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Abstract

Glioma is one of the most aggressive central nervous system malignancies; yet diagnosis still
depends on invasive neuroimaging and biopsy procedures. Plasma-based protein biomarkers
offer a minimally invasive alternative, but identifying a reliable panel from high-dimensional
proteomic data remains challenging. This study applied differential expression analysis, machine
learning (ML)- based feature selection, and comparative classifier evaluation to identify a plasma
protein panel capable of distinguishing glioma from other cancer types in a pan-cancer proteomics
dataset (n = 1,477 cancer patients, 1,463 plasma proteins). Differential expression analysis
identified 227 wupregulated and 685 downregulated proteins in glioma. Unsupervised
dimensionality reduction showed partial global separability, while supervised approaches
revealed locally coherent proteomic structure. Gene ontology (GO) enrichment analysis identified
catabolic and metabolic processes as the dominant enriched biological processes, reflecting
tumor-driven metabolic reprogramming and extracellular matrix (ECM) catabolism. Consensus
feature selection across Elastic Net (EN), Random Forest (RF), and Support Vector Machine (SVM),
ranked GFAP (mean rank = 2.33), MMP12 (5.0), and ITIH3 (26.0) as the top discriminative
proteins. Classification on an independent test set (n = 442) using the top 30 consensus proteins
yielded AUC = 0.942 for linear discriminant analysis (LDA) (sensitivity = 0.860, specificity =
0.880), AUC = 0.937 for EN (sensitivity = 0.767, specificity = 0.940), and AUC = 0.925 for RF
(sensitivity = 0.837, specificity = 0.960). Repeated cross-validation confirmed that most of the
discriminative information was captured within 3-10 proteins and revealed systematic
interactions between the feature selection method and downstream classifier performance. The
three-protein panel (GFAP, MMP12, ITIH3) achieved AUC > 0.92. Formal statistical comparison
through one-way ANOVA with Tukey post-hoc test confirmed that EN achieved the most stable
classification performance, RF and LDA performed at equivalent levels, while k-nearest
neighbours (kNN) was significantly inferior to all four. The results show that feature extraction
method and classifier choice must be considered jointly in plasma proteomics-based classification
pipelines.



Popular scientific summary

Every year, thousands of people receive a diagnosis of a brain tumor that notably changes their
lives forever. Among the most serious of these are gliomas, a group of brain cancers that originate
from the supportive cells of the brain and range from slow-growing tumors to glioblastoma, one
of the most aggressive and deadly cancers known to medicine. Despite decades of research, the
average survival for the most severe form remains little more than a year after diagnosis, even
with the best available treatments. One of the reasons outcomes remain so poor is that glioma is
often detected too late, at a stage when treatment options are limited. The tumor has already
caused significant neurological damage.

But what if detecting a brain tumor could one day be as simple as a routine blood test? Could a
simple blood test replace brain surgery for detecting brain cancer?

Glioma diagnosis relies on neuroimaging followed by a surgical biopsy. A high-risk procedure
associated with risks, including bleeding, infection, and neurological complications. These
procedures are characterised as expensive, time-consuming, and not always possible depending
on where the tumor is located in the brain. Our blood contains thousands of proteins released
continuously by our organs, immune cells, and tumor cells. When cancer develops, it disrupts
normal biological processes and causes certain proteins to appear in the blood at unusual levels,
effectively leaving a molecular signature of the disease. If that signature could be read, it could
detect brain cancer through only a standard blood test. And here is what this study set out to
explore. Using a large publicly available dataset containing blood protein measurements from
1477 cancer patients representing 12 different cancer types, that arised the question; can we
identify a small, reliable set of blood proteins that consistently distinguishes patients with glioma?

To answer this question, we turned to machine learning (ML), a computer science that teaches
algorithms to find patterns in complex data. Think of it like training a highly observant assistant
who reads thousands of patient files, learns what makes glioma patients different at the molecular
level, and can then recognize those differences. We used three different ML approaches
simultaneously, each with its own way of identifying which proteins matter most, and combined
the results to find a consensus list of the most informative candidates. One protein stood out,
GFAP, a structural protein normally found inside brain cells that leaks into the blood when brain
tissue is damaged or invaded by a tumor. GFAP was ranked as the most important protein by two
of the three methods and was also the protein most frequently identified when blood protein
levels were compared directly between glioma and all other cancer types. This aligns with what
other researchers have found, indicating that our approach is capturing something real and
biologically meaningful. Beyond GFAP, we identified a panel of 30 proteins whose combined
pattern in the blood could distinguish glioma patients from other cancer patients with high
accuracy. Interestingly, we also found that much smaller panels of just 3, 5, or 10 proteins
performed nearly as well, which matters enormously for practical clinical use. A diagnostic blood
test based on three or five proteins is far more feasible, affordable, and scalable. The greater
challenge lay in catching all true glioma cases, a known difficulty when cancer patients are a small
proportion of a large dataset. This is an important limitation to acknowledge, and it points to the
need for future studies with larger, more balanced patient groups. In this study it has been shown
that the plasma already contains the information needed to suspect a brain tumor, and that ML
can help us extract that information in a structured, reproducible way. Since those findings are
exploratory, validation is required before any clinical application. A future where a routine blood
test can flag a potential brain tumor, prompt earlier imaging, and invasive biopsy is not far away.
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Introduction

Cancer

Cancer is a heterogeneous disease, one of the leading causes of morbidity and fatality, that is
rapidly increasing worldwide and constitutes a major public health challenge (Alvez et al., 2023;
Bray et al,, 2024). According to the World Health Organization (WHO), cancer caused almost 10
million deaths globally in 2020, resulting in one of the most frequent causes of death worldwide
(Brown et al.,, 2023; Filho et al,, 2025). The percentage of cancer patients is expected to increase
due to population aging, growth, and the increasing prevalence of modifiable risk factors and
environmental exposures (Bray et al., 2024; Montégut et al., 2024; Siegel et al., 2025). Cancer is a
disease characterized by the accumulation of genetic and epigenetic alterations that disrupt
normal cellular regulation, causing gene silencing, leading to dysregulated gene expression and
uncontrolled cell proliferation, resulting in the creation of malignant cells that initially appear as
a tumor form (Hanahan, 2022; Jones & Baylin, 2007; Schwartz, 2024).

Glioma Cancer

Different types of cancer and tumors occur in the brain; brain tumors, gliomas, are determined by
their cell of origin, which are the most commonly appearing tumors in the Central Nervous System
(CNS) (Sledziniska et al., 2021). The diverse heterogeneity of appearing malignancies underscores
the diagnostic and therapeutic challenges (Louis et al., 2021; Weller et al., 2024). The World
Health Organization Classification of Tumors of the Central Nervous System (WHO CNS)
encompasses glioma classification into four grades, as mentioned by the WHO Classification of
Tumours Editorial Board (2021); ranging from grade I to IV, from non-malignant tumors, to
malignant tumors such as glioblastoma (GBM) (Hart et al., 2024; Neff et al., 2023). Although
primary brain tumors constitute a relatively small fraction of overall cancer incidence, they
contribute disproportionately to neurological mortality (Bray et al., 2024; Ostrom et al., 2023).

Glioma Cancer Classification and Molecular Features

Gliomas, represented by aggressive malignancies, are linked to abnormal proliferation of glial
cells or their progenitors, neural precursors, and stem cells within the CNS (Neff et al., 2023; Niu
et al,, 2020). The cells that undergo this transformation belong to the glial lineage; astrocytes,
oligodendrocytes, and ependymal cells. Depending on which cell type is involved, pathologists
distinguish three main tumor groups on histological examination; astrocytomas,
oligodendrogliomas, and ependymomas (Rajakaruna et al., 2025; Weller et al., 2015; Westphal &
Lamszus, 2015). Glioma development itself is driven by various genetic abnormalities and
modifications, and depending on the mutations involved, different subtypes emerge, varying
greatly in aggressiveness. The worst of these, in terms of malignancy, include the IDH-mutant
astrocytomas, oligodendrogliomas with both an IDH mutation and codeletion of chromosome
arms 1p and 19q (Davalan & Alkins, 2025; Louis et al., 2021). Mutations in IDH1 and IDH2, the
genes encoding isocitrate dehydrogenase, are thought to be among the earliest events in
gliomagenesis, in several glioma subtypes, particularly lower-grade gliomas (LGG). When they
happen, the cell starts churning out an oncometabolite called 2-hydroxyglutarate; this metabolite
affects gene expression and consequently tumor growth (Han etal., 2020; Rajakaruna et al., 2025).



Glioma Subtypes

GBM, appointed by the WHO Classification of Tumours Editorial Board (2021), as the most
aggressive malignancy, replicates at the highest rate yet carries a paradoxically limited mutational
burden; what it lacks in mutation count it offsets with a profoundly immunosuppressive tumor
microenvironment (TME) and a constellation of molecular abnormalities that jointly accelerate
tumor progression (Du etal., 2024; Westphal & Lamszus, 2015). Epidermal growth factor receptor
(EGFR) amplification is the most recurrent driver (Westphal & Lamszus, 2015), alongside
mutations in telomerase reverse transcriptase (TERT) that confer cellular immortality (Xing et al.,
2025), and loss of the tumor suppressor phosphatase and tensin homolog (PTEN), which
regulates cell survival and autophagy (Du et al., 2024; Senhaji et al., 2022). Taken together, these
molecular insults set off broader chromosomal instability, most characteristically, gain of
chromosome 7 alongside loss of chromosome 10, the latter presenting either as partial deletion
of the long arm (10q loss); stripping out critical tumor suppressor genes including PTEN, or as
wholesale monosomy in the most aggressive cases, events that feed sustained aberrant activity
across the RTK/RAS/PI3K, p53, and RB oncogenic signalling axes (Durga & Pusapati, 2025; Ou et
al,, 2020; Yadav, 2009). Oligodendrogliomas are characterised by the presence of IDH 1p/19q
codeletion, which are associated with better prognosis and therapeutic response; they can be
methylated in genes like CDKN2A/B, p14ARF, or RB1 (Hart et al, 2024; Louis et al., 2021;
Westphal & Lamszus, 2015). Astrocytomas, the most common subtype of LGG, show a wide range
of malignancies that are associated with a poor prognosis (Louis et al., 2021; Weller et al., 2024);
characterized by gene alterations such as IDH1/2 and TP53, which reflect their molecular
heterogeneity and clinical variability (Rajakaruna et al., 2025; Stancheva et al,, 2014).

