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Abstract
Chronic kidney disease is diagnosed from a broad laboratory panel whose size 
and composition are open to optimization. This study pairs a cooperative hybrid 
metaheuristic for attribute selection with a weighted voting ensemble. Genetic, 
swarm, and annealing sub-populations evolved in parallel over one shared fitness 
landscape, exchanged elites every five iterations, and were refined by annealing 
applied as a local search on the incumbent; the attributes retained across the elite 
band formed the subset, which fed four heterogeneous learners whose probabilities 
were fused using weights tuned from out-of-fold predictions only. Imputation, 
search, learners, and weights were confined to the training partition of a 10 times 
five-fold cross-validation, and every single-operator variant, four classical selectors, 
and the unreduced panel were evaluated under that identical protocol. The ensemble 
reached 99.00% accuracy, an area under the curve of 0.9994, and an F-measure of 
99.19% from 11 of the 24 attributes, dropping 53% of the assays at a cost of two-
thirds of a percentage point that is not statistically significant once the dependence 
between cross-validation folds is modeled. Accuracy held at 98.00% when a further 
fifth of all values was deleted, and an independent cohort of 200 records recorded 
as discretized intervals returned 98.00%. The pipeline is statistically equivalent to the 
strongest single learner and to the strongest classical selector while using fewer than 
half the attributes.
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1. Introduction
Chronic kidney disease (CKD) is now among the fastest-growing contributors to global 
mortality, and the most recent burden of disease analyses place the number of people 
living with it in the hundreds of millions.1,2 Diabetes and hypertension drive most of 
that growth. The clinical difficulty is that kidney function declines quietly: an estimated 
glomerular filtration rate can fall well below normal before a patient reports anything, and 
once the disease reaches the end stage, the only options are dialysis or transplantation. 
Detection therefore depends on laboratory screening, and screening is expensive in 
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exactly the settings where the disease is growing fastest.3

Two ideas from machine learning are relevant to that 
problem, and both are well established on their own. The 
first is feature selection. Clinical panels contain attributes 
that duplicate each other and that contribute nothing, so 
a search over subsets can reduce the number of assays a 
decision rule needs. The second is ensemble learning. A 
single classifier commits to one inductive bias, whereas 
a committee that pools several classifiers is usually more 
accurate and, more importantly for a clinical setting, less 
brittle. Neither idea is new. What is less settled is how 
they should be combined, how the combination should be 
validated, and how much either actually contributes once 
validation is done properly.

Metaheuristic algorithms are the standard tool for the 
search. Genetic algorithms, particle swarm optimization, 
and simulated annealing have all been applied to attribute 
selection.4-6 Each has a characteristic failure. A genetic 
population loses diversity and converges early. A swarm 
follows its global best and can be trapped when that best 
sits in a local optimum. Annealing explores well but 
wanders, since it carries no population memory to exploit 
what it has found. These failures are complementary, which 
supports hybridization, and hybrid designs that pair one 
global search with annealing as a local refiner are reported 
to outperform either component.7-9

On the classification side, majority voting remains the 
reference rule for combining classifiers because it is simple 
and hard to break.10,11 Its weakness is that it treats every 
member as equally competent. Weighted variants exist12,13, 
but the weights are usually fixed in advance or fitted on 
the same data used to fit the members, reintroducing the 
optimism that the ensemble was supposed to remove.

1.1. Ensemble classification for chronic kidney 
disease

Ensembles dominate the CKD cohort: Chhabra et al.14 
found a stacking ensemble to be the strongest among 
12 classifiers, with and without synthetic oversampling. 
Ensemble learning has been applied to renal decline 
in longitudinal cohorts15, and hybrid deep frameworks 
combining biomarkers with ensemble feature engineering 
more recently.16 Ensemble preprocessing pipelines 
for early detection17 and ensemble deep learning with 
dimensionality reduction have also been described.18 
Comparative studies of CKD risk classifiers continue to 
emerge19,20, and interpretable formulations are becoming 
more common.21,22

1.2. Voting and weighted fusion

Majority voting has been used for COVID-19 detection 

from chest radiographs10 and for attack detection in 
connected devices.11 Weighted variants have been reported 
for melanoma diagnosis12 and skin lesion classification.13 
Analyses of metaheuristics for ensemble construction23 
and ensemble subset selection for high-dimensional, low-
sample data24 address the same combination problem from 
the optimization side.

1.3. Metaheuristic feature selection

Genetic algorithms remain widely used: penalty-embedded 
formulations for interpretable clinical selection4, optimized 
variants for high-dimensional data25, correlation-guided 
designs26, applications to heterogeneous physiological 
signals27, and guided population strategies with modified 
crossover have all been reported.28 Swarm methods form the 
other main family, with multi-objective adaptive variants5 
and improved binary formulations.29 Annealing is most 
often a refiner rather than a standalone search, combined 
with gray wolf optimization6, a binary COOT algorithm 
on microarray data7, a dwarf mongoose optimizer8, Harris 
hawks optimization for deep feature screening9, and a 
pigeon-inspired optimizer.30 Improved annealing with 
a support vector machine has been reported for breast 
cancer31, and filter-based rankers have been used to guide a 
grasshopper and annealing search.32 Optimization-driven 
hybrids have also been built for tumor imaging.33

1.4. Wrapper design and data quality

Wrapper and hybrid strategies with metaheuristic engines 
have been compared systematically34, and search-space 
division35 and surrogate-assisted evaluation36 both address 
the cost of wrapper evaluation; resampling and weighted 
losses can also influence the attributes selected by a 
wrapper.37,38 Filter-based reduction has been applied to 
this cohort with a cost-sensitive boosting classifier39, and 
hybrid signature-based selection with sequence models.40 
Three-stage designs that chain a filter to a wrapper41 are 
structurally similar to the cascade used here.

This work addresses a gap in evaluation. Metaheuristic 
feature selection and optimization-driven weighted 
ensembles were both established, and recent work on this 
cohort already combines them, so the contribution claimed 
here is not the combination itself. Hybrid metaheuristics 
for CKD are normally assembled as a sequence, compared 
with their own components on a single split under an 
objective that differs from the baseline’s, and paired with a 
voting rule whose weights are uniform or fitted in sample, 
with the reported subset the incumbent rather than a 
consensus; each of those choices favors the proposed 
method independently of its operators. This study holds 
all of them fixed, so every search variant, four classical 
selectors, and the unreduced panel share one objective, one 
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budget, one consensus rule, and one resampling protocol 
with the fusion weights fitted out of fold. What the pipeline 
delivers under those conditions is a panel of 11 attributes 
that performs on a par with the full 24 and with every 
alternative selector tried.

This study keeps the objective of the original design, 
namely metaheuristic feature engineering feeding a voting 
ensemble, rebuilds both halves, and evaluates them under 
a single matched protocol. The contributions are as follows.

•	 A cooperative co-evolutionary optimizer in which 
genetic, swarm, and annealing sub-populations 
evolve in parallel over one shared fitness landscape 
and exchange elites periodically, with annealing 
additionally applied as a memetic local search around 
the incumbent. The design is evaluated against its own 
components under an identical budget rather than 
against a differently configured baseline.

•	 A wrapper objective that couples the ranking quality 
of a candidate subset to its balanced accuracy, because 
accuracy alone saturates on this cohort and leaves the 
search without a gradient.

•	 A selection rule that reports the consensus of the elite 
band of visited solutions rather than the single best 
solution, which is an optimistically biased maximum 
of a noisy estimate.

•	 A fusion stage in which the combination weights are 
tuned on the simplex with a continuous particle swarm 
using out-of-fold probabilities only, so no member is 
credited for predictions it made on data it was fitted 
on. Majority voting, soft voting, and stacking are 
reported alongside it.

•	 A matched-protocol evaluation in which the 
cooperative hybrid, each single-operator variant, four 
classical selectors (L1-regularized logistic regression, 
random-forest recursive feature elimination, a mutual-
information filter, and random-forest importance), 
and the unreduced panel receive the same nested 
resampling, the same base learners, and the same 
fusion rule, so the comparison isolates the selector.

