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ARO-FTAMNet: An Artificial Rabbits Optimization Guided Feature-
Gated Multi-Scale Network for Heart Disease Prediction with
External Validation
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four working blocks: a dense projection, an adaptive feature gate that learns
how much of each internal signal to retain, a residual learning block, and a
three-branch multi-scale stage whose outputs are merged before a sigmoid
decision layer. The decision threshold is not fixed at 0.5; it is tuned on
validation data only and then frozen. On the external test set of 1,025 records,
the framework achieves an accuracy of 0.7727, a precision of 0.7901, a recall
of 0.7586, an Fl-score of 0.7740, an AUROC (Area Under the Receiver
Operating Characteristic Curve) of 0.8582, an AUPRC (Area Under The
Precision-Recall Curve) of 0.8617, and a Matthews correlation coefficient
of 0.5460. Three deep baselines built on the same data [Deep Multi-Layer
Perceptron (DeepMLP), Residual Multi-Layer Perceptron (ResMLP), and
Attention-based Multi-Layer Perceptron (AttMLP)] fall far behind, with MCC
(Matthews Correlation Coefficient) values ranging from —0.005 to 0.078,
indicating that plain deep networks do not transfer across cohorts. Removing
ARO from the pipeline raises precision but cuts recall by about 15 percentage
points, so the optimizer mainly buys sensitivity, which is what a screening
tool needs. The study shows that a small, well-tuned network with an honest
external test is more useful than a large model scored on its own data.

Keywords

Heart Disease Prediction; Artificial Rabbits’ Optimization; Feature
Selection; Multi-Scale Neural Network; Adaptive Feature Gate;
External Validation; Class Imbalance; Threshold Tuning.
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................. ABSTRACT .................

Heart disease remains the leading cause of death worldwide, and most
machine-learning studies claiming to predict it are evaluated only on the same
. small training dataset. Such results say little about how a model will perform
on new patients. This paper presents ARO (Artificial Rabbits Optimization)—
FTAMNet (Future Tuned Adaptive Meta Network), a prediction framework
. trained on a mixed (hybrid) heart-disease corpus and tested on a separate
patient set the model never encounters during training. The framework has
. two parts. The first is ARO, which simultaneously searches for a small, useful
set of input attributes and good network settings, using a single fitness score
that rewards ranking quality and balanced agreement while penalizing large
; feature sets. The second is FTAMNet, a compact feed-forward network with

INTRODUCTION

Heart disease encompasses a group of disorders
of the heart and blood vessels and is linked to
about 17.9 million deaths every year, close
to one-third of all deaths worldwide '. Global
burden studies show that the number of cases
continues to rise as populations age, and that a
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large share of early deaths occurs in low- and middle-
income countries . Because many risk factors can be
addressed once identified, identifying high-risk people
early is one of the most cost-effective ways to reduce
this burden.

Machine learning has been applied to this task for more
than two decades. Early work used logistic regression,
decision trees, k-nearest neighbors, and support vector
machines on small clinical datasets **. Later studies
shifted to tree ensembles and gradient boosting, which
still deliver the strongest results on tabular clinical
data >, and more recent work has incorporated deep
networks "* and metaheuristic search for feature and
parameter selection *'°, Reported accuracy in the
literature is often above 95%.

These numbers are less impressive than they appear.
Three problems keep recurring. First, most studies train
and test on the same small benchmark, usually a few
hundred records from the UC Irvine (UCI) Cleveland
collection, and report only within-dataset scores. A
score obtained this way measures internal consistency,
not the ability to work on a new hospital or a new
population. Second, the same few hundred records have
been reused so often that the field has gradually adapted
to them, which explains accuracies close to 100 percent.
Third, many papers retain all input columns and use the
default decision threshold of 0.5, even though the cost
of missing a sick patient is far higher than the cost of a
false alarm.

This work is built on a simple rule: a model is only as
good as its score on data it has never seen. The proposed
framework, ARO (Artificial Rabbits Optimization)—
FTAMNet (Future Tuned Adaptive Meta Network),
is trained on a hybrid heart-disease corpus and then
tested once on a separate patient set that plays no role
in training, validation, feature selection, or threshold
tuning. Inside the pipeline, ARO ' searches the space
of input subsets and network settings jointly, guided
by a fitness score that combines ranking quality with
balanced agreement rather than plain accuracy. The
selected inputs are then passed to FTAMNet. This small
network combines a feature gate, a residual block, and
three parallel branches of varying width, so that both
fine and broad patterns are captured without a large
parameter count.

The main contributions of the paper are as follows:

e Ajoint search procedure based on Artificial Rabbits

Optimization that selects the input attributes and the
network settings in a single run, driven by a fitness
score that rewards good ranking and balanced
agreement while penalizing large subsets.

e FTAMNet, a compact network for tabular clinical
data that uses an adaptive feature gate, a residual
learning block, and a three-branch multi-scale stage,
is described here with a complete set of equations.

® A decision threshold is tuned on validation data
only and then frozen before the external test, so
that no information from the test cohort reaches the
model.

e An external test on 1,025 unseen records, reported
with accuracy, precision, recall, specificity, F1-
score, AUROC (Area Under the Receiver Operating
Characteristic Curve), AUPRC (Area Under The
Precision-Recall Curve), balanced accuracy, and
the Matthews correlation coefficient (MCC),
together with three deep baselines and an ablation
isolating the effect of the optimizer.

