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A B S T R A C T 

Background. Baseline DNA methylation has been linked to antidepressant outcomes. 
Candidate signals need cross-treatment testing before translational interpretation. 

Objective. To test whether five antidepressant-response CpGs in CHN2, JAK2, SCN7A, 
and IQANK1 transfer to outcomes after repetitive transcranial magnetic stimulation 
(rTMS) in treatment-resistant depression. 

Methods. This secondary analysis used 46 participants of the public GSE300009 
cohort with baseline blood methylation and paired Patient Health Questionnaire-9 
(PHQ-9) scores. The primary outcome was PHQ-9 improvement. Response (≥50% 
improvement) and remission (end-treatment PHQ-9 <5) were secondary. Effects per 
1-SD higher CpG M-value were estimated with covariate-adjusted linear models (HC3 
standard errors) and bias-reduced logistic models. Holm correction, rank 
correlations, leave-one-out diagnostics, sensitivity analyses, and repeated nested five-
fold cross-validation tested robustness and incremental prediction. 

Results. Mean PHQ-9 fell from 22.3 to 8.9. Calculated response occurred in 31 
participants (67.4%) and remission in 18 (39.1%). After multiplicity correction, no 
CpG was associated with continuous improvement (Holm-adjusted p = 1.000). Two 
CHN2 CpGs showed nominal inverse associations with remission, not response: 
cg06926818, odds ratio 0.36 (95% confidence interval 0.15–0.84), p = 0.018, Holm-
adjusted p = 0.089; cg23687322, odds ratio 0.41 (0.19–0.89), p = 0.024, Holm-
adjusted p = 0.095. Under one-standard-error regularization, adding the CpGs left 
root-mean-square error unchanged. The area under the receiver-operating-
characteristic curve rose by 0.012 for response and 0.059 for remission, with intervals 
compatible with no benefit. 

Conclusion. The panel did not transfer as a dependable marker of continuous 
improvement or response. CHN2-remission signals remain hypothesis-generating. 
Larger, prospectively harmonized external validation must precede clinical use. 
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1. Introduction 

Major depressive disorder varies widely in symptom 
profile, course, and treatment response. Symptoms 
sometimes persist despite adequate antidepressant 
trials, and treatment-resistant depression then brings 
prolonged disability and a pressing need for 
interventions that can be chosen with greater precision. 
Recent randomized comparisons support repetitive 
transcranial magnetic stimulation (rTMS) as an effective 
next-step treatment and keep refining sequential and 
two-site approaches.1,2 Multisite and naturalistic 
cohorts report clinically meaningful benefit in routine 

practice, but they also document marked variation in 
response magnitude and symptom trajectory.3–5 Group-
level efficacy cannot tell us who will respond. 

Predictive biomarker research has therefore moved 
from clinical and neurophysiological measures toward 
molecular features. Peripheral blood markers change 
alongside rTMS and may capture systemic states related 
to outcome.6 Multi-omic studies of depression have 
combined methylation with transcriptomic or protein-
related information, aiming at better biological 
characterization and risk prediction.7,8 Locus-specific 
methylation has been related to cortical structure and to 
clinically distinct forms of depression, and twin-based 
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methylome-expression analyses support measurable 
peripheral epigenetic heterogeneity.9–11 DNA 
methylation is attractive for these reasons, but a 
statistical association in one treatment setting is not 
automatically a portable treatment-selection marker. 

The five candidate cytosine–phosphate–guanine (CpG) 
sites evaluated here came from an integrated genome-
wide methylation and expression study, which 
identified antidepressant-response signals annotated to 
CHN2, JAK2, SCN7A, and IQANK1.12 Later 
pharmacotherapy investigations reported genome-
wide, pathway-level, and targeted methylation 
correlates of response, involving immune-inflammatory 
processes, RPS6KA5, ion-channel genes, SLC6A4, 
HTR1A/HTR1B, and other treatment-sensitive loci.13–22 
One randomized treatment study included methylation 
analysis. It shows how researchers are trying to connect 
molecular change with clinical improvement.23 Other 
treatment modalities widen this evidence base without 
making it uniform. Methylome-wide and targeted 
studies of electroconvulsive therapy found response-
related changes, yet no universal panel emerged.24–26 
Longitudinal studies of treatment response and 
psychotherapy suggest that baseline state, early 
molecular change, and remission may be different 
biological questions.27,28 Methylation scores and 
multimodal models improve prediction in some 
development samples. Their usefulness, however, rests 
on transportability, calibration, and external 
validation.29,30 

The public GSE300009 cohort offers an unusually 
relevant setting for a stringent transfer test; it holds 
baseline whole-blood methylation and paired Patient 
Health Questionnaire-9 (PHQ-9) measurements from 
patients who received an rTMS course for treatment-
resistant depression.31 The parent investigation took an 
epigenome-scale regional approach to characterize 
rTMS outcomes. A focused candidate-panel analysis 
poses a different, related question: does a small 
antidepressant-derived CpG set keep its outcome 
information when it crosses treatment modality? A 
portable marker might index shared response biology. 
A failure to transfer can prevent premature 
generalization and sharpen later validation designs. 

