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Abstract— Heart disease remains a leading cause of
death worldwide, and clinical decision support depends
on classifiers that stay reliable when patient records are
few, redundant, and heterogeneous. Many reported pre-
diction models for the Cleveland heart disease records
combine feature selection and deep learning, but their
gains are rarely tested under protocols that keep all data-
dependent steps inside the training folds. This study pro-
poses and evaluates ShPCN-Net, a hybrid framework that
cleans the records, normalizes numerical attributes with a
Gaussian function, selects attributes with a Gray Langurs
Optimizer wrapper, and classifies the selected attributes
with a learned feature map processed by a ShuffleNet-V2
attention branch, a Taylor regression fusion stage, and a
multiscale parallel convolutional head. The framework is as-
sessed on all 303 Cleveland records with stratified ten-fold
cross-validation, against two ablation networks and three
published model families, using accuracy, the Matthews
correlation coefficient, the true positive rate, the area un-
der the receiver operating characteristic curve, Wilcoxon
signed-rank tests, and Shapley additive explanations. The
optimizer reduced the 13 attributes to 6.9 attributes per
fold on average, consistently retaining the vessel count and
thalassemia test. ShPCN-Net reached an accuracy of 0.805,
a Matthews correlation coefficient of 0.610, a true positive
rate of 0.755, and an area under the curve of 0.897, whereas
the six evaluated models spanned accuracies from 0.785
to 0.815 without any significant pairwise difference. The
results show that compact, interpretable attribute subsets
are attainable, but the hybrid fusion offers no measurable
advantage over simpler networks on this dataset.

Index Terms— Convolutional neural network, explainable
artificial intelligence, feature selection, heart disease detec-
tion, metaheuristic optimization

I. INTRODUCTION

CARDIOVASCULAR diseases are the leading cause of
death worldwide; the World Health Organization esti-

mates that they caused about 17.9 million deaths in 2019,
nearly one third of all global deaths [1]. Coronary heart disease
accounts for a large share of this burden, and its diagnosis
still relies on a combination of symptoms, exercise testing,
imaging, and invasive angiography. Routine clinical attributes,
such as age, chest pain type, resting blood pressure, serum
cholesterol, exercise response, and fluoroscopic findings, are
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collected for nearly every patient and therefore offer an
inexpensive basis for computer-aided risk stratification [2].
The Cleveland heart disease records, published through the
University of California Irvine repository, have become the
most widely used benchmark for this task because they couple
13 such attributes with an angiographic diagnosis [2], [3].

Automated prediction from these records matters because a
model that flags high-risk patients early can prioritize scarce
diagnostic resources, whereas a model that misses diseased
patients or raises frequent false alarms can erode clinical trust.
The records are, however, small, mixed in type, and partly
redundant: the numerical vital signs and the coded test results
carry overlapping information, and several attributes contribute
little to discrimination [4]. Such properties make predictive
performance sensitive to the choice of attributes and to the
way preprocessing interacts with validation. When attribute
selection or normalization uses the complete dataset before
cross-validation, the estimated accuracy can be markedly op-
timistic [5], [6]. Reliable, interpretable, and honestly validated
predictors are therefore as important as raw accuracy for
clinical decision support.

Existing approaches span classical classifiers, ensembles,
and deep networks. Gradient boosting, notably extreme gradi-
ent boosting (XGBoost) [7], and stacked ensembles of boost-
ing and neural models have been compared on the Cleveland
data and related risk-factor datasets [8]–[10]. Deep hybrids
combine convolutional and recurrent layers, such as the
convolutional bidirectional long short-term memory network
HCBiLSTM [11], or pair autoencoders with densely connected
classifiers [12]; several of these studies report accuracies
above 0.96 on the 303 Cleveland records. Multimodal signal
models fuse electrocardiogram and phonocardiogram channels
to detect cardiovascular disease [13]. Metaheuristic wrappers,
including the improved slime mould algorithm, select attribute
subsets by optimizing classifier accuracy and subset size
jointly [14], [15], and a recent multi-group metaheuristic, the
Gray Langurs Optimizer (GLO), has been proposed for general
optimization [16]. Convolutional designs such as ShuffleNet
[17], [18], squeeze-and-excitation attention [19], ShuffleNet-
based tabular classification [20], and multiscale parallel con-
volutional networks [21] are efficient feature extractors, and
tabular records can be mapped onto image-like arrays for
convolutional processing [22]. The research problem addressed
here is whether combining such a metaheuristic attribute
search with a hybrid convolutional classifier improves heart
disease detection when every data-dependent step is confined
to the training folds. Three gaps remain open: the GLO has
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not been examined as an attribute selector for clinical records,
efficient image-domain architectures have rarely been fused
for tabular cardiac data, and the reported gains of hybrid
predictors are seldom accompanied by paired statistical tests,
class-balanced metrics, and explanations.

This paper develops ShPCN-Net, a hybrid framework for
binary heart disease detection from routine clinical attributes.
The framework first cleans and normalizes the records, then
searches for a compact attribute subset with a GLO wrapper,
and finally classifies the selected attributes with a network
that joins a lightweight attention branch and a multiscale
convolutional branch through a fusion rule derived from a
first-order Taylor expansion. The framework is evaluated under
a leakage-controlled protocol, compared with ablated and
published model families, and interpreted with model-agnostic
explanations.

The contributions of this paper are as follows. First, it
formulates a GLO-based wrapper for clinical attribute selec-
tion, with a solution encoding, a multi-group update scheme,
and a fitness function that balances wrapper accuracy against
subset size. Second, it introduces Taylor regression fusion,
which combines a linear regression of the selected attributes
with the output of a ShuffleNet-V2 attention branch before
a multiscale parallel convolutional head. Third, it provides
a leakage-controlled evaluation in which imputation, normal-
ization, and attribute selection are refitted inside each of ten
stratified folds, and in which ShPCN-Net is compared with
two ablation networks and three published model families
using the Matthews correlation coefficient (MCC) [23], [24],
Wilcoxon signed-rank tests [25], [26], and Shapley additive
explanations (SHAP) [27]. Fourth, it reports the outcome
transparently, including the finding that the proposed fusion
does not significantly outperform simpler networks on this
dataset.

The remainder of this paper is organized as follows. Sec-
tion II presents the motivation, the literature survey, and the
research gaps. Section III describes the proposed methodology,
from record preprocessing through GLO attribute selection to
the ShPCN-Net classifier and its training. Section IV reports
the experimental setup, dataset, parameter settings, metrics,
intermediate outputs, comparative results, and statistical find-
ings. Section V discusses the findings in relation to previous
studies, and Section VI concludes the paper with limitations
and future directions.

II. MOTIVATION

The motivation for this study arises from a tension in
the heart disease prediction literature. Increasingly complex
hybrids are reported with very high accuracy on a dataset of
only 303 records, yet a small dataset leaves little room to
separate genuine architectural gains from variance and from
optimistic validation. A model that selects attributes and learns
representations should therefore be judged by its behavior
under strict cross-validation, by class-balanced metrics, by
paired statistical tests against simpler alternatives, and by
explanations that clinicians can inspect. This study pursues
such an evaluation for a hybrid built from components that

the concept of this work identified as promising: a new
multi-group optimizer for attribute selection and two efficient
convolutional designs.

