) = a(szPm>, (6)
m=1

where o(-) is a squashing function (e.g., sigmoid)
applied elementwise.

Symbolic latent space and semantics: We
define a concept dictionary D {c1,...,enr}
(e.g., border_irregular, hyperdense_core,
radial_streaks). The symbolic latent space for
image I is the set in Eq. (7):

S(I):{Cm : szI}, (7

which is directly mapped to ASP facts (Stage 3) using
predicates such as active(img_id, ¢;,). Sparsity
and interpretability can be quantified by the fraction
of active symbols in Eq. (8):

spar(z) = [|[lo/ M. ®)
Training objective and reproducibility:
With a dataset {(1(™ y(™)}N_  the autoencoder
parameters ¢,v¢ can be learned by minimizing

Eq. 9):

N
min 3 (110 =Dy (Bs (1) [1+ A [ Eo(1™)]o),
o n=1
9
where the first term enforces reconstruction fidelity
and the second enforces a sparse, symbolic code.
Since the system is discrete, optimization can
be carried out using standard discrete relaxations
(e.g., straight-through estimators for H) or template
selection over a finite template library.
Dynamics, convergence  notion, and
computational  complexity: Because the
state space is finite (27" per feature map), the
synchronous update induces a finite-state dynamical
system; thus, every trajectory is eventually periodic.
In this work we define convergence as reaching a
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fixed point within 7, updates, i.e., the Hamming
stability condition in Eq. (10) holds for some ¢ < T:

| X EHD — x G0 = 0. (10)
The per-layer computational cost is given in Eq. (11):
O(T, HW |N]), (11)

where |\ is the neighborhood size; this yields a
predictable, edge-friendly runtime bound.

The BD-CeNN autoencoder mechanism is fully
specified as derived from Egs. (1)—(11).

3.1.5 Encoding Pipeline: Layers of Symbolic
Abstraction

Let’s break down the

transformation process:

Layer 1: Low-Level Perceptual Abstraction

encoder’s symbolic

* Detects contrasts, blobs, gradients, and boundary
primitives.

* Outputs binary maps such as “edge present,”
”contrast peak,” and “chromatic variance high.”

Layer 2-3: Mid-Level Structure Encoding

» Aggregates patterns across spatial and chromatic
neighborhoods.

* Encodes regional features like “ring shape,”
”central void,” and ’bilateral symmetry.”

Top Layer: Symbolic Mapping

* Maps latent spatial patterns to symbolic units
using a pre-learned or manually designed
dictionary.

* Outputs symbolic labels:

lesion_border = irregular,
intensity core = high,
color pattern = reticular.

3.1.6 Symbolic Latent Space: Format and

Semantics
The symbolic latent space is the output of the encoder
and the input to all downstream logic. It is:

* Sparse: Only meaningful concepts are activated.

» Discrete: No ambiguous floating-point values,
just true/false or categorical symbols.

» Semantic: Each symbol is meaningful, editable,
and explainable.
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* Relational: Each symbol can participate in
logic rules (e.g., ”IF lesion_size=large AND
core_density=low THEN diagnosis=suspect”).

This symbolic output can be directly parsed by logic
engines, temporal propagators, or knowledge graphs,
making it a powerful foundation for hybrid Al

3.1.7 Optional Decoder: Auditing and
Interactive Refinement

The decoder is used during training, development, or
clinician-in-the-loop workflows to:

* Validate that the symbolic code retains diagnostic
visual essence.

* Provide symbolic saliency maps, showing which
tokens affect which image regions.

+ Allow interactive editing, where a physician can
turn symbolic indicators on and off and observe
the reconstructed implications.

In effect, the decoder acts as a symbolic visualizer and
auditor. This is essential for:

 Explaining predictions to clinicians or regulators.
* Training users or students on symbolic features.

* Debugging symbolic bottlenecks.

3.1.8 Clinical Example: CT Chest Scan

l. BD-CeNN layer 1: detects
ring —shaped high—intensity regions
(potential lesions).

2. Layer 2-3: characterizes the
boundary as ”spiculated” and
location as ”peripheral.”

3. Final layer:
outputs symbolic vector:
(1) lesion_shape = irregular

(2) density core = hyperdense
(3) boundary type = spiculated
(4) position = peripheral

4. The decoder reconstructs a
coarse symbolic overlay.
5. ASP in later
stages interprets:
(1) IF lesion_shape = irregular

AND density core = hyperdense
AND boundary type = spiculated
THEN risk = high malignancy.

This shows the full semantic interpretability path
from pixels to logic to diagnosis.
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3.1.9 Scientific and Practical Benefits

The proposed framework introduces several
distinctive  features  supporting transparency,
adaptability, and clinical integration. First,

interpretability is ensured by the symbolic nature
of the model: each token in the output space
corresponds to a clearly defined concept, allowing
direct semantic mapping. Second, the architecture
supports composability, meaning that new medical
concepts or rules can be introduced incrementally
without requiring full retraining of the model, an
essential trait for evolving clinical environments.
Third, the system emphasizes explainability by
constructing human-traceable inference chains,
making each diagnostic decision auditable and
reproducible.  Additionally, edge deployment is
enabled through the lightweight computational
design of BD-CeNN logic, which allows the model
to function efficiently even on resource-constrained
devices. The framework is also designed with
ontology compatibility in mind; its symbolic outputs
can be seamlessly mapped to standardized clinical
coding systems, such as SNOMED or ICD, thereby
enhancing interoperability with electronic health
records. Lastly, the architecture supports interactive
feedback loops, allowing clinicians to directly
modify symbolic codes to correct or refine model
outputs, thereby fostering a collaborative human—Al
diagnostic workflow.

