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Abstract

Summary: We extend an existing classification method for identifying pairs of genes whose joint expression is associated
with binary outcomes to ordinal multi-class outcomes, such as overall survival or disease progression. Our approach,
called multi-class bivariate monotonic classifiers (MBMC), is motivated by the need for interpretable classifiers that can
provide insights into the underlying biological mechanisms. It can be easily adapted to different research questions, such
as identifying gene pair signatures or functional enrichment. We demonstrate that our method is comparable to state-of-
the-art classification approaches in terms of performance while offering the benefit of higher interpretability and adapt-
ability to solve different research questions. Our evaluation on three real-world use cases in glioblastoma, high-grade se-
rous ovarian carcinoma, and breast cancer shows that our approach can effectively predict ordinal outcomes and provide

novel biological insights.

Availability and implementation: The code is available at https://github.com/oceanefrqt/MBMC.

1 Introduction

Advances in transcriptomic profiling, particularly RNA sequenc-
ing (RNAseq), have revolutionized the use of gene expression
and its role in the study of complex diseases such as cancer.
RNAseq provides a comprehensive view of the transcriptome,
enabling the identification of differentially expressed genes
(DEGs) associated with various cancer-related phenotypes, such
as tumor grade, disease progression, or overall survival.
Differential expression analysis, where gene expression levels
are compared between conditions or groups, is widely used to
pinpoint genes that may drive oncogenesis or serve as bio-
markers for clinical outcomes. Among DEGs, monotonically
DEGs (MDEGs; Wang et al. 2015), whose expression levels consis-
tently increase or decrease across an ordered set of clinical
states, such as tumor grades or stages, are of particular interest
(Stroggilos et al. 2022). The identification of MDEGs provides hy-
potheses about genes that are individually related to cancer
progression, offering potential targets for diagnosis and therapy
(Tian 2019).

Many studies rely on the assumption that high or low levels of
potential biomarkers are associated with a risk of disease or any
other relevant outcome. This assumption is restrictive and can
prevent the identification of certain other types of relationships
between biomarkers and outcomes, such as U-shaped relation-
ships, where both low and high levels of a biomarker are associ-
ated with an increased risk of disease. However, in many cases,
the existence of genes that are monotonically related to an out-
come provides a reasonable working assumption for data-
driven learning, especially when both data and prior knowledge
about the relationship between gene expression and the out-
come are limited (Ghosh 2007, Conde et al. 2021).

Note that general monotonic classifiers contain a venerable
workhorse of statistical learning: any linear classifier whose
weights are fixed in sign (e.g. the non-negative-weight versions
of logistic regression, perceptron, or linear support vector ma-
chine; SVM) is itself monotone because the decision function is
an affine map that preserves the coordinate-wise ordering of
the input. Thus, adopting monotonicity does not exclude the
traditional linear modeling paradigm but rather subsumes it
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while still permitting richer non-parametric monotone relation-
ships beyond simple hyperplanes.

Although identifying DEGs and MDEGs provides valuable in-
sight into gene expression patterns, these approaches treat
genes independently and, therefore, cannot capture higher-
order interactions that underlie biological processes. For exam-
ple, in certain glioblastomas, the interaction between TP53 (a tu-
mor suppressor) and MDM2 (an oncogene that inhibits TP53) is a
critical factor for tumor progression. Although TP53 and MDM2
can be identified as DEGs, their individual gene expression does
not capture this interaction. To overcome this modeling limita-
tion, approaches such as top-scoring pairs (TSP), developed by
Frank and Hall (2001), use simple linear decision rules based on
pairs of gene expressions.

Nikolayeva et al. (2018) extended this approach by identifying
monotonic relationships between the expression of two genes
and a binary outcome, relying on bivariate monotonic classifiers
(BMCs). However, clinical outcomes are often not binary, but on
a more diverse discrete scale, i.e. tumor grade, disease progres-
sion, or patient survival. Predicting these outcomes is an ordinal
classification problem, distinct from the more common categori-
cal classification. In other words, ordinal classification algo-
rithms aim to respect the ordered nature of the outcome,
ensuring that predicted categories follow the inherent ranking,
making them particularly suited for cancer-related outcomes
(Chen 2012).

In this paper, we provide a new method for building ordinal
multi-class bivariate monotonic classifiers (MBMC), an exten-
sion of the classifiers described by Nikolayeva et al. (2018), and
to identify pairs of genes of interest. MBMC is primarily intended
as an interpretable gene-pair discovery and screening frame-
work for ordinal outcomes. It can also serve as a lightweight pre-
dictive model, and as an interpretable complement to higher-
capacity predictors when mechanistic insight is desired or lim-
ited data is available for training, as common in many biomedi-
cal applications. We therefore demonstrate the potential of our
approach to advance the understanding of the molecular mech-
anisms underlying cancer.

2 Methods

This section describes the datasets we used for our empirical
evaluation (Section 2.1), followed by a technical description of
the methodologies (Section 2.2). It includes a formal description
of the ordinal classification setting (Section 2.2.1), a detailed de-
scription of the new MBMC approach (Section 2.2.3), and the
state-of-the-art classification methods (Section 2.2.2) we use for
comparison. Section 2.4 provides our interpretation of
the results.