The rest of the paper is organized as follows—Section
2 reviews related work. Section 3 describes the data and
the framework. Section 4 presents the full mathematical
model. Section 5 lists implementation details. Section
6 reports and discusses the results, and Section 7
concludes.

RELATED WORK
Classical and hybrid classifiers

Mohan et al. (2019) * combined a random forest with
a linear model and reported approximately 88 percent
accuracy on the UCI Cleveland dataset. Ali et al. (2019)
12 used stacked support vector machines for heart failure
prediction, and Latha and Jeeva "* used majority voting
across several weak learners. All three gain a few
points in accuracy over a single classifier, but they are
evaluated on a few hundred near-balanced records, and
none is tested on a second cohort. Ali et al. (2021) *
compared a wide range of supervised methods on the
same type of data and found that ensembles usually
win, a result now well established.

Deep networks for tabular clinical data

Dutta et al. (2020) 7 applied a convolutional network
to coronary heart disease records and showed that deep
models can read tabular data. Shrivastava et al. (2023)
¥ combined a convolutional stage with a bidirectional
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recurrent stage for the same task. These models learn
their own features, but they require more data than most
cardiac datasets provide and overfit quickly on small,
balanced benchmarks. A broad comparison by Shwartz-
Ziv and Armon (2022) " concluded that well-tuned
gradient boosting still matches or outperforms deep
networks on tabular problems of this size. The lesson
here is that a deep model for this task should be small,
regularized, and carefully tuned rather than deep for its
own sake.

Metaheuristic Search For Features And Settings

An exhaustive search is impossible because the number
of possible input subsets grows to 2 to the power of
the number of columns, so a nature-inspired search is
used instead. The genetic algorithm ' explores well but
converges slowly; the gray wolf optimizer ° converges
quickly but tends to cluster around a single leader;
particle swarm and its hybrids fall between the two '°.
ARO ! is a more recent method that switches between

two behaviors — detour foraging for exploration and
random hiding for exploitation — under the control
of a single energy term that decreases as the search
proceeds. This built-in switch is why it is adopted here.
The main weakness of the existing search literature is
the objective: most studies maximize plain accuracy,
which is the wrong target whenever the classes are
uneven, or the model will be applied to a cohort with a
different disease rate.

Position of this work

Table 1 places the present work alongside representative
recent studies. The pattern is clear: strong results in one
column are often offset by an empty cell in another.
Studies with high accuracy are tested on a single small
cohort; studies with clever search optimize accuracy
alone; studies with deep models rarely report a
threshold-free metric. The framework proposed here is
deliberately assembled to fill those cells at once.

Table 1: Recent heart-disease prediction studies compared with the present work.

Study (year) Method

Mohan et al. (2019) * Random forest + linear model

Stacked SVM (Support
Vector Machines) expert
system

Ali etal. (2019)

Latha and Jeeva (2019) " Majority-vote ensemble

Dutta et al. (2020) ’ Convolutional network

Alietal. (2021)° Comparison of classical

Data used

UC Irvine (UCI)
Cleveland (~300)

Heart failure (small)

UCI Cleveland

Coronary records

UCl-type records

Reported result Main gap
Small balanced data; accuracy

~88% accurac
7 accuracy only; no external test

No imbalance handling; single

~92% accuracy S

Tiny dataset; no threshold-free

+7% over single model .
metric
AUC (Area under
curve) above shallow Opagque; no feature selection
models

Ensembles best Benchmark only; no transfer test

methods
. Binary GWO (Gray Wolf Biomedical . .
10 .
Rajammal et al. (2022) o —— benchmarks Compact subsets Accuracy objective; not cardiac

CNN (Convolutional Neurol

. Network) + BiLSTM . . .
8 ~ .
Shrivastava et al. (2023) (s el Lo S Heart-disease records High accuracy Heavy model; single cohort
Term Memory) hybrid
Engineering . .. .
11
Wang et al. (2022) ARO benchmarks Strong convergence Not applied to clinical screening
ARO search + FTAMNet + Hybrid corpus (2,283)  AUROC 0.8582, MCC

LS 7T tuned threshold

trained, 1,025 external

0.5460 on unseen data Addresses the gaps listed above

Available at:

http://www.banglajol.info/index.php/BJMS
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MATERIALS AND METHODS
Data

Two separate collections are used and kept strictly
apart. The first is a hybrid training corpus of 2,283
patient records compiled from public heart-disease
sources that share a common set of clinical fields,
including age, sex, chest-pain type, resting blood
pressure, serum cholesterol, fasting blood sugar, resting
electrocardiogram result, maximum heart rate, exercise-
induced angina, ST depression, slope of the ST segment,
number of major vessels, and thalassemia status.

The target is a binary label indicating the presence or
absence of heart disease. This corpus is split once, with
stratification, into 1,826 training records (80%) and 457
validation records (20%).

The second collection is an external test set of 1,025
records from an independent source. It contains 526
positive and 499 negative cases, yielding a positive rate
of 51.3%. This set is used only once, at the very end,
to produce all numbers reported in Section 6. It is not
used for cleaning decisions, feature selection, network
tuning, or threshold selection. Table 2 summarizes both
collections.