This study provides a cross-treatment evaluation of an 
antidepressant-response DNA methylation panel in an 
independent rTMS cohort. Association, multiplicity-
adjusted evidence, robustness, and incremental out-of-
sample prediction are explicitly kept apart. The primary 
aim was to determine whether baseline methylation at 
five CpGs in CHN2, JAK2, SCN7A, and IQANK1 was 
associated with continuous PHQ-9 improvement after 
rTMS; secondary aims were to assess associations with 
response and remission, and to determine whether the 
panel added predictive information beyond age, sex, 
baseline severity, and antidepressant use. 

 

 

2. Methods 

2.1. Study design and setting 

Study design and data source. This was a secondary 
analysis of de-identified public data from the Gene 
Expression Omnibus (GEO) series GSE300009, in which 
the candidate CpGs and endpoints were defined before 
outcome modeling; the parent cohort recruited adults 
with treatment-resistant depression. They underwent a 
clinical rTMS course and gave peripheral blood before 
treatment.31 

The reanalysis followed an association-and-prediction 
framework. The association component estimated 
direction, magnitude, and uncertainty for each 
candidate CpG-outcome relation. The prediction 
component compared clinical-only and clinical-plus-
CpG models under paired resampling. We drew this 
distinction on purpose. A locus can be associated with 
an outcome and still add no useful prediction, 
particularly in a small cohort. Reporting followed the 
STROBE statement32 and the RECORD statement33, 
which extends it to routinely collected and publicly 
deposited data. 

2.2. Participants 

Analytic population. We used the processed DNA 
methylation beta-value matrix and the sample-level 
clinical metadata deposited with the series. Every 
participant with a baseline methylation profile and 
complete baseline and end-treatment PHQ-9 
measurements entered the analytic population, which 
gave 46 participants. Selection never depended on 
methylation value or outcome. The sample size was 
fixed by the deposited cohort (46 participants with 
complete PHQ-9 data), and no a priori sample-size 
calculation was applicable.  

2.3. Variables and instruments 

Clinical measures and endpoint reconstruction. 
Depressive-symptom severity was measured with the 
PHQ-9, a validated nine-item instrument with a total 
score from 0 to 27;34 the primary outcome was 
improvement: baseline PHQ-9 minus end-treatment 
PHQ-9, so that positive values denote symptom 
reduction. Response (at least 50% improvement from 
baseline) and remission (end-treatment PHQ-9 below 
5) served as secondary binary outcomes. Both were 
reconstructed directly from the numeric PHQ-9 fields, 
so the definitions were applied in the same way to 
everyone. 

DNA methylation variables. The candidate panel 
consisted of cg06926818 and cg23687322 (annotated 
to CHN2), cg08584037 (JAK2), cg12958009 (SCN7A), 
and cg17944171 (IQANK1); these loci were chosen 
before outcome modeling, because they arose from the 
integrated antidepressant-response analysis cited 
above.12 Deposited processed beta values were used. 
Repeating upstream normalization was not possible 
without raw intensity files. Beta values express 
methylated intensity as a proportion and are intuitive 
for description. M-values, defined as log2[β/(1−β)], have 
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distributional properties better suited to regression 
inference.35 

Beta values were bounded at 0.001 and 0.999 before M-
value transformation, for numerical stability and for no 
other purpose; each candidate M-value was 
standardized to its sample standard deviation (SD), so 
linear coefficients and odds ratios describe a 1-SD 
higher baseline methylation value. The primary JAK2 
locus was cg08584037, because the source study 
identified it in its results. The source abstract also 
named cg08339825. That alternate probe was 
evaluated separately as a sensitivity analysis and did not 
join the multiplicity family. 

