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Abstract 
Importance: Transcranial direct current stimulation (tDCS) is known to be promising for depression, but heterogeneity across studies 
highlights the need for strategies to optimize treatment effectiveness. Identifying distinct response p atterns based on ecological
momentary assessment (EMA) may enhance therapeutic outcomes and support the development of personalized and precision psychiatry.

Objective: To identify distinct EMA-derived response profiles to tDCS in patients with depression and examine how the identified subtypes
differentially predict treatment responses and symptom return following treatment termination.

Design: A secondary analysis of a double-blind, multicenter randomized clinical trial investigating the effects of tDCS on depression. Daily 
EMA data on mood and sleep duration during the intervention period were processed using time-series feature extraction and clustered
via Gaussian Mixture Modeling.

Participants: One hundred and ninety-seven participants (original study) and 147 participants (current study) diagnosed with mild-to-
moderate depression.

Interventions or Exposures: Six-week active tDCS vs 3-week active and 3-week sham tDCS.

Main Outcomes and Measures: Beck Depression Inventory-II (BDI-II) and Montgomery–Åsberg Depression Rating Scale (MADRS) mea-
sured at baseline (V1), post-treatment (V3), and 6-week follow-up (V4).

Results: Clustering analysis identified 3 response types: (1) stable improvement (gradual mood reduction, stable sleep duration, moderate 
treatment effect with no symptom return), (2) persistent high-symptom (consistently elevated depressive mood, sleep disturbance, low-
to-moderate treatment effect without symptom return), and (3) volatile symptom (large day-to-day variability i n mood and sleep, marked
acute improvement but high symptom return). The linear mixed model identified significant interaction effects between clusters and
treatment efficacy (V1, V3)/symptom return (V3, V4) intervals.

Conclusions and Relevance: Clustering of daily EMA data identified 3 distinct tDCS response profiles associated with different clinical 
characteristics and relapse risks. These patterns may reflect underlying subtypes of depression and highlight the value of individualized 
treatment planning. Future studies can fully characterize the subtypes of response profiles and the unique response patterns of individuals
that may facilitate data-driven decision-making and support precision psychiatry by enabling tailored tDCS protocols based on patient-
specific response characteristics.

Keywords digital phenotyping, time-series clustering, machine learning analysis, home-based brain stimulation, treatment-resistant
depression
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Significance statement 
The deployment of tDCS for depression does not yield equal benefits for all patients, due to their clinical and biological profiles across 
depressive subtypes. The current study employed smartphone-based daily EMA records of mood and sleep during tDCS administration 
to identify distinct response patterns. Through cluster analysis of mood and sleep trajectories, we identified 3 distinct types of response 
profiles, ie, steady improvement, persistent high-symptoms, and volatile, highly fluctuating symptoms, which may reflect underlying
differences in depressive subtypes. Understanding distinct response patterns across patients can help clinicians optimize treatment
protocols and reduce unnecessary costs such as extra visits due to the limited treatment effectiveness. Moreover, this approach could
potentially contribute to the advancement of more personalized, data-driven neuromodulation and precision psychiatry.

Significant outcomes 

• Optimizing tDCS may require personalization based on patients’ heterogeneous depression profiles.
• EMA clustering of daily mood and sleep identified 3 response classes to tDCS.
• The identified classes differed in tDCS treatment efficacy and symptom return after termination.

Limitations 

• The current results should be interpreted as preliminary, given the limited sample size and the absence of full-time series modeling.
• Missing data and the imputation strategy may have affected the stability of the results.
• Future studies with larger samples and longitudinal clustering approaches may identify additional tDCS-relevant response classes.

Graphical abstract 
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Introduction 
Transcranial direct current stimulation (tDCS) is a non-invasive brain 
stimulation technique that applies weak direct electrical currents

to modulate activity in the cerebral cortex.1 By placing anodal and 
cathodal electrodes over targeted brain regions, tDCS generates low-

intensity electric fields that alter neuronal excitability and influence

synaptic plasticity.1,2 This modulation process has been shown to 
alleviate depressive symptoms and potentially improve various forms

of psychiatric and cognitive dysfunction.2–4 Despite ongoing concerns 
about the lack of standardized protocols and clinical guidelines,2,3 

tDCS is now expected to see broader adoption in clinical practice, as 
the United States F ood and Drug Administration recently approved

at-home tDCS device for moderate-to-severe depression.5 However, 

recent systematic reviews and meta-analyses indicate that the effect 
of tDCS on depression is still not solid, even though depression is a 
common disorder that i s prevalent among approximately 8% of men

and 15% of women over the lifetime and associated with physical

complications, disability, and elevated suicide risk.6 For instance, Ren 
et al. (2025) reported that although tDCS led to significant improve-

ments in depression among patients with comorbid psychiatric and

medical symptoms, its effect on patients with pure depression was not

significant.3 Yachou et al. (2025) concluded that the effects of tDCS on 
depression exhibit significant heterogeneity, primarily depending on

the target regions or electric field distribution.2 These reviews under-

score the need for careful modulation and optimization strategies to

improve tDCS treatment efficacy on depression.
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Optimization of tDCS may involve adjusting stimulation protocols