3.1.10 Theoretical Foundations and Inspirations
This approach draws inspiration from multiple
foundational paradigms. From symbolic artificial
intelligence, it inherits the capacity to represent and
manipulate knowledge using logic-based systems.
Cognitive psychology contributes to the notion that
human perception functions through abstraction
and feature selection, a process mirrored in the
system’s encoding mechanisms. The architectural
design also reflects principles from cellular
automata, where complex global behavior emerges
from local interactions, echoing the BD-CeNN'’s
spatially distributed processing. Furthermore, the
framework aligns with the goals of neuromorphic
computing, prioritizing energy-efficient, logic-driven
architectures ideal for deployment in edge Al
scenarios. At the core of this methodology lies the
BD-CeNN autoencoder, which synthesizes these
interdisciplinary influences into a unified, medically
grounded application. This component does more
than reduce dimensionality; it transforms raw visual
input into a symbolic representation that serves as
the foundation for logic-based reasoning. It captures
diagnostically salient features from both grayscale
and color medical images, encoding them in a form
that is:
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* Compact, and inherently

transparent.

interpretable,

* Optimized for symbolic manipulation and logical
inference.

* Resilient to variation while remaining clinically
meaningful.

This symbolic abstraction stage is not merely a
precursor to reasoning; it is the semantic engine of
the entire neuro-symbolic framework. By bridging
perceptual and cognitive layers, the BD-CeNN
autoencoder enables a shift from opaque prediction
to interpretable and traceable diagnostic intelligence,
marking a decisive advancement in designing
explainable, deployable Al systems in healthcare.

3.2 Stage 2: BD-CeNN Reservoir —

Temporal Symbolic Refinement
After symbolic features have been extracted via the
BD-CeNN autoencoder, the next critical processing
step is their refinement and dynamic enhancement
through a specialized BD-CeNN reservoir configured
in accordance with the principles of Reservoir
Computing (RC). This architectural layer is
designed to retain key spatial and symbolic cues
and emulate the temporal, iterative analytical
behavior characteristic of human diagnostic
reasoning. While traditional image-processing
models employ single-pass feedforward logic, our
reservoir architecture enables symbolic information
to evolve through multiple discrete time steps, with
each layer serving as a symbolic reasoning iteration.
This gives rise to a system that thinks not just deeply
but repeatedly and contextually.
Architecture and Function of the BD-CeNN
Reservoir.
The BD-CeNN reservoir comprises a stack of
discretized binary processing layers, each modeled
as a Cellular Neural Network (CeNN) with local,
cell-based interactions. Unlike typical CNNs, these
networks operate on binary states with discrete update
rules, resulting in symbolic transformations rather
than floating-point tensor convolutions.
Each layer in the stack performs the following:

» Applies fixed local update rules to symbolic
feature maps (e.g., cell flips based on logical
templates),

* Transmits refined symbolic states to the next
layer (analogous to virtual time steps),

e Enables non-linear transformations over
symbolic codes via binary cellular interactions.

lightweight,
temporal-like

The result is a computationally
energy-efficient mechanism for
symbolic evolution.
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3.2.1 Reservoir-Style BD-CeNN as a Discrete
Dynamical System

Let Z € {0,1}7XWXF denote the symbolic feature
maps produced by Stage 1 (before ASP), and let
R® € {0,111*WxF denote the reservoir state
at virtual time ¢ (or equivalently, at depth ¢ in the
BD-CeNN reservoir stack). We initialize the reservoir
as in Eq. (12):

RO = 7. (12)
For ¢ 0,...,Tr — 1, the reservoir evolves via

a fixed (non-trained) BD-CeNN transition given in
Eq. (13):

R(t)

D,q,f’

Yoo D Applp—ia—7)

(p,q) €N (4,5) f'=1

F
+ > > Brpo—ia—3) Zpay

(p,q) EN (4,5) f'=1

+5f—5f>-

(t+1) _
R = H(

(13)

where A, B are sparse local connectivity templates

(fixed after initialization) and A is the same formal

neighborhood family as in Eq. (3). Equation (13)

explicitly formalizes the paper’s statements that the

reservoir “refines” symbols by local propagation and
suppression.

Connectivity structure and initialization: To
instantiate a reproducible reservoir, we set each
template coefficient to a small discrete value with
prescribed sparsity p as derived from Eqgs. (13)—(14):

Pr( 0) = p.

(14)
To promote stable “echo-state-like” behavior in
the discrete setting, we enforce the bounded local
influence condition in Eq. (15):

F
> > ‘Zf,f'@ —i,q —j)

(p’q)EN(ivj) f=1

Ag. (), By.p (-) ~ Unif{~1,0,1},

<T

—_ )

max
0,5,f
(15)
with a small T (e.g., I' < 1), which limits how
strongly a single update can amplify disagreements.
In analogy to the echo-state property in classical
reservoir computing (often enforced via spectral
radius control), Eq. (15) plays the role of a discrete
contractivity condition by limiting local amplification
under a Hamming-like metric.

Formal compatibility and noise suppression:
We quantify symbolic compatibility between
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neighboring cells by a disagreement energy on
the binary field defined in Eq. (16):

ER)= > wywl|Ry—Ruylr — > h) Ry,
(v,v")EEN v
(16)

where s is the set of neighborhood edges induced
by N, R, € {0,1}* is the feature vector at cell
v = (i,7), Wy > 0penalizes incompatible neighbor
symbols, and h, encodes unary preferences (e.g.,
keep strong activations). Operationally, “suppressing
weak/erroneous activations” corresponds to updates
that reduce £ by removing isolated activations that
increase neighborhood disagreement, consistent with
Egs. (13) and (16).

