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Abstract
Glioblastoma (GBM) displays extreme survival heterogeneity that remains poorly resolved by conventional gene-level transcriptomic
analyses, which often fail to identify robust survival-associated biomarkers. Here, we introduce mqTrans, a regulatory deviation
modeling framework that shifts the analytical focus from absolute gene-level expression abundance to the deviation between
observed expression and transcription-factor-inferred regulatory expectations. Applying mqTrans to two independent GBM cohorts
(CGGA and CPTAC-GBM), we systematically defined and identified “dark biomarkers”—genes that show no significant expression
changes in traditional differential expression analysis yet exhibit significant and reproducible regulatory deviations linked to survival.
We uncovered 19 such dark biomarkers that consistently distinguished short-term from long-term survivors across both cohorts.
These biomarkers converged on metabolic pathways (cholesterol homeostasis) and post-transcriptional regulatory programs
(miRNA targets) and were enriched in genomically complex loci with overlapping non-coding transcripts, explaining their invisibility in
abundance-based analyses. A LASSO-derived five-gene Cox model based on these dark biomarkers provided more stable and
generalizable survival stratification than models built from conventional expression features. Our findings demonstrate that
regulatory-deviation modeling can reveal hidden prognostic signals in GBM, offering a complementary regulatory-layer view of the
transcriptome that captures regulatory perturbations that remain obscured under gene-expression abundance–based quantification.

Introduction
Glioblastoma (GBM) is one of the most common and aggressive primary malignant brain tumors in adults, characterized by diffuse
cancer cell infiltration, vigorous angiogenesis, and extreme resistance to conventional drug therapies[1–4]. Even with aggressive
multimodal treatment—including maximal safe resection, radiation therapy, and temozolomide chemotherapy—the clinical course of
glioblastoma remains highly heterogeneous.[2, 5] Furthermore, there is a vast disparity in patient survival times: some patients
experience extremely rapid disease progression, with only a few months elapsing between diagnosis and death, while others exhibit
significantly slower progression, ranging up to several years in the case of a small number of long-term survivors[3, 6]. This marked
prognostic difference—from short-term mortality to long-term survival—highlights key but not yet fully elucidated molecular
determinants that govern tumor aggressiveness and the host response[4, 7]. Therefore, elucidating the molecular differences
between GBM patients with short survival and those with long survival is crucial; this not only aids in refining prognostic stratification
but also provides guidance for developing personalized treatment strategies[5, 8]. However, the precise molecular mechanisms
driving these starkly different clinical outcomes remain inadequately elucidated by current analytical paradigms[7].

There are currently three main clinical strategies used to assess GBM prognosis and guide treatment decisions: neuroimaging
assessments (e.g., evaluation of tumor burden and progression via contrast-enhanced MRI), histopathological classification and
grading based on WHO guidelines, and limited molecular biomarker testing, most notably isocitrate dehydrogenase (IDH) mutation
status and O⁶-methylguanine-DNA methyltransferase (MGMT) promoter methylation[9–12]. Although these established methods
provide a foundational framework for patient management, they have significant limitations in fully capturing the heterogeneity of
GBM survival[10, 13]. Imaging and pathological assessments are inherently macroscopic or morphological in nature and often lag
behind the molecular evolution of tumor dynamics[11, 14]. Furthermore, molecular assays for detecting MGMT methylation or IDH
mutation status are typically resource-intensive, time-consuming, and susceptible to variations in experimental conditions, despite
the clinical significance of these markers[12, 15]. Crucially, these traditional markers have limited ability to resolve the complex layers
of post-transcriptional and post-translational regulation, which may profoundly influence tumor cell behavior and treatment
sensitivity, leaving a significant portion of survival heterogeneity unexplained[15, 16].

The emergence and widespread adoption of high-throughput RNA sequencing (RNA-seq) have propelled computational methods to
the forefront of GBM research, aiming to decipher this unresolved heterogeneity[17, 18]. Standard analytical workflows in this field
extensively employ differential expression analysis (DEG), unsupervised clustering and dimension reduction techniques (such as PCA
and t-SNE), as well as survival regression models (such as univariate and multivariate Cox proportional hazards regression)[18–20].
However, the vast majority of these computational methods are based on a critical implicit assumption: they model biology at the
gene level, treating the total abundance of all transcripts produced at a gene locus as the primary functional variable[20, 21]. This
perspective essentially posits that quantitative changes in total mRNA abundance are the primary drivers of phenotypic
differentiation. However, a growing body of evidence suggests that relying solely on gene expression abundance is insufficient to fully
characterize tumor-associated molecular abnormalities, and that complex transcriptional regulatory relationships and dysregulated
networks may play a significant role in tumorigenesis and disease progression[22–24]. By merging different transcript isoforms with
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potentially antagonistic functions into a single expression value, gene-level analyses risk systematic signal loss, thereby obscuring
critical regulatory changes that occur even when overall gene expression abundance remains largely unchanged[21, 23, 25].