Table 2: Data used in the study. The external set is never touched during model building.

Collection Records Role

Hybrid corpus — training part 1,826 Training
Hybrid corpus — validation part 457 Validation
External heart dataset 1,025 External test

Data Preparation

Preparation is kept simple so it can be repeated on a new
cohort. Duplicate rows are removed. Missing entries in
continuous fields are filled with the column median, and
missing entries in categorical fields with the column
mode, both computed only on the training set; the
resulting values are then applied to the validation and
external sets. Categorical fields with a natural order,
such as chest-pain grade, are given integer codes that
preserve that order, while fields without an order are
one-hot coded. Continuous fields are scaled to zero
mean and unit variance using statistics from the training
set alone, preventing information from the test cohort
from leaking into the model. Class weights are used
in the loss function instead of synthetic oversampling,
because generating artificial patients can move the
decision surface into regions where no real patients
exist.

Framework Overview

Figure 1 shows the complete pipeline. The hybrid corpus
enters the preprocessing block. ARO then searches for a
good feature subset and a good set of network settings
at the same time; each candidate is scored by training
a light version of FTAMNet and measuring its fitness

Positive rate Used for

Balanced after merge Network weights, ARO fitness

Fitness scoring, early checks,

Same as training part il gt

51.3% (526 / 1,025) Final reporting only

on the validation part. The best candidate found is
used to build the final FTAMNet, which is trained on
the selected inputs. The decision threshold is tuned on
the validation part, and only then is the frozen model
applied to the external dataset. Performance is reported
with six standard measures.

Mathematical Model

This section states the problem, the search algorithm,
the network, and the scoring rules in full. Every symbol
used in an equation is explained directly below it.

Problem statement
Let the training data be a set of labeled patient records:
D={(xi,y):i=12 .., N} xilIR%
1140, 1X(1)
D is the labeled dataset used for learning.
x; is the vector of clinical measurements of patient 1.

yi is the label of patient i, where 1 means heart
disease is present, and 0 means it is absent.

In the number of records in the set.
d is the number of input attributes before selection.

The task is to learn a scoring function together with a
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Figure 1. End-to-end structure of the proposed ARO-FTAMNet framework, from data preparation and rabbit-based
search through the FTAMNet blocks, threshold tuning, and external testing.

Figure Credit: Rinaben Keshavlal Patel.
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cut-off value:
fO:RI— [0, 1], vy =1iff9(x;) >t otherwise
Yi=0Q2)
fO1is the network that turns a record into an estimated
probability of disease.

6 are all trainable weights and biases of that
network.

v, is the predicted class for patient i.

7 is the decision threshold, which is tuned rather
than fixed at 0.5.

Feature selection is written as a mask applied to the
input:
x*=x; s, s{0 1} |s| =2 s(3)
s the binary mask; entry j equals 1 when attribute j
is kept and 0 when it is dropped.
[] element-by-element multiplication.
|s| the number of attributes that survive the mask.
x* the reduced record that is fed to the network.
Artificial Rabbits Optimization

ARO copies two habits of wild rabbits. When a rabbit
is fresh, it feeds far from its own burrow, spreading the
search over the whole space; when it is tired, it hides in
one of its own burrows, refining the area already found.
A single energy term determines which habit is used at
each step !

Each candidate solution is one rabbit, and its position
holds both the feature mask and the network settings:

- viaq [(4)
z; is the position of rabbit i in the search space.

zZi = [ul-,1 Y ey I/li,d, Vi1, ..

u;; areal value that will be turned into the mask bit
of attribute j.

v,k a real value in [0, 1] that encodes the k-th
network setting.

g the number of network settings under search
(learning rate, dropout rate, projection width,
branch width, and batch size).

The first d values are turned into mask bits with a
sigmoid transfer function:

ss=1if 1/(1+ev) =05,
=0(5)

s; is the mask bit of attribute j.

otherwise s;

u; is the real value produced by the search for

attribute j.
e is the base of the natural logarithm.

The remaining values are stretched onto the range of
each setting:

hk = hkmin + (hkmax — hkmin) . Vk(6)
hi the decoded value of network setting k.

R, hymex the lowest and highest values allowed
for that setting (Table 3).

vk the search value in [0, 1] taken from the rabbit
position.

The energy term controls the switch between the two
behaviors:

AW)=4-(1—t/T)-In(1/r)(7)

A(t) is the energy of the population at iteration
t; exploration is used while A(t) > 1 and
exploitation while A(t) < 1.

t the current iteration number.

T the total number of iterations allowed.

r arandom number drawn uniformly from (0, 1).
In the natural logarithm.

When the energy is high, a rabbit moves towards a
randomly chosen companion; this is detouring foraging:

wi(t+1) = zi(t) + R - (zi(t) — z(t) ) + round( 0.5
(0.05+7r:)) ni, j£i(8)
w;(t+1) the trial position produced for rabbit i.

zi(?), zi(t) the current positions of rabbit i and of a
randomly picked rabbit j.

R the running operator defined in the next equation.
r; a uniform random number in [0, 1].

n:; arandom value drawn from the standard normal
distribution, which adds a small jump.

round(-) rounding to the nearest whole number.