Glioma Immunology and Tumor Microenvironment

Alongside subtype-level genetics, glioma aggressiveness and disease progression are influenced
by intratumoral heterogeneity and glioma stem-like cells, which are key players in treatment
resistance and recurrence (Hansen & Jackson, 2025; Jiang et al, 2025). The broader TME,
encompassing tumor-associated macrophages (TAMs), microglia, endothelial cells, and
infiltrating immune populations, collectively enforces immunosuppression and promotes
invasion (Cvitkovi¢ et al, 2025; Wang et al,, 2024; Zhang et al,, 2025). TAMs, derived from
microglia and monocytes, are known to oscillate between pro-inflammatory and tumor-
supportive phenotypes, promoting angiogenesis (Davalan & Alkins, 2025; Sledzifiska et al., 2021).
Interleukin-6 (IL-6), tumor necrosis factor-alpha (TNF-«a), transforming growth factor-beta (TGF-
), and the chemokines CCL2 and CXCL8 are found in the body circulation and can be used as
indicators to identify plasma-based biomarkers; while are not exclusively related to glioma and
reflect broader inflammatory responses (Liu & Yu, 2025; Lin et al., 2024; Nicolaou et al., 2025).

Glioma Diagnosed

The manifestation of brain cancer and tumors is contingent upon their precise location within the
brain. These manifestations can encompass headaches, nausea, seizures, alterations in
personality, or particular neurological deficits (McKinnon et al., 2021; Sipos et al.,, 2025). Magnetic
Resonance Imaging (MRI) anchors the diagnostic workup, with fluid-attenuated inversion
recovery (FLAIR) and contrast-enhanced sequences adding resolution on tumor heterogeneity,
vascularization, and parenchymal edema; Computed Tomography (CT) and Positron Emission
Tomography (PET), the latter relying on amino acid tracers such as F-fluoroethyl-L-tyrosine
(FET), contribute structural and metabolic layers (Chaumeil et al., 2016; Kim et al., 2024; Lan et
al, 2024; Ryken et al., 2014). Yet none of these modalities resolve glioma grading and subtype
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differentiation with sufficient accuracy, pushing the diagnostic work-up toward stereotactic
biopsy and histological investigation (Davalan & Alkins, 2025; Jiang et al., 2025). Biomarkers hold
out the prospect of sidestepping this minimally invasive requirement, but the diagnostic pathway
has not shifted away from tissue-based confirmation. Consequently, the biological heterogeneity
of these tumors remains poorly characterised. Together, these gaps sustain the case for minimally
invasive biomarker-driven approaches (Rajakaruna et al., 2025; Senhaji et al., 2022).

Machine Learning in Medicine

Conventional statistical methods have difficulty identifying complex biological datasets, in
contrast with supervised or unsupervised ML applications that enable predictions, as well as
pattern identification from large datasets by capturing complex relations (Rahmani et al., 2021;
Topol, 2019). ML approaches are extensively used in medicine, enabling the leverage data source
consist of clinical variables, medical imaging, or omics data, to facilitate disease diagnosis and
personalized treatment development (Rajkomar et al.,, 2019; Shehab et al., 2022).

Machine Learning Methods for the Following Study

Glioma cancer classification and biomarker identification frequently use both supervised and
unsupervised ML methods, particularly for analyzing high-dimensional datasets. In plasma
proteomics cohort studies, the number of protein features is greater than the number of samples,
so this numerical imbalance affects analytical decisions (Pedersen et al., 2023; Wu et al., 2021).
Principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE)
have both been consistently used across multi-omics oncology datasets; utilized before any
classification, with scope to determine whether tumor-specific molecular profiles actually
produce separable structures (Rahmani et al., 2021; Yadav et al., 2025). Alvez et al. (2023) created
a workflow capable of resolving protein signatures, consisting of dimensionality reduction and
differential expression analysis. Three classifiers keep reappearing in glioma and cancer omics
supervised learning work; Random Forest (RF), Elastic Net (EN), and Support Vector Machine
(SVM); their persistence is not incidental. Each tolerates the kind of data these studies produce:
many features, internal correlation, and sample sizes that rarely match the dimensionality
(Bhatele & Bhadauria, 2022; Pedersen et al., 2023). RF leverages ensemble aggregation to capture
non-linear structures without prior specification of feature-to-subtype relationships, making it
broadly applicable across proteomics classification tasks (Booth et al., 2020; Ding et al., 2025). EN
targets a different problem; in omics datasets, protein features do not behave independently,
destabilising coefficients, inflating false positives, and eroding generalisability. By folding
regularisation and variable selection into a single penalty term, EN keeps models from chasing
correlated noise, which is precisely why it has gained traction in brain cancer data (Mahmood &
Kadir, 2025; Zou & Hastie, 2005). SVM approaches the geometric angle, finding the boundary in
transformed feature space that maximises separation between classes; its ability to model
complex non-linear relationships made it applicable to glioma subtype classification and
molecular biomarker prediction, where molecular profiles are rarely linearly separable (Niu et al.,
2020; Wu et al,, 2021). Beyond feature selection algorithms, additional supervised classifiers are
commonly employed to evaluate the predictive ability of candidate biomarker panels. Among
these methods, k-nearest neighbors (kNN) bases predictions in local proteomic similarity, while
Linear Discriminant Analysis (LDA) offers a linear boundary that is easier to interrogate than the
alternatives (Bhatele & Bhadauria, 2022; Boateng et al., 2020). Cross-validation further ensures
the robustness of classification models by reducing potential bias through repeatedly splitting the
dataset into training and validation subsets (Booth et al., 2020). Performance metrics are coming
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in addition to support these results, by measuring the receiver operating characteristic (ROC)
analysis applied to evaluate the model’s capability to discriminate between classes at different
classification thresholds. The area under the curve (AUC) is also a measure of discriminative
effectiveness independent of the threshold. Accuracy measures the proportion of correctly
classified samples, a function resulting from sensitivity and specificity, which reflect the ability to
correctly identify true positive and true negative cases, respectively. Their collective application
tightens predictive accuracy and validates classification outputs in the glioma context (Dang et al.,
2025; Ding et al.,, 2025). Pedersen et al. (2023) tested these in a plasma proteomics environment
and identified circulating biomarkers in malignant glioma using supervised ML feature selection
and proved that the methodology works under structured validation; further supported by Ding
et al. (2025) and Dang et al. (2025). Both these studies applied RF and SVM, demonstrating the
effective extraction of clinically relevant molecular features for biomarker prediction.

Existing Biomarkers and Machine Learning Applications in Glioma

Imaging-Based Biomarkers

Glioma diagnostic biomarkers, according to the WHO classification (WHO, 2021), are separated
into imaging and circulating biomarkers (Hart et al., 2024; Louis et al., 2016). Non-invasive,
imaging-based biomarkers identified through MRI, such as the T2-FLAIR, are signs strongly
associated with IDH-mutant astrocytoma (Adamou et al., 2021). Meta-analysis results reported
40 % of sensitivity and 100% or 97% of specificity, indicating that T2-FLAIR is useful, but it misses
a substantial proportion of relevant tumors, which is biologically informative but clinically
limited, creating the need for the identification of blood-based biomarkers (Adamou et al., 2021;
Do etal, 2022; Weller et al,, 2015).

Circulating Biomarkers

Among circulating biomarkers, for glioma cancer, glial fibrillary acidic protein (GFAP) is the
strongest candidate, particularly for GBM (Alvez et al,, 2023; Van Asperen et al,, 2022). In a meta-
analysis of a previous study, GFAP was detected 62.7% in the serum of patients with grade IV
gliomas and 12.7% of controls, thus demonstrating that it is a useful marker of high-grade disease
(Van Asperen etal., 2022). In early detection, sensitivity is prioritized to avoid missing true glioma
cases; whereas specificity becomes increasingly important when a biomarker is intended to
support diagnosis (Ali etal., 2021; Blums et al., 2026). Blums et al. (2026) evaluated the diagnostic
value of GFAP in the differentiation of GBM from other cerebral neoplasms. A cutoff of 191 pg/mL
had a sensitivity of 84% and a specificity of 75%. Increasing the cutoff to 1000 pg/mL increased
specificity to 95% and sensitivity to 96% when excluding cases of lymphoma from the analysis.
Alvez et al. (2023) identified a plasma signature of three proteins (GFAP, BCAN, and ADAMTS13)
related to glioma occurrence and possibly early-stage tumor biology. Classification models trained
on this signature separated glioma from the other cancer types in the sample well, with an AUC of
0.96. GFAP has a diagnostic value alone, but is more useful in combination with other circulating
proteins (Alvez et al, 2023; Blums et al., 2026; Van Asperen et al,, 2022). Further studies have
come to the same conclusion from a different angle; a two-protein model with GFAP and fatty acid
binding protein 4 (FABP4) had an AUC of 0.98, sensitivity of 93%, and specificity of 90%,
providing more definitive evidence for multi-protein approaches to glioma detection (Ghorbani
etal, 2023). Elevated plasma YKL-40 levels have been associated not only with diagnosis but also
with decreased overall survival and increased tumor burden; thus is a prognostic rather than a
diagnostic circulating marker (Ebrahimpour et al,, 2021; You et al., 2024). The broader plasma



proteomic discovery field is adding to its list of candidates, with FABP4, SERPINA3, and
ADAMTS13 all recently identified, indicating the expanding reach of plasma proteomics as a
platform for glioma biomarker research (Colonne et al., 2022; You et al., 2024; Yuan et al,, 2021).

