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Background: Differential expression (DE) analysis of RNA sequencing 
(RNA-Seq) data are cornerstone of transcriptomic research. Widely used 
statistical frameworks are primarily optimized to detect monotonic mean 
shifts between conditions and may therefore overlook genes or microRNAs 
whose disease association arises at both low and high expression levels. 
Such non-monotonic patterns, referred to here as improper expression 
profiles, may reflect biologically relevant heterogeneity but remain 
difficult to identify using standard tools.

Aims: To evaluated whether receiver operating characteristic (ROC)-based 
indices, specifically the generalized area under the curve (gAUC) and 
the length of the ROC curve (LROC), can support exploratory screening 
and prioritization of improper expression profiles in RNA-Seq data, as a 
complement to conventional DE methods.

Study Design: Methodological study. 

Methods: Using simulated negative binomial count data, we compared 
DESeq2, classical AUC (cAUC), gAUC, and LROC across varying sample 
sizes and dispersion levels, focusing on improper expression profiles. 
Performance was summarized using true positive rate and positive 
predictive value under ranking-based feature selection, including a 

one-shot benchmark operating point (available only in simulations) 
and sensitivity analyses across selection sizes. The methods were also 
applied to a publicly available CC miRNA dataset using heuristic post-hoc 
screening rules informed by simulation diagnostics.

Results: cAUC was largely insensitive to improper expression patterns. 
DESeq2 performed robustly for conventionally differentially expressed 
features but recovered a smaller fraction of simulated improper profiles 
under ranking-based selection. Across simulation scenarios, gAUC showed 
the highest and most stable recovery of improper profiles, whereas LROC 
provided complementary signal under low-to-moderate dispersion but 
degraded under extreme overdispersion. In the CC dataset, ROC-derived 
indices identified candidate improper miRNAs that were not prioritized 
by DESeq2, and several top candidates had literature support consistent 
with biological plausibility.

Conclusion: gAUC, supported by LROC as an auxiliary index, provides a 
practical ROC-based screening extension to standard RNA-Seq workflows. 
Because these indices are applied using heuristic thresholds without 
controlled error rates, the resulting candidates should be interpreted as 
exploratory prioritization and require independent validation.
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INTRODUCTION

Gene expression reflects the transcription of DNA into RNA and, in 
many cases, its subsequent translation into proteins that regulate 
cellular function. In contrast, the collection of all expressed RNA 
molecules defines the transcriptome. Transcriptomic profiling 
provides a dynamic snapshot of cellular activity and is essential 
for understanding how gene regulation changes across biological 

conditions and disease states.1 Disruptions in transcriptomic patterns 
are central to disease mechanisms, including cancer development 
and therapeutic resistance, thereby positioning transcriptomic 
analysis as a foundation for precision medicine and biomarker 
discovery.2,3 While early transcriptome studies relied on microarray 
technologies,4-6 RNA sequencing (RNA-Seq) has become the dominant 
platform due to its higher sensitivity, broader dynamic range, and 
ability to identify novel transcripts.1,7 A major application of RNA-Seq 
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is differential expression (DE) analysis, which detects differences in 
gene expression across biological conditions and links transcriptional 
changes to disease mechanisms and treatment response.8,9

To perform DE analysis of RNA-Seq data, several statistical frameworks 
are widely used, including DESeq2, edgeR, and limma-voom. DESeq2 
and edgeR model count data using negative binomial generalized 
linear models with dispersion estimation and shrinkage.8,10 These 
methods perform reliably even with small numbers of replicates 
and are effective in resource-limited experimental designs. In 
contrast, limma-voom uses mean–variance modeling to derive 
precision weights for linear modeling of log-scale expression 
values. This approach offers computational efficiency and stability 
across large gene sets.11 Alternative approaches include baySeq,12 
PoissonSeq,13 and SAMseq,14 and a broader overview of DE analysis 
tools is provided by Rosati et al.15 These methods provide robust 
inferential testing for features whose association with condition is 
well captured by group-level mean differences (i.e., consistent up- 
or downregulation). However, because their primary hypotheses 
target mean shifts, they may be less sensitive to non-monotonic 
relationships in which both unusually low and unusually high 
expression levels are informative. In this study, we refer to such 
features as improper genes (IGs), also described as bimodal patterns 
in the literature.