2.4. Data collection procedure 

Data extraction and missing data. The ordering of 
selected characteristic labels differed across records of 
the GEO series matrix. Sample characteristics were 
therefore parsed at the cell level. Age, sex, baseline PHQ-
9, current antidepressant use, and end-treatment PHQ-
9 were extracted and checked against numeric ranges 
and source labels. Two stored response labels disagreed 
with the response recalculated from PHQ-9 values. The 
recalculated response was primary. The stored variable 
was kept for sensitivity analysis. Only participants with 
complete baseline and end-treatment PHQ-9 
measurements were analyzed, and no values were 
imputed.  

2.5. Statistical analysis 

Regression models and multiplicity. Participant 
characteristics are given as count and percentage or as 
mean and standard deviation; each candidate CpG had 
its own model, which kept the number of parameters 
proportionate to the cohort. For continuous PHQ-9 
improvement, ordinary least-squares regression 
included the standardized CpG M-value, age, sex, 
baseline PHQ-9, and antidepressant use. 
Heteroskedasticity-consistent HC3 standard errors 
were chosen because they lower sensitivity to leverage 
and to small-sample variance misspecification. 
Coefficients are adjusted mean differences in PHQ-9 
improvement per 1-SD higher CpG methylation, with 
95% confidence intervals (CIs). 

Response and remission were analyzed with bias-
reduced logistic regression and the same covariates. 
Penalized likelihood reduces finite-sample bias. It also 
limits unstable estimates when events are few or 
predictors approach separation.36 We report odds ratios 
with profile-compatible 95% confidence intervals. p 
values from the five CpG tests were adjusted within each 
outcome by the Holm procedure. Evidence was read 
from effect sizes, confidence intervals, and adjusted p 
values, and not from nominal thresholds alone. 

Robustness checks. Five robustness checks were run: 
unadjusted Spearman rank correlations for continuous 
improvement, leave-one-out refitting of every adjusted 
linear model, Cook's distance, analysis with the stored 
response label, and analysis of the alternate JAK2 probe. 
Leave-one-out sign stability was the proportion of refits 

that kept the full-sample coefficient direction; the 
checks looked for dependence on any single 
observation. They also asked whether the endpoint or 
probe discrepancy materially changed interpretation. 

Incremental prediction. Incremental prediction was 
assessed with 100 repetitions of nested five-fold cross-
validation. In each outer training sample, clinical-only 
and clinical-plus-CpG elastic-net models were tuned in 
an inner five-fold cross-validation, with paired 
partitions and random seeds. Nesting separates model 
selection from performance estimation and limits 
optimistic error estimates.37 Clinical predictors were 
age, sex, baseline PHQ-9, and antidepressant use. The 
expanded model added all five standardized CpGs. The 
conservative one-standard-error penalty was primary, 
since it favors the more parsimonious model when 
estimated errors are similar; the minimum-error 
penalty was a sensitivity analysis. Continuous 
performance was summarized by root-mean-square 
error (RMSE), mean absolute error, and predictive R2. 
Binary performance was summarized by area under the 
receiver-operating-characteristic curve (AUC) and Brier 
score. We report mean paired differences with 
empirical 2.5th–97.5th percentile ranges across 
repetitions. No final model is offered as clinically 
deployable, because one cohort necessarily supplied 
both model development and internal validation. 

Software. Analyses ran in R version 4.5.3 with data.table, 
sandwich, lmtest, brglm2, glmnet, and ggplot2. One 
analysis script generated every manuscript table and 
figure from the downloaded data. Two-sided p values 
are given to three decimals unless extra precision helps 
interpretation.  

2.6. Ethical approval 

The CMHC Research Center Ethics Committee Indonesia 
granted ethical approval (No. 2026/029). The parent 
study reported institutional review and informed 
consent. This secondary analysis involved no new 
participant contact and used de-identified public data. 

3. Results 

3.1. Cohort characteristics and endpoint 
reconstruction 

The analytic cohort comprised 46 participants; 31 
(67.4%) were female, and mean age was 44.8 years (SD 
18.3). Mean baseline PHQ-9 was 22.3 (SD 2.5), 
consistent with severe depressive symptoms. Mean 
end-treatment PHQ-9 was 8.9 (SD 7.2), corresponding 
to a mean improvement of 13.3 points (SD 6.9). 
Calculated response was present in 31 participants 
(67.4%), remission in 18 (39.1%), and 28 (60.9%) were 
receiving an antidepressant. These cohort 
characteristics and outcome frequencies are given in 
Table 1. Individual baseline-to-end-treatment 
trajectories are shown in Figure 1 and demonstrate 
substantial average improvement alongside marked 
between-participant heterogeneity. 
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Table 1. Participant characteristics and clinical outcomes. 