Circulating Nucleic Acid Biomarkers

Khassenova et al. (2026), evaluated circulating microRNAs (miRNAs) as a biomarker class in
glioma, returning a pooled sensitivity of 83%, specificity of 88%, and an AUC of 0.93, indicating
strong diagnostic capability, further corroborated by He et al. (2021), whose analysis added an
independently derived AUC of 0.84 to this evidentiary base. Prior work has established that
miRNAs can separate glioma patients from healthy controls with considerable accuracy
(Santangelo et al., 2017); where they fall short, however, is clinical standardisation, a threshold
that tissue-anchored markers such as IDH mutations have crossed, but miRNAs have not yet
reached. Circulating tumor DNA (ctDNA) is another type of liquid biopsy, with a pooled analysis
reporting a sensitivity of 69%, specificity of 98%, and AUC of 0.90 for molecular characterisation
(Kang et al., 2020). Recovery rates diverge sharply by sampling source, with ctDNA detection
reaching up to 82% in cerebrospinal fluid (CSF) against only 16% in plasma, with tumor-CSF
molecular concordance approaching 90% (Pérez-Alfayate et al., 2025). This disparity is largely
attributable to the blood-brain barrier (BBB), a limited-permeability protective membrane that
restricts ctDNA passage into systemic circulation, keeping tumor-derived DNA scarce in plasma
circumstances (Figure 1); that, paradoxically, reinforces rather than undermines the rationale for
developing plasma-based biomarker strategies for glioma detection (Estival et al., 2019; Rosas-
Alonso et al., 2024). Inquiry into circulating nucleic acids has since widened beyond ctDNA to
capture epigenetic and fragmentomic dimensions of liquid biopsy; plasma cell-free DNA (cfDNA)
methylation profiling has demonstrated an AUC of 0.99 for glioma detection, a figure that reflects
near-complete discrimination between patients and healthy controls (Nassiri et al., 2020).

bt « = °. =%  Figure 1. Schematic representation of blood-brain barrier (BBB)
PO S e permeability and the release of circulating glioma biomarkers into the
= o Ly < bloodstream. Under physiological conditions (left), BBB is maintained by

icini i o - intact tight junctions. Upon glioma progression (right), BBB integrity

L
S |
L

o becomes compromised through disruption of tight junctions, discontinuity
% of the basement membrane, and astrocyte end-foot retraction, resulting in

S ¢ : increased permeability. This facilitates the release of tumor-derived
- d ‘, proteins, cytokines, microRNAs (miRNAs), circulating tumor DNA
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“ Lale plasma protein biomarkers include such as GFAP, BCAN, and ADAMTS13,
ees [~ and inflammatory mediators, including IL-6, TNF-a, TGF-B, CCL2, and
5 romon =~ - CXCLS8, reflect glioma-associated immune microenvironment remodelling.

Limitations of Current Biomarker Approaches

Although some circulating biomarkers perform strongly in isolation, sensitivity remains a
recurring limitation; while the size of multi-protein panels may limit their clinical applicability
(Alvez et al., 2023; Van Asperen et al, 2022). Although ML has enabled high classification
performance; evaluations of reduced biomarker panels remain limited (Boateng et al., 2020;
Vashistha et al,, 2023). Consequently, plasma protein biomarker identification within the ML
framework shows strong potential for glioma detection. However, further research is required to
establish reduced, robust biomarker panels and early predictors within a unified analytical
framework, thereby enhancing clinical applicability.
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Aim
This study aims to compare different supervised ML models to identify and evaluate an optimal

plasma protein biomarker panel for glioma. To achieve these aims, the following objectives are
defined:

Objective 1: For the characterisation of the global proteomic landscape and separability of glioma
and non-glioma cancer samples in the public pan-cancer plasma proteomics dataset from Alvez et
al. (2023), using dimensionality reduction and differential expression analyses. Objective 1 will
be fulfilled by generating PCA, t-SNE, and volcano plots, followed by the identification of
upregulated and downregulated proteins in glioma and over-representation enrichment analysis
to determine the biological processes associated with the glioma-related proteomic signature.

Objective 2: To identify and prioritize the most informative plasma proteins for glioma
classification using supervised ML-based feature selection approaches. Objective 2 will be fulfilled
by applying RF, EN, and SVM models to the training dataset, extracting protein importance scores
from each method, and integrating the results into a consensus ranking to define a glioma-
associated biomarker panel. The consensus biomarker panel will be ranked based on the rankings
by RF, EN, and SVM.

Objective 3: To evaluate the classification performance of consensus plasma protein panels for
distinguishing glioma from non-glioma cancers using multiple ML models. Objective 3 will be
fulfilled by training classification models based on the selected consensus biomarker panel and
assessing their predictive performance using ROC curves, AUC, accuracy, sensitivity, and
specificity through repeated cross-validation for model comparison.

Objective 4: To compare the performance of different ML models using protein panels of varying
sizes. Objective 4 will be fulfilled by repeating model training and evaluation with limited sets of
high-ranked proteins, and proceeding with comparison with the larger consensus panel to assess
the trade-off between model simplicity and classification accuracy. ANOVA and pairwise Tukey
post-hoc will be employed to compare the performance of the models.

The purpose of this study is to distinguish glioma from non-glioma cancer types and identify a
reduced set of informative proteins capable of supporting robust classification. The expected
results may contribute to the identification of a blood-based biomarker panel that supports earlier
and more accurate diagnosis of glioma. In the long term, this could improve patient outcomes
through earlier treatment while reducing the need for costly and invasive diagnostic procedures.

Materials and Methods

Data overview and separation analysis

Plasma proteomics dataset designed by Alvez et al. (2023), with accession number S-BSST935,
originating from a pan-cancer cohort, was utilized for this study. All analytical work was carried
out within RStudio, employing R software (version 4.5.2) (R Core Team, 2025). To examine the
overarching structure of high-dimensional proteomics data and evaluate the distinction between
glioma and non-glioma cancer samples, a principal component analysis (PCA) was performed,
using the prcomp function and the ggplot2 (version 3.5.2) package (Wickham, 2016). PCA
identifies linear combinations of variables that explain the maximum variance in the dataset
through dimensionality reduction based on correlations among variables; it was used to visualize



variance patterns across the first principal components (Zhang et al., 2019). Because PCA captures
linear sources of variation while utilizing dimensionality reduction, the non-linear dimensionality
reduction method t-SNE was also applied using the Rtsne package (version 0.17) (Nair et al,,
2023); to investigate local clustering patterns that may not be captured by PCA (Yadav et al,,
2025). Differential protein expression between glioma and non-glioma samples, along with its
statistical significance, was then interrogated through a volcano plot (Ebrahimpoor & Goeman,
2021; Kumar et al., 2018); p-values generated via the limma package (version 3.64.3) were then
adjusted using a false discovery rate correction, the Benjamini-Hochberg (BH) method for
multiple testing (Benjamini & Hochberg, 1995). The proteins with an adjusted optimal probability
threshold (cutoff) p-value of 0.05, and higher expression in glioma were defined as upregulated
and selected for subsequent over-representation enrichment analysis. Downregulated proteins
were excluded, due to the primary focus on identifying activated biological processes associated
with glioma progression. Following the over-representation, a functional enrichment analysis was
performed using the clusterProfiler package (version 4.16.0) (Jiang et al., 2025; Wu et al., 2021);
to identify gene ontology (GO) biological processes significantly associated with the upregulated
glioma protein signature (Xu et al., 2024).

Data standardization and training

Missing protein expression values were presented during the preprocessing of the data; these
values were handled to create a complete dataset suitable for predictive modelling. Imputation
was performed by the KNN method, using the caret package (version 7.0-1) as described by
Andersson et al. (2023); in that way, missing values were estimated from the expression profiles
of the nearest neighbouring samples, sidestepping parametric assumptions while preserving the
underlying data structure (Kuhn, 2008). Then, protein features were standardized by being
centered at zero mean and unit variance, ensuring comparable feature scales; preventing proteins
with larger numerical ranges from affecting the model training (Kapoor & Narayanan, 2023). The
data were divided into training (70%) and independent test (30%) subsets by using stratified
sampling implemented through the createDataPartition from the caret package to keep glioma
proportions similar in both sets (Kuhn, 2008; Kuhn & Johnson, 2013). Only the training dataset
was used for model fitting and parameter estimation, while the independent test set remained
unseen until final model evaluation to prevent information leakage and ensure an unbiased
assessment of predictive performance. Three supervised classifiers, RF, EN, and SVM, were
applied to the training data for both glioma classification and feature selection (Urbanos et al.,
2021); leveraging ensemble decision trees, regularised embedded selection, and margin-based
ranking in transformed feature space, respectively. The classification models were trained using
the training set for each method, and protein importance scores were extracted using the
varlmp() function from the caret package (Kuhn & Johnson, 2013). Importance scores quantify
the relative contribution of each protein to the classifier's ability to distinguish glioma from non-
glioma samples.

Biomarker panel creation and model training

The 30 highest-ranked proteins identified by each of RF, EN, and SVM were pooled to construct a
consensus biomarker panel; their overlap was visualised using the VennDiagram package
(version 1.7.3). Proteins were subsequently ordered by mean ranking across methods, and the
leading candidates were compiled into a ranked summary table covering the top 30. SVM was only
used for feature ranking during feature selection, but was not included among the final four
classification models, due to its ability to rank proteins according to their discriminative
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contribution. Four supervised ML models, specifically kNN, RF, EN, and LDA, were then trained on
this protein panel to assess their capacity to discriminate glioma from non-glioma cancers and to
probe whether predictive performance held up across methodologically distinct modelling
frameworks. EN was used as a classifier because of its ability to identify embedded features and
handle multicollinearity in high-dimensional settings (Mahmood & Kadir, 2025; Vashistha et al.,
2023). RF, kNN, and LDA were employed as classification methods, considered as complementary
techniques that indicate regularised linear, ensemble-based, and distance-based learning
paradigms (Urbanos et al,, 2021). All models were trained using the caret package as described
by Kuhn (2008), in R software (version 4.5.2).

