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Abstract

Subset selection in multiple linear regression (MLR) is a statistical-computing
challenge in high-dimensional data because candidate predictors expand the com-
binatorial search space and increase risks of multicollinearity, overfitting, and
statistically inadmissible models. This study introduces EPR-C3, a deterministic
multi-start neighborhood-search heuristic for constraint-aware subset selection
in ordinary least squares (OLS)-based MLR. EPR-C3 combines structured
exploration with reproducible local refinement through expansion, perturbation,
reduction, and C3 constraint refinement, comprising correlation cleanup, replace-
ment recovery, and variance inflation factor pruning, while preserving the native
OLS formulation and explicit candidate equations. Benchmark analyses show
that EPR-C3 recovers a high proportion of Top-K admissible subsets identified
by exhaustive all-subsets regression while reducing computational cost in highly
combinatorial problems. An empirical utility threshold is proposed to identify
when heuristic search becomes preferable to exhaustive enumeration. Compar-
isons with stepwise procedures, penalized-regression preselection, filter-wrapper
screening, genetic algorithms, and branch-and-bound subset selection show that
embedding admissibility constraints within the search workflow improves the
recovery—efficiency tradeoff. An applied case study demonstrates reproducible
recovery of a published MLR equation with reduced runtime, supporting EPR-C3
as a deterministic statistical-computing heuristic for tractable subset selection in
regression modeling and prediction.

Keywords: Feature subset selection, Data science and analytics, Interpretable
regression, High-dimensional regression, Constraint-aware model selection, Heuristic
optimization



1 Introduction

Multiple linear regression (MLR) remains one of the most widely used modeling frame-
works in applied statistics, data science, scientific research, and analytics workflows
because of its interpretability, computational simplicity, and transparent inferen-
tial structure [1-5]. In many applied settings, MLR is preferred because regression
coefficients can be interpreted directly, assumptions can be inspected using estab-
lished diagnostics, and final models can be communicated to nonspecialist audiences
with relative clarity [6-9]. These properties remain important in data-rich domains
where model transparency is not merely desirable but necessary for interpretation,
auditability, decision support, and scientific reporting.

Despite these advantages, feature or predictor subset selection in MLR becomes
particularly challenging in high-dimensional data regimes, where the number of
candidate variables produces a combinatorial explosion of possible subsets while
simultaneously increasing the risk of multicollinearity, overfitting, and statistically
inadmissible models [10-13]. Data-science applications often contain many candidate
features or predictors, including weakly informative, redundant, or highly correlated
variables [14, 15]. Including too many predictors can increase variance, destabilize
coefficient estimates, inflate multicollinearity, and reduce interpretability, while overly
aggressive selection can discard predictors with weak marginal effects but meaning-
ful joint contributions [13, 16-18]. Consequently, subset selection in high-dimensional
MLR is both a computational and statistical challenge, requiring methods that balance
predictive performance, interpretability, reproducibility, and admissibility constraints.

Several families of methods have been proposed to address this problem [19].
Screening methods can efficiently reduce dimensionality, often using marginal or low-
order association criteria [20]. Penalized regression methods incorporate regularization
into the estimation procedure and can provide scalable shrinkage or sparsity; exam-
ples include ridge regression, least absolute shrinkage and selection operator (Lasso),
and Elastic Net [21-26]. Testing-based procedures, such as stepwise regression, pre-
serve the classical ordinary least squares (OLS) framework, but are typically greedy
and may be sensitive to early inclusion or exclusion decisions [27-29].

Exact subset selection methods represent a classical approach to variable selection
in MLR. The most direct strategy, known as all-subsets regression, evaluates all possi-
ble predictor combinations, guaranteeing identification of the globally optimal model
under a chosen criterion. However, the number of candidate models grows exponen-
tially with the number of predictors, making exhaustive enumeration computationally
prohibitive in high-dimensional data settings. To alleviate this limitation, branch-
and-bound procedures, such as the leaps-and-bounds (Leaps) algorithm [30], exploit
monotonicity properties of the residual sum of squares to prune large portions of the
search space without explicit evaluation. These methods retain optimality guarantees
for criteria based on monotonic functions of the residual sum of squares. Nevertheless,
their efficiency deteriorates in high-dimensional predictor spaces and becomes more
limited when additional constraints, such as multicollinearity control or coefficient sig-
nificance, are imposed, as these constraints are not generally monotonic and cannot
be directly incorporated into safe pruning rules.



Beyond exact and pruning-based strategies, broader search heuristics have also
been used to explore large subset spaces when exhaustive enumeration becomes
impractical in high-dimensional settings. Genetic algorithms and related metaheuris-
tics explore complex model spaces through stochastic operations, but their behavior
depends on algorithmic hyperparameters and may vary across runs [31-35].

These approaches involve different tradeoffs. Screening is efficient but can miss
jointly relevant predictors. Penalized regression is scalable and often effective for pre-
diction, but because it modifies the estimation objective, direct comparisons with
classical OLS subset models are less straightforward unless an explicit OLS refit is per-
formed after selection. Stepwise procedures are simple and interpretable but limited by
local greedy behavior. Exact methods provide optimality guarantees but scale poorly
in high-dimensional data regimes and are difficult to adapt to constraint-rich settings.
Stochastic metaheuristics can broaden exploration but introduce run-to-run depen-
dence and additional tuning burden. In applied data-science and analytics workflows,
there is a practical need for a method that remains within the OLS-based MLR frame-
work, evaluates explicit predictor subsets, and enforces statistical and multicollinearity
constraints while remaining operationally feasible in high-dimensional settings. Such a
method should also explore beyond a single greedy path without requiring exhaustive
or exact branch-and-bound enumeration.