Here, we propose a regulatory deviation modeling framework (mqTrans) built on gene-level expression, which captures discrepancies
between observed expression and transcription factor–inferred regulatory expectations.Unlike traditional abundance-centric
approaches, mqTrans shifts the analytical focus from the absolute abundance of gene expression to the deviation between the
observed expression levels and those predicted based on upstream transcriptional regulators[24–26]. This framework is used to
identify potential biological signals that exhibit no significant changes in overall expression levels but have already undergone
abnormalities in their transcriptional regulatory states. Based on this regulatory deviation analysis framework, we systematically
defined and investigated a novel class of molecular features termed “dark biomarkers.” These biomarkers are operationally defined
as genes that do not exhibit significant changes in traditional gene-level differential expression analyses but show significant
differences under the mqTrans regulatory deviation perspective[25–27].

In this study, based on the mqTrans framework, we conducted a systematic analysis of two independent GBM cohorts (CGGA and
CPTAC-GBM) and obtained the following key findings. First, we demonstrated that mqTrans modeling based on regulatory deviation
can identify potential survival-related signals that are difficult to detect using traditional gene expression analysis, providing a new
analytical perspective for elucidating prognostic heterogeneity in GBM. Second, this study defined and identified a class of “dark
biomarkers” that are difficult to detect in traditional expression analysis but exhibit significant differences from the mqTrans
perspective, suggesting that important molecular signals associated with survival may be hidden at the regulatory network level,
which is difficult to capture in traditional expression analysis. Third, we further explored the potential regulatory mechanisms
underlying the formation of these dark biomarkers, providing a basis for understanding their biological origins. Additionally, we
validated the potential clinical utility of these dark biomarkers in patient prognostic stratification.

In addition to providing a new analytical perspective, this framework may have important translational implications. By capturing
regulatory-deviation signals that are not detectable using conventional gene-expression approaches, mqTrans-derived biomarkers
may improve patient stratification and prognostic assessment in glioblastoma. Furthermore, these dark biomarkers may represent
potential therapeutic targets embedded within dysregulated regulatory networks, thereby offering new opportunities for precision
medicine. Therefore, there is a critical need for analytical frameworks that can capture regulatory-layer perturbations beyond gene-
expression abundance.

Materials and Methods

2.1 Datasets and Patient Selection

2.1.1 CGGA cohort
RNA-seq expression data and corresponding clinical annotations were obtained from the Chinese Glioma Genome Atlas (CGGA)
cohort [28, 29], which included CGGA693 and CGGA325 samples. Samples were retained if they met the following criteria: (i) primary
tumor samples; (ii) histologically annotated glioblastoma, WHO grade IV; and (iii) available overall survival (OS) information. Survival
groups were defined to contrast the extremes of the survival spectrum. Short survival was defined as OS ≤ 360 days, and long survival
was defined as OS ≥ 720 days. Samples with intermediate survival, defined as OS between 361 and 719 days, were excluded from the
main analyses. After filtering, the CGGA cohort included 149 primary GBM samples and was used as the discovery cohort.

2.1.2 CPTAC‑GBM cohort
An independent validation cohort was assembled from the CPTAC-GBM dataset [30]. The same sample selection criteria were
applied, including primary GBM status, WHO grade IV annotation, and complete OS information. The same survival cutoffs were used
to define the short-survival and long-survival groups, with OS ≤ 360 days classified as short survival and OS ≥ 720 days classified as
long survival. Samples with intermediate survival were excluded. After filtering, the CPTAC-GBM cohort included 63 GBM samples
and served as the independent validation cohort.

2.1.3 Expression matrix preprocessing
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Gene-level TPM expression matrices from the CGGA and CPTAC-GBM cohorts were used for conventional expression-based
downstream analyses. After sample filtering, the CGGA matrix contained 47,886 gene features across 149 samples, whereas the
CPTAC-GBM matrix contained 10,959 gene features across 63 samples. Expression values were transformed as log2(TPM + 1) prior
to modeling[16, 31]. To ensure cross-cohort comparability, downstream analyses were restricted to the 10,628 overlapping genes
shared by the two cohorts. After missing or invalid value processing, 10,309 genes remained in the CGGA cohort and 9,269 genes
remained in the CPTAC-GBM cohort. Batch effects were corrected before differential analysis, and available covariates were
incorporated into the linear modeling framework[32, 33].

2.2 The mqTrans View of Transcriptomes

2.2.1 Construction of the TF-based prediction model
For each target gene, a transcription factor-based regression model was established to estimate its expected expression from the
expression profiles of its candidate upstream regulators. Candidate transcription factors were obtained from the TRRUST regulatory
interaction database [34], and their normalized expression values were used as model predictors.