•	 A statistical analysis that respects the dependence 
structure of a repeated cross-validation, reporting 
every comparison at the repetition level, where the 
10 repetitions are completely disjoint partitions, and 
under the Nadeau–Bengio corrected resampled t-test, 
as well as fold-wise.

•	 An evaluation that measures ensemble diversity 
explicitly, traces performance as missing values and 
label noise are injected over independent corruption 
realizations rather than a single draw, reports the 
sensitivity of the external result to the interval-to-
scalar harmonization, and validates on an independent 

cohort of 200 records.
The remainder of the paper is organized as follows. 

Section 2 describes the cohorts and the method, Section 
3 reports the experiments, Section 4 discusses them, and 
Section 5 concludes.

2. Data and methods
2.1. Cohorts

The primary cohort is the CKD dataset from the University 
of California, Irvine machine learning repository: 400 
records (250 CKD cases, 150 non-CKD cases) and 24 
clinical attributes (11 numerical, 13 nominal); 778 of the 
9600 attribute values are missing. Table 1 summarizes the 
panel.

External validation uses the risk-factor prediction of the 
CKD dataset from the same repository, identifier 857: 200 
records, 128 of them are CKD. That cohort is distributed 
with 28 attributes, not 24. Twenty-four correspond one-to-
one with the panel of the primary cohort and were the only 
ones used here; the remaining four (bp limit, grf, stage, 
and affected) were excluded. Comparability is only part of 
the reason. An estimated glomerular filtration rate (grf), 
a CKD stage (stage), and a disease indicator (affected) 
are derived from, or are restatements of, the outcome 
being predicted, so retaining them would leak the label 
rather than test transfer; bp limit is a coarsened duplicate 
of the diastolic pressure indicator already used. The two 
cohorts are separate collections deposited independently 
in the same repository, share no records, and cohort 857 
was not consulted during development. They are not, 
however, samples from two different populations under 
two different acquisition protocols, and cohort 857 is 
a discretized re-encoding rather than a fresh set of raw 
measurements, so the external figures measure transfer to 
a differently encoded cohort.

Because cohort 857 records every continuous 
attribute as a discretized interval, values were mapped to 
representative scalars before scoring: a closed interval to 
its midpoint, an open interval to the boundary displaced 
by half the median width of that attribute’s closed intervals, 
and the binary diastolic indicator to the representative 
normal and elevated values of the primary cohort, 70 and 
90 mmHg; the categorical attributes are already indicators 
in both cohorts. Because any such mapping discards 
within-interval variation, Section 3.12 re-scores the cohort 
under alternative mappings, with the subset, the models, 
and the weights held fixed. This cohort was scored once, 
after everything else was fixed.

2.2. Overview

The pipeline has three phases (Figure 1). Data are 
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Table 1. Attributes of the CKD cohort (400 records: 250 CKD and 150 non-CKD)

Attribute Code Type Observed range Mean ± SD Missing values (n [%])

Age (year) age Numerical 2 to 90 51.48 ± 17.17 9 (2.2%)

Blood pressure (mmHg) bp Numerical 50 to 180 76.47 ± 13.68 12 (3.0%)

Specific gravity sg Numerical 1.00 to 1.02 1.02 ± 0.01 47 (11.8%)

Albumin al Numerical 0 to 5 1.02 ± 1.35 46 (11.5%)

Sugar su Numerical 0 to 5 0.45 ± 1.1 49 (12.2%)

Red blood cells rbc Nominal − − 0 (0.0%)

Pus cell pc Nominal − − 0 (0.0%)

Pus cell clumps pcc Nominal − − 0 (0.0%)

Bacteria ba Nominal − − 0 (0.0%)

Blood glucose random bgr Numerical 22 to 490 148.04 ± 79.28 44 (11.0%)

Blood urea bu Numerical 1.5 to 391 57.43 ± 50.5 19 (4.8%)

Serum creatinine sc Numerical 0.4 to 76 3.07 ± 5.74 17 (4.2%)

Sodium sod Numerical 4.5 to 163 137.53 ± 10.41 87 (21.8%)

Potassium pot Numerical 2.5 to 47 4.63 ± 3.19 88 (22.0%)

Hemoglobin hemo Numerical 3.1 to 17.8 12.53 ± 2.91 52 (13.0%)

Packed cell volume pcv Numerical 9 to 54 38.88 ± 8.99 71 (17.8%)

White blood cell count wbcc Numerical 2,200 to 26,400 8,406.12 ± 2,944.47 106 (26.5%)

Red blood cell count rbcc Numerical 2.1 to 8.0 4.71 ± 1.03 131 (32.8%)

Hypertension htn Nominal − − 0 (0.0%)

Diabetes mellitus dm Nominal − − 0 (0.0%)

Coronary artery disease cad Nominal − − 0 (0.0%)

Appetite appet Nominal − − 0 (0.0%)

Pedal edema pe Nominal − − 0 (0.0%)

Anemia ane Nominal − − 0 (0.0%)

Abbreviation: CKD: Chronic kidney disease.

s
misx  indexed by { }1, ,s

misi n⊆ … , the procedure initializes 
the gaps with attribute means, orders the attributes by 
their amount of missingness, and repeatedly regresses 
each incomplete attribute on the others until the imputed 
matrix stops changing. Algorithm 1 states the procedure.

Imputation is fitted on the training partition and 
applied to the test partition, never the reverse. This matters 
more than it might appear: an imputer fitted on the pooled 
cohort propagates information from the test records into 
training, and on a cohort where a third of one attribute is 
missing, that leak is not negligible.

2.4. Cooperative hybrid metaheuristic feature 
selection

A candidate subset is a binary vector {0,1}px∈  in which 
a one marks a retained attribute. Continuous coordinates 
are converted to bits using Equation 2:

normalized and imputed. A cooperative hybrid 
metaheuristic then searches the space of attribute subsets. 
The selected subset feeds four heterogeneous base learners 
whose probabilistic outputs are fused via weighted voting, 
with majority voting, soft voting, and stacking reported for 
comparison.

2.3. Preprocessing

Attributes are scaled to the unit interval:

( )
( ) ( )normalized

x min x
x

max x min x
−

=
−

	 (1)

with the extrema taken over the training partition. Missing 
values are then filled using iterative tree-based imputation 
in the manner of missForest. Writing the data matrix 
as ( )1 2, , , pX X X X= …  of size n p× , and splitting each 
attribute s  into its observed part s

obsx  and its missing part 
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Figure 1. The proposed framework. Imputation, cooperative search, the base learners, and the fusion weights are all fitted within the training partition of 
each cross-validation fold.
Abbreviations: AUC: Area under the curve; CKD: Chronic kidney disease; k-NN: k-nearest neighbor; MCC: Matthews correlation coefficient; PSO: 
Particle swarm optimization; SVM: Support vector machine; TVAC: Time-varying acceleration coefficient; UCI: University of California, Irvine.

Algorithm 1. Iterative tree-based imputation

Step Operation

Input matrix X  of size n p× , stopping criterion γ

1 initialize the missing entries with the attribute means

2 k ←  indices of the columns sorted by amount of missingness

3 while γ  is not satisfied do

4 imp
oldx ←  the previously imputed matrix

5 for s  in k  do

6 fit a tree-based regressor on s s
obs obsy x∼

7 predict 
s
misy  from s

misx

8 imp
newX ←  update the imputed matrix with the predictions

9 end for

10 update γ

11 end while

12 return the imputed matrix impx
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	 (2)

Three sub-populations evolve in parallel over one shared 
landscape, and each contributes a different operator:

(i)	 Genetic operators. A genetic algorithm represents 
candidates as bit strings and evolves them by selection, 
crossover, and mutation. Parents are chosen by binary 
tournament, recombined by two-point crossover with 
probability 0.8, and mutated bitwise with probability 
0.05. The two fittest individuals of each generation 
survive unchanged.