The presence of genes or microRNAs (miRNAs) with improper 
expression profiles is now well recognized in biomedical research, 
as both very low and very high expression levels can contribute to 
disease. This “Goldilocks” phenomenon, in which either loss-of-
function or gain-of-function of the same gene can lead to pathology, 
has been observed in diverse contexts.16-19 Similarly, many miRNAs 
may play dual roles as tumor suppressors or oncogenes depending 
on their expression levels, underscoring the importance of balanced 
expression in normal physiology.20 Detecting these patterns is 
important because they may indicate hidden biological variability, 
distinct disease subtypes, or multiple mechanisms operating within 
the same condition.

Several statistical and computational frameworks have been 
proposed to detect bimodal or multimodal expression patterns in 
microarray data. Early efforts, such as the Cancer Outlier Profile 
Analysis, aimed to identify oncogenes with extreme expression in a 
subset of tumor samples and successfully uncovered events such as 
the TMPRSS2–ERG fusion in prostate cancer.21,22 Extensions include 
methods based on outlier detection and subgroup identification 
statistics,23-25 clustering approaches,26 and bimodality filtering 
techniques.27 However, these methods were primarily developed 
for microarray platforms, which assume approximately Gaussian 
distributions, thereby limiting their direct applicability to RNA-Seq 
data characterized by discrete and overdispersed count distributions.

To address this limitation, two general strategies have emerged: (i) 
adapting existing workflows through RNA-Seq-specific extensions, 
such as SIBER28 and GMMchi,29 or enabling the use of microarray-
based methods by applying variance-stabilizing transformations 
(VSTs) that render count data approximately normal; and (ii) 
employing distribution-free approaches, including receiver 
operating characteristic (ROC)-based frameworks, which evaluate 

discriminatory performance independently of the underlying 
expression distribution. ROC-derived indices typically provide 
descriptive scores and rankings rather than formal hypothesis tests 
with p values or explicit error-rate control.

In this study, we evaluated ROC-derived indices alongside DESeq2, 
treating DESeq2 as the primary hypothesis-testing framework for 
DE and ROC-based indices as complementary exploratory screening 
tools. Specifically, ROC-based rankings were used to prioritize 
candidate genes and miRNAs with improper expression profiles 
that may be missed by mean-shift–focused testing. This evaluation 
was conducted through simulation studies and illustrated using 
a cervical cancer (CC) miRNA-Seq dataset, with literature-based 
plausibility assessments for selected candidates.

MATERIALS AND METHODS

DE analysis

Several frameworks exist for RNA-Seq DE analysis; see Rosati et 
al.15 for an overview. In this study, DESeq2 was used as the primary 
hypothesis-testing benchmark for DE inference.8 ROC-derived indices 
were used only as complementary screening scores, providing 
rankings without p values or formal error-rate control.

IG expression profiles

IGs, introduced conceptually in the Introduction, exhibit non-
monotonic relationships with phenotypes, where both unusually 
low and high expression levels may be associated with disease. In 
this study, these profiles were defined using the toy distributions 
shown in Figure 1. These simplified scenarios illustrate two generic 
mechanisms that can generate improper expression profiles: (i) 
a “high-low” mixture, in which diseased samples occupy both 
extremes of the expression distribution (Figure 1, middle panel), 
and (ii) group-specific variance inflation, in which one group shows 
markedly higher dispersion without a corresponding mean-shift 
(Figure 1, right panel).

In the simulation study, IGs were generated using the high-low 
mixture mechanism. A separate variance-inflation-only mechanism 
was not explicitly simulated, which limits the generalizability of 
conclusions to other forms of improper expression profiles. The 
variance-based scenario is retained here to highlight an alternative 
pathway through which non-monotonic signals may arise in practice 
and which ROC-based methods are also expected to capture.

Data preprocessing

All count-based datasets, including simulated and real RNA-Seq 
data, were processed using a standard pipeline implemented in 
the DESeq2 framework. Raw counts were first filtered by removing 
low-quality genes (i.e., retaining genes with counts ≥10 in at least 
three samples), followed by near-zero-variance filtering using the 
nearZeroVar function from the caret R package.30 The remaining 
counts were normalized using DESeq2’s median-of-ratios method 
to correct for library size and compositional effects, after which a 
VST was applied to obtain continuous-scale expression values with 
approximately stabilized variance across the dynamic range. Unless 
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otherwise stated, all ROC-based analyses and visualizations were 
performed using these variance-stabilized expression values.