A. Literature Survey

Shrivastava et al. [11] proposed HCBiLSTM, which selects
attributes with an extra-trees classifier, handles missing and
imbalanced data, and classifies the Cleveland records with a
convolutional bidirectional long short-term memory network,
reporting an accuracy of 96.66% together with precision,
recall, and F1-score; the reported evaluation does not include
a class-balanced correlation metric, a paired statistical test
against simpler models, or an explanation of the predictions,
which the present study adds. Alghamdi et al. [12] combined
a dense autoencoder with a DenseNet-style classifier on the
same 13 Cleveland attributes and reported a mean accuracy
of 99.67%; near-perfect figures on 303 records are highly
sensitive to how preprocessing and validation are partitioned
[5], [6], which motivates the fold-internal protocol adopted
here. Alharbi [8] compared XGBoost with multilayer per-
ceptron, k-nearest neighbor, support vector, and decision tree
classifiers on Cleveland Clinic patients and identified XGBoost
as the preferred model; that comparison concerns the choice
of classifier rather than a search for compact attribute subsets,
a question the present wrapper addresses.

Shorewala [9] studied coronary heart disease prediction
with k-nearest neighbor, logistic, and naive Bayes classifiers
and their bagged, boosted, and stacked ensembles under k-
fold validation, reporting that bagging raised accuracy by
1.96% on average; the study used a 70 000-record risk-factor
dataset rather than angiography-confirmed records and did not
examine learned representations or explanations, both of which
are evaluated here on the Cleveland data. Shah et al. [10]
proposed a stacked ensemble of gradient boosting, CatBoost,
and neural networks for cardiovascular risk prediction and
interpreted it with SHAP values and t-distributed stochastic
neighbor embedding (t-SNE) and principal component projec-
tions, reporting an area under the receiver operating character-
istic curve of 0.82; its explanations are computed on the full
attribute set, without an explicit search for a smaller subset,
whereas the present framework explains a model trained on an
optimized subset. Calzoni et al. [13] fused electrocardiogram
and phonocardiogram branches by late fusion, reached an area
under the curve of 96.4% on an augmented bimodal dataset,
and quantified modality contributions with three explanation
techniques; the approach requires synchronized signal acquisi-
tion, which is unavailable when only routine clinical attributes
are recorded, the setting targeted here.

Liu et al. [20] built MissenseNet on the ShuffleNet archi-
tecture with an encoder-decoder framework and a squeeze-
and-excitation module to classify the pathogenicity of mis-
sense variants, achieving the highest areas under the receiver
operating characteristic and precision-recall curves on an
independent test set; its design was validated on genomic
and structural features, so its transfer to clinical cardiac
attributes remained untested before the present study. Li et
al. [21] proposed a multiscale parallel convolutional neural
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network that extracts and fuses features at several scales for
face recognition and validated it on the CMU-PIE, extended
FERET, and AR databases; the parallel multiscale idea was
developed for images, and the present work examines it on
learned maps of tabular records. Qiu et al. [14] introduced an
improved slime mould algorithm that optimizes support vector
machine parameters and attribute subsets simultaneously, with
a fitness that weighs classification error against subset size, and
reported accuracies of at least 90% on seven of ten repository
datasets; its wrapper is coupled to a support vector machine,
whereas the present framework transfers the selected subset
to a deep hybrid classifier. Barshandeh et al. [16] introduced
the GLO, which models the one-male, multi-male, and all-
male groups of gray langurs, their social hierarchy, and their
migration after alpha death, mate finding, and puberty; the
algorithm was presented as a general-purpose optimizer, and
its use for clinical attribute selection is examined here for the
first time to our knowledge, although its relative merit against
other optimizers is not tested in this study.

B. Research Gap

The survey identifies the following practical problems,
unresolved issues, and expected value, each mapped to a
component of the proposed method and to the evidence that
this study provides.

• Optimistic validation of small-sample predictors. Very
high accuracies are reported on the 303 Cleveland
records, but attribute selection and normalization are
not always shown to be confined to training data [5],
[6]. Component: fold-internal preprocessing and GLO
search (Section III-G). Status: addressed methodologi-
cally; the resulting estimates (Section IV) are lower than
the reported literature values, as expected under strict
separation.

• Redundant and weakly informative attributes. Mixed-type
records contain overlapping attributes [4]. Component:
GLO wrapper attribute selection (Section III-D). Status:
partially addressed; the subset size fell from 13 to 6.9
attributes per fold on average, and the scalability analysis
shows similar accuracy for compact and full subsets, but
the GLO was not compared with other selectors under
the same protocol.

• Untested transfer of efficient image-domain networks to
tabular cardiac data. ShuffleNet-style attention and mul-
tiscale parallel convolutions were validated on genomic
and image data [20], [21]. Component: the learned input
map and the two branches of ShPCN-Net (Section III-E).
Status: addressed as an evaluation; both branches perform
comparably to established baselines.

• Fusion of complementary representations. Hybrid predic-
tors are expected to benefit from combining a linear view
of the attributes with convolutional features. Component:
Taylor regression fusion (Section III-E.3). Status: not sup-
ported by the evidence; ShPCN-Net did not significantly
outperform its ablated branches.

• Limited statistical testing, class-balanced metrics, and
explanations. Component: MCC, Wilcoxon signed-rank

tests, and SHAP analysis (Sections III-G and IV). Status:
addressed; all comparisons are reported with paired tests
and explanations.

III. PROPOSED LANGUR-OPTIMIZED SHPCN-NET
METHODOLOGY

A. Overview of the ShPCN-Net Detection Pipeline
B. Clinical Record Representation

Let D = {(xj , cj)}nj=1 denote the heart disease dataset,
where xj ∈ RK holds the K = 13 clinical attributes of
record j, cj ∈ {0, 1} is its diagnosis (0 for Normal and 1 for
Disease), and n = 303. The attributes split into a numerical set
N (age, resting blood pressure, serum cholesterol, maximum
heart rate, and ST depression) and a categorical set C (sex,
chest pain type, fasting blood sugar, resting electrocardiogram,
exercise-induced angina, ST slope, number of major vessels,
and thalassemia test), which Section IV-B describes in detail.
The value of attribute k in record j is written xjk. During
cross-validation the index set of the training records of a fold
is denoted T , and every statistic below, such as a mean or a
mode, is computed over T only.

C. Leakage-Controlled Preprocessing of Clinical
Records

1) Duplicate Removal: Repeated records inflate the apparent
agreement between training and test data when copies fall on
both sides of a split. The first step therefore removes exact
duplicates, so that the cleaned dataset D′ keeps one instance
of every distinct attribute-label combination. This operation
uses no learned statistic and is applied once, before the folds
are formed. The Cleveland records used in this study contain
no duplicate rows, so D′ = D, but the step is retained so that
the pipeline remains valid for other record collections.