2.1 Datasets

We selected three transcriptomic datasets that focus on cancer
types with well-defined ordinal outcomes. After normalization
(see Supplementary Material, available as supplementary data
at Bioinformatics Advances online, for platform-specific details),
genes were filtered using the median absolute deviation (MAD)
technique (Howell 2005) to reduce dimensionality and improve

signal-to-noise ratio by retaining only highly variable genes
across samples. We acknowledge that MAD filtering, while es-
sential for dimensionality reduction, may exclude genes with
low cross-sample variability that nonetheless have clinical sig-
nificance. MAD-specific thresholds for each dataset are provided
in the Supplementary Material, available as supplementary data
at Bioinformatics Advances online. Each dataset was then di-
vided into training (80%) and testing (20%) subsets using strati-
fied sampling to preserve class proportions.

2.1.1 Glioblastoma dataset

This microarray-based dataset comprises primary tumor sam-
ples from 70 glioblastoma patients collected by the German
Glioma Network (Reifenberger et al. 2014). The patients are di-
vided into 23 long-term (> 36 months overall survival), 16 short-
term (<12 months), and 31 intermediate survivors. The raw
data are available on the NCBI Gene Expression Omnibus
(https://www.ncbi.nlm.nih.gov/geo/, accession GSE53733). The
final analysis included 1836 genes (see Supplementary Material,
available as supplementary data at Bioinformatics Advances on-
line, for preprocessing). The numbers of patients per class for
training and testing are summarized in Table 1.

2.1.2 Ovarian high-grade serous carcinoma dataset

Bulk RNAseq data from the DECIDER project (https://www.decid
erproject.eu) are used to study high-grade serous ovarian carci-
noma (Lahtinen et al. 2023). The cohort includes primary
tumors, intra-abdominal lesions, and ascites from patients un-
dergoing surgery followed by platinum-based chemotherapy
(https://clinicaltrials.gov/study/NCT04846933). Cancer-specific
expression profiles are obtained using the PRISM deconvolution
algorithm (Hakkinen et al. 2021). Patients are classified accord-
ing to their platinum-free interval (PFI): resistant (<6 months),
semi-sensitive (6-12 months), or sensitive (>12 months; Luyckx
et al. 2022). The numbers of genes and class distributions are
summarized in Table 2. Full preprocessing details are provided
in the Supplementary Material, available as supplementary data
at Bioinformatics Advances online.

2.1.3 Breast cancer dataset

The METABRIC cohort (Curtis et al. 2012, Pereira et al. 2016)
includes genomic and transcriptomic data from more than 2000
breast cancer patients (https://www.cbioportal.org/study/sum
mary?id=brca_metabric). We focus on predicting relapse-free
survival (RFS) using transcriptomic profiles. Only patients who
experienced recurrence (n = 630) were included. The RFS values
were divided into three equally sized ordinal classes. After gene
filtering (see Supplementary Material, available as supplemen-
tary data at Bioinformatics Advances online), 1708 genes were
retained. Both training and testing breast cancer datasets in-
cluded the same numbers of samples in relapse categories.
Each category—short-term, intermediate-term, and long-term
relapse—contained 105 tumor samples.

2.2 Algorithmic framework

This section defines the concept of ordinal classification
(Section 2.2.1), introduces our new approach for multi-class or-
dinal monotone classification (Section 2.2.3), and summarizes
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Table 1 Class balance in glioblastoma training and testing datasets.”

Short-term survivors

Intermediate-term survivors

Long-term survivors

Training data 13
Testing data 3

25 18
6 5

@ The numbers represent the number of primary tumor samples from the glioblastoma patients in each category.

Table 2 Class balance in training and testing datasets.?

Sample types Data Platinum-resistant Semi-sensitive Platinum-sensitive
Primary tumors Training 28 34 64
(1126 genes) Testing 7 9 16
Ascites Training 34 22 26
(1295 genes) Testing 9 6 6
Intra-abdominal Training 58 34 62
(1115 genes) Testing 14 9 16

@ The numbers represent the number of samples in each category.

the evaluation metrics and the algorithms to which the method
is compared (Section 2.2.2).

2.2.1 Ordinal classification

Ordinal classification (Gutiérrez and Garcia 2016) corresponds to
the task of predicting an outcome with ordered categories such
as low, medium, and high. Its key characteristic is that it takes
into account the relative ranking of these categories. For exam-
ple, we know that low is worse than medium, and medium is
worse than high.

Monotonic classification is a subtype of the ordinal
classification task in which monotonicity constraints are added,
meaning that the learned relationship between input features
and the outcome is monotonic. A classifier f is called monotonic
if, for any ie{l,...,n} and any A€R, the sign of
f(oooyX,...)=f(...,x;+A,...) does not take on both —1 and 1
over the domain (xi,...,x,) € R".

Ordinal classification performance can be assessed using sev-
eral standard metrics (Gaudette and Japkowicz 2009, Cardoso
and Sousa 2011). In this study, we report results of mean abso-
lute error (MAE), accuracy (Acc), Cohen’s Kappa (x), and the
Matthews correlation coefficient (MCC). These metrics capture
complementary aspects of predictive performance (see
Supplementary Material, available as supplementary data at
Bioinformatics Advances online, for detailed definitions and ad-
ditional metrics). Among them, MAE is particularly well suited
for ordinal data (Gaudette and Japkowicz 2009), as it naturally
accounts for the ordered nature of class labels. To ensure con-
sistency, we assume equal spacing (distance of 1) between con-
secutive classes in all experiments.

