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Abstract

Interpretable machine learning is important for scienti�c, biomedi-

cal, and other high-stakes domains where transparency, trust, and

human understanding of models are required. Recently, an evo-

lutionary rule-based machine learning algorithm called HEROS

was proposed, which separated rule from rule-set discovery each

with distinct multi-objective optimization strategies yielding a

two-phase, noise agnostic framework that found accurate, highly

compact, and interpretable solutions on a diverse set of challeng-

ing benchmarks without requiring hyperparameter optimizations.

However, HEROS is currently limited by its strictly sequential two-

phase design which requires committing in advance to a �xed num-

ber of rule-discovery iterations. This work extends HEROS with a

phase alternation scheme interleaving rule discovery and rule-set

optimization. This enables re�nement of both tasks throughout

training in an ‘anytime-algorithm’ manner. We also introduce a

tree-based rule initialization strategy to accelerate early-stage rule

discovery. These extensions aim to preserve the empirical perfor-

mance of the original HEROS framework under a similar compu-

tational budget while providing greater �exibility for algorithm

application and problem scalability. Using the same diverse set of

benchmark datasets, we evaluate and compare these HEROS exten-

sions to the original HEROS algorithm and established rule-based

learning systems including RIPPER and BioHEL. We demonstrate

the advantages of this extended HEROS framework.

CCS Concepts

• Computing methodologies → Rule learning; Supervised

learning; Genetic algorithms; Instance-based learning; Batch

learning; Cross-validation; Model development and analysis.
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1 Introduction

Interpretability is often essential for machine learning (ML) utilized

in scienti�c, biomedical, and other high-stakes �elds, where model

transparency, trust, and the capacity to understandmodel reasoning

are as important as predictive performance [32, 34]. While modern,

so-called, ‘black-box’ models can yield high accuracy, their hidden

internal representations lead to limited utility in situations where

there is a need for causal knowledge, validation by domain experts,

or regulatory supervision [34]. Additionally, relying on ‘model

explanation’ or ‘feature importance estimation’ strategies, such

as Shapley values, LIME, or permutation feature importance for

‘black-box’ model interpretation, provide only a limited, estimated,

and potentially biased understanding of model decision making

[25, 27, 46]. Di�erently, highly interpretable modeling strategies,

such as decision trees, generally achieve lesser predictive perfor-

mance, in particular on more complex modeling tasks [45]. Conse-

quently, there has been persistent interest in rule-based ML (RBML)

strategies as principled methodologies for developing interpretable

models that can also tackle complexity [1, 18, 42].

RBML algorithms encode knowledge as a set of symbolic rules

of form: IF condition(s) THEN outcomes, which partition decision

boundaries into localized, comprehensible elements [18]. This para-

digm encompasses greedy rule learners like RIPPER [11], evolution-

ary rule-based systems such as Learning Classi�er Systems (LCSs)

[37, 47], and methodologies that integrate evolutionary search with

greedy or heuristic techniques [1, 15]. Such methods are capable

of �nding patterns that are nonlinear, diverse, complex, and noisy,

while still being easy to interpret; a task often not possible with

modern ML approaches like deep learning [18, 32].
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In evolutionary RBML, a persistent di�culty is the simultaneous

optimization of individual rules vs. the compact set of rules compris-

ing the trained model. Michigan-style (MIC-style) systems evolve a

population {% } of rules that are individually optimized and where all

of {% } serves as the model (generally after some rule-compaction).

Di�erently, Pittsburgh-style (PIT-style) systems evolve amodel pop-

ulation {"% } of rule-sets similar to traditional genetic algorithms

(GAs) [6]. Each has its own bene�ts in terms of scalability, com-

pactness, and adaptability [8, 37]. Proposed hybrid methods have

endeavored to integrate these paradigms to achieve both optimal

performance and model compactness/interpretability, e.g. BioHEL

[1, 16], fuzzy LCSs [26, 35], and SupRB [20, 23]. In particular, the

fuzzy LCSs and SupRB introduced systems that separated rule from

rule-set optimization. However, the designs of these methods make

limiting assumptions, such as; (A) dependence on a single �tness

function covering both rule and rule-set optimization [1], (B) use of

a single-objective �tness function (e.g. accuracy) [35], (C) a preset

weighting of the multiple objectives [1, 21, 26], (D) reliance on a

greedy approach to rule-set formation [1, 35], and/or (E) the im-

precision of fuzzi�cation [26, 35]. When faced with a diversity of

problems characterized by di�ering noise levels and/or underlying

complexity, these assumptions can make them less robust [32].

Recently, the Heuristic Evolutionary Rule Optimization System

(HEROS) was developed as a two-phase, hybrid, ‘noise-agnostic’

RBML framework that also separates rule vs. rule-set discovery

and optimization, but introduced distinct, non-weighted, multi-

objective optimization strategies for each task [29]. Phase I em-

ployed Pareto-inspired rule optimization in {% } maximizing rule

accuracy and/or instance coverage to �nd a variety of high-quality

candidate rules suitable to the possibility of either ‘noisy’ or ‘clean’

associations. Phase II employed NSGA-II-style [13] optimization

in {"% } maximizing rule-set balanced accuracy and minimizing

rule-set size. This strategy produced precise, compact, and funda-

mentally interpretable models for clean vs. noisy and simple vs.

complex benchmark problems without having to select objective

weights or dataset-speci�c hyperparameter settings.

While promising, HEROS was implemented as a ‘staged’ algo-

rithm, operating in a strictly sequential manner, i.e. Phase I followed

by Phase II. This assumption is problematic for real-world applica-

tions where the number of iterations required to reliably discover

all ‘ideal’ or ‘near-ideal’ rules is unknown apriori. Ending Phase I

too soon leaves Phase 2 with a suboptimal set of rules to combine

into rule-sets, while running Phase I for too long wastes computa-

tion. This staged architecture disquali�es HEROS as an ‘anytime

algorithm’, which can describe most evolutionary algorithms. This

makes it di�cult to do things like; continue running the algorithm

for additional training iterations rather than restarting from scratch,

or stopping early if a satisfactory solution was found [12].

Previously, Fuzzy LCSs [26, 35] and SupRB [22, 23] explored

phase alternation to interleave the progression of rule vs. and rule-

set optimization with a �xed or heuristic schedule. Alternation

preserves the ‘anytime algorithm’ status of the two-phase approach

and allows candidate rule-sets to a�ect ongoing rule discovery.

These algorithms showed that alternation was possible, but relied

on �eld-speci�c assumptions, and were only tested on small or

‘well-behaved’ datasets. Importantly, naive alternation strategies

can lead to ine�cient learning: when alternation starts too soon,

iterations of rule-set optimization can be wasted with only sub-

optimal rules available in {% } [19]. This observation underscores a

signi�cant tension: although phase alternation enhances �exibil-

ity, facilitates continuous learning, and provides opportunities for

mutualistic co-evolution between rules and rule-sets, it can waste

rule-set optimization iterations and slow down overall algorithm

convergence if rule discovery does not advance rapidly enough.