2) Missing-Value Imputation: Missing entries are replaced
by the training mean for numerical attributes and by the train-
ing mode for categorical attributes, following the imputation
rule of the concept design,

x̃jk =

{
µk = 1

|T |
∑

i∈T xik, k ∈ N
modei∈T (xik), k ∈ C

(1)

where x̃jk is the imputed value, µk is the training mean of
attribute k, and the mode is the most frequent training value.
The mean preserves the first moment of a continuous attribute,
and the mode keeps a categorical attribute inside its valid
code set, which a mean would violate. The imputed matrix
is denoted Mv . The version of the Cleveland records analyzed
here contains no missing entries, so the rule leaves the data
unchanged; it is nevertheless fitted per fold for consistency.

3) Categorical Encoding: Categorical attributes are kept as
integer codes rather than one-hot vectors so that the attribute
count remains K = 13 and the search space of the optimizer
stays at 213 subsets. To give the codes a range comparable
with the normalized numerical attributes, each code is divided
by the largest code observed in the training fold,

zjk =
x̃jk

maxi∈T x̃ik
, k ∈ C (2)
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Fig. 1. Block diagram of the proposed ShPCN-Net framework. Preprocessing and Gray Langurs attribute selection are refitted inside every training
fold; the selected attributes feed the ShuffleNet-V2 attention branch and the regression path, which Taylor regression fusion combines before the
multiscale parallel convolutional head.

where zjk ∈ [0, 1] is the scaled code. Binary attributes such
as sex and exercise-induced angina remain 0 or 1.

4) Gaussian Function Normalization: Numerical attributes
are transformed with the Gaussian probability density function
evaluated at the attribute value, a transformation that Kim et
al. [28] examined among several normalization methods for
neural predictors,

gk(x̃jk) =
1

σk

√
2π

exp

(
− (x̃jk − µk)

2

2σ2
k

)
, k ∈ N (3)

where µk and σk are the training mean and standard deviation
of attribute k. The raw density in (3) has a maximum of
1/(σk

√
2π), which differs between attributes by more than

an order of magnitude for the Cleveland data (for example,
σ is 9.02 years for age and 51.69 mg/dL for cholesterol). A
wrapper based on a radial basis function kernel would then
effectively ignore attributes with a large standard deviation.
The framework therefore multiplies (3) by the per-attribute
constant σk

√
2π,

x̂jk = σk

√
2π gk(x̃jk) = exp

(
− (x̃jk − µk)

2

2σ2
k

)
(4)

which preserves the Gaussian shape but maps every numerical
attribute to the interval (0, 1]. The Gaussian mapping com-
presses extreme values smoothly and bounds the influence of
outliers, which motivated its choice in the concept design. It
is, however, symmetric about the mean: a value one standard
deviation above the mean and a value one standard deviation
below it receive the same x̂jk. This property removes the
direction of the deviation, a limitation that the experiments
examine indirectly through the selection frequency of the
numerical attributes. The normalized matrix Nd concatenates
x̂jk for k ∈ N and zjk for k ∈ C in the original attribute
order.

D. Gray Langurs Wrapper Attribute Selection
Attribute selection is posed as a binary optimization prob-

lem over the K normalized attributes. A wrapper evaluates

candidate subsets with a classifier and therefore captures
interactions that filter criteria miss [4], [15]. The GLO was
chosen as the search engine because the concept of this
work targets this recent multi-group optimizer, whose social
structure keeps several partly independent subpopulations and
thus supports exploration in a rugged and discrete fitness
landscape [16]. The no-free-lunch theorem [29] implies that
no optimizer dominates on all problems, so the suitability
of the GLO for clinical attribute selection is an empirical
question; this study addresses it by reporting the convergence
and selection behavior of the GLO, not by claiming superiority
over other optimizers.

1) Solution Encoding: Each langur i holds a continuous
position pi ∈ [0, 1]K . The position decodes into a binary
attribute mask by thresholding,

mik =

{
1, pik > τ

0, otherwise
(5)

where mik = 1 means that attribute k is selected and τ = 0.5.
If no attribute exceeds the threshold, the attribute with the
largest position value is selected, so every langur represents
a valid subset. The decoded mask is equivalent to the list
of selected attribute indices of the concept design, and the
continuous representation allows the arithmetic update rules
below.

2) Subset Fitness: The quality of a mask m is measured
by the fitness of Qiu et al. [14], which is minimized:

f(m) = α (1−Aw(m)) + (1− α)
R

K
(6)

where Aw(m) is the wrapper accuracy of the subset, R =∑
k mk is the number of selected attributes, and α ∈ [0, 1]

weighs accuracy against compactness. With α = 0.99, one
percentage point of accuracy outweighs the removal of one
attribute, so the search prefers small subsets only when they
cost little accuracy. The wrapper accuracy is the mean accuracy
of a support vector machine with a radial basis function kernel
[30] under stratified five-fold cross-validation on the training
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records of the current outer fold. A support vector machine
was chosen as the wrapper because it trains in milliseconds
on a few hundred records, whereas training ShPCN-Net inside
each of roughly one thousand fitness evaluations would be
prohibitive. Identical masks are cached, so repeated visits to
the same subset cost nothing.

3) Multi-Group Position Update: The population of P lan-
gurs is divided into G groups whose types cycle through
the three social structures described by Barshandeh et al.
[16]: one-male, multi-male, and all-male groups. A control
parameter decreases linearly over the T iterations,

a(t) = a0 − (a0 − a1)
t

T − 1
(7)

where t is the iteration index, a0 = 2, and a1 = 0; a large
a favors exploration and a small a favors exploitation, in
the same spirit as the encircling coefficient of the grey wolf
optimizer [31]. Let Ag be the best position (the alpha male) of
group g, Mg the mean of its three best positions, G∗ the best
position of the whole population, and r1, r2, and r3 vectors
of independent uniform random numbers in [0, 1]. A member
of a one-male group follows its single alpha,

p′
i = Ag − a (2r1 − 1)⊙ |r2 ⊙Ag − pi| (8)

where ⊙ denotes element-wise multiplication. A member of a
multi-male group follows the mean of its leading males and
is additionally drawn toward the population best as the search
progresses,

p′
i = Mg − a (2r1 − 1)⊙ |r2 ⊙Mg − pi|

+

(
1− a

a0

)
r3 ⊙ (G∗ − pi)

(9)

A member of an all-male group behaves as a roaming bachelor
that moves relative to a randomly chosen langur j and, for
mate finding, toward the population best,

p′
i = pi + a (2r1 − 1)⊙ (pj − pi)

+

(
1− a

a0

)
r2 ⊙ (G∗ − pi)

(10)

With probability ρ = 0.1, a langur instead performs an
arbitrary movement within its territory,

p′
i = pi + a ξ, ξ ∼ N

(
0, (0.1 (u− l))2I

)
(11)

where l = 0 and u = 1 are the lower and upper bounds. Every
candidate is clipped to [l, u], and the langur moves only if the
candidate improves its fitness,

pi ←

{
p′
i, f(p′

i) < f(pi)

pi, otherwise
(12)

so the best fitness of the population never increases. The
published description of the GLO specifies the group types,
the hierarchy, and the migration events, but its exact update
coefficients were not available when this study was imple-
mented. Equations (7)–(12) therefore constitute this study’s
formulation of the GLO, and the label GLO in this paper refers
to this formulation.

