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Abstract

Bayesian Networks (BNs) are of interest from an explainable Al
viewpoint, offering transparent probabilistic models for decision
support. Baymex is a recently introduced multi-objective evolu-
tionary algorithm for learning discretized BNs, enabling experts to
trade-off different objectives of interest, such as likelihood, model
complexity, and prior beliefs. While Baymex has been shown to
outperform state-of-the-art BN learning approaches, Baymex still 1)
requires a lot of computation time and 2) has only been evaluated on
synthetic data. To improve scalability, we introduce a parallelization
strategy as well as a mechanism that enables adaptively steering
optimization toward networks that overfit less. We furthermore
reconfigure Baymex to train a BN classifier through multi-objective
optimization of cross-entropy loss and the BIC complexity term so
as to evaluate its performance on real-world clinical classification
tasks. Besides observing speedups up to over 54 times on a 16-core
CPU, comparisons against clinically familiar baselines (decision
trees, logistic regression, naive Bayes, and random forests) on two
open-source (RADCURE and SUPPORT) and one in-house dataset,
show that Baymex obtains statistically similar or better predictive
performance while producing compact, clinically inspectable BNs.
Importantly, Baymex finds multiple plausible BN classifiers that
contain predictors consistent with established clinical factors.
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1 Introduction

Every day, clinicians integrate symptoms, comorbidities, imaging,
and lab results to form probabilistic judgments about diagnosis,
treatment response, and survival in order to guide their patients.
Providing accurate data-driven decision support tools can help im-
prove the consistency, transparency, and overall quality of these
decisions. Although modern Al methods have demonstrated sub-
stantial promise across a wide range of clinical tasks, their adoption
in practice remains limited, partly because most models are not
sufficiently transparent [24].

Bayesian Networks (BNs) offer a trusted and tried alternative
rooted in classic Al. BNs provide joint distributions over variables
using a Directed Acyclic Graph (DAG) and conditional probability
tables, allowing explicit modeling of conditional structure and en-
abling transparent probabilistic reasoning [23, 33]. In contrast to
many black-box predictors, both the learned structure (the DAG)
and the conditional probability tables can be inspected and chal-
lenged by domain experts. This makes BNs particularly interesting
from an eXplainable AI (XAI) perspective [2, 3, 24].

Despite these benefits, learning even the structure (i.e., the DAG)
of a BN from data remains computationally challenging [10, 21]. As
data collection continues to grow in both the number of samples
and features, performing (optimal) structure learning becomes pro-
gressively more intractable. Moreover, in many clinical applications,
the data contains real-valued features, which are usually discretized
in order to build a BN (e.g., [29, 31, 47]). However, the discretization
procedure, including the number of bins used, shapes the BN struc-
ture that is recovered by a structure learning algorithm. Different
binning choices modify the conditional probability tables in distinct
ways, thereby influencing which dependencies get selected.

The recently introduced Baymex (Bayesian network learning
via evolutionary intelligence for multi-objective explainable Al) al-
gorithm [19] addresses part of this challenge by learning discretized
BNs using a combination of state-of-the-art multi-objective Evo-
lutionary Algorithms (EAs) [7, 8, 26]. This results in a search for
solutions that best trade off objectives of interest, such as likelihood,
model complexity, and agreement with expert beliefs. Accordingly,
instead of providing a single "best" network, Baymex produces an
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approximation of the Pareto set, containing multiple plausible BNs
that trade-off the objectives of interest. Besides being able to glean
additional insights from inspecting the optimized trade-offs, prac-
titioners benefit from the option to choose the most appropriate
model [19]. This offers greater flexibility and chances of uptake
for real-world use compared to having to accept a single model
returned by the vast majority of BN learning methods [2, 27, 38, 45].
While Baymex has been shown to outperform state-of-the-art BN
learning approaches, Baymex still 1) requires a lot of computation
time and 2) has only been evaluated on synthetic data. In this work,
we address both limitations.

Firstly, EAs are naturally amenable to parallelization because
they usually evaluate many candidate solutions per generation
independently. Consequently, parallel evolutionary computation
is supported by a substantial and well-established body of litera-
ture [9, 18, 20]. In this work, we parallelize Baymex and investigate
a mechanism that enables adaptively steering optimization to focus
as much as possible only on networks that do not overfit.

Secondly, we reconfigure Baymex to train a BN classifier through
multi-objective optimization of cross-entropy loss and the BIC com-
plexity term [37]. By doing so, we are able to tackle real-world
classification tasks, finding BN classifiers that are optimized for
trading off predictive performance and model complexity.

We evaluate the accelerated and fundamentally improved Baymex
algorithm! on real-world clinical classification tasks. To this end, we
include the SUPPORT dataset, comprising a large cohort originally
designed for prognostic modeling of 180-day survival in seriously ill
hospitalized adults [11, 22]. We also include the RADCURE dataset,
comprising an open-access head-and-neck radiotherapy cohort for
which we learn a classifier to predict whether patients achieve
2-year survival [44]. Finally, we revisit a study of patients with
advanced cancer led by our radiotherapy department on survival
in patients with spinal bone metastases and use Baymex to predict,
via classification, a minimum 3-month survival [5]. We furthermore
make comparisons with widely-used, clinically familiar baselines:
logistic regression, decision trees, naive Bayes, and random forest.