Detecting DEGs with improper expression profiles

DE analysis in this study was performed using the DESeq2 workflow. 
In addition to DESeq2’s hypothesis-testing-based strategy for 
identifying differentially expressed genes (DEGs), we applied three 
ROC-based methods as supporting tools for gene selection and 
downstream performance evaluation, specifically targeting DEGs 
with improper expression profiles: (i) the classical area under the 
ROC curve (cAUC), (ii) the generalized area under the curve (gAUC), 
and (iii) the length of the ROC curve (LROC). Thus, cAUC, gAUC, and 
LROC were not used as standalone DE analysis methods; rather, they 
were integrated into the DESeq2-based workflow and applied to the 
preprocessed, variance-stabilized expression values described in the 
“Data preprocessing” subsection. The gAUC extends the conventional 
AUC by allowing dual thresholds, thereby capturing cases in which 
both high and low expression levels are informative.31 In contrast, 
LROC quantifies discriminatory ability based on the LROC and may 
capture signals that conventional AUC underestimates.32 Here, cAUC, 
gAUC, and LROC were used as descriptive screening scores for VST-
transformed expression values. These methods provide rankings 
without p values or type I error control; therefore, all ROC-based 
results are interpreted as exploratory prioritization rather than 
formal DE inference.

Simulation study and real-data analysis

 comprehensive simulation study was designed to evaluate the 
performance of DESeq2, cAUC, gAUC, and LROC in detecting IGs 
under realistic RNA-Seq conditions. We evaluated each method 

across 18 simulation scenarios defined by sample size (n), number 
of features (p), proportions of DEGs (π

DEGs
) and DEGs with improper 

profiles (π
IR
), overdispersion (ϕ), and the dispersion of log-fold-

change values. For each scenario, 1,000 datasets were generated. 
The overall analysis pipeline is shown in Figure 2.

Performance evaluation and sensitivity analysis: Method 
performance was summarized using the true positive rate (TPR) 
and positive predictive value (PPV), computed for DEGs and IGs 
(a subset of true DEGs). For each dataset replicate, each method 
produced a ranked feature list. DESeq2 features were ranked by 
Benjamini-Hochberg-adjusted p values (log

2
 fold change was not 

used for ranking), whereas cAUC, gAUC, and LROC features were 
ranked by their respective ROC-derived scores. Because the nominal 
number of DEGs is fixed by design at, we first report a reference 
“one-shot” benchmark at to summarize ranking performance at the 
design operating point. Due to prefiltering, the number of retained 
true DEGs may vary around across replicates. We then performed a 
sensitivity analysis by selecting the top-K features for and evaluating 
how TPR and PPV changed with K, thereby reflecting the trade-off 
between true and false positives under ranking-based screening.

CC dataset: In addition to the simulation study, we analyzed a real 
RNA-Seq dataset originally published by Witten et al.33 The dataset 
comprises small RNA-Seq measurements from 58 human cervical 
tissue samples, including 29 tumor and 29 matched non-tumor 
controls. Sequencing was performed using the Illumina (Solexa) 
platform, yielding expression profiles for 714 distinct miRNAs. The 
data are publicly available in the Gene Expression Omnibus under 
accession number GSE20592.

FIG. 1. Distribution of proper and improper gene expression profiles and corresponding ROC curves—(left) proper, (middle/right) improper; dashed 
lines correspond healthy group. ROC, receiver operating characteristic.
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In the CC analysis, candidate improper miRNAs were identified 
using heuristic cut-offs informed by simulation-based diagnostic 
plots: combined with either or . Because these thresholds are post-
hoc screening rules rather than formal inferential tests, findings 
based on ROC-derived indices are considered exploratory and are 
interpreted alongside the DESeq2-based results.

For detailed information, including the mathematical background 
of the ROC-based approaches, simulation workflow, and dataset 
description, see [Supplementary Materials (Section A)].

RESULTS

This section summarizes the comparative performance of DESeq2, 
cAUC, gAUC, and LROC based on simulation studies and presents an 
illustrative application to a CC miRNA dataset, accompanied by a 
literature-based plausibility assessment.

