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Background: Chronic pain involves complex neuroplastic changes and neuroinflammatory processes that may be reflected in
circulating microRNA profiles. Acupuncture analgesia operates through multiple neurobiological mechanisms including modulation
of neurotransmitter release and synaptic plasticity. High-dimensional small-sample (HDSS) datasets pose significant challenges for
biomarker discovery in clinical omics studies, where the number of features vastly exceeds sample size. Existing approaches often lack
robust validation frameworks, leading to overfitted models with poor generalizability. We developed and validated a comprehensive
framework for HDSS biomarker discovery, demonstrated on circulating microRNA data from a chronic neck pain acupuncture trial.
Our objective was to establish a simulation-validated pipeline that addresses preprocessing instability, model selection uncertainty, and
statistical significance assessment in extreme HDSS scenarios.

Methods: In this exploratory high-dimensional small-sample study, we analyzed plasma microRNA profiles from 6 participants in
a chronic neck pain acupuncture trial, generating 9 paired measurements of microRNA fold-changes and pain reduction (AVAS) across
baseline, 4-week, and 8-week time points. Our framework integrated: (1) robust preprocessing with Winsorization, arcsinh transfor-
mation, and median/MAD scaling; (2) nested leave-one-out cross-validation with LASSO/Elastic Net regularization; (3) permutation
testing (10,000 iterations); and (4) comprehensive HDSS factorial simulation (19,440 runs across varying sample sizes, sparsity,
signal-to-noise ratios, and preprocessing strategies).

Results: The observed model achieved MAE=10.58, RMSE=13.70, and Spearman p=—0.217, with permutation p<0.001. Simulation
benchmarking revealed our correlation coefficient ranked at the 91st percentile compared to null-like HDSS scenarios. Three
microRNAs (miR-3681-3p, miR-4743-5p, miR-6822-5p) emerged as a dual-function panel, consistently selected across cross-
validation folds and associated with both pain prediction and acupuncture response. Pathway enrichment analysis revealed significant
associations with PI3K-Akt/mTOR, TGF-f signaling, synaptic plasticity, and neuroinflammatory pathways.

Conclusion: We present a rigorously validated framework for HDSS biomarker discovery that demonstrates modest but statistically
significant predictive signal in extremely challenging conditions. This methodology is broadly applicable to other HDSS omics
problems where traditional validation approaches fail.

Keywords: microRNA, chronic pain, acupuncture, neuroinflammation, synaptic plasticity, biomarker discovery, high-dimensional
data, permutation testing

Introduction

Pain biomarker discovery exemplifies analytical challenges at the intersection of clinical neuroscience and molecular
biology. Chronic pain pathophysiology is characterized by peripheral and central sensitization processes.' Peripheral
sensitization involves increased nociceptor responsiveness following tissue injury, while central sensitization represents
enhanced excitability of central pain pathways.” These mechanisms are mediated by neurotransmitters including
glutamate and neuropeptides such as substance P,* driving neuroplastic changes in synaptic transmission and neuroin-
flammatory cascades that may be reflected in circulating molecular signatures. Despite growing interest in these
molecular mechanisms, robust biomarker identification has been hindered by methodological difficulties in handling
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high-dimensional molecular profiling data from necessarily small clinical cohorts. Many studies employ standard
statistical approaches that may not adequately account for multiple testing burdens and overfitting risks.* Additionally,
the lack of standardized validation frameworks makes it difficult to contextualize model performance and distinguish
meaningful biological signals from statistical artifacts.

Circulating microRNAs (miRNAs) represent promising candidates for pain biomarkers due to their regulatory roles in
neurobiological processes including synaptic plasticity, neuroinflammation, and nociceptive signaling, combined with
their stability in biological fluids and potential for non-invasive measurement.”° Several studies have reported associa-
tions between miRNA expression patterns and various pain conditions,” though findings have often been inconsistent
across studies, potentially reflecting analytical challenges rather than biological variability.

Acupuncture analgesia operates through multiple neurobiological mechanisms including modulation of neurotrans-
mitter release, activation of descending pain inhibitory pathways, and regulation of neuroinflammatory responses. These
effects involve modulation of glial cell activity and suppression of neuroinflammatory cascades that contribute to pain
sensitization and chronification. MicroRNAs, as key regulators of inflammatory pathways and synaptic plasticity, may
mediate or reflect these therapeutic mechanisms. Our previous clinical trial demonstrated significant improvements in
pain intensity and functional disability following acupuncture treatment in patients with chronic neck pain, accompanied
by changes in serum substance P levels,® indicating underlying molecular responses to treatment. This established
clinical framework provides an opportunity to explore circulating miRNA profiles as potential molecular indicators of
acupuncture’s anti-inflammatory and neuromodulatory effects. Accumulating preliminary evidence indicates that acu-
puncture may influence microRNA expression involved in pain-related pathways, suggesting a potential epigenetic
mechanism underlying its therapeutic effects.”'® However, systematic investigation of circulating miRNA biomarkers for
acupuncture response prediction in chronic pain patients remains limited.