Besides observing speedups up to over 54 times on a 16-core
CPU, across datasets, we find that Baymex obtains statistically
similar or better predictive performance than the explainable base-
lines and, in some cases, better than all baselines while producing
transparently inspectable DAGs and conditional probability tables.
Importantly, Baymex finds multiple plausible BN classifiers that
contain predictors consistent with established clinical factors.

2 Background

2.1 Bayesian Networks

A Bayesian Network (BN) is a probabilistic graphical model that
represents a factorized joint distribution over a set of random vari-
ables [33]. A BN is defined by a Directed Acyclic Graph (DAG)
whose vertices represent random variables and whose directed
edges (i.e., arcs) specify parent—child relationships used to factorize
the joint distribution into local conditional probability distributions.
Specifically, let X = (X, ..., Xy ) denote N random variables and
let G = (V, E) be a DAG whose vertices V correspond to the random

The code for Baymex is available at: https://github.com/damyha/baymex.
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variables and edges E connect the vertices. A BN factorizes the joint
probability distribution as follows: p(X) = fil p(X; | pa(Xy)),
where pa(X;) denotes all the variables corresponding to the parent
vertices of the i-th vertex in the DAG.

2.2 Baymex: Learning Discretized BNs

To understand the proposed improvements that we introduce to
Baymex in this paper, we will list core concepts of Baymex here, but
we refer the interested reader to the literature for more details [19].

2.2.1  Mixed Discrete/Real-valued Decision Space. A central feature
of Baymex is its capability to perform multi-objective optimization
in mixed discrete and real-valued search spaces. Baymex models
a BN’s DAG structure using a discrete encoding scheme. For a

network of N vertices, the space of potential edges is defined by
N(N-1)
P

biotal = variables. Each potential edge between vertex i and
j(j > iandi j < N)is modeled as a ternary decision variable
€ {0, 1, 2}, representing no connection, a directed edge i — j, or
a directed edge j — i, respectively. To ensure that every solution
encodes an acyclic graph, Baymex implements a repair mechanism
that identifies and repairs cyclic dependencies.

2.2.2 Discretization. To handle real-valued data, Baymex discretizes
real-valued data during search using bins that are encoded into the
solution. Specifically, for each real-valued feature j, a bin count B},
i.e., the number of bins used to discretize the real-valued data, is
encoded as a discrete decision variable between a minimum of 2
and a user-defined maximum B}“a". In Baymezx, bin boundaries are
defined as the midpoints between consecutive samples. To this end,
the samples are sorted and duplicate values are deleted. An index
in this sorted list then describes between which two consecutive
samples the bin boundary is defined. As there are typically many
indices, a real-valued decision variable is used to this end, which is
rounded to the nearest integer for evaluation. Because depending
on the number of bin boundaries to use, the best bin boundaries
may be in very different locations, in Baymex n — 1 distinct indices
are used for n bins for alln € {2,3, ..., B;?“a"}:

bél > bél’ béz’ szu’ biz’ b{w e
—_— N —

2bins 3 bins 4 bins

Here, bii is the i-th boundary used to separate variable j into k
bins. The value of B; determines which of the bin boundaries in
the representation are active. The other bin boundaries remain in
the solution, but are inactive, i.e., they are introns.

2.2.3  Variation via Gene-pool Optimal Mixing. Baymex combines
core components drawn from different variants of the Gene-pool
Optimal Mixing Evolutionary Algorithm (GOMEA), adapting them
to the requirements of BN learning. For the specific goal of multi-
objective optimization, Baymex draws upon a key component of
multi-objective GOMEA [26]: clustering. Each generation, the pop-
ulation is clustered into k roughly equal groups in objective space,
each addressing part of the approximation front. For each cluster,
Baymex configures variation models separately, to tailor variation
to the local structure of each region. Baymex makes use of three vari-
ation operators: GOM [26], GI-GOM [8], and RV-GOM [7], targeting
BN structure, bin counts, and bin boundaries, respectively. Each of
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these operators combine variation and selection by sampling new
values for a subset of all variables in a solution and accepting the
change only if it does not worsen the solution or if the solution can
be added to the elitist archive. Otherwise, the changes are reverted.
Each such subset is called a linkage set. How the linkage sets and
the sampling procedure are configured, differs per type of variable,
for which we kindly refer to the literature [7, 8, 19, 26].

2.2.4 Elitist Archive. To retain the non-dominated solutions found
during the search, Baymex maintains an elitist archive. While the
implementation supports capacity constraints (see [25]), in our
experiments, the number of non-dominated solutions remains rela-
tively small compared to the target archive size (10,000 solutions).
As a result, the archive functions as a regular elitist archive.

2.2.5 Algorithmic Structure. Algorithm 1 summarizes the key as-
pects of a Baymex generation and explicitly shows the nested loops
over clusters, linkage sets, and solutions. Additionally, it is high-
lighted where offspring are tested for entry into the elitist archive.
For discrete variables, this is immediately after variation of a so-
lution. For real-valued variables, this is after every solution in a
cluster has undergone variation.