This work introduces EPR-C3, a deterministic multi-start, constraint-aware
neighborhood-search heuristic for subset selection in OLS-based MLR. EPR-C3 is for-
mulated as a statistical-computing algorithm for data-analytics workflows involving
large combinatorial feature-subset spaces in which statistical admissibility constraints
are embedded directly into the search workflow. More specifically, EPR-C3 combines
multi-start exploration across trajectories with reproducible local neighborhood moves
and constraint-aware filtering. Each trajectory begins from a small subset and fol-
lows deterministic local decisions through expansion, perturbation, reduction, and
C3 constraint refinement comprising correlation cleanup, replacement recovery, and
VIF pruning. Candidate models are evaluated using standard OLS estimation and
are accepted only when they satisfy user-defined constraints, including maximum
model size, target metric thresholds, pairwise correlation limits, variance inflation
factor (VIF) restrictions, and coefficient-significance criteria. EPR-C3 is designed for
high-dimensional data regimes in which all-subsets regression is computationally pro-
hibitive, but the analyst still requires transparent, interpretable, reproducible, and sta-
tistically constrained MLR models. This deterministic and constraint-aware framework
is particularly relevant to data-science and analytics settings that require a balance
between algorithmic tractability, computational cost, interpretability, reproducibility,
and statistical admissibility.

The contributions of this work are sixfold. First, EPR-C3 is introduced as a
deterministic multi-start, constraint-aware neighborhood-search heuristic for high-
dimensional OLS-based subset selection. Second, its search operators and admissibility
rules are defined explicitly within an OLS subset selection framework. Third, bench-
marking against exhaustive search is used to evaluate subset recovery performance
and computational scaling under high-dimensional predictor regimes. Fourth, com-
parison with established subset-search paradigms shows that EPR-C3 provides higher



recovery of reference subsets with a favorable recovery—efficiency tradeoff. Fifth, an
empirical utility threshold identifies when EPR-C3 becomes preferable to exhaustive
enumeration in highly combinatorial problems. Sixth, an applied data-analytics case
study demonstrates reproducible model recovery and runtime reduction. Together,
these contributions position EPR-C3 as a deterministic approach for interpretable,
constraint-aware model selection in large combinatorial search spaces.

2 Problem formulation

The present formulation is restricted to OLS regression with a continuous response
variable. Let X = {x1,29,...,24} denote the set of candidate features or predictors,
where d is the total number of available predictors. Let y denote that response variable.
Let S C X denote an active predictor subset of size k = |S|. For a given subset S, an
OLS model is fitted as
y=PF+ Y Bizj+e. (1)
z;€S
The goal is to identify admissible subsets subject to model size and statistical con-
straints. Let f(.S) denote a selected performance metric evaluated for subset S, such as
R2(S), adjusted R?(S), cross-validated Q?(S), or RMSE(S). The subset search prob-
lem is then formulated as maximizing or minimizing f(.5). For notational simplicity,
the formulation is presented in maximization form; metrics to be minimized can be
transformed accordingly, or handled through an equivalent criterion such as f(S) < 7
for error metrics.
A subset is considered reportable and admissible only if it satisfies the constraints

kE<w, (2)

f(S) > Tfs (3)

c(S) = mmf%asxl;ej 735 < 7o, (4)
V(S) = max VIF(z;) < rvir, (5)
P(S) = max(p;) < a. (6)

Here, w is the maximum number of predictors allowed in the model, r;; =
corr(z;, x;) is the pairwise correlation coefficient between predictors z; and x;, 7y is
the target-metric threshold, 7, is the maximum allowed pairwise correlation among
active predictors, 7yvir is the VIF threshold, p; is the p-value for coefficient j under
the implemented coefficient-significance rule, and « is the significance level for coeffi-
cient tests. These constraints define the final reporting admissibility of stored models.
During the search trajectory, however, final admissibility and movement feasibil-
ity are not identical. Correlation and coefficient-significance criteria are used as
candidate-level feasibility screens in local neighborhood evaluations. The target metric
guides local movement among screened candidates, while the target-metric thresh-
old and VIF threshold determine whether evaluated subsets are stored and retained



as reportable models. Thus, EPR-C3 is both a neighborhood-search heuristic and an
admissibility-aware model-selection strategy.
The number of non-null subsets evaluated by all-subsets regression up to size w is

N (d, w) = i <Z> )

k=1

This quantity excludes the null model and grows rapidly as d and w increase. As
a result, exhaustive enumeration can become impractical even when the final model
is required to remain small. EPR-C3 addresses this issue by evaluating a structured
fraction of the subset space while retaining direct OLS fitting and explicit model
admissibility checks.

3 The EPR-C3 subset-search algorithm

3.1 Overview

EPR-C3 is a multi-start neighborhood-search heuristic for feature or predictor subset
selection in MLR. Each trajectory begins with a small predictor subset used to ini-
tialize the active set S, on which a repeated sequence of local modifications is applied.
Conditional on the supplied seed list, each search trajectory is deterministic. Seed
generation may be randomized, but once the seed list and random state are fixed, all
subsequent neighborhood decisions are deterministic and the full run is reproducible.
The same ranked model list is expected under the same software and computational
environment.