For a given target gene , the expected expression was modeled as:

where  denotes the predicted expression level of gene ,  represents the expression level of the  transcription
factor,  is the estimated regression coefficient, and  is the residual term.

The fitted model was then applied to each sample to obtain the expected expression value for each target gene. The mqTrans feature
was defined as the absolute difference between the observed and predicted expression levels:

This value quantifies the extent to which the observed expression of a gene deviates from the level expected from its transcription
factor-based regulatory context.The models were pre-trained using transcriptomic data of healthy brain tissue samples from the
UCSC Xena platform [5] (GTEx dataset, n = 1,157, tissue = brain). We selected healthy brain tissue because the core transcriptional
regulatory relationships (e.g., TF→target gene) are expected to be relatively stable in non-malignant tissue. For each target gene, a
linear regression model was fitted using the expression levels of its known TFs (from TRRUST) as predictors. The model parameters
were estimated in the healthy samples using ordinary least squares with 5-fold cross-validation to guard against overfitting[35]. The
trained models were then applied to each GBM sample to predict the ‘expected’ expression level of each target gene. This design
assumes that deviations from the healthy regulatory baseline in tumor samples may reflect disease-associated dysregulation.

Unlike conventional transcriptomic analysis, which mainly evaluates absolute gene expression abundance, mqTrans focuses on
regulatory deviation [36, 37]. This design allows the analysis to capture transcriptomic alterations that may not be evident from direct
expression abundance alone. Thus, mqTrans provides a complementary view of transcriptome dysregulation by representing the
discrepancy between observed expression and transcription factor-predicted expression.

mqTrans features were generated independently for the CGGA and CPTAC-GBM cohorts using the same computational procedure.
The resulting mqTrans matrices were then used for downstream differential analysis and for the identification of dark biomarkers.

This framework assumes that transcriptional regulatory relationships learned from normal tissues provide a stable baseline, and that
deviations from this baseline in tumor samples reflect disease-associated dysregulation.

Although transcriptional regulatory relationships may be partially altered in tumor contexts, a substantial proportion of core TF–
target interactions are conserved across physiological and pathological states. Therefore, deviations from a normal regulatory
baseline are more likely to reflect disease-associated dysregulation rather than random variation. This design allows mqTrans to
capture biologically meaningful perturbations while maintaining a stable reference framework for cross-sample comparison.

2.3 Differential Analysis
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To compare the mqTrans framework with conventional expression-based analysis, differential analyses were performed in parallel at
two analytical levels: gene-level expression abundance and mqTrans-derived regulatory deviation. The same survival grouping
strategy was used in both analyses, where samples were classified as short-survival or long-survival according to the predefined
overall survival cutoffs. Differential testing was conducted separately in the CGGA and CPTAC-GBM cohorts.

For conventional expression-level analysis, each gene was evaluated independently using an ordinary least squares linear regression
model. The processed gene expression value was used as the response variable, and the survival group indicator was included as the
primary variable of interest. The model further incorporated available demographic, clinical, and technical covariates, including
gender, age, OS days, OS event status, and batch, to account for potential confounding effects.

For mqTrans-level analysis, differential testing was performed on the mqTrans feature matrix. Each mqTrans feature quantified the
regulatory deviation magnitude of a gene, defined as the discrepancy between its observed expression and the expression predicted
from transcription factor-based regulation. Because mqTrans values represent deviation strength rather than direct expression
abundance, differences between the short-survival and long-survival groups were assessed for each feature using a two-sided
Mann–Whitney U test[38].

Multiple testing correction was performed separately for each cohort and each analytical level. For the gene-level expression
analysis, nominal P values from the linear models were adjusted using Bonferroni correction[39], whereas P values from the
mqTrans-level Mann–Whitney U tests were adjusted using the Benjamini–Hochberg procedure[40]. Features with adjusted P values
below 0.05 were considered statistically significant.The threshold for minimal expression change was defined as |log2 fold change| <
0.2. Dark biomarkers were defined as genes that were significant at the mqTrans level in both the CGGA and CPTAC-GBM cohorts,
but were not significant in conventional gene-level expression analysis in either cohort.

Results and Discussion

3.1 Conventional gene-expression abundance provides limited survival-
associated signals in GBM
To evaluate whether conventional gene-level transcriptomic analysis could identify survival-associated molecular signals in
glioblastoma, we first performed differential expression analysis between short-survival (< 1 year) and long-survival (> 2 years)
patients in the CGGA and CPTAC-GBM cohorts based on normalized gene-level expression profiles.