Algorithm 1: Pseudocode of Baymex’s optimization loop.

all_offspring_clusters = []
for each cluster
cluster_offspring = []
for each solution in cluster:
cluster_offspring.append(clone(solution))
for each linkage_set in cluster
if linkage_set.type == DISCRETE_GOMEA:
for each solution in cluster_offspring:
9 apply_GOM(solution, linkage_set) # Parallelizable
10 add_to_archive(solution)
11 elif linkage_set.type == DISCRETE_GI-GOMEA:
12 for each solution in cluster_offspring:
13 apply_GI-GOM(solution, linkage_set) # Parallelizable
14 add_to_archive(solution)
15 elif linkage_set.type == REAL-VALUED_GOMEA:
of fspring_for_archive = []
for each solution in cluster_offspring:
apply_RV-GOM(solution, linkage_set) # Parallelizable
offspring_cluster.append(solution)
for each solution in offspring_for_archive:
add_to_archive(solution)
all_offspring_clusters.append(cluster_offspring)
replace_population_with_offspring(all_offspring_clusters)

©® N o s W N =

2.2.6 Interleaved Multi-start Scheme. In Baymex, the need for man-
ual tuning of the population size and number of clusters is avoided
through the use of an Interleaved Multi-start Scheme (IMS). With
IMS, several Baymex instances are managed, each with a distinct
population size and number of clusters. The IMS uses a base popu-
lation size of 30, and a base number of clusters of k = m + 1, where
m is the number of optimization objectives. Every 8 generations
of a Baymex instance, one generation of a Baymex instance is per-
formed with twice the population size and one extra cluster. For
more details of Baymex we kindly refer to [19].

1114

GECCO Companion ’26, July 13-17, 2026, San Jose, Costa Rica

2.3 Bayesian Network Classifier

BNs can be turned into probabilistic classifiers by designating one
random variable as the class label Y and modeling the joint dis-
tribution p(Y, X), from which predictions follow via the posterior
p(Y | X). BN classifiers have been studied for decades [16], span-
ning a spectrum from simple naive Bayes, which assumes feature
independence given the class, to more flexible BN structures that
can capture more complex dependencies [4, 46].

3 Methodology
3.1 Baymex Classifier

In this work, we use BN classification as a real-world test-bed for
Baymex. Accordingly, we adapt Baymex from learning BNs to learn-
ing BN classifiers by minimizing the training cross-entropy loss.
Conditional probabilities are estimated using Dirichlet smoothing
with a uniform Dirichlet prior to handle samples unseen during
training. We retain the core feature of multi-objective optimization
in Baymex and use the BIC complexity term as a second minimiza-
tion objective to trade-off accuracy and model complexity. For BNs,
this is YN, (B; = 1) [Tx;epa(x;) Bi - 1og (2), where n is the sample
size. We keep the search space unchanged so that improvements
obtained with Baymex for classification remain directly translatable
to BN learning.

3.2 Parallelization

As can be seen in Algorithm 1, variation in Baymex proceeds by
by looping over clusters and, within each cluster, over linkage sets,
applying variation to every solution. Consequently, parallelization
of solution variation and evaluation can be done straightforwardly
for the innermost loops (Lines 8, 12, and 17). However, updating the
elitist archive remains a strictly sequential operation, necessitating
the use of mutex semaphores (i.e., locks that ensure that only one
parallel thread can access the elitist archive at a time).

Furthermore, the GI-GOM operator cannot be parallelized with-
out making changes on an algorithmic level because in GI-GOM
every solution exchanges genes with a random other solution se-
quentially. Therefore, concurrent threads can interfere by select-
ing the same partners, violating the operator’s sequential design.
For parallelization, alternative formulations are required which
pre-compute exchange partners. Although this does not diminish
the speed-ups achievable through parallelization, it introduces mi-
nor algorithmic differences relative to the original GI-GOM. As
demonstrated in the supplementary materials, these differences
do not affect optimization performance compared to the original
GI-GOMEA [8].

Finally, Parallelization of GOM has no algorithmic implications,
as each variation can be done fully independently.

3.3 Adaptive Steering

Early experiments with Baymex for learning BN classifiers resulted
in large approximation fronts on the training data. However, when
evaluated on validation data, many BNs became dominated, indicat-
ing substantial overfitting. Figure 1 illustrates this behavior on the
SUPPORT dataset (see more in Section 4.2) for which we performed
30 independent runs on 30 different train-validation splits.
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Figure 1: All approximation fronts (cross-entropy loss vs
complexity) over 30 train-validation splits for the training
set (left) and validation set (right). Corresponding solutions
in the training and validation fronts are shown in orange.

Figure 1 (left) shows the approximation fronts obtained on the
training folds, with training cross-entropy loss plotted against the
BIC complexity term. The resulting BN classifiers cover a wide
complexity range, going up to approximately 10'!. We then reeval-
uate the cross-entropy loss and BIC complexity term of these same
BNs on the corresponding validation sets and retain only the non-
dominated solutions. These validation fronts are shown on the right
in Figure 1. The resulting set of BNs constitute a much more narrow
range in terms of complexity, going up to only 10%.