Algorithm 1 Gray Langurs wrapper attribute selection for one
training fold.
Require: normalized training matrix NT

d , labels cT , settings
P,G, T, α, τ, L,M

Ensure: attribute mask m∗ and convergence curve
1: Initialize pi ∼ U(0, 1)K for i = 1, . . . , P ; evaluate f by

(6) with the cached RBF-SVM wrapper
2: Assign langur i to group i mod G; group types cycle

one-male, multi-male, all-male
3: for t = 0 to T − 1 do
4: compute a(t) by (7); find G∗

5: for each group g do
6: find Ag and Mg

7: for each member i of g do
8: with probability ρ draw p′

i by (11); otherwise
apply (8), (9), or (10) by group type

9: clip p′
i to [l, u]; decode the mask by (5); accept by

(12)
10: end for
11: if the group best has not improved for L iterations

then rebirth of the worst member near G∗

12: end for
13: if (t+1) mod M = 0 then swap the worst member of

each group with a member of the next group
14: record mini f(pi)
15: end for
16: return the mask of the best langur by (5)

4) Alpha Death and Inter-Group Migration: Two population
events model the group dynamics of gray langurs. If the best
fitness of a group does not improve for L = 6 consecutive it-
erations, its alpha is considered dead: the worst member of the
group is reborn near the population best, pw ← clip(G∗ +η)
with η ∼ N (0, 0.152I), which represents a new male joining
after puberty. Every M = 5 iterations, the worst member of
each group swaps places with a random member of the next
group, which represents migration between groups and keeps
the group sizes constant. These events inject diversity when a
group stagnates while preserving the best solutions found so
far.

5) Search Cost: Each iteration evaluates at most P can-
didate positions, plus one rebirth per stagnating group, so
the search requires at most about P (T + 1) + GT fitness
evaluations. With P = 20, G = 4, and T = 50, this bound
is about 1 220 evaluations, but caching reduces the number
of distinct subsets that are actually trained to a few hundred
per fold. Algorithm 1 summarizes the complete selection
procedure.

E. ShPCN-Net Hybrid Classifier

1) Learned Input Map: Convolutional layers exploit local
spatial structure, but a vector of clinical attributes has no nat-
ural spatial order. Rather than fixing an arbitrary arrangement,
ShPCN-Net learns one. A fully connected layer projects the
selected attributes onto H ×W = 8× 8 positions,
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Fig. 2. Network architecture of ShPCN-Net for k selected attributes. The learned input map Ip passes through a stem convolution, a ShuffleNet-V2
unit, and squeeze-and-excitation attention to give O1; a regression of the same attributes gives y1; Taylor regression fusion forms O2 = 2y1−O1;
four parallel convolution branches with 1 × 1 to 7 × 7 kernels give O3 to O6, whose pooled outputs are concatenated and classified.

Ip = reshape1×H×W (WeFs + be) (13)

where We ∈ RHW×k and be ∈ RHW are learned and Ip is
the single-channel input map. Methods such as DeepInsight
place tabular features on an image grid by a fixed similarity
layout [22]; the learned projection used here lets the training
objective decide which combinations of attributes appear at
neighboring positions, at a cost of only 65k parameters. An
8×8 map is the smallest square that holds all 13 attributes with
room for learned combinations while keeping the convolutions
inexpensive.

2) ShuffleNet-V2 Attention Branch: A 3×3 stem convolution
with batch normalization [32] and a rectified linear unit
expands Ip to C = 16 channels. A ShuffleNet-V2 basic unit
[18] then splits the channels into two halves, passes one half
through a 1 × 1 convolution, a 3 × 3 depthwise convolution,
and a second 1 × 1 convolution, concatenates the result with
the untouched half, and applies a channel shuffle so that
information flows between the halves in later layers [17]. The
output map U ∈ RC×H×W is recalibrated with squeeze-and-
excitation attention [19], as in MissenseNet [20]. The squeeze
step averages each channel,

Zc =
1

H ·W

H∑
i=1

W∑
j=1

Uc(i, j) (14)

where Zc is the descriptor of channel c. The excitation step
computes channel weights,

s = σ (W2 δ (W1Z)) (15)

where Z = [Z1, . . . , ZC ]
⊤, W1 ∈ R(C/r)×C and W2 ∈

RC×(C/r) are learned with reduction ratio r = 4, δ is the
rectified linear unit, and σ is the logistic sigmoid. The branch
output rescales every channel by its weight,

O1 = s⊙ U (16)

where the weight sc multiplies all positions of channel c.
ShuffleNet-V2 was selected because its channel split and
shuffle give a good accuracy-to-cost ratio on small inputs
[18], and squeeze-and-excitation was added because it lets the
branch emphasize the channels that respond to discriminative
attribute combinations at negligible cost [19].

3) Taylor Regression Fusion: The central idea of ShPCN-
Net is a fusion rule that combines a direct linear view of
the attributes with the attention features. The regression path
computes a weighted sum of the selected attributes for every
position and channel of the feature map,

y1 = reshapeC×H×W (WrFs + br) (17)

where Wr ∈ RCHW×k and br are learned. Each element of
y1 is a regression

∑k
q=1 Fs,q wq of the attributes, as in the

concept design, but with its own weights, so that y1 has the
same shape as O1. To fuse the two maps, the representation
is viewed as a state x(t) evolving over abstract steps, and a
first-order Taylor expansion predicts the next state,

x(t+ 1) = x(t) +
x′(t)

1!
(18)

where the derivative is approximated by the backward differ-
ence

x′(t) ≈ x(t)− x(t− κ)

κ
(19)

with step κ. Setting κ = 1 and substituting (19) into (18) gives
the linear extrapolation

x(t+ 1) = 2x(t)− x(t− 1) (20)

Taylor regression fusion assigns the attention output to the
earlier state, x(t−1) = O1, the regression output to the current
state, x(t) = y1, and the fused map to the predicted state,
x(t+ 1) = O2, which yields
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O2 = 2y1 −O1 = y1 + (y1 −O1) (21)

The second form of (21) shows the logic of the rule: the fused
map starts from the regression view and adds the discrepancy
between the regression and attention views, extrapolating
along the direction from the convolutional representation to
the linear one. Because the coefficients 2 and −1 are fixed,
the fusion adds no parameters, and both paths receive gradients
during training, with ∂O2/∂y1 = 2 and ∂O2/∂O1 = −1. The
rule was preferred over plain addition or concatenation in the
concept design because it encodes an explicit relation between
the two views and keeps the channel count unchanged. These
properties are design rationale; whether the rule improves
detection is tested by the ablation experiments in Section IV.

4) Multiscale Parallel Convolutional Head: The fused map
is processed by four parallel convolution branches that differ
only in kernel size, following the multiscale parallel network
of Li et al. [21]:

O2+b = δ (BN (convκb
(O2))) , b = 1, . . . , 4 (22)

where κb ∈ {1, 3, 5, 7} is the kernel size of branch b, each
branch has 16 filters with same padding, and BN denotes batch
normalization. On an 8×8 map the four kernels cover receptive
fields from a single position to almost the whole map, so the
head can combine local and global interactions among the
learned attribute combinations. Each branch output is reduced
by global average pooling, and the four 16-dimensional vec-
tors are concatenated into a 64-dimensional descriptor h0 =
[Ō3 ∥ Ō4 ∥ Ō5 ∥ Ō6], where ∥ denotes concatenation. A stack
of L hidden layers with 64 neurons, rectified linear units,
and dropout with rate 0.3 [33] follows, and the output layer
produces the class probabilities,

O7 = softmax (Wo hL + bo) (23)

where hL is the output of the last hidden layer and O7 =
[P̂ (Normal), P̂ (Disease)]. A record is labeled Disease when
P̂ (Disease) ≥ 0.5. For the consensus subset of k = 7
attributes, ShPCN-Net has 39 358 trainable parameters.