(ii)	 Swarm operators. Particles carry a position and a 
velocity, ( )1, ,i i iDx x x= …  and ( )1, ,i i iDv v v= … , and are 
attracted to their own best position bestp  and to the 
best position identified by the population bestg :

( ) ( )1
1 1 2 2

t t t t t t t
id id i id id i gd idv w v c r p x c r p x+ = × + × × − + × × − 	 (3)

1 1t t t
id id idx x v+ += + 	 (4)

The inertia weight falls linearly from 0.9 to 0.4, while 
the acceleration coefficients vary with time, 1c  from 2.5 
to 0.5 and 2c  from 0.5 to 2.5, so the population explores 
early and concentrates later. Bits are flipped through the 
V-shaped transfer function ( )tanh idv , which responds to 
the magnitude of the velocity rather than to its sign.

(iii)	Annealing operators. Simulated annealing perturbs 
a solution and accepts the result unconditionally 
when it improves and with the Boltzmann probability 
(p) of /Te θ−  when it does not, where θ  is the loss in 
quality, and T  is the temperature. The temperature 
starts at 0 2T N= , twice the number of attributes, and 
cools geometrically as 0.93T T← . Accepting a worse 
solution occasionally is what lets the chain leave a 
local optimum. Algorithm 2 states the annealing step.

2.4.1. Cooperation

The three sub-populations are not run in sequence. 
They advance together, and every five iterations, the best 
individual of each sub-population replaces the worst 
individual of its neighbor, so a discovery made by one 
operator becomes available to the others while the search 
runs. In addition, annealing is applied as a memetic local 
search on the incumbent solution at every iteration, 
which refines the shared best rather than restarting from 
a random point. Setting the active operator set to a single 
member recovers the standalone algorithms, and those 
variants form the ablation study in Section 3.2.

Algorithm 2 states the annealing step in its textbook 
form. As embedded in the cooperative search, it is not 
run to a temperature floor: each of the 30 outer iterations 
performs one Metropolis sweep over the annealing sub-
population and then applies the geometric cooling once, 
so the chain is terminated by the shared iteration budget 
rather than by a temperature criterion. This keeps the 
evaluation budget identical across the variants of the 

Algorithm 2. Annealing step within the cooperative search

Step Operation

1 0 2T N= , where N  is the number of attributes

2 iBestSol S←  and evaluate ( )BestSolδ

3 while minT T>  do

4 generate a neighbor TrialSol  by flipping a random tenth of the bits

5 evaluate ( )TrialSolδ

6 if ( ) ( )TrialSol BestSolδ δ<  then accept the trial and update BestSol

7 else if the two are equal then accept the trial when TrialSol BestSol<

8 else compute ( ) ( )TrialSol BestSolθ δ δ= − , draw [ ]0,1P∈  and accept when /TP e θ−≤

9 0.93T T← ​

10 end while

11 return BestSol
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ablation, which would not hold if annealing ran to its own 
stopping condition. Section 2.7 gives the complete settings.

2.4.2. Objective

The fitness of a subset follows the wrapper form of the 
original design:

( )( ) ( ) ( )
( )

1
i

i
i x t

x t
f x t E

C
ζ ζ

 
= + −  

 
 

	 (5)

where E  is the classification error of a k-nearest neighbor 
wrapper, x  is the number of selected attributes, C  is the 
total number, and ζ  balances the two terms and is fixed 
at 1 throughout this work, so that the cardinality weight 
in Equation 5 is exactly zero and the objective reduces to 
the error term alone; Section 3.13 reports the supporting 
experiment. The error term is estimated using repeated 
stratified cross-validation inside the training partition and 
is decomposed into a ranking component and a threshold 
component:

( )( ) ( ) ( )( )1 1 1xE AUC x BA xω ω= − + − − 	 (6)

with 0.7ω = . The decomposition is not cosmetic. Accuracy 
on this cohort saturates, so a large fraction of candidate 
subsets share the same inner accuracy, and an accuracy-
driven objective is flat across much of the space; the area 
under the curve is continuous and keeps discriminating in 
that regime. The cardinality weight 1 ζ−  is set to zero, 
because a penalty large enough to influence a saturated 
objective drives the search toward subsets that are small 
rather than good. Parsimony is obtained instead from the 
consensus rule in Section 2.4.3. Two points of notation 
should be explicit, because both have caused confusion. 
First, the trade-off parameter of Equation 5 and the 
ranking weight of Equation 6 are different parameters: 
the ranking weight is 0.7, and the trade-off parameter is 
1. It is the latter that makes the cardinality term vanish, 
so the value 0.7 does not imply a cardinality weight of 0.3. 
Second, the ranking weight of Equation 6 is unrelated to 
the class labels written with the same letter in Section 2.5. 
Section 3.13 reports how the search behaves across a range 
of the cardinality weight.

2.4.3. Selection rule

The search records every solution it evaluates. The final 
subset is not the incumbent but the consensus of the elite 
band:

{ }* 1 0.5 ,       the best 10% of evaluated solutionsj js E
s s E

E ∈

 
= > = 

  
∑1 	 (7)

The incumbent is the maximum of a noisy estimate 
taken over several hundred evaluations and is therefore 
optimistically biased. Averaging over the elite band damps 
that bias. The rule is applied identically to every search 
variant, so the ablation compares search mechanisms, not 
selection rules.

2.5. Ensemble classification

Four heterogeneous learners are fitted on the selected 
attributes:

(i)	 K-nearest neighbors classifies a query by the majority 
label among its k  closest training records, with 
contributions weighted by inverse distance.

(ii)	 Support vector machine separates the classes by a 
maximum margin hyperplane in the feature space 
induced by a radial basis kernel, with class weights 
inversely proportional to class frequency.

(iii)	Random forest grows an ensemble of decision trees on 
bootstrap samples with a random subset of attributes 
considered at each split, and predicts by aggregating 
the trees.

(iv)	 A neural network is a feedforward network with 
two hidden layers of 64 and 32 units trained using 
backpropagation.

The four are deliberately different in inductive bias. An 
ensemble gains nothing from members that make the same 
mistakes. Section 3.5 measures how far apart these four 
actually are.

For fusion, let { }1, , lC C C= …  be the classifiers, each 
mapping an object nx∈  to a vector of class probabilities 

( ) ( )1| , , |
i iC C cP x P xω ω …  . Majority voting takes the label 

supported by most members. Soft voting averages the 
probabilities:

( )1

1 |
i

l
j C ji

m P x
l

ω
=

= ∑ 	 (8)

The proposed rule replaces the uniform average with a 
weighted one:

( ) ( )1 1
| | ,     0,     1ˆ

i

l l
j i C j i ii i

p x w P x w wω ω
= =

= ≥ =∑ ∑ 	 (9)

and the weights are obtained using a continuous particle 
swarm that maximizes balanced accuracy on out-of-fold 
probabilities:

( )1
* max ,l tr oofw

w arg BA y P w−∈∆
= 	 (10)

where oofP  is the matrix of probabilities each member 
produced for training records while those records were held 
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out from its own fitting. Using out-of-fold probabilities is 
the point. Weights fitted on in-sample probabilities reward 
members that overfit, which is precisely the failure a 
committee is meant to prevent. The swarm is seeded with 
the uniform weight vector, so soft voting is contained in 
its search space, and the optimizer can only improve on it 
in-sample.