Baymex appears to spend a substantial part of its computation
budget exploring highly complex BN classifiers that perform well on
the training set, but are costly to evaluate. Yet, many of these models
become Pareto-dominated once validation cross-entropy is consid-
ered, indicating that they do not provide real accuracy—-complexity
benefits and are likely overfitting. This observation motivates the
use of mechanisms that bias the search towards regions that are
more likely to generalize well, e.g., [1, 17, 35].

In this work, we take inspiration from [1] and augment Baymex
with a complexity cap that is adaptively guided by observations on
the validation data set during optimization. In addition to having an
elitist archive based on training-data objective values, we maintain
a second elitist archive based on validation-data objective values.
At the start of each generation, the current most complex BN is
extracted from the validation elitist archive. The complexity of this
solution is used as an adaptive reference threshold in the form of a
hard constraint, denoted BICy. Each solution x that gets evaluated
in this generation, is assigned a constraint value that represents
the excessive complexity of that solution, relative to this threshold:
C(x) = max{0,BIC(x) — f:BICy}, where BIC(-) denotes the BIC
complexity term and f; determines the leeway we allow to discover
BNs that are more complex, but have better accuracy. Solutions
with BIC complexities smaller than f.BICy remain unconstrained,
while solutions exceeding f.BICy incur increasing constraint values.
We subsequently use constraint domination [14] to ensure that any
solution that becomes infeasible during variation is rejected, and
any solution that is already infeasible is only modified in ways that
reduce its constraint violation. Empirical evaluation showed that a
leeway factor of f, = 10 provides sufficient flexibility for Baymex
to discover more complex and accurate solutions, ensuring that the
adaptive constraint does not overly restrict the search.

Since the constraint reference threshold is potentially changed
each generation, solutions that were previously constrained may be
no longer constrained in a new generation, or vice versa. For this
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reason, after the constraint reference threshold has been set, we
recompute the constraint values of all solutions in the population.
Additionally, we empty the training elitist archive and reinsert
those original solutions that satisfy the complexity constraint.

4 Experimental Setup
4.1 Training Pipeline

We compare Baymex against well-established baselines using a
common outer train-test split. For the baselines (see Section 4.4.1),
model selection is performed by standard 30-fold cross-validation
on the training set to obtain many validation estimates of Baymex.
Within each fold, candidate models are trained on the training sub-
set, evaluated on the corresponding validation subset, and the model
with the best validation score is selected. The final performance is
then reported on the held-out test set.

Training, Validation and Test Loss over Time

Legend

=== Training Loss - Classical
Training Loss - EA Recent Loss Range
Validation Loss - Classical

= Validation Loss - EA Best Found
Validation Loss - EA Recent Loss Range

=== Test Loss - Classical

== Test Loss - EA (Model with best Validation Loss)
Test Loss - EA Recent Loss Range

<— Loss

Time —>

Figure 2: Example of validation-loss overfitting with an EA
compared to a gradient-based method. EA search evaluates
many more solutions, some with worse training loss but
better validation loss, which increases the risk of overfitting
when selecting the model with the best validation score.

Baymex can follow the standard model-selection procedure, but
it can also use an alternative approach in which a refinement set
is withheld from the training data to guide selection from the val-
idation archive. This is motivated by the EA-based optimization
underlying Baymex: unlike gradient-based methods, it is not re-
stricted to a greedy improvement path in training loss. EA-based
search explores a wider range of loss values, and while some solu-
tions may degrade on the validation set, others may achieve valida-
tion scores that surpass the previous best (see Figure 2). Although
this stronger exploratory capability improves optimization, it also
increases the risk of overfitting when selecting solely based on
validation performance. The refinement set therefore provides an
additional selection step that mitigates this risk. Because overfitting
is typically less severe on the validation set than on the training
set, using a separate refinement set is expected to yield the best
results when sufficient data is available. However, when data is
scarce, splitting off a refinement set may itself induce overfitting,
where models are selected by validation performance from the final
elitist archive based on training loss, preferable.

4.2 Datasets

We evaluate Baymex and the baselines on three clinical datasets (de-
scribed below) with a binary overall-survival endpoint, resulting in
a binary classification task. When a dataset does not define a fixed-
horizon target, we set a clinically meaningful prediction horizon
and convert the recorded overall-survival time into a horizon-based
label where 1 means survival, and 0 means the patient has deceased
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before the prediction horizon. Since most datasets include censored
individuals (i.e., the event has not yet occurred at analysis time),
the true survival time is not always observed. We therefore con-
sider each patient’s minimum survival time for the classification
task, defined as the last available follow-up time (time of death if
observed, censoring time otherwise).