or field strength/electrode placement,2 but understanding patients’ 
response patterns to tDCS derived from their unique individual 
characteristics can also be beneficial. There are diverse subtypes of

depression with different physiological and genetic characteristics,6,7 

and such discrepancies may contribute to variability in treatment 
responses and effects in tDCS as well. It is known that melancholic 
depression is associated with a high level of cortisol secretion

as reflected in adrenocorticotropin levels and the hypothalamic–

pituitary–adrenal (HPA) axis,8,9 and such a relationship is also 
observed in depression with comorbid psychosis.10 In contrast, 
atypical depression is associated with relatively low HPA-axis

activity but elevated inflammatory markers,9 which has also been 
suggested in depression with mixed features, that is characterized b y
agitation, mood lability, or frequent, rapidly shifting manic episodes.11 

Regarding neurological differences, the evidence for structural or 
functional variability among subtypes is less obvious; however, it 
is known that melancholic depression is associated with decreased

functional connectivity primarily in frontoparietal regions of the

brain,12,13 whereas atypical depression exhibits increased functional 
connectivity in the orbitofrontal cortex.14 On the contrary, depression 
with mixed features demonstrates increased connectivity in the

default mode network,15 and bipolar depression exhibits variable 
connectivity across both orbitofrontal and default mode network

areas,16 suggesting aberrant synchronization in functional brain

network dynamics.

Studies suggest considerable inconsistencies in the effects of tDCS 
based on the different types and clinical stages of depression. It 
is known that patients with moderate-to-severe depression, chronic

depression, or depression with bipolar symptoms are more resistant

to tDCS treatment.17–19 Treatment-resistant depression may lead to 
higher relapse rates following the termination of tDCS, even when

their immediate treatment responses are favorable.18,20 Therefore, 
studies need to clearly identify which patients are most likely to 
exhibit treatment resistance to tDCS. Considering the heterogeneous 
and transdiagnostic nature of depression, it is beneficial to adopt data-

driven approaches for identifying the treatment-resistant subtypes of

depression. Moreover, evaluation of the effects of tDCS should include

follow-up assessments to monitor the recurrence of depressive symp-

toms. Since depressive symptoms may relapse 6-12 weeks after the

acute phase of tDCS ends,20 assessing the long-term efficacy of tDCS is 
required for identifying robust response patterns of patients.

The current study aims to explore the response patterns exhibited 
by patients with depression in response to tDCS treatment, using daily 
ecological momentary assessment (EMA) data obtained during the 
tDCS treatment period. EMA can minimize recall bias in traditional

retrospective assessments and enhance the ecological validity of the

responses, as it captures patients’ responses immediately upon symp-

tom occurrence.21 Subtyping depression using EMA data was previ-

ously explored by van Genugten et al. (2022).22 They applied cluster 
analysis to derive 4 types of EMA response profiles classified based 
on the average levels and variability of daily mood during a clinical

trial of cognitive behavioral therapy. Similarly, Paul et al. (2019)23 

identified response patterns in the treatment of major depressive 
disorder by clustering sociodemographic, physical health, personality, 
and treatment-related variables, highlighting the clinical relevance of 
the derived response classes. Building on previous studies, the current 
study aims to identify how the subtype profiles identified by cluster 
analysis may differentially predict treatment responses to tDCS, as 

well as the return of symptoms following treatment termination. For

this purpose, this study extracted several summary features capturing

participants’ response patterns over the intervention period and iden-

tified distinct response classes that reflect heterogeneous response

profiles to tDCS, which may contribute to differences in treatment

efficacy and the occurrence of symptom return.

Methods 
Original study design

The study analyzed data derived from a double-blind, multicenter

clinical trial24 to evaluate the real-world effects of tDCS on depression. 
Participants were recruited from 5 centers across South Korea. Partici-

pants with a primary diagnosis of mild-to-moderate depression based 
on the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edi-

tion (DSM-5) were included in the clinical trial, confirmed by the Mini

International Neuropsychiatric Interview (MINI).25 Individuals with 
(1) a diagnosis of bipolar or psychotic disorders, post-traumatic stress 
disorder, or obsessive-compulsive disorder, (2) significant suicide risk, 
and (3) any scalp or neurological conditions that could interfere with 
the application of tDCS were excluded. Eligible participants were 
randomly assigned through a computerized sequence into 2 groups: 
the 6-week active stimulation group (6WA; n = 108) or the 3-week

active stimulation group (3WA; n = 89). Simple randomization (1:1)

was implemented using a pre-generated randomization list linked to

sequential study IDs, with allocation concealed via sealed allocation

codes.

At Visit 1 (V1), participants’ baseline depression levels were 
assessed using the Beck Depression Inventory-II (BDI-II)26 and the 
Montgomery–Åsberg Depression Rating Scale (MADRS).27 Following 
the baseline assessments, participants began administering tDCS at 
home using a portable device (MINDD STIM+, Ybrain Inc., Republic 
of Korea), with the anode positioned over the left forehead and the 
cathode over the right forehead, targeting each side of the dorsolateral 
prefrontal cortex (DLPFC). All participants received active tDCS (1.5-

2 mA of current for 30 minutes per day) for the first 3 weeks. After

this period (Visit 2, V2), the 3WA group switched to sham stimulation,

which consisted of a 30-minute daily session without active current,

except for an initial 1-minute low-intensity stimulation to mimic the

sensation of active treatment. In contrast, the 6WA group continued

receiving active tDCS throughout the entire stimulation period.