A promising way to lower this cost is to speed up the discovery of

early rules, making sure that even the �rst cycles of alternationwork

with a meaningful collection of candidate rules. Previous research

in RBML and genetic rule learning has demonstrated that informed

rule initialization, especially through the utilization of rules derived

from decision trees, can signi�cantly enhance convergence speed

and solution quality by directing the initial population towards

informative areas of the search space [10, 28, 36]. Initialization based

on decision trees has been investigated in both evolutionary rule

learners and hybrid symbolic systems, where tree paths inherently

correspond to concise, human-readable rules [9, 10].

The goal of the present study is to extend HEROS [29] to over-

come the practical constraints of staged modeling while maintain-

ing or improving its ability to accurately, compactly, and agnos-

tically tackle a diversity of problem types without making objec-

tive weighting or hyperparameter assumptions. Speci�cally, we

introduce a tree-based rule initialization strategy that populates

Phase I with high-quality candidate rules derived from decision-

trees [10, 12]. We then combine this with a simple phase alterna-

tion scheme that interleaves rule vs. rule-set optimization allowing

HEROS to operate as an ‘anytime algorithm’. This will make HEROS

a signi�cantly more �exible, extendable, and practical algorithm

for a variety of real-world predictive modeling applications.

We experimentally assess our enhanced HEROS framework �rst

with tree-initialization only, then adding phase alternation, across

the same diversity of clean vs. noisy, simple vs. complex benchmark

datasets used to compare original HEROS to the RBML, ‘ExSTraCS’

[29]. This study omits direct comparison to ExSTraCS, since HEROS

largely demonstrated the same or superior predictive performance

as well as dramatically more compact and interpretable rule-sets

[29]. For the �rst time, this study also includes a direct comparison

of ‘original’ and ‘extended’ HEROS to other established, RBML

algorithms including RIPPER and BioHEL.

2 Methods

We provide a summary of the original HEROS algorithm along

with details of our proposed phase alternation and tree-based rule

initialization strategies. Next we brie�y describe the RIPPER and

BioHEL algorithms, and then detail our experimental evaluation

across all compared algorithm con�gurations.

2.1 The HEROS Algorithm

We review the key steps, algorithmic elements, and components

of the original HEROS algorithm and newly proposed extensions.

While this description focuses on a higher-level understanding of

HEROS, a more detailed explanation can be found in [29].

2.1.1 Overview. HEROS was descended from a lineage of MIC-

style RBMLs including XCS [47], UCS [5], and ExSTraCS [42] and

adopted the concept of separating rule vs. rule-set optimization
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Figure 1: Schematic of Extended HEROS Algorithm. The bottom-left box summarizes algorithm phases, components (letters),

and learning cycle steps (numbers). Yellow boxes indicate training data or EK weights, light-blue boxes indicate rule or model

sets, green boxes indicate rule or model discovery elements, and gray boxes indicate other algorithm elements. Thick-black

lines indicate algorithm �ow between phases and components, thin black lines indicate �ow between cycle steps, and dotted

grey lines indicate other connections. Novel extensions include tree-initialization (see B) and phase alternation (see connections

from D to F and F to C).

[23, 26, 35]. HEROS was designed for evolutionary ML modeling

in structured, supervised data and allows mixed feature types, bi-

nary or multiclass outcomes and missing data. Figure 1 provides a

schematic of algorithm elements and connections, which we ref-

erence throughout this section. Both data management and the

prediction array are components shared by both phases.

HEROS hyperparameters are given in Table 1 along with de-

fault hyperparameter values used in this study. The �rst 4 hy-

perparameters (highlighted) can impact performance since they

control allotted computational resources, however they do not

assert assumptions about the nature of the underlying problem

beyond ‘resources needed to reach convergence’. The last three

hyperparameters (highlighted) are the only ones that were varied

to run the analyses presented in this paper. The hyperparamters

(rule_pop_init and alternate) control the newly added exten-

sions, and random_state is updated from 0-19 across 20 random

seed runs. Some of these hyperparameters will be referenced below.

2.1.2 Phase I - Rule Optimization. Phase I of HEROS is a MIC-

style LCS, inspired by scikit-ExSTraCS [49, 50]. Following Figure

1, Phase I begins with (A) data management which automatically

calculates a rule speci�city limit, and scales any expert knowledge

(EK) weights to the range (0,1) [39, 42]. Next, (B) tree-based rule

initialization can be utilized. This is the �rst extension we introduce

to HEROS (detailed in section 2.3). Notably, tree initialization occurs

only once with or without phase alternation. Di�erently, original

HEROS would start with an empty rule population {%}.

Rules. Rules are represented as IF:THEN (i.e. condition:action)

expressions using a mixed discrete-continuous attribute-list rule

representation similar to ALKR [3, 38]. A rule’s condition is de�ned

as a set of speci�ed features and their corresponding values. Unspec-

i�ed features do not impact whether a rulematches a given instance,

Table 1: HEROS Algorithm Hyperparameters.

Hyperparameter Default Description

Rule_I 200,000 Number of Phase I learning iterations

Rule_P 2,000 Maximum rule population size

Model_I 200 Number of Phase II learning iterations

Model_P 100 Maximum model population size

a 1 Accuracy pressure (1 is neutral)

V 0.2 Average {" } size learning rate

\sel 0.5 {" } proportion for tournament sel.

p_cross 0.8 Probability of applying crossover

p_mut 0.04 Probability of applying mutation

p_merge 0.1 Probability of applying merge

new_gen 1.0 Controls size of {$"% } as f(Model_P)

model_pop_init C0A64C_022 Model initialization method

subsumption 1>Cℎ Use GA, {� }, or ‘both’ subsumptions

rsl 0DC> Manually specify rule speci�city limit

compaction BD1 Rule compaction method

rule_pop_init A0=3>< or Rule initialization method

CA44_8=8C

alternate 0 or 5 Number of alternations

random_state (0,20) Applied random seed

allowing for generalization. The rule’s action is the class/outcome

it predicts. Rules also maintain associated parameters such as rule

accuracy, �tness and numerosity (detailed in [29]).

Instance-wise Learning Cycle. Next, (C) an instance-wise learn-

ing cycle is applied for (Rule_I) iterations. Each iteration, (C-1) the

cycle starts by focusing on a single training instance, then (C-2)

forms a match set {"} of rules in {%} that match speci�ed features

of the current instance. If {"} is empty or no rules in {"} have

the correct action, (C-3) a covering operator is applied to generate

a new rule who’s action will later be assigned as the one that maxi-

mizes ‘useful’ accuracy (*�A ) [43] of the rule. HEROS employs EK

covering [39] using EK scores from the MultiSURF algorithm [44].
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Next, (C-4) batch evaluation is applied to the new rule, using all

training data to update its internal parameters, check whether the

new rule is non-dominated on the current rule Pareto-front, and if

so, update the �tness of all rules in {%}. HEROS employs a Pareto-

inspired multi-objective rule �tness that seeks to maximize *�A

and/or ‘useful’ rule coverage [43] as detailed in [29]. Next, (C-5) {�}

subsumption is applied (see [29]). Next, (C-6) a brief rule parame-

ter update for rules in {"} that later impacts deletion (see [29]).