The acronym EPR-C3 summarizes the named components that constitute the
method: E = Expand, P = Perturb, R = Reduce, and C3 = constraint-aware
refinement comprising correlation cleanup, replacement recovery, and VIF pruning.

1. Ezpand: adds the inactive predictor that produces the largest improvement in the
target metric among screened candidates, provided that the model-size limit is not
exceeded.

2. Perturb: performs one-for-one exchanges between active and inactive predictors to
escape locally optimal subsets.

3. Reduce: tests one-variable removals and accepts the removal when it maintains
or improves the target score, thereby favoring parsimony when simplification is
beneficial.

4. C3 refinement:

(a) Correlation cleanup: identify pairs of active predictors whose pairwise correlation
exceeds the user-defined threshold and remove the predictor whose exclusion
gives the better screened target score.

(b) Replacement recovery: revisit predictors removed during correlation cleanup and
test screened replacement moves to recover or improve the target score.



(¢) VIF pruning: if the active subset exceeds the VIF threshold, iteratively remove
high-VIF predictors whose exclusion yields the best screened score, and tem-
porarily veto them within that trajectory; the veto is local to the current
trajectory and is not applied globally across seeds.

EPR-C3 does not modify the OLS objective through shrinkage, as penalized
regression does. Nor does it attempt to enumerate all predictor combinations, as in
all-subsets regression. Its design differs from stochastic metaheuristics because it relies
on seed-controlled trajectories followed by deterministic local decisions and ranking.

3.2 Admissibility function

During each trajectory, active predictor subsets that satisfy the final reporting criteria
are stored in a model space denoted by M. For any evaluated subset S to be stored
as reportable in M, it must satisfy the constraints introduced in Section 2. Let A(S)
denote the reporting admissibility function, with A(S) = 1 if all required constraints
are satisfied and A(S) = 0 otherwise. A compact representation of this condition is

1, ifk<w, f(S)>rs CS) <y,
A(S) = V(S) < mvir, P(S) < a, (8)

0, otherwise.

This function defines final reporting admissibility rather than the complete move-
ment rule used at every neighborhood operation. In Expand, Perturb, and Reduce,
newly proposed candidate subsets are evaluated by OLS and compared through the
target metric f(S) after correlation and coefficient-significance screening. Therefore,
proposed moves are first screened using C(S) < 7, and P(S) < «, whereas f(S) drives
the local trajectory among the surviving candidates.

The C3 block can still operate on the active subset when correlation conflicts are
inherited from the seed, retained from earlier trajectory states, or detected during
refinement. The thresholds f(S) > 7 and V(S) < 7vir determine whether evaluated
subsets are stored as admissible reportable models, and VIF is additionally handled
through the VIF-pruning and final filtering stages.

3.3 Algorithmic procedure

Algorithm 1 summarizes the EPR-C3 procedure. The algorithm returns a ranked set of
admissible and non-duplicated MLR models. Algorithmic summaries of the additional
benchmark methods are provided in the Supplementary Material.

Algorithm 1. EPR-C3 for constraint-aware MLR subset selection

Require: Candidate predictors X, response y, maximum model size w, seed list D, target
metric f, thresholds 7¢, 7, TviF, .
Ensure: Ranked set of admissible predictor subsets M.
1: M @
2: for each seed-defined initial subset Sp € D do
3: S+ Sp
4: Ddrop ~ 0



5: Dvir < ]

6: Evaluate S by OLS and store it in M if A(S) =1

7 while the trajectory has not stopped do

8: R+ X\ (SuU Ddrop U Dvy1r)

9: Eswap ~0

10: Newly proposed neighborhood candidates are screened
11: by C(S) < 7 and P(S) < a before movement-level

12: acceptance

13: Expand: test S U {z} for z € R when |S| < w

14: Accept the screened expansion with the largest

15: improvement in f(5), if any

16: Perturb: test (S \ {za}) U{z;} with 24 € S, 2; € R
17: Accept the screened exchange with the largest improve-
18: ment in f(5), if any

19: Reduce: test S\ {zq} for zq € S
20: Accept the screened removal when it maintains or
21: improves f(S), if any
22: C3 constraint-aware refinement: apply correlation
23: cleanup, replacement recovery, and VIF pruning
24: Correlation cleanup: detect pairs (z;, ;) € S with
25: |T‘jk‘ > Tr
26: Remove the predictor whose exclusion gives the better
27: screened target score
28: Add removed predictors to Dy, and record conflicts in
29: Lswap
30: Replacement recovery: test screened replacement moves recorded
31: in L:swap
32: Accept the screened replacement that recovers or improves
33: f(S), if any
34: VIF pruning: while max VIF(S) > 7yip
35: Evaluate one-variable removals among high-VIF

36: predictors

37: Remove the predictor whose exclusion gives the best
38: screened score

39: Add the removed predictor to Dg,op and Dyir

40: Store every non-duplicated evaluated candidate satisfy-
41: ing A(S)=1in M

42: if the best active-subset score and the best stored score remain unchanged across

two consecutive full EPR-C3 cycles then

43: stop the trajectory

44: end if

45: end while

46: end for
47: Rank M according to f.