The intervention concluded 6 weeks after baseline (Visit 3, V3), at 
which point post-treatment BDI and MADRS scores were collected to 
evaluate changes in depression severity following the intervention. 
Follow-up assessments were conducted 6 weeks after the end of the

stimulation period (Visit 4, V4), during which BDI and MADRS scores

were reassessed to examine the persistence of treatment effects after

the discontinuation of tDCS. The trial was prospectively registered

at ClinicalTrials.gov (Identifier: NCT05539131), and a detailed flow 
diagram of the study is available in the Supplementary Material. F or

more information about the methodology and results of this trial, see

Park et al. (2025).24 

EMA recor ding

During the treatment period (V1-V3), all participants enrolled were 
asked to record their daily mood and the previous night’s sleep 
duration using a smartphone app. Mood was assessed with the 20-

item Center for Epidemiologic Studies Depression Scale – Revised

ClinicalTrials.gov
ClinicalTrials.gov
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(CESD-R),28 but the response format was adapted to a binary scale 
(1 = symptom present, 0 = symptom absent) because the original scale 
was designed to measure the frequency of symptom occurrence over 
the past week (eg, not at all, 1-2 days, 3-4 days, 5-7 days, nearly every 
day), not for daily monitoring. The binary responses to the 20 items

were aggregated to generate a daily measure of mood (range: 0-20),

with higher scores indicating greater depressive symptom burden.

This method was developed and evaluated in a previous study.29 

The participants were also asked to report the total duration of their 
previous night’s sleep (in minutes), constituting the daily measure of 
sleep duration. The app automatically estimated the total duration of 
the previous night’s sleep through internal smartphone sensors, and 
participants edited and confirmed their daily sleep duration on the 
next day. The app was programmed to collect their mood and sleep

duration for 2 weeks, repeated 3 times across the intervention phase.

Participants received daily notifications at a preset time that could be

adjusted to their preference, reminding them to complete their entries

by the end of the same day. The EMA app was developed by Digital

Medic Co., Ltd. (Seoul, Republic of Korea).

Outcome measures and covariates

The main outcome measures of this study were BDI and MADRS, 
which were also the primary outcomes in the original clinical trial. In 
particular, this study used the individual changes in BDI and MADRS 
over the timeline of V1, V3, and V4. In addition to the main outcomes, 
the following covariates were included: sex, age, years of education, 
household income, randomized tDCS group (6WA vs 3WA), occurrence

of adverse events during tDCS administration, concomitant use of

psychotropic medications, presence of comorbid mental disorders,

and smoking and drinking status. The tDCS adverse events, concomi-

tant psychotropics, comorbid mental disorders, smoking, and drinking

were binary coded (present = 1, absent = 0).

Statistical analysis 
EMA preprocessing and featur e extraction

The raw EMA records were reorganized into a tabular dataset with 
participants as rows and days as columns. For each participant, the 
first entry was designated as Day 1, and subsequent entries were num-

bered sequentially as (recorded date – first record date + 1). Participants 
with no records for 14 or more consecutive days after their first entry, 
or with a total of 4 or fewer recorded days, were excluded from the 
study . For all participants, records dated more than 50 days after the

first entry were excluded from the analysis. Additionally, data from the

participants with low baseline depression levels (≤13 on BDI or ≤6 on

MADRS) were excluded from the analysis. This process finally selected

147 out of 197 original participants.

For each participant’s daily mood and sleep data, missing values 
were imputed using an iterative imputation method with all covari-

ates included. The imputed daily mood and sleep data were treated 
as time series, from which the following 7 features were extracted: 
mean value, minimum and maximum values, slope of individual 
changes, volatility (sum of daily absolute changes), autocorrelation 
(correlation between each value and the value from the previous 
day), and decay, calculated using an exponentially weighted moving

average. As 7 features were extracted separately for mood and sleep,

a total of 14 features were used to cluster the EMA profiles. For some

feature cells where values could not be extracted, missing entries

were further imputed using the multivariate imputation by chained

equations algorithm without covariates.

Clustering of EMA profiles
Clustering of participants’ response patterns to tDCS was conducted 
using a Gaussian Mixture Model (GMM) based on 14 features extracted 
(7 derived from mood and 7 from sleep). All feature values were 
standardized before clustering. To determine the optimal number 
of clusters (k), candidate models with k ranging from 1 to 10 were 
evaluated using 2 criteria: the Bayesian Information Criterion (BIC; 
lower values indicate better fit) and the mean log-likelihood estimated

via 5-fold cross-validation (CV; higher values indicate better fit). The

optimal k was selected based on these criteria, and participants were

assigned to clusters according to their maximum a posteriori (MAP)

membership under the selected GMM. Models were implemented

using the GaussianMixture function in scikit-learn,30 with 10 random 
initializations (n_init = 10) and otherwise default settings. Random 
seeds were fixed at 42 for the preprocessing and main clustering

stages.