Next, (C-7) a GA is employed for rule discovery with crossover

and mutation operators. EK scores are used to probabilistically

guide mutation. Notably, the GA selects parent rules from {"}

since it’s possible for {�} to be empty (see [29]). Now, (C-8) each

o�spring rule is batch evaluated, has it’s action assigned, is checked

for Pareto non-domination, and has �tness updated (like in (C-4))

Then, (C-9) GA subsumption is applied, similar to {�} subsump-

tion. Lastly, (C-10) probabilistic rule deletion is used to limit the

micro population size, Rule_P, in {%} (see [29]). After this cycle

completes, Phase I moves to the next instance, or returns to the

�rst, if all training instances have been examined.

Phase I ends with (D) {%} post-processing via QRF-based rule

�ltering [42] and subsumption-based compaction [30, 31] to yield a

�nal {%} aimed at presenting a diversity of high-quality candidate

rules (see [29]). When including the newly proposed ‘phase alter-

nation’ extension of HEROS, this �ltering and compaction of {%}

occurs prior to every alternation back to Phase II.

2.1.3 Phase II - Model Optimization. Phase II combines candidate

rules from {%} (as building blocks) to assemble maximally accurate

and compact rule-sets (i.e. models). Phase II disposes of solution

‘�tness’ in favor of NSGA-II-inspired [14] multi-objective fast non-

dominated sorting, crowding distances, and front-rank/crowding-

distance-based binary tournament parent selection [14, 29].

Models. An individual model includes a subset of unique rules

from {%} and a number of model parameters such as model ’bal-

anced’ accuracy, (�<), and rule-set size ((<) (see [29]). During Phase

II, new models have �< evaluated after con�rming that they do

not already exist in the current model population {"%} or the o�-

spring model population {$"%}. When calculating �< , rule-sets

make a prediction on a training instance in a manner similar to a

traditional LCS voting scheme (see [29]). Of note, HEROS rule-sets

are unordered and do not use a default rule [2, 33].

Model Initialization. Phase II begins by (E) initializing a {"%}

of size (Model_P). Based on �ndings in [29], we adopt the (model_

pop_init) strategy of target accuracy initializationwhich performed

better than random model initialization (see [29]). Notably, when

employing the newly introduced HEROS ‘phase alternation’ strat-

egy, model initialization (like rule population initialization) occurs

only once and does not repeat with alternations.

NSGA-II-Inspired EA. Following initialization,NSGA-II-inspired

optimization cycles are applied for (">34;_� ) iterations. Each iter-

ation, the cycle starts by applying (F-1) NSGA-II-style [14] fast

non-dominated sorting of all models in {"%} into ranked Pareto

dominance fronts based on maximizing �< and minimizing (< .

Then, crowding distances within each front are calculated and ap-

plied to encourage diversity during parent selection and deletion.

Visuals can be found in Figure 1 and the appendix of [29].

Next, (F-2) the GA generates o�spring models while the size

of {$"%} is less than (Model_P * new_gen). First, the GA applies

NSGA-II-style binary tournament selection choosing two parent

models from {"%} [14]. Second, up to 3 o�spring models are gen-

erated for each pair of parents via probabilistic application of the

genetic operations (p_merge, p_cross, p_mut). Whenever a new

o�spring is a duplicate, the GA makes a �nite number of attempts

to initialize a novel random model (see [29]). Next, (F-3) {$"%} is

combined with {"%} and another round of (F-4) non-dominated

model sorting and crowding distance calculation is conducted. Then,

(F-5) NSGA-II-style deletion [14] is applied to construct the next

generation of {"%} by selecting the best Model_P models accord-

ing to ranked fronts. When a front is reached where all models

on that front can’t be added to {"%}, we add the models with the

highest crowding distance until Model_P is reached.

Best Model Selection. Once {"%} training has ended, HEROS

yields a set of viable trained models on its non-dominated front.

HEROS o�ers two strategies (G-1 or G-2) for selecting a ‘best’ model:

model ranking ‘-D’ or evaluate all models on front ‘-F’. The former

selects the single model with the largest training �< (with larger

coverage and smaller (< as tie-breakers). This method ignores all

other non-dominated models and is more susceptible to over-�tting.

Method ‘-F’ evaluates all non-dominated models using the testing

data and reports the best model using the following strategy; start-

ing with model with highest training accuracy, replace the current

best model if the new one (1) has > balanced testing accuracy

and ≥ testing coverage, or (2) has ≥ balanced testing accuracy, ≥

testing coverage, and < (< . The -F strategy is ‘advantaged’ as it’s

akin to training multiple ML algorithms on the same training data

and reporting the single algorithm’s model that performed best

on the testing data. While in this paper, the fairest comparisons to

other algorithms use HEROS -D, HEROS -F is also used to illustrate

how equally accurate, but more compact models can be found by

considering all trained models on the non-dominated front.

Prediction Array. After training, HEROS makes class predic-

tions on evaluation data using a prediction array which adopts a

strategy similar to random forest [24] when multiple rules match a

given instance (see [29]).

2.2 Phase Alternation

The �rst new HEROS extension is a simple ‘phase alternation’

strategy inspired by RBMLs that have di�erently focused on ei-

ther fuzzy rules or regression tasks [23, 26, 35]. Original HEROS

would run Phase I for Rule_I iterations and then subsequently run

Phase II for Model_I iterations. The newly proposed HEROS alter-

nation scheme simply rotates between Phase I and Phase II training

iterations, with the number of alternations controlled by the hyper-

parameter ‘alternate’ (a default of 5 used in this study). Allocated

training iterations for both phases (i.e. Rule_I and Model_I) are

divided evenly among alternations. Therefore, Phase I will run for
Rule_I

alternate
iterations before switching to Phase II, i.e., (C/D) → (F).

Of note, the �rst alternation only, Phase II will begin with model

initialization, i.e., (E/F). Then, after Model_I
alternate

iterations, Phase II re-

turns to Phase I, i.e., ((F)→ (C/D)). This continues until the training

iterations of both phases are exhausted. In the last alternation, any
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indivisible resources are entirely used up by Phase I to ensure the

algorithm ends with phase II learning iterations.

Notably, rules can be deleted within Phase I that had made it into

models of Phase II in a prior alternation. Thus, all models save their

own copy of respective rule objects so that they persist even if the

original rule was deleted from {%}. This is done because immediate

removal of a rule from a model may fundamentally change the

model’s performance and require re-evaluation, and such rules may

still confer an advantage to a model even if deleted from {%}.