In both cohorts, no genes remained significant after multiple testing correction, indicating that conventional gene-level differential
expression analysis failed to identify robust survival-associated biomarkers[30, 41, 42]. To visualize potential expression trends,
volcano plots based on nominal P-values were examined (Fig. 1A-B). In the CGGA cohort, most genes were symmetrically distributed
around zero fold change with only a few genes showing weak differential trends. Similarly, although a limited number of genes in the
CPTAC-GBM cohort exhibited nominal significance, these signals were sparse and lacked consistency, suggesting that survival-
associated expression differences at the gene level were generally weak and unstable across datasets.

To further assess whether survival groups could be separated at the global transcriptomic level, principal component analysis (PCA)
was performed using the top 20 genes ranked by nominal P-values in each cohort (Fig. 1C-D). In both the CGGA and CPTAC-GBM
datasets, short-survival and long-survival samples showed substantial overlap in PCA space without clear clustering patterns. This
result indicates that overall gene-expression patterns were insufficient to distinguish survival phenotypes, even when focusing on the
most variable candidate genes[30, 43].

Together, these findings demonstrate that conventional gene-level expression profiling provides limited discriminatory power for
identifying survival-associated molecular signatures in GBM. The lack of reproducible differential expression signals across
independent cohorts suggests that prognostic information may be concealed within regulatory perturbations not captured by
absolute expression abundance alone, rather than being solely attributable to limited statistical power, a phenomenon frequently
observed in highly heterogeneous tumors such as glioblastoma[44, 45]. These observations motivated the application of the
mqTrans framework to detect hidden survival-associated signals from a regulatory deviation perspective.We further verified that the
observed trends were robust under alternative survival grouping strategies, supporting the stability of the findings.
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3.2 mqTrans-based regulatory deviation modeling reveals hidden survival-
associated signals
To determine whether regulatory deviation–based transcriptomic modeling could reveal survival-associated signals that were
undetectable at the conventional gene-expression level, we applied the mqTrans framework to the same short-survival and long-
survival GBM cohorts.

Differential analysis based on mqTrans features identified multiple significantly altered genes in both the CGGA and CPTAC-GBM
cohorts after multiple testing correction (adjusted P < 0.05), in contrast to the absence of significant signals in conventional gene-
level analysis. Volcano plots demonstrated a substantially larger number of significant features with clearer distributions of
differences in deviation magnitude between the two survival groups in both cohorts (Fig. 2A-B). These findings indicate that mqTrans
captures a distinct layer of transcriptomic variation by quantifying deviations between observed expression and model-inferred
regulatory expectations, thereby shifting the analytical focus from abundance-centric measurements to regulation-centric
representations [37, 46, 47]. This framework therefore represents an alternative paradigm for transcriptomic analysis that
complements and extends conventional gene-expression–based approaches.

To further evaluate the discriminatory ability of mqTrans-derived features, principal component analysis (PCA) was performed using
the top 20 significant mqTrans biomarkers ranked by adjusted P-values. In the CGGA cohort, mqTrans features showed an evident
trend toward separation between short-survival and long-survival samples, while in the CPTAC-GBM cohort the separation was more
pronounced, with the two survival groups forming distinct clusters in PCA space (Fig. 2C-D).It should be noted that PCA was used
here as a descriptive visualization tool rather than an independent classification method. Compared with the substantial overlap
observed in gene-level PCA analysis, mqTrans-derived features demonstrated markedly improved discriminatory power for stratifying
patient survival phenotypes[47, 48].

Taken together, these results demonstrate that regulatory deviation modeling reveals a distinct layer of survival-associated molecular
information in GBM that is not captured by gene-expression abundance. By quantifying deviations between observed expression and
model-inferred regulatory expectations, mqTrans detects regulatory perturbations that may underlie survival heterogeneity even in the
absence of overt expression changes. This increased detectability of survival-associated deviation features provided the basis for
defining dark biomarkers[37, 46, 49]. Conceptually, mqTrans can be interpreted as a regulatory deviation–based modeling framework
that captures discrepancies between observed expression and inferred regulatory expectations.

 

3.3 Cross-cohort identification of 19 expression-invisible dark biomarkers
Building on the mqTrans-derived survival-associated signals identified above, we next sought to define a stable set of reproducible
features across cohorts.To identify prognostic molecular signals that are not detectable by conventional differential expression
analysis, we sought to rigorously define “dark biomarkers”. To this end, we imposed additional constraints beyond statistical non-
significance at the gene-expression level. Specifically, dark biomarkers were defined as genes that (i) showed significant differences
in mqTrans features (adjusted P < 0.05) in both cohorts, and (ii) exhibited minimal changes in gene-expression abundance, as
indicated by minimal expression effect sizes (below a predefined threshold) and lack of consistent directional trends across
cohorts.Conceptually, these dark biomarkers are analogous to hidden or latent regulatory signals described in network-based
biomarker studies, which are not directly observable at the level of gene-expression abundance.Notably, the focus here is on
identifying features that are reproducible across cohorts rather than further optimizing discriminatory performance.