Convergence criterion: We define reservoir
convergence at time ¢ by the Hamming stability
condition in Eq. (17):

A(t) = RV~ R =0, (7)
or by an energy plateau £(R(H1)) = £(R®) as
derived from Eq. (16). Because R is finite-state,

trajectories are eventually periodic; in deployment we
cap Tr and optionally stop early when Eq. (17) holds.

Computational complexity: The reservoir
update cost is given in Eq. (18) for the general
multi-feature coupling case, or in Eq. (19) if features
are updated independently:

O(TRHW’N| F2)7
O(Tg HW |N| F).

(18)
(19)

Virtual Time Steps in Static Imaging

Even though medical images are static snapshots
(e.g., CT slices and dermatoscopic scans), the
BD-CeNN reservoir treats them as temporally
unfolding symbolic events. Each layer performs an
incremental symbolic operation akin to a diagnostic
iteration. In this sense, the architecture simulates
symbolic cognitive dynamics without needing
recurrent loops or continuous-time processing.
Example analogies:

* A radiologist may first scan an X-ray for gross
abnormalities, then focus on finer details like
vessel branching or asymmetries. The reservoir
mimics this layered focus and refinement.

* In histopathology, coarse pattern recognition is
often followed by texture-specific inspections
and edge confirmations. The reservoir reflects
such attention-guided symbolic sharpening.
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Thus, although the image is static, its symbolic
meaning evolves through a structured transformation.
Key Functional Benefits:

1. Contextual Awareness: Later layers integrate
broader symbolic patterns and relationships. For
example, adjacent activations for “mass-like
density” and ”pleural contact” may combine into
a more semantically rich code such as “tumor

extension.”
2. Symbolic Consistency Enforcement:  The
reservoir gradually enforces compatibility

between symbolic neighbors.  For instance,
if a symbolic pattern suggests a “lobular
shape” in one part but a “diffuse spread” in
another, multiple BD-CeNN layers help resolve
this contradiction via symbolic propagation
dynamics.

3. Noise Suppression and Feature Reinforcement:
Erroneous or weak symbolic activations (e.g.,
due to visual artifacts or scanner noise) are
suppressed as consistent high-confidence
patterns stabilize across layers.

4. Diagnostic Focus Emergence: As clinicians
zoom in on diagnostically suspicious regions, the
reservoir helps the model converge on critical
symbolic features, enabling stronger downstream
inferences.

Memory-Like Behavior without
Backpropagation:

One of the hallmarks of Reservoir Computing is that
the core network, the “reservoir,” is not trained in the
traditional sense. Similarly, the BD-CeNN reservoir
uses fixed transition rules, with learning occurring
only at later stages (e.g., symbolic reasoning or

feedback refinement). This design allows:
* Fast deployment and reusability across tasks,

* Better explainability (since rules are known and
interpretable),

e Low computational cost (no need for
GPU-intensive optimization),
* Compatibility with neuromorphic or

logic-in-memory hardware.

Despite this, the system exhibits emergent memory:
earlier symbolic decisions influence later ones,
supporting temporal integration and symbolic
accumulation.

Multi-Pass Symbolic Understanding:

The reservoir performs a multi-pass symbolic
understanding through its layered design; each
BD-CeNN layer acts as a re-evaluation mechanism.
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This reflects clinical reality, where decisions are
rarely made from a single glance. Instead, doctors
iterate through differential diagnoses, refine mental
models, and cross-check visual evidence.

The BD-CeNN reservoir is similarly:

» Revisits ambiguous symbolic regions (e.g.,
low-confidence edges),

* Confirms symbolic predictions via iterative
consensus,

» Aggregates micro-patterns into macro-symbolic
structures.

In effect, it creates symbolic momentum features that
co-exist and evolve toward diagnostic convergence.
Feeding into Higher-Level Reasoning:

By the end of the BD-CeNN reservoir sequence, the
symbolic representation is:

* Sharper and more stable,
* Semantically richer and less noisy,

* Structured in a way that logic-based systems can
act upon.

This refined symbolic state serves as the input to the
ASP rule engine in Stage 3, ensuring that logical rule
matching occurs over data that is both perceptually
compressed and cognitively enhanced.

Theoretical Significance:

The BD-CeNN reservoir represents a shift from
pure neural architectures toward symbolic dynamical
systems, combining;:

* Discrete logic-based cell behavior,
* Spatial-temporal propagation of symbolic states,
* Non-learned, yet adaptive computation.
It occupies a novel space between:
* Neural fields (continuous, learned, opaque),
* Rule-based expert systems (static, inflexible),

* And interpretable dynamical symbolic systems
(adaptive, structured, explainable).

This contributes to the interpretability discourse and
opens pathways for Al models that reason, refine, and
revise like human experts.

Stage 2 is the heart of the pipeline’s symbolic
cognition, introducing  structured, iterative,
memory-like transformation to symbolic inputs.
It prepares the symbolic field for high-confidence
reasoning and supports future integration with
clinician-defined rules, continuous learning, and
symbolic feedback.
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3.3 Stage 3: ASP Rule Mining — Symbolic

Knowledge Extraction

In this critical stage of the neuro-symbolic
architecture, the system transitions from
sub-symbolic processing to explicit symbolic
reasoning. The symbolic feature maps produced
by the BD-CeNN autoencoder and reservoir layers
serve as the foundation for constructing logical
rules using Answer Set Programming (ASP), a
powerful declarative programming paradigm tailored
for knowledge representation and non-monotonic
reasoning. This stage equips the system to reason
like a domain expert while remaining transparent,
auditable, and evolvable.

Symbolic Feature Space as a Basis for Logic.
After passing through the earlier stages, each
medical image is reduced to a structured symbolic
representation of labeled, discrete features extracted
from the input. These features may include:

* Morphological descriptors: e.g., size,
compactness, border sharpness, irregularity.