The running operator gives the search its zig-zag
movement:

R=L-c, L=(e—eNt-1)T)?)  sin(2rx
orz2)(9)

L the running length, which shrinks as the iterations
go on.

¢ amapping vector, defined next, that lets only part
of the coordinates move.

r2 a uniform random number in [0, 1].
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sin the sine function, which makes the step change
direction.

a=11if kTG, otherwise ¢, =10,
rs-(d+q)1(10)

¢ entry k of the mapping vector.

/=0

G(l) a set of I positions taken from a random
permutation of the coordinate indices.

/' the number of coordinates allowed to change in
this step.

d + g the length of the position vector, that is, the
feature genes plus the setting genes.

[J-[J rounding up to the next whole number.
r3 auniform random number in [0, 1].

When the energy falls, the rabbit digs burrows around
its own position and hides in one of them; this is random
hiding:
bij(t) = zi(t) + H - g - z(1)
)/ T) - rd11)
bi,j(t) the j-th burrow of rabbit i.

H=((T—t+1

H the hiding parameter, which becomes smaller as
the search advances so that burrows stay close
to the rabbit.

gravector whose entry j is 1 and all other entries are
0, so only one coordinate is shifted.

rs auniform random number in [0, 1].
wit+1) =zi(t) + R - (15 - by (t) — z(t) )(12)

bi,-(t) one burrow chosen at random from those
built by rabbit i.

rs a uniform random number in [0, 1].
R the running operator already defined.

A trial position is accepted only when it is better than
the current one:

zi(t+l) = w(ttl) if F(wit+1)) < F(z(1) ),
otherwise zi(t+1) = z(t)(13)
F() is the fitness function defined below, which is
minimized.
zi(t+1) is the position carried into the next iteration.
Fitness function

The fitness must reflect what a screening tool is asked
to do: rank patients well, agree with the truth on both
classes, and stay small. It is therefore written as a cost
that mixes three terms:

F(z) =wi (1 —AUROC.u) + w2 (1~ MCCya
)+ A (Is|/d)(14)

F(z) is the cost of the candidate rabbit z; lower is
better.

AUROC,, is the area under the ROC curve of the
candidate model on the validation set.

MCC,, 1s the Matthews correlation coefficient of
the candidate model on the validation set.

wi, w2 weights that set the balance between ranking
quality and balanced agreement.

A a small penalty weight that discourages large
feature subsets.

|s| /d the share of attributes kept by the candidate.

Plain accuracy is intentionally left out. Accuracy can be
pushed up by always predicting the larger class, but it
changes whenever the disease rate of the cohort shifts,
so it is a poor guide for a model meant to generalize to
new populations.

The FTAMNet network

FTAMNet takes the selected inputs and passes them
through five stages. The activation used inside the
network is the rectified linear unit:

o(a) = max(0, a)(15)
@(*) is the activation function applied element by
element.

the value entering the activation.

Stage 1 — dense feature projection. The reduced record
is lifted into a wider space so that the later blocks have
room to work:

h® = g( W, x*+ b, )(16)
h( is the projected representation.

W, is the weight matrix of the projection layer, of
size m X |s|.

b, is the bias vector of the projection layer.

m 1is the projection width, one of the settings chosen
by ARO.

Stage 2 — batch normalization. The projected values
are standardized so that training stays stable:

W =y-(h®—u B)/N(o B>+¢)+B(17)

u_B, o_B? are the mean and variance of the current
mini-batch, taken per unit.

y, p are trainable scale and shift parameters.

ENEVCVI RN /111p://www.banglajol.info/index.php/BIMS
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¢ is a very small constant that prevents division by
Zero.

Stage 3 — adaptive feature gate. The network learns
how much of each internal signal deserves to pass. This
is the attention step, and it is deliberately cheap:

g=o(W gh?P+b g) ol@=1/(1+e?)(18)

g the gate vector; every entry lies between 0 and 1
and acts as an importance weight.

W g, b g the weights and bias of the gate layer.

o(-) the logistic function, which keeps the gate
inside [0, 1].
h?® =g 1 h(19)

h? the gated representation, in which weak signals
are damped and useful ones are kept.

[0 element-by-element multiplication.

Stage 4 — residual feature learning block followed by
layer normalization. The block learns a correction and
adds it back to its own input, which keeps the gradient
path short:

h = h@ + o( W2 o( Wi h@ + b1 ) + b2 )(20)

Wi, bi are the weights and bias of the first layer
inside the block.

W>, bz are the weights and bias of the second layer
inside the block.

h¥ is the output of the residual block.
W=y L-(h®—u h)/N(c_h*+e)+p L21)
1 _h, o h? the mean and variance taken across the
units of a single sample;

y L, f L trainable scale and shift parameters of the
layer-normalization step;

h® the normalized representation passed to the
multi-scale stage.

Stage 5 — multi-scale feature extraction. Three
parallel branches of different width look at the same
representation at different levels of detail, and their
outputs are joined:

m(k):(o(th(")—l—bk),
m® the output of branch k;
WE b* the weights and bias of branch k;

k the branch index; the three branches use decreasing
widths so that branch 1 captures broad patterns
and branch 3 captures narrow ones.

k=12 3022)

u=[m?;: m?; m?J23)

u the joined feature vector formed by placing the
three branch outputs one after another;

[ -, -] concatenation along the feature axis.