4 Benchmark design

The benchmark study consisted of three stages. First, all-subsets regression was imple-
mented via brute-force enumeration to provide an exact reference for calibrating



EPR-C3 and quantifying its recovery of top-ranked models under increasing com-
binatorial complexity. Second, EPR-C3 was compared with representative subset
selection baselines spanning complementary methodological families. Third, an applied
regression-modeling case study was conducted to assess reproducible model recovery
and runtime performance on real-world datasets. Across all three stages, R? was used
as the target metric for model evaluation and ranking, while the maximum subset size
w was fixed to enable comparison of recovery behavior under a common goodness-of-fit
criterion without changing the OLS objective.

Benchmark experiments were performed on a 64-bit x86_64 system running Ubuntu
20.04.6 LTS. The hardware environment provided 44 CPU cores distributed across two
sockets, with 22 cores per socket and one thread per core, a nominal CPU frequency
of 2.29 GHz, and 91 GiB of system memory.

4.1 Calibration against exhaustive enumeration

EPR-C3 was first benchmarked against an all-subsets regression procedure to address
two questions: (i) what seed budget provides a favorable tradeoff between recov-
ery of top-ranked models and computational cost and (ii) when EPR-~-C3 becomes
computationally advantageous.

Recovery was defined as the percentage of the top-K reference subsets that were
exactly recovered by EPR-C3, where the reference subsets were obtained from all-
subsets regression.

CPU time was compared between EPR-C3 and exhaustive enumeration under
identical admissibility rules to determine the number of subsets at which EPR-C3
starts to outperform the all-subsets regression.

Because EPR-C3 is intended for combinatorially demanding settings, the bench-
mark explicitly included regimes in which the number of possible subsets approached
hundreds of millions. The benchmark covers four increasingly demanding regimes:
d=060,w=4;d=060,w=26;d=45 w=8; and d = 35, w = 10. These set-
tings correspond to 523,685; 56,049,057; 270,463,854; and 286,454,523 possible subsets,
respectively. The default seed size was defined as half of the maximum permitted sub-
set size w. This pragmatic initialization places the starting subset near the midpoint
of the feasible model-size range, thereby allowing both expansion and reduction moves
from the earliest search iterations. In this way, trajectories are not systematically
biased toward either overly sparse or near-saturated initial subsets.

4.2 Comparative benchmarking against alternative methods

After calibration against exhaustive enumeration, EPR-C3 was compared with repre-
sentative baseline methods selected to cover complementary families of subset-selection
procedures. For interpretive consistency, Forward and Backward Stepwise were treated
as stepwise procedures; Ridge, Elastic Net, and Lasso as penalized-regression screen-
ing methods followed by exhaustive OLS subset refinement; Correlation Screening and
Redundancy Filtering before All-Subsets Search (CSR-AS) as a filter-wrapper screen-
ing method; Leaps as a branch-and-bound best-subset search implementation [30, 36];
the genetic algorithm baseline as a stochastic metaheuristic [35]; and EPR-C3 as the



proposed deterministic neighborhood-search heuristic. Each candidate subset gener-
ated by these methods was refitted by OLS and subjected to the same admissibility
criteria.

The penalized-regression baselines were implemented in two stages. First, each
penalized model was fitted on the standardized predictor matrix and used only to rank
predictors according to the absolute magnitude of the fitted coefficients. Lasso, Elas-
tic Net, and Ridge regression used cross-validated regularization-parameter selection,
using the LassoCV, ElasticNetCV, and RidgeCV estimators in scikit-learn, respec-
tively. For Elastic Net, ¢;-mixing ratios of 0.2, 0.5, and 0.8 were evaluated using
5-fold cross-validation. In the second stage, the top 20 predictors from each penalized-
regression ranking were retained as a reduced candidate pool. All OLS subsets of size
1 to w were then enumerated from this pool, where w is the maximum allowed model
size.

CSR-AS was also implemented as a two-stage filter-wrapper procedure. Predictors
were first ranked by the absolute Pearson correlation with the response variable y.
The algorithm then built a reduced pool of 20 predictors by iteratively selecting the
highest-ranked predictors while excluding candidates that exceeded the redundancy
threshold with any predictor already selected. All OLS subsets of size 1 to w were
subsequently enumerated from this nonredundant pool.

The genetic algorithm baseline used a binary chromosome representation in which
each gene indicated whether a predictor was included in the subset. The initial popula-
tion contained 1000 randomly generated subsets with sizes between 1 and w, matching
the seed count used by EPR-C3. Evolution was performed for 20,000 generations using
elitist selection, single-point crossover with probability 0.8, and bit-flip mutation with
probability 0.08; this generation budget was selected to provide a computationally
demanding comparator of similar practical intent rather than a minimal genetic-
algorithm run. Whenever mutation or crossover produced subsets larger than w, excess
active predictors were randomly removed to enforce the model-size constraint.

Leaps was included as a classical branch-and-bound implementation for best-
subset regression, using the R package leaps [36]. The method was run through
regsubsets using method = "exhaustive", really.big = TRUE, nvmax = w, and
nbest = 35000. The nbest value was set as a deliberately broad retained-candidate
budget intended to make Leaps comparable to EPR-C3 in practical computational cost
while increasing the likelihood of retaining admissible subsets after post-processing.
The resulting candidate subsets were exported and then evaluated in the same
post-processing pipeline used for the other methods.