 Textural properties: e.g., granularity, contrast,
smoothness.

* Spatial relationships: e.g., central vs peripheral,
multi-region vs focal.

* Contextual metadata: e.g., patient age group,
anatomical zone.

These symbolic descriptors abstract away low-level
pixel information, forming a semantically meaningful
basis for the reasoning engine. Importantly,
these are not learned end-to-end solely through
backpropagation; they are explicitly interpretable and
can be annotated, verified, or supplemented by human
experts.

Automated Rule Mining from Annotated Data.
The system utilizes supervised training data to induce
diagnostic rules automatically. The symbolic features
are paired with corresponding diagnosis labels for
each annotated image in the training set. A rule
mining algorithm built on ASP solvers searches for
consistent, minimal, and discriminative rules that
connect symbolic patterns to diagnoses.

3.3.1 Formal ASP Rule Mining Specification
We make Stage 3 fully explicit by defining:

(i) The mapping from symbolic features to
predicates,

(i) The rule hypothesis space (search space),
(iii) the objective function for rule selection,

(iv) conflict handling.
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Symbol-to-predicate  mapping: For each
training image n with symbolic code z(™ € {0, 1}
(Eq. (4)), we create ASP facts as in Egs. (20)—(22):

img(n).  (20)
active(n,cp,) forallmwith 2™ =1, (21)
label(n, y(”)). (22)

Thus, every symbolic feature c,, € D becomes
a logical predicate instance active(n, c¢,,) with a
precise, reproducible construction (Egs. (20)—(21)).

Rule language and hypothesis space: We
restrict to interpretable, diagnosis-predictive rules of
the form in . (23):

pred(n,c) < ai(n),...,ax(n), not bi(n),...,not be(n),

(23)
where each a;(n) and bj(n) isanactive (n, ¢) literal
and ¢ € ) is a diagnosis label. The search space is
all rules with body length at most K (i.e., k + ¢ <
K), with a user-defined limit R,,,x on the number of
selected rules, providing a concrete, finite hypothesis
space for rule mining as derived from Eq. (23).

Consistency, minimality, and
discriminativeness: Given a candidate rule
set R, we define:

» Consistency: R is consistent on the training set
if no image is assigned two different diagnoses,
i.e., it is not the case that both pred(n,c;) and
pred(n,ce) hold for ¢; # ¢y in any stable model
induced by the facts active/2 (Egs. (21)—(22))
and rules R (Eq. (23)).

* Minimality (rule-level): arule r is body-minimal
if removing any literal from its body strictly
decreases its score (Eq. (26)) or introduces
inconsistency (as defined above from Eq. (23)).

* Discriminativeness: a rule should separate its
target class from others; we quantify this via
precision (confidence) and coverage (Eq. (24)).

Objective function, confidence, and a bound
on rule quality: For a rule r predicting class c,
let TP, and FP, be the number of training images
whose bodies are satisfied and whose labels are ¢
(true positives) or not c¢ (false positives). We define
confidence and coverage in Eq. (24):

TP, + ¢
TP, 4 FP,. + 2¢’

TP,

conf(r) = cov(r) = N" (24)
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with asmall € > 0 for smoothing. If a rule has support
S, = TP, + FP,, then Hoeffding’s inequality yields
a simple generalization bound as in Eq. (25):

Pr(‘conftme(r) - conf(r)‘ > 6) < 2exp(—2S,.6%),

(25)
making the confidence notion formally analyzable
and explicitly support-dependent via Eqgs. (24) and
(25). We score each rule by Eq. (26):

—ylen(r), (26)

where len(r) = k + ¢ is body length and «, 3,y >
0 control the precision—coverage—simplicity trade-off
(Egs. (24)—(26)). The ASP mining task is posed as a
global optimization: select a rule set /R maximizing
> rer score(r) subject to consistency, body-length
constraints (K), and a rule budget (Rpa.x), which
is directly grounded in Egs. (23) and (26). This
objective can be encoded in ASP via weak constraints
that:

score(r) = a conf(r) + B cov(r)

(i) minimize training misclassification,
(i) minimize total rule length/number of rules,

(ii1) maximize summed scores (Eq. (26)).

Learning curve definition (Figure 1): The
plotted “average confidence” at iteration ¢ is defined
in Eq. (27):

conf(t (27)

Z conf(r

‘Rt TGR{

where R; denotes the rule set mined at iteration ¢
(e.g., after processing an additional batch of labeled
examples or after a re-mining pass), and conf(r) is as
in Eq. (24).

Conflict resolution: When multiple rules fire for
the same image, we resolve conflicts by:

(i) preferring higher-confidence rules (Eq. (24)),
(i1) if ties remain, preferring shorter rules (Eq. (26)).

This policy is explicit and auditable because every
pred/2 fact can be traced to the winning rule and its
confidence, as derived from Egs. (23)—(26).
Algorithmic outline: A
implementation follows:

reproducible

Algorithm 1 (ASP rule induction , summary):
Input: {(z"(n), y*(n))}_{n=1}"N,

max body length K, max rules Rmax.

1) Emit ASP facts:

img(n), active(n,c m), label(n,y*(n)).
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Fig.. 1: ASP Rule Learning Curve — Confidence
vs Training Iterations. This figure illustrates how
the average confidence of mined ASP (Answer Set
Programming) rules improves progressively over
100 training iterations. = The curve models an
exponential increase, reflecting the system’s growing
accuracy in symbolic reasoning as it encounters more
labeled examples and iteratively refines its symbolic
inference engine. For this experiment, a sample of
artificial data was generated to serve as a proof of
concept. Confidence is defined in Eq. (24); the
learning curve reports conf(¢) over mined rule sets
R(see Stage 3). Source: created by the authors.