Dropout is then applied so that the network does not
lean on any single unit:

t=(ullm)/(l-pd),
1 —p_d)(24)

I the vector after dropout;

m; ~ Bernoulli(

m; a random switch that is 1 with probability 1 —
p_d and 0 otherwise;

p_d the dropout rate, one of the settings chosen by
ARO;

1/ (1 — p d) the scaling factor that keeps the
expected value unchanged.

The final layer produces the estimated probability of
disease:

p=o(w_oli+b 0)?25)

p the predicted probability that the patient has heart
disease;

w_o, b_o the weight vector and bias of the output
unit;
o(-) the logistic function defined earlier.
Training objective and threshold tuning

The network is trained with a class-weighted cross-
entropy loss so that the rarer class is not ignored:

L=—(1/N)Zi[a-ylogpi+a(1—y)log(
1= pi) ](26)

& the loss to be minimized,;

N the number of records in the training part;

Vi, pi the true label and the predicted probability of
record i;

o+, o the weights of the positive and negative class,
defined next.

a:-=N/(2N.), o =N/(2N-)Q27)

N-, N- are the numbers of positive and negative
records in the training part; the rarer class
receives the larger weight.

The weights are updated with the Adam rule:
Os =0, — 5 -1,/ (N( V) + & )(28)

6; the parameter values at step t;
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n the learning rate found by ARO;

ny, v, the bias-corrected running averages of the
gradient and of the squared gradient;

& a small constant for numerical safety.

Finally, the decision threshold is chosen on the
validation part only:
* =arg max_{7 1 (0,1)} MCCyu( 7)(29)
7* is the operating threshold that is then frozen and
applied unchanged to the external set;

MCC,u(z) is the Matthews correlation coefficient
obtained on the validation part when 1 is used
as the cut-off.

Scoring rules

All results are reported from the four counts of the
confusion matrix: true positives TP, false positives FP,
true negatives TN and false negatives FN.

Accuracy = (TP + TN ) /(TP + TN + FP +

FN )(30)
Precision =TP/(TP + FP), Recall =TP/
(TP + FN )(31)

Specificity = TN / ( TN + FP ),  Balanced
accuracy = ( Recall + Specificity ) / 2(32)

TP sick patients correctly flagged;
FP healthy patients wrongly flagged;
TN healthy patients correctly cleared;

FN sick patients missed by the model, the costliest
error in screening.

F1 = 2 - ( Precision - Recall ) / ( Precision +
Recall )(33)

F1 is the harmonic mean of precision and recall; it
stays low unless both are reasonable.
MCC = ( TP-TN — FP-FN ) / \( (TP+FP)
(TP+FN)(TN+FP)(TN+FN) )(34)

MCC is a single balanced score that uses all four
counts; it lies in [—1, 1], where 1 is perfect

agreement, 0 is guessing, and —1 is total
disagreement 6.

AUROC = [o! TPR( FPR ) d(FPR)(35)

AUROC is the area under the curve of true-positive
rate against false-positive rate; it measures
ranking quality without fixing a threshold;

TPR and FPR are the true-positive rate (recall) and

the false-positive rate, both computed as the
threshold is swept from 1 to 0.

AUPRC = |o" Precision( Recall ) d(Recall)(36)

AUPRC is the area under the precision—recall curve,
which focuses on the positive class and is the
more honest of the two areas when the classes
are uneven.

Brier =(1/N) % (p: — y:)A37)

Brier is the mean squared gap between the predicted
probability and the true label; it measures
whether the probabilities themselves can be
trusted, not just their order.

Implementation Details
Search Settings

Table 3 lists the search space given to ARO and the
fitness weights. The ranges are wide enough to allow
a genuinely different network to appear but narrow
enough that every candidate can be trained for a short
number of epochs during scoring, which keeps the
search affordable.

Table 3: Search space and fitness settings supplied to
Artificial Rabbits Optimization.

ltem

Population size
Iterations (T)

Feature genes

Learning rate (1)

Dropout rate (p,)

Projection width

(m)

Branch widths

Batch size

Fitness weights
(Wl 5 Wz)

Sparsity weight
()

Range or rule

20 rabbits

30

d binary bits after
sigmoid transfer

1x10*to 1 x 1072

0.10 to 0.50

64 to 256 units

16 to 64 units per branch

32,64 or 128

0.6 and 0.3

0.1

Purpose

Number of candidate
solutions kept alive

Length of the search

Choose which
attributes are kept

Step size of the Adam
update

Strength of
regularization

Width of the first
dense layer

Detail level of the
three branches

Records per gradient
step

Balance of ranking
quality and balanced
agreement

Penalty on the share
of attributes kept
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Final Configuration

The best rabbit found by the search defines both the
input subset and the network. The settings carried into
the final training run are listed in Table 4. The learning
rate of 3.35 x 1073 is the value returned by the optimizer;
it is higher than the value typically chosen by hand for
a network of this size, and it works because the batch-
normalization and layer-normalization steps keep the
activations under control. During training, this rate
was halved once, at epoch 16, when the validation loss
stopped improving.