Main analysis 
For the primary analysis, Time × Cluster interaction effects on BDI 
and MADRS were tested using likelihood ratio tests (LRTs) comparing 
a full linear mixed model (LMM) including the interaction with a 
reduced LMM excluding the interaction term. Linear mixed mod-

els were fit using maximum likelihood estimation, and the limited-

memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) optimizer was

used by default with full BFGS as a fallback when L-BFGS failed to

converge. Interaction effects were tested for the full timeline (V1, V3,

V4) as well as separately for the treatment interval (V1, V3) and the

symptom return interval (V3, V4).

To supplement the primary tests, cluster-level (cross-sectional) dif-

ferences in BDI and MADRS scores were examined across each assess-

ment point (V1, V3, V4), as well as for treatment effects (V3-V1) and 
symptom return (V4-V3), using analysis of covariance (ANCOVA) and 
Tukey’s Honest Significant Difference (HSD) post hoc comparisons of 
estimated marginal means. For both LMM LRTs and ANCOVA, all 10 
covariates were included in the primary analysis. Missing values in

BDI and MADRS due to participant attrition were handled via row-

wise listwise deletion for LMMs and pairwise deletion for ANCOVA.

In addition, daily trajectories of mood and sleep were analyzed and

visualized by cluster to better characterize the temporal response

patterns of each group.

Sensitivity analysis 
The sensitivity analyses aim to evaluate the robustness of the main 
findings against (1) covariate specification and (2) stochasticity 
derived from the missing value imputation and clustering procedures. 
First, 10 additional LMM interaction tests in which covariates were 
entered one at a time were conducted for the LMM interaction effects 
(ie, each model included a single covariate in addition to the main

effects and the Time × Cluster interaction) to examine whether the

significance of the interaction depended on any specific covariate.

The retention rate of the significance and the covariates associated

with changes in significance were identified.

To assess the robustness of the findings against potential statis-

tical artifacts arising from missing value imputation and clustering 
model variability, a seed-based sensitivity analysis was conducted. In

addition to the main analysis performed with a fixed random seed



International Journal of Neuropsychopharmacology, 2026, Volume 29, Issue 4 | 5

(seed = 42), 20 independent iterations of the imputation and clustering 
were run using seeds ranging from 0 to 19, allowing for evaluation 
of the influence of stochastic elements in the imputation process 
and the potential risk of overfitting in GMM clustering. The number 
of clusters was held constant, matching the value selected in the 
main analysis. Clustering consistency was evaluated by computing the 
Adjusted Rand Index (ARI) between each seed-based solution and the 
main clustering. To assess the reproducibility of inferential results, the

primary LMM interaction tests with all covariates included for the

entire timeline, treatment effect, and symptom return intervals, and

the supplementary cross-sectional ANCOVA for treatment effects (V3-

V1) and symptom return (V4-V3) were repeated for each iteration. All

data analyses and visualization were performed using custom Python

code with assistance from ChatGPT (OpenAI, CA, United States).

Results 
Participants and sample characteristics

Of the 197 participants of the original study, 147 participants were 
included in the EMA analysis, after excluding individuals with no 
records for 14 or more consecutive days after their first entry, with a 
total of 4 or fewer recorded days, and with low baseline depression 
levels (≤13 on BDI or ≤6 on MADRS). Among the 147 participants

included, 30 participants dropped out at V3, and 12 dropped out at

V4, resulting in 105 participants who completed the final study phase,

corresponding to a completion rate of 71.4%. Detailed information

on participant numbers and attrition by group and study phase is

provided in the Supplementary Material.

The common reasons for dropout include withdrawal of consent, 
medical issues, protocol violations, and loss to follow-up. The attrition 
at V3 and V4 was mostly not significantly associated with baseline 
depression levels (BDI and MADRS) or covariates, but they were 
significantly related to the occurrence of adverse events during tDCS 
(Ps < .004). Logistic regression models including baseline BDI/MADRS 
and covariates predicted attrition at V3 (P = .030, Nagelkerke R2 = .275)

but not at V4 (P = .218). When tDCS adverse events were excluded, the

models became insignificant for both V3 and V4 (Ps > .158), indicating

the limited effects of attrition without the adverse events during tDCS.

Missing data analysis

For the daily EMA data, the proportion of missing cells for mood 
and sleep data was 34.6% during the first 30 days following the 
initial entry. Across all 51 days, only Days 16, 20, and 41 rejected the 
missing completely at random (MCAR) hypothesis in Little’s MCAR 
test (Ps < .05), indicating that the missing data can generally be con-

sidered random. However, across the 51-day EMA period, missing 
data of mood and sleep items tended to be associated with tDCS-

related adverse events on 23 and 19 days, respectively. Additionally, 
higher years of education were also linked to lower response rates 
for sleep items, particularly after the third week (12 days). The logistic

regression models, including baseline BDI/MADRS and covariates,

significantly predicted missingness for mood on 20 days and for sleep

on 17 days (Ps < .05), suggesting potential systematic bias in missing

data. Nevertheless, the number of significant models considerably

dropped after excluding tDCS adverse events (Ps < .05 for 8 and 6 days,

respectively), indicating that the effects of other factors than tDCS

adverse events are minimal, and the risk of bias due to missing data

may be limited if the impact of tDCS adverse events is adequately

controlled.