Characteristic Value 

Analytic sample 46 

Female 31 (67.4%) 

Age, years 44.8 (18.3) 

Baseline PHQ-9 22.3 (2.5) 

End-treatment PHQ-9 8.9 (7.2) 

PHQ-9 improvement 13.3 (6.9) 

Calculated response (≥50% improvement) 31 (67.4%) 

Remission (end-treatment PHQ-9 <5) 18 (39.1%) 

Antidepressant use 28 (60.9%) 

Values are mean (standard deviation, SD) or n (%). PHQ-9, Patient Health Questionnaire-9; PHQ-9 improvement is the baseline score minus the end-treatment score. 
n = 46. 

 
Figure 1. Individual PHQ-9 trajectories from baseline through the mid-course visit to treatment end. Thin lines represent individual participants 
and heavy lines the group means, purple for participants meeting calculated response and gray for non-response. Lower scores indicate fewer 
depressive symptoms. n = 46.  

 
 
Two participants had a stored response label that was 
inconsistent with the calculation from paired PHQ-9 
scores specified in Methods. One participant's PHQ-9 
increased from 21 to 23 but was labeled a responder; 
another improved from 15 to 8, a 46.7% reduction, but 
was also labeled a responder. Both were classified as 
nonresponders in the primary recalculated endpoint. 

3.2. Associations with continuous PHQ-9 
improvement 

Neither CHN2 CpG demonstrated a statistically 
supported association with continuous improvement 
after adjustment. Per 1-SD higher methylation, 
cg06926818 was associated with 1.11 points less 
improvement (95% CI −3.73 to 1.51; p = 0.410), and 
cg23687322 with 1.08 points less improvement (95% 
CI −2.94 to 0.78; p = 0.263). The complete adjusted 
estimates appear in Table 2 and are visualized in Figure 
2; the confidence intervals included both a clinically 
relevant inverse association and little or no association. 

Table 2. Adjusted associations between baseline candidate CpGs and PHQ-9 improvement. 

CpG (gene) Adjusted difference 
(β) 

95% CI p Holm-adjusted p 

cg06926818 (CHN2) −1.11 −3.73 to 1.51 0.410 1.000 

cg23687322 (CHN2) −1.08 −2.94 to 0.78 0.263 1.000 

cg08584037 (JAK2) −0.16 −2.81 to 2.50 0.909 1.000 

cg12958009 (SCN7A) 0.31 −2.87 to 3.50 0.848 1.000 

cg17944171 (IQANK1) −0.18 −3.63 to 3.26 0.918 1.000 

Adjusted difference (β) is the regression coefficient: the adjusted difference in PHQ-9 improvement, in points, per 1-SD higher baseline CpG M-value. Models adjusted 
for age, sex, baseline PHQ-9, and antidepressant use; 95% confidence intervals (CIs) use HC3 standard errors; Holm-adjusted p is the Holm-corrected p value across 
the five CpGs. n = 46. 
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Figure 2. Adjusted associations between baseline candidate CpGs and PHQ-9 improvement (left panel) and remission (right panel). Points are 
adjusted mean differences or odds ratios per 1-SD higher M-value; bars are 95% confidence intervals from HC3 linear or bias-reduced logistic 
models. Models adjust for age, sex, baseline PHQ-9, and antidepressant use. Vertical reference lines mark no association (0 for improvement; 1 
for remission). n = 46. CI, confidence interval. 

 
 
The JAK2, SCN7A, and IQANK1 estimates were close to 
the null and imprecise: cg08584037, −0.16 points (95% 
CI −2.81 to 2.50; p = 0.909); cg12958009, 0.31 points 
(95% CI −2.87 to 3.50; p = 0.848); and cg17944171, 
−0.18 points (95% CI −3.63 to 3.26; p = 0.918). All Holm-
adjusted p values were 1.000. Spearman correlations 
ranged from −0.20 to 0.02 and did not alter the 
interpretation. 

3.3. Associations with response and remission 

No candidate CpG was associated with calculated 
response after covariate adjustment. Adjusted odds 
ratios ranged from 0.78 for cg06926818 to 1.46 for 
cg12958009, and every confidence interval included 
1.00. Holm-adjusted p values were 1.000. The paired 
response and remission estimates are summarized in 
Table 3. Repeating the models with the stored response 
label also produced no supported association; odds 
ratios ranged from 0.79 to 1.31, with all adjusted p 
values equal to 1.000. 