2.2.2 Other commonly used classifiers

The scikit-learn library (Pedregosa et al. 2011) offers numerous
implementations of classic classification algorithms, such as de-
cision trees (D7), random forests (RF), logistic regression (LR),
Gaussian processes (GP), and support vector machines with
linear and radial basis function kernels (SVM|j,ear and SVM ).
However, in the versions provided by scikit-learn, the algorithms
typically treat each class as categorical and independent, thus

failing to exploit the information contained in the ordering of
the classes (in the case of ordinal classification). For non-
monotone baselines, we used the widely adopted k-1 reduc-
tion to binary tasks, which incorporates the class ordering
through ordered thresholds but does not impose monotonicity
and does not explicitly model unequal ordinal distances (Frank
and Hall 2001). We interpret these baselines as pragmatic com-
parators to widely-used baselines rather than fully ordinal-
optimized methods, such as cumulative link models or ordinal
SVM-type approaches. The GridSearch method from scikit-learn
was used to systematically explore a predefined range of hyper-
parameters and identify the best combination of parameters for
each model.

2.2.3 Multi-class bivariate monotonic classifier

BMCs can be constructed using an efficient dynamic-
programming regression algorithm Stout (2013). Nikolayeva
et al. (2018) extended this framework by introducing an ensem-
ble classifier, ensembleBMC, to predict binary disease outcomes
from transcriptomic data. In this work, we generalize
ensembleBMC to the multi-class setting, introducing
ensembleMBMC, which is built upon a multi-class extension of
the BMC that we term the MBMC.

To illustrate the operation of the MBMC, consider a dataset
with n samples. Each sample belongs to one of p ordered clas-
ses, with class labels ranging from 1 to p (where p < n). The goal
is to find a set of monotonic functions that separate these or-
dered classes, minimizing the L;-error.

The MBMC is based on the same regression algorithm as tradi-
tional BMC (Stout 2013), which uses a divide-and-conquer strat-
egy to divide any regression problem with more than two
classes into two subproblems when needed, to afterwards
merge the resulting solutions. It consists of recursively dividing
the classes into subgroups (see the Supplementary Material,
available as supplementary data at Bioinformatics Advances on-
line, for an illustration). Initially, all classes are grouped to-
gether. We then split them into two subgroups: one containing
classes 1 to k and the other containing classes (k+ 1) to p. Here,
k is often chosen as the integer part of p/2. Stout (2013) proves
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that the separation function between these two subgroups can
be found in O(nlogn) time complexity. Following this initial sep-
aration, the process can be recursively applied to the resulting
subgroups. Each subgroup is further divided into two based on
class labels, and a separation function is determined for the
new subgroups. This recursive process continues until a separa-
tion function is found for each pair of classes. While the com-
plexity of finding a single separation function is O(nlogn), the
overall complexity of recursively separating all class pairs is
likely closer to O(nplogn) in the worst case, as class sizes can
be imbalanced. The approach requires ordered classes.

Based on the regression algorithm above, the MBMC deter-
mines the pairs of top-performing gene expressions (for reasons
of brevity, from now on, we refer to pairs of genes instead of
pairs of gene expression values) through k-fold cross-validation.

Because candidate gene pairs are ranked by cross-validated
error under a monotone model, the selected top pairs are, by
construction, those best explained by a monotone relationship;
pairs exhibiting strongly non-monotone behavior are automati-
cally discarded during model selection.

Since a simple brute-force method for calculating the perfor-
mance of all existing gene pairs in the dataset is both time con-
suming and memory intensive, we instead apply a preselection
algorithm that acts as a heuristic to determine pairs that per-
form well early on (Fourquet et al. 2025). This preselection iden-
tifies and selects the pairs for which the cross-validation is
calculated, based on the idea that calculating the MAE on the
whole dataset (MAEg,) gives a lower bound on the MAE calcu-
lated with cross-validation (MAEcy). The algorithm takes as a pa-
rameter the minimum number of disjoint pairs, i.e. pairs without
genes in common. The details of the algorithm and a mathemat-
ical proof of the relationship between both types of MAE are in
the Supplementary Material, available as supplementary data at
Bioinformatics Advances online.

We note that the number of gene pairs required can vary
depending on the specific research question. For instance, iden-
tifying a gene signature may only require a small set of 5-10 dis-
joint pairs, whereas functional enrichment analysis typically
benefits from a larger set of 50-200 genes, corresponding to 25-
100 disjoint pairs. However, constructing and analyzing gene
networks may require a set of more than 100 genes. This flexibil-
ity in scale is a key advantage of our approach, as it can be tai-
lored to accommodate different research objectives.

An ensemble model (ensembleMBMC) is constructed using
the method described by Nikolayeva et al. (2018), which involves
determining the optimal number of gene pairs for an ensemble
model and then selecting the top pairs with the constraint that
no pair shares a common gene. For a given input, each pair pro-
duces a prediction and a majority vote over the discrete class
labels produced by each classifier is used to obtain the predic-
tion in the output of the ensembleMBMC. In case of tie, the pre-
diction is biased toward the worst outcome.