SUPPORT. This is a cohort of hospitalized adults. The data con-
tains 14 features including demographic variables, comorbidities,
chronic comorbidities, physiological measurements, and laboratory
values [11]. We use a publicly available preprocessed version of
this data [22] and create a training/validation (Nixin = 7, 985) and
held-out test (Niest = 888) partition that has no missing values. We
applied semantic remapping (real-valued to ordinal or categorical)
where clinically meaningful. The exact remapping is provided in
our supplementary material.

RADCURE. This is an open-source head-and-neck cancer radio-
therapy dataset comprising tabular features and CT images [44].
Here, we only use tabular features. We removed patients with miss-
ing values and collapsed rare discrete values based on methods in
[28]. We used the provided time-to-event feature to predict two-year
survival, as was done in the RADCURE challenge [44]. The selected
features (16) and preprocessing steps (filtering and remapping) are
fully specified in our supplementary material. After preprocessing,
the cohort is reduced to a training/validation set of Nirin = 2,154
samples and a held-out test set of Niest = 364 samples.

Spinal Metastases. This is a dataset from a study led by our clini-
cal department on the survival of patients with advanced sympto-
matic spinal bone metastases who underwent radiotherapy and/or
surgery [5]. The training/validation set contains Niin = 1, 043 pa-
tients from a single-centre retrospective cohort of patients treated
between January 2001 and December 2010. As an external valida-
tion set, 339 patients that had symptomatic spinal bone metastases
are taken from the national Dutch bone metastases study [39]. The
datasets contain 16 features and are preprocessed according to
[5, 36] and a minimum three-month survival is predicted. Due to
privacy regulations, this dataset is not publicly available.

4.3 Baymex Efficiency Enhancements

All runs to study Baymex enhancements were executed on an AMD
EPYC Genoa 9654 with a wall-clock budget of 24 hours per fold.
Here, we use the SUPPORT dataset, as it is our largest dataset
and thus the case where search-efficiency enhancements are most
needed. Because larger starting populations in IMS typically require
more time to reach good solutions, whereas smaller populations
offer less parallelization potential, we considered a range of mimi-
mum IMS population sizes: 30, 120, 480, and 1920. Three types of
enhancements were studied.

4.3.1 Parallelization. We ran Baymex in two configurations: the
original serial version on a single CPU core, and the parallelized
version on 16 CPU cores.

4.3.2  End-Of-Generation (EOG) Elitist Archive Update. We study
how updating the elitist archive at the end of each generation, rather
than during variation, affects the search efficiency of Baymex.
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4.3.3 Adaptive Steering. We study how adaptive steering influ-
ences the search efficiency of Baymex.

4.4 Clinical Data Classification

All runs of Baymex for clinical data classification were done with
the parallel variant of Baymex with adaptive steering. The experi-
ments on the SUPPORT and RADCURE datasets were performed
on 16 AMD EPYC Genoa 9654 cores. Due to privacy restrictions,
experiments on the spinal metastases dataset were performed on
our in-house HPC system using 16 Intel E-2690 cores.

4.4.1 Baseline Classification Algorithms. We compare Baymex to
four widely-used, well-established baselines.

(1) Decision Tree (DT)

(2) Random Forest (RF)

(3) Binary Logistic Regression (LR)
(4) Naive Bayes (NB)

We explicitly do not include models based on deep neural net-
works as they are not inherently interpretable. While the same can
be said for RF, we include it because despite its limited intrinsic
interpretability, it is often used as a standard baseline for tabular
data, known for its strong and often-reported accuracy.

We use the same 30 training splits for all algorithms. For each
baseline, we evaluate various hyperparameter settings (see supple-
mentary material) and report the results obtained with the settings
that achieved the best validation or refinement performance.

Decision Tree. A DT classifies data by repeatedly splitting data
along branches based on features that best separate the target
classes. A single DT can be highly interpretable when it remains
small. Furthermore, a smaller tree can reduce overfitting. Therefore,
for DT, we tune the maximum depth, minimum samples per split,
and cost-complexity pruning strength (ccp_alpha).

Random Forest. An RF is an ensemble model that combines the
predictions of multiple DTs, each independently trained on random
subsets of samples and features. RF provides a strong non-linear
baseline, at the cost of reduced interpretability relative to a single
DT. We train an RF classifier on the cleaned dataset and tune the
number of trees, maximum depth, number of features to select per
tree, minimum number of samples per split, and pruning strength.

Binary Logistic Regression. Binary LR is a statistical method that
models the probability of a two-category outcome by linking fea-
tures to the log-odds of the outcome occurring. LR is considered
interpretable because its coefficients correspond directly to log-odds
changes. Some data preprocessing is however required. Real-valued
data is standardized using z-normalization, categorical data is one-
hot encoded, and ordinal data is left as is. We tune the solver, reg-
ularization type, regularization strength, and for the elastic-net
solver the #; mixing parameter.

Naive Bayes. NB is a probabilistic baseline that assumes condi-
tional independence of features given the outcome. It can be viewed
as a simplified analogue of BN classifiers, without additional learned
structure. To preserve interpretability, we restrict NB to discrete
features. For this, we either remove real-valued features or pre-
discretize the variables using the technique of [15]. We also tune a
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univariate feature-selection step (mutual information or ANOVA
F-score ranking) and the Laplace smoothing strength.