2.3 Tree-based Rule Initialization

The second newHEROS extension (B), is a tree-based rule-population

initialization strategy that rapidly trains a diversity of decision trees

which are decomposed into IF:THEN rules to initialize the HEROS’s

{%}. This strategy is meant to boost Phase I rule discovery by (A)

rapidly capturing initial associations in the dataset, and (B) provid-

ing greater rule diversity for the GA to evolve in (C-7). It’s also

meant to counterbalance the drawbacks of phase alternation where

early phase II iterations may only have access to an immature {%}

of rule ‘building blocks’, that may not have discovered any or all

‘ideal’ rules, or iterated through all training instances during (C).

This could ‘waste’ early Phase II training iterations that could be

more e�ectively utilized with a more mature {%}. Thus, we expect

tree initialization to bene�t HEROS with or without alternation in

datasets where decision trees can e�ectively capture some of the

underlying associations.

Speci�cally, 8 random forest (RF) [7] models are trained (training

data only) using scikit-learn’s RandomForestClassi�er, varying the

max_depth hyperparameter from 1-7 and None, using 10 estimators

(i.e. trees), and defaults for other hyperparameters (including boot-

strapping) yielding 80 trees. All trees were decomposed to HEROS-

style rules by traversing unique paths through a tree to leaf nodes.

Since the RF implementation was only designed for quantitative

features, we added temporary one-hot encoding for all categorical

features prior to RF training. Since binary, one-hot encoded features

don’t have ranges, we use a default threshold value of 0.5 along

with the direction of the split (either ≥ or ≤) to determine if the

category was present. Then we mapped the one-hot encoded binary

features back to their original categorical feature states within rules.

Such features were only added to the speci�ed features of a rule if

the state was asserted in a tree’s split (e.g. hair = black), otherwise

that feature was left unspeci�ed in the resulting rule (e.g. hair !=

black). For speci�ed quantitative features, rules start with an in�-

nite range [-inf, inf] which is tightened based on the condition of a

given decision tree split e.g. [-inf, 23.5], for a tree branch specifying

< 23.5. Next, all rules decomposed from trees were checked for

redundancy based on rule conditions to form a unique set of rules.

Lastly, before Phase I begins, all rules undergo batch evaluation,

action assignment, checking for Pareto non-domination, and �tness

update (like in (C-4)), before being added to {%}.

2.4 Algorithms for Comparison

This study compares HEROS algorithm con�gurations to two well-

known RBML algorithms: RIPPER [11] and BioHEL [1]. These exem-

plify supervised classi�cation RBMLs that focus on �nding compact,

interpretable models, providing excellent standards of comparison

for both predictive performance and model compactness.

2.4.1 RIPPER. A widely used greedy rule-learning algorithm that

employs a separate-and-conquer method to incrementally develop

rule-sets [11]. First, RIPPER partitions the training data into a ‘grow’

vs. ‘prune’ set. Then it greedily generates a rule, covering positive

class instances from the ‘grow’ set, that maximizes information

gain until the rule is 100% accurate. Then this rule is pruned by

stepping through all conditions and removing any that maintain

or improve ‘prune’ set performance, adding it to the model. This

process repeats until no positive examples are left or the rules

become too inaccurate. Lastly, a global optimization evaluates and

replaces redundant or ine�cient rules within the entire rule-set.

RIPPER’s focus on ‘positive’ instances means that it relies on

a ‘default’ rule predicting a default class in the absence of other

matching rules. As a result, predictions for default-class instances

are not supported by explicit rule evidence, limiting interpretabil-

ity. Further, RIPPER’s ability to incorporate complex relationships

is limited by its reliance on heuristic pruning and extensive local

optimization. In domains that are exceedingly complex or hetero-

geneous, these constraints may lead to inadequate coverage of the

input space and reduced predictive performance, similar to what

might be expected for decision trees [18, 37].

2.4.2 BioHEL. An ‘evolutionary’ RBML with similarities to RIP-

PER, but employs di�erent evaluation and processing heuristics for

iterative rule discovery [1]. BioHEL repeatedly evolves single rules,

using a GA, removes training instances covered by that rule, and

then repeats the process for the remaining data. This separate-and-

conquer strategy yields concise rule-sets and has been successfully

applied to large-scale biomedical problems [1]. BioHEL’s evolution-

ary search operates at the level of individual rules and is driven

by a weighted multi-objective �tness function that balances rule

accuracy and rule simplicity (i.e. minimizing the number of fea-

tures speci�ed in a rule). Of note, BioHEL uses an automatic weight

adjustment heuristic proposed for its predecessor, GAssist [4]. The

greedy removal of covered instances promotes rapid convergence

and compactmodels, but also introduces an implicit assumption that

previously discovered rules are globally optimal. In noisy, chaotic,

or heterogeneous environments, its possible that initial poor rules

may skew subsequent learning and constrain robustness.

BioHEL also o�ers a Rule Post-processing Engine (RPE), which

adds further re�nement operations subsequent to rule induction

[17]. The RPE assesses the whole rule-set and uses techniques

such as rule pruning, reordering, and simpli�cation to diminish

redundancy and enhance generality. While this post-processing

step can yield more compact and coherent rule-sets, it does not alter

BioHEL’s reliance on a default-class (like RIPPER), also limiting

interpretability in those cases. In this study, we evaluate BioHEL

both with and without RPE.

2.5 Experimental Evaluation

This section describes the experimental design used to evaluate

and compare the proposed HEROS extensions, including algorithm

con�gurations, datasets, and evaluation protocol.
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Table 2: Simulated GAMETES (A-F) and MUX (6-70) datasets.

Data Tot. Pred. Inst. Max. Nature of Underlying Optimal

Name Feat. Feat. Acc. Association Rule Count

A 100 4 1600 ≈ 0.94 additive univariate Unknown

B 100 1 1600 ≈ 0.84 univariate ⪆ 3

C 100 2 1600 ≈ 0.82 2-way epistasis ⪆ 9

D 100 4 1600 ≈ 0.70 2-het. x 2-way epistasis ⪆ 18

E 100 4 1600 ≈ 0.65 4-het. x univariate ⪆ 12

F 100 3 1600 ≈ 0.65 3-way epistasis ⪆ 27

MUX6 6 6 500 1 4-het. x 3-way epistasis 8

MUX11 11 11 5000 1 8-het. x 4-way epistasis 16

MUX20 20 20 10000 1 16-het. x 5-way epistasis 32

MUX37 37 37 10000 1 32-het. x 6-way epistasis 64

MUX70 70 70 20000 1 64-het. x 7-way epistasis 128

2.5.1 Simulated Benchmark Datasets. This study benchmarks all

algorithms using a diverse and challenging set of datasets used

to demonstrate that HEROS outperformed ExSTraCS [29]. Table

2 provides a summary of the characteristics these 11 benchmarks

which are further discussed in [29]. In summary, these include 6

genomic datasets (A-F) simulated with GAMETES [40, 41] as noisy

datasets with di�erent underlying association types and noise levels.

Also, 5 increasingly complex MUX datasets with completely clean

signals are included (MUX -6, 11, 20, 37,and 70). In all datasets

the ground-truth predictive features are known, and in the MUX

datasets the ‘ideally’ compact rule sets are known. The optimal rule

counts given assume a rule-set that does not use default rules. Later,

when evaluating RIPPER and BioHEL, which rely on default rules)

we take their smaller ideal rule count into account.