2.3 Uncertainty estimation

We estimated the variability in the performance estimates via a
training bootstrap with a fixed test set. On a fixed random 80/20
train/test split, we generated 1000 bootstrap resamples of the
training data; within each resample, we re-selected MBMC pairs,

re-tuned any model hyperparameters, trained the model, and
evaluated on the held-out test set. We report the median and
95% percentile confidence interval of all test-set metrics across
resamples. As the test set was fixed, the confidence intervals re-
flect training-sample variability. The estimated performance
when training on the entire training dataset, along with the
ranking, is available in the Supplementary Material, available as
supplementary data at Bioinformatics Advances online.

2.4 Interpretation

The identification of top-performing pairs is interesting from
both an individual and a group perspective. Individually, each
pair of MBMC relates two genes, capturing their coordinated be-
havior—whether their expressions rise or fall together or vary in-
versely between phenotypes. The MBMCs balance simplicity and
interpretability, identifying gene pairs with robust, easily under-
stood monotonic patterns. By avoiding the rigidity of linear
models and the opacity of complex ones, their bi-dimensional
nature offers a nuanced view of molecular relationships. When
considered collectively, these pairs can be aggregated into gene
signatures or further analyzed through pathway enrichment, as
detailed in the Supplementary Material, available as supplemen-
tary data at Bioinformatics Advances online.

3 Empirical evaluation

This section presents the main results of the empirical evalua-
tion on the different datasets presented in Section 2.1. For data-
sets on high-grade serous carcinoma and glioblastoma and
ovarian cancer, it includes a visualization of the best pairs and a
comparison with other methods in terms of performance and in-
terpretability. The best performing MBMCs are selected using
the algorithm described in the Supplementary Material, avail-
able as supplementary data at Bioinformatics Advances online,
according to three distinct scenarios, with the minimum number
of disjoint pairs serving as the variable parameter to identify the
best performing pairs. This parameter is set to 5, 10, and 20 in
each scenario, and the scenarios are, respectively, labeled as
MBMC-5, MBMC-10, and MBMC-20. Each classifier is trained and
tuned on the training dataset, using a five-fold cross-validation,
and each performance is computed on the testing datasets. For
the breast cancer dataset, the analysis consists in a validation of
the top-performing pairs using Kaplan-Meier curves and log
rank-test on the predictions of the testing data. More detailed
analysis, including complete tables with measurement intervals,
pathway-based evaluations, and visual comparisons for inter-
pretability, is provided in the Supplementary Material, available
as supplementary data at Bioinformatics Advances online.

Table 3 Summary of the number of top pairs and genes identified in
the three scenarios for the glioblastoma dataset.

MBMC-5 MBMC-10 MBMC-20

Number of top pairs 7 23 102
Number of genes among the 12 35 112
top pairs
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3.1 Results on glioblastoma dataset

Table 3 provides the number of identified top pairs and the
number of different genes between these pairs for the
three scenarios.

As the MBMC method produces a set of top-pair classifiers,
the performance was calculated for the testing data for each
classifier, built with the training data. To obtain a single score
per metric for each scenario, the median of the performances
across the top pairs was taken. Moreover, we computed an
ensembleMBMC of five MBMCs (see Fig. 1). Competing classifica-
tion algorithms (listed in Section 2.2.2), trained on all the genes,
were fine-tuned with grid search and adjusted to respect ordinal
constraints. Since RF and decision tree algorithms incorporate
randomness, we evaluated the median performance of 10 runs.

Across the metrics evaluated (Table 4), the algorithms achiev-
ing the strongest overall performance in the glioblastoma sur-
vival classification task were LR, SVM (both linear and RBF
kernels), RF, and the ensembleMBMC approach. These methods
consistently reached median accuracies, exhibited the lowest
MAE values. The bootstrap confidence intervals of these meth-
ods overlap substantially, indicating that performance differen-
ces are small in practical terms; we therefore characterize
ensembleMBMC as competitive rather than clearly superior. In
contrast, the Gaussian Process classifier performed at chance
level across all metrics, while Decision Trees and the smaller
MBMC scenarios (MBMC-5 and MBMC-10) showed weaker
and more variable results. GP performance near chance is
expected in the small-sample/high-dimensional regime of

SPRY1

C7orf57
SLC24A4

0.0 0.5 10 15

KDELR3

transcriptomics, where standard kernels can be poorly matched
and the model may over-regularize despite tuning; we therefore
treat GP as a reference baseline rather than a best-in-class
method in this setting. Although MBMC-20 demonstrated greater
robustness, with tighter interquartile ranges, its overall pre-
dictive performance remained inferior to that of the best per-
forming algorithms. Although not more effective than other
methods, ensembleMBMC achieves performance competitive
with the strongest baselines, allows us to study certain gene
pairs (Fig. 1).

However, the results obtained in Table 4 should be inter-
preted with caution, as the short-term survivor class contains
only three test samples. At this scale, a single misclassification
shifts per-class recall by approximately 33 percentage points,
making point estimates unreliable and highly sensitive to indi-
vidual cases (see Supplementary Material, available as supple-
mentary data at Bioinformatics Advances online, for confusion
matrix). We acknowledge that bootstrap resampling of the test
set, while reported, does not fully mitigate this instability: when
the stratum size is n =3, many bootstrap replicates contain
only one or two unique observations from that class, meaning
the resulting confidence intervals reflect resampling variance
rather than true generalization uncertainty. To account for class
imbalance across datasets, we compute macro-averaged F1 and
balanced accuracy, as these weight each class equally regard-
less of support (Balanced Accuracy = 0.57+[0.33, 0.80], Macro
F1=0.54+[0.27, 0.79]). Nevertheless, no resampling procedure
substitutes for a larger, prospectively collected cohort.
The results on the glioblastoma dataset should therefore be

Classes Classes

PALM3

0.5

' SDK1

Figure 1 Five non-redundant gene pairs chosen for the MBMC ensemble model, predicting overall survival for glioblastoma patients.
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Table 4 Performance evaluation of different models on the glioblastoma dataset.”