4.4.2  Impression of Baymex’s Multi-Objective Front. To character-
ize the quality of the multi-objective approximation front obtained
by Baymex, we aggregate all solutions over all folds and parti-
tion them into five complexity-based bins to get an idea of test
performance in the groups of models of extreme low- and high-
complexity, the knee region, and the intermediate regions between
them. We construct the bins using both Equal-Width (EW) and
Equal-Frequency (EF) discretization. For each bin, we report the
distribution of test ROC-AUC, providing a clearer picture of how
predictive performance is spread across the obtained front.

4.4.3 Statistical Testing. For each prediction task, we compare
Baymex to the baseline algorithms described in Section 4.4.1 using
the held-out test set. To do so, one needs to perform final model se-
lection, however. Here, for simplicity, we choose the best model on
the validation or refinement set. However, an expert may in practice
choose to study the models and choose a different trade-off between
complexity and validation (or refinement) accuracy. Importantly,
the model with the best validation score may not be the model
with the best test score. This could be another model that could be
selected by an expert. For this reason we show test scores along
the entire front, in bins, in Figure 8. For the best validation/refine-
ment scoring model, we report the median, and 25%-75% quantiles,
test ROC-AUC per algorithm and identify the best-performing al-
gorithm. We then assess whether this best algorithm performs
significantly better than each competing algorithm using a paired
Wilcoxon signed-rank test with o = 0.05. To correct for multiple
testing, we apply a Bonferroni correction. In total, we conduct 34
tests, yielding a corrected significance level of acorr = /34.

5 Results

5.1 Baymex Efficiency Enhancements

10°

—— Ratio Single/Parallel(30)
Ratio Single/Parallel(120)

—— Baymex(30)
Baymex(120)

—— Baymex(480)

—— Baymex(1920)

—— Baymex-Parallel(30)
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—— Ratio Single/Parallel(1920)

«Time(Seconds)
TimeRatio(Seconds) -

_J,/_/'

10!

1.0
le6

0.4 0.6 0.8
Evaluations -

108 108 107 02

Evaluations »
Figure 3: Evaluation throughput of serial and parallel
Baymex on SUPPORT across minimum IMS population sizes.
Left: wall-clock time at matched evaluation counts. Right:
serial-to-parallel wall-clock ratios.

10%

5.1.1 Parallelization. As expected, parallelization yields substan-
tial speedups, increasing with larger IMS minimum population size,
as can be seen in Figure 3. Interestingly, for IMS starting popula-
tion sizes 480 and 1920, the time ratio exceeds the upper bound of
achievable efficiency. The reason for this is that BNs with higher
complexity take longer to evaluate. In parallel Baymex, BNs of
varying complexity are generated at different stages of the search,
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causing solutions to enter the elitist archive in a different order than
in the single-core setting and resulting in different convergence
behavior and solution types being evaluated.

5.1.2  End-Of-Generation (EOG) Elitist Archive Update. Frequent ac-
cess to the mutex-protected elitist archive can become a bottleneck.
Pushing all elitist archive operations to the end of a generation
potentially alleviates this. As expected, reducing the frequency of
elitist archive updates yields additional speedups, particularly for
smaller minimum population sizes in IMS, as can be seen in Figure 4.

—— Baymex-Parallel(30)
Baymex-Parallel(120)

—— Baymex-Parallel(480)

—— Baymex-Parallel(1920)

—— Baymex-Parallel-EOG(30)

—— Baymex-Parallel-EOG(120)
Baymex-Parallel-EOG(480)

—— Baymex-Parallel-E0G(1920)
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Figure 4: Impact of EOG elitist-archive updates in
Baymex-Parallel on SUPPORT, evaluated across IMS
minimum population sizes. Left: wall-clock time at matched
evaluation counts. Right: wall-clock time ratio.
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Figure 5: Effect of adaptive steering on the SUPPORT wall-
clock time ratio for serial and parallel Baymex, with and
without EOG updates, across minimum IMS population sizes.

5.1.3 Adaptive Steering. Figure 5 shows the time ratios of Baymex,
Baymex-Parallel, and Baymex-Parallel-EOG relative to their adap-
tive variants. With the exception of Baymex-Adaptive(1920), adap-
tive steering yields additional speedups. This is because adaptive
steering prevents the construction of overly complex networks,
which are substantially more time-consuming to evaluate. Inter-
estingly, Baymex-Adaptive(1920) shows no speedup before 600,000
evaluations and is even slower than the non-adaptive variant before
100,000. This stems from the warm-up required for the adaptive
reference point, combined with the extra evaluations needed to
re-evaluate constraint values for the entire population.

Overall, these results, together with those from the previous
subsection on parallelization, show that to fully exploit N parallel
computation cores, it is advantageous to start from an IMS popula-
tion size that is (much) larger than the default 30 for serial Baymex.