Although no genes remained significant after multiple testing correction at the gene-expression level, a subset of genes exhibited
weak but variable expression changes, with some showing nominal significance (unadjusted P < 0.01) and partially consistent fold-
change directions across cohorts. Based on this stringent definition, dark biomarkers were subsequently identified as genes
satisfying these criteria in both cohorts, ensuring that these biomarkers represent regulatory perturbations independent of
expression abundance rather than artifacts of limited statistical power. Under this framework, we identified 19 consistently detected
genes across the CGGA and CPTAC-GBM cohorts. Notably, none of these genes reached adjusted significance in conventional gene-
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level analysis, confirming that they represent a class of regulatory-deviation signals that are not detectable by traditional abundance-
focused approaches.

mqTrans-based differential analysis identified 115 candidate biomarkers in the CGGA cohort and 277 in the CPTAC-GBM cohort.
Cross-cohort comparison revealed 19 overlapping genes, which were consistently detected in both datasets and were therefore
defined as dark biomarkers (Fig. 3A). Notably, these biomarkers were not identified through conventional gene-level differential
expression analysis, indicating that they represent hidden prognostic signals independent of absolute gene expression changes.

To evaluate whether these 19 dark biomarkers provided improved discriminative ability, we compared them with the top-ranked 19
genes selected by nominal P values from the raw-expression analysis. Clustering performance was assessed using the Silhouette
score and Davies–Bouldin index. In both cohorts, the dark biomarker set achieved higher Silhouette scores and lower Davies–Bouldin
indices than the top-ranked raw-expression genes (Fig. 3B), indicating that these features exhibit consistent clustering structure and
support a more stable cross-cohort feature set.

Principal component analysis (PCA) further demonstrated that the 19 dark biomarkers enabled clearer separation between long-
survival and short-survival patients in both the CGGA and CPTAC-GBM cohorts (Fig. 3C–D). In contrast, the top-ranked raw-
expression genes showed weaker and less stable separation patterns. These results suggest that mqTrans-derived dark biomarkers
provide a consistent feature space that supports stable separation patterns across independent cohorts.

Together, these findings demonstrate the existence of a class of latent regulatory biomarkers that are not detectable through
conventional differential expression analysis but can robustly capture survival-associated molecular differences in glioblastoma,
highlighting the importance of regulatory relationships beyond absolute expression abundance[50, 51].Importantly, the consistency
of these signals across independent cohorts argues against insufficient statistical power as the primary explanation and instead
supports a regulatory-origin mechanism.

Notably, several identified dark biomarkers have previously been implicated in glioblastoma biology. For example, PDPK1 is a key
regulator of the PI3K/AKT signaling pathway and has been associated with tumor cell survival and therapeutic resistance.[52]
SMARCA2, a chromatin remodeling factor, has been reported to influence transcriptional regulation and tumor progression[53].
SRPK2 plays a role in RNA splicing and has been linked to oncogenic processes in multiple cancers[54]. The identification of these
genes further supports the biological relevance of mqTrans-derived dark biomarkers and suggests that regulatory-deviation signals
may capture functionally important drivers of tumor behavior

Samples are colored by survival group (blue: long-survival; red: short-survival). mqTrans-derived dark biomarkers exhibit clearer
separation between survival groups compared with conventional gene-expression features, indicating consistent separation patterns
across cohorts.

3.4 Dark biomarkers converge on cholesterol homeostasis and miRNA-
mediated regulatory programs
To investigate the biological relevance of the identified dark biomarkers, we performed functional enrichment analyses using curated
pathway databases (MSigDB Hallmark) and miRNA target databases (miRTarBase), with statistical significance assessed using a
hypergeometric test followed by Benjamini–Hochberg correction. Significant terms were selected based on an adjusted P value < 
0.05, excluding single-gene matches to ensure robustness.

The enrichment results revealed that dark biomarkers were preferentially associated with metabolic regulatory pathways, particularly
those related to lipid homeostasis (e.g., cholesterol homeostasis), suggesting that survival-associated transcriptional dysregulation
may converge on metabolic reprogramming processes in glioblastoma[55–57].This is consistent with the known metabolic plasticity
of glioblastoma, where lipid metabolism has been implicated in tumor growth and therapy resistance.

At the post-transcriptional level, dark biomarkers exhibited significant enrichment in multiple miRNA-mediated regulatory modules,
including targets of hsa-miR-16-5p and hsa-miR-95-5p[58]. This indicates that these genes are embedded within coordinated post-
transcriptional regulatory networks rather than acting as independent expression units.