MBMC-5 MBMC-10 MBMC-20 ensemble RF DT LR GP SVMinear SVM, ¢
MBMC
Acc  0.43 0.43 0.43 0.50 0.50 0.43 0.50 0.21 0.50 0.50
(0.29-0.50) (0.36-0.50) (0.43-0.50) (0.21-0.64) (0.43-0.61) (0.29-0.64) (0.43-0.64) (0.21-0.21) (0.29-0.71)  (0.43-0.57)
MAE 0.64 0.71 0.68 0.64 0.57 0.68 0.50 1.14 0.64 0.57
(0.57-1.00) (0.57-0.86) (0.64-0.71) (0.43-0.86) (0.43-0.68) (0.43-0.93) (0.36-0.71) (1.14-1.14) (0.36-0.93) (0.43-0.71)
MCC 0.12 0.14 0.21 0.24 0.22 0.16 0.26 0.00 0.28 0.21

(0.00-0.26) (0.06-0.22) (0.14-0.22) (~0.09 to 0.49) (0.03-0.41) (—0.14 to 0.48) (0.05-0.50) (0.00-0.00) (—0.06 to 0.61) (0.00-0.40)

CK 0.11

0.11 0.16 0.19 0.16 0.15

0.20 0.00 0.25 0.13

(0.00-0.21) (0.05-0.17) (0.11-0.20) (~0.05 to 0.43) (0.03-0.35) (—0.13 to 0.46) (0.03-0.43) (0.00-0.00) (—0.05 to 0.57) (0.00-0.33)

@ Metrics include accuracy (Acc), mean absolute error (MAE), Matthews correlation coefficient (MCC), and Cohen’s kappa (CK). Values are reported as
median (5%-95% percentile confidence interval).

Table 5 Genes constituting the ensembleMBMC for the glioblastoma dataset with their role and whether they are already known biomarkers for
overall survival, according to a screening of the literature.

Gene Description Known biomarker for glioblastoma
HR Involved in hair growth and encodes a transcriptional corepressor for No
nuclear receptors, including thyroid hormone and vitamin
D receptors
LY75 Plays a role in regulating immune responses and inflamma- No
tory response
PCED1B Encodes a member of the GDSL/SGNH-like acyl-esterase family, Yes [cell proliferation and tumorigenesis in Yao
which functions in modifying biopolymers on the cell surface through et al. (2020)]
hydrolysis; multiple splice variants
SPRY1 Involved in negative regulation of fibroblast growth factor receptor Associated with vascular programs enriched in
signaling pathway IDH-wildtype gliomas (Zhang et al., 2018)
DSG2 Plays a role in cell-cell adhesion, particularly in heart and muscle tis- No
sues, contributing to tissue integrity and function
PALM3 Involved in neuron-specific signaling and synaptic transmission, par- No
ticularly by palmitoylating neural proteins
KDELR3 Plays a role in retrograde transport of misfolded proteins from the Yes. Overall survival: Feng et al. (2024); linked
Golgi apparatus back to the endoplasmic reticulum for with IDH status: Feng et al. (2024)
proper folding
Crorf57 Plays a role in cellular metabolic processes and is involved in the reg-  No
ulation of mitochondrial function, although its exact functions are
not fully understood
SDK1 Plays a role in cell to cell communication, embryonic development, Yes [diagnostic in Wolter et al. (2022)]
angiogenesis, formation of new blood vessels
SLC24A4  Plays a role in transporting ions across cellular membranes Yes [immune response in Wu et al. (2024)]

interpreted as exploratory and hypothesis-generating rather
than confirmatory, and external validation on an independent
cohort remains necessary before clinical conclusions can
be drawn.

To pursue exploration, we examine the genes and pairs of the
ensembleMBMC. Table 5 summarizes the genes, their roles, and
whether they are known as biomarkers in glioblastoma based
on a comprehensive review of the literature. Our focus has been
on studies that highlight these genes as biomarkers for overall
survival, proliferation, and other relevant factors. Although we
have done our best to be precise, we cannot guarantee that all

pertinent research papers have been included, especially for
genes where clear biomarker-related studies were not immedi-
ately apparent.