Table 3. Adjusted associations between baseline candidate CpGs and response and remission. 

CpG (gene) Response OR (95% CI) p / Holm-
adjusted p 

Remission OR (95% CI) p / Holm-
adjusted p 

cg06926818 (CHN2) 0.78 (0.38–1.61) 0.507 / 1.000 0.36 (0.15–0.84) 0.018 / 0.089 

cg23687322 (CHN2) 0.85 (0.43–1.69) 0.649 / 1.000 0.41 (0.19–0.89) 0.024 / 0.095 

cg08584037 (JAK2) 1.06 (0.46–2.47) 0.886 / 1.000 0.84 (0.38–1.88) 0.676 / 1.000 

cg12958009 (SCN7A) 1.46 (0.68–3.12) 0.333 / 1.000 1.23 (0.59–2.56) 0.571 / 1.000 

cg17944171 (IQANK1) 1.43 (0.71–2.87) 0.317 / 1.000 1.23 (0.65–2.32) 0.533 / 1.000 

OR, odds ratio; CI, confidence interval. Odds ratios are per 1-SD higher baseline M-value from bias-reduced logistic models adjusted for age, sex, baseline PHQ-9, and 
antidepressant use. Each p value is followed by its Holm-adjusted p value within the outcome. Response: 31/46; remission: 18/46. 

 

For remission, the two CHN2 CpGs showed nominal 
inverse associations. The adjusted odds ratio was 0.36 
per 1-SD higher cg06926818 M-value (95% CI 0.15–
0.84; p = 0.018) and 0.41 per 1-SD higher cg23687322 
M-value (95% CI 0.19–0.89; p = 0.024). After accounting 
for the five candidate tests, Holm-adjusted p values 
were 0.089 and 0.095, respectively. JAK2, SCN7A, and 
IQANK1 estimates were not supported, with odds ratios 
of 0.84, 1.23, and 1.23 and confidence intervals crossing 
1.00. The contrast between the CHN2 estimates and the 
remaining loci is also shown in Figure 2. Thus, the CHN2 
results were retained as hypothesis-generating 
remission signals rather than multiplicity-adjusted 
findings. 

3.4. Influence, probe sensitivity, and prediction 

Leave-one-out analysis preserved the negative 
direction of both CHN2 continuous coefficients in all 46 
refits. The cg06926818 coefficient ranged from −2.04 to 
−0.54 and the cg23687322 coefficient from −1.53 to 
−0.69. Direction was less stable for the three near-null 
loci, as expected when estimates straddled zero. 
Maximum Cook's distances were below 0.32. These 
results suggest that the modest inverse CHN2 
continuous estimates were not generated by a single 
participant, while their uncertainty remained 
substantial. The alternate JAK2 probe cg08339825 
yielded an adjusted coefficient of −1.02 points (95% CI 
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−2.98 to 0.93; p = 0.311), which did not change the 
panel-level conclusion. 

Under primary one-standard-error regularization, the 
expanded model produced no change in continuous-
improvement RMSE relative to clinical predictors alone 
(both 6.980), and no change in mean absolute error or 
predictive R². The clinical-only and expanded 
performance estimates appear in Table 4. For response, 

mean AUC changed from 0.484 to 0.496 (difference 
0.012; empirical range −0.017 to 0.095), and Brier score 
changed from 0.221 to 0.220 (difference −0.001). For 
remission, mean AUC changed from 0.489 to 0.548 
(difference 0.059; range −0.050 to 0.173), while Brier 
score changed from 0.239 to 0.237 (difference −0.002; 
range −0.009 to 0.005). Each empirical range remained 
compatible with no incremental benefit. 

 

Table 4. Incremental prediction under repeated nested cross-validation. 

Outcome / metric Clinical + CpGs Paired Δ (2.5th–97.5th percentile) 

Improvement RMSE 6.980 6.980 0.000 (0.000 to 0.000) 

Improvement MAE 5.872 5.872 0.000 (0.000 to 0.000) 

Improvement predictive R2 −0.050 −0.050 0.000 (0.000 to 0.000) 

Response AUC 0.484 0.496 0.012 (−0.017 to 0.095) 

Response Brier score 0.221 0.220 −0.001 (−0.008 to 0.000) 

Remission AUC 0.489 0.548 0.059 (−0.050 to 0.173) 

Remission Brier score 0.239 0.237 −0.002 (−0.009 to 0.005) 

RMSE, root-mean-square error; MAE, mean absolute error; R2, predictive R-squared; AUC, area under the receiver-operating-characteristic curve. Primary one-
standard-error regularization results, averaged over 100 repetitions of nested five-fold cross-validation. Lower RMSE, MAE, and Brier scores are better; higher 
predictive R2 and AUC are better. Identical clinical-only and clinical-plus-CpG values for continuous improvement indicate that the elastic net retained no CpG under 
this rule. 