Performance evaluation

Using the simulation framework described in the Materials and 
Methods section, we evaluated the performance of DESeq2 and 
three ROC-derived screening indices (cAUC, gAUC, and LROC) under 
varying RNA-Seq conditions. Performance metrics were computed 
from 1000 simulated datasets and summarized across levels of 
overdispersion (very low, moderate, and very high) and sample sizes 
(100, 300, and 500) for both DEGs and IGs. Figure 3 presents results 
for the low-DE scenario (π

DEGs
=0.05), in which differences among 

methods are most pronounced and comparative interpretation is 
most informative. Corresponding high-DE results (π

DEGs
=0.30) are 

provided in the [Supplementary Materials (Section B)]. We focus on 
the low-DE setting because it yields conclusions consistent with the 
high-DE case while providing clearer contrasts among methods.

Across all scenarios, increasing sample size improved detection 
performance for all methods, although the magnitude of 
improvement varied. The cAUC performed worst overall, 
particularly for IGs, with TPR values often below 0.25, indicating 
weak discriminatory ability. DESeq2 showed strong and stable 
performance for DEGs but lower sensitivity for IGs. At the benchmark 
level, gAUC and LROC achieved higher recovery of IGs than DESeq2 
under very low and moderate overdispersion, reflecting their ability 
to capture non-monotonic expression patterns.

Under very high overdispersion, particularly for IGs, LROC 
performance declined substantially and, in some cases, fell below 
that of DESeq2, whereas gAUC remained robust, with median 
detection rates exceeding 0.75 except at small sample sizes. 
Increasing overdispersion also increased variability in detection 
performance across all methods, while low-dispersion settings 
produced more stable results. Overall, the one-shot results 
summarize ranking behavior at the design operating point, whereas 
practical trade-offs are further examined in the sensitivity analysis 
below.

Sensitivity analysis

To evaluate the sensitivity of the methods to the choice of DEG 
set size, we examined both TPR and PPV for DEGs and IGs across 
a range of selection sizes. Although the simulation design specifies 
a nominal DEG count of 150 per dataset, prefiltering can result in 
varying numbers of retained true DEGs around this value across 
replicates. This empirical range, which may vary slightly across 
simulation scenarios, is indicated by the gray-shaded band in 
Figures 4-7. Because PPV directly reflects the proportion of false 
positives among selected features, these curves summarize the 
sensitivity analysis, that is, the trade-off between true detection and 
false positives under ranking-based screening. We did not calibrate 
a nominal false-positive rate (FPR) for the ROC-derived indices using 
an inferential procedure; therefore, false positives are summarized 
empirically via PPV rather than through a controlled error rate, 
while empirical FPR curves are reported in the [Supplementary 
Materials (Section B)] as a specificity benchmark.

For DEGs, the sensitivity analysis indicated that all methods 
achieved broadly similar TPR values when only a small number of 
features were selected. TPR increased as the selection size grew; 
however, once the selected set size exceeded the retained number 
of true DEGs (i.e., the gray-shaded band), marginal gains diminished 
and method-specific differences became more apparent. Selecting 
additional features beyond this range primarily increased false 
positives rather than improving true detection (Figures 4 and 5). 
In this setting, DESeq2 showed a modest advantage under small 
sample sizes and very high overdispersion.

FIG. 2. Simulation workflow. Number of total features (p) is fixed at 3,000. LROC, length of the receiver operating characteristic; gAUC, generalized 
area under the curve; DE, differential expression.
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For IGs, gAUC consistently achieved the highest TPR and PPV. LROC 
generally ranked second, except under very high overdispersion 
(Figure 6). Notably, gAUC began recovering IGs even at small 
selection sizes, whereas other methods showed limited sensitivity 
in this range. Under very high overdispersion, DESeq2 also began 
recovering IGs at smaller selection sizes than in low-to-moderate 
overdispersion settings and generally ranked second after gAUC 
(Figure 7).

Visual inspection of improper expression profiles

To further characterize the behavior of ROC-based metrics, we 
visually examined their joint distributions in a simulated dataset 
under the very high overdispersion scenario (i.e., and ). Figure 8 
provides a diagnostic view of how the ROC-derived indices behave 
across different simulated feature types.