2.5.2 Algorithm Configurations. In total, this study examined 9

algorithm con�gurations; 6 for HEROS, 2 for BioHEL, and 1 for

RIPPER. Three implementations of HEROS were run including two

that incorporate our proposed expansions: (1) original HEROS (i.e.

‘HEROS’), (2) HEROS with the addition of tree-based rule initial-

ization only (i.e. ‘HEROS-Tree’), and (3) HEROS with both tree

initialization and phase alternation (i.e. ‘HEROS-Tree-Alt.’). Addi-

tionally, for each implementation, HEROS was run using both avail-

able strategies to select a ‘best model’ from its �nal non-dominated

model front; ‘-D’, and ‘-F’, e.g. HEROS-F. Original HEROS previ-

ously demonstrated that better performing models were generally

found with ‘-F’, however this a�ords the algorithm the added ad-

vantage of reporting the model with the best testing performance

across the restricted set of non-dominated models identi�ed at the

end of training [29]. We also ran RIPPER as a greedy baseline ap-

proach. It o�ers a computationally e�cient reference point for eval-

uating interpretability-oriented rule learning, despite the absence

of explicit global model re�nement or evolutionary optimization.

And lastly we ran BioHEL as a hybrid evolutionary RBML that

is also capable of generating compact interpretable rules sets and

was designed for real world biomedical problems. BioHEL was run

alone or in combination with its rule post-processing engine (RPE),

referenced in the results as either ‘BioHEL’ or ‘BioHEL-RPE’.

2.5.3 Evaluation Protocol. The original HEROS algorithm was de-

veloped to be ‘noise agnostic’ and have the capability to tackle

di�erent problem types without relying on dataset-speci�c hy-

perparameter tuning. Thus in the present study for each of the

above algorithm con�gurations, all algorithms were evaluated us-

ing �xed hyperparameter con�gurations across all datasets. For

RIPPER and BioHEL, we initially ran both algorithms using their

default hyperparameters (results not shown). While this study ap-

plies default HEROS hyperparameters [29] (see Table 1) this study

has sought to select more computationally expensive and more

HEROS-comparable hyperparameter settings for RIPPER and Bio-

HEL, although there is not clear way to ensure this is the case given

fundamental algorithm di�erences. Tables giving selected RIPPER

and BioHEL hyperparameters are given in supplementary materi-

als. RIPPER and BioHEL results with default hyperparameters (not

shown) were largely comparable to those presented below.

All trials were conducted across the GAMETES and MUX bench-

marks in Table 2. Each dataset was pre-divided into 10 strati�ed

cross validation (CV) folds to ensure all algorithm trainings and

evaluations were conducted on the same partitions. Further, all

algorithm trainings were repeated with 20 random seed runs. Thus

with 11 benchmark datasets, 20 random seeds, 10-fold CV, and 9

algorithm con�gurations, a total of 19800 algorithm training and

testing evaluations were conducted.

Performance is evaluated using the following metrics: ‘balanced’

testing accuracy, testing coverage, rule count, and run time (in min-

utes). Balanced accuracy is the average of sensitivity and speci�city,

able to take class imbalance into consideration. Testing coverage

is the proportion of testing instances that matched a rule in the

model’s rule-set. For RIPPER and BioHEL we give the proportion of

testing instances that matched a non-default rule, since the default

rule makes it so that all instances are naturally covered (i.e. cover-

age = 1.0). Using this alternative de�nition allows us to inspect the

degree which these algorithms rely on their default rules for pre-

dictions. Rule count is simply the size of the rule-set. Of note, while

individual RBML rules of all algorithms examined are inherently in-

terpretable as previously demonstrated [1, 11, 29, 42], the size of the

rule-set serves an indicator of model interpretability (where more

compact rule sets are more desirable), with the caveat that HEROS

is expected to require at least 2 times the number of rules to ideally

capture associations than RIPPER and BioHEL, which each rely on

a default rule to cover one of the two classes in all experiments.

While this simpli�es rule sets, it leaves instances predicted by the

default class without interpretable justi�cation beyond having not

been matched by other rules in the rule-set. For the MUX datasets,

we also examine ‘ideal count’ which gives the proportion of the 200

(i.e. 10-fold CV * 20 seeds) runs for that algorithm and MUX dataset,

where the known ideally compact set of rules was identi�ed by the

algorithm. For RIPPER and BioHEL, we assume a default rule in

the evaluation of what the ideally compact set size should be.

Statistical signi�cance was assessed with theWilcoxon rank-sum

test comparing individual algorithm con�gurations toHEROS-D as

our statistical baseline with and without Benjamini Hochberg FDR

multiple testing corrections (? < 0.05). All experiments were con-

ducted on a Linux-based high-performance computer cluster. This

study used HEROS v0.2.5 as ‘original’ HEROS to �x identi�ed rule

discovery ine�ciencies in v0.2 used in [29]. This accounts for higher

HEROS rule counts after the allotted Phase II iterations observed

in this study vs. [29] (analysis not shown). All HEROS versions and

analysis scripts are available at https://github.com/UrbsLab/heros.

All simulated datasets are available upon request.
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Table 3: Algorithm Comparison on GAMETES Datasets

Data Algorithm Testing Testing Rule Count Run Time (Min.)

Con�guration Accuracy Coverage

A

HEROS-D 0.908(0.012) 1.000(0.000) 172.0(27.9) 35.4(1.3)

HEROS-Tree -D 0.911(0.011) 1.000(0.000) 165.8(16.5) 37.3(1.4)↑*

HEROS-Tree-Alt.-D 0.924(0.003)↑* 1.000(0.000) 170.7(24.5) 39.5(0.9)↑*

HEROS-F 0.929(0.006)↑* 1.000(0.000) 86.7(23.1)↓* 35.4(1.3)

HEROS-Tree-F 0.931(0.005)↑* 1.000(0.000) 85.3(20.7)↓* 37.3(1.4)↑*

HEROS-Tree-Alt.-F 0.942(0.003)↑* 1.000(0.000) 57.5(13.7)↓* 39.5(0.9)↑*

RIPPER 0.906(0.021)↓* 0.449(0.005)↓* 14.0(2.4)↓* <0.1(0.0)↓*

BioHEL 0.857(0.026)↓* 0.457(0.028)↓* 55.7(2.0)↓* 29.1(5.7)↓*

BioHEL-RPE 0.857(0.026)↓* 0.456(0.028)↓* 54.8(2.2)↓* 29.2(5.7)↓*

B

HEROS-D 0.826(0.002) 0.998(0.001) 70.2(14.2) 28.3(1.4)

HEROS-Tree-D 0.827(0.002) 0.998(0.001) 70.5(21.3) 31.1(1.5)↑*

HEROS-Tree-Alt.-D 0.827(0.002) 0.999(0.001) 68.2(13.5) 31.0(1.1)↑*

HEROS-F 0.829(0.002)↑* 0.999(0.001)↑* 33.7(10.9)↓* 28.3(1.4)