Minimum-error selection, reported as a less 
conservative sensitivity analysis, also showed negligible 
continuous performance change and lower response 
AUC after adding CpGs. Remission AUC increased by 
0.156 on average, but the Brier-score difference was 
small and its empirical range crossed zero. The 
attenuation under the one-standard-error rule and the 
absence of consistent calibration improvement indicate 
that the apparent remission discrimination was 
sensitive to tuning and should not be interpreted as 
validated predictive utility. 

4. Discussion 

4.1. Principal findings 

This cross-treatment transferability analysis did not 
support the five-CpG antidepressant-response panel as 
a dependable marker of continuous PHQ-9 
improvement or calculated response after rTMS. Two 
CHN2 loci showed nominal inverse associations with 
remission. Neither met the Holm-adjusted threshold. 
Conservative repeated nested cross-validation found no 
incremental value for continuous improvement and 
little change for response; for remission the AUC change 
was modest and unstable, with no consistent Brier-
score improvement. Taken together, the association and 
prediction results argue against immediate clinical use. 
They do identify a focused CHN2-remission hypothesis 
for larger external evaluation. 

Clinical change in this cohort was large. Mean PHQ-9 
improved by 13.3 points, and approximately two thirds 
met calculated response. Even so, broad clinical 
improvement does not guarantee that a biomarker 
found for pharmacotherapy will rank rTMS outcomes. 
Response biology may include shared final pathways, 
treatment-specific mechanisms, and features that 
mainly index prognosis rather than treatment effect; the 
present results carry information even where null. They 

delimit how far an antidepressant-derived signature 
can be generalized in its current form. 

4.2. Comparison with the existing literature 

The present epigenetic result belongs beside a rapidly 
diversifying rTMS biomarker literature. Randomized 
mechanistic work has linked intermittent theta-burst 
stimulation to changes in prefrontal functional 
connectivity. Connectivity mapping and longitudinal 
structural-network studies have tested circuit-level 
correlates of response.38–40 More recent EEG and 
machine-learning analyses, trajectory models, and 
nonlinear prediction pipelines try to estimate individual 
outcome from baseline or early-treatment 
information.41–43 Clinical studies of remission predictors 
add that performance depends on population, endpoint, 
and validation design, not on biomarker class alone.44 

Clinical heterogeneity is also visible in studies of 
adverse childhood experiences, sleep quality, comorbid 
anxiety, symptom clusters, early improvement, 
response trajectories, and residual symptoms after 
remission;45–51 these findings offer a reasonable reason 
for the restrained molecular transportability. A fixed 
CpG panel may compete with several clinical routes to 
improvement, and it may behave differently for relative 
response, absolute remission, or time-dependent 
trajectories. The current study therefore adds a 
stringent cross-treatment test and not another within-
cohort discovery analysis. 

4.3. Interpretation and mechanism 

The CHN2 remission pattern. CHN2 encodes beta-
chimaerin, a GTPase-activating protein involved in Rac 
signaling and neuronal circuit development; both CHN2 
CpGs share an inverse direction across continuous 
improvement and remission, which is internally 
consistent, and leave-one-out estimates kept that 
direction. Coherence, however, does not equal 
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multiplicity-adjusted confirmation. The continuous 
confidence intervals included no association. Response 
models were null. Remission-adjusted p values stayed 
above 0.05. Correlation between two loci of one gene 
may make a five-test correction conservative in a 
biological sense, but changing the multiplicity 
framework after seeing the results would overstate the 
evidence. The appropriate interpretation is a gene-
focused signal whose endpoint specificity is uncertain. 

Remission may capture a clinical construct different 
from relative response. A participant can improve by at 
least 50% and still be symptomatic. Remission requires 
a low final symptom burden. Baseline molecular 
features could conceivably relate to the chance of 
reaching that low state, through inflammatory, synaptic, 
or stress-response pathways. Here, though, only 18 
remission events were available. Even bias-reduced 
regression cannot create information that the sample 
lacks, and the fairly wide intervals around the odds 
ratios leave the magnitude uncertain. Future work 
should prespecify whether remission is the primary 
binary endpoint. It should not choose remission because 
its p value is smaller. 