Model evaluation

The classification outcomes were evaluated by ROC curves, which were computed using the pROC
package (version 1.18.5), for each model to assess the sensitivity and specificity of the
classification model, while the scores from the AUC were also presented (Robin et al., 2011).
Confusion matrices were used to show the correct and incorrect classification of each class.
Generated with the confusionMatrix function in the caret package can also be used to summarize
classification outcomes, including accuracy, sensitivity, and specificity (Kuhn & Johnson, 2013;
Kuhn, 2008). Due to the imbalanced dataset, with fewer glioma than non-glioma samples,
sensitivity and specificity for the final test-set evaluation were calculated using model-specific
probability thresholds selected from the ROC curves by the Youden index; which identifies the
cutoff value that maximizes the combined sensitivity and specificity of the classifier, thereby
providing a balanced assessment of diagnostic performance (Hassanzad & Hajian-Tilaki, 2024).
To enable a more robust comparison of the performance of EN, RF, KNN, and LDA, independent of
a single random train-test split, repeated cross-validation was performed by repeatedly
partitioning the training data into different folds. During each repetition, the training data were
divided into five folds, with four folds used for model training and the remaining fold used for
validation. This process was repeated until each fold had served once as the validation set, and
the entire 5-fold procedure was repeated 10 times, to reduce the influence of a single random data
partition. For further investigation of the predictive performance and model evaluation, the above
procedures were repeated using protein panels comprising the top 3, 5, 10, 20, 30, 50, and 100
proteins ranked by four ranking strategies; EN-ranked, RF-ranked, SVM-ranked, and Mean-
ranked. This approach provides a more reliable estimate of model performance by evaluating each
classifier across multiple random data partitions and averaging the resulting performance
metrics. The results were compared with the obtained top 30 proteins panel to maintain
comparable classification performance; while classification performance on the independent test
set was also evaluated using the top 3, 5, 10, and 30 proteins from the mean-ranked consensus
biomarker panel. Mean accuracy and AUC values, along with their corresponding confidence
intervals (CI), were reported to evaluate model stability. Mean AUC was selected as the primary
performance measure because it evaluates class discrimination independently of a specific
classification threshold and is less affected by class imbalance than accuracy alone. Mean AUC
values obtained across the repeated cross-validation were then used to compare the
discriminative performance of the four ML classifiers using a one-way repeated-measures
analysis of variance ANOVA. This was followed by a pairwise Tukey post-hoc comparison between
all four classifiers to evaluate which classifiers differed significantly (Shashi & Bhardwaj, 2011;
Tabachnick, 2007). The distribution of the mean AUC values was visualised using boxplots to
assess the variability of classifier performance and identify potential outliers (Spratt & Ju, 2016;
Tabachnick, 2007).
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Results

Data Overview and Separation Analysis

To analyze the global structure of the plasma proteomics dataset and assess the degree of
separation between glioma and non-glioma cancer samples, PCA and t-SNE, were performed on
the full 1463-protein expression matrix, across 1477 cancer patients, after KNN imputation. The
PCA plot (Figure 2A) revealed an overlap between glioma (n = 145) and non-glioma (n = 1332)
samples along the first two principal components (PC1 and PC2). PC1 and PC2 explained with
20,7% and 10% of the total variance, respectively. In the t-SNE plot (Figure 2B), a partial cluster
of glioma samples was observed in the upper region of the two-dimensional space, while the
majority of glioma samples remained embedded within the broader non-glioma distribution. The
glioma subset exhibited a distinct protein expression profile that is not observed in non-glioma
cancers and remains distinguishable in the upper right corner of the t-SNE plot.

PCA of glioma vs non-glioma samples t-SNE of glioma vs non-glioma samples

Group Group

non_glioma

PC2
tSNE2

tSNE1

Figure 2. (A) Principal component analysis (PCA) of glioma vs non-glioma samples, which was performed
on 1463 plasma proteins across 1477 cancer patients, including 145 glioma cancer cases. Each point
represents one patient, colored by group (orange = non-glioma, blue = glioma). PC1 and PC2 are shown on
the x- and y-axes, respectively. PC1 explained 20.7%, and PC2 explained 10% of the total variance. The plot
was generated using the prcomp function and the ggplot2 package in R (version 4.5.2). (B) t-distributed
stochastic neighbor embedding (t-SNE) of glioma vs non-glioma samples. Two-dimensional t-SNE
embedding of 1463 plasma proteins across all patients. Each point represents one patient, colored by group
(orange = non-glioma, blue = glioma), and was generated using the Rtsne package in R (version 4.5.2).

The differential expression analysis of glioma and non-glioma samples was performed using the
limma package, followed by BH correction with an adjustment threshold of p < 0.05, for multiple
testing. The volcano plot (Figure 3) includes the results of the differential expression analysis. A
total of 227 proteins were significantly upregulated, and 685 proteins were significantly
downregulated in glioma compared to non-glioma samples. Highly significantly upregulated
proteins included GFAP (adj. p = 3.58e-204), matrix metalloproteinase 3 (MMP3) (adj. p = 6.58e-
57), prokineticin 1 (PROK1) (adj. p = 1.17e-58), matrilin-3 (MATN3) (adj. p = 2.52e-50), and
interleukin-1 receptor-like 2 (IL1RL2) (adj. p = 1.86e-50). Among the most significantly
downregulated proteins were interleukin-12B (IL12B) (adj. p = 6.79e-96) and coiled-coil domain
containing 80 (CCDC80) (adj. p = 3.03e-82), as well as folate receptor beta 2 (FOLR2) (adj. p =
1.80e-88), osteoglycin (OGN) (adj. p = 1.03e-73), and receptor-regulated SMADs 5 (SMAD5) (adj.
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p = 3.10e-80), representing proteins with both statistically differential expression and
directionally opposing biological signals (Appendix A, Table 1).

Differential protein expression: glioma vs non-glioma
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Figure 3. Volcano plot of differential protein expression: glioma vs non-glioma. Each point represents one
protein. The x-axis shows the mean difference in normalized protein expression (NPX) values (glioma- non-
glioma); corresponding to log2-scaled relative protein abundance, while the y-axis shows -log10 BH-
adjusted p-value. Red points indicate significantly enriched, upregulated proteins (adjusted p < 0.05,log2FC
> 0), blue points indicate significantly downregulated proteins (adjusted p < 0.05, log2FC < 0), and grey
points at mean difference 0; correspond to proteins for which no statistically significant difference in
expression was detected. Statistical testing was performed using limma with empirical Bayes moderation,
followed by Benjamini-Hochberg (BH) correction in R (version 4.5.2).

Gene Ontology Enrichment Analysis

The biological processes that were associated with only the upregulated proteins were identified
in order to evaluate proteins showing increased abundance in glioma, thereby highlighting
biological functions potentially activated in the disease state. These proteins were investigated by
using clusterProfiler to conduct an overrepresentation analysis and following GO Biological
Process annotations. The 227 significantly upregulated proteins from the volcano analysis were
used, and the full set of 1463 proteins served as the background universe. 217 upregulated
proteins were retained for GO enrichment analysis, and 1408 background proteins were included
in the enrichment analysis. The enrichment analysis identified four significantly (adjusted p <
0.05) overrepresented biological processes after BH correction (Figure 4). The most significant
term was catabolic process (GeneRatio = 72/217, adjusted p = 0.002), followed by oxoacid
metabolic process (31/217, adjusted p = 0.014), carboxylic acid metabolic process (30/217,
adjusted p = 0.014), and organic acid metabolic process (31/217, adjusted p = 0.014). Examination
of the enrichment output showed that the three GO categories contained nearly identical protein
sets; oxoacid and organic acid metabolic process contained the same 31 proteins, whereas
carboxylic acid metabolic process contained 30 of these proteins and differed only by the absence
of MPO. This reflects the hierarchical structure of GO, where closely related metabolic processes
often share annotated proteins (Appendix A, Table 2). Thus, the upregulated circulating glioma
signature was dominated by broad catabolic and metabolic processes rather than by a large
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number of lineage-specific developmental terms. This suggests that systemic metabolic
remodeling is a major feature of the plasma proteomic profile associated with glioma.

GO Biological Process enrichment of proteins upregulated in glioma
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Figure 4. Gene ontology (GO) biological process enrichment of proteins upregulated (n = 217) in glioma.
The x-axis shows GeneRatio; corresponding to the proportion of proteins in the input list, and point size
indicates the number of proteins contributing to each term. Color represents adjusted p-values corrected
with Benjamini-Hochberg (BH). The analysis was performed using clusterProfiler in R (version 4.5.2).

Feature Selection and Consensus Biomarker Panel

For the identification of the most distinguishable glioma proteins from non-glioma cancer
samples, protein importance scores were extracted from three supervised ML models. These
models were trained on the full training set (n = 1035), comprising (n = 102) glioma and (n =933)
non-glioma samples following stratified partitioning. Hyperparameter optimization for each
model was performed using 5-fold cross-validation using the caret package, and the protein
importance scores were retrieved using the varlmp() function. For each model, caret evaluated
multiple candidate hyperparameter combinations and selected the parameter set that produced
the highest ROC performance. The RF model showed that the optimal number of predictor
variables randomly selected as candidate features at each tree split (mtry) which estimated 1463,
achieving an ROC of 0.945, on training cross-validation, identified GFAP as the most important
protein, achieving an importance of 100%, followed by BCAN with 20.9%, ITIH3 15.9%, LTBP2
15.8%, and IGFBPL1 with 14.0% (Appendix B, Table 1). The EN model similarly, GFAP reached
100%, and ranked first, with BCAN second, 53.9%, LTBP2 third, 41.3%, followed by 1L24, 17.0%
and ADAMTS13, 16.7% (Appendix B, Table 2). In contrast, the SVM (sigma = 0.000439, C = 4)
ranked the following proteins with the highest importance: CCDC80 first, with 100%, followed by
MMP12 98.2%, TNFRSF9 96.5%, FOLR2 95.3%, GFAP 94.9%, and EFEMP1 93.5% (Appendix B,
Table 3). These results demonstrate that GFAP was consistently prioritized across the models EN
and RF, while in SVM it achieved the fifth place, whereas the full ranking profile differed
substantially depending on the algorithm used. A Venn diagram was constructed to compare the
top 30 proteins identified by each method (Appendix C, Figure 1). Of the 30 proteins selected by
each approach, 2 were shared across all three methods, specifically GFAP and matrix
metalloproteinase 12 (MMP12), 5 were shared exclusively between EN and RF, and 7 were shared
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exclusively between RF and SVM, while no proteins were shared exclusively between EN and SVM.
This limited overlap, particularly the complete absence of EN-SVM shared proteins, confirms that
the three methods capture substantially different aspects of the glioma protein expression profile.
To derive a consensus biomarker panel, the 1463 proteins that were identified from the training
test were assigned their rank independently within each method, and an average rank was
calculated across EN, RF, and SVM. The proteins were then sorted by ascending mean rank, and
the top 30 candidates were compiled into a final consensus panel (Appendix D, Figure 1). GFAP
achieved the lowest mean rank (2.33), confirming its dominant and consistent importance across
all three methods. Second protein was ranked MMP12 with a mean rank 5.0, followed by ITIH3
with 26.0, IGFBP1 with 28.0, and CCDC80 with 28.3. The protein BCAN ranked sixth with a mean
rank of 47.7, despite ranking second in both RF and EN, while the SVM rank was a lower rank of
139. Among the top 30 mean-ranked proteins, 8 appeared as significantly upregulated in the
volcano plot. These proteins were GFAP, Brevican (BCAN), Multiple EGF Like Domains 9 (MEGF9),
neutrophil cytosolic factor 2 (NCF2), Hemoglobin Subunit Theta 1 (HBQ1), Carnosine Dipeptidase
(CNDP1), Tartrate-resistant acid phosphatase 5 (ACP5), and Lysosomal-associated membrane
protein 2 (LAMP2), representing proteins with both statistically differential expression and high
predictive value (Appendix E, Figure 1).