Descriptive and demographic profiles of
GMM-derived clusters

Clustering was conducted using GMM based on the features (mean, 
min, max, slope, volatility, autocorrelation, and decay) extracted from 
the imputed daily mood and sleep data. To determine the optimal 
number of clusters (k) for GMM, BIC, and 5-fold CV, log-likelihood was 
computed for values of k ranging from 1 to 10. The BIC reached its

minimum at k = 3, whereas the mean CV log-likelihood was highest at

k = 1. Considering both criteria and visual inspection of the BIC and CV

curves (Figure 1), a 3-cluster solution was selected to balance model

complexity and generalization performance.

Each participant was assigned to clusters based on their MAP prob-

ability under the selected 3-cluster GMM solution. Of the 147 analyzed 
participants, 85 participants were assigned to Cluster 0, followed 
by 52 to Cluster 1 and 10 to Cluster 2. There were no significant

differences across clusters in any covariates, including demographic

characteristics, tDCS-related factors, or mental/physical health factors,

although years of education and comorbid mental disorders exhibited

marginally significant differences between clusters (Table 1). Notably, 
the EMA completion and dropout rates significantly differed between 
clusters, indicating that missingness was not evenly distributed across

clusters.

Feature pr ofiles

Table 2 presents the differences in the distribution of extracted feature 
values across clusters. Cluster 0 exhibited the lowest variability in 
both mood and sleep, reflecting the most stable response patterns to 
tDCS. Cluster 1 showed the highest levels of daily depressive mood 
along with the shortest sleep durations, indicating that this cluster

is showing the highest depressive symptoms accompanied by sleep

disturbance. In contrast, Cluster 2 showed highly variable sleep dura-

tions as well as depressive mood, indicating pronounced fluctuations

in emotional and behavioral states.

To identify detailed feature profiles based on daily trajectories, 
cluster-specific response patterns were examined and illustrated

using the raw daily EMA data for mood and sleep (Figure 2). Cluster 
0, representing the most common response pattern to tDCS, showed 
gradually decreasing depressive mood scores over time alongside 
stable sleep durations. In contrast, Cluster 1 maintained persistently 
high depressive mood and short sleep durations across the treatment

period. Cluster 2 exhibited marked daily fluctuations in both mood

and sleep, possibly suggesting volatile response patterns.

Cluster-wide changes in BDI and MADRS

In the primary analysis with all covariates included, the Time × 
Cluster interaction effects for the entire timeline identified by LRTs of

LMM were significant for BDI and marginally significant for MADRS,

χ2(4) = 13.48, P = .009, χ2(4) = 9.17, P = .057, respectively. Looking at 
the treatment and symptom return timelines separately, the interac-

tion effect during the treatment interval (V1, V3) with all covariates

included was significant for BDI and marginally significant for MADRS

[χ2(2) = 10.24, P = .006 and χ2(2) = 4.64, P = .098, respectively]. The 
interaction effect during the symptom return interval (V3, V4) was
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Figure 1 Bayesian Information Criterion and 5-fold cross-validation scores b y the number of clusters (k).

Table 1 Demographics and covariates across clusters. 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Cluster 0 
(n = 85) 

Cluster 1 
(n = 52) 

Cluster 2 
(n = 10) 

p (χ2 or ANOVA) 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Demographics 
Sex (female, %) 57 (67%) 33 (63%) 7 (70%) .887 
Age 39.2 ± 13.0 38.6 ± 13.6 34.6 ± 13.4 .590 
Years of education 14.8 ± 2.2 14.1 ± 2.5 13.2 ± 2.7 .068b 

Household income 
(1 m Korean won) 

<2: 19 (22%) 
2-3.99: 23 (27%) 
4-5.99: 24 (28%) 
6+: 1 6 (19%)

<2: 13 (25%) 
2-3.99: 17 (33%) 
4-5.99: 12 (23%) 
6+: 9 (17%)

<2: 3 (30%) 
2-3.99: 3 (30%) 
4-5.99: 1 (10%) 
6+: 3 (30%)

.917 

tDCS factors 
Group (6WA, %) 43 (51%) 31 (60%) 6 (60%) .550 
tDCS adverse events (%) 42 (49%) 18 (35%) 3 (30%) .165 

Mental/physical health factors 
Concomitant psychotropics (%) 77 (91%) 47 (90%) 8 (80%) .570 
Comorbid mental disorders (%) 35 (41%) 12 (23%) 4 (40%) .091b 

Smoking (%) 17 (20%) 13 (25%) 5 (50%) .105 
Drinking (%) 32 (38%) 18 (35%) 5 (50%) .653 

Missingness/dropout 
Missing EMA % 
(first 30 days) 

46.2 20.1 10.8 .000a 

Dropout, V3 (%) 25 (29%) 5 (10%) 0  (0%) .005a 

Dropout, V4 (%) 33 (39%) 9 (17%) 0  (0%) .003a 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Note: aP< .05, bP<.10. For household income, 3 in Cluster 0 and one in Cluster 1 provided no answer, which were coded 0. Abbreviations: tDCS, transcranial direct current 
stimulation; ANOVA, analysis of variance; 6W A, 6-week active; EMA, ecological momentary assessment.

significant both BDI and MADRS [χ2(2) = 9.56, p = .008 and χ2(2) = 7.46, 
P = .024, respectively].