2) Generate candidate bodies up to length K

from dictionary D.
3) Use ASP optimization to select

a consistent rule set R:

— minimize training misclassification

— minimize |R| and total body length

— maximize sum score(r) (Eq. rule score).
4) Output:

mined rules +

conf(r) (Eq. rule conf) for auditing.
Because this stage is encoded as a solver-level
optimization, the selected rules are globally optimal
with respect to the stated objective and constraints
(subject to solver completeness), enabling theoretical
analysis of rule quality under the defined score.

Example rules may include:

IF border_irregularity = true

AND density = hyperdense

AND region = upper_lobe

THEN diagnosis = suspicious nodule
Or:

IF asymmetry = high

AND lesion _color = dark brown
AND pattern = radial streaks
THEN diagnosis likely melanoma

These rules encapsulate  domain-relevant
diagnostic logic, grounded in real data and structured
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to mirror how clinicians think and make decisions.
The resulting rule base is:

* Explicitly encoded (no hidden weights or
uninterpretable embeddings),

e Modular and editable, and

» Executable via ASP inference engines such as
Clingo.

ASP Rule Execution for Diagnosis.

During inference, the system processes new symbolic
feature maps through the ASP engine, which
matches known rules against the current symbolic
configuration. If one or more rules apply, the engine
generates a diagnosis and a traceable justification
chain, a sequence of rule firings explaining how
and why the diagnosis was reached. Unlike typical
neural networks that provide probabilistic outputs,
this ASP-based symbolic layer supports:

* Logical entailment (e.g., deduce all consistent
outcomes),

* Conflict resolution (e.g., rule prioritization or
preferences),

» Explanation generation (e.g., which features
triggered which rules), and

* Diagnostic traceability (vital for clinical

validation and accountability).
Key Advantages of the Symbolic Layer:

1. Transparency: Each prediction is backed by a
clear, human-readable reasoning chain.

2. Modifiability: Domain experts can edit or add
new rules without retraining the entire model.

3. Interdisciplinary adaptability: Rules can
incorporate non-image data (e.g., lab results,
patient history) for richer reasoning.

4. Auditability and compliance: The logic can be
audited and verified for safety, trustworthiness,
and compliance with ethical Al regulations (e.g.,
EU AI Act, FDA GMLP).

5. Medical pedagogy: Rules and reasoning traces
can serve as educational material, helping
students and residents understand expert decision
logic.

6. Patient personalization: Rules can be
dynamically adjusted to consider individual
characteristics (e.g., age, risk group, genetic
markers).
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Incremental Rule Evolution
Learning.

The ASP module supports lifelong learning by
allowing the rule base to grow and evolve. New
rules can be discovered from updated training data,
physician feedback, or post-deployment corrections.
Furthermore, incorrect or outdated rules can be
pruned or deprioritized without disrupting the
system’s performance. This positions the symbolic
layer as a static classifier and an adaptive reasoning
agent capable of integrating human supervision and
evolving domain knowledge into its logic framework.
Integration in the Hybrid Pipeline.

As part of the larger neuro-symbolic architecture, the
ASP reasoning layer operates on top of symbolic
encodings generated by the BD-CeNN reservoir. This
modular structure ensures a clear separation between:

and Lifelong

* Perception (feature extraction and compression),
* Abstraction (symbolic transformation), and
* Cognition (rule-based reasoning and inference).

This layered approach mirrors human diagnostic
processes and supports robust, interpretable,
collaborative Al.

In summary, Stage 3 establishes the core of
symbolic intelligence within the system. Rule
mining, knowledge representation, and auditable
inference enable a data-driven and clinically
grounded decision-making mode. This represents
a decisive shift from conventional deep learning
toward hybrid reasoning architectures that can think,
explain, and learn like real-world experts.

3.4 Stage 4: Explainable Output + Symbolic

Feedback
The culmination of the proposed neuro-symbolic
pipeline is the generation of explainable, symbolic
outputs that are diagnostically meaningful and fully
auditable.  This stage translates the compressed
symbolic representations refined via BD-CeNN and
reservoir layers into actionable conclusions through
a chain of logic-based reasoning. At this point, the
system becomes a diagnostic tool and a transparent
cognitive partner to human clinicians.
Structured Diagnostic Output.
At the core of this stage is the diagnostic prediction,
which reflects the system’s final clinical assessment
of the input image. This may include outcomes such
as:

* ”Possible early-stage tumor detected in the upper
right quadrant,”

» "Normal anatomical pattern with no detected
irregularities,” or
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» ”Presence of hyperpigmented region consistent
with dermal inflammation.”

Each diagnosis is derived from the symbolic features
encoded in the latent space and decoded via logical
inferences using the Answer Set Programming (ASP)
engine. Importantly, these predictions are not made in
isolation; they are grounded in structured reasoning
pathways, rather than the product of opaque neural
activation patterns, as in traditional deep learning
systems.

Symbolic Reasoning Trace.

Alongside the diagnostic prediction, the system
provides a reasoning trace and a transparent,
step-by-step account of the rule chain that led to the
final decision. For example, the system may display
a chain such as:

1. IF lesion_size = large AND border_irregularity =
true THEN suspicion_level = high;

2. IF suspicion_level =high AND patient_age > 50
THEN diagnosis = “possible malignant tumor.”

This level of transparency enables clinicians to audit
the system’s logic, question it where appropriate,
and gain insights into the machine’s interpretation
process. The symbolic reasoning trace effectively
transforms the system from a black box into a
white-box  diagnostic  collaborator, = promoting
confidence and usability, especially in sensitive or
high-stakes medical scenarios.