5.1.4 Impact of Baymex Enhancements on Accuracy. Beyond speed-
ing up evaluations, an important question is how the enhancements
affect accuracy over time, as they also modify algorithmic behav-
ior. Figure 6 shows the normalized cross-entropy loss of the best
solution in the validation elitist archive over time for the different
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Baymex variants. For each variant, we present the configuration
with IMS minimum population size for which the median (taken
over 30 runs) training accuracy of the best-in-front solution found
by serial Baymex is matched in the shortest median time.

T T

—— Baymex(1920)
Baymex-Adaptive(480)

—— Baymex-Parallel(1920)

—— Baymex-Parallel-Adaptive(480)

—— Baymex-Parallel-EOG(480)

—— Baymex-Parallel-EOG-Adaptive(120)

140

135 1
1
1
1

130

1254

« Best Normalized Cross-entropy Loss Validation Set

10° 104
Time(s) »

Figure 6: Convergence of best cross-validation value in the

validation elitist archive for serial and parallel (EOG/adap-

tive) Baymex on SUPPORT. Solid lines: median. Shaded re-

gions: 25th-75th quantiles. Dashed lines: time to reach origi-

nal serial Baymex’s lowest loss.

10! 102 10°

The three best performing variants all use adaptive steering.
Over time, the adaptive variants increasingly outperform their
non-adaptive counterparts. Baymex-Parallel with adaptive steering
attains the best median validation loss within 24 hours.

Baymex with adaptive steering reaches validation cross-entropy
values comparable to those of serial Baymex approximately 1.6
times faster. Combined with parallel execution and EOG updates,
the acceleration is up to = 54x. To assess whether these efficiency
gains also translate into better performance at different wall-clock
budgets, we perform statistical tests at the end of the 24-hour bud-
get as well as after 1 hour and after 5 minutes. Table 1 confirms
that parallelized Baymex with adaptive steering achieves better
cross-validation losses on all wall-budgets inspected. Furthermore,
parallelism yields statistically significantly faster convergence, as
the best result after 5 minutes is obtained by parallel Baymex. For
larger datasets this difference is expected to only increase.

Baymex variant 5 Min 1 Hour | 24 Hours

Baymex 131(129-135) | 128(126-130) | 127(125-130)

(
Baymex-Adaptive 131(129-134) | 128(126-131) | 124(123-128)

Baymex-Parallel 128(126-130) | 128(125-129) | 126(124-129)

Baymex-Parallel-Adaptive 129(126-132)|125(123-129) | 123(122-127)

Baymex-Parallel-EOG 132(131-136) | 130(127-133) | 128(125-131)

Baymex-Parallel-EOG-Adaptive | 130(129-133) | 128(127-132) | 126(124-130)

Table 1: The median validation cross-entropy loss and (25th-
75th quantiles in brackets) at different wall-clock times. Val-
ues are rounded for readability. Bold entries indicate the
statistically best performing methods.

5.2 Clinical Data Classification

For the final clinical data classification tasks, we used Baymex-
Parallel with adaptive steering with an IMS minimum population
size of 480 as the preferred variant of Baymex. Below, when we
refer to Baymex, we mean this variant.
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Algorithm SUPPORT RADCURE Spinal
DT 0.64(0.62-0.65) | 0.59(0.57-0.60) | 0.74(0.73-0.74)
RF 0.67(0.67-0.68) | 0.63(0.61-0.63) | 0.76(0.74-0.77)
LR 0.65(0.65-0.66)* | 0.61(0.60-0.61) | 0.77(0.75-0.77)
NB 0.61(0.61-0.61) | 0.64(0.63-0.64) | 0.72(0.72-0.72)
B

aymex 0.65(0.65-0.65)* | 0.60(0.59-0.62) | 0.77(0.74-0.78)
(Refinement)
B

ayr‘neX‘ 0.65(0.62-0.65) 0.62(0.61-0.64) | 0.79(0.77-0.80)
(Validation)

Table 2: The median ROC-AUC of the SUPPORT, RADCURE,
and spinal metastases test sets. Numbers between parenthesis
are the 25th-75th quantiles. Bold entries indicate the statis-
tically best performing methods. An asterisk (*) indicates
the statistically best performing method on the SUPPORT
dataset when RF is excluded.

5.2.1 General Baymex Observations. Results for all tested algo-
rithms are summarized in Table 2. For Baymex, both the refinement
approach and the validation approach are shown. As hypothesized,
for larger datasets, the refinement approach is (slightly) preferable,
whereas the converse is true for smaller datasets. In Figure 8, addi-
tional details are shown for all algorithms, with in particular extra
results for Baymex showcasing the performance along the front via
grouping models in separate complexity clusters. Here, only the
most appropriate strategy is shown (i.e., refinement for SUPPORT,
validation for RADCURE and spinal metastases).

5.2.2 SUPPORT. We ran Baymex for each split for 24 hours. The
BN classifier with the best ROC-AUC Test score across 30 splits
is shown in Figure 7. Baymex identified an arc between Race and
Cancer, which is plausible given that race often correlates with
cancer type, see, e.g., [40]. Importantly, we note that the BN captures
statistical dependencies that improve predictive performance, not

necessarily causal relationships.
Respiration
a Rate | Dementia Heart rate Temperaluve V&'ﬁz‘isﬁf
@

S 180 Day (
Survival

Figure 7: The best found BN classifier structure for SUPPORT
(ROC-AUC Test=0.67). Only features connected to the event
node are used by Baymex to predict the outcome.