Table 3 summarizes the distribution of BDI and MADRS scores 
across each time point and the treatment effect and symptom return 
based on the score changes, as well as the results of between-cluster 
ANCOVA assessed for each time point. Consistent with the feature 
profiles, Cluster 1 exhibited the highest BDI and MADRS scores at V1, 
V3, and V4. The immediate treatment efficacy assessed at the end of

tDCS administration was most pronounced in Cluster 2, although the

difference reached statistical significance for BDI but not for MADRS.

Notably, Cluster 2 also demonstrated a return of symptoms in both

BDI and MADRS at 12 weeks post-treatment, indicating a higher return

rate than other clusters.

Sensitivity analysis 

The Time × Cluster interaction effects in the single-covariate LMMs 
for the full timeline, which were significant for BDI and marginally 

significant for MADRS in the primary analysis, remained significant 
across all 10 covariates entered independently for BDI (Ps < .009). For 
MADRS, 5 of the 10 single-covariate models were significant at P < 
.05. Covariates associated with significant interaction effects when 
entered independently included sex, age, years of education, tDCS 
group (6WA vs 3WA), and drinking, whereas the remaining covariates 
yielded trend-level interaction effects consistent with the primary

analysis (Ps < .054). For the treatment interval (V1, V3), all single-

covariate models were significant for BDI (Ps < .007) and marginally

significant for MADRS (Ps < .094), indicating no changes in inference

relative to the primary analysis. For the symptom return interval (V3,

V4), the single-covariate interaction effects were significant across all

covariates for both BDI (Ps < .009) and MADRS (Ps < .024).

To assess the influence of potential statistical artifacts arising from 
missing value imputation of the EMA features and clustering model 
variability, a seed-based sensitivity analysis was performed by repeat-

ing the imputation and clustering 20 times using seeds ranging from

0 to 19 in addition to the main seed of 42. Across 18 of the 20 runs,
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Table 2 Cluster-level profiles of mood and sleep featur es.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Cluster 0 
(n = 85) 

Cluster 1 
(n = 52) 

Cluster 2 
(n = 10) 

P 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Mood featur es 
Mean 8.0 ± 2.6a 10.1 ± 3.5b 5.8 ± 3.7a <.001∗ 

Min 0.4 ± 3.7c –4.0 ± 8.3b –21.4 ± 23.5a <.001∗ 

Max 15.1 ± 3.2a 22.4 ± 9.0b 26.3 ± 27.4b <.001∗ 

Slope –0.07 ± 0.10 –0.08 ± 0.16 –0.12 ± 0.27 .518 
Volatility 1.9 ± 0.8a 2.7 ± 0.9b 4.1 ± 1.8c <.001∗ 

Autocorrelation 0.47 ± 0.28 0.46 ± 0.22 0.48 ± 0.18 .894 
Decay 9.1 ± 4.1a 11.1 ± 4.5b 6.9 ± 3.9a .004∗ 

Sleep featur es 
Mean 372.7 ± 38.2b 318.1 ± 73.0a 491.2 ± 91.0c <.001∗ 

Min 222.5 ± 28.1b 75.2 ± 73.2a 41.8 ± 111.2a <.001∗ 

Max 478.8 ± 80.4a 556.0 ± 137.4b 1284.0 ± 598.0c <.001∗ 

Slope –0.50 ± 0.65 –0.30 ± 1.51 –0.68 ± 3.22 .563 
Volatility 51.0 ± 26.8a 95.6 ± 26.0b 183.5 ± 88.6c <.001∗ 

Autocorrelation 0.16 ± 0.15b 0.03 ± 0.20a 0.11 ± 0.22ab <.001∗ 

Decay 383.4 ± 70.6b 303.9 ± 95.7a 508.1 ± 120.9c <.001∗ 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
∗P < .05. P-values are based on between-group one-way ANOVA with imputed data. Grouping letters are based on Tukey HSD post-hoc tests: clusters sharing at least one 
common letter indicate no significant differences (adjusted P ≥ .05), whereas clusters sharing no letters in common indicate significant differences (adjusted P < .05). For 
example, the letter “ab” indicates no significant differences from both “a” and “b,” although the “a” and “b” are significantly different from each other. Mood features are 
based on the Center for Epidemiologic Studies Depression Scale – Revised ( CESD-R) items (higher scores indicate depressive symptoms). Sleep features are based on the
self-reported sleep duration in minutes.

the mean ARI score relative to the reference seed solution was 0.80 
(SD = 0.04), with 2 seeds (7 and 18) yielding markedly low agreement 
(ARI = 0.28 and 0.19). For the interaction effects that were significant 
in the main analysis—specifically, the entire timeline (BDI), treatment 
efficacy (BDI), and symptom return (BDI, MADRS)—LRTs of LMMs 
revealed that 53.8% of the corresponding tests remained significant 
across all 20 seeds and 58.3% remained significant when excluding the 
2 low-agreement seeds. The supplementary cross-sectional ANCOVA 
for the significant between-cluster effects of treatment efficacy (BDI) 
and symptom return (BDI, MADRS) revealed that 73.3% and 81.5% of

the corresponding tests remained significant across all seeds and 18

high-agreement seeds, respectively. The results suggest that although

the current findings are generally robust to covariate specification

and the stochastic characteristics of the imputation and clustering

procedures, the instability observed in a minority of iterations and

moderate sensitivity of statistical significance to cluster assignment

variability underscore the potential for unstable clustering solutions

under some variations.