2.6. Evaluation protocol and statistical analysis

Performance is estimated using stratified five-fold cross-
validation repeated 10 times. Imputation, scaling, the 
metaheuristic search, the base learners, and the fusion 
weights are all fitted within the training partition of each 
fold. From the confusion matrix:

TP TNAcc
TP TN FP FN

+
=

+ + +
	 (11)

TPP
TP FP

=
+

	 (12)

TPR
TP FN

=
+

	 (13)

TNTNR
TN FP

=
+

	 (14)

FPFPR
FP TN

=
+

	 (15)

FNFNR
FN TP

=
+

	 (16)

2PRF
P R

=
+

	 (17)

ensemble diversity is quantified pairwise. For two members 
with correctness vectors a  and b , Yule’s Q statistic is:

11 00 01 10

, 11 00 01 10a b
N N N NQ
N N N N

−
=

+
	 (18)

where 11N  counts records that both classify correctly, 
and so on. Values near one indicate members that fail 
together. The disagreement measure is the fraction of 
records on which two members output different labels, 
and the interrater agreement κ  corrects that for chance. 
Fusion rules are compared using a Friedman omnibus test 
followed by the Nemenyi critical difference, and pairwise 
using Wilcoxon signed-rank tests with Holm correction 

over one family of all comparisons against the proposed 
ensemble. Confidence intervals come from 2,000 bootstrap 
resamples.

The 50 folds of a 10 times five-fold design are not 50 
independent replicates: every observation is a test case 10 
times, and any two training partitions overlap in most of 
their records, so treating them as independent understates 
the variance of a paired difference. Each comparison is 
therefore reported three ways: the fold-level Wilcoxon 
and Friedman tests, for continuity with the literature; a 
repetition-level analysis averaging the five folds of each 
repetition first, so the 10 repetition means are proper 
exchangeable blocks; and the Nadeau–Bengio corrected 
resampled t-test, which inflates the variance of the fold 
differences by 1/k + ntest/ntrain, equal to 0.45 here. Holm 
correction is applied within each family. Section 3.11 
reports all three side by side.

The same protocol is applied to four classical selectors, 
so the search is measured against something other than its 
own components: L1-regularized logistic regression with 
the penalty chosen using inner five-fold cross-validation 
and the non-zero coefficients retained; recursive feature 
elimination driven by a 200-tree random forest with the 
subset size chosen using inner five-fold cross-validated 
elimination; a mutual-information filter whose cut-off is 
chosen using inner five-fold cross-validation of the same 
nearest neighbor wrapper; and random-forest importance 
retaining attributes above mean importance. Each chooses 
its own subset size within the training partition and feeds 
the identical four base learners and the identical out-of-
fold weighted fusion.

2.7. Implementation details and reproducibility

Every setting used in the study is listed here so that the 
experiments can be repeated. Table A1 presents the search 
and fusion parameters and Table A2 the imputer and the 
learners; nothing was tuned on any test partition, and the 
ablation variants differ only in which sub-populations 
are active. The optimizer runs a fixed 30 iterations with 
no early stopping, making the budget comparable across 
variants; fitness values are memoized on the attribute 
mask, so the search averaged 672 distinct subsets per 
fold for the cooperative hybrid and between 552 and 736 
for the single-operator and two-operator variants. The 
wrapper fitness of a subset is the mean over a stratified 
five-fold cross-validation repeated twice inside the training 
partition; the out-of-fold probabilities the fusion weights 
are fitted on come from a separate stratified five-fold 
cross-validation with the same partition, and neither sees 
the outer test fold. The global seed is 42, and outer fold i 
uses seed 42 + i throughout, so a fold is reproducible in 
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isolation; the corruption study of Section 3.7 uses seeds 42 
+ 1,000r + i for realization r and fold i. The environment 
is Python 3.14.6, scikit-learn 1.9.0, NumPy 2.5.2, SciPy 
1.18.0, pandas 3.0.3, and joblib 1.5.3; per-fold runtimes are 
shown in Section 3.9.

3. Results
3.1. Search behavior

Figure 2 traces the best fitness against iteration for the 
cooperative hybrid and for its single-operator variants, 
averaged over the 50 folds. All variants minimized the 
same objective with the same evaluation budget, so the 
curves are directly comparable. The hybrid and the two 
population-based variants converged within roughly 10 
iterations. Annealing alone was the slowest and settled at 
a clearly worse fitness (0.00233 vs. 0.00096 for the hybrid), 
as expected for a search with no population memory to 
exploit what it has found. The genetic sub-population 
reached the lowest fitness of all (0.00084), and the hybrid 
sat between it and the swarm.

That ordering did not carry through to downstream 
accuracy, and the reason is worth stating plainly. The 
fitness was measured with a nearest-neighbor wrapper on 
held-out inner folds, while the downstream number was 
produced using a four-member ensemble. Better wrapper 
fitness therefore does not guarantee a better ensemble, 
and on a cohort where the inner criterion is close to its 
ceiling, the residual differences between the searches are 
comparable to the noise in the estimate.

3.2. Effect of the search strategy

Table 2 and Figure 3 report the accuracy of the weighted 
ensemble under each search strategy. Each variant used 
the same objective, budget, and consensus selection rule, 
so the comparison isolates the search operators. The 
cooperative hybrid achieved 99.00% from 11.22 attributes, 

the annealing-only variant 99.48% from 13.58 attributes, 
and the genetic and swarm variants 99.17% and 99.12%. 
None of these differences survived Holm correction at 
the fold level, with adjusted p-values of 0.126, 0.601, 
and 0.968 against the annealing, genetic, and swarm 
variants, respectively, and all three rose to 1.000 under 
the dependence-aware analysis in Section 3.11. The five 
searches were therefore statistically equivalent on this 
cohort, suggesting that the choice of metaheuristic may 
have less influence than the literature on hybrid optimizers 
tends to suggest when all variants use the same objective, 
budget, and unbiased selection rule.

Figure 2. Best fitness against iteration for the cooperative hybrid and its 
single-operator variants, averaged over 50 folds. Shading is one standard 
deviation.
Abbreviations: GA: Genetic algorithm; PSO: Particle swarm optimization; 
SA: Simulated annealing.

Only the comparison with no attribute selection 
reached significance at the fold level. An ensemble with 
the full 24-attribute panel achieved 99.67% versus 99.00% 
for the selected subset, with a fold-level adjusted p-value 
of 0.004. Section 3.11 shows that this figure depends on 

Table 2. Effect of the search strategy on the accuracy of the weighted voting ensemble 

Search strategy Attributes Accuracy (%) Recall (%) F1 (%) MCC AUC p (Holm)

Cooperative hybrid, all three operators 11.2 99.00 ± 1.16 98.56 99.19 0.9793 0.9994 Reference

Genetic and swarm, no annealing 11.6 99.02 ± 1.27 98.60 99.21 0.9799 0.9995 1.000

Genetic algorithm only 10.9 99.17 ± 1.12 98.84 99.33 0.9829 0.9993 0.601

Particle swarm only 11.2 99.12 ± 1.14 98.76 99.29 0.9819 0.9994 0.968

Simulated annealing only 13.6 99.48 ± 0.88 99.32 99.57 0.9891 0.9998 0.126

No selection, all 24 attributes 24.0 99.67 ± 0.83 99.68 99.74 0.9933 1.0000 0.004

Notes: All variants minimize the same objective, use the same evaluation budget, and report the consensus of their own elite band, so the comparison 
isolates the search operators. The final column gives the Holm-adjusted p-value of a Wilcoxon signed-rank test against the cooperative hybrid, 
computed over 50 folds. Because those folds are not independent, Table 3 repeats every comparison at the repetition level and under the Nadeau–Bengio 
correction.
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treating the 50 folds as independent: at the repetition level, 
the adjusted p-value is 0.102 and the unadjusted Nadeau–
Bengio p-value is 0.34, so the reduced panel is statistically 
equivalent to the full one. The magnitude of the trade is 
clear: selection costs about two-thirds of a percentage 
point while reducing the number of measurements by 
53%. Whether that is worth making depends on the setting 
rather than on the statistics; this is discussed further in 
Section 4.

3.3. Selected attributes

Figure 4 shows how often each attribute was selected 
across the 50 folds. Eleven attributes cleared the consensus 
threshold: specific gravity, hemoglobin, hypertension, 
pedal edema, packed cell volume, diabetes mellitus, 
appetite, sodium, red blood cells, coronary artery disease, 
and sugar. The mean subset contained 11.22 attributes 
with a standard deviation of 2.00. Specific gravity and 

Figure 3. Accuracy of the weighted voting ensemble under each search strategy. Error bars are one standard error of the mean over 50 folds
Abbreviations: GA: Genetic algorithm; PSO: Particle swarm optimization; SA: Simulated annealing.