5) Training Objective and Optimization: ShPCN-Net is
trained end to end by minimizing the cross-entropy loss over
a mini-batch B,

L = − 1

|B|
∑
j∈B

∑
c∈{0,1}

⊮[cj = c] log P̂j(c) (24)

where ⊮[·] is the indicator function and P̂j(c) is the predicted
probability of class c for record j. The parameters are updated
by the Adam optimizer [34] with a learning rate of 10−3, a
weight decay of 10−4, and mini-batches of 16 records. Within
each training fold, a stratified 15% of the records is held out as
a validation set; training stops when the validation loss has not
improved for 20 epochs or after 150 epochs, and the weights
of the epoch with the lowest validation loss are restored. Early
stopping and dropout limit overfitting, which is a central risk
when a network with tens of thousands of parameters is trained
on fewer than 300 records.

6) Computational Footprint: The parameter budget of
ShPCN-Net is dominated by its head. For k = 7 attributes, the
learned input map uses 512 parameters, the stem convolution
with batch normalization 176, the ShuffleNet-V2 unit 248,
and the squeeze-and-excitation block 148. The regression path
of Taylor regression fusion uses 8 192 parameters, because it
assigns a separate weight vector to each of the C ·H ·W =
1024 positions of y1. The four parallel branches use 21 632
parameters (about 55% of the total), the two hidden layers
8 320, and the output layer 130, which adds up to the 39 358
parameters stated above. The parallel branches also dominate
the computation: on an 8×8 map with 16 input and 16 output
channels, the four kernels require 64·16·16·(1+9+25+49) ≈
1.38×106 multiply-accumulate operations per record, whereas
the attention branch requires fewer than 3× 104. ShPCN-Net
therefore remains small enough to train on a laptop processor
within seconds per fold, but it carries about six times the
parameters of the ShuffleNet-only ablation, a difference that
matters when only 270 records are available for training in
each fold.

F. Ablation and Comparison Models
Five models were implemented to test the contribution of the

ShPCN-Net components and to position it against published
model families. Table I summarizes their architectures. Two
ablation networks remove parts of ShPCN-Net: the ShuffleNet-
only network keeps the learned input map and the attention
branch but replaces the fusion and the parallel head by global
average pooling and the hidden stack, and the PCNN-only net-
work keeps the learned input map and a stem convolution but
removes the attention branch and the fusion. Three comparison
models represent the families studied in the literature survey:
HCBiLSTM [11], built from a one-dimensional convolution
and a bidirectional long short-term memory layer [35], [36]; a
dense autoencoder [12], [37] whose encoder is pretrained by
reconstruction and then fine-tuned with a densely connected
classifier [38]; and XGBoost [7], [8]. The source papers of the
comparison families were not available in full, so the models
are re-implementations with documented settings rather than
reproductions of the published pipelines. All models use the
same folds, the same preprocessing, and the same GLO subset
in each fold, so that differences in their scores reflect the
classifiers alone.

G. Evaluation Protocol and Explainability
1) Leakage-Controlled Cross-Validation: The records are di-

vided into ten stratified folds with a fixed random seed of
42 [39]. For each fold, the imputation and normalization
statistics of (1)–(4) are fitted on the nine training folds, the
GLO searches for a mask on the same nine folds only, every
model is trained on the selected training attributes, and the
held-out fold is predicted. The out-of-fold predictions of all
ten folds cover every record exactly once and are pooled for
the receiver operating characteristic curves and the confusion
matrix, whereas the metrics are averaged over folds. Confining
the search to the training folds prevents the selection bias that
arises when attributes are chosen with knowledge of the test
records [5], [6]. Algorithm 2 summarizes the protocol.
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TABLE I
ARCHITECTURES OF THE PROPOSED, ABLATION, AND COMPARISON MODELS (PARAMETERS COUNTED FOR k = 7 ATTRIBUTES)

Model Role Architecture Parameters
ShPCN-Net Proposed Input map 8× 8; stem conv; ShuffleNet-V2 unit + SE (C = 16, r = 4); Taylor

regression fusion; four parallel conv branches (1, 3, 5, 7; 16 filters); 2 hidden layers
of 64; softmax

39 358

ShuffleNet Ablation Input map; stem conv; ShuffleNet-V2 unit + SE; global average pooling; 2 hidden
layers of 64; softmax

6 462

PCNN Ablation Input map; stem conv; four parallel conv branches; concatenation; 2 hidden layers of
64; softmax

30 770

HCBiLSTM Comparison Conv1D (32, kernel 3) + max pooling; BiLSTM (32 per direction); dense 32; dropout
0.3; softmax

19 170

Dense autoencoder Comparison Encoder k–32–16, decoder 16–32–k (MSE pretraining, 60 epochs); dense block (3
layers, growth 16); softmax

3 273

XGBoost Comparison 200 trees, depth 4, learning rate 0.05, subsample 0.8, column subsample 0.8 tree model

Algorithm 2 Leakage-controlled training and evaluation of
ShPCN-Net and the comparison models.
Require: dataset D, models M, number of folds F = 10,

seed 42
Ensure: per-fold metrics, out-of-fold probabilities, masks,

and training curves
1: remove duplicate records; split D into F stratified folds
2: for f = 1 to F do
3: T ← training indices, V ← held-out indices of fold f
4: fit (1)–(4) on T ; transform T and V into Nd

5: m∗
f ← Algorithm 1 on NT

d

6: for each model in M do
7: train on NT

d [:,m∗
f ] with early stopping on a stratified

15% validation split
8: predict P̂ (Disease) for V; compute the metrics of

Section IV-D
9: end for

10: end for
11: consensus mask ← attributes selected in at least half of

the folds
12: train the consensus ShPCN-Net on all records for expla-

nation and sensitivity analysis

2) Consensus Subset and Explanations: Because each fold
may select a different subset, the stability of the search is
summarized by the selection frequency of each attribute,

νq =
1

F

F∑
f=1

m∗
f,q (25)

where m∗
f,q indicates whether attribute q was selected in fold

f and F = 10. A consensus subset is formed from the
attributes with νq ≥ 0.5, and a consensus ShPCN-Net is
trained on all records with this subset. The frequency νq also
ranks the attributes for the scalability analysis described below.
The consensus model is used only for explanation and for
the sensitivity analysis, never for the reported cross-validated
performance. Explanations use SHAP [27], which attributes a
prediction to the attributes through an additive decomposition,

P̂j(Disease) = ϕ0 +

k∑
q=1

ϕjq (26)

where ϕ0 is the expected prediction over a background set
and ϕjq is the Shapley value of attribute q for record j. The
model-agnostic kernel estimator is applied with a background
of 30 k-means centroids, 80 randomly selected records, and
200 coalition samples per record. The SHAP values describe
the behavior of the consensus model on records it was trained
on and therefore explain the model rather than estimate its
generalization. Two exploratory views complete the analysis:
a t-SNE embedding [40] of the normalized records and kernel
density estimates [41] of key raw attributes by diagnosis.