Discussion 
This study presents a pioneering approach that integrates EMA-

based daily assessments of mood and sleep with tDCS to typologize 
response patterns across distinct patient characteristics, highlighting 
differences in tDCS efficacy and the degree of symptom recurrence fol-

lowing treatment discontinuation. Using GMM clustering on summary 
features derived from daily EMA trajectories, 3 distinct response types 
were identified: (1) a stable improvement type, characterized by stable 
(low-volatility) depressive mood and sleep duration; (2) a persistent 
high-symptom type, marked by consistently elevated depressive mood 
and restricted sleep duration, as shown in its mean scores; and (3) a 
volatile symptom type, exhibiting pronounced fluctuations (volatility)

in both mood and sleep over time along with high overall (mean) sleep

duration. The volatile symptom type, relative to the others, demon-

strated substantial initial treatment effects but also a significant return

of symptoms during follow-up, a pattern broadly consistent with

previous reports in treatment-resistant and bipolar depression.17,18,20 

The clustering results remained generally robust to covariate 
specification and the stochasticity in the imputation and clustering

processes, although some instability was observed in the sensitivity

analysis.

This study employed real-world, data-driven analysis to explore 
patient response profiles to tDCS, laying the groundwork for tailored 
treatment protocols within a patient-centered, transdiagnostic frame-

work. If treatment-response trajectories to tDCS can be fully charac-

terized based on our findings, this could enable optimized stimulation 
settings, including decisions on continuation, supplementation, or

integration of parallel interventions, based on predicted outcomes.

This can facilitate a closed-loop neuromodulation system that dynam-

ically monitors patient status and adjusts treatment parameters with-

out continuous therapist input.31–33 The integrated framework, com-

bining tDCS, mobile EMA, and machine learning, serves as a prototype 
for precision psychiatry, offering a scalable model for the collection,

analysis, and application of behavioral and physiological data.34,35 

The same architecture can be extended to other modalities, such 
as psychopharmacology and psychother apy, to build comprehensive,

personalized treatment portfolios in the future.

Among the identified response types in this study, stable improve-

ment was the most common tDCS response pattern, comprising more 
than half of the participants. This cluster appears to reflect uncom-

plicated unipolar depression without prominent melancholic, atypi-

cal, or bipolar features. Characterized by relatively mild-to-moderate

symptoms and robust clinical gains with tDCS, this group is known to

have the most favorable treatment effects of tDCS.18,19,36 The second 
type showed persistent high symptoms throughout the treatment 
period despite ongoing tDCS, which accounted for approximately 35% 
of the sample. This cluster resembles treatment-resistant, relatively

more symptomatic depression, a profile that typically shows reduced

responsiveness to tDCS.18,19 This group may also include the melan-

cholic subtype of depression, as sleep disturbances are known to be
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Figure 2 Daily trajectories of depressive mood scale and sleep duration across clusters. Based on raw (non-imputed) daily ecological momentary 
assessment scores with participants assigned to their respective clusters. Solid lines denote the cluster-specific daily means, and vertical bars indicate 
± 1 standard error of the mean. The asterisks (∗) at the top indicate significant between-group differ ences for each day based on one-way analysis of 
variance. Daggers (†), double daggers (‡), and section signs (§) denote significant pairwise differences in Tukey Honest Significant Difference post-hoc
tests for Clusters 0 vs 1, 0 vs 2, and 1 vs 2, respectively.

one of the common symptoms of this subtype.37 Also, in the current 
study, this cluster showed the highest V1 scores across clusters on 
items indicating melancholic profiles such as BDI-4 (loss of pleasure; 
2.21 ± 0.93 vs 1.88 ± 0.76 in Cluster 0 and 1.90 ± 0.88 in Cluster 2), 
MADRS-8 (inability to feel; 3.12 ± 1.49 vs 2.87 ± 1.53 in Cluster 0 and 
2.50 ± 1.65 in Cluster 2), and MADRS-1 (apparent sadness; 3.27 ± 1.01 
vs 2.85 ± 1.11 in Cluster 0 and 2.70 ± 1.16 in Cluster 2), although most

between-cluster differences did not reach statistical significance with

the exception of BDI-4 (P = .047). This subtype may have difficulty

responding to tDCS, as impaired plasticity in the DLPFC and rigid high-

beta connectivity system may hinder the effects of the stimulation.38,39 

Nevertheless, in this study, the persistent high-symptom group did 
derive benefit from tDCS and did not show symptom recurrence

during the follow-up period.