High-dimensional small-sample (HDSS) datasets pose particular challenges in clinical neuroscience studies, where
comprehensive molecular profiling must be balanced against practical constraints of patient recruitment and intervention
complexity.!" This scenario is especially common in pain research, where the number of molecular features (p) often vastly
exceeds the sample size (n) due to cost, patient availability, or study feasibility constraints. While regularization methods such

as LASSO and Elastic Net have been developed to address some aspects of the “large p, small n” problem,'*'?

practical
challenges remain in model validation, statistical significance assessment, and performance benchmarking when dealing with
extreme HDSS scenarios.* While recent advances have addressed specific aspects of HDSS analysis—including robust

121315 and permutation-based inference'®—integrated frameworks com-

preprocessing,'* regularization with cross-validation,
bining these approaches with comprehensive simulation-based validation across realistic HDSS conditions remain limited.*"!

The development of practical analytical frameworks for HDSS biomarker discovery requires careful integration of
preprocessing strategies, regularization methods, and validation approaches tailored to the specific challenges of
extremely unbalanced datasets. Simulation-based validation offers a particularly useful approach for performance
contextualization by providing empirical benchmarks against which observed results can be evaluated.'’

In this study, we present a practical framework for HDSS biomarker discovery and demonstrate its application using
circulating microRNA profiling data from our chronic neck pain acupuncture cohort. Our specific aims were: (1) to develop
and validate a preprocessing and modeling pipeline suitable for extreme HDSS scenarios in clinical neuroscience; (2) to
identify circulating microRNAs associated with both pain prediction and acupuncture treatment response; (3) to demonstrate
a simulation-based validation approach for performance benchmarking in HDSS settings; and (4) to explore neurobiological
pathways underlying the identified microRNA-pain associations. Using paired measurements of microRNA expression
changes and pain outcomes (n=9 pairs, p=2330 features), we show how meaningful biological signals can be extracted from
challenging datasets when appropriate analytical strategies are employed.

Methods
Study Design and Participants

This study utilized biospecimens and clinical data from a previously published chronic neck pain acupuncture trial.* The
original study enrolled female participants aged 40—-60 years with chronic neck pain (>12 weeks duration, VAS >30 mm)
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and followed a waiting-list controlled design with a 4-week observation period followed by 4 weeks of acupuncture
treatment. The acupuncture intervention utilized bilateral acupoints (LI4, TE5, GB20, GB21, SI3, and BL60) with
disposable stainless steel needles (0.25%40 mm) inserted to depths of 15-25 mm depending on location. Manual
stimulation was applied to achieve de-qi sensation, needles were retained for 20 minutes per session, and treatment
was administered twice weekly for 4 weeks (8 sessions total). Detailed inclusion/exclusion criteria and complete clinical
procedures have been described previously.® For the current analysis, we selected a representative subset of 6 participants
(3 control, 3 acupuncture group) to demonstrate our HDSS analytical framework under extreme sample size constraints.

The study generated 9 paired observations: control participants contributed baseline vs 4-week measurements (3
pairs), while acupuncture participants contributed both baseline vs 4-week and 4-week vs 8-week measurements (6
pairs). Each pair consisted of microRNA expression fold-changes and corresponding pain change scores (AVAS),
providing independent data points for correlation analysis regardless of treatment group assignment.

MicroRNA Profiling

Plasma samples were collected at baseline, 4 weeks, and 8 weeks, and processed using standard protocols with storage at
—80°C until analysis. Total RNA including small RNAs was extracted from plasma samples using the miRNeasy Serum/
Plasma Kit (Qiagen) following the manufacturer’s protocol. RNA quality and quantity were assessed using a NanoDrop
spectrophotometer. MicroRNA expression profiling was performed using Affymetrix microRNA GeneChip microarrays.
CEL files were imported and processed using Affymetrix Power Tools (APT) Software with RMA+DABG-All
analysis.'® Array data were filtered by probes annotated to human species, resulting in approximately 6000 initially
detected features. Quality control procedures and probe filtering reduced the final dataset to 2330 microRNA features for
downstream analysis.