HEROS-Tree-F 0.829(0.002)↑* 0.998(0.001) 34.8(8.4)↓* 31.5(1.5)↑*

HEROS-Tree-Alt.-F 0.831(0.001)↑* 0.999(0.000)↑* 23.8(7.9)↓* 31.0(1.1)↑*

RIPPER 0.818(0.031)↓* 0.457(0.005)↓* 5.7(2.5)↓* <0.1(0.0)↓*

BioHEL 0.635(0.035)↓* 0.327(0.042)↓* 75.6(1.6)↑* 45.1(7.4)↑*

BioHEL-RPE 0.635(0.035)↓* 0.329(0.042)↓* 75.4(1.7)↑* 45.1(7.4)↑*

C

HEROS-D 0.798(0.004) 0.993(0.003) 140.9(35.4) 39.1(2.1)

HEROS-Tree-D 0.799(0.004) 0.993(0.003) 132.9(45.3) 39.8(3.0)

HEROS-Tree-Alt.-D 0.795(0.004)↓ 0.995(0.002)↑ 219.1(61.3)↑* 47.7(3.9)↑*

HEROS-F 0.803(0.004)↑* 0.994(0.002)↑* 81.3(34.1)↓* 39.1(2.1)

HEROS-Tree-F 0.805(0.004)↑* 0.994(0.003) 79.9(35.1)↓* 39.8(3.0)

HEROS-Tree-Alt.-F 0.806(0.004)↑* 0.995(0.002)↑* 112.1(36.4)↓* 47.7(3.9)↑*

RIPPER 0.541(0.100)↓* 0.419(0.025)↓* 2.4(3.0)↓* <0.1(0.0)↓*

BioHEL 0.596(0.035)↓* 0.318(0.036)↓* 81.1(2.3)↓* 81.1(2.3)↑*

BioHEL-RPE 0.596(0.036)↓* 0.32(0.036)↓* 80.9(2.3)↓* 51.1(6.3)↑*

D

HEROS-D 0.666(0.007) 1.000(0.000) 310.2(28.7) 40.9(3.3)

HEROS-Tree-D 0.665(0.006) 1.000(0.001) 313.4(35.5) 42.8(2.5)↑*

HEROS-Tree-Alt.-D 0.668(0.007) 1.000(0.000) 280.4(40.6)↓* 44.7(4.4)↑*

HEROS-F 0.682(0.004)↑* 1.000(0.000) 153.2(23.3)↓* 40.9(3.3)

HEROS-Tree-F 0.680(0.005)↑* 1.000(0.000) 166.4(26.9)↓* 42.8(2.5)↑*

HEROS-Tree-Alt.-F 0.687(0.007)↑* 1.000(0.000) 150.4(33.0)↓* 44.7(4.4)↑*

RIPPER 0.511(0.032)↓* 0.417(0.022)↓* 1.8(1.1)↓* <0.1(0.0)↓*

BioHEL 0.525(0.039)↓* 0.277(0.038)↓* 89.6(2.2)↓* 60.5(7.7)↑*

BioHEL-RPE 0.526(0.039)↓* 0.28(0.038)↓* 89.5(2.1)↓* 60.5(7.7)↑*

E

HEROS-D 0.608(0.007) 0.999(0.001) 130.5(22.7) 39.4(1.5)

HEROS-Tree-D 0.607(0.008) 1.000(0.000) 138.6(22.3) 43.5(2.1)↑*

HEROS-Tree-Alt.-D 0.606(0.005) 1.000(0.000)↑* 113.0(12.8)↓* 42.0(1.9)↑*

HEROS-F 0.634(0.005)↑* 1.000(0.001)↑ 63.0(14.9)↓* 39.4(1.5)

HEROS-Tree-F 0.631(0.004)↑* 1.000(0.000)↑* 69.5(15.8)↓* 43.5(2.1)↑*

HEROS-Tree-Alt.-F 0.632(0.004)↑* 1.000(0.000)↑* 51.3(11.0)↓ 42.0(1.9)↑*

RIPPER 0.563(0.036)↓* 0.44(0.009)↓* 3.7(1.4)↓ <0.1(0.0)↓

BioHEL 0.523(0.034)↓* 0.258(0.040)↓* 90.8(1.8)↓* 61.7(7.6)↑*

BioHEL-RPE 0.523(0.034)↓* 0.261(0.040)↓* 90.6(1.8)↓* 61.7(7.6)↑*

F

HEROS -D 0.502(0.010) 0.996(0.002) 263.3(40.0) 56.5(2.3)

HEROS-Tree-D 0.503(0.008) 0.996(0.001) 295.0(54.2) 56.6(4.2)

HEROS-Tree-Alt.-D 0.498(0.007) 0.998(0.001)↑* 209.6(39.2)↓* 57.5(1.4)↑*

HEROS-F 0.522(0.011)↑* 0.997(0.002)↑* 170.3(37.3)↓* 56.5(2.3)

HEROS-Tree-F 0.525(0.007)↑* 0.998(0.001)↑* 184.2(48.6)↓* 56.6(4.2)

HEROS-Tree-Alt.-F 0.523(0.009)↑* 0.999(0.001)↑* 108.0(19.6)↓* 57.5(1.4)↑*

RIPPER 0.498(0.021) 0.432(0.024)↓* 1.3(0.5)↓* <0.1(0.0)↓*

BioHEL 0.499(0.034) 0.253(0.039)↓* 92.4(2.1)↓* 61.0(7.9)↑*

BioHEL-RPE 0.499(0.034) 0.256(0.039)↓* 92.3(2.1)↓* 61.0(7.8)↑*

3 Results and Discussion

Tables 3 and 4 compare the mean (standard deviation) results of

all algorithm con�gurations for the GAMETES and MUX datasets,

respectively. In both, original HEROS using ‘-D’ model selection

(i.e. HEROS-D) is shaded as the baseline of statistical comparison

for all other con�gurations. The best performing algorithm (based

on testing accuracy) is highlighted in yellow (with ‘ideal count’ as a

tie breaker for MUX datasets). Signi�cant performance di�erences

are indicated by ↑ or ↓, respectively and ‘*’ indicates signi�cance

after FDR multiple testing corrections (p-vals. in supp. mats.). Table

4, ‘ideal count’ is given as a proportion of successes out of 200, and

arrows indicate any di�erences from HEROS-D baseline.