Bi-directional Symbolic Feedback Loop.
Crucially, this stage includes an optional symbolic
feedback mechanism that allows the output of the
ASP-based reasoning engine to influence upstream
processing within the BD-CeNN reservoir.  This
feedback loop enables:

» State reconfiguration of symbolic activations
within the reservoir based on rule-derived
insights,

* Iterative reasoning, where the symbolic output
prompts a re-analysis of ambiguous features, and

» Adaptive refinement, allowing the network to
adjust to new symbolic constraints or priorities
in real-time.

Such a loop bridges the classical division between
perception and cognition. Instead of unidirectional
inference, the model operates as a closed-loop
system, capable of dynamic reinterpretation and
knowledge-guided evolution. This aligns with recent
advances in active inference, symbolic constraint
satisfaction, and self-regulating neural-symbolic
systems.
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Clinical and Educational Relevance:

This stage of the neuro-symbolic framework
is particularly impactful for Clinical Decision
Support Systems (CDSS), where both stringent
regulatory standards and foundational principles
of medical ethics require that Al tools provide
accurate outputs and transparent and justifiable
reasoning. Regulations such as the European
Union’s Al Act and the U.S. FDA’s Good Machine
Learning Practice (GMLP) guidelines increasingly
mandate that any clinical Al system must be
explainable, auditable, and fair in its diagnostic
conclusions. The BD-CeNN framework addresses
these demands by embedding interpretability directly
into its architecture through symbolic processing.
Rather than relying on opaque probability scores
or uninterpretable feature maps, the system outputs
explicit symbolic representations and logic-based
reasoning paths that physicians can scrutinize. This
allows clinicians to view the diagnostic outcome and
examine the reasoning behind it, verify its clinical
appropriateness, and, where necessary, intervene
or override it based on contextual expertise. Such
capacity for human-in-the-loop oversight is not just
a technical feature; it is a prerequisite for building
trust, accountability, and real-world clinical utility
in Al-assisted diagnostics. From an educational
standpoint, the system’s symbolic trace is a powerful
pedagogical tool. In contrast to black-box neural
networks that provide no insight into their internal
operations, the BD-CeNN autoencoder and its
symbolic outputs make the AI’s ’thought process”
fully visible and traceable. Medical students and
junior clinicians can study how specific visual
features such as lesion shape, color variation, or edge
irregularity map to discrete symbolic indicators and
how these, in turn, trigger diagnostic logic rules. This
structured transparency helps learners internalize
diagnostic reasoning patterns that mirror expert-level
thinking. Moreover, it fosters a deeper conceptual
understanding of medical image interpretation by
explicitly linking visual cues to clinical meaning.
The framework’s explainable nature thus supports
machine accountability and human learning, making
it ideally suited for integration into medical curricula
and training programs. The same interpretability that
enables clinical validation also transforms the system
into an educational scaffold bridging the gap between
Al-driven automation and human medical reasoning.

Customizability and
Extension.

One of the defining strengths of this stage lies in
its inherent support for dynamic customization
and interactive refinement, which are essential
for real-world clinical deployment. Unlike

conventional deep learning models that require

Human-in-the-Loop
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full retraining to incorporate new knowledge or
correct misclassifications, the symbolic architecture
allows domain experts to intervene directly in
the reasoning layer. Clinicians and medical
informaticians can modify existing rules, introduce
new ones, or deactivate outdated logic patterns
within the ASP engine, tailoring the diagnostic
process to reflect evolving medical knowledge,
patient-specific nuances, or institutional standards
of care. This flexibility is especially valuable
when medical guidelines are regularly updated,
rare or emerging conditions must be quickly
integrated into diagnostic protocols, or when
local practice patterns differ from those embedded
in generic datasets. It also enables the system to
accommodate individualized constraints, such as
comorbidities, demographics, or family history,
which often influence diagnostic interpretation but
are difficult to encode in purely data-driven models.
By opening the symbolic layer to expert interaction,
the framework invites collaborative intelligence,
allowing Al to adapt responsively rather than remain
rigid and static. Beyond its technical flexibility,
this human-in-the-loop capability establishes a
philosophical alignment with clinician-centered
design. It ensures that the Al remains a tool
that complements medical reasoning rather than
replaces it, supporting accountability, transparency,
and continuous learning. Notably, the system’s
architecture also enables bi-directional adaptation,
allowing feedback from symbolic reasoning to
influence upstream symbolic states in the reservoir,
thereby fostering a feedback loop between inference
and representation. This interactive feedback
mechanism enables the real-time re-evaluation
of ambiguous cases, allowing the Al system
to learn from both data and human corrections
and preferences. In essence, Stage 4 serves as
the cognitive core of the entire pipeline, where
latent symbolic patterns extracted and refined
through earlier BD-CeNN layers are transformed
into structured, semantically meaningful diagnostic
outputs. By enabling explainable outcomes, traceable
logic paths, and adaptive integration of human
insight, this stage exemplifies the foundational
principles of neuro-symbolic Al: reasoning and
interpretability, contextual sensitivity, and sustained
human alignment across the life cycle of medical
decision-making.

3.5 Reproducibility and Theoretical

Remarks
The pipeline is fully determined by:

(i) neighborhood family and radius (N, r);
(ii) encoder depth L and update steps {7y};
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(iii) encoder templates and thresholds

{A©W BO 30 9O} (Eq. (3));

(iv) symbolic dictionary D and pooling map g
(Eq. (5));

(v) reservoir depth Tr and initialization sparsity p
with bounded influence I' (Eq. (15));

(vi) ASP mining constraints (K, R ) and objective
weights (c, 5,7) (Eq. (26)).

Reporting this tuple makes the method reproducible
end-to-end.