Among the genes listed, several have known roles in critical
cellular processes such as cell adhesion, signaling, and meta-
bolic regulation. PCED1B, SPRY1, KDELR3, SDK1, and SLC24A4 are
already established biomarkers, with PCED1B linked to cell pro-
liferation and tumorigenesis, SPRY1 correlated with overall sur-
vival, KDELR3 identified as a prognostic indicator for survival
outcomes, SDK1 utilized in diagnostic contexts, and SLC24A4 as-
sociated with immune response dynamics within the tumor



Bioinformatics Advances, 2026, Vol, 6, Issue 1

microenvironment. However, genes such as HR, LY75, DSG2,
PALM3, and C7orf57 have not yet been well-documented as bio-
markers in glioblastoma, although their involvement in key cel-
lular and immune regulatory pathways makes them promising
candidates for future research. It is worth noting that the IDH
genes are absent from our identified genes, despite their central
role in distinguishing IDH-wildtype from IDH-mutant gliomas.
This exclusion occurred during MAD filtering due to low expres-
sion variability in our cohort, which predominantly consists of
IDH-wildtype patients (reflecting the 84% prevalence in glioblas-
toma; Reifenberger et al. 2014). Importantly, Reifenberger et al.
demonstrated that standard differential expression analysis of
IDH-wildtype glioblastomas did not identify genes distinguishing
long-term from short-term survivors, suggesting that survival-
associated molecular patterns in this majority subgroup may be
captured by higher-order relationships between genes rather
than univariate expression differences. For example, the MBMC
approach analyzes the full cohort and identifies monotonic rela-
tionships between gene pairs that may capture survival-
associated patterns across both /DH-wildtype and /IDH-mutant
tumors. Moreover, IDH status is primarily mutation-defined
rather than expression-defined. None of our identified genes
correlate with IDHI or IDH2 expression, indicating they capture
IDH-independent signals.

3.2 Results on ovarian high-grade
serous carcinoma

The first section compares the results between subtypes, while
the second compares them with other classification methods.

3.2.1 Differences between sample types

We analyze the number and composition of the top-ranking
gene pairs identified by the MBMC algorithm in the three sub-
types of ovarian cancer tissue (primary tumors, ascites, and
intra-abdominal lesions). Intra-abdominal samples consistently
yielded the highest number of top pairs in all three MBMC set-
tings (MBMC-5, MBMC-10, and MBMC-20), while primary and as-
cites datasets showed similar but lower counts.

We then examined the overlap of genes between the top pairs
from different tissue types. A randomization test revealed that
the overlap between primary and intra-abdominal samples was
significantly higher than expected by chance (P=2x107%),
while overlaps involving ascites were not significant, reflecting
the distinct biological nature of ascites fluid compared to solid
tumor tissues.

To assess the prediction performance, we analyzed the distri-
bution of MAE values across all possible gene pairs for each sub-
type. The MAE distributions were approximately normal, with
intra-abdominal and primary samples showing more concen-
trated values, while ascites exhibited higher variability. Finally,
permutation tests confirmed that the top gene pairs achieved
MAE values significantly better than those expected by chance
(P<0.05) for all three tissue subtypes.

Detailed methodology, additional statistical analyses, and
complete result tables are provided in the Supplementary
Material, available as supplementary data at Bioinformatics
Advances online.

3.2.2 Performance comparison with other algorithms
to predict PFI

We compared our MBMC method with standard classification
algorithms on the three datasets in Table 6.

In the primary sites subset, performance varies noticeably
across models, with SVM,¢, RFs, and ensembleMBMC forming
the top-performing group. Both SVM.,; and RF achieve high
accuracies (> 0.52) with strong MCC and Cohen’s k values, indi-
cating that they effectively capture the nonlinear and heteroge-
neous structure of primary tumor gene expression. The MBMC-
5/10/20 show limited performance with the increasing numbers
of gene pairs and plateau around 0.41 accuracy with low
correlation-based metrics, suggesting restricted flexibility.
ensembleMBMC, however, substantially improves the frame-
work achieving 0.53 accuracy and the lowest MAE—demonstrat-
ing that aggregating MBMC recovers important signal while
retaining structural interpretability. This pattern highlights that,
while monotonicity constraints alone may be too restrictive,
ensemble-based monotonic modeling offers a competitive alter-
native for this subtype.

The intra-abdominal subtype presents the greatest predictive
difficulty, with all models performing near chance and most
MCC/Cohen’s k values hovering around zero or slightly negative.
Accuracies span a narrow range (0.28-0.44). Even flexible
nonlinear models such as SVMus and GP achieve only modest
advantages, and their low MCC values suggest limited class sep-
arability. MBMC method perform similarly to weaker baselines,
and ensembleMBMC does not provide measurable improve-
ment. In fact, it slightly underperforms the MBMC-5/10/20, likely
due to increased smoothing in the ensemble amplifying the al-
ready small inter-class differences. Overall, the results under-
score that the difficulty arises from intrinsic overlap between
classes rather than insufficient model complexity, making this
subtype the most challenging for all approaches.

In the ascites subtype, predictive performance improves rela-
tive to the Intra-abdominal group, and the MBMC framework
becomes considerably more competitive. MBMC-10, MBMC-20,
and ensembleMBMC all achieve accuracies around 0.38, with
positive MCC and Cohen’s « values indicating meaningful class
discrimination. The ensembleMBMC, in particular, exhibits the
lowest MAE among all models in this subtype, suggesting more
stable and less error-prone predictions. Although GP reach the
highest accuracy (0.43), their correlation metrics near zero imply
a tendency toward majority-class prediction rather than genuine
class-specific modeling. In contrast, the MBMC models, espe-
cially the MBMC-10, the MBMC-20, and the ensembleMBMC, cap-
ture classes structures more effectively than linear or tree-based
baselines. These results suggest that the ensembleMBMC aligns
well with the biological characteristics of ascites samples, mak-
ing this subtype the most favorable context for MBMC models.
As in the case of glioblastoma, however, note that confidence
intervals among the best methods tend to significantly overlap,
also for other subsets of the data.