For each paired measurement, microRNA fold-changes were calculated as log2 ratios between time points, while pain
changes were calculated as AVAS (later time point VAS - earlier time point VAS). This approach generated 9
independent (fold-change, AVAS) observations for statistical modeling.

Preprocessing Pipeline
We developed a robust preprocessing pipeline specifically designed for HDSS scenarios with potential outliers and
distributional challenges commonly encountered in microarray data. The primary pipeline consisted of the following
sequential steps:

Step 1: Winsorization - Extreme values were capped at the 99.5th percentile (absolute values) to reduce the influence
of outliers while preserving the overall data structure.'®

Step 2: Variance-stabilizing transformation - The arcsinh transformation was applied to stabilize variance across the
dynamic range of expression values and approximate normality.°

Step 3: Robust scaling - Features were scaled using median centering and median absolute deviation (MAD)
normalization to provide robust alternatives to mean/standard deviation scaling.”!

Step 4: Dispersion filtering - Features were ranked by MAD and the top 50% most variable features were retained,
with a minimum threshold of max (50, 3xn) features to ensure sufficient feature diversity for modeling.

Step 5: Quality control - Defensive handling of missing values, infinite values, and zero-variance features was
implemented with appropriate exclusion criteria.

To evaluate preprocessing sensitivity, we implemented two comparator pipelines: (1) standard z-score normalization,
and (2) quantile normalization followed by z-score transformation with variance-based feature selection (top 50% by
variance).”?

Statistical Modeling

Regularized Regression

We employed LASSO and Elastic Net regularization using the glmnet package in R.'*** Elastic Net was implemented
with alpha parameters ranging from 0.1 to 1.0 using grid search. Both methods use L1 regularization to perform
automatic feature selection while controlling overfitting in HDSS settings.
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Cross-Validation Strategy
Given the extreme sample size (n=9), we implemented nested leave-one-out cross-validation (LOOCV) to maximize
training data utilization while providing unbiased performance estimates.”* The nested structure consisted of:

1) Outer loop: LOOCYV for final performance estimation (9 iterations, each holding out 1 observation)

2) Inner loop: LOOCYV on the remaining 8 observations for hyperparameter tuning and model selection

3) One-SE rule: Applied during inner cross-validation to select the most parsimonious model within one standard
error of the minimum cross-validation error

This strategy ensures that each performance estimate is based on completely independent test data while maintaining
rigorous separation between model selection and performance evaluation.'> All preprocessing steps (Winsorization,
arcsinh transform, median/MAD scaling, and dispersion filtering) were fit within each inner training fold and applied to
the held-out samples to avoid information leakage; the same fold-wise protocol was used for permutations and
simulations.

Performance Metrics
Primary evaluation metrics included Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Spearman rank
correlation coefficient (p). Scale-free versions (SMAE = MAE/SD(y), sSRMSE = RMSE/SD(y)) were calculated to enable

comparison across different simulation scenarios.

Validation Framework

Permutation Testing

Statistical significance was assessed using two-sided permutation testing with 10,000 random permutations of the
outcome variable (AVAS) while maintaining the feature matrix structure.'® For each permutation, the complete modeling
pipeline was re-run and the Spearman correlation coefficient was recalculated. P-values were calculated as (number of
permutations with |correlation| > |observed correlation| + 1) / (total permutations + 1) to provide conservative estimates.
Random seed was set to 12345 for reproducibility, with Monte Carlo standard error approximately 0.001. This approach
provides an empirical null distribution for the observed correlation coefficient under the assumption of no true

association between microRNA patterns and pain outcomes.

HDSS Simulation Study
To contextualize our results within the broader landscape of HDSS performance, we conducted a comprehensive factorial

simulation study spanning 19,440 runs across the following parameters:

1) Sample sizes: n =6, 9, 12

2) Feature dimensionality: p = 2000 (approximately matching our dataset)

3) Sparsity levels: 1-2% (proportion of features with true signal)

4) Signal-to-noise ratios: 0.75, 1.0, 1.5

5) Distributional assumptions: Normal vs heavy-tailed (t-distribution, df=3)

6) Batch effects: Standard deviation = 0 (no batch effects) vs 0.5 (moderate batch effects)
7) Preprocessing strategies: Robust (our primary pipeline), z-score, quantile normalization
8) Validation strategies: Nested LOOCYV, repeated k-fold, bootstrap 0.632%°

9) Replications: 30 independent runs per parameter combination

For each simulation run, synthetic datasets were generated with known ground truth, and the same modeling pipeline
applied to our real data was used to generate performance metrics. This design allows direct comparison of our observed

results against empirical distributions of performance under various HDSS scenarios.
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Feature Selection and Biological Interpretation
MicroRNAs consistently selected across multiple cross-validation folds in both LASSO and Elastic Net were identified
as candidate biomarkers. Selection frequency was tracked across all outer LOOCYV iterations, and microRNAs appearing
in both regularization methods were prioritized for biological interpretation.