Table 3. Every comparison against the proposed weighted ensemble under three analyses

Comparison against the proposed ensemble Accuracy (%) p (Holm, 50 folds) p (Holm, 10 repetitions) p (Nadeau–Bengio, 
unadjusted)

No selection, all 24 attributes 99.67 0.004 0.102 0.34

Simulated annealing only 99.47 0.126 1.000 0.62

Random forest alone 99.45 0.025 0.375 0.51

Genetic algorithm only 99.17 0.601 1.000 0.76

Particle swarm only 99.12 0.968 1.000 0.81

Genetic and swarm, no annealing 99.03 1.000 1.000 0.97

Stacking, logistic meta-learner 99.00 1.000 1.000 1.00

Soft voting 98.85 0.591 1.000 0.73

Majority voting 98.83 0.429 1.000 0.70

Support vector machine alone 98.77 0.591 1.000 0.73

Neural network alone 98.65 0.067 0.430 0.57

K-nearest neighbors alone 98.62 0.140 0.375 0.56

Notes: The fold-level column is the analysis reported in Tables 2 and 4 and treats the 50 folds as independent; the repetition-level column averages within 
each of the 10 repetitions first; the last column is the unadjusted Nadeau–Bengio corrected resampled t-test, every value of which is 1.000 after Holm 
correction.
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hemoglobin were chosen in nearly every fold, consistent 
with impaired urinary concentration and anemia resulting 
from reduced erythropoietin production, while the two 
major underlying conditions were represented directly by 
hypertension and diabetes.

3.4. Base learners and fusion rules

Table 4 reports the ranking quality, calibration, and 
statistical comparison; Table 5 reports the rates for the 
selected attributes. Among the individual learners, random 
forest was strongest at 99.45%, followed by support vector 
machine at 98.78%, neural network at 98.65%, and 
k-nearest neighbors at 98.63%. Weighted fusion reached 
99.00%, ahead of majority voting at 98.83% and soft 
voting at 98.85%, and tied with stacking at 99.00%. Figure 
5 shows the distribution of fold accuracy for the base 
learners and the fusion rules. The Friedman test over the 
50 folds rejected equality (p = 1.51 × 10−16) and yielded a 
Nemenyi critical difference of 2.81 ranks; Figure 6 shows 
the resulting comparison.

Two comparisons in these tables deserve to be stated 
explicitly. First, the improvement of weighted fusion over 
majority voting (0.175 percentage points) is consistent in 

direction across folds but did not survive Holm correction 
(adjusted p = 0.429 at the fold level and 1.000 at the 
repetition level); it is a consistent improvement rather 
than a demonstrated one. Second, the random forest alone 
reached 99.45%, compared with 99.00% for the ensemble 
that contains it. That difference is significant fold-wise 
(adjusted p-value = 0.025) but not under the dependence-
aware analysis in Section 3.11, where the repetition-level 
adjusted p-value is 0.375 and the unadjusted Nadeau–
Bengio p-value is 0.510, so the committee and its strongest 
member are statistically equivalent. A committee gains 
over its members only when they fail on different records, 
and Section 3.5 quantifies how little they do.

3.5. Diversity and weights

Table 6 reports the pairwise diversity of the ensemble 
members, Table 7 summarizes the combination weights 
assigned by the continuous swarm, and Figure 7 shows 
the learned weights and the kappa-error diagram. The 
members agree almost completely: the mean pairwise 
disagreement was 0.0078, meaning that two members gave 
different labels on fewer than one record in a hundred, and 
the mean interrater agreement was 0.984. The Q statistic 
averaged 0.389, lower than the disagreement figures alone 

Figure 4. Attribute selection frequency across the 50 folds. Attributes above the dashed line form the consensus subset.
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Table 4. Ranking quality, calibration, and statistical comparison of the fusion rules

Model MCC AUC Brier score Friedman rank p (Holm)

Swarm-weighted voting 0.9793 0.9994 0.0073 7.73 Reference

Soft voting 0.9764 0.9995 0.0078 8.20 0.591

Majority voting 0.9758 0.9995 0.0078 8.34 0.429

Stacking, logistic meta-learner 0.9794 0.9994 0.0078 7.52 1.000

Neural network 0.9723 0.9991 0.0100 8.96 0.067

Support vector machine 0.9749 0.9987 0.0104 8.62 0.591

Random forest 0.9885 0.9983 0.0066 6.11 0.025

K-nearest neighbors 0.9718 0.9943 0.0113 8.98 0.140

Notes: The Friedman omnibus test over the 50 folds gives p = 1.51 × 10−16, with a Nemenyi critical difference of 2.81 ranks; over the 10 repetitions, the 
independent blocks of this design, it gives p = 5.35 × 10−7 with a critical difference of 6.27 ranks. Table 3 presents the pairwise values.
Abbreviations: AUC: Area under the curve; MCC: Matthews correlation coefficient.

Table 5. Base learners and fusion rules on the attributes chosen using the cooperative hybrid, averaged over 50 folds

Model TPR (%) FNR (%) FPR (%) TNR (%) Accuracy (%) Precision (%) F-measure (%)

Swarm-weighted voting 98.56 1.44 0.27 99.73 99.00 ± 1.16 99.84 99.19

Soft voting 98.32 1.68 0.27 99.73 98.85 ± 1.36 99.84 99.06

Majority voting 98.28 1.72 0.27 99.73 98.83 ± 1.35 99.84 99.04

Stacking, logistic meta-learner 98.56 1.44 0.27 99.73 99.00 ± 1.21 99.84 99.19

Neural network 98.00 2.00 0.27 99.73 98.65 ± 1.36 99.84 98.90

Support vector machine 98.16 1.84 0.20 99.80 98.78 ± 1.39 99.88 99.00

Random forest 99.32 0.68 0.33 99.67 99.45 ± 0.88 99.80 99.56

K-nearest neighbors 97.96 2.04 0.27 99.73 98.62 ± 1.46 99.84 98.88

Abbreviations: FNR: False-negative rate; FPR: False-positive rate; TNR: True-negative rate; TPR: True-positive rate.

Figure 5. Distribution of fold accuracy for the base learners and the fusion rules. Diamonds mark the mean.
Abbreviations: KNN: K-nearest neighbor; SVM: Support vector machine.
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Figure 6. Nemenyi post-hoc comparison of the fusion rules and base learners over the 50 folds (Friedman p = 1.51 × 10−16). Methods further to the left 
rank better.
Abbreviations: CD: Critical difference; KNN: K-nearest neighbor; SVM: Support vector machine.

Table 6. Pairwise diversity of the ensemble members

Pair Q statistic Disagreement κ

Support vector machine and k-nearest neighbors 0.5200 0.0050 0.9895

Random forest and k-nearest neighbors 0.2392 0.0112 0.9764

Neural network and k-nearest neighbors 0.5395 0.0053 0.9890

Support vector machine and random forest 0.2195 0.0102 0.9785

Support vector machine and neural network 0.5595 0.0038 0.9921

Random forest and neural network 0.2585 0.0115 0.9758

Notes: A Q statistic near 1 indicates members that fail on the same records; the disagreement measure and κ report how often two members differ and 
how far that exceeds chance.

Table 7. Combination weights assigned using the continuous swarm, summarized over the 50 folds

Member Weight (mean ± SD) Minimum Maximum

K-nearest neighbors 0.2520 ± 0.1317 0.0037 0.6733

Support vector machine 0.2072 ± 0.1009 0.0000 0.5442

Random forest 0.3362 ± 0.1899 0.0112 0.8373

Neural network 0.2045 ± 0.1005 0.0000 0.4610

Note: A uniform ensemble would assign 0.25 to every member.

would suggest, indicating that the few errors the members 
made were only partly shared.