IGs tend to cluster at low cAUC values (approximately 0.5-0.65) but 
exhibit higher LROC values and often elevated gAUC despite low 
cAUC, reflecting non-monotonic expression patterns. In this high-
dimensional setting, visual separation is descriptive and does not 
quantify statistical uncertainty; therefore, these plots are interpreted 
as exploratory diagnostics that may guide screening and threshold 
tuning rather than as formal evidence of signal.

CC results

As a real-data counterpart to the simulation analyses, we applied 
the proposed methods to a CC miRNA dataset. After filtering low-
quality reads and near-zero-variance features, 416 miRNAs were 
retained for downstream analysis. DE analysis was first performed 
using DESeq2, with significance defined by an absolute log

2
 fold-

change greater than 0.6 and a Benjamini-Hochberg-adjusted p value 

FIG. 3. Simulation results at the one-shot benchmark. The figure reports TPRs across simulated datasets when the selected set size is fixed at the 
nominal design value K=150 (i.e., p × πDEGs) under the low-DE scenario π

DEGs
 = 0.05). This operating point is available only in simulations and is used 

here as a descriptive ranking benchmark. LROC, length of the receiver operating characteristic; gAUC, generalized area under the curve; AUC, area 
under the curve; TPRs, true positive rates; DE, differential expression.
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below 0.05. Subsequently, gAUC and LROC were applied as screening 
scores to identify candidate improper miRNA profiles that may 
not be prioritized by DESeq2. Visual inspection of the ROC-based 
indices (Figure 9) revealed patterns similar to those observed in the 
simulation diagnostics (Figure 8).

The volcano plot (Figure 10) summarizes the DESeq2 results, with 
slight vertical jitter applied to improve visual clarity near the 
significance boundary. miRNAs flagged by the heuristic screening 
rule but not detected by DESeq2 were considered candidate 
improper miRNAs and were primarily located in the non-significant 
region of the volcano plot. Using this rule, 56 miRNAs were 
identified as candidate improper miRNAs, of which 34 were not 
detected by DESeq2 (Figure 11).34 ROC curves for the top candidates 
(Figure 12) exhibit non-monotonic patterns, suggesting potential 
associations between both low and high expression levels and 
tumor status. Collectively, these results illustrate how ROC-derived 
screening indices can complement DESeq2 by prioritizing candidate 

non-monotonic miRNA profiles for downstream follow-up, such as 
literature-based plausibility assessment.

DISCUSSION

In this study, we evaluated ROC-derived indices (cAUC, gAUC, and 
LROC) as complementary screening tools alongside DESeq2. Because 
DESeq2 primarily targets mean-shift signals, it may deprioritize 
genes and miRNAs with IG profiles. Our results suggest that ROC-
derived rankings can help flag candidate improper features for 
follow-up analysis; however, these indices do not provide p values 
or formal error control and should therefore be interpreted as 
exploratory diagnostics.

Importance of IG expression profiles: IG expression profiles 
have important biological relevance beyond their statistical 
characterization. For example, in breast cancer, the estrogen 
receptor gene exhibits a bimodal distribution that distinguishes ER-

FIG. 4. Sensitivity analysis of the methods across simulations under the low-differential expression scenario—true positive rate for DEGs. LROC, length 
of the receiver operating characteristic; gAUC, generalized area under the curve; AUC, area under the curve; DEGs, differentially expressed genes.
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positive and ER-negative subtypes. In contrast, tumor-suppressor 
pathways involving genes such as PTEN may be disrupted by both 
loss-of-function and aberrant overexpression.35,36 The activation 
marker TNFRSF9 also shows a bimodal expression pattern in 
tumor-infiltrating regulatory T-cells in non-small-cell lung 
cancer.17 Together, these examples illustrate that transcriptomic 
heterogeneity can manifest as bimodality in both mRNA and miRNA 
expression, underscoring the need for approaches that can flag 
non-monotonic expression–disease relationships as candidates for 
further investigation.

Conventional DE tools primarily detect mean-shift signals and 
may miss improper expression patterns. Earlier microarray-based 
studies sought to address this limitation. Parodi et al.37 introduced 
“not proper ROC curves” and the ABCR statistic to detect genes 
whose ROC curves cross the random expectation line, indicating 
subgroup effects. Silva-Fortes et al.38 proposed the “arrow plot,” 
which combines ROC AUC and overlap measures to identify bimodal 
or subgroup-specific expression patterns missed by standard 

approaches. Building on these conceptually related ROC-based 
ideas, we use gAUC and LROC as screening indices and illustrate 
their behavior through simulations and a real dataset application.