Machine Learning Model Performance on the Test Set

The top 30 proteins from the ranked list were used for training the ML models, specifically EN, RF,
KNN, and LDA, and their performances on the unseen test set were computed (n = 442 patients).
The test set comprised (n = 399) non-glioma and (n = 43) glioma patients. Classification
performance was assessed using accuracy, sensitivity, specificity, and AUC. As shown in Figure 5,
all four models achieved high overall accuracy between 0.878 and 0.948, and high specificity with
a range of 0.880 and 0.965. The final classification metrics after optimization of the decision
threshold by the Youden index are presented in Appendix F, Table 1. The sensitivity appeared
across all models with a range between 0.721 and 0.860, indicating that a substantial proportion
of true glioma cases were misclassified. EN achieved an AUC of 0.937 and sensitivity of 0.767,
specificity of 0.940, with a cutoff value at 0.113, followed by LDA with (AUC = 0.942, sensitivity =
0.860, specificity = 0.880, cutoff = 3.37e-04), this sensitivity rate indicating the strongest ability
to identify glioma cases. RF showed the highest overall accuracy (AUC = 0.925, sensitivity = 0.837,
specificity = 0.960, cutoff = 0.194), while the KNN produced the highest specificity (AUC = 0.870,
sensitivity = 0.721, specificity = 0.965, cutoff = 0.079).

ROC curves by model
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Figure 5. Receiver operating characteristic (ROC) curves for Elastic Net (EN), Random Forest (RF), k-
Nearest Neighbours (kNN), and Linear Discriminant Analysis (LDA) models; evaluated on the independent
test set using the top 30 proteins from the consensus protein panel. The x-axis represents the false positive
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rate (1 - specificity), whereas the y-axis represents the true positive rate (sensitivity). Each curve illustrates
the trade-off between sensitivity and specificity across classification thresholds. The diagonal dashed line
indicates random classification performance. Area under the curve (AUC) values are reported for each
model. Analysis was performed using the pROC package in R (version 4.5.2).

Repeated Cross-Validation and Panel Size Optimization

Since the performance of the ML models, which were trained on the same set, is dependent on
the random split into the training and test datasets, a repeated cross-validation was performed,
by repeatedly reassigning samples to different training and validation folds. Such a method
reduces the influence of a single random split and therefore allows for a more robust comparison
between the ML models. Protein importance rankings were first generated using the training
dataset with EN, RF, and SVM, and fixed panels were then evaluated across cross-validation. For
each ranking strategy, fixed panels consisting of the top 3, 5, 10, 20, 30, 50, and 100 proteins were
defined. These predefined feature subsets were then evaluated within repeated cross-validation,
where models were trained and tested across folds using the same selected features. A reduced
biomarker panel was created for the assessment of the classification performance, which was
repeated using the top 3, 5, 10, and 30 proteins from the mean-ranked panel. The detailed
performance metrics for the reduced panels are provided in Appendix G, Table 1. Performance
remained broadly stable across panel sizes, with several reduced panels performing comparably
to the 30-protein models. Four different feature ranking strategies were used EN-ranked, RF-
ranked, SVM-ranked, and Mean-ranked, for the observation of the mean AUC and the standard
deviation across all folds and repetitions, while model performance was assessed using EN, RF,
kNN, and LDA classifiers (Figure 6). At a panel size 3, RF achieved the highest sensitivity (0.814),
with a specificity of 0.945 and the highest AUC (0.927), whereas EN achieved an AUC of 0.923. At
panel size 5, RF again achieved the highest sensitivity (0.814), with a specificity of 0.960, while EN
achieved the highest AUC (0.929). At panel size 10, RF achieved the highest AUC of all reduced-
panel models (0.955), whereas EN achieved the highest sensitivity (0.791). At panel size 30, LDA
achieved the highest AUC (0.942), while RF achieved the highest sensitivity (0.837), with a
specificity of 0.960 (Appendix G, Table 1). From the panel of EN-ranked features, an increased and
stable AUC was observed for the EN, RF, and LDA models, while the KNN model showed a decrease
in AUC levels. These results similarly appeared in RF-ranked features with a slight increase in the
AUC in the kNN model. In the SVM-ranked features, the EN and LDA models remained with the
highest scores of AUC, whereas the RF model showed a distinct decrease. Overall, the mean-
ranked and EN-ranked feature sets demonstrated comparable performance across panel sizes,
suggesting that most of the discriminative information was captured within 3-10 proteins, with
limited additional gain at larger panel sizes.
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Figure 6. Mean area under the curve (AUC) with 95% confidence intervals (CI) across panel sizes and
ranking strategies was computed based on repeated cross-validation. Mean AUC values are shown for
Elastic Net (EN) (blue), Random Forest (RF) (green), k-Nearest Neighbours (kNN) (red), and Linear
Discriminant Analysis (LDA) (purple) across panel sizes of 3, 5, 10, 20, 30, 50, and 100 proteins. Results are
shown separately for proteins ranked by EN, RF, Support Vector Machine (SVM), and mean rank. Repeated
5-fold cross-validation, with 10 repeats, was performed using the caret package in R (version 4.5.2).

To further evaluate the robustness and stability of the classification models, the distribution of
AUC values obtained from repeated 5-fold cross-validation using the 30-protein consensus panel
was examined across all classifiers using boxplots (Appendix H, Figure 1). The EN classifier
showed the narrowest AUC distribution, with median AUC values approaching 0.99 and reduced
variability across folds. RF and LDA also achieved consistently high classification performance
with comparable AUC distributions, whereas a lower AUC median value appeared for kNN,
characterized by broader variability. To statistically compare classifier performance, a one-way
repeated-measures ANOVA was performed on the repeated cross-validation AUC values obtained
from the 30-protein consensus panel. Pairwise Tukey post-hoc comparisons are summarized in
Appendix I, Table 1. Significant differences were observed between kNN and EN (adjusted p < 1e-
16), kNN and RF (adjusted p < 1le-16), as well as between LDA and kNN (adjusted p < 1e-16),
indicating lower performance of kNN compared with the remaining three classifiers. Significant
differences were also observed between EN and RF (adjusted p < 1e-16) and between EN and LDA
(adjusted p = 3.69e-09), while no statistically significant differences were observed between RF
and LDA (adjusted p = 4.64e-01).

Discussion

The present study integrated differential expression analysis, unsupervised dimensionality
reduction, and consensus ML-based feature selection for the plasma protein biomarker panel
identification capable of distinguishing glioma from non-glioma cancers within a large, publicly
available pan-cancer proteomics dataset designated by Alvez et al. (2023), which comprises 1477
cancer patients, of whom 145 were diagnosed with glioma, and 1463 plasma proteins. The
resulting findings contribute to the alignment and critical characterisation of growing evidence
on whether circulating protein signatures, particularly those reflecting CNS-specific tissue
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damage and tumor-driven metabolic reprogramming, can be leveraged for minimally invasive
glioma detection (Alvez et al., 2023; Van Asperen et al., 2022).

Data Overview and Separation Analysis

PCA was applied to evaluate whether the two groups, glioma and non-glioma, could be separated
based on the full proteomic profile, with the two components resulting in 20.7% in PC1 and 10%
in PC2. These results indicate that the proteomic alterations associated with glioma are dispersed
across multiple dimensions of the plasma proteome, reflecting the complexity of the underlying
biological signal rather than a single dominant source of variation, as confirmed by a substantial
overlap between the glioma and non-glioma samples (Figure 2A). This overlap between samples
was noticeable and consistent with previous studies. This likely reflects the restricted
permeability of proteins derived from the CNS across the BBB (Figure 1), and the simultaneous
predominance of peripheral proteins in plasma, which explains why the glioma-specific
proteomic signal had a weaker strength compared to peripheral cancers (Westphal & Lamszus,
2015). Furthermore, the overall variability, when captured by the first two principal components,
was limited, explaining that the remaining variability was distributed across higher-order
principal components (Jolliffe & Cadima, 2016; Zhang et al., 2019). The t-SNE plot, on the other
hand, enables plotting into two-dimensional space, leading to the creation of a clear, separable
cluster of glioma samples in the upper right corner (Figure 2B). Compared with PCA, t-SNE
produced a clearer separation of glioma samples, suggesting that similarities in their overall
plasma proteomic profiles are more effectively represented using nonlinear dimensionality
reduction, giving the idea for further research for the glioma patients that appeared in the cluster
(Yadav et al,, 2025). Together, these findings revealed the divergence between linear and non-
linear dimensionality reduction techniques, PCA and t-SNE, respectively, showing that t-SNE
effectively exploited the localized glioma signature distributed across multiple correlated
variables, in this imbalanced dataset. However, these differences should not be interpreted as
direct evidence of protein expression within the tumor, since plasma protein abundance is also
influenced by BBB integrity and protein release into the circulation (Figure 1). The volcano plot
(Figure 3), as a workflow part of differential expression analysis, allows the assessment of
fundamental changes in protein expression (Kumar et al, 2018). The volcano plot showed
considerably upregulated and downregulated glioma associated proteins. A total of 227 proteins
were upregulated and 685 were downregulated, suggesting widespread dysregulation of cellular
processes in glioma. According to the Figure 3, GFAP, as the most upregulated protein, can be
explained by its role as the astrocytic intermediate filament released during glial injury, BBB
compromise, and tumor infiltration within different subtypes and grades of glioma (Galstyan et
al,, 2019; Hoiland et al., 2021; Nassiri et al., 2020). The proliferation of macrophages in malignant
gliomas is linked with extracellular matrix (ECM) degradation and tumor invasion, a function
associated with MMP3 and MMP9 proteins (Liu & Yu, 2025). Matrix metalloproteinases (MMPs)
contribute to the assumption that promotes tumor growth and angiogenesis. They are also
associated with the development of an abnormal microvascular network that contributes to
glioma progression. A previous study showed that microvessel density of MMP9 expressing
tumors was measured, with a p-value of 0.03 proving its significance in angiogenesis (Andisheh-
Tadbir et al., 2016). A study by Xue et al. (2017) showed a functional role for these proteins in
glioma development, with a p-value of 0.001 in the analysis of transfected glioma cell proliferation
encoding MMP9, showing that MMP9 overexpression significantly promoted glioma cell growth
and ECM degradation. In addition, they also reported that MMP9 is an index of pancreatic and
head cancer, a fact suggesting the appearance of shared mechanisms across malignancies.
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Mancusi & Monje (2023), where they explained the MMP9 contribution to tumor progression via
crosstalk, which are biological mechanisms shared between glioma and other cancer types, such
as pancreatic and gastric cancers.