Forward Stepwise started from the empty model and iteratively added the pre-
dictor that produced the best admissible OLS subset at each step, stopping when no
admissible candidate remained or when the maximum size w was reached. Backward
Stepwise started from the best admissible w-predictor subset identified within an ini-
tial candidate pool containing, at most, twice the maximum number of predictors
allowed per model, selected from the first available predictor columns. It then itera-
tively removed one predictor at a time when the resulting reduced subset provided the
best admissible model.
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Fig. 1 Exact recovery of the top 100 reference models from all-subsets regression by EPR-C3 as a
function of the number of seeds. Panels: (a) d = 60, w = 4; (b) d = 60, w = 6; (¢) d = 45, w = §;
and (d) d = 35, w = 10, where d is the total number of candidate predictors and w is the maximum
number of predictors per model.

This design ensured that the comparison focused on the search strategy rather than
on differences in model fitting or acceptance criteria. Across all methods, candidate
subsets were ultimately refitted as OLS models, evaluated using the same admissibility
filters, screened to remove duplicate predictor combinations, and ranked using the
same performance criterion. Algorithmic summaries of all comparative baselines are
provided in the Supplementary Material to make the benchmark protocol explicit.

4.3 Case study

A published pK, modeling dataset with 53 candidate predictors was used as an applied
test case [37]. The purpose of this case study is not to introduce a new chemical model,
but to verify whether EPR-C3 can recover a previously reported linear model in a
real-world modeling scenario involving approximately 2.6 x 107 possible subsets and
to compare its runtime with the all-subsets regression procedure used in the original
study. Successful recovery was defined as exact recovery of the published predictor set
and equation after OLS refitting under the same admissibility rules.

5 Results and discussion

5.1 Seed calibration and utility threshold
5.1.1 Seed budget calibration

Figure 1 summarizes the recovery behavior of EPR-C3 relative to all-subsets regression
for the top 100 ranked models.
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The results indicate that recovery improves with the number of seeds. In the mod-
erate combinatorial regime with d = 60 and w = 4 (Figure 1la), recovery exceeded
80% with approximately 250 seeds, while complete agreement with the all-subsets top
100 models is observed at 1000 seeds. When the maximum model size is increased to
w = 6 (Figure 1b), the number of candidate subsets increases by more than two orders
of magnitude, yet strong recovery is still obtained from 1000 seeds onward. Similar
behavior is observed for d = 45 and w = 8 (Figure 1c), and d = 35 and w = 10 (Figure
1d), where the total number of possible subsets reaches approximately 2.7 x 10% and
2.9 x 108, respectively.

Across the evaluated scenarios, 1000 seeds provided a practical baseline associated
with recovery levels above 95% under the evaluated configurations. This does not imply
that 1000 seeds is universally optimal, but it provides a defensible default when the
number of possible subsets makes exhaustive benchmarking no longer feasible. While
additional seeds may be required for substantially larger subset spaces, direct recovery
assessment becomes impractical because all-subsets regression is itself computationally
inaccessible.

5.1.2 Computational utility and utility threshold

Figure 2 compares the CPU-time scaling of EPR-C3 with 1000 seeds against all-
subsets regression. In low-combinatorial regimes, exhaustive search can remain faster
because the computational overhead associated with launching and evaluating 1000
seed trajectories may exceed the cost of directly enumerating the complete subset
space. Although reducing the number of seed trajectories decreases this overhead, the
100- and 250-seed comparisons reported in the Supplementary Material (Figure S1)
indicate that smaller seed budgets offer limited practical computational advantages in
these low-dimensional regimes.

The point at which EPR-C3 becomes computationally preferable depends primarily
on the size of the combinatorial subset space. As both the predictor dimensionality
and the maximum subset size increase, the number of candidate subsets grows rapidly.
Under these conditions, the fixed overhead of the seed-based trajectories becomes
progressively less important relative to the cost of exhaustive enumeration, and EPR-
C3 enters its favorable operating regime.

For w = 4, EPR-C3 with 1000 seeds becomes computationally advantageous
only when the search space exceeds approximately 2 x 10° candidate subsets. As
shown in Figure 2a, below this empirical threshold, the total CPU time of EPR-C3
is greater than that of all-subsets regression because the cost of the seed trajecto-
ries is not yet compensated by the reduction in evaluated subsets. Around d = 90,
corresponding to 2,676,765 possible subsets, the EPR-C3 and all-subsets curves inter-
sect. This crossover marks the beginning of the regime in which EPR-C3 becomes
computationally advantageous for the w = 4 and 1000-seed configuration.

The crossover shifts as the maximum subset size increases. For w = 6, EPR-C3
becomes faster than exhaustive search at approximately d = 50 (Figure 2b), corre-
sponding to 18,260,635 candidate subsets according to Equation 7. For w = 8, the
transition occurs around d = 35 (Figure 2c), corresponding to 32,267,667 subsets.
For w = 10, EPR-C3 becomes clearly advantageous at approximately d = 30, where

11
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Fig. 2 CPU-time scaling of EPR-C3 and all-subsets regression. Panels (a—d) show total CPU time
as a function of the number of candidate predictors (d) for w = 4, 6,8, and 10, respectively. EPR-C3
was evaluated using 1000 seeds, whereas all-subsets regression enumerated all predictor combinations
up to each maximum model size.

the subset space contains 53,009,101 candidate subsets (Figure 2d). At d = 35 and
w = 10, EPR-C3 is approximately 12.7 times faster than exhaustive all-subsets search
while maintaining strong recovery of the highest-ranked solutions. This behavior con-
firms that the computational benefit of EPR-C3 increases as the combinatorial burden
Srows.