Statistical and clinical importance must also be kept 
apart. An odds ratio near 0.4 per SD would be 
meaningful if replicated. Odds ratios do not describe 
absolute probability directly, though, and they can look 
large when event counts are modest. Clinical utility 
would demand risk estimates calibrated across settings, 
net benefit at reasonable decision thresholds, and an 
improvement over readily available clinical predictors. 
None of these conditions was met here. 

Blood and brain. Differences between blood and brain 
remain central to interpretation. Peripheral 
methylation varies across clinically distinct depression 
phenotypes, and stress-axis methylation has been 
related to brain structure. Neither observation 
establishes locus-specific neural mediation.52,53 
Antidepressant exposure can also change tissue-specific 
methylomes, so treatment history and sampling 
compartment may shape the measured signals.54 
Whole-blood methylation further reflects leukocyte 
mixture, smoking exposure, ancestry, age, medicines, 
and other environmental or physiological influences. A 
peripheral signature could still be clinically useful if it 
predicts reproducibly. It should not be called a direct 
neural mechanism without functional evidence. 

Association, prediction, and transportability. A strength 
of the analysis is the explicit separation of association 
from prediction. Regression coefficients ask whether 
average outcome differs with a CpG after covariate 
adjustment. Nested cross-validation asks a different 
thing: does adding the whole panel improve 
performance for participants who were not used to fit 
the model? The two questions can diverge, since 
predictive performance depends on signal-to-noise 
ratio, correlation among predictors, regularization, and 
sample size. The CHN2-remission associations 
coexisted with only modest predictive improvement 
under conservative tuning. This illustrates why nominal 

associations alone should not be presented as a usable 
test. 

Minimum-error tuning produced a larger average 
remission AUC difference. Reported alone, that result 
could look encouraging. The one-standard-error rule, 
the paired Brier scores, and the empirical ranges give 
the essential context; the added discrimination 
attenuated materially under more parsimonious 
regularization, and probability accuracy did not 
improve consistently. Such tuning sensitivity is typical 
of small validation samples, where a few observations 
can change the selected coefficients. The appropriate 
next translational step is not to freeze a classifier from 
these 46 participants; it is to test a locked panel and 
model specification in a larger cohort. 

Transportability also depends on endpoint 
harmonization. Reconstructing response revealed two 
disagreements with the deposited label. The stored-
label sensitivity analysis stayed null, so the main 
inference did not hinge on that choice. Still, the 
discrepancy shows how a seemingly minor endpoint 
difference can alter classification in a small study. 
Future consortia should deposit derivation code next to 
outcome labels. They should declare how missing visits 
are handled, and they should distinguish relative 
response, absolute remission, trajectory, and sustained 
outcome. 

4.4. Implications for practice and policy 

Clinical interpretation. For clinical interpretation, the 
current panel should not be used to recommend, 
withhold, or sequence rTMS; the analysis found no 
dependable transfer for continuous improvement or 
response. The remission result stayed hypothesis-
generating after multiplicity correction. This distinction 
protects patients from premature biomarker claims and 
keeps a testable lead whose size remains uncertain. 

Research implications. For research, the findings 
support a staged validation strategy. The next study 
should preregister the CHN2-remission hypothesis and 
use harmonized response and remission definitions; it 
should collect detailed rTMS and clinical covariates, 
estimate leukocyte composition, and reserve a 
genuinely independent sample for performance 
assessment. Measurement reliability and between-
batch reproducibility should be documented before 
model fitting. If discrimination replicates, calibration 
and decision-curve analysis should follow. If it does not, 
the field should prioritize treatment-specific or 
multimodal markers over repeated optimization of the 
same small dataset. 

Design priorities for external validation. A credible 
external validation should start from a written analysis 
protocol. The protocol should lock the five CpGs, the 
direction of the CHN2 hypothesis, the outcome 
hierarchy, and the clinical comparator before any 
outcome data are analyzed. Recruitment should span 
more than one rTMS service and should capture 
stimulation target, frequency, intensity, session 
number, coil type, treatment interruptions, concomitant 
psychotherapy, and medication changes; these details 



Hidayat et al. Scientia Psychiatrica 

Sci Psychiatr. 2026;7(4):203–212  ·  doi:10.37275/scipsy.v7i4.222 210 

would allow assessment of case-mix and protocol 
transportability without splitting a modest sample into 
underpowered subgroups. Repeated PHQ-9 
measurements should carry time stamps. End-of-course 
outcome, early trajectory, and durability could then be 
told apart. 