Notably, such enrichment patterns were not observed in conventional Gene Ontology categories, highlighting that the functional
convergence of dark biomarkers is not reflected in standard gene-centric annotations but instead emerges at the level of regulatory
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interactions[59].This pattern is consistent with the concept that regulatory convergence may arise at the network level rather than
through individual gene annotations, further supporting the view that mqTrans captures a distinct layer of biological organization
beyond absolute gene-expression changes.

Collectively, these findings demonstrate that dark biomarkers converge on metabolic and post-transcriptional regulatory programs
that are closely linked to glioblastoma progression and survival heterogeneity, reinforcing their role as regulatory-network-level
biomarkers. Detailed enrichment results are provided in Supplementary Table S4.

 
 

Term Source Ratio P.value adj.P.value

Cholesterol Homeostasis MSigDB_Hallmark_2020 2/74 2.22E-03 1.33E-02

hsa-miR-16-5p miRTarBase_2017 8/1555 4.55E-05 2.59E-02

mmu-miR-3074-2-3p miRTarBase_2017 2/22 1.95E-04 4.37E-02

hsa-miR-95-5p miRTarBase_2017 3/128 2.30E-04 4.37E-02

3.5 Dark biomarker loci overlap with non-coding transcripts, suggesting
transcriptomic structural complexity
Having established that dark biomarkers converge on regulatory programs, we next examined whether their invisbility at the gene-
expression level could be partially explained by transcriptomic structural complexity.To explore the structural basis underlying the
hidden regulatory signals captured by mqTrans, we examined whether dark biomarkers are preferentially located in transcriptionally
complex genomic regions. Using GENCODE annotation, we identified multiple non-coding transcripts overlapping dark biomarker loci,
including antisense, intronic, TEC, and other non-coding transcript types[60, 61].

These overlapping transcriptional elements indicate that many dark biomarkers reside in loci with complex transcriptional
architectures.These overlapping transcripts are not limited to long non-coding RNAs but include diverse classes of non-coding
transcriptional elements. In such regions, RNA-seq reads may originate from multiple partially overlapping transcripts, leading to
ambiguity in read assignment during conventional gene-level quantification.

Importantly, inspection of representative loci using genome browser data revealed RNA-seq coverage spanning overlapping transcript
boundaries, supporting the active transcription of these non-coding elements rather than annotation artifacts. This suggests that
transcriptional overlap introduces systematic uncertainty in gene-level expression estimates, consistent with transcriptional
interference and isoform ambiguity reported in complex genomic loci.

In this context, conventional abundance-based analyses may obscure biologically relevant regulatory perturbations arising from
transcriptomic complexity, as signal contributions from overlapping transcripts cannot be disentangled. By contrast, mqTrans
captures deviations in transcriptional relationships, enabling the detection of regulatory perturbations that arise from such
structurally complex regions.

Notably, several key dark biomarkers, including PDPK1, SRPK2, and SMARCA2, were associated with multiple overlapping non-coding
transcripts, further supporting the prevalence of transcriptional interference and regulatory complexity at these loci.

Together, these findings suggest that dark biomarkers are enriched in transcriptionally complex genomic regions, where overlapping
non-coding transcription introduces quantification ambiguity. This provides a mechanistic explanation for why such regulatory
signals remain obscured in conventional analyses while becoming detectable under a regulatory-deviation framework.More broadly,
this highlights a fundamental limitation of gene-centric quantification in resolving transcriptional complexity.
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Dark Biomarker chr_id gene_name lncRNA_ensemble_id lnc_strand lnc_gene_type lnc_gene_name