Gene Ontology Enrichment Analysis

GO overrepresentation analysis of the 217 significantly upregulated glioma proteins revealed four
statistically significant biological processes following BH correction for multiple testing (Figure
4). Catabolic process was represented by the largest protein count (n = 72), appeared (GeneRatio
=72/217, adjusted p = 0.002), while oxoacid metabolic process, organic acid metabolic process,
and carboxylic acid metabolic process (all adjusted p = 0.014). The enrichment of catabolic and
metabolic pathways reflects the metabolic reprogramming of the tumor, a finding consistent with
previous studies (Strickland & Stoll, 2017), whereby identified how tumor cells adjust their
glucose, lipid, and amino acid metabolism to promote proliferation and adaptation to the TME
(Ching et al., 2015; Strickland & Stoll, 2017). These metabolic adaptations may also alter the
expression and secretion of proteins involved in ECM remodelling, contributing to the distinctive
circulating proteomic signature observed in glioma. However, these findings do not necessarily
indicate increased metabolic activity within glioma tissue itself, as circulating protein levels may
also reflect tumour protein release, BBB disruption, and systemic responses to disease (Figure 1).
In a pan-cancer transcriptomic study, it has been noted that metabolic reprogramming is a shared
feature of multiple types of cancer rather than a specific characteristic of a tissue (Peng et al,,
2018). The matrix degrading proteases MMP3 and MMP9 support the enriched catabolic imprint
because they are involved in both the invasion of tumors and remodeling of tissues in
malignancies of the nervous system (Fillmore et al., 2001; Noel & Sounni, 2013; Sarkar et al,,
2006). The absence of immune- or CNS-specific biological processes in the enrichment analysis
may reflect the restricted permeability of the BBB, or alternatively, the no difference compared to
other cancers in the stage that have been detected. Although the plasma proteome is largely
dominated by proteins derived from peripheral tissues, progressive disruption of the BBB during
glioma development facilitates the release of CNS-derived proteins into the systemic circulation
(Figure 1); enabling established glioma biomarkers, including GFAP and BCAN, enriched in
astrocytes and the brain ECM, respectively, to be detected in plasma despite the substantial
background of systemic proteins.

Feature Selection and Consensus Biomarker Panel

RF and EN achieved an overall importance scores of 100%, supporting a consistent appearance of
GFAP, which is the most prevalent protein, while SVM identified CCDC80 as the most important
protein, as presented in Appendix B (Tables 1-3). In alignment with previous studies, the results
presented in this study further validated GFAP as the most specific circulating biomarker of
glioma (Ebrahimpour et al., 2021; Hoiland et al., 2021; Nassiri et al., 2020). The protein BCAN
ranked second in both RF (20.9%) and EN (53.9%), supporting its role as a brain-enriched ECM
proteoglycan whose plasma concentration rises during glioma-driven BBB disruption and
structural remodelling of brain parenchyma. This finding is consistent with a large-scale pan-
cancer plasma proteomics study where a panel including GFAP and BCAN achieved a classification
AUC of 0.96 (Alvez et al., 2023); supporting the potential value of BCAN in combination with other
plasma biomarkers for the early detection of glioma. The Venn diagram (Appendix C, Figure 1)
revealed that only two proteins, GFAP and MMP12, were shared across all three feature selection
models among the top 30 proteins. The absence of shared proteins between EN and SVM suggests
that the protein subsets most informative for linear penalised regression and margin-based
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classification are largely non-overlapping. This indicates that the discriminative structure of the
glioma proteomic signal is encoded differently depending on the assumed decision-boundary
geometry (Urbanos et al, 2021). MMP12 is a macrophage-secreted matrix metalloproteinase
involved in ECM remodelling, tumor invasion, and inflammatory signalling, whose overexpression
has been documented in LGG and whose concurrent identification here in both differential
expression and multi-method feature selection provides convergent evidence for its relevance as
a circulating glioma marker (Aitchison et al., 2025; Li et al.,, 2024). The consensus panel was
constructed by averaging protein ranks across the three methods and selecting the top 30
candidates by ascending mean rank. As can be seen in Appendix D, Table 1, GFAP retained the
lowest mean rank (2.33), confirming its dominant importance across all three algorithms.
Followed MMP12 with a mean rank of 5.0, ITIH3 with 26.0, and IGFBP1 with 28.0. A mean rank of
28.3 was achieved by CCDC80, which appeared interestingly in SVM and was among the
downregulated proteins in the volcano plot (Figure 3). The highest-ranked proteins highlight
several hallmark features of glioma biology. GFAP reflects astrocytic injury and BBB disruption,
whereas MMP12, ITIH3, and CCDC80 are linked to ECM, tumor invasion, and tumor-stroma
interactions; together with IGFBP1, a regulator of growth factor signalling and metabolic
processes, these findings suggest that glioma classification is driven by a combination of astrocytic
damage, microenvironmental remodelling, and dysregulated cellular signalling rather than a
single biological pathway. Thus, whilst the present analysis centred on upregulated proteins,
downregulated plasma proteins may harbour equally relevant biological signals, conceivably
mirroring tumor-driven attenuation of systemic immune or homeostatic pathways, and merit
dedicated interrogation in future biomarker discovery pipelines (Ali et al, 2021; Alvez et al,
2023).

Machine Learning Model Performance on the Test Set

All four ML classifiers evaluated on the independent test set (n = 442) using the top 30 consensus
proteins achieved high discriminative performance, with AUC values ranging from 0.870 (kNN) to
0.942 (LDA), overall accuracy between 0.878 and 0.948, and specificity between 0.880 and 0.965.
In comparison, Alvez et al. (2023), who used an EN on a focused panel including GFAP, BCAN, and
ADAMTS13 already reported a classification AUC = 0.96 for glioma versus other cancers. The EN
(AUC = 0.937) and LDA (AUC = 0.942) classifiers are similar, despite relying on an unsupervised
consensus panel rather than a focused protein panel. This indicates that mean-ranked feature
selection selects proteins that discriminate glioma similarly to the expert-derived panels. The
strong overall accuracy observed across all models must, however, be interpreted with caution in
the context of a heavily imbalanced dataset, since high accuracy can be achieved by predicting the
majority class in most cases, even without meaningfully discriminating glioma samples (Boateng
et al.,, 2020; Vashistha et al,, 2023). The superior performance of EN (AUC = 0.937) is consistent
with the properties of regularised linear modelling in high-dimensional plasma proteomic data,
where multicollinearity among protein features is substantial. LDA obtained similar
discrimination (AUC = 0.942) and was followed by RF (AUC = 0.925). This suggests that both linear
and non-linear protein interactions contribute to the classification of glioma. The worse
performance of KNN (AUC = 0.870) is likely caused by the high dimensionality and class imbalance
of the dataset, where the predictions based on the local neighbourhood are less reliable (Appendix
F, Table 1). Decision threshold optimisation via the Youden index, applied in the present study,
based on Alvez et al. (2023); which partially mitigates this bias by jointly maximising sensitivity
and specificity rather than overall accuracy (Alvez et al., 2023; Schisterman et al., 2005). The
major limitation of this analysis is that glioma, which comprises only 9.8% (n=145) of the 1,477
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total cases studied, is only a minority of the identified cases (non-glioma, n=1332), as well as the
lack of healthy controls. Class imbalance thus leads to a preference by classifiers to classify all
patients as belonging to the larger class, leading to elevated global accuracy and specificity but
reduced sensitivity on the minority class (Boateng et al., 2020; Gao et al., 2020; Tasci et al., 2025).
Sensitivity ranging from 0.721 to 0.860 in different classifiers could come from a class imbalance
rather than the biomarker panels' limitation. This is supported by the consistently high specificity
scores (0.880 to 0.965) obtained, which reflect classifiers that are excellent at predicting the
majority non-glioma class but tend to misclassify glioma, the minority class. The strong LDA
performance is biologically interpretable (Figure 5): the dominant contribution of GFAP, a protein
with a consistent expression difference between groups, likely renders the decision boundary in
the top-30 protein space largely linear, a structure that LDA, which assumes linear separability
and equal class covariance, is optimally positioned to exploit (Boateng et al., 2020). Given the
dominant contribution of GFAP to classification performance, future analyses should evaluate
biomarker panels excluding GFAP to determine the independent diagnostic value of the remaining
proteins. Although the present study focused on consensus ML-based feature selection, future
comparisons with Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-DA) may help
determine whether similar or complementary biomarker panels can be identified, as
demonstrated in previous glioma proteomic studies (Forsgren et al., 2025; Loding et al., 2024).