The swarm assigned 0.336 to random forest, 0.252 to 
k-nearest neighbors, 0.207 to support vector machine, and 
0.205 to neural network, indicating that it identifies the 
strongest member and shifts weight toward it. It cannot 
shift far enough to recover the random forest on its own, 
because the weights are constrained to a simplex and the 
criterion it optimizes, out-of-fold balanced accuracy, is 
close to saturation. Replacing that criterion with a ranking-
based one was tested and changed the weights by less than 
one part in a hundred, consistent with the diversity figures: 

when four learners disagree on fewer than 1% of records, 
no combination rule has much left to work with.

3.6. Discrimination, calibration, and errors

Figure 8 shows the receiver operating characteristic, the 
precision–recall curve, and the calibration of the pooled 
out-of-fold predictions of the first repetition. Figure 9 
presents the confusion matrix. Averaged over the 50 folds, 
the area under the curve was 0.9994 with a 95% bootstrap 
interval of 0.9988 to 0.9998, and the accuracy interval was 
98.67% to 99.30%. The Brier score was 0.0073, and the 
calibration curve remained close to the diagonal, indicating 
that the fused probability can be read as a risk estimate. In 
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the pooled matrix, there are three false negatives and no 
false positives out of 400 records. For a screening rule, that 
error direction was unfavorable, and the balanced class 
weighting used in the base learners kept it small.

3.7. Robustness

Table 7 and Figure 10 present what happens as the data 
degrade. At each level, the search, the base learners, and the 
fusion weights were refitted on the corrupted data, so these 
numbers describe the whole pipeline rather than a fixed 
model. Every level was repeated over five independent 
realizations, each with its own corruption mask and five-
fold partition. Table 8 reports the mean over realizations 

with the standard deviation across them; that deviation 
ranged from 0.22% to 2.04%, the same order as the 
differences between adjacent corruption levels, indicating 
that individual non-monotonic steps carry no information. 
The trends survived averaging. Deleting an additional fifth 
of all attribute values left accuracy at 98.00%, and deleting 
two fifths left it at 97.00%, while corrupting a tenth of 
the training labels cost about 0.7 percentage points, 
and corrupting a fifth brought accuracy to 94.30%. The 
asymmetry is informative: missing values were handled by 
an imputer that could borrow from correlated attributes, 
whereas a corrupted label misdirected the wrapper, the 
base learners, and the fusion weights at once.

 

A B 

Figure 7. Ensemble combination weights and error–diversity analysis across the 50-fold evaluation. (A) Combination weights learned using the continuous 
swarm across the 50 folds. (B) Kappa-error diagram of the six member pairs; points toward the lower left combine low error with high diversity.
Abbreviations: KNN: K-nearest neighbor; NN: Neural network; RF: Random forest; SVM: Support vector machine.

Figure 8. Discrimination and calibration of the pooled out-of-fold predictions of the first repetition. (A) Receiver operating characteristic. (B) Precision–
recall curve. (C) Calibration of the pooled out-of-fold predictions of the first repetition.
Abbreviations: AUC: Area under the curve; CKD: Chronic kidney disease.
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Figure 9. Confusion matrix of the pooled out-of-fold predictions
Abbreviation: CKD: Chronic kidney disease

Table 8. Degradation of the complete pipeline as missing 
values and label noise are injected

Condition Accuracy (%) AUC

0% additional missing values 98.90 ± 0.22 0.9977

5% additional missing values 98.90 ± 0.38 0.9989

10% additional missing values 99.00 ± 0.40 0.9992

20% additional missing values 98.00 ± 0.59 0.9975

30% additional missing values 98.05 ± 0.57 0.9952

40% additional missing values 97.00 ± 1.17 0.9900

5% of training labels corrupted 98.40 ± 0.82 0.9960

10% of training labels corrupted 98.25 ± 0.56 0.9957

15% of training labels corrupted 95.35 ± 1.32 0.9923

20% of training labels corrupted 94.30 ± 2.04 0.9883

Notes: Each cell is the mean over five independent corruption 
realizations, each a five-fold cross-validation in which the search, the 
base learners, and the fusion weights are refitted on the corrupted data; 
the deviation is across those five realizations, not across folds.
Abbreviations: AUC: Area under the curve.

3.8. External validation

Table 9 and Figure 11 report results on an independent 
cohort of 200 records. The weighted ensemble achieved 
98.00% accuracy with an area under the curve of 0.9998, 
and majority voting achieved 99.00% on the same cohort. 
The gap is two records. More important than the ordering 
is that a pipeline fitted entirely on one cohort transfers 

to a second cohort recorded in a different format, with 
discretized intervals rather than raw measurements, with 
a performance decrease of approximately 1 percentage 
point relative to internal cross-validation. Section 3.12 
reports how much of the two-record gap between the two 
fusion rules can be attributed to the interval-to-scalar 
harmonization.

3.9. Computational cost and comparison with prior 
work

The complete pipeline required 401 seconds per fold on an 
11-core workstation. The five searches accounted for 317 
s, the base learners for 10.8 s, and the weight optimization 
for 1.7 s. Deploying the model requires only the latter two: 
fixing the attribute subset in advance required 12.5 seconds 
per fold, while inference using 11 attributes was immediate.

Table 10 presents the results alongside recent studies on 
the same cohort. The comparison is indicative rather than 
exact: studies differ in their validation protocol, whether 
attribute selection was nested inside the resampling loop, 
and how missing values were handled; few report an 
external cohort or the reproducibility of their selected 
subset.

Table 9 presents a context rather than a ranking. 
Optimization-driven selection and weighted or stacked 
ensembles are already present in the recent CKD literature, 
so assembling a metaheuristic, a wrapper objective, and a 
weighted vote is not the contribution claimed here; what 
the entries above have in common is that each reports one 
protocol in which the proposed method differs from its 
comparators in several respects at once, on a cohort where 
every reasonable method exceeds 98%. This study provides 
the counterfactual and an 11-attribute panel that maintains 
its accuracy on an independent cohort.

3.10. Comparison with classical feature selection

The ablation in Section 3.2 compares the hybrid only 
with its own components. Table 11 adds four classical 
selectors under the identical protocol, each choosing its 
own subset size inside the training partition and feeding 
the same learners and fusion. All five landed within four-
tenths of a percentage point of one another, and none of 
the differences survived correction at either level, so they 
are statistically equivalent; what separates them is cost 
and panel size. L1-regularized logistic regression achieved 
99.35% from 11.20 attributes in 0.45 seconds per fold 
against 76.7% for the search; random-forest importance 
reached 99.00% from only 6.64 attributes, and recursive 
feature elimination is the exception on cost at 102 seconds. 
A study proposing a metaheuristic search on data of this 
kind should report this comparison.
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Figure 10. Behavior of the complete pipeline as (A) missing values and (B) label noise are injected. The search, the base learners, and the fusion weights 
are refitted at every level.
Abbreviations: AUC: Area under the curve.

Figure 11. Performance on the independent cohort of 200 records. (A) External cohort ROC. (C) Transportability to an independent cohort.
Abbreviations: AUC: Area under the curve; KNN: K-nearest neighbor; NN: Neural network; RF: Random forest; ROC: Receiver operating characteristic; 
SVM: Support vector machine.