Based on these empirical crossover points, the utility threshold U above which
EPR-C3 becomes computationally advantageous under the benchmarked implemen-
tation and hardware was empirically approximated by the linear relation

U=(82w—31)x10°  w>4. (9)

Here, w is the maximum number of predictors per model. If N(d,w) denotes the
total number of candidate subsets defined in Equation 7, EPR-C3 is expected to oper-
ate in its favorable computational regime when N(d,w) > U under the benchmarked
implementation, seed budget, and hardware configuration.

For w < 4, the threshold should be fixed at the w = 4 reference value rather
than extrapolated from Equation 9. This recommendation avoids overestimating the
usefulness of EPR-C3 in small subset spaces, where exhaustive enumeration is usu-
ally inexpensive and fully exact. Therefore, Equation 9 should not be interpreted as a
theoretical complexity bound, but as an empirical operational guideline derived from
the benchmark conditions. Its purpose is practical: to prevent unnecessary use of the
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heuristic in low-combinatorial regimes and to recommend EPR-C3 only when the sub-
set space is large enough for its structured search strategy to provide a computational
advantage.

Within this framework, the utility threshold can also be interpreted as an opera-
tional boundary between low- and high-combinatorial MLR regimes. This distinction
is more informative than predictor dimensionality alone because the computational
burden depends jointly on the total number of candidate predictors d and the maxi-
mum target subset size w. Once N(d, w) exceeds U, the number of candidate subsets
increases sharply as d grows, with the rate of expansion being directly controlled by
w. For the 1000-seed configuration evaluated here, EPR-C3 shows favorable computa-
tional performance above this boundary, as illustrated in Figure 2, while maintaining
strong recovery of high-ranking exhaustive solutions in the evaluated Top-K analyses.

However, Equation 9 is specific to the benchmarked 1000-seed configuration
and should not be used as a seed-independent guarantee. If a substantially larger
number of seeds is used when N(d,w) is only slightly greater than U, the computa-
tional advantage of EPR-~C3 over all-subsets regression is not necessarily guaranteed,
since additional seed trajectories increase the fixed search overhead. In contrast,
when N(d,w) > U, all-subsets regression rapidly becomes impractical, and EPR-
C3 becomes increasingly justified as a necessary and computationally more efficient
approximation, even when larger seed budgets are used to improve recovery robust-
ness. The linear-fit guidance supporting Equation 9 is provided in the Supplementary
Material (Figure S2).

5.2 Comparison with alternative subset-search methods

To further contextualize EPR-C3 relative to representative subset-selection paradigms,
Figure 3 compares the recovery of reference subsets and the corresponding computa-
tional cost across benchmark methods. CPU times are reported relative to Forward
Stepwise, which is assigned a reference value of 1.0.

For interpretive clarity, the benchmarked methods were organized into method-
ological families: filter-wrapper screening (CSR-AS), stepwise procedures (Forward
and Backward Stepwise), penalized-regression preselection followed by OLS subset
refinement (Elastic Net, Ridge, and Lasso), stochastic metaheuristic search (genetic
algorithm baseline), branch-and-bound search (Leaps), and the proposed deterministic
neighborhood-search heuristic EPR-C3.

The weakest recovery was observed for methods that restrict the search space early
or follow a single greedy trajectory. CSR-AS failed to recover any subset from the top
100 reference subsets, despite requiring 52.1 times the CPU time of Forward Stepwise.
This result indicates that aggressive marginal screening and redundancy filtering can
remove predictors that are not individually dominant but become relevant within
high-ranking multivariate subsets. Similarly, Forward Stepwise recovered no reference
subset, whereas Backward Stepwise recovered only 4%. Although these procedures
were computationally inexpensive, with relative CPU times of 1.0 and 3.8, respectively,
their limited recovery confirms that greedy sequential inclusion or elimination is poorly
suited to reconstructing the broader admissible subset landscape.
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Fig. 3 Comparative subset recovery and computational efficiency of representative subset-search
methods. Panel (a) reports exact recovery of the top 100 reference subsets; panel (b) reports CPU
time relative to Forward Stepwise. Methods are grouped as stepwise procedures, penalized-regression
preselection followed by OLS refinement, filter-wrapper screening, branch-and-bound subset search,
stochastic metaheuristic search, and the proposed deterministic neighborhood-search heuristic.

Penalized-regression preselection improved recovery modestly but remained far
from reference behavior. Elastic Net and Ridge each recovered 10% of the top 100
reference subsets, whereas Lasso recovered 23%. Their computational costs were mod-
erate and similar, with relative CPU times of 53.4, 53.4, and 56.6, respectively. These
results show that shrinkage-based ranking can provide a useful reduced candidate pool,
particularly for Lasso, but does not reliably recover the high-ranking admissible OLS
subset space. This limitation is expected because penalized models optimize a regu-
larized estimation objective, whereas the benchmark evaluates explicit OLS subsets
under statistical and multicollinearity admissibility constraints.