Target prediction and pathway enrichment analysis were performed using the miRDB database for target prediction®
followed by pathway analysis using Enrichr.?” Significant pathways were identified using FDR < 0.05 as the significance
threshold.

Statistical Software
All analyses were performed in R version 4.5.1. Key packages included glmnet for regularized regression, caret for cross-
validation frameworks, and custom scripts for simulation studies. The complete analytical pipeline is available as

supplementary code to ensure reproducibility.

Results

Our HDSS framework achieved modest but statistically significant predictive performance with MAE=10.58, RMSE=13.70,
and Spearman p=—0.217. The observed MAE of 10.58 represents approximately 10.6% of the VAS scale range (0-100). In
chronic pain research, VAS changes of 15-20 points are considered clinically significant; thus our prediction error falls within
a potentially meaningful range for exploratory biomarker studies, though substantial validation is required. Detailed feature
selection, biological validation, and methodological validation are presented below.

Regularized Feature Selection Identifies Consensus MicroRNA Panel
Nested leave-one-out cross-validation with LASSO and Elastic Net regularization consistently selected a core set of
microRNAs across multiple cross-validation folds (Figure 1). Three microRNAs emerged as the most robust features: miR-
3681-3p (selected in 69% of LASSO folds and 69% of Elastic Net folds), miR-933 (44% and 56% respectively), and miR-
4743-5p (44% and 56% respectively). The high concordance between LASSO and Elastic Net selection patterns, particularly
for the top-ranked features, demonstrates the robustness of these candidates despite the challenging HDSS conditions.
Additional microRNAs showed moderate selection frequencies, including miR-4679 (22% LASSO, 44% Elastic Net),
miR-6822-5p (11% LASSO, 44% Elastic Net), and several others with selection frequencies ranging from 11% to 33%.
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Figure | Regularized feature selection identifies consensus microRNA biomarkers. MicroRNA selection frequencies across nested leave-one-out cross-validation for
LASSO (A) and Elastic Net (B) regression. Bars show percentage of folds in which each microRNA was selected. Scatter plot (C) compares selection frequencies between
methods, with diagonal line indicating perfect agreement. Green circles represent consensus features with same directional selection; red circles indicate Elastic Net-specific
selections. Point size reflects maximum selection frequency. Diagonal = perfect agreement; gold rings = core trio.
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The selection frequency patterns revealed that while the extreme HDSS scenario resulted in variable feature selection
across folds, a consensus panel of 3—5 microRNAs consistently emerged as the most predictive features.

Treatment Response Analysis Reveals Differential MicroRNA Patterns
Analysis of treatment response patterns identified substantial differences in microRNA expression changes between
acupuncture and control groups (Figure 2). The top 50 microRNAs showing the greatest differential response to
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Figure 2 Treatment-specific microRNA expression changes distinguish acupuncture from control groups. Heatmap of the top 50 microRNAs ranked by correlation
magnitude with treatment status (acupuncture vs control). Rows represent individual microRNAs; columns represent subjects (ACUI-3: acupuncture group baseline-to
-4 weeks and 4 weeks-to-8 weeks measurements; CON-3: control group baseline-to-4 weeks measurements). Color scale indicates expression fold-change values (green:
upregulation, red: downregulation).
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acupuncture versus control conditions demonstrated clear clustering patterns, with acupuncture subjects (ACU1-3)
showing distinct expression profiles compared to control subjects (CON1-3).

Notable patterns included coordinate upregulation of multiple microRNAs in acupuncture responders, particularly
miR-6077-2, miR-6077-1, and miR-4752, while control subjects showed more variable and generally smaller magnitude
changes. Several microRNAs displayed opposing directional changes between groups, including miR-4286, miR-5186-2,
and miR-6506-5p, suggesting treatment-specific regulatory responses.

The heatmap visualization revealed that acupuncture treatment induced coordinated changes across multiple
microRNA families, while control subjects showed predominantly random fluctuations consistent with measurement

noise or natural biological variation.