Table 9. External validation on an independent cohort of 200 records using the attributes and weights fitted on the primary cohort

Model Accuracy (%) Precision (%) Recall (%) Specificity (%) F1 (%) AUC

Swarm-weighted voting 98.00 96.97 100.00 94.44 98.46 0.9998

Majority voting 99.00 98.46 100.00 97.22 99.22 0.9998

Support vector machine 99.00 98.46 100.00 97.22 99.22 0.9998

Random forest 98.00 96.97 100.00 94.44 98.46 0.9998

Neural network 98.50 98.45 99.22 97.22 98.83 0.9997

K-nearest neighbors 99.00 98.46 100.00 97.22 99.22 0.9998

Note: The accuracy of the weighted ensemble on this cohort is 98.00% (95% bootstrap interval 96.00% to 99.50%).
Abbreviation: AUC: Area under the curve.
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Table 10. Comparison with recent studies on the same chronic kidney disease cohort

Study Approach Attributes Accuracy (%)

Dritsas and Trigka19 Class balancing with a rotation forest 24 99.2

Venkatesan et al.17 Ensemble preprocessing with machine learning 24 98.0

Chhabra et al.14 Stacking ensemble with synthetic oversampling 24 99.5

Al Ghamdi and Alyahyan16 Hybrid deep model on clinical biomarkers 24 98.7

Qureshi et al.22 Interpretable classifiers with SHAP and LIME 24 94.7

This work Cooperative hybrid search with a swarm-weighted vote 11 99.00
98.00 (external)

Note: Validation protocols differ across studies, so the comparison is indicative rather than exact.
Abbreviations: LIME: Local Interpretable Model-agnostic Explanations; SHAP: SHapley Additive exPlanations.

Table 11. Classical feature selectors evaluated under the protocol used for the metaheuristic variants

Selector Attributes Selection 
time (s/fold) Accuracy (%) F1 (%) AUC p (Holm, 50 

folds)
p (Holm, 10 
repetitions)

Cooperative hybrid (proposed) 11.22 76.70 99.00 ± 1.16 99.19 0.9994 Reference Reference

L1-regularized logistic regression 11.20 0.45 99.35 ± 0.92 99.47 0.9992 0.042 0.391

Recursive feature elimination, random 
forest 10.26 101.65 99.03 ± 1.24 99.21 0.9996 1.000 1.000

Mutual-information filter 9.92 1.22 98.98 ± 1.44 99.17 0.9993 1.000 1.000

Random-forest importance 6.64 1.07 99.00 ± 1.34 99.18 0.9997 1.000 1.000

No selection, all 24 attributes 24.00 0.00 99.67 ± 0.83 99.74 1.0000 0.001 0.039

Notes: Each selector chooses its own subset size using inner cross-validation within the training partition and feeds the identical four base learners 
and the identical out-of-fold weighted fusion. Selection time excludes the base learners and the fusion, which are common to every row. The last two 
columns give the Holm-adjusted Wilcoxon p-value against the cooperative hybrid over the 50 folds and over the 10 repetitions.
Abbreviation: AUC: Area under the curve. 

3.12. Sensitivity of the external result to the 
harmonization

The external cohort records every continuous attribute 
as an interval, so a scalar must be chosen before scoring. 
That choice was treated as an experiment: the subset, the 
fitted learners, and the fusion weights were held fixed, and 
only the mapping changed. Table 12 reports the midpoint 
rule of Section 2.1 alongside the lower edge, the upper 
edge, 20 uniform draws within each interval, and four 
codings of the diastolic indicator. Accuracy of the weighted 
ensemble spanned 97.00% to 99.50% across the four rules, 
so the external figures of Section 3.8 should be read with 
that spread attached; the ordering of the fusion rules was 
unchanged under every mapping, and the coding of the 
diastolic indicator left accuracy identical.

3.13. Sensitivity to the cardinality weight of the 
objective

In Section 2.4, the trade-off parameter in Equation 5 was 
fixed at 1, setting the cardinality weight to zero and leaving 

3.11. Statistical analysis under the dependence of 
the folds

The 50-fold results of 10 repetitions of five-fold cross-
validation are not 50 independent measurements. Table 
3 repeats every comparison under two analyses that 
avoid that assumption: one averaged the five folds within 
each repetition, so the 10-repetition means are proper 
exchangeable blocks, and the other was the Nadeau–
Bengio corrected resampled t-test. Under both, the 
methods compared here are statistically equivalent. The 
Friedman critical difference widened from 2.81 to 6.27 
ranks and separated no pair, and the two comparisons 
significantly moved fold-wise to 0.102 for the unreduced 
panel and 0.375 for the random forest. Part of this is power, 
since a cohort on which every method exceeded 98.60% 
leaves five or six errors per fold to separate methods by; the 
grounds for preferring one method here are therefore cost 
and parsimony rather than discrimination.
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parsimony to the consensus rule. Table 13 reports what 
the search returned across a range of that parameter over 
10 outer folds per setting. The usable range was narrow: 
moving the weight from 0 to 0.01 cut the panel from 11.90 
attributes to 7.70 attributes, with accuracy increasing from 
99.13% to 99.25%, well within fold-to-fold deviations; 
whereas at 0.05, the panel collapsed to 4.40 attributes, 
and at 0.20 to 2.40, accuracy reduced to 97.88%. This is 
because when many subsets share the same inner error, 
the cardinality term becomes the only discriminating part 
of the objective. The results here were produced at zero 
weight, the conservative end of that range.

4. Discussion
Four findings emerge from the experiments, each stated at 
a level of strength supported by the evidence.

First, the pipeline delivers a compact panel at 
no measurable cost in discrimination: 11 attributes 
reproduced 99.00% where all 24 yielded 99.67%, and once 
fold dependence was modeled, the two were statistically 

equivalent. Dropping 13 assays is a substantial saving where 
laboratory access is the binding constraint but provides 
no savings where the full panel is measured regardless; 
thus, the rationale for selection is operational rather than 
based on accuracy advantage. Second, a weighted vote 
whose weights are learned from out-of-fold probabilities 
consistently outperformed an unweighted vote, achieving 
99.00% versus 98.83% and 98.85%, respectively. However, 
the 0.175-percentage-point difference did not remain 
statistically significant after correction, indicating a 
consistent but not statistically demonstrated improvement. 
Third, the pipeline showed greater robustness to missing 
data than to label noise, maintaining 98.00% accuracy 
when an additional fifth of all values was deleted but 
decreasing to 94.30% when one-fifth of the training labels 
were corrupted. This asymmetry was evaluated using five 
independent corruption realizations per level.

Fourth, and most consequential for how work of this 
kind should be reported, the choice of selector did not 
substantially differentiate the methods in this study. 
Given the same objective, budget, and selection rule, 

Table 12. External cohort of 200 records scored under alternative harmonizations of its interval-coded attributes

Harmonization of the interval-coded attributes Weighted ensemble accuracy (%) Majority voting accuracy (%) Weighted ensemble 
AUC

Interval midpoint (the rule used in Section 2.1) 98.00 99.00 0.9998

Lower edge of every interval 97.00 97.00 1.0000

Upper edge of every interval 99.50 99.50 0.9999

Uniform draw inside every interval, 20 draws 98.40 ± 0.45 98.90 ± 0.21 0.9997

Diastolic indicator coded as 70 and 90 mmHg 98.00 99.00 0.9998

Diastolic indicator coded as 75 and 95 mmHg 98.00 99.00 0.9998

Diastolic indicator coded as 80 and 100 mmHg 98.00 99.00 0.9998

Diastolic indicator coded as 76.5 and 76.5 mmHg 98.00 99.00 0.9998

Notes: The selected subset, the four base learners, and the fusion weights are those fitted on the primary cohort and are held fixed; only the mapping 
changes. The uniform row is the mean and standard deviation over independent draws.
Abbreviation: AUC: Area under the curve.

Table 13. Effect of the cardinality weight in Equation 5 on the subset the cooperative search returns and on the accuracy of the 
resulting ensemble, over 10 outer folds per setting, with every other setting held fixed

Trade-off (Equation 5) Cardinality weight Attributes retained Accuracy (%) AUC

1.00 0.00 11.90 ± 1.85 99.13 ± 1.03 0.9982

0.99 0.01 7.70 ± 2.26 99.25 ± 0.87 0.9997

0.95 0.05 4.40 ± 0.84 98.87 ± 1.24 0.9977

0.90 0.10 3.70 ± 0.82 98.62 ± 1.09 0.9956

0.80 0.20 2.40 ± 0.52 97.88 ± 1.96 0.9893

Note: The configuration used throughout the paper is the first row; deviations are across folds.
Abbreviation: AUC: Area under the curve.
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the genetic, swarm, and annealing variants finished 
within a fraction of a percentage point of each other 
and of the cooperative hybrid. Section 3.10 extends this 
finding beyond the metaheuristic family: L1-regularized 
logistic regression selected a subset of the same size and 
achieved performance within 0.4 percentage points of the 
hybrid while requiring less than half a second per fold, 
compared with 76.7 seconds for the search, while random-
forest importance matched the hybrid using one-third 
fewer attributes. Published comparisons on this dataset 
usually differ from their baselines in several respects 
simultaneously; when these differences are controlled, the 
observed performance ordering disappears. On cohorts 
of this size and separability, these results indicate that a 
regularized linear selector can provide similar predictive 
performance at substantially lower computational cost.