Search-driven methods showed substantially stronger recovery, but with different
recovery—efficiency profiles. The genetic algorithm baseline recovered 65% of the top
100 reference subsets, confirming that broader combinatorial exploration is more effec-
tive than greedy or screening-based procedures. However, this improvement required a
high computational cost, reaching 10,674.9 times the CPU time of Forward Stepwise.
Leaps recovered 68% of the reference subsets with a comparable relative CPU time
of 10,248.3. Although Leaps is designed to identify highly ranked subsets efficiently
through branch-and-bound search, in the evaluated workflow the key admissibility con-
straints were applied after subset generation rather than during the branch-and-bound
search. Therefore, many highly ranked subsets identified by Leaps can be discarded
during post-processing because they violate correlation, VIF, significance, or other
admissibility criteria. Nevertheless, recovery reached only 68%, despite the use of a
broad retained-candidate budget intended to increase the probability of recovering 100
admissible top-ranked subsets after filtering (nbest = 35000). This behavior highlights
a central limitation of applying branch-and-bound subset ranking to constraint-rich
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MLR workflows: high ranking under the internal search criterion does not guarantee
admissibility under the final modeling requirements.

Under this benchmark configuration, EPR-C3 achieved the highest recovery among
all evaluated methods, recovering 95% of the top 100 reference subsets. Its relative
CPU time was 9,269.3, lower than both the genetic algorithm baseline and Leaps
under the benchmark conditions. The advantage of EPR-C3 therefore lies not only
in broader exploration but also in coupling structured neighborhood moves with
constraint-aware acceptance and refinement. By incorporating correlation control, VIF
pruning, significance filtering, and admissibility checks into the search workflow, EPR-
C3 directs computational effort toward subsets that are more likely to survive final
post-processing.

The joint interpretation of Panels (a) and (b) in Figure 3 reinforces the method-
ological premise of EPR-C3. Fast methods generally failed to recover the admissible
high-ranking subset space, whereas broader search methods improved recovery at
substantially greater computational cost. However, Leaps and the genetic algorithm
baseline demonstrate that broader exploration alone is insufficient to guarantee near-
exhaustive admissible recovery. Leaps identifies many highly ranked subsets but
applies the key constraints only after search, while the genetic algorithm baseline
explores more broadly but remains computationally expensive and stochastic. In
contrast, EPR-C3 provides a more favorable recovery—efficiency tradeoff by embed-
ding constraint-aware decisions within a deterministic multi-start neighborhood-search
framework.

These results should therefore be interpreted not as a comparison of predictive
modeling strategies in general, but as a comparison of their ability to reconstruct the
admissible high-ranking OLS subset space. From this perspective, Figure 3 supports
the central contribution of EPR-C3: targeted, deterministic, and constraint-aware
subset exploration can approximate reference recovery while avoiding the full combina-
torial burden of exhaustive enumeration and the post hoc admissibility losses observed
in branch-and-bound subset ranking.

5.3 Scope of EPR-C3

The comparative results indicate that EPR-C3 can recover high-ranking admissi-
ble MLR subsets more effectively than the alternative search strategies evaluated in
this study. Nevertheless, the method should not be interpreted as a replacement for
exhaustive enumeration whenever all-subsets regression is computationally feasible.
Exhaustive search remains the reference procedure because it evaluates the complete
subset space and provides an exact ranking under the specified objective and con-
straints. The practical role of EPR-C3 is therefore complementary: it is intended for
regimes with large candidate feature or predictor spaces in which exhaustive enu-
meration becomes computationally prohibitive, but where model transparency, OLS
interpretability, reproducibility, and statistical admissibility remain essential.

Within this scope, EPR-C3 occupies an intermediate methodological position
between all-subsets regression and more flexible stochastic metaheuristics. Unlike
greedy stepwise procedures, it is not restricted to a single sequential inclusion or

15



b d=60|w=6
@ ® |
ES/ 80 § 80
S e S 0
2 2
1 ot
2 2w
= 2
2 2
st kst
S 20 S 20
& &
o o
25 50 100 25 50 100
Top-K models Top-K models
(c) d=45|w=8 @ d=35|w=10
S ¥ g
8 g o
2 2
1 ot
2 2 w0
= =2
2 2
st kst
] g 20
& &
o
25 50 100 235 50 100
Top-K models Top-K models

Fig. 4 Top-K exact recovery of all-subsets solutions by EPR-C3. Panels (a—d) report the percentage
of exhaustive Top-K subsets recovered exactly by EPR-C3 (K = 1-1000). All EPR-C3 searches were
conducted using 1000 seeds. The analysis covers four predictor-space configurations with increasing
maximum subset size: (a) d = 90, w = 4; (b) d = 60, w = 6; (¢) d = 45, w = §; and (d) d = 35,
w = 10, where d denotes the total number of candidate predictors and w the maximum number of
predictors per model.

elimination path. Unlike general-purpose stochastic metaheuristics, it follows a deter-
ministic multi-start neighborhood-search logic under fixed seeds. Unlike post hoc
filtering workflows, it incorporates admissibility constraints into the search and refine-
ment process. This combination is central to its intended use: recovering competitive,
statistically admissible OLS subsets without requiring complete enumeration of the
combinatorial space.

This positioning is particularly relevant to data-science and statistical-computing
workflows in which the objective is not only to maximize a predictive score but also
to obtain solutions that remain interpretable, reproducible, and statistically defen-
sible. EPR-C3 addresses this requirement by embedding subset selection within a
constraint-aware admissibility framework, where correlation control, multicollinearity
reduction, significance filtering, and model-size restrictions are treated as part of the
computational search process rather than as purely external post-processing steps.