3) Robustness Analyses: Three analyses probe the stability
of the conclusions. The scalability analysis ranks the attributes
by their GLO selection frequency and trains ShPCN-Net and
the three comparison models on the top 4, 6, 8, 10, and
13 attributes with stratified five-fold cross-validation, which
shows how performance changes with the feature dimension.
The sensitivity analysis trains ShPCN-Net with 2, 4, 6, and 8
hidden layers on 60%, 70%, 80%, and 90% of the records as
learning data, testing on the remainder with three repeated
stratified splits. Finally, the paired fold scores of ShPCN-
Net and each other model are compared with the two-sided
Wilcoxon signed-rank test [25], which is recommended for
comparing classifiers because it does not assume normally
distributed differences [26].

4) Reproducibility Controls: All random elements, namely
the fold assignment, the GLO initialization and moves, the
network initialization, the mini-batch order, and the validation
split, are seeded from a single run seed of 42, with the fold
index added for fold-specific components. Each GLO result
is cached together with a key that encodes the seed, the fold,
and every optimizer and preprocessing setting, so a rerun either
reproduces the stored subset or recomputes it when a setting
changes. The fitted preprocessing statistics, the selected masks,
the trained fold models, the out-of-fold predictions, and the
training curves are stored for every fold, and all figures in
Section IV are drawn from these stored results. Redrawing the
complete figure set from the stored results reproduced byte-
identical underlying data files, which confirms that the reported
values are deterministic for the stated seed. The framework



[AUTHOR SURNAME] et al.: LANGUR-OPTIMIZED HYBRID CONVOLUTIONAL HEART DISEASE DETECTION 9

was implemented in Python with PyTorch [42] for the net-
works, scikit-learn [43] for the support vector wrapper, cross-
validation, and metrics, and the reference XGBoost library [7].
Section IV-A lists the exact versions.

IV. EXPERIMENTAL PROCEDURE

A. Experimental Setup

All experiments ran on a laptop with a 13th-generation Intel
Core i5-1334U processor (12 hardware threads), 15.7 GB of
memory, and Windows 11 Home (build 26200). The inte-
grated Intel Iris Xe graphics adapter was not used; PyTorch
executed on the processor with four computation threads.
The software environment comprised Python 3.10.11, PyTorch
2.5.1 [42], scikit-learn 1.6.1 [43], XGBoost 2.1.3 [7], SHAP
0.49.1 [27], NumPy 1.26.4, pandas 2.3.3, SciPy 1.15.3, and
matplotlib 3.8.4, installed in a dedicated virtual environment.
The complete pipeline, comprising preprocessing, the ten-
fold comparison of six models with fold-internal GLO search,
the consensus model, the scalability and sensitivity analyses,
SHAP, the statistical tests, and all figures, finished in 16.7 min.
The ten-fold comparison took 327 s, the scalability analysis
290 s, and the sensitivity analysis 340 s.

B. Dataset Description and Partitioning

The experiments use the Cleveland heart disease records
of the University of California Irvine repository [3], col-
lected from patients referred for coronary angiography at the
Cleveland Clinic Foundation [2]. This standard benchmark
is the dataset used by most of the Cleveland studies in the
literature survey [8], [11], [12]. The file analyzed here contains
303 records, 13 attributes, and a binary label that marks the
presence (Disease, 139 records, 45.9%) or absence (Normal,
164 records, 54.1%) of angiographic disease. It is a cleaned
version of the repository data: it contains no missing values
and no duplicate records, so (1) and the duplicate removal step
leave it unchanged. Table II lists the attributes, their types,
and their units; clinical units are given with SI equivalents
where applicable. Stratified ten-fold cross-validation assigns
272 or 273 records to training and 30 or 31 records to testing
in each fold, and the networks hold out a stratified 15% of
each training part (about 41 records) for early stopping. Every
record is therefore tested exactly once, by models that never
saw it during preprocessing, attribute selection, or training.

C. Parameter Settings

Table III reports the settings confirmed for the reported run.
The parameter table of the concept design listed the parameter
names without values, so the values were chosen before the
experiments to suit a processor-only laptop and were not tuned
on the test folds. Early stopping ended training well before the
150-epoch limit: the mean number of executed epochs was
38.7 for ShPCN-Net, 46.1 for the ShuffleNet ablation, 39.4
for the PCNN ablation, 49.9 for HCBiLSTM, and 67.1 for the
dense autoencoder.

TABLE II
ATTRIBUTES OF THE CLEVELAND HEART DISEASE RECORDS

(TRAINING MEANS OVER ALL 303 RECORDS)

Attribute Type Description and unit
age numerical age in years (mean 54.4)
sex binary 0 = female, 1 = male
cp categorical chest pain type, four codes
trestbps numerical resting blood pressure in mm Hg

(mean 131.7 mm Hg = 17.6 kPa)
chol numerical serum cholesterol in mg/dL (mean

246.7 mg/dL = 6.38 mmol/L)
fbs binary fasting blood sugar above 120 mg/dL

(6.7 mmol/L)
restecg categorical resting electrocardiogram result, three

codes
thalach numerical maximum heart rate in min−1 (mean

149.6)
exang binary exercise-induced angina
oldpeak numerical exercise ST depression in mm (mean

1.04 mm; 1 mm = 0.1 mV at
standard gain)

slope categorical slope of the peak exercise ST
segment, three codes

ca categorical major vessels colored by fluoroscopy,
0 to 3

thal categorical thalassemia stress test result, coded

TABLE III
PARAMETER SETTINGS OF THE REPORTED RUN

Component Parameter Value
GLO population size P ; groups G 20; 4 (5 langurs

each)
GLO iterations T ; control a0 → a1 50; 2 → 0

GLO bounds [l, u]; threshold τ [0, 1]; 0.5
GLO fitness weight α; territory

probability ρ
0.99; 0.10

GLO migration interval M ; alpha
death limit L

5; 6 iterations

GLO wrapper RBF-SVM, C = 1,
inner stratified
5-fold

Networks input map; channels C; SE
ratio r

8× 8; 16; 4

Networks hidden layers; neurons;
activation

2; 64; ReLU

Networks loss; optimizer; learning rate cross-entropy;
Adam; 10−3

Networks batch size; maximum epochs;
patience

16; 150; 20

Networks dropout; weight decay;
validation split

0.3; 10−4; 15%

Protocol folds; seed; data used 10 stratified; 42;
100% (303 records)

D. Evaluation Metrics

With TP , TN , FP , and FN denoting the true positives,
true negatives, false positives, and false negatives, Disease
being the positive class, the metrics are

Acc =
TP + TN

TP + TN + FP + FN
, TPR =

TP

TP + FN
(27)
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Spec =
TN

TN + FP
, Prec =

TP

TP + FP
,

F1 =
2Prec · TPR
Prec + TPR

(28)

MCC =

TP · TN − FP · FN√
(TP + FP )(TP + FN)(TN + FP )(TN + FN)

(29)
where Acc is the accuracy, TPR the true positive rate (sen-
sitivity or recall), Spec the specificity, Prec the precision,
and F1 the F1-score. The MCC ranges from −1 to 1 and
remains informative when the classes are unbalanced or when
a model favors one class [23], [24]. The area under the receiver
operating characteristic curve (AUC) is the probability that a
randomly chosen Disease record receives a higher P̂ (Disease)
than a randomly chosen Normal record. All metrics are dimen-
sionless ratios. Each metric is computed per fold and reported
as the mean and the sample standard deviation over the ten
folds; the standard deviation is the deviation measure shown in
the fold-wise plots. Accuracy, MCC, and TPR are the primary
metrics of the concept design, and precision, specificity, F1-
score, and AUC are reported as secondary metrics.