The ensemble showed a similar pattern. A random 
forest trained on the selected attributes achieved 99.45% 
accuracy, compared with 99.00% for the committee 
containing it; this difference was statistically significant in 
fold-wise testing but not in the dependence-aware analyses. 
The diversity measurements provide context for this result: 
the four members disagreed on 0.78% of records, with a 
mean interrater agreement of 0.984, indicating substantial 
agreement among the ensemble members. Thus, the 
limited diversity may constrain the potential benefit of 
combining their predictions. This pattern may reflect 
characteristics of the cohort as well as the ensemble design, 
given the high separability of the classes and the similar 
decision boundaries produced by the evaluated learners. 
Future studies could examine whether greater predictive 
diversity can be achieved by training members on different 
attribute subsets or resampled datasets.

The attributes selected using the search are clinically 
coherent. Specific gravity and hemoglobin were selected 
in almost every fold, reflecting impaired urinary 
concentration and anemia associated with reduced 
erythropoietin production. Hypertension and diabetes 
mellitus were selected directly as the two dominant causes 
of the disease. Packed cell volume provides information 
related to the hemoglobin signal, while appetite and pedal 
edema are clinical manifestations associated with uremia 
and fluid retention.

Several limitations bound these conclusions. The 
primary cohort contains 400 records from a single hospital 
and is more separable than a screening population: every 
method exceeds 98.60% accuracy, leaving five or six 
errors per fold with which to distinguish them. Thus, the 
equivalences reported here describe the resolution of this 
cohort rather than showing that no differences would 
exist in a larger cohort, and accuracies near 99% should 

not be read as field performance. The external cohort is a 
discretized re-encoding deposited in the same repository 
rather than a sample from a different population; therefore, 
Section 3.8 measures transfer across an encoding rather 
than across settings, while Section 3.12 shows accuracy 
varying by roughly 2.5 percentage points across defensible 
interval mappings. Because the labels are binary, these 
analyses do not address disease staging. The wrapper uses 
a k-nearest neighbor classifier, whereas the target model is 
a four-member ensemble; aligning the two would require 
evaluating the ensemble within the search, which was not 
feasible at this budget. The fusion weights are constrained 
to a simplex over four fixed members, the search budget 
was fixed in advance for comparability, and Section 
3.13 shows that zero cardinality weight represents the 
conservative end of a narrow usable range.

5. Conclusion
A cooperative hybrid metaheuristic for attribute selection 
was combined with a weighted voting ensemble for CKD 
prediction and evaluated against its component methods, 
four classical selectors, and the unreduced panel under an 
identical protocol. Genetic, swarm, and annealing sub-
populations evolved together under a shared objective, 
exchanged elites during the run, and were refined by 
annealing as a memetic local search. The reported subset 
was the consensus of the elite band rather than a single 
incumbent, and four heterogeneous learners were then 
fused using weights tuned on out-of-fold probabilities. 
Under a 10-times, five-fold protocol confining imputation, 
search, learners, and weight optimization to the training 
partition, the ensemble achieved 99.00% accuracy, an area 
under the curve of 0.9994, an F-measure of 99.19%, and 
a Matthews correlation coefficient of 0.9793 using 11 of 
the 24 attributes. It maintained 98.00% accuracy when 
an additional fifth of all values was deleted and achieved 
98.00% accuracy on an independent cohort of 200 records 
recorded in a different format.

Three further findings qualify these results. Given 
the same objective, budget, and selection rule, the 
five metaheuristics showed no statistically significant 
differences in performance, as did the four classical 
selectors, three of which required less than one-fiftieth 
as much. Attribute selection incurred a small and non-
significant reduction in accuracy relative to the full 
panel, making the reduction in measurement burden its 
primary practical benefit. The four ensemble members also 
disagreed on fewer than 1% of records, indicating limited 
predictive diversity and, consequently, limited potential 
benefit from fusion. Together, these findings support a 
compact, reproducible approach for this cohort, consisting 
of an 11-attribute panel evaluated using a four-member 
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ensemble whose components showed similar predictive 
performance.
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Appendix
Tables A1 and A2 present the complete settings used for every experiment, so that the results can be reproduced exactly. 
They are referenced in Section 2.7. Identical settings were used for every variant of the ablation, which differed only in 
which sub-populations were active, and nothing was tuned on the test partition of any fold. The search averaged 672 distinct 
subsets per fold for the cooperative hybrid and between 552 and 736 for the single-operator and two-operator variants.

Table A1. Complete settings of the cooperative search and of the combination-weight optimizer

Component Settings

Cooperative search
Population 24 as three sub-populations of 8 (one of 24 for a single operator); 30 iterations, fixed, no early stopping; 
elite migration every 5 iterations, best of each replacing the worst of its neighbor; Bernoulli (0.5) initialization, all-zero 
repaired

Genetic operators Binary tournament; two-point crossover p = 0.8; bitwise mutation p = 0.05; two fittest carried forward

Swarm operators Inertia 0.9 to 0.4; cognitive 2.5 to 0.5; social 0.5 to 2.5, all linear; velocity clamp −6 to 6; V-shaped transfer |tanh(v)|

Annealing operators
T0 = 2|N| = 48; cooling T < −0.93 T once per iteration; neighbor flips max(1, 0.1|N|) = 2 bits; Metropolis acceptance 
exp(-theta/T); stopped by the shared 30-iteration budget, not a temperature floor; memetic local search of three single-
bit greedy trials on the incumbent per iteration

Objective and selection
zeta = 1.0, so cardinality weight 1 − zeta = 0; ranking weight 0.7 in Equation 6; inner resampling stratified 5-fold × 2 
repeats; wrapper k-NN, k = 7, distance weights; elite band the best 10% of evaluated subsets, attribute retained above 
50% of the band

Weight optimizer 20 particles, 40 iterations; uniform vector seeded as particle 1; inertia 0.9 to 0.4; acceleration 1.5 and 1.5; velocity clamp 
−0.3 to 0.3; criterion balanced accuracy on out-of-fold probabilities

Table A2. Complete settings of the imputer and the four base learners

Component Setting

Scaling and imputation Min–max to the unit interval, then iterative (missForest-style) imputation with an extra-tree regressor, eight rounds, 
mean initialization; both fitted on the training partition

K-nearest neighbors k = 5, distance weighting, Euclidean

Support vector machine RBF kernel, C = 10, gamma = scale, balanced class weights, probability estimates enabled

Random forest 300 trees, Gini, unlimited depth, sqrt(p) attributes per split

Neural network Hidden layers of 64 and 32 units, ReLU, Adam, learning rate 0.001, up to 1,200 epochs

Stacking comparator The same four members, logistic regression meta-learner, inner five-fold

Tuning procedure None of the four was tuned per fold; the settings above were fixed once, before the evaluation, from ranges reported for 
this cohort in prior work14,17,19,20

Notes: Values not listed are the scikit-learn 1.9.0 defaults. Randomness. The global seed is 42, and outer fold i uses seed 42 + i for the imputer, the search, 
every base learner, the inner splits, and the weight optimizer. Hence, a fold is reproducible in isolation. The corruption study in Section 3.7 uses seeds 42 
+ 1,000r + i for realization r and fold i. The environment is Python 3.14.6, scikit-learn 1.9.0, NumPy 2.5.2, SciPy 1.18.0, pandas 3.0.3, and joblib 1.5.3.
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