Insights from simulation study: In our simulations, ranking behavior 
was primarily influenced by sample size and overdispersion. At the 
one-shot benchmark (available only in simulations), gAUC and LROC 
generally recovered more IGs than DESeq2 under low-to-moderate 
overdispersion, whereas LROC performance deteriorated under 
extreme overdispersion. The sensitivity analysis summarizes the 
trade-off between true positives and false positives under ranking-
based screening. This limitation likely reflects LROC’s reliance on a 
parametric binormal assumption, which may be violated in RNA-Seq 
data. Future work may address this limitation by developing non-
parametric or regularized variants of LROC to improve robustness 
while preserving its geometric interpretability.

Although we did not explicitly simulate an IG-generating mechanism 
driven solely by variance inflation, ROC-derived screening may, 

FIG. 5. Sensitivity analysis of the methods across simulations under the low-differential expression scenario—positive predictive value for DEGs. LROC, 
length of the receiver operating characteristic; gAUC, generalized area under the curve; AUC, area under the curve; DEGs, differentially expressed 
genes.
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in principle, detect IGs arising from variance inflation–driven 
differences; however, this scenario was not evaluated in the present 
study. We also observed that DESeq2 recovered a larger fraction 
of simulated IGs under very high overdispersion. One plausible 
explanation is that, as dispersion increases, some mixture-generated 
IGs may resemble variance-inflation–like profiles or exhibit stronger 
mean-shift components, thereby becoming more detectable 
by DESeq2. Consequently, under a dedicated variance-inflation 
simulation design, the unimodal structure of a variance-inflation-
only mechanism may lead DESeq2 and ROC-based screening to 
produce more similar IG recovery patterns. This hypothesis should 
be evaluated in future work.

Visual diagnostics of improper profiles: Beyond numerical 
performance metrics, we propose visual inspection of the AUC space 
(e.g., plotting cAUC against gAUC and/or LROC) as a diagnostic tool. 
In our simulated data, DEGs, IGs, and non-significant genes occupied 
distinct regions: DEGs showed high cAUC and gAUC, IGs showed 
moderate cAUC but high gAUC, and non-DE genes clustered near 

baseline. Such plots are descriptive and do not quantify statistical 
uncertainty; therefore, they are intended as exploratory diagnostics 
to guide screening and threshold selection.

In real-data applications, we used heuristic cut-offs, which should 
be interpreted as post-hoc screening rules. Because these cut-offs 
depend on data structure and analyst objectives, they are inherently 
subjective: more permissive thresholds increase sensitivity but also 
raise FPRs, whereas more stringent thresholds reduce false positives 
at the cost of increased false negatives. Accordingly, threshold 
tuning should reflect the intended trade-off between sensitivity and 
the burden of false discoveries.

Application to CC miRNA data: CC remains a significant global health 
burden. In the CC miRNA dataset, ROC-derived screening indices 
identified candidate improper miRNAs that were not prioritized 
by DESeq2 (Figures 10-13). Using the heuristic rule described in the 
materials and methods section, we identified candidate improper 
miRNAs for downstream analysis and summarized their patterns 

FIG. 6. Sensitivity analysis of the methods across simulations under the low-differential expression scenario — true positive rate for improper genes. 
LROC, length of the receiver operating characteristic; gAUC, generalized area under the curve; AUC, area under the curve; IGs, improper genes.
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using diagnostic plots. These findings are exploratory and intended 
for prioritization rather than confirmation.

Improper or bimodal miRNA expression patterns may reflect 
underlying biological heterogeneity. ROC-derived indices can 
therefore help prioritize such candidates for downstream evaluation, 
including literature-based support and independent validation. For 
example, miR-15a-5p has been associated with tumor-suppressive 
activity when underexpressed, whereas miR-93-5p has been linked 
to oncogenic activity when overexpressed; their appearance among 
candidate improper miRNAs is consistent with these dual functional 
roles.