Convergence and stability: Both the BD-CeNN
encoder (Eq. (3)) and the reservoir (Eq. (13))
are finite-state dynamical systems; therefore,
trajectories are eventually periodic.  We define
a practical notion of convergence as fixed-point
reachability within a budgeted number of updates
(Hamming stability), which is testable exactly. The
bounded-influence condition (Eq. (15)) provides an
explicit stability knob limiting local amplification
of disagreements and promoting short transient
dynamics in deployment.

Computational complexity (stage-wise
bounds): Stage 1  (encoder) has  cost
O(Zle Ty HW |N|). Stage 2 (reservoir) has
cost O(Tr HW |N| F?) in the general multi-feature
coupling case (or O(Tr HW |N| F) for per-feature
updates). Stage 3 (ASP mining) is NP-hard in
general due to combinatorial rule selection, but it
is exactly defined as an optimization over the finite
rule hypothesis space (Eq. (23)); complexity is
controlled explicitly by (K, Rmax) and by the solver’s
pruning/optimization strategies.

Limitations and failure modes: The discrete
dynamics can enter short cycles if templates are
poorly chosen; we therefore cap 7, and Tx and
optionally stop early when Hamming stability is
reached. The symbolic dictionary may be incomplete
(missing clinically relevant concepts), limiting rule
coverage; this motivates domain-guided dictionary
expansion and ablations over |D|. Finally, ASP
rule mining can overfit when the dataset is small or
when K is too large; Eq. (26) explicitly penalizes
rule length, and confidence can be paired with
its support-dependent bound (Stage 3) to filter
low-support rules.

4 Key Contributions

This work introduces a novel, unified neuro-symbolic
framework combining discrete neural computation,
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temporal dynamics, and symbolic logic for medical
image interpretation. It offers several key innovations
that distinguish it from existing Al-based diagnostic
systems, particularly in explainability, adaptability,
and deployment feasibility. First, we propose a novel
BD-CeNN-based autoencoder designed explicitly
for the symbolic encoding of medical images,
capable of processing both grayscale (e.g., CT,
X-ray, MRI) and color domains (e.g., histopathology,
dermatology). Unlike conventional autoencoders
that rely on continuous-valued latent representations,
the BD-CeNN model encodes discrete symbolic
states that are directly compatible with logic-based
reasoning.  This symbolic abstraction facilitates
interpretable downstream processing while reducing
computational complexity. Second, the framework
introduces a reservoir computing—inspired stack of
BD-CeNN layers that enables dynamic symbolic
reasoning over image content. These layers operate
sequentially in a pseudo-temporal fashion, refining
and evolving symbolic feature maps as they propagate
through the architecture. This design simulates a
form of iterative, memory-based processing akin to
the diagnostic reasoning used by clinicians, thereby
bridging the gap between static neural inference and
temporally aware, context-sensitive analysis. Third,
the architecture seamlessly integrates perception
and cognition, where the BD-CeNN-based feature
extraction layers (perception) are tightly coupled with
an ASP-based rule engine (cognition). This coupling
enables symbolic features to be directly mapped onto
formalized diagnostic logic, supporting transparent,
auditable, and expert-verifiable decision-making.
The process remains traceable from raw input to
symbolic output, a rare characteristic in modern Al
pipelines. Finally, the framework is optimized for
real-world applicability in constrained environments.
Its discrete, low-resource BD-CeNN components
and symbolic inference engine are well-suited for
edge deployment in settings where computational
resources, stable connectivity, and technical support
may be limited. This includes rural health centers,
mobile diagnostic platforms, emergency care units,
and regulatory-sensitive environments. The model’s
interpretable nature aligns it with global trends toward
ethical, human-centric healthcare Al, supporting
accountability and clinical adoption.  Together,
these contributions establish a strong foundation for
advancing the field of explainable and accessible
medical Al, particularly at the intersection of
neuro-symbolic reasoning and practical healthcare
deployment.

5 Real-World Impact

The proposed system holds substantial promise
for real-world implementation across various
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healthcare domains, ranging from direct clinical
diagnostics to medical education and public health
support. Its hybrid neuro-symbolic design ensures
high diagnostic accuracy and delivers explainable,
traceable, and efficient decision-making, making
it particularly well-suited to modern demands
for transparent Al in medicine. In radiology,
the system supports the analysis of grayscale
imaging modalities, including X-rays, CT scans,
and MRI, by extracting and overlaying symbolic
features such as geometric boundaries, intensity
gradients, and structural anomalies. These features
are mapped to logic-based rules that generate
interpretable diagnostic suggestions, which clinicians
can validate and trace back to symbolic reasoning
paths. This augmented explainability builds trust
in automated tools, reduces diagnostic ambiguity,
and enhances acceptance among radiologists,
especially in complex cases involving subtle
abnormalities or multi-region pathologies. In
fields such as dermatology and pathology, where
diagnostic accuracy depends on color variation,
texture, and morphological patterns, the system
excels by providing a symbolic representation
of color-specific and shape-sensitive features. It
enables robust classification of skin lesions (e.g.,
melanoma detection) or identification of cell types
in histopathological slides. This makes it especially
useful for early detection of cancers, infections,
and autoimmune diseases, where minor visual
deviations carry significant diagnostic implications.
Additionally, the logic-based interpretability allows
pathologists to audit decisions, a feature often lacking
in traditional CNN-based systems. The framework
is also ideally suited for telemedicine, a growing
field that demands reliable, low-latency diagnostic
tools. The system can transmit symbolic encodings
of medical images rather than full-resolution data in
remote or bandwidth-constrained environments such
as rural clinics, field hospitals, or mobile diagnostic
units. These compressed representations preserve
critical diagnostic cues while dramatically reducing
data size, making real-time Al-assisted diagnostics
feasible even on mobile or embedded devices. The
system is an interactive training tool for students
and healthcare professionals in medical education.
The system cultivates a deeper understanding of
medical logic by exposing the symbolic structures
underlying each diagnostic output and the rule-based
reasoning chain that leads to a conclusion. Trainees
see what the Al concludes and why it arrives at
that conclusion. This promotes conceptual clarity,
supports diagnostic skill-building, and fosters a
culture of accountable Al-assisted practice. It
also opens possibilities for curriculum integration,
particularly in radiology, digital pathology, and
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clinical decision-making courses. Moreover,
the framework’s symbolic foundation supports
clinical auditability and compliance with regulatory
requirements, such as those proposed in the EU
Al Act and the FDA’s Good Machine Learning
Practice (GMLP) guidelines. The system aligns with
emerging standards for human-centered, trustworthy
medical Al in this context. In summary, the proposed
architecture offers a flexible and future-ready
solution to challenges in diagnostic automation,
clinical transparency, and medical training. Its
real-world utility spans primary care, specialty
medicine, education, and telehealth, providing a
scalable model for integrating explainable Al into the
daily fabric of healthcare delivery.