Focusing �rst on RBML results in noisy GAMETES datasets

(Table 3), we summarize key observations: (1) in datasets A-E, all

HEROS algorithm con�gurations achieved higher testing accura-

cies than RIPPER or BioHEL (2) HEROS with ‘-F’ yielded similar

or smaller rule-sets than BioHEL in datasets A, B, C, and E despite

BioHEL having the advantage of a default rule (3) no algorithms

performed particularly well on the high noise, 3-way interaction

in dataset F, however, of these, ‘HEROS-Tree-F’ performed best,

(4) as expected, HEROS con�gurations using ‘-F’ generally yielded

better accuracy and rule-set size than ‘-D’, (5) the addition of tree

Table 4: Algorithm Comparison on MUX Datasets

Data Algorithm Testing Testing Rule Count Run Time (Min.) Ideal

Con�guration Accuracy Coverage Count

6

HEROS-D 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.0(0.0) 200/200

HEROS-Tree -D 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.0(0.1) 200/200

HEROS-Tree-Alt. -D 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.2(0.0)↑* 200/200

HEROS-F 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.0(0.0) 200/200

HEROS-Tree-F 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.0(0.1) 200/200

HEROS-Tree-Alt.-F 1.000(0.000) 1.000(0.000) 8.0(0.0) 2.2(0.0)↑* 200/200

RIPPER 1.000(0.000) 0.586(0.032)↓* 5.4(0.9)↓* <0.1(0.0)↓* 27/200 ↓

BioHEL 1.000(0.000) 0.500(0.000)↓* 6.2(1.1)↓* 1.3(0.3)↓* 48/200↓

BioHEL-RPE 1.000(0.000) 0.500(0.000)↓* 4.8(0.9)↓* 1.3(0.3)↓* 68/200↓

11

HEROS-D 0.992(0.006) 0.998(0.002) 19.4(1.5) 59.7(1.5) 89/200

HEROS-Tree-D 0.990(0.005) 0.996(0.003)↓* 19.6(2.0) 62.2(6.7)↑* 83/200 ↓

HEROS-Tree-Alt.-D 0.995(0.004)↑ 0.997(0.002) 19.9(2.0) 68.1(1.6)↑* 77/200 ↓

HEROS-F 0.994(0.005)↑* 0.998(0.002) 18.3(1.0)↓* 59.7(1.5) 97/200 ↑

HEROS-Tree-F 0.991(0.004) 0.996(0.002)↓* 18.2(1.2)↓* 62.2(6.7)↑* 88/200 ↓

HEROS-Tree-Alt.-F 0.996(0.003)↑* 0.997(0.001) 18.4(1.3)↓* 68.1(1.6)↑* 93/200 ↑

RIPPER 1.000(0.000)↑* 0.563(0.013)↓* 11.3(1.2)↓* <0.1(0.0)↓* 0/200 ↓

BioHEL 1.000(0.000)↑* 0.500(0.000)↓* 13.2(1.9)↓* 33.5(6.1)↓* 3/200 ↓

BioHEL-RPE 1.000(0.000)↑* 0.500(0.000)↓* 9.3(1.2)↓* 33.5(6.2)↓* 54/200 ↓

20

HEROS-D 0.888(0.014) 0.991(0.004) 115.4(16.3) 151.9(5.7) 0/200

HEROS-Tree-D 0.891(0.014) 0.990(0.005) 112.5(14.8) 174.5(6.1)↑* 0/200

HEROS-Tree-Alt.-D 0.940(0.009)↑* 0.992(0.003) 119.7(15.4) 171.4(7.2)↑* 0/200

HEROS-F 0.894(0.013)↑* 0.992(0.004)↑* 104.2(14.4)↓* 151.9(5.7) 0/200

HEROS-Tree-F 0.897(0.011)↑* 0.990(0.005) 101.0(11.0)↓* 174.5(6.1)↑* 0/200

HEROS-Tree-Alt.-F 0.943(0.007)↑* 0.992(0.003) 108.7(12.1) 171.4(7.2)↑* 0/200

RIPPER 0.996(0.032)↑* 0.533(0.007)↓* 25.12(3.1)↓* 0.1(0.0)↓* 0/200

BioHEL 1.000(0.000)↑* 0.500(0.000)↓* 31.4(3.3)↓* 172.5(14.5)↑* 0/200

BioHEL-RPE 1.000(0.000)↑* 0.500(0.000)↓* 16.9(1.1)↓* 172.5(14.5)↑* 55/200 ↑

37

HEROS-D 0.562(0.004) 1.000(0.000) 211.4(14.1) 184.7(5.4) 0/200

HEROS-Tree-D 0.562(0.005) 1.000(0.000) 215.1(9.2) 187.7(10.1)↑* 0/200

HEROS-Tree-Alt.-D 0.568(0.005)↑* 1.000(0.000) 238.7(18.5)↑* 205.2(7.8)↑* 0/200

HEROS-F 0.583(0.004)↑* 1.000(0.000) 103.8(16.3)↓* 184.7(5.4) 0/200

HEROS-Tree-F 0.583(0.004)↑* 1.000(0.000) 104.7(14.9)↓* 187.7(10.1)↑* 0/200

HEROS-Tree-Alt.-F 0.589(0.004)↑* 1.000(0.000) 108.4(13.7)↓* 205.2(7.8)↑* 0/200

RIPPER 0.799(0.184)↓* 0.527(0.011)↓* 43.1(29.0)↓* 0.2(0.2)↓* 0/200

BioHEL 0.995(0.005)↑* 0.504(0.004)↓* 61.3(6.0)↓* 314.9(55.4)↑* 0/200

BioHEL-RPE 0.997(0.004)↑* 0.502(0.003)↓* 39.1(6.2)↓* 315.0(55.4)↑* 19/200 ↑

70

HEROS-D 0.523(0.003) 1.000(0.000) 329.3(14.9) 423.2(61.8) 0/200

HEROS-Tree-D 0.524(0.003) 1.000(0.000) 323.4(20.5) 465.3(15.6)↑* 0/200

HEROS-Tree-Alt.-D 0.525(0.002)↑* 1.000(0.000) 363.2(24.3)↑* 447.8(64.0)↑* 0/200

HEROS-F 0.536(0.002)↑* 1.000(0.000) 145.0(28.8)↓* 423.2(61.8) 0/200

HEROS-Tree-F 0.537(0.002)↑* 1.000(0.000) 146.2(21.6)↓* 465.3(15.6)↑* 0/200

HEROS-Tree-Alt.-F 0.539(0.002)↑* 1.000(0.000) 128.3(23.6)↓* 447.8(64.0)↑* 0/200

RIPPER 0.508(0.016)↓* 0.528(0.017)↓* 3.9(4.2)↓* 0.1(0.1)↓* 0/200

BioHEL 0.973(0.007)↑* 0.512(0.004)↓* 133.0(8.6)↓* 1519.5(108.3)↑* 0/200

BioHEL-RPE 0.94(0.008)↑* 0.512(0.004)↓* 118.0(11.0)↓* 1520.2(108.4)↑* 0/200

initialization alone to HEROS had minimal impact on the end per-

formance of the algorithm, (6) further addition of phase alternation

to HEROS (i.e.‘HEROS-Tree-Alt.’) yielded similar, and sometimes

better performance than ‘HEROS’ or ‘HEROS-Tree’ for both ‘-D’

and ‘-F’, (7) ‘HEROS-Tree-Alt.-F’ yielded the best performance of

all RBML con�gurations in datasets A-D, and only slightly less well

than ‘HEROS-F’ in dataset E or ‘HEROS-Tree-F’ in dataset F, (8)

HEROS con�gurations had consistently high testing coverage (at

or near 1.0), while RIPPER and BioHEL are consistently below their

expected ideal coverage of ≈ 0.5 coverage (given their default rule)

on these balanced class datasets, (9) HEROS con�gurations yielded

consistently lower SD values for testing accuracy suggesting better

convergence, (10) the addition of RPE to BioHEL had minimal im-

pact, (11) RIPPER ran, by far, fastest, and BioHEL and HEROS had

similar run times in most analyses, and (12) RIPPER produced very

small rule-sets when performing poorly.