Table 4: Final Configuration Of The ARO-Ftamnet
Model Used For All Reported Results.

Component

Input

Dense projection

Batch normalization

Adaptive feature gate

Residual block

Layer normalizations

Multi-scale stage

Dropout

Output

Optimizer

Initial learning rate

Loss

Epochs

Decision threshold

Setting

ARO-selected
subset of the
clinical attributes

Single layer,
ReLU

Applied after
projection

Sigmoid gate,
element-wise
product

Two layers with a
skip connection

Applied after the
residual block

Three parallel
dense branches,
joined
Applied before the
output unit

One unit with
sigmoid activation

Adam

3.35x1073
(halved to 1.68 x
102 at epoch 16)

Class-weighted

binary cross-
entropy

20

t* =0.27, tuned
on validation only

Note

The retained attributes
are listed in the
optimizer log released
with the code

Widens the reduced
record

Keeps activations stable

Learns how much of
each signal to keep

Short gradient path

Per-sample stabilization

Broad and narrow
patterns together

Prevents reliance on
single units

Probability of heart
disease

Adaptive step sizes

Value returned by ARO

Protects the smaller
class

Best validation
checkpoint retained

Frozen before the
external test

Tools and Hardware

The framework was written in Python 3.10. The network
was built with TensorFlow and Keras; data handling was
done with pandas and NumPy; and scoring was done
with scikit-learn. The ARO search was implemented in-
house from the published description of the algorithm
11. Figures were produced with Matplotlib and saved
at 600 dpi. All experiments were run on a workstation
with a multi-core x86-64 processor, 32 GB of memory,
and a GPU with 8 GB of video memory. Because the
network is small, the full search and final training
together complete within a normal working session on
this machine, and the trained model can be applied to a
new cohort in a fraction of a second per record.

RESULTS
Training Behavior

Figure 2 shows the training and validation loss over the
twenty epochs of the final run. The two curves coincide
for the first ten epochs, which shows that the network
is learning structure that holds beyond the training
records. The lowest validation loss, 0.4620, is reached
at epoch 10, where the validation AUROC is 0.8742,
and the validation accuracy is 0.7877. After epoch 15,
the training loss continues to decline, from 0.352 to
0.233, while the validation loss rises to 0.764. That gap
is ordinary overfitting on a corpus of this size, and it is
the reason the checkpoint with the best validation score,
rather than the last checkpoint, was kept for testing. The
single drop in the learning rate at epoch 16 is visible as
a sharp fall in the training curve.

Performance on the External Dataset

Table 5 reports the results of applying the frozen model
to the 1,025 unseen records. The model achieves an
accuracy of 0.7727 and, more importantly, maintains
high precision and recall of 0.7901 and 0.7586,
respectively. Specificity is 0.7876, so the balanced
accuracy of 0.7731 is nearly the same as the plain
accuracy; the model is not biased toward one class. The
AUROC of 0.8582 and the AUPRC of 0.8617 indicate
that the ranking is sound at every threshold, not just the
chosen one, and the MCC of 0.5460 confirms moderate
but real agreement with the truth on both classes. For
a model that has never seen a single record from this
cohort, these numbers fairly reflect what the framework
would deliver in practice.
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Figure 2:Training and validation losses of FTAMNet
over the 20 training epochs.

Figure Credit: Rinaben Keshavlal Patel.

Table 5: ARO-FTAMNet on the external test set of
1,025 unseen records, at the frozen threshold t* = 0.27.

Measure Value Reading
Ay 07727 Just over three quarters of records
classed correctly
Precision 0.7901 About four in ﬁve alerts are
genuine
Rl i) 07586 About three in four sick patients
are found
Sszsticty 0.7876 About four in five healthy patients
are cleared
Fl-score 0.7740 Precision and recall are well
balanced
Balanced accuracy 0.7731 No hidden bias towards either class
AUROC 0.8582 Good ranking at any threshold
AUPRC 0.8617 Good ranking of the positive class
MCC 0.5460 Moderate agreement using all four
counts
Brier score 0.1958 Probabilities are usable but not

sharp

Comparison with Deep Baselines

Three deep baselines were built on the same data and
scored the same way: DeepMLP (Deep Multi-Layer

Perceptron), a plain stack of dense layers; ResMLP
(Residual Multi-Layer Perceptron), the same stack
with skip connections; and AttMLP (Attention-based
Multilayer Perceptron), a dense stack with an attention
layer. Table 6 shows what happens when all four
models are evaluated on the external cohort. The three
baselines collapse. Their accuracies are near the level of
coin tossing, their recall values are below 0.14, and their
MCC values range from —0.005 to 0.078, indicating
they carry almost no information about the new patients.
DeepMLP is the worst case: it is not merely weak but
slightly worse than random, so the pattern it learned on
the training corpus is actively wrong on the new one.
ARO-FTAMNet, by contrast, maintains an MCC of
0.5460 and an AUROC of 0.8582.

The size of the gap is the main finding of this study.
All four models were trained on the same records with
the same preprocessing, so the data cannot explain the
difference. It stems from three design choices working
together: a reduced input set that removes attributes
whose meaning shifts across cohorts, a fitness score that
rewards balanced agreement rather than accuracy, and a
task-specific threshold rather than a fixed 0.5. Any one
of these, on its own, would help; together, they make
the difference between a model that transfers and one
that does not.