Molecular procedures need equally careful 
harmonization. Blood collection time, storage, DNA 
extraction, array lot, plate position, and laboratory 
should be recorded prospectively. Technical replicates 
and blinded quality-control samples can quantify assay 
reliability. Estimated leukocyte proportions, smoking, 
body-mass index, ancestry-related structure, 
inflammatory illness, and relevant medicines should be 
collected, since each can influence peripheral 
methylation; they should enter the model according to a 
prespecified causal and predictive rationale, not 
because they were screened for significance. The locked 
candidate model should be applied without cohort-
specific probe selection. Any newly discovered features 
belong in a separate development analysis. 

Sample-size planning should rest on precision and 
model validation, not on an anticipated nominal p value. 
For association, the target is a confidence interval 
narrow enough to separate a clinically relevant effect 
from a trivial one. For prediction, the study needs 
enough responders and remitters to estimate AUC, 
calibration intercept and slope, Brier score, and 
decision-curve net benefit with useful precision. If the 
external cohort is assembled across centers, internal-
external cross-validation can quantify heterogeneity 
and still preserve a final holdout or a temporally later 
cohort for confirmation. Reporting should show center-
specific case mix and performance. A pooled average 
alone is not enough. 

The decision rule should be defined only after 
reproducibility is established. A marker that modestly 
improves remission discrimination may have no clinical 
value if it changes no treatment decision at a meaningful 
threshold. Conversely, a small average performance 
gain might matter if it reliably identifies a group for 
whom treatment sequencing changes. A future study 
should therefore state the intended decision, the 
alternative care pathway, the acceptable false-positive 
and false-negative consequences, and the incremental 
cost of methylation measurement; this sequence runs 
from analytic validity through external performance to 
decision utility. It would turn the present hypothesis 
into a clinically interpretable validation program. 

4.5. Strengths and limitations 

Strengths. The study has several strengths. Candidate 
loci were specified from external antidepressant 
evidence. All eligible participants were included. 
Continuous and binary outcomes were analyzed with 
methods suited to their distributions and to the sample 
size, multiplicity was controlled by outcome family, and 
effect sizes came with uncertainty. Endpoint 
reconstruction, alternate-probe analysis, rank 
correlations, influence diagnostics, and the stored-label 
sensitivity analysis made data-to-result decisions 

auditable. Repeated nested cross-validation used paired 
splits for the clinical-only and expanded models, which 
reduces noise in performance differences; the complete 
analysis was generated reproducibly from public data. 

Limitations. Several limitations define the scope of the 
conclusions. First, n = 46 limits precision and the 
number of covariates that can be supported. Remission 
had only 18 events, so even bias-reduced estimates 
remain uncertain. Second, this was a retrospective 
secondary analysis of one cohort. Internal resampling 
evaluates optimism, but it does not replace external 
validation. Third, treatment protocol details and clinical 
histories were not available at the granularity needed to 
test interactions by coil, stimulation parameters, 
treatment adequacy, or resistance stage. 

Fourth, whole-blood cell composition, smoking, body-
mass index, ancestry, and additional medications could 
not be adjusted comprehensively; each may influence 
methylation and outcome, so residual confounding 
remains. Fifth, processed beta values were analyzed 
because raw array intensities were not part of the 
working dataset. Intensity-level preprocessing and 
probe-level quality control could not be repeated. Sixth, 
annotation to a gene does not establish that the 
measured CpG regulates that gene or mediates rTMS 
response. No causal, tissue-specific, or mechanistic 
inference is made. 

Finally, the analysis evaluated five individual CpGs and 
their joint predictive contribution. It did not examine 
regional methylation, longitudinal change, gene 
expression, or multimodal integration. The recent 
studies cited throughout the Introduction show that 
methylation associations vary by locus, treatment, 
tissue, and outcome definition. A broader, biologically 
informed signature or a treatment-specific rTMS panel 
may perform differently. Such an expansion belongs in 
development cohorts of adequate size, followed by 
testing against a locked external protocol. 

5. Conclusion 

In conclusion, five antidepressant-response CpGs did 
not transfer as a dependable baseline signature of PHQ-
9 improvement or response in this independent rTMS 
cohort. Two CHN2 loci showed internally consistent but 
multiplicity-sensitive associations with remission. 
Incremental predictive performance was not stable 
under conservative validation. Larger, prospectively 
harmonized external studies must show whether CHN2 
contributes reproducible remission information, or 
whether rTMS outcomes need treatment-specific 
molecular models. 
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