Literature-based plausibility assessment of miRNAs in CC data

To evaluate the biological relevance of improper miRNAs identified 
in the CC dataset, we conducted a literature-based plausibility 
assessment of the top candidates. Several highly ranked miRNAs 
identified by our approach have well-established roles in CC 

progression, supporting the biological plausibility of the ROC-based 
findings. Notably, tumor-suppressor miRNAs such as let-7d, miR-
30c-5p, miR-382-5p, and miR-145 are consistently reported to be 
downregulated in cervical tumors.39-42 These miRNAs regulate key 
oncogenic pathways involved in cell-cycle control, survival signaling, 
angiogenesis, and metastasis; thus, their reduced expression is 
consistent with loss of tumor-suppressive function.

In contrast, several oncogenic miRNAs highlighted by our analysis, 
including miR-301a, miR-19a/b, miR-93-5p, miR-106b, and miR-15a-
5p, have been repeatedly implicated in CC as drivers of proliferation, 
invasion, and resistance to apoptosis.43-47 These miRNAs typically 
target key tumor-suppressor pathways, including PTEN/PI3K, TGF-β 
signaling, and p53-related stress responses, thereby promoting 
epithelial-mesenchymal transition, angiogenesis, and metastatic 
potential. Being classified as improper miRNAs suggests that their 
dysregulation—particularly deviations toward both low and high 
expression levels—may contribute to malignant behavior, consistent 

FIG. 7. Sensitivity analysis of the methods across simulations under the low-differential expression scenario—positive predictive value for improper 
genes. LROC, length of the receiver operating characteristic; gAUC, generalized area under the curve; AUC, area under the curve; IGs, improper genes.
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FIG. 8. Scatterplot matrix for the relationships among three receiver operating characteristic-derived diagnostic indices of simulated gene expression 
data. Points are colored according to the true status of the genes in the simulated dataset. ROC, receiver operating characteristic.

FIG. 9. Scatterplot relationships among ROC-based metrics for the cervical cancer dataset. Points are colored according to the differential expression 
results of DESeq2 and heuristic thresholds for ROC-derived metrics. ROC, receiver operating characteristic. cAUC, classical area under the curve.

FIG. 10. Volcano plot of DESeq2 results for the cervical cancer dataset. The top-ranked candidate miRNAs exhibiting improper expression profiles, 
as identified by the gAUC and LROC metrics, are annotated in the figure. Some of these improper miRNA profiles fall within the upregulated or 
downregulated regions, which are also detected by the DESeq2 framework. LROC, length of the receiver operating characteristic; gAUC, generalized 
area under the curve.
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with experimentally observed context-dependent or dual functional 
roles. Together with additional less-characterized candidates (e.g., 
miR-598), these findings suggest that improper miRNA profiles may 
reflect biologically meaningful heterogeneity in CC and warrant 
further functional investigation.

We acknowledge several limitations of this work. The primary 
limitation is that gAUC and LROC are used as heuristic screening 
scores without p values or formal type I error control; therefore, 
results depend on post-hoc threshold selection and do not 
support strict inferential claims. Additional limitations include the 
restriction to binary outcomes (two-group comparisons) and the 
lack of an inferential calibration framework for the ROC-derived 
indices (e.g., null-only behavior, specificity, and nominal type I error 
or FPR control), beyond the empirical FPR sensitivity benchmarks 
provided in the [Supplementary Materials (Section B)]. These issues 
should be addressed in future methodological work, for example, 
by developing data-driven thresholding strategies or formal test 
statistics with known sampling distributions.

In conclusion, improper, non-monotonic expression profiles in 
RNA-Seq data can be difficult to prioritize using mean-shift–focused 
DE testing alone. In both the simulation studies and the CC case 

FIG. 11. Venn diagram showing the overlap between miRNAs identified 
by DESeq2, LROC, and gAUC in the cervical cancer dataset. Number 
of selected features by DESeq2 is defined using the criteria, e.g., BH-
adjusted p value < 0.05 and absolute log

2
 fold-change > 0.6. LROC, 

length of the receiver operating characteristic; gAUC, generalized area 
under the curve.

FIG. 12. Receiver operating characteristic (ROC) curves for the top improper miRNAs identified in the cervical cancer dataset. Each panel represents 
an individual miRNA exhibiting a non-monotonic expression profile, with both low and high expression levels contributing to discrimination between 
tumor and control samples.
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study, gAUC (and, in some settings, LROC) provided complementary 
screening rankings that may help flag candidate non-monotonic 
features for follow-up analysis. Because these indices rely on 
heuristic thresholds and lack error control, the findings should be 
interpreted as exploratory and require independent validation.
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