Table 6: Performance of all four models on the external
test set. Each model uses its own tuned threshold;
AUROC does not depend on the threshold.

Model Accuracy Precision Recall F1 AUROC MCC
DeepMLP 0.4868 0.5000 0.0342 0.0641 0.5516 -0.0050
ResMLP 0.5015  0.6056 0.0817 0.1441 0.6470 0.0505
AttMLP 0.5141 0.6228 0.1350 0.2219 0.6490 0.0776
ARO- 0.7727 0.7901 0.7586 0.7740 0.8582 0.5460
FTAMNet : : : : : :
Figure 3 shows the ROC (Receiver Operating

Characteristic) curves for the four models, and Figure
4 shows the precision—recall curves. The ROC curve
for ARO-FTAMNet sits well above the others across
the entire range. At the same time, the three baselines
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hug the diagonal, which is characteristic of a model
with no transferable knowledge. The precision—recall
view is harsher and therefore more informative: the
baselines lose precision as soon as recall exceeds a
small threshold, whereas the proposed model maintains
precision above 0.75 until recall exceeds 0.80.

ROC Curve Comparison

1.0 -
0.8
Q
L
©
= 0.6
[
2
=
7]
b4
0 0.4
2
(=
0.2 —— DeepMLP-Net (AUC=0.5516)
" ~—— ResMLP-Net (AUC=0.6470)
—— AttMLP-Net (AUC=0.6490)
= Proposed ARO-FTAMNet (AUC=0.8582)
=== Random Classifier
0.0

0.0 02 0.4 0.6 0.8 1.0
False Positive Rate
Figure 3: ROC curves of the four models on the external
test set.
Figure Credit: Rinaben Keshavlal Patel.

1.0 —— DeepMLP-Net (AP=0.5752)
—— ResMLP-Net (AP=0.6245)
——  AHMLP-Net (AP=0.6210)
—— ARO-FTAMNet (AP=0.8617)
0.8
c
00.6
Iy
)
0
—
o
0.4
0.2

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 4: Precision—recall curves of the four models on
the external test set.

Figure Credit: Rinaben Keshavlal Patel.

Error analysis

Figure 5 shows the confusion matrices of all four
models side by side. For ARO-FTAMNet, the counts
are 393 true negatives, 106 false positives, 127 false
negatives, and 399 true positives. In screening terms,
the 127 missed cases are the expensive errors, and the
106 false alarms are the cheap ones, since a false alarm
leads only to a further check, while a missed case leads
to nothing at all. The two error types are similar in size
here, which is the direct effect of tuning the threshold
on MCC rather than using 0.5. At the default threshold,
the same model produces 265 missed cases instead of
127, more than double, in exchange for only 64 fewer
false alarms. That single comparison shows how much
of the useful behavior of a screening model lives in the
threshold rather than in the weights.

DeepMLP-Net ResMLP-Net

o @
& i
5 0.04 |3 0.06
g% g %
=] o
® ®
TG 0.97 0.03 L o8 0.08
& &
Negative Positive Negative Positive
Predicted Class Predicted Class
AttMLP-Net ARO-FTAMNet
o °
2 2
g 0.09 g 0.17
w o w L)
5 = B
[v] v}
® ®
29 2 0
T 2 Qv 2
<2 0.13 < 2 0.24 0.76
& &
Negative Positive Negative Positive

Predicted Class Predicted Class

Figure 5: Confusion matrices of the four models on the
external test set.

Figure Credit: Rinaben Keshavlal Patel.

Effect of the Optimizer

To separate the contribution of ARO from that of the
network, FTAMNet was also trained using all attributes
and hand-set values in place of the searched ones. Table 7
compares the two versions on the same external records.
The plain version has higher precision (0.8726 vs. 0.7901)
and higher AUROC (0.9033 vs. 0.8582). The searched
version has a wider margin: higher recall (0.7586 versus
0.6122) and higher F1-score, accuracy, and MCC.

This trade is worth stating plainly rather than hiding.
ARO does not make the model a better ranker on this
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cohort; the drop in AUROC shows the opposite. What
it does is move the model to an operating point that
identifies far more sick patients, raising recall by about
15 percentage points at the cost of about 8 percentage
points of precision; in a screening setting, that is the
right direction, because a missed case has a much higher
cost than a repeat test. The Fl-score and the MCC,
which are the two measures that weigh both kinds of
error, both improve, so the exchange is favorable by
the measures that matter. It should also be noted that
a single AUROC difference of 0.045 in one cohort is
not strong evidence for ranking in general, and a study
across several cohorts would be needed to settle that
point.

Table 7: Ablation on the external test set: FTAMNet
with hand-set values and all attributes against the full
ARO-FTAMNet.