E. Representative Record Through the Pipeline

F. Data Structure and Attribute Selection Results

G. Classification Performance and Comparative Analysis

Table IV and Fig. 7 report the cross-validated performance
of all models. All six models reached accuracies between
0.785 and 0.815. The ShuffleNet ablation had the highest mean
accuracy (0.815) and MCC (0.634), the dense autoencoder the
highest TPR (0.806), and the PCNN ablation the highest AUC
(0.902). ShPCN-Net reached an accuracy of 0.805, an MCC of
0.610, a TPR of 0.755, and an AUC of 0.897, ranking fourth
in accuracy and third in AUC; it had the highest specificity
(0.847), the second-highest precision (0.814), and one of the
lowest TPRs. XGBoost scored lowest on accuracy, MCC, and
AUC. The fold-to-fold standard deviations, between 0.048 and
0.077 for accuracy, are two to three times larger than the
largest difference between the mean accuracies (0.029).

H. Fold-Wise Deviation, Ablation, Scalability, and
Sensitivity

I. Explainability Results

J. Statistical Findings and Experimental Discussion

Table V and Fig. 16 report the two-sided Wilcoxon signed-
rank tests between ShPCN-Net and every other model on the
ten paired fold scores. None of the 20 comparisons was sig-
nificant at the 0.05 level. The smallest p-values were 0.055 for
the MCC against the ShuffleNet ablation, where ShPCN-Net
was lower (median difference −0.010), and 0.094 for the TPR
against the dense autoencoder (median difference −0.071).
Against HCBiLSTM, XGBoost, and the PCNN ablation, all
p-values exceeded 0.33.

Taken together, the experiments show a consistent pattern.
Under the leakage-controlled protocol, all six models reach

accuracies near 0.80 and AUCs near 0.89, and the differences
between them are smaller than the variation between folds.
The proposed hybrid trades sensitivity for specificity relative
to its ablations: it produces the fewest false alarms but misses
more Disease records. The Taylor regression fusion and the
larger parallel head did not yield a measurable gain, which
is plausible given that ShPCN-Net has about six times the
parameters of the ShuffleNet ablation and is trained on about
231 records per fold after the validation split. The GLO
produced stable and clinically plausible subsets; the four most
frequent attributes alone matched the accuracy of the full
attribute set. The main experimental limitations are the single
dataset, the statistical power of ten paired folds, the fixed
hyperparameters, and the symmetric normalization, which may
discard useful directional information.

V. DISCUSSION

The central finding of this study is that the proposed
ShPCN-Net performs on a par with, but not better than,
simpler networks and published model families when every
data-dependent step is confined to the training folds. Table VI
organizes the results by evaluation method. Under ten-fold
cross-validation, ShPCN-Net reached an accuracy of 0.805,
compared with 0.815 for its best ablation. In the scalability
folds with four attributes, it reached 0.835, compared with
0.838 for the best comparison model. Its best sensitivity
configuration reached 0.847 on repeated holdout splits, and
none of the 20 paired Wilcoxon tests was significant. The
consistent observation across evaluation methods is parity, not
superiority.

Table VII places these values beside the results reported
by the surveyed studies. The comparison is not like for like.
The cited values come from the respective publications and
were not reproduced here; several studies used other datasets
or modalities, and their validation protocols were not available
in sufficient detail. The Cleveland accuracies of 0.967 for HC-
BiLSTM [11] and 0.997 for the dense autoencoder [12] exceed
the 0.798 and 0.812 obtained here by re-implementations of
the same model families. One plausible explanation, which
this study cannot confirm without the original pipelines, is
the protocol: selecting attributes or fitting preprocessing on all
records before validation is known to inflate estimates on small
datasets [5], [6]. Differences in architecture details, tuning, and
dataset versions may also contribute. The present estimates
should therefore be read as conservative reference values for
leakage-controlled evaluation.

Several interpretations, which remain hypotheses, may ex-
plain why the hybrid did not improve detection. First, model
capacity is high relative to the data: ShPCN-Net has 39 358
parameters for about 231 training records per fold, six times
the ShuffleNet ablation, and its training curves show overfitting
after about ten epochs. Second, the fixed coefficients of
Taylor regression fusion impose a particular combination of
the regression and attention views; a learned gate might suit
small data better. Third, the symmetric Gaussian normalization
removes the direction of deviation, which may explain why
maximum heart rate and ST depression were rarely selected
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Fig. 3. Representative Disease record (record 299, fold 9) traced through ShPCN-Net. (a) Normalized attributes and the GLO mask (orange:
selected). (b) Learned input map Ip. (c) ShuffleNet-V2 unit output, attention output O1, and squeeze-and-excitation weights. (d) Regression map
y1, O1, and fused map O2 = 2y1 − O1. (e) Outputs O3 to O6 of the four parallel branches. (f) Out-of-fold Disease probabilities of all models
against the ground truth. Equation labels inside the panels follow the implementation’s specification numbering; they correspond to (4) and (15) in
this paper.

despite their clear class differences. Benchmarks of tabular
learning likewise show that deep architectures rarely dominate
simpler models on small tabular datasets [44].

The study also has clear strengths. The GLO consistently
selected the vessel count, the thalassemia test, the chest pain
type, and exercise-induced angina, and four attributes sufficed

to match the accuracy of all 13. The SHAP analysis assigned
the largest contributions to the same attributes in clinically
expected directions [27], so the selection and the explanations
corroborate each other. ShPCN-Net also achieved the highest
specificity, 0.847, which may suit screening settings where
false alarms are costly. Its lower TPR is a limitation for such
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TABLE IV
TEN-FOLD CROSS-VALIDATED PERFORMANCE (MEAN ± STANDARD DEVIATION OVER FOLDS; BEST MEAN IN BOLD)

Model Accuracy MCC TPR Precision Specificity F1-score AUC
ShuffleNet 0.815 ± 0.064 0.634 ± 0.132 0.784 ± 0.101 0.817 ± 0.097 0.841 ± 0.099 0.795 ± 0.067 0.899 ± 0.056
PCNN 0.808 ± 0.048 0.623 ± 0.094 0.792 ± 0.091 0.803 ± 0.089 0.824 ± 0.102 0.791 ± 0.048 0.902 ± 0.050
HCBiLSTM 0.798 ± 0.051 0.600 ± 0.107 0.776 ± 0.065 0.794 ± 0.100 0.817 ± 0.101 0.780 ± 0.050 0.890 ± 0.049
Dense
autoencoder

0.812 ± 0.074 0.626 ± 0.150 0.806 ± 0.101 0.794 ± 0.093 0.817 ± 0.091 0.797 ± 0.079 0.894 ± 0.054

XGBoost 0.785 ± 0.077 0.575 ± 0.157 0.749 ± 0.122 0.785 ± 0.112 0.818 ± 0.104 0.760 ± 0.093 0.885 ± 0.054
ShPCN-Net
(proposed)

0.805 ± 0.070 0.610 ± 0.143 0.755 ± 0.085 0.814 ± 0.098 0.847 ± 0.090 0.781 ± 0.074 0.897 ± 0.061

Fig. 4. t-SNE embedding of the 303 normalized Cleveland records
colored by diagnosis.