Dual-Function MicroRNA Panel Links Pain Prediction and Treatment Response
Integration of pain prediction capability with treatment response revealed a subset of microRNAs with dual functionality
(Figure 3). The scatter plot analysis, plotting pain prediction strength (x-axis) against treatment response association
(y-axis), identified microRNAs in three functional categories: pain-specific (high x, green), treatment-specific (high vy,
blue), and dual-function (high x, high y, red).

Three microRNAs emerged as representative dual-function biomarkers based on their position in the upper-right
quadrant of the scatter plot and their appearance in feature selection results: miR-6822-5p, miR-4743-5p, and miR-3681-
3p (highlighted with purple diamonds, indicating their selection during regularized feature selection). These candidates
demonstrated both strong associations with pain prediction (|correlation with VAS| > 0.8) and clear differential response
to acupuncture treatment (|treatment response| > 0.9). The purple diamond annotation indicates that these microRNAs
were consistently selected across multiple cross-validation folds in the LASSO and/or Elastic Net procedures, providing
additional validation of their predictive importance beyond their dual-function characteristics.

Additional microRNAs showed more specialized functions: miR-1202 and miR-3681-3p exhibited primarily pain
prediction capabilities, while miR-4679, miR-4537, and miR-933 showed stronger associations with treatment response.
The identification of microRNAs spanning both functional domains provides biological plausibility for their role as both
predictive biomarkers and mechanistic indicators of therapeutic response.

Pathway Enrichment Analysis Reveals Biologically Plausible Mechanisms

Functional annotation of the three dual-function microRNAs (miR-3681, miR-6822, miR-4743) using miRDB target
prediction followed by pathway enrichment analysis revealed significant associations with multiple pathways relevant to
pain mechanisms and acupuncture response (Figure 4).

Gene Ontology Biological Process enrichment identified significant associations with transcriptional regulation,
particularly positive regulation of DNA-templated transcription (GO: 0045893) and regulation of transcription by
RNA Polymerase II (GO: 0006357). Additional significant processes included peptidyl-serine modification and negative
regulation of RNA biosynthetic processes, suggesting roles in post-translational modification and gene expression
control.

KEGG pathway analysis revealed enrichment in several pain-relevant pathways, including AMPK signaling pathway,
insulin resistance, and TGF-beta signaling pathway. The longevity regulating pathway and non-small cell lung cancer
pathways were also significantly enriched, potentially reflecting broader cellular stress response mechanisms.?®

Reactome pathway enrichment highlighted neuronal system pathways, signal transduction, and RNA Polymerase 11
transcription as key functional domains. Particularly relevant was the enrichment in protein-protein interactions at
synapses and MET activates PI3K/AKT signaling, both directly relevant to pain processing and synaptic plasticity.?’

WikiPathways analysis identified focal adhesion PI3K-Akt-mTOR signaling (WP3932) and VEGFA-VEGFR2
signaling (WP3888) as significantly enriched pathways. The PI3K-Akt-mTOR pathway is particularly relevant to pain
chronification and neuroplasticity, while VEGF signaling has been implicated in both angiogenesis and neuronal survival

responses.
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Permutation Testing Confirms Statistical Significance
Permutation analysis using 10,000 random outcome permutations confirmed that the observed model performance was
highly unlikely under the null hypothesis of no association (Figure 5). The empirical null distributions for MAE,
RMSE, and Spearman correlation all demonstrated that our observed values were extreme outliers compared to the
permuted results.

For MAE, the observed value of 10.58 fell well outside the permutation distribution (centered around 12.5),
representing approximately the Sth percentile of the null distribution. Similarly, the RMSE of 13.70 was substantially
lower than the permutation distribution (centered around 15.5), falling in the lower tail of the null distribution.
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Figure 5 Permutation testing confirms statistical significance of model performance. Histograms show distribution of MAE (A and B), RMSE (C and D), and Spearman correlation
(E and F) under null hypothesis. Empirical null distributions from 10,000 random permutations of outcome variables for LASSO (A, C, and E) and Elastic Net (B, D, and F)
regression. Red dashed lines indicate observed values (MAE=10.58, RMSE=13.70, p=—0.217). All observed metrics fall in extreme tails of null distributions, confirming statistical
significance (p<0.001).

Most strikingly, the Spearman correlation of p=—0.217 was dramatically different from the permutation distribution,
which was tightly centered around zero. The observed correlation represented an extreme outlier (p < 0.001), providing
strong evidence against the null hypothesis of random associations between microRNA patterns and pain outcomes.