To further define the practical scope of the method, we examined whether the
computational advantages of EPR-C3 are accompanied by reliable recovery of the
highest-ranked all-subsets solutions. Figure 4 reports the percentage of exhaustive
Top-K subsets that were exactly recovered by EPR-C3 across four predictor-space
configurations with increasing maximum subset size.

Across all evaluated configurations, EPR-C3 achieved very high recovery of the
highest-ranked exhaustive all-subsets models, with complete or nearly complete agree-
ment for the smallest Top-K values. This result indicates that the structured search
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procedure reliably identifies the most competitive subsets, which are typically the
models of greatest practical relevance in MLR~based model selection.

The recovery profile was strongest for the d = 90, w = 4 configuration, where
EPR-C3 remained close to complete agreement across the full Top-K range. As the
maximum subset size increased from w = 6 to w = 10, recovery remained high for the
best-ranked solutions but decreased progressively when broader ranked lists were con-
sidered. This trend is expected because increasing w expands the combinatorial search
space and increases the number of statistically similar or near-equivalent admissible
subsets. Under these conditions, exact agreement with the exhaustive ranking becomes
more difficult, especially for lower-ranked models within large Top-K lists.

Importantly, the observed decrease in exact recovery is concentrated mainly in
broader Top-K ranges rather than among the leading solutions. This distinction is
central to the intended use of EPR-C3. In practical analytics and model-selection work-
flows, the highest-ranked admissible subsets usually carry the greatest interpretive and
decision-making value, whereas exact reconstruction of every lower-ranked alternative
is less critical. Therefore, the results in Figure 4 support the use of EPR-C3 as a com-
putationally efficient approximation to all-subsets regression in large-subset-space or
combinatorially demanding settings.

Taken together, these findings define the operational scope of EPR-C3. When
exhaustive enumeration becomes impractical, EPR-C3 provides a deterministic and
constraint-aware alternative that preserves the most relevant model-selection out-
comes while substantially reducing the computational burden associated with complete
subset enumeration.

5.4 Applied case study

Based on the findings from the benchmark, EPR-C3 was run on the 53-predictor
pK, dataset using a configuration of 1000 seeds and a maximum model size of six
predictors, with the same admissibility rules applied in the benchmark. Under this
configuration, EPR-C3 was approximately 2.5 times faster than all-subsets regression
while recovering the same predictor set and OLS-refitted training equation previously
reported:

pK, = 0.1074 AE — 0.1422 AH Liap
— 1.4887 AALIEyx — 0.9132 yu
+0.0151 %N PSA + 3.0608 BaseT
— 30.7140.

The case study illustrates three practical aspects of the method. First, EPR-C3
can recover an interpretable published MLR equation while enforcing explicit statis-
tical and multicollinearity constraints. Second, the method can reduce runtime when
the candidate subset space is sufficiently large to justify heuristic search. Third, the
method remains compatible with downstream validation and diagnostic workflows
because every candidate solution is an ordinary least squares model with an explicit
predictor subset.

(10)
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6 Limitations and future work

EPR-C3 should be interpreted as a search heuristic for large subset spaces, not as an
exact optimizer. Its recovery behavior was validated only in regimes where all-subsets
regression remained computationally feasible. Beyond those regimes, especially above
3 x 10® candidate subsets, larger seed budgets may be required to maintain robust
recovery. The empirical utility threshold in Eq. (9) is likewise operational rather than
theoretical, because it depends on implementation efficiency, seed budget, hardware
configuration, parallelization strategy, and admissibility settings.

Future work should examine adaptive seed generation, convergence diagnostics,
and extensions to generalized linear models, nonlinear regression, and hybrid OLS—
machine-learning workflows for broader data-science applications. These directions are
promising but require separate methodological validation.

7 Conclusions

This work presents EPR-C3 as a deterministic, multi-start, constraint-aware
neighborhood-search heuristic for feature or predictor subset selection in high-
dimensional data within an OLS-based statistical-modeling framework. The method
is not intended to replace all-subsets regression when complete enumeration is feasi-
ble; rather, it should be used selectively once the candidate subset space exceeds the
empirical utility threshold at which exhaustive search becomes inefficient.

Benchmark results show that 1000 seed trajectories provide a practical base-
line for robust recovery under the evaluated conditions and that EPR-C3 becomes
advantageous in highly combinatorial problems. Comparative results against step-
wise procedures, penalized-regression preselection, filter-wrapper screening, the genetic
algorithm baseline, and branch-and-bound support its favorable recovery—efficiency
tradeoff. This comparison highlights the importance of embedding admissibility con-
straints within the search workflow rather than applying them only as post hoc
filters. EPR-C3 mitigates post-filtering losses by coupling structured neighborhood
exploration with constraint-aware acceptance and refinement.

An applied case study further demonstrates reproducible model recovery and a
notable runtime reduction relative to exhaustive search. Overall, EPR-C3 is intended
as a practical constraint-aware subset-search strategy for high-dimensional MLR
problems where exhaustive enumeration becomes operationally impractical and inter-
pretable, reproducible, statistically admissible linear models remain important. By
combining deterministic heuristic search with explicit OLS evaluation, statistical
admissibility rules, and transparent equation-based model representation, EPR-
C3 provides an interpretable data-science and statistical-computing approach for
high-dimensional model selection.

Supplementary information. The algorithmic summaries of the benchmark
methods, and supplementary figure descriptions are provided as Supplementary
Material.
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