6 Conclusion and Future Work

We have presented a  reservoir-enhanced
neuro-symbolic Al architecture that fuses discrete
symbolic encoding, dynamic feature propagation,
and logic-based reasoning to optimize diagnostic
performance and model interpretability jointly.
At the heart of the system lies a Binary Discrete
Cellular Neural Network (BD-CeNN), which
encodes grayscale and color medical images into
evolving, compact symbolic representations. These
symbolic embeddings are refined through reservoir
computing dynamics and interpreted via Answer
Set Programming (ASP) rules automatically derived
from expert-labeled datasets, thereby enabling
logic-grounded, auditable decision-making, [11],
[14], [16]. This architecture directly tackles
several long-standing limitations in medical Al
systems. First, it delivers inherent interpretability
by embedding explainability within the model
structure, moving beyond the limitations of post-hoc
techniques such as Grad-CAM or SHAP, which
often lack reliability and clinical alignment, [2], [4],
[6]. Second, reservoir-inspired symbolic refinement
enables context-aware, temporally structured feature
evolution, a feature missing from conventional static
CNN-based models, [3], [14], [15]. Third, due to its
binary and symbolic design, the BD-CeNN enables
energy-efficient inference and is well-suited for
deployment on edge devices in resource-constrained
clinical environments, [9], [10], [13], [20]. Lastly,
the architecture supports a broad spectrum of imaging
modalities, including both grayscale modalities such
as MRI and CT, and color-rich domains such as
histopathology and dermatology, thus overcoming
the narrow specialization seen in many current
models, [1], [3], [8].

Future Directions

1. Symbolic Feedback into the Reservoir: A
promising direction for future research is the
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development of feedback mechanisms that
dynamically influence the state evolution of
the BD-CeNN reservoir through ASP-derived
symbolic rules. This bi-directional coupling
would strengthen semantic alignment between
logical inference and symbolic feature dynamics,
enabling adaptive and  context-sensitive
reasoning, [14], [15].

2. Multimodal Data Integration: Another avenue
involves extending the framework to incorporate
non-visual clinical data, such as structured EHR
entries, sensor data, or physician annotations,
alongside image inputs. Multimodal fusion
has been shown to significantly enhance the
contextual richness and diagnostic accuracy of
Al systems in healthcare, [3], [7], [28].

3. Clinical Validation and Usability Studies:
To ensure real-world utility, we plan to
engage in clinician-in-the-loop evaluations,
usability testing, and pilot deployments. These
efforts align with the growing emphasis on
human-centered and explainable Al design in
medicine, ensuring systems are interpretable,
trustworthy, and practically deployable, [2], [6],
[28].

In summary, this work contributes to the development
of a new generation of transparent, resource-efficient,
and semantically grounded Al systems for medical

imaging. By uniting BD-CeNN-based symbolic
encoding, reservoir computing, and ASP-based
logical inference, it advances the theoretical

foundations and practical applicability of explainable
neuro-symbolic Al in clinical environments.
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Table 1: Comparison of Challenges, Existing Approaches, Unmet Needs, and Our Contributions Source: created
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rules, [16], [18], [26]

features

Challenge Existing Approaches Unmet Need Our Contribution
Interpretability | Post-hoc XAL | Lack of intrinsic, | BD-CeNN + ASP pipeline
self-explainable auditable interpretability | with  built-in  symbolic
models, [2], [6], [19] explanations
Symbolic Detached symbolic layers | Disconnection from | Symbolic encoding and
Integration or none, [17], [27] learned features reasoning integrated
throughout the pipeline
Temporal Static feedforward | No iterative reasoning for | BD-CeNN reservoir
Inference models; RC only in | static images mimicking temporal
EEG/time series, [14], diagnostic reasoning
[15]
Rule Induction | Manual rule design | No scalable, discrete rule | Automatic ASP rule
or fuzzy CNN-based | mining from interpretable | generation from symbolic

BD-CeNN features

Multimodal Limited to grayscale or | Lack of generalization | Full support for grayscale
Support narrow domains, [26] across imaging types and color imaging
Edge Deep CNNs: | Inaccessible to | Efficient, interpretable, and
Deployment computationally low-resource or mobile | low-power model suitable for
intensive, [9],  [10], | clinical settings on-device deployment
[20]
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Fig. 1: BD-CeNN Autoencoder — visual representation of encoding/decoding symbolic features. Source:
created by the authors.
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(b) Inference Phase: Full Neuro-Symbolic Pipeline

Fig.: Full Neuro-Symbolic Pipeline — from input image to explainable output. Source. created by the authors.
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