ENSG00000137449 chr4 CPEB2 ENSG00000249252 - antisense RP11-665G4.1

ENSG00000177706 chr7 FAM20C ENSG00000240093 - antisense AC093627.12

ENSG00000177706 chr7 FAM20C ENSG00000249852 - TEC AC145676.2

ENSG00000138757 chr4 G3BP2 ENSG00000201644 - misc_RNA Y_RNA

ENSG00000125734 chr19 GPR108 ENSG00000283950 - miRNA MIR6791

ENSG00000173110 chr1 HSPA6 ENSG00000273112 + processed_transcript RP11-25K21.6

ENSG00000140992 chr16 PDPK1 ENSG00000261613 - antisense RP11-20I23.13

ENSG00000140992 chr16 PDPK1 ENSG00000261288 + sense_intronic RP11-20I23.11

ENSG00000140992 chr16 PDPK1 ENSG00000269937 - antisense RP11-20I23.8

ENSG00000140992 chr16 PDPK1 ENSG00000261140 - antisense RP11-20I23.6

ENSG00000140992 chr16 PDPK1 ENSG00000260436 - antisense RP11-20I23.7

ENSG00000140992 chr16 PDPK1 ENSG00000279568 - TEC RP11-20I23.5

ENSG00000140992 chr16 PDPK1 ENSG00000280402 + TEC RP11-20I23.10

ENSG00000140992 chr16 PDPK1 ENSG00000279162 + TEC CTD-
3126B10.2

ENSG00000140992 chr16 PDPK1 ENSG00000261093 - antisense CTD-
3126B10.1

ENSG00000080503 chr9 SMARCA2 ENSG00000236199 - antisense RP11-264I13.2

ENSG00000080503 chr9 SMARCA2 ENSG00000222973 - snRNA RNU2-25P

ENSG00000135250 chr7 SRPK2 ENSG00000270764 + processed_pseudogene CTB-152G17.5

ENSG00000135250 chr7 SRPK2 ENSG00000271482 + processed_pseudogene CTB-152G17.4

ENSG00000135250 chr7 SRPK2 ENSG00000213361 + processed_pseudogene RP4-778K6.1

ENSG00000135250 chr7 SRPK2 ENSG00000244490 + processed_pseudogene RWDD4P1

ENSG00000135250 chr7 SRPK2 ENSG00000242154 + antisense RP4-778K6.3

ENSG00000135250 chr7 SRPK2 ENSG00000201179 + snRNA RNU6-1322P

ENSG00000062716 chr17 VMP1 ENSG00000267637 + sense_intronic RP11-619I22.1

ENSG00000062716 chr17 VMP1 ENSG00000284190 + miRNA MIR21

ENSG00000167962 chr16 ZNF598 ENSG00000260107 + lincRNA AC005606.15

3.6 Reduced mqTrans-derived biomarker models show survival-
stratification potential
To evaluate the prognostic value of mqTrans-derived dark biomarkers, multigene Cox proportional hazards models were constructed
and assessed in both the CGGA and CPTAC-GBM cohorts[35, 62].

Using the full set of 19 dark biomarkers, the model achieved significant survival stratification in the CGGA cohort, as evidenced by
clearly separated Kaplan–Meier curves and a significant hazard ratio. However, when applied to the CPTAC-GBM cohort, the model
exhibited extreme hazard ratios and unstable confidence intervals, indicating severe overfitting likely due to the imbalance between
feature dimensionality and sample size[63, 64].

To mitigate overfitting and improve model robustness, feature selection was performed using a regularization-based Cox regression
framework (LASSO), with the optimal penalty parameter (λ) determined via 10-fold cross-validation by minimizing the partial
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likelihood deviance.To avoid information leakage, model training and parameter tuning were performed within the training set only.
This procedure yielded a reduced set of five dark biomarkers for model construction[62, 65].

A risk score was calculated for each patient as a linear combination of selected features weighted by their Cox regression
coefficients. Patients were stratified into high- and low-risk groups based on the median risk score. The resulting five-gene model
demonstrated stable and consistent survival stratification across both the CGGA and CPTAC-GBM cohorts, with well-separated
Kaplan–Meier curves and more reasonable hazard ratios[64, 66].

In contrast, models constructed using the top-ranked 19 genes derived from conventional gene-expression analysis showed weaker
and less consistent stratification performance, particularly in the CPTAC-GBM cohort[67].

Collectively, these results indicate that mqTrans-derived dark biomarkers showed more favorable survival-stratification patterns than
abundance-based features in the analyzed cohorts. Importantly, controlling feature dimensionality is essential for achieving stable
cross-cohort performance in survival modeling[35, 64].

 

Hazard ratios (HR) with 95% confidence intervals and log-rank P values are indicated in each panel. High-risk and low-risk groups are
shown in blue and orange, respectively. The mqTrans-derived dark biomarker model provides improved and more generalizable
prognostic stratification compared with conventional gene-expression–based models.

Conclusion
In this study, we developed mqTrans, a regulatory deviation modeling framework built on gene-level expression designed to detect
regulatory perturbations that are not captured by conventional abundance-based transcriptomic analyses. By quantifying the
deviation between observed gene expression and model-inferred regulatory expectations, mqTrans provides a regulatory-layer view
of the transcriptome that emphasizes regulatory dysregulation rather than absolute expression abundance[68–70].

Applying this framework to two independent Chinese Glioma Genome Atlas and Clinical Proteomic Tumor Analysis Consortium
glioblastoma cohorts, we identified a set of dark biomarkers that were reproducibly associated with patient survival despite showing
no significant differences in conventional gene-level expression analyses[69, 71]. These biomarkers demonstrated stronger
discriminatory power for survival stratification than abundance-based features, suggesting that clinically relevant prognostic
information may reside in hidden regulatory signals that are overlooked by traditional transcriptomic methods[70, 72].