Repeated Cross-Validation and Panel Size Optimization

Glioma cases were (n = 145), a smaller number of expected samples, while the random allocation
of glioma samples means that performance estimates may still depend on the particular allocation
of cases across data partitions (Blagus & Lusa, 2015; Steinert et al.,, 2024). The creation of a cross-
validation model had as its objective to reduce the influence of any background noise and obtain
more stable performance across various panel sizes and ranks (Deina et al., 2024; Kuhn & Johnson,
2013). However, due to the small number of positive cases, performance estimates in minority-
class classification may vary substantially depending on how the data are partitioned (Boateng et
al,, 2020; Tholke et al., 2023). All models showed a consistent increase in AUC with panel size,
with performance peaking panel size 3-10 (Figure 6), as can be observed in consistent with
previous reports showing that a small number of highly informative features capture most of the
class discriminative variance (Boateng et al., 2020; Pedersen et al., 2023; Urbanos et al., 2021);
revealing that a diagnosis based on 3-10 plasma proteins is more feasible for clinical translation.
This is supported by Alvez et al (2023), where a panel with 3 proteins achieved an AUC of
approximately 0.92-0.93, with a curated panel (AUC = 0.96), suggesting that GFAP, MMP12, and
ITIH3 collectively encode the core discriminative signal of the full consensus panel. This analysis
is a systematic interaction between the feature ranking strategy and the classifier applied,
highlighting a dimension of ML pipeline design that has received insufficient attention in
published glioma biomarker studies. When features were ranked by EN, the classification models
EN, RF, and LDA maintained consistently high and stable AUC values across panel sizes, while kKNN
showed a marked decrease. Notably, as illustrated in Figure 6, at panel size 10, kNN achieved a
comparatively elevated AUC under EN-ranked features, suggesting that small EN panels produce
a locally structured protein subspace in which Euclidean-distance (ED) based classification is
more effective. Mechanistically, EN selects features through a regularised linear criterion that
tends to retain correlated predictors in groups, potentially producing a compact feature space in
which nearest neighbour voting is effective at small dimensionality (Zou & Hastie, 2005). Among
the feature evaluations, the AUC values across classifiers and panels showed stable and
significantly high AUC values. Interestingly, EN and LDA achieved the highest AUC scores, and RF

20



maintained the strongest sensitivity (Appendix G, Table 1). The observed performance is
consistent with previous studies reporting that EN effectively reduces feature redundancy,
thereby improving the performance of linear classifiers such as LDA in high-dimensional omics
data (Mahmood & Kadir, 2025); while also supporting the use of a consensus feature selection
strategy, as different ML methods capture complementary characteristics. Based on the totality of
the cross-validation results, the recommended pipeline for plasma protein-based glioma
classification is mean-ranked consensus feature selection combined with LDA or RF as the
primary classifier, applied to a panel of 3-10 proteins. This combination maximises AUC while
maintaining clinically relevant sensitivity across repeated random partitions. For applications
where a minimal panel size is prioritised, a three-protein panel (GFAP, MMP12, ITIH3) evaluated
by RF or EN achieves AUC > 0.92, representing a clinically viable starting point for prospective
validation. The systematic evaluation of feature extraction and classifier interactions presented
here constitutes a methodological contribution beyond individual biomarker identification,
providing an evidence-based framework for ML pipeline design in plasma proteomics-based
cancer classification. AUC distributions from the 30-protein consensus panel were examined
across EN, RF, kNN, and LDA via one-way repeated-measures ANOVA (Appendix H, Figure 1),
followed by Tukey post-hoc pairwise comparisons (Appendix I, Table 1). EN returned the
narrowest spread and the highest, most consistent AUC values across repetitions, separating
significantly from both LDA (adjusted p = 3.69e-09) and RF (adjusted p < 1e-16), drawing a clear
statistical boundary. LDA and RF were statistically indistinguishable (adjusted p = 4.64e-01),
suggesting that both linear and nonlinear classifiers converge on comparable discriminative
performance in this proteomic setting. KNN produced the widest distributions and fell
significantly below all three remaining classifiers (adjusted p < 1le-16 in all comparisons),
consistent with the known sensitivity of neighbourhood-based methods to high dimensionality
and class imbalance, marking it as the weakest performer. These findings are coming in relevance
with other biological and computational studies, since proteomic data features are often
correlated and partially overlapping between classes, exactly the conditions where Euclidean
distance (ED) methods like kNN tend to break down, as small local variations in the feature space
get amplified (Andersson et al., 2023; Urbanos et al., 2021). EN's regularisation, RF's ensemble
structure, and LDA's linear boundary all handle these characteristics more effectively, particularly
when the dominant signal comes from a protein as consistent as GFAP. Consequently, these results
reinforce that classifier choice matters and that linear or ensemble-based approaches are better
suited to this type of plasma proteomics classification task.

Ethical aspects, gender perspectives, and impact on the society

A public plasma proteomics dataset derived from the pan-cancer cohort described by Alvez et al.
(2023) was obtained for this study for the identification of potential protein biomarkers for
glioma cancer. The initial study obtained plasma samples according to ethical regulations, while
all the participants provided written informed consent before sample collection. That study was
approved by the Swedish Ethical Review Authority. All plasma samples were collected within the
Uppsala-Umea Comprehensive Cancer Consortium (U-CAN) biobank framework, and all the data
were anonymised prior to analysis, ensuring participant privacy. Regarding sex and gender
perspectives, both male and female cancer patients were included across the cancer types,
including glioma. However, no sex-stratified sub-analyses were performed. Gender perspectives
are not directly applicable to this computational study since no sociological or cultural data were
analyzed.
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The present thesis did not conduct any new biological samples or additional experimental
procedures involving humans or animal models. The project is computational-based work and
relies on secondary analysis of the already identified data, minimizing risks related to participant
privacy and confidentiality. Consequently, no additional ethical approval is required for the
present study. The generated data were used in accordance with the terms and conditions of the
originating database, while data generators were formally citated in the study. Computational
analyses were performed for the identification of potential biomarkers for glioma cancer
employing established statistical and ML methods. The study does not involve genetic
manipulation, clinical preparations, or direct interaction with patients. Regarding the use of Al
tools were only used during the writing process to assist with grammar improvement.

Although the dataset contains clinical proteomic measurements from glioma cancer patients, all
results were interpreted cautiously to avoid overstating the clinical applicability of the findings.
The identified potential biomarker candidates should therefore be considered exploratory until
they are validated in independent cohorts and experimental settings. Moreover, the reporting
practices will be followed to ensure that conclusions remain scientifically robust and do not
contribute to misinformation regarding cancer diagnosis or prognosis. Furthermore, the ethical
considerations of this research rely on robust data handling, transparent data reporting, and
accurate methodology that applies to the data identity and not on the experimental, clinical, or
laboratory risk.

Neuroimaging and invasive surgical biopsy are the current ways of diagnosis for glioma
nowadays. A blood-based protein biomarker panel capable of distinguishing glioma from other
cancer types could facilitate earlier, less invasive diagnosis and improve patient stratification.
Consequently, in the current thesis, an analytical framework was developed, combining
differential expression analysis, consensus feature selection, and comparative ML evaluation,
indicating its transferability for the diagnosis of other cancer types and disease contexts. Leading
the acceleration of the identification of diagnostic protein panels across a wide range of
conditions.

Future perspectives

Future studies should validate the identified plasma protein panels in larger, balanced cohorts
that include healthy controls, patients with neurological diseases, and patients with different
glioma subtypes and tumor grades (Ali et al.,, 2021). External validation is necessary given that
the present dataset is heavily imbalanced, with glioma cases representing fewer than 10% of the
cohort, and that all performance estimates remain internal to a single pan-cancer proteomics
dataset (Alvez et al., 2023). Longitudinal sampling across diagnosis, therapy and follow-up might
establish whether GFAP, MMP12, and BCAN concentrations are correlated with tumor
progression or recurrence and thus transition the panel from a one-off diagnostic tool to a
monitoring tool. Molecular alterations induced by genetic abnormalities can be detected in
different molecular layers, such as ctDNA (Pérez-Alfayate et al., 2025), miRNAs (Khassenova et al.,
2026), long non-coding RNAs (IncRNAs) (Peng et al., 2018), and methylation profiles (Estival et
al,, 2019), alongside plasma proteomics (Rojas-Sanchez et al., 2026), may improve discriminative
performance, particularly for distinguishing glioma subtypes, by creating an overlapping
proteomic signature. Future ML pipelines should continue evaluating feature selection and
classifier choice jointly rather than as independent steps. The minimal three-protein panel (GFAP,
MMP12, ITIH3) warrants dedicated prospective evaluation, since it approaches the performance
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of curated panels and is small enough to be implemented in proximity extension assay, a method
that detects and quantifies specific proteins and combines the specificity of dual antibody
recognition with the sensitivity of qPCR (Zhong et al., 2021) or ELISA-based (Van Asperen et al,,
2022) clinical workflows. ITIH3, ranked third in the consensus panel, remains a candidate worth
functional investigation as an early detection biomarker for glioma, given its role in ECM
stabilization. Together with GFAP and MMP12, it may contribute to compact biomarker panels
suitable for future evaluation in early glioma detection. Although the present analysis identified
ITIH3 and MMP12 as promising biomarker candidates, additional validation is required to
determine their specificity for glioma relative to other cancer types before they can be considered
standalone diagnostic markers. Finally, the BBB remains a fundamental constraint on plasma-
based CNS biomarker discovery; future studies examining how tumor-associated BBB (Wang et
al, 2021),and ECM remodelling (Liu & Yu, 2025); influence circulating protein levels may improve
the biological interpretation of plasma biomarkers and their changes during glioma progression.
Consequently, the application of supervised ML in plasma proteomics could lead to a feasible and
biologically grounded approach to minimally invasive glioma detection. Thus, the current
developed framework may be a starting point for prospective clinical validation.
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Appendix

Appendix A

Table 1. Top 5 upregulated and top 5 downregulated proteins identified by differential expression analysis
between glioma and non-glioma samples after Benjamini-Hochberg (BH) correction for multiple testing.
Positive Normalized Protein eXpression (NPX) differences (ANPX) (glioma/ non-glioma) values indicate
higher protein expression in glioma, whereas negative ANPX values indicate lower protein expression in
glioma. Because NPX values are reported on a log; scale, fold changes were calculated as 2*ANPX.