3.3 Results on breast cancer

In this analysis, we first study the ensembleMBMC obtained and
validate it using Kaplan-Meier curves and log-rank tests. We
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then study the top-performing pairs to see if, individually, we
can also validate them.

3.3.1 Identification of a gene pair signature with the
ensembleMBMC

As described in Section 3.1, the method developed by
Nikolayeva et al. (2018) allowed us to build an ensemble model
made of MBMCs. The resulting ensembleMBMC contains three
MBMC, with an MAE of 0.62 and an MCC of 0.17 on the testing
data (Fig. 2).

To validate the interest and significance of this model, we pre-
dicted the classes of the testing data and then compared them
with Kaplan-Meier curves and log-rank tests, separating the
samples according to the predicted class. Kaplan-Meier curves
allowed the visual representation of potential differences in re-
lapse between groups, and log-rank tests were used to assess
their statistical significance.

As shown in Fig. 3, the three predicted groups that exhibited
distinct RFS were well-separated and coherent. For example,
the median time to relapse with a probability of 0.5 was approxi-
mately 25 months for the short RFS group, 50 months for the
mid RFS group and 75months for the long RFS group. This
resulted in an approximately 2-year separation between each
successive group, a distinction that is of clinical interest and has
the potential for further study. Moreover, log-rank tests compar-
ing each group, with a Bonferroni-corrected significance thresh-
old of a=0.05/3=0.0167, revealed significant differences
between the three groups. Thus, we conclude that this ensem-
ble of gene pairs effectively predicted whether relapse would oc-
cur in the short, mid, or long term. A threshold-sensitivity
analysis showed that quantitative performance depends on the
chosen class boundaries, with more balanced threshold defini-
tions yielding more informative MCC values than strongly imbal-
anced ones (Table 11, available as supplementary data at
Bioinformatics Advances online).

The results obtained on the METABRIC dataset in Table 7 indi-
cate that the overall performance of the model remains rela-
tively modest, reflecting the intrinsic difficulty of the
classification task. Among all evaluated methods, the best-
performing models are ensembleMBMC, LR, and the SVMs, par-
ticularly with the RBF kernel, which achieves the highest accu-
racy and the strongest global agreement metrics. RF also

Classes

TRIP13

Figure 2 The ensembleMBMC constructed for breast cancer.

delivers intermediate and stable performance, slightly below. In
contrast, the Decision Tree and, most notably, the Gaussian
Process classifier show clearly inferior results, with MCC and
Cohen’s k values near zero, indicating near-random behavior for
GP and limited robustness for DT. The GP classifier yielding con-
stant predictions across all cross-validation runs on the
METABRIC dataset, reflected by zero-width confidence intervals,
might indicate that the model collapsed to a degenerate solu-
tion (likely due to the high dimensionality of the feature space
relative to the kernel’s ability to generalize). The MAE values fol-
low the same pattern as the other metrics: SVMs, LR, and
ensembleMBMC display better calibration with lower errors,
whereas DT and GP produce substantially higher MAE.

The confusion matrix for the METABRIC dataset (Table 8)
reveals a consistent bias toward the intermediate class (class 1)
across all three groups. Among the 105 samples of each class,
per-class accuracies are 39% for class 0, 63% for class 1, and
42% for class 2, with a large proportion of class 0 and class 2

ensembleMBMC

pl = 0.0, p2 = 0.0, p3 = 0.00338

1.09 a —— Predicted as Short RFS
n —— Predicted as Mid RFS
3 0.8+ Predicted as Long RFS
S
wn
L 0.6
()
—
-
v 0.4
0
o}
2 0.2
o
0.0 p—

100 150 200 250
Time in months

0 50

Figure 3 Survival curves for the breast cancer ensembleMBMC,
separating patients according to their predicted RFS. The colors are
taken from those of the MBMCs visualization. The values of p1, p2, and
p3 correspond to the P-values of the log-rank tests between short and
mid RFS, short and long RFS, and mid and long RFS, respectively. To be
significant, P-values must be less than « = 0.05/3 = 0.0167.
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Table 7 Performance of different models on the breast cancer dataset.?

ensembleMBMC RF DT LR GP SVMjinear SVM, ¢
Acc 0.43 0.45 0.38 0.44 0.33 0.42 0.46
(0.41-0.46) (0.40-0.48) (0.34-0.43) (0.40-0.48) (0.33-0.33) (0.38-0.47) (0.39-0.50)
MAE 0.62 0.65 0.77 0.66 1.00 0.75 0.65
(0.60-0.65) (0.61-0.68) (0.70-0.83) (0.60-0.71) (1.00-1.00) (0.69-0.81) (0.59-0.71)
Mcc 0.17 0.17 0.08 0.17 0.00 0.14 0.19
(0.14-0.20) (0.11-0.22) (0.01-0.14) (0.10-0.23) (0.00-0.00) (0.07-0.20) (0.10-0.25)
CK 0.15 0.17 0.07 0.16 0.00 0.13 0.19
(0.12-0.19) (0.11-0.22) (0.01-0.14) (0.10-0.22) (0.00-0.00) (0.07-0.20) (0.09-0.25)

@ Metrics include accuracy (Acc), mean absolute error (MAE), Matthews correlation coefficient (MCC), and Cohen’s kappa (CK). They are reported as median

(5%-95% percentile confidence interval).