These results demonstrate that despite the challenging HDSS conditions (n=9, p=2330), the identified microRNA-
pain associations represent genuine biological signals rather than statistical artifacts.
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HDSS Simulation Study Provides Performance Context

Comprehensive simulation analysis across 19,440 HDSS scenarios provided empirical benchmarking for our observed
results (Figure 6). The simulation study systematically varied sample sizes (n=6, 9, 12), sparsity levels (1-2%), signal-to-
noise ratios (0.75-1.5), distributional assumptions (normal vs heavy-tailed), batch effects, preprocessing strategies, and
validation approaches.

Scale-free error metrics positioned our results within expected ranges for HDSS scenarios: sSMAE=0.745 (41st
percentile) and sRMSE=0.965 (45th percentile). These percentiles indicate that our prediction errors were neither
unusually large nor small compared to the broad range of HDSS simulation conditions, suggesting appropriate model
complexity for the available data.

Spearman correlation benchmarking revealed more encouraging results: our observed p=—0.217 ranked at the 91st
percentile of the simulation distribution for n=9 with robust preprocessing and nested LOOCV. This percentile ranking
indicates that our observed correlation strength was substantially higher than expected under most null-like HDSS
scenarios, providing additional evidence for meaningful biological signal.

The empirical cumulative distribution function (ECDF) curves demonstrate that while prediction errors remained
within typical HDSS ranges, the correlation strength exceeded the vast majority of simulation scenarios with similar
characteristics. This pattern suggests that although absolute prediction accuracy is limited by the extreme HDSS
constraints, the rank-order relationships between microRNA patterns and pain outcomes represent robust biological
associations.

The simulation results provide critical context for interpreting HDSS biomarker studies, demonstrating that mean-
ingful biological signals can be detected even under challenging conditions when appropriate analytical frameworks are
employed.
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Figure 6 HDSS simulation study provides performance benchmarking context. Results from 19,440 HDSS simulation runs varying sample size, sparsity, signal-to-noise ratio,
and other parameters. Left panels show empirical cumulative distribution functions (ECDF) for scale-free error metrics: sMAE (A) and sRMSE (B). Right panel shows
Spearman correlation ECDF (C). Dashed vertical lines indicate observed values, with percentile rankings shown. The correlation coefficient (p=—0.217) ranks at 9lst
percentile, indicating stronger signal than most null-like HDSS scenarios.

6600 "= Journal of Pain Research 2025:18



Kang and Kim

Discussion

Methodological Contributions to HDSS Biomarker Discovery

This study presents a comprehensive framework for addressing the analytical challenges inherent in high-dimensional
small-sample biomarker discovery.*® Our approach integrates robust preprocessing, nested cross-validation, and simula-
tion-based validation to provide a practical solution for extracting meaningful signals from extreme HDSS datasets. The
key methodological innovation lies not in any single analytical component, but in the systematic integration of multiple
validation strategies that collectively address the fundamental challenges of HDSS scenarios.

The nested leave-one-out cross-validation strategy proved essential for maximizing information utilization while
maintaining rigorous separation between model selection and performance evaluation. Traditional approaches often fail
in HDSS settings due to inadequate validation frameworks that cannot distinguish genuine biological signals from
statistical artifacts.* Our permutation testing and simulation benchmarking provide complementary perspectives on
statistical significance: permutation testing confirms that observed associations are unlikely under the null hypothesis,
while simulation benchmarking contextualizes performance within the broader landscape of HDSS scenarios.

The simulation study results reveal a critical insight for HDSS biomarker research: while absolute prediction accuracy
remains limited by sample size constraints, rank-order relationships can capture meaningful biological associations. Our
observed Spearman correlation of p=—0.217, ranking at the 91st percentile of simulation scenarios, demonstrates that
correlation-based metrics may be more informative than absolute error metrics in extreme HDSS conditions. This finding
has important implications for biomarker validation strategies, suggesting that correlation-based validation may be more
appropriate than traditional prediction accuracy measures when sample sizes are severely constrained.

Biological Plausibility of Dual-Function MicroRNA Panel

Our findings should be interpreted within the broader context of emerging circulating microRNA research in chronic
pain. Previous studies have identified circulating miRNAs associated with various chronic pain conditions. Bjersing et al
reported altered cerebrospinal fluid miRNA profiles in fibromyalgia patients, with miR-145 correlating with pain and
fatigue severity.”' McDonald et al demonstrated that macrophage-derived exosomes containing specific miRNAs could
modulate inflammatory pain in preclinical models and that circulating miRNAs were altered in patients with complex
regional pain syndrome.*? Recent comprehensive reviews have highlighted the regulatory roles of miRNAs in pain
processing pathways and their potential as biomarkers across multiple chronic pain conditions.>>> However, most prior
studies focused on identifying diagnostic biomarkers for single pain conditions, with limited investigation of treatment-
responsive miRNA profiles. To our knowledge, this represents the first study examining circulating miRNA patterns
associated with acupuncture treatment response in chronic pain, extending the field toward predictive biomarkers for
therapeutic outcomes.