Protein Regulation NPX Fold_channge P value Adj. P. value
GFAP Upregulated 3.69 12.90 2.45e-207 3.58e-204
PROK1 Upregulated 1.64 3.12 8.76e-61 1.17e-58
MMP3 Upregulated 1.42 2.67 5.39e-59 6.58e-57
IL1R2 Upregulated 0.44 1.35 2.42e-52 1.86e-50
MATN3 Upregulated 0.88 1.84 3.45e-52 2.52e-50
IL12B Downregulated -2.22 0.21 9.29e-99 6.79e-96
FOLR2 Downregulated -0.88 0.54 3.69e-91 1.80e-88
CCDC80 Downregulated -1.34 0.40 8.28e-85 3.03e-82
SMADS5 Downregulated -0.67 0.63 1.06e-82 3.10e-80
OGN Downregulated -1.27 0.41 4.24e-76 1.03e-73
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Table 2. Protein overlap among significantly enriched metabolic Gene Ontology (GO) biological processes
identified from upregulated (n = 217) glioma-associated plasma proteins. The table shows the protein
composition of the three significantly enriched metabolic GO terms obtained from over-representation
analysis. Oxoacid metabolic process (G0:0043436) and organic acid metabolic process (GO:0006082)
contained identical protein sets (31 proteins), whereas carboxylic acid metabolic process (G0:0019752)
contained the same proteins except for myeloperoxidase (MPO). Check marks (V) indicate inclusion of a
protein, while (-) indicates the absence of a protein within the corresponding GO term.

Protein Oxoacid metabolic Carboxylic acid Organic acid
process metabolic process metabolic process
(GO:0043436) (G0:0019752) (G0:0006082)
AGXT v
ALDH1A1
ARG1
ASAH2
CEACAM1
CES1
CES2
CPA1
DCXR
DDC
DPEP1
GGT1
GGT5
HAGH
HAO1
KYNU
LEP
LPL
MPO
NAAA
PFKFB2
PKLR
PLA2G10
PLA2G1B
PNLIPRP2
PON3
SCLY
SORD
ST3GAL1

N N N SN OO N O S N N SN NN

N N SN S O S S O S S N S S O SR N U SR SR GRS
N N N S N O N N N O N N N N NN N NN NN

NSNS NN
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Appendix B

Table 1. Top protein importance scores from the Random Forest (RF) model. The top six proteins ranked
by importance score (0-100%) are shown. Importance scores were extracted using the varlmp() function
from the caret package in R (version 4.5.2).

Protein Importance
GFAP 100.000
BCAN 20.948

ITIH3 15.866
LTBP2 15.785
IGFBPL1 14.041
MMP12 10.762

Table 2. Top protein importance scores from the Elastic Net (EN) model. The top six proteins ranked by
importance score (0-100%) are shown. Importance scores were extracted using the varlmp() function from
the caret package in R (version 4.5.2).

Protein Importance
GFAP 100.000
BCAN 53.905
LTBP2 41.342

IL24 17.003
ADAMTS13 16.728
IGFBP1 15.704

Table 3. Top protein importance scores from the Support Vector Machine (SVM) model. The top six proteins
ranked by importance score (0-100%) are shown. Importance scores were extracted using the varlmp()
function from the caret package in R (version 4.5.2).

Protein Importance
CCDC80 100.000
MMP12 98.213
TNFRSF9 96.452
FOLR2 95.251

GFAP 94.870
EFEMP1 93.482
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Appendix C

Overlap of top 30 proteins from EN, RF, and SVM
EN RF

&V,

SVM

Figure 1. Venn diagram of the top 30 proteins identified by Elastic Net (EN), Random Forest (RF), and
Support Vector Machine (SVM). Each circle represents the set of 30 most important proteins identified by
one feature selection method. Numbers indicate proteins unique to each method or shared between
methods. Only 2 proteins were common to all three methods. The figure was generated in R (version 4.5.2)
using the ggVennDiagram package.

Appendix D

Table 1. Top 30 consensus proteins ranked by mean importance rank across Elastic Net (EN), Random
Forest (RF), and Support Vector Machine (SVM). Proteins are sorted by ascending mean rank calculated
from the individual rankings of each method. The rank from each method (rank_en, rank_rf, rank_svm) and
the resulting mean rank are shown for each protein.

Protein rank en rank_rf rank_svm mean_rank

1 GFAP 1 1 5 2.333

2 MMP12 7 6 2 5.000

3 ITIH3 24 3 51 26.000
4 IGFBP1 6 15 63 28.000
5 CCDC80 56 28 1 28.333
6 BCAN 2 2 139 47.667
7 ANGPT?2 119 38 39 65.333
8 RSPO3 18 51 135 68.000
9 MEGF9 35 77 97 69.667
10 LY96 45 134 103 94.000
11 NCF2 31 137 119 95.667
12 LTBP2 3 4 284 97.000
13 CXCL8 33 13 270 105.333
14 CD79B 294 26 10 110.000
15 CCN4 250 63 50 121.000
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16 CD300E 273 79 11 121.000
17 CD28 270 24 77 123.667
18 CCL3 242 9 126 125.667
19 ADAM23 78 259 72 136.333
20 CD93 298 81 33 137.333
21 HBQ1 26 19 380 141.667
22 CNDP1 371 18 37 142.000
23 COLEC12 385 29 13 142.333
24 COL6A3 383 42 14 146.333
25 ACP5 68 75 312 151.667
26 CANT1 214 98 150 154.000
27 CCL2 232 178 56 155.333
28 BSG 187 66 227 160.000
29 LAMP?2 8 216 274 166.000
30 GH1 16 91 393 166.667
Appendix E

Table 1. Overlap of proteins selected across feature selection methods. The proteins that were identified
across feature selection methods when selecting the top 30 ranked proteins.

Proteins

R O VT A WN

GFAP
BCAN
MEGF9
NCF2
HBQ1
CNDP1
ACP5
LAMP2

Appendix F

Table 1. Final classification performance of Elastic Net (EN), Random Forest (RF), k-Nearest Neighbours
(kNN), and Linear Discriminant Analysis (LDA), on the independent test set using the top 30 proteins from
the consensus protein panel. Model-specific probability cutoffs selected by the Youden index from Receiver
Operating Characteristic Curves (ROC) analysis. Accuracy, sensitivity, specificity, and the area under the
receiver operating characteristic curve (AUC) are shown for each classifier.

Cutoff Accuracy Sensitivity Specificity AUC Model
0.113 0.923 0.767 0.940 0.937 EN
0.194 0.948 0.837 0.960 0.925 RF
0.079 0.941 0.721 0.965 0.870 kNN
3.37e-04 0.878 0.860 0.880 0.942 LDA
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Appendix G

Table 1. Classification performance metrics for all models across panel sizes 3, 5, 10, and 30. Metrics include
accuracy, sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC) for
Elastic Net (EN), Random Forest (RF), k-Nearest Neighbours (kNN), and Linear Discriminant Analysis
(LDA). All models were evaluated on the same independent test set (n = 442) using the top proteins ranked
by mean importance rank. Rounded included Youden optimisation cutoff.

Panel size Cutoff Accuracy  Sensitivity Specificity AUC Model
3 0.114 0.946 0.767 0.965 0.923 EN
3 0.163 0.932 0.814 0.945 0.927 RF
3 0.196 0.962 0.721 0.987 0.881 kNN
3 0.002 0.907 0.767 0.922 0.913 LDA
5 0.107 0.939 0.791 0.955 0.929 EN
5 0.182 0.946 0.814 0.960 0.922 RF
5 0.109 0.943 0.814 0.957 0.909 kNN
5 0.002 0.941 0.744 0.962 0.926 LDA
10 0.134 0.934 0.791 0.950 0.951 EN
10 0.168 0.948 0.837 0.960 0.955 RF
10 0.071 0.894 0.767 0.897 0.914 kNN
10 5.10e-04 0.873 0.837 0.877 0.935 LDA
30 0.113 0.923 0.767 0.940 0.937 EN
30 0.194 0.948 0.837 0.960 0.925 RF
30 0.079 0.941 0.721 0.965 0.870 kNN
30 3.37e-04 0.878 0.860 0.880 0.942 LDA
Appendix H

Repeated Cross-Validation (5-fold x 50)

Full Proteome Models (bestTune)

RF

LDAA

ENA

ROC AUC

Figure 1. Box plot of repeated cross-validation receiver operating characteristic (ROC) area under the curve
(AUC); distributions of the ML classifiers Linear Discriminant Analysis (LDA), k-Nearest Neighbours (kNN),
Random Forest (RF), and Elastic Net (EN); trained on the 30-protein consensus panel using best-tuned
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hyperparameters. Results are derived from 5-fold cross-validation repeated 50 times (5-fold x 50). Each
box displays the interquartile range of AUC values across all folds and repetitions; the solid dot indicates
the mean AUC; the central vertical line indicates the median.

Appendix |

Table 1. Pairwise post-hoc comparisons of repeated cross-validation of the area under the receiver
operating characteristic curve (AUC) between all four ML classifiers; Linear Discriminant Analysis (LDA),
k-Nearest Neighbours (kNN), Random Forest (RF), and Elastic Net (EN), trained on the 30-protein
consensus panel, derived from 5-fold x 50 repeated cross-validation. Differences in mean AUC, 95%
confidence intervals (CI) (Cl_lower, CI_upper), Tukey-adjusted p-values (P_adj). Statistical testing was
performed using a one-way repeated-measures ANOVA with Tukey post-hoc pairwise comparisons in R
(version 4.5.2).

Comparison Difference CIL_lower Cl_upper P_adj
kNN-EN -0.0361 -0.0404 -0.0318 <le-16
LDA- EN -0.0104 -0.0147 -0.0061 3.69e-09
RF- EN -0.0128 -0.0171 -0.0085 <le-16
LDA- kKNN 0.0257 0.0214 0.0300 <le-16
RF- KNN 0.0233 0.0190 0.0276 <le-16
RF- LDA 0.0024 -0.0067 0.0019 4.64e-01
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