Table 8 Confusion matrix for the METABRIC dataset.?

Predicted label

Short RFS Mid RFS Long RFS
True label ~ Short RFS 41 51 13
Mid RFS 20 66 19
Long RFS 7 54 44

@ Rows represent true labels and columns represent predicted labels,
with classes 0, 1, and 2 corresponding to low, intermediate, and high-risk
groups, respectively.

samples being misclassified as class 1 (51 and 54 samples, re-
spectively). Importantly, since the dataset was partitioned into
three equally sized groups, this bias cannot be attributed to
class imbalance. One possible explanation may reside in the en-
semble architecture itself: as each BMC relies on a single gene
pair, the prognostic signal relevant to a given patient may only
be captured by a single BMC (specific to the patient), while the
two others receiving little discriminative signal, could tend to
default toward the intermediate class. Majority voting would
then amplify this default, diluting the signal of the informative
BMC and systematically pulling predictions toward class 1.

Interestingly, the Kaplan-Meier analysis revealed that the
ensembleMBMC effectively distinguished between the different
RFS groups. This discrepancy underscored the challenge of us-
ing traditional metrics to accurately assess model performance
in a multiclass biomedical context. One possible reason for this
disparity could be that the metrics did not adequately capture
the temporal dynamics of the data that were reflected in the
ensembleMBMC.

We note that the analysis was restricted to patients with ob-
served recurrence as the ordinal outcome requires all patients
to have experienced the event. This selection criterion introdu-
ces conditioning bias and limits the applicability of results to re-
current cases only, restraining generalization to the full
METABRIC cohort.

3.3.2 Biological insights by looking at the top-
performing pairs

We then studied the pairs obtained with a parameter k=5.
Proceeding in the same way as for the ensembleMBMC in
Section 3.3.1, we predicted the testing data on the eight

identified top-performing pairs, trained with the training data,
and separated them into three groups for the Kaplan-Meier
curves (see Supplementary Material, available as supplementary
data at Bioinformatics Advances online). We also used a logarith-
mic rank test to statistically compare survival curves, with a sig-
nificance threshold of a = % = 0.002. The first observation was
that, for each pair, the positions of the curves to one another
were consistent with the predictions. Of the eight pairs, none
were significantly different between the three prediction groups.
However, for each pair, only one test between two groups was
not significant, either short versus mid or long versus mid RFS.
This indicates that samples predicted to have medium RFS
sometimes had recurrence profiles similar to those with short
RFS and other times to those with long RFS. Consequently, indi-
vidually, the gene pairs did not significantly distinguish the three
RFS classes. Further investigation could help to understand
which genes differentiate (or fail to differentiate) the mid RFS
class. A detailed illustration, including the Kaplan-Meier curves
for the eight top-pairs and the statistical tests, is provided in the
Supplementary Material, available as supplementary data at
Bioinformatics Advances online.

4 Discussion

We introduced MBMC, an interpretable monotonic ordinal classi-
fier that identifies gene pairs whose joint expression is associ-
ated with ordered clinical outcomes. Additionally, MBMC can
serve as a lightweight predictive model in resource-constrained
settings or as an interpretable complement to higher-capacity
methods when mechanistic understanding is required for clini-
cal decision-making. Evaluated on three cancer types (glioblas-
toma, ovarian high-grade serous cancer; HGSC, and breast
cancer), MBMC achieves predictive performance comparable
with established methods while offering distinct advantages in
interpretability and biological insight. Each MBMC classifier uses
only two genes with monotonic decision boundaries, enabling
visual inspection, pathway enrichment analysis, and hypothesis
generation about gene-gene interactions. The approach may
capture survival-associated patterns through pairwise relation-
ships not detectable by univariate differential expression analy-
sis. Methodological limitations include potential loss of low-
variance but clinically relevant genes during MAD filtering, and
the inability to handle censored data, unlike Kaplan-Meier
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methods as MBMC requires observed outcomes for all samples,
limiting applicability when events have not occurred. Finally,
while we demonstrated applicability across three distinct clini-
cal settings with robust held-out evaluation within each cohort,
cross-cohort validation within the same cancer type, and with
carefully harmonized endpoints, preprocessing, and platform
differences remains an important next step to assess generaliz-
ability across independent patient populations and different
molecular profiling platforms.

For future work, although we used pathway enrichment
analysis to analyze the biological significance of the identified
gene expression pairs, further investigation could be performed
to understand the underlying biology. For example, the resulting
gene expression pairs can be represented as a network of edges
that connect gene expression pairs, which may provide further
higher-order insight. Advanced network analysis techniques can
be applied to uncover patterns and biological signals within this
network. In addition, future studies can explore the possibility
of stratifying patients according to the gene expression pairs
that are the most predictive of the outcomes, potentially leading
to more personalized and effective treatment strategies.

Extending the pairwise approach to higher orders (three or more
genes) seems like a tempting idea but poses at least two serious
problems. First, strongly increased computational complexity:
while Stout (2013) provided regression algorithms for more than
two features, their computational complexity increases strongly
with their number. In addition, the number of feature subsets to be
tested increases combinatorially. The second concern is overfitting:
even if computational problems can be addressed, the large space
of feasible solutions may lead to too many spurious findings that
are impossible to distinguish from gene sets with a true monotonic
relationship to the outcome.
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