Functional analyses further indicated that these dark biomarkers converge on post-transcriptional regulatory programs, while
structural analyses revealed their enrichment in transcriptionally complex genomic loci, particularly regions overlapping with non-
coding transcripts[69, 73]. These findings provide a plausible mechanistic explanation for why important prognostic signals may
remain undetected in standard gene-level analyses and support the view that regulatory-layer perturbation represents an important
layer of glioblastoma heterogeneity[73, 74].Importantly, these findings also suggest potential translational applications in clinical
prognostic assessment and precision medicine.

Importantly, the mqTrans-derived biomarkers retained prognostic relevance across independent cohorts and provided improved
survival stratification compared with conventional expression-based models, indicating their potential utility for molecular prognostic
assessment in Glioblastoma[69, 75]. More broadly, this work suggests that regulatory-layer transcriptomic modeling can reveal
biologically and clinically meaningful signals beyond gene-expression abundance alone[70, 76].

Several limitations should be acknowledged. The current framework was evaluated retrospectively in public cohorts with limited
sample sizes, and the biological functions of the identified dark biomarkers remain to be experimentally validated. Future studies
incorporating larger prospective cohorts and functional validation experiments will be necessary to determine the mechanistic roles
and translational applicability of these biomarkers.

In summary, our findings demonstrate that regulatory deviation modeling can uncover hidden survival-associated signals that are not
captured by conventional gene-expression analysis, providing a new computational strategy for identifying prognostic biomarkers
and improving the understanding of molecular heterogeneity in aggressive cancers.
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Figure 1

Conventional gene-level expression analysis fails to distinguish survival groups in GBM.

(A-B) Volcano plots of differential gene expression between short-survival and long-survival GBM patients in the CGGA and CPTAC-
GBM cohorts based on gene-level expression profiles. No genes remained significant after multiple testing correction; nominal P-
values are shown to illustrate overall expression trends.

(C-D) PCA plots based on the top 20 genes ranked by nominal P-values in the CGGA and CPTAC-GBM cohorts. Samples from short-
survival and long-survival groups showed substantial overlap without clear separation.
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Figure 2

mqTrans-based regulatory deviation modeling reveals survival-associated signals in GBM

(A-B) Volcano plots of differential mqTrans features between short-survival and long-survival GBM patients in the CGGA and CPTAC-
GBM cohorts. Significant mqTrans biomarkers remained detectable after multiple testing correction (adjusted P < 0.05),
demonstrating stronger survival-associated signals compared with conventional gene-level analysis.

(C-D) PCA plots based on the top 20 significant mqTrans biomarkers in the CGGA and CPTAC-GBM cohorts. mqTrans-derived
features improved separation between short-survival and long-survival groups, particularly in the CPTAC-GBM cohort.
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Figure 3

Identification and comparative evaluation of mqTrans-derived dark biomarkers in GBM.

(A) Venn diagram showing the overlap of significant mqTrans-derived biomarkers identified in the CGGA (n = 115) and CPTAC-GBM (n
= 277) cohorts. A total of 19 shared genes were identified and defined as “dark biomarkers”, representing regulatory signals detected
by mqTrans but not by conventional gene-expression analysis.

(B) Comparison of clustering performance between the 19 dark biomarkers and the top-ranked 19 genes selected based on nominal
P values from gene-level expression analysis. Clustering quality was evaluated using Silhouette score (higher is better) and Davies–
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Bouldin index (lower is better) in both cohorts, demonstrating improved group separation and compactness for dark biomarkers.

(C–F) Principal component analysis (PCA) plots comparing the discriminative ability of different feature sets.

(C) CGGA cohort using dark biomarkers.

(D) CPTAC-GBM cohort using dark biomarkers.

(E) CGGA cohort using top-ranked gene-expression features.

(F) CPTAC-GBM cohort using top-ranked gene-expression features.
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Figure 4

Survival stratification performance of mqTrans-derived dark biomarker–based Cox models.

Kaplan–Meier survival curves comparing high-risk and low-risk groups defined by multigene Cox proportional hazards models in the
CGGA and CPTAC-GBM cohorts. Patients were stratified based on the median risk score calculated from model coefficients.

(A–B) Survival curves based on the full set of 19 dark biomarkers in the CGGA (A) and CPTAC-GBM (B) cohorts. While significant
stratification was observed in the CGGA cohort, the CPTAC-GBM cohort exhibited extreme hazard ratios and unstable confidence
intervals, indicating overfitting.

(C–D) Survival curves based on the LASSO-selected five-gene model in the CGGA (C) and CPTAC-GBM (D) cohorts. The reduced
model demonstrated improved robustness, with more stable hazard ratios and consistent survival separation across cohorts.

(E–F) Survival curves based on the top-ranked 19 genes derived from conventional gene-expression analysis in the CGGA (E) and
CPTAC-GBM (F) cohorts. These models showed weaker and less consistent stratification performance compared with mqTrans-
derived features.