Measue iiouApo  Frawer  Chame
Accuracy 0.7551 0.7727 +0.0176
Precision 0.8726 0.7901 ~0.0825

Recall 0.6122 0.7586 +0.1464
Fl-score 0.7196 0.7740 +0.0544
AUROC 0.9033 0.8582 ~0.0451

MCC 0.5394 0.5460 +0.0066

Quality of the Predicted Probabilities

Figure 6 plots the observed disease rate against the
predicted probability across 10 equal bins. The curve
lies above the diagonal in every bin, indicating the
model is consistently too cautious on this cohort: records
it scores at 0.16 turn out to be positive 45 percent of
the time, and records it scores at 0.34 turn out to be
positive 66 percent of the time. The average predicted
probability is 0.336, while the true rate in the external
setis 0.513.

The cause is not a network fault but a difference
between the two populations. The external cohort
contains a higher share of sick patients than the corpus
the model was trained on, so probabilities learned on
one population are systematically too low on the other.
This is also why the tuned threshold of 0.27 sits so far

below 0.5 and why the threshold step is not an optional
extra in a cross-cohort study. A simple prior correction,
in which the predicted odds are rescaled by the ratio
of the two disease rates, or a light recalibration on a
small, labeled sample from the new site, would remove
most of this shift and improve the Brier score without
retraining the network. Both are left for future work
because neither can be applied without touching data
from the target cohort, which this study deliberately
avoided.

1.0 -

0.8 1

0.6

0.4 1

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0

Figure 6: Reliability curve of ARO-FTAMNet on the
external test set, showing observed disease rate against
predicted probability.

Figure Credit: Rinaben Keshavlal Patel.

DISCUSSION

Three points follow from these results. First, the numbers
reported here are lower than those typically reported in
the heart-disease literature, where accuracies above 95
percent are common. That difference is the point, not a
weakness. Those figures come from testing on the same
cohort used for training, often after oversampling. An
accuracy of 0.7727 and an MCC of 0.5460 on records
from a different source reflect what a user should
expect, and the collapse of the three deep baselines in
Table 6 shows, across two evaluation types, how large
the difference between the groups exists.

Second, model size does not drive performance on
tabular clinical data. FTAMNet is a small network, and
the three baselines it beats have comparable or greater
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capacity. What separates them is the input subset, the
fitness score used during the search, and the tuned
threshold. This aligns with broader evidence that for
tabular problems with a few thousand rows, careful
preparation and tuning matter more than depth '“.

Third, the balance between the two error types should
be set by clinical use, not by a default value in a library.
The threshold analysis in Section 6.4 shows that the
same trained weights can miss 127 or 265 patients,
depending solely on the cutoff setting. Any deployment
of a screening model should therefore report the
threshold, explain how it was chosen, and present the
confusion matrix, all of which are missing from much
of the published literature.

Limitations of this Study

The study has clear limitations. The external test uses
a single cohort of 1,025 records, so the results describe
transfer to that population, not to all populations; a
broader study across several sites would be needed to
support a general claim. The clinical fields available
in the shared corpus are standard, so the model has
no access to imaging, laboratory panels, or repeat
measurements. The records are cross-sectional, so the
model estimates current risk rather than future events.
The probabilities are not calibrated for the target cohort,
as Section 6.6 shows. Finally, the results come from a
single training run; repeating the entire pipeline with
several random seeds and reporting the spread would
provide a firmer picture of stability.

Future Research Recommendation

Future research will focus on validating ARO-FTAMNet
using larger, multi-center, prospective cardiovascular
datasets to assess its robustness and generalizability
across diverse patient populations. The framework can
be further extended to integrate multimodal clinical
information, including ECG signals, medical imaging,
laboratory measurements, and longitudinal electronic
health records, to improve the comprehensiveness
cardiovascular risk assessment. Further investigation
of multi-objective optimization can simultaneously
address predictive performance, feature reduction,
computational efficiency, and model complexity. At
the same time, advanced explainability, calibration,
and fairness analyses can enhance clinical reliability
and interpretability. In addition, privacy-preserving
federated learning and model compression techniques
can be explored to support the secure and efficient

deployment of ARO-FTAMNet in real-world clinical
decision support and resource-constrained healthcare
environments.

CONCLUSION

This paper presented ARO-FTAMNet, a heart-disease
prediction framework in which Artificial Rabbits
Optimization chooses the input attributes and the
network settings in one search, a small gated multi-
scale network makes the prediction, and the decision
threshold is tuned on validation data and then frozen.
The framework was trained on a hybrid corpus of
2,283 records and tested once on 1,025 records from a
separate source.

On the unseen records, the model achieved an accuracy
of 0.7727, a precision of 0.7901, a recall of 0.7586, an
F1-score of 0.7740, an AUROC of 0.8582, an AUPRC
0f'0.8617, and an MCC of 0.5460. Three deep baselines
trained on the same data failed to transfer, with MCC
values ranging from —0.005 to 0.078. Removing the
optimizer increased precision and AUROC but reduced
recall by about 15 percentage points, which is the
wrong direction for a screening tool. The predicted
probabilities were systematically low on the external
cohort because its disease rate is higher than that of
the training corpus. A simple prior correction would
address this shift.

The practical message is short. A model for clinical use
should be evaluated on data it has never seen, scored
with measures robust to class imbalance, and report
the operating threshold. Future work will test the
framework on several external cohorts simultaneously,
add a prior-correction step to ensure the probabilities
remain usable as the disease rate changes, repeat the
pipeline across random seeds to assess stability, and
add feature attribution so that each prediction can be
explained to the clinician who must act on it.
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