The identification of microRNAs with dual functionality in both pain prediction and treatment response provides
biological plausibility for their potential clinical utility. The three representative candidates—miR-3681-3p, miR-6822-
5p, and miR-4743-5p—demonstrated convergent evidence from both machine learning-based feature selection and
correlation-based functional analysis. This convergence strengthens confidence in their biological relevance despite the
challenging analytical conditions.

Pathway enrichment analysis revealed significant associations with multiple mechanisms relevant to pain processing
and acupuncture response. The enrichment of PI3K-Akt-mTOR signaling pathways is particularly noteworthy, as this
pathway has been extensively implicated in chronic pain development and maintenance through its roles in synaptic
plasticity, neuroinflammation, and central sensitization.”’ Similarly, the enrichment of TGF-p signaling and transcrip-
tional regulation pathways suggests involvement in the broader molecular responses to acupuncture intervention.

The neuronal system and synaptic plasticity pathways identified through Reactome analysis align with established
mechanisms of acupuncture analgesia, including modulation of neurotransmitter release, synaptic transmission, and
neuroplasticity.>* The identification of these pathways through unbiased computational analysis of microRNA targets
provides independent support for the biological relevance of the selected biomarkers, despite the modest effect sizes
observed in our small cohort.
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Acupuncture may influence circulating miRNA profiles through multiple interconnected mechanisms. Central ner-
vous system modulation, particularly in pain-processing regions such as the periaqueductal gray and rostral ventromedial
medulla, could alter neuronal activity patterns that affect miRNA biogenesis and secretion. Peripherally, acupuncture’s
documented anti-inflammatory effects may modify miRNA expression in immune cells and their release into circulation
via extracellular vesicles. The identified miRNAs may thus reflect acupuncture’s neuromodulatory and anti-inflammatory
actions, potentially serving as molecular indicators of treatment-induced changes in pain regulatory networks. These
findings align with emerging evidence that epigenetic mechanisms, including microRNA-mediated post-transcriptional
control, play important roles in the long-term maintenance and potentially the reversibility of chronic pain states.*¢
This epigenetic framework provides a biological rationale for investigating miRNA biomarkers not only for pain
diagnosis but also for monitoring treatment responses, as therapeutic interventions may reverse maladaptive epigenetic
changes underlying pain chronification.

However, it is important to acknowledge that pathway analysis based on predicted microRNA targets has inherent
limitations. Target prediction algorithms are imperfect, and the biological significance of predicted interactions requires
experimental validation. Moreover, this study establishes correlations between circulating miRNA profiles and pain
outcomes but cannot establish causation. The identified miRNAs may represent direct regulators of pain pathophysiol-
ogy, downstream consequences of pain-related processes, or general markers of systemic stress and inflammation that
correlate with but do not directly drive pain states. Distinguishing these possibilities requires mechanistic studies in pain
models and functional validation demonstrating that manipulating these miRNAs affects pain-related outcomes. The
pathway enrichments should therefore be interpreted as supportive evidence for biological plausibility rather than
definitive proof of mechanism.

Performance Interpretation in HDSS Context

The model performance metrics require careful interpretation within the context of extreme HDSS conditions. The
observed MAE of 10.58 and RMSE of 13.70 represent moderate prediction errors relative to the VAS scale range (0—-100)
but must be evaluated against the fundamental limitations imposed by the p>n scenario. The simulation benchmarking
provides crucial context: our scale-free error metrics (sMAE=0.745, sSRMSE=0.965) fell within the middle range of
HDSS simulation scenarios, indicating that prediction accuracy was neither unusually poor nor optimistic given the
analytical constraints.

The negative Spearman correlation (p=—0.217) reflects the expected relationship direction increases in certain
microRNA expression patterns are associated with smaller pain reductions (higher AVAS values). This inverse relation-
ship is biologically plausible, as microRNAs involved in pain chronification or treatment resistance would be expected to
correlate negatively with therapeutic benefit.