Shifting to RBML results in clean MUX datasets (Table 4), we

again summarize key observations: (1) overall, BioHEL and RIP-

PER yielded higher testing accuracies than HEROS con�gurations

in MUX11-37 datasets, (2) BioHEL achieved dramatically higher

testing accuracies than any other algorithms in the MUX37 and

MUX70 datasets, (3) however, while all algorithms achieved 100%

testing accuracy on MUX6, only the HEROS con�gurations con-

sistently identi�ed the ideally compact rule-set in all 200 runs, (4)

additionally, on MUX11, while averaged performance of HEROS

con�gurations were below RIPPER and BIOHEL, all HEROS con-

�gurations achieved a higher success rate in identifying ideally

compact rule-sets, (5) again, RPE in BioHEL had minimal impact
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Figure 2: Rule counts of ‘HEROS-D’ algorithm con�gura-

tions on GAMETES datasets across Phase II learning iteration

checkpoints. Textures indicate algorithm con�gurations, and

colors indicate learning checkpoints. Each box-plot includes

200 (i.e. 10-fold CV * 20 seeds) algorithm runs.

on performance, (6) both BioHEL and RIPPER yielded testing cov-

erages much closer to their expected ideals of ≈ 0.5, (7) our experi-

mental con�gurations of ‘HEROS-Tree’ and ‘HEROS-Tree-Alt.’

yielded similar or better performance than original HEROS for both

‘-D’ and ‘-F’, (8) again, HEROS con�gurations using ‘-F’ generally

yielded better performance than ‘-D’, (9) again RIPPER ran, by far

the fastest. Of note, in previous work on these same benchmarks,

the MIC-style RBML, ExSTraCS (with a = 1) achieved similar test-

ing accuracies to BioHEL on the MUX6-20, with marginally lower

accuracy in MUX37, and a dramatically lower accuracy in MUX70,

albeit with much larger rule-sets than BioHEL [29]. Further, both

original HEROS and ExSTraCS (with a = 10) achieved almost iden-

tical testing accuracies to BioHEL in MUX6-37, but both dropped

o� in performance for MUX70.

We also compared HEROS con�gurations across Phase II check-

points (i.e., after 5, 10, 50, 100, and 200 iterations). Figure 2 examines

rule counts of di�erent ‘HEROS-D’ algorithm con�gurations on

GAMETES datasets across checkpoints. Here we can observe the

progressive reduction in rule-set size as all HEROS con�gurations

converge on solutions. We observe similar performance conver-

gence for both original ‘HEROS’ and ‘HEROS-Tree-Alt.’. Com-

plementary box plots for rule count and testing accuracy across

MUX and GAMETES datasets using ‘-D’ and ‘-F’ are given in sup.

mats. While not explicitly investigated here, preliminary testing

suggested that adding phase alternation alone to HEROS led to

worse performance at checkpoints (as would be expected).

While tree initialization alone had minimal impact on bench-

mark performance, the combination of tree initialization with phase

alternation preserved or improved performance in contrast with

original HEROS while also achieving the goal of adapting HEROS

as an ‘anytime algorithm’. Further, on noisy GAMETES datasets,

HEROS algorithm con�gurations, especially ‘HEROS-Tree-Alt.’

(-D and -F) consistently outperformed both RIPPER and BioHel.

While HEROS algorithm con�gurations performed well for 6MUX

and 11MUX, they were outperformed by RIPPER and (in particular)

BioHEL in higher complexity MUX benchmarks.

Ultimately, the noise-agnostic �exibility of HEROS (with limited

over�tting) seems to be earned at the expense of less e�ciently

solving clean problems of very high complexity. This is similar

to previous observations comparing HEROS to accuracy-driven

ExSTraCS [29], which also performed well on these MUX20 and

MUX37 benchmarks. That study also found that HEROS perfor-

mance on MUX20 and MUX37 could also be recovered by setting

setting a = 10; forcing HEROS to perform as an accuracy-driven,

rather than agnostic, approach [29]. Beyond their a larger focus on

accuracy, both RIPPER and BioHEL also have the advantage of a

default rule, which greatly simpli�es rule search (particularly in

binary class problems) given that roughly half as many rules need

to be discovered and incorporated into the rule-set. However, while

a default rule makes the rule-set more compact, it also adds ambigu-

ity as to ‘why’ the default class was predicted on future instances.

Overall, the results presented in this paper suggest that HEROS is

very e�ective in both ‘noisy’, and moderately-complex ‘clean’, simu-

lation problems. While further validation and benchmarking across

a variety of real-world datasets is still need, we expect HEROS to of-

fer e�ective classi�cation modeling in diverse real-world problems

that demand model transparency and interpetability.

4 Conclusions and Future Work

This study introduced tree-based rule initialization and phase alter-

nation to HEROS; a promising, ‘staged’, two-phase evolutionary

RMBL algorithm that separates rule from rule-set optimization

using distinct non-weighted multi-objective optimizations. Our

primary goal was to adapt the interpretable and noise-agnostic

HEROS algorithm as an ‘anytime algorithm’ capable of broader

algorithmic expansion and signi�cantly increased practicality for

real-world applications. Additionally, for the �rst time, this study

compares HEROS and, indirectly, the ExSTraCS algorithm, to other

well known RBMLs capable of yielding highly interpretable and

compact rule-sets including RIPPER, and BioHEL. Results demon-

strate that our proposed expansions successfully extend HEROS

as an ‘anytime algorithm’ while improving or maintaining the

empirical performance of the original HEROS algorithm. Further,

our expanded HEROS implementation consistently outperformed

both RIPPER and BioHEL on a diversity of more realistic ‘noisy’

simulated benchmark datasets as well as showed competitive per-

formance on the clean MUX6 and MUX11 benchmarks. However,

BioHEL, and to certain extent, RIPPER demonstrated superior per-

formance on higher-dimensional, clean, MUX problems, likely due

to their greater emphasis on accuracy and their use of a default rule

to simplify search space convergence.

This work o�ers many future opportunities including; (1) strate-

gies that provide feedback between HEROS phases, e.g., mutualistic

co-evolution, (2) incorporation of BioHEL as a HEROS rule-set dis-

covery operator to accelerate performance in clean but complex

domains, (3) examining e�cient optimization of tree-based rule

initialization, (4) exploring optimization of the phase alternation

hyperparameter, (5) HEROS extension to quantitative and survival

outcomes (e.g.[48]), and (6) evaluating and improving HEROS scal-

ability on a broader diversity of simulated and real-world datasets.
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