TABLE V
TWO-SIDED WILCOXON SIGNED-RANK P-VALUES, SHPCN-NET

VERSUS EACH MODEL OVER TEN PAIRED FOLDS

Compared
model

Accuracy MCC TPR AUC

ShuffleNet 0.250 0.055 0.188 0.539
PCNN 0.703 0.625 0.375 0.461
HCBiLSTM 0.750 0.883 0.531 0.625
Dense
autoencoder

0.500 0.275 0.094 0.730

XGBoost 0.594 0.846 0.850 0.338

TABLE VI
SUMMARY OF SHPCN-NET RESULTS BY EVALUATION METHOD ON THE

CLEVELAND DATASET

Evaluation method ShPCN-Net Best other model
10-fold CV, accuracy
(Table IV)

0.805 0.815 (ShuffleNet)

10-fold CV, AUC 0.897 0.902 (PCNN)
5-fold CV, top-4 attributes,
accuracy

0.835 0.838 (dense
autoencoder)

Holdout, 2 layers, 80%
learning data

0.847 not evaluated

Wilcoxon tests with p < 0.05 0 of 20

TABLE VII
REPORTED RESULTS OF SURVEYED STUDIES AND OF THIS STUDY

(REPORTED VALUES; DIFFERENT DATASETS AND PROTOCOLS, NOT

DIRECTLY COMPARABLE)

Study Dataset Model Reported
result

[11] Cleveland CNN-BiLSTM,
extra-trees selection

accuracy 0.967

[12] Cleveland dense autoencoder +
DenseNet

mean accuracy
0.997

[8] Cleveland XGBoost vs. five
classifiers

XGBoost
preferred

[9] risk factors,
70 000
records

bagging, boosting,
stacking

+0.0196
accuracy from
bagging

[10] public CVD
risk data

stacked boosting and
neural ensemble

AUC 0.82

[13] MITHSDB,
ECG and
PCG

bimodal late-fusion
CNN

AUC 0.964

This
study

Cleveland,
303 records

ShPCN-Net,
fold-internal GLO

accuracy 0.805,
AUC 0.897

settings, however.
Statistical power is the main constraint on these conclusions.

With ten paired folds, the Wilcoxon test can detect only
large and consistent differences [26], and the observed mean
differences of at most 0.03 are smaller than the fold-to-fold
standard deviations of 0.05 to 0.08. The absence of signifi-
cance therefore shows that no advantage was detected, not that
the models are equivalent. Repeated cross-validation, external
cohorts, tuned hyperparameters, and a direction-preserving
normalization are needed before a firmer conclusion can be
drawn.

VI. CONCLUSION

This study set out to detect heart disease from routine
clinical attributes with ShPCN-Net, which combines Gaussian
normalization, Gray Langurs Optimizer attribute selection, and
a hybrid of a ShuffleNet-V2 attention branch, Taylor regression
fusion, and a multiscale parallel convolutional head. The study
also evaluated this hybrid under a leakage-controlled protocol.
On all 303 Cleveland records with stratified ten-fold cross-
validation, the optimizer reduced 13 attributes to 6.9 per fold
and consistently retained the vessel count and the thalassemia
test. Four top-ranked attributes matched the accuracy of the full
set, and SHAP explanations confirmed the clinical plausibility
of these attributes. ShPCN-Net achieved an accuracy of 0.805,
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Fig. 5. Kernel density estimates of maximum heart rate (thalach, min−1), ST depression (oldpeak, mm), and age (years) by diagnosis.

Fig. 6. Gray Langurs Optimizer search. (a) Best fitness per iteration for each fold and the mean over folds. (b) Selection frequency of each attribute
over the ten folds; the dashed line marks the 50% consensus threshold.

Fig. 7. Comparative performance of all models on 100% of the records (mean ± standard deviation over ten folds).

an MCC of 0.610, a TPR of 0.755, a specificity of 0.847, and
an AUC of 0.897. All six evaluated models reached accuracies
between 0.785 and 0.815, and no Wilcoxon comparison was
significant, so the fusion provided no measurable advantage on
this dataset. The main limitations are the single small dataset,
untuned hyperparameters, and the symmetric normalization.

Future work will evaluate the framework on larger multicenter
cohorts with repeated cross-validation, replace the fixed fusion
with a learned gate, adopt direction-preserving normalization,
and compare the optimizer with established selectors.
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Fig. 8. Receiver operating characteristic curves of the pooled out-of-
fold predictions of all models.
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Fig. 9. Pooled out-of-fold confusion matrix of ShPCN-Net: counts (left) and row-normalized rates (right).

Fig. 10. Training and validation accuracy (top) and loss (bottom) of
ShPCN-Net in fold 0.
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Fig. 12. Ablation analysis: accuracy, MCC, and TPR of the ShuffleNet and PCNN ablations and the full ShPCN-Net; values in parentheses give
the difference from the full model.

Fig. 13. Scalability analysis: distributions of accuracy, MCC, and TPR over five folds for the top 4, 6, 8, 10, and 13 GLO-ranked attributes.

Fig. 14. Sensitivity analysis of ShPCN-Net: mean ± standard deviation over three repeats for 2, 4, 6, and 8 hidden layers against the learning-data
percentage.

[42] A. Paszke et al., “PyTorch: An imperative style, high-performance deep
learning library,” in Proc. Adv. Neural Inf. Process. Syst. (NeurIPS),
Vancouver, BC, Canada, 2019, pp. 8024–8035.

[43] F. Pedregosa et al., “Scikit-learn: Machine learning in Python,” J. Mach.
Learn. Res., vol. 12, pp. 2825–2830, 2011.

[44] L. Grinsztajn, E. Oyallon, and G. Varoquaux, “Why do tree-based
models still outperform deep learning on typical tabular data?,” in Proc.
Adv. Neural Inf. Process. Syst. (NeurIPS), New Orleans, LA, USA, 2022,
pp. 507–520.



[AUTHOR SURNAME] et al.: LANGUR-OPTIMIZED HYBRID CONVOLUTIONAL HEART DISEASE DETECTION 17

Fig. 15. SHAP explanation of the consensus ShPCN-Net. (a) Summary plot of the Shapley values of the seven consensus attributes (color:
attribute value). (b) Dependence plot of the vessel count (ca), colored by exercise-induced angina.

Fig. 16. Wilcoxon signed-rank p-values between ShPCN-Net and each
model (color: − log10 p; an asterisk would mark p < 0.05).
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