The 91st percentile ranking of our correlation coefficient in the simulation distribution provides the most compelling
evidence for meaningful signal detection. This ranking indicates that the observed associations are unlikely to arise from
random chance alone, even under challenging HDSS conditions. The simulation approach offers a more nuanced view of
statistical significance than traditional p-values, providing empirical context for performance evaluation in extreme
analytical scenarios.

Limitations and Considerations

This study has several critical limitations requiring cautious interpretation. The extremely small sample size (n=9 paired
observations) represents a proof-of-concept demonstration rather than definitive biomarker validation. Results should be
viewed as exploratory and hypothesis-generating, requiring replication in larger, independent cohorts before any clinical
consideration.

Second, the study employed convenience sampling from a subset of the original clinical trial participants, which may
limit generalizability. The selection of participants with representative treatment response ranges was intended to
maximize analytical power, but may introduce selection bias that could affect external validity. Future studies should
employ systematic sampling strategies and larger cohorts to address this limitation.
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Third, the pathway analysis relies on predicted microRNA targets rather than experimentally validated interactions.
While the computational predictions provide valuable insights into potential mechanisms, functional validation studies
are needed to confirm the biological roles of the identified microRNAs in pain processing and acupuncture response.

Fourth, the cross-sectional design of the biomarker analysis cannot establish causal relationships between microRNA
expression changes and clinical outcomes. Longitudinal studies with repeated measurements would provide stronger
evidence for causal inference and temporal relationships.

Clinical and Methodological Implications
Despite these limitations, the study demonstrates several important principles for HDSS biomarker research. The
integration of multiple validation strategies provides a robust framework for signal detection under challenging analytical
conditions. The simulation-based benchmarking approach offers a generalizable method for performance contextualiza-
tion that could be applied to other HDSS omics studies.

From a clinical perspective, the identification of dual-function biomarkers suggests the possibility of developing
personalized treatment approaches that combine prognostic and predictive capabilities. MicroRNAs that can both predict
baseline pain severity and anticipate treatment response could inform clinical decision-making, though substantial
additional validation would be required before clinical implementation.

The methodological framework presented here addresses a significant gap in the biomarker discovery pipeline,
particularly for exploratory studies with necessarily small sample sizes. The emphasis on correlation-based validation
rather than absolute prediction accuracy may be particularly relevant for early-stage biomarker development, where the
goal is signal detection rather than clinical deployment.

Future Research Directions

Several research directions emerge from this work. First, independent replication in larger, systematically sampled cohorts is
essential to confirm the generalizability of the identified biomarkers and validate the analytical framework. Multicenter
studies with standardized protocols would strengthen external validity and provide opportunities for cross-validation.

Second, functional validation studies are needed to confirm the biological roles of the identified microRNAs in pain
mechanisms and acupuncture response. In vitro and animal model studies could elucidate the specific molecular
pathways involved and provide mechanistic insights beyond computational prediction.

Third, longitudinal studies with repeated biomarker measurements could provide insights into temporal relationships
and causal inference. Understanding how microRNA expression patterns change over the course of treatment could
inform optimal timing for biomarker assessment and reveal dynamic aspects of treatment response.

Fourth, the analytical framework could be extended to other HDSS omics applications beyond pain biomarkers. The
simulation-based validation approach could be particularly valuable for rare disease research, personalized medicine
studies, and other scenarios where sample sizes are inherently constrained.

Finally, integration with other omics data types (proteomics, metabolomics, transcriptomics) could provide a more com-
prehensive molecular profile of treatment response and improve prediction accuracy through multi-modal biomarker panels.

Conclusions

We have developed and validated a practical framework for HDSS biomarker discovery that addresses key analytical
challenges through integrated preprocessing, validation, and performance benchmarking strategies. Applied to circulating
microRNA profiling in chronic neck pain, this approach identified a dual-function biomarker panel with biological
plausibility for both pain prediction and acupuncture response assessment. While effect sizes remain modest and
replication in larger cohorts is needed, the study demonstrates that meaningful biological signals can be extracted
from extreme HDSS datasets when appropriate analytical frameworks are employed. The methodological contributions
provide a foundation for future HDSS biomarker studies and highlight the importance of simulation-based validation in
challenging analytical scenarios. Future validation studies should target sample sizes of 50-100 participants per group to
enable adequate statistical power for biomarker confirmation while maintaining feasibility for comprehensive molecular
profiling. Integration of complementary omics data—including transcriptomics, proteomics, and metabolomics alongside
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circulating miRNA profiles—could yield multi-modal molecular signatures with improved predictive accuracy and
mechanistic insights, facilitating translation toward clinical applications.
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