Table 2 shows that RF statistically outperforms all competing
methods, although the difference with LR and Baymex is extremely
small. When excluding RF due to its limited interpretability, Baymex
is statistically tied with LR.

RF shows a marginally higher ROC-AUC for SUPPORT. While
Baymex has a powerful optimization engine, this result is not en-
tirely unexpected: ensemble trees excel on heterogeneous tabular
datasets and are less affected by structural uncertainty. Baymex, by
contrast, must infer a probabilistic dependency structure, making it
more sensitive to limited signal or noisy features. This can result in
RF holding a slight edge despite overall comparable performance.

5.2.3 RADCURE. We ran Baymex for each split for 24 hours. The
BN classifier with the best ROC-AUC test score across 30 splits is
shown in Figure 9. In addition to the direct predictors of 2-year sur-
vival (HPV, Smoking per Year, ECOG performance status, T-stage,
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Figure 8: The min-max range and median of the test scores for the complexity-based clusters, shown in comparison to the
models selected based on the best validation/refinement score. Left: SUPPORT, middle:RADCURE, right:Spinal metastases.

Smoking
Status

Survival

Figure 9: The best found BN classifier structure for RAD-
CURE (ROC-AUC(Test)=0.68). Only features connected to the
event node are used by Baymex to predict the outcome.

Age, Chemo, and Pathologic diagnosis), Baymex also identified
several dependencies among clinical variables. These include arcs
between N-stage and HPV, T-stage and Age, Smoking Status and
Age, Age and Chemo, and Chemo and Pathologic diagnosis. Except
for Pathologic diagnosis, all of these relationships are clinically
plausible and consistent with known patterns in head-and-neck
oncology [12, 32, 34, 42, 43].

Table 2 shows that, Baymex has the best performance among all
tested algorithms, statistically tied with RF and NB. Moreover, in
Figure 8, we see that multiple clusters contain solutions with even
better test ROC-AUC scores.

5.2.4 Spinal Metastases. We ran Baymex for each split for 6 hours.
The BN classifier with the best ROC-AUC Test score across 30 splits
is shown in Figure 10. A comparison with literature reveals agree-
ment with previously determined clinically relevant factors [5].
Specifically, Baymex identifies all four features reported as most
important, namely: the Karnofsky score, the presence of visceral
metastases and clinical profile variables.

Spinal
Metastasis in
Cervical
Location

Bone

Karnofsky
Peri

Profile Profile

Spinal
Metastasis
Diffused

L

Visceral
Metastasis

Score Category

Spinal
Metastasis in
Thoracic
Location

Spinal

3 Month
Survival

Category

Figure 10: The best found BN classifier structure for spinal
metastases (ROC-AUC Test=0.83). Features in green corre-
spond to the four most important features identified in [5].
Table 2 shows that Baymex performs best among all algorithms,
statistically tied with LR. Also, Figure 8 shows again multiple clus-
ters containing solutions with even better test ROC-AUC scores.

6 Limitations and Future Work

While parallelization and adaptive steering proved effective in im-
proving Baymex’s efficiency, additional gains may be achieved by
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exploiting a key strength of its internal search engine, GOMEA:
partial evaluations. In earlier work where BNs were optimized with-
out a classification task, partial evaluations were not implemented
because one of the optimized objectives (the Kullback-Leibler Di-
vergence [13]) lacks the decomposability required for incremental
score updates. In contrast, BN classification with cross-entropy loss
and BIC complexity is decomposable into local score contributions
for both objectives. However, preliminary experiments indicate that
partial evaluations may introduce a new bottleneck: substantially in-
creased memory consumption due to the need to retain discretized
data and associated probability tables per solution. Addressing this
challenge remains an important engineering task.

Beyond computational efficiency, this study demonstrates that
Baymex can learn competitive BN classifiers from real-world clin-
ical data, but it does not yet leverage Baymex’s multi-objective
capabilities for human-centered model selection or knowledge dis-
covery. A natural next step is to integrate domain experts into the
evaluation loop to assess whether the learned models align with
expert knowledge or meaningfully influence expert beliefs.

Finally, future work should explore how Baymex can support
clinical practice more directly by enabling transparent model selec-
tion and facilitating joint knowledge discovery with clinicians.

7 Conclusion

In this work, we enhanced Baymex, an evolutionary multi-objective
algorithm for Bayesian network structure learning and discretiza-
tion, and adapted it for BN classification. We showed that paral-
lelization and adaptive steering can substantially accelerate the
search procedure. Across three real-world clinical prediction tasks,
including our in-house spinal metastases case, Baymex achieved
performance that is competitive with, and often superior to, estab-
lished machine learning methods such as decision trees, logistic
regression, naive Bayes, and random forests. Importantly, Baymex
also yields transparent models whose learned dependencies can
provide clinically meaningful insights, supporting explainable Al
while remaining state of the art for clinical classification.
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