The final type represents a volatile symptom profile, which was 
also observed among 5%-15% of the participants in a previous study

that clustered treatment response trajectories for depression using

sociodemographic, physical health, personality, and treatment-related
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Table 3 Cluster-level differences in depressive symptomatology (BDI and MADRS) across time points
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Cluster 0 
(n = 85  on  V1)  

Cluster 1 
(n = 52  on  V1)  

Cluster 2 
(n = 10  on  V1)  

P 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

BDI scores a t timeline 
V1 29.9 ± 9.2a 37.4 ± 9.4b 37.2 ± 13.1ab <.001∗ 

V3 22.4 ± 12.6a 30.4 ± 14.0b 18.5 ± 12.0a .005∗ 

V4 19.7 ± 12.4a 29.1 ± 15.4b 26.8 ± 17.0ab .006∗ 

V3-V1 (efficacy) –7.8 ± 10.7a –6.9 ± 9.9a –18.7 ± 15.8b .006∗ 

V4-V3 (return) –2.1 ± 9.4a –1.3 ± 7.2a 8.3 ± 18.6b .002∗ 

MADRS scores a t timeline 
V1 25.6 ± 7.3a 28.8 ± 6.6b 25.0 ± 8.2ab .017∗ 

V3 18.3 ± 9.8a 24.2 ± 9.4b 13.8 ± 7.2a .001∗ 

V4 19.7 ± 12.4a 29.1 ± 15.4b 26.8 ± 17.0ab .043∗ 

V3-V1 (efficacy) –7.2 ± 9.4 –4.6 ± 9.5 –11.2 ± 10.4 .203 
V4-V3 (return) –0.9 ± 8.8a –0.4 ± 8.1a 7.2 ± 10.2b .016∗ 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Note: ∗P < .05. P-values are based on between-group one-way ANCOVA for each timeline. Grouping letters are based on Tukey HSD post-hoc tests: clusters sharing at least 
one common letter indicate no significant differences (adjusted P ≥ .05), whereas clusters sharing no letters in common indicate significant differences (adjusted P < .05). 
For example, the letter “ab” indicates no significant differences from both “a” and “b,” although the “a” and “b” are significantly different from each other. Missing values for 
BDI and MADRS were handled by pairwise deletion. Covariates: sex, age, year of education, household income, tDCS group, tDCS adverse events, concomitant 
psychotropics, comorbid mental disorders, smoking, drinking. Abbreviations: BDI, Beck Depr ession Inventory; MADRS, Montgomery–Åsberg Depression Rating Scale.

characteristics. 23 This type also likely corresponds to depression 
with mixed features, characterized by an agitated mood and the co-

occurrence of depressive and (hypo)manic symptoms.11 The current 
study also supports this type’s potential link to mixed features, as this 
cluster showed the highest V1 scores on BDI-11 (agitation; 1.70 ± 0.95 
vs 1.09 ± 0.93 in Cluster 0 and 1.46 ± 0.91 in Cluster 1) and BDI-17 
(irritability; 1.90 ± 0.99 vs 1.07 ± 0.83 in Cluster 0 and 1.62 ± 0.99 
in Cluster 1); Ps < .029. Research suggests that approximately 7.5%

of all depression cases are classified as the mixed features type

under DSM-5 criteria, which aligns with the proportion observed

in the current sample, although this figure increases to 29% when

using the Research-Based Diagnostic Criteria.40 Because of their 
marked mood and sleep lability and bipolar-spectrum traits,11,41,42 

this group may exhibit reduced and less durable responses to tDCS,

with an elevated risk of symptom relapse.17,43 The symptom return 
shown in this cluster may reflect instability within cortico-limbic 
and default-mode network circuits: lower phase synchronization

across brain regions has been associated with poorer remission

after tDCS.44 In addition, evidence of impaired synaptic plasticity 
in bipolar disorder could blunt the neuroplasticity-dependent effects 
of tDCS, which can also explain the limited long-term benefit in this

subtype.45 

The current results, if confirmed by future studies, are expected to 
contribute to the advancement of precision psychiatry, which aims 
to deploy guidelines and tools for diagnosis, treatment selection,

and prognosis by leveraging individual, data-driven profiles.34 The 
response profiles identified here could be translated into a clinical 
decision-support system for psychiatrists and tDCS clinical staff, pro-

viding actionable information on patients’ response trajectories and

anticipated treatment effectiveness and/or relapse risk, thereby sup-

porting ongoing monitoring and optimized treatment decisions.46–48 

Ultimately, this framework could be extended toward a closed-

loop neuromodulation system that adaptively adjusts stimulation

parameters based on patient states and biomarkers.32,33,49 Although 
most current closed-loop neuromodulation approaches rely primarily

on biological signals,32 incorporating longitudinal symptom-response 
data into closed-loop tDCS may further enhance the clinical utility of

precision neuromodulation.

Despite these implications, this study also has several limitations. 
First, the clustering relied on summary features of longitudinal 
response trajectories rather than modeling the time series directly. 
Applying longitudinal clustering methods, such as Growth Mixture 
Modeling, could help address this limitation. Also, the sample 
size is relatively small to adequately detect the full range of tDCS

response patterns in cases of depression. Although a previous study

identifying treatment response patterns by clustering data from

patients with depression yielded 7 distinct clusters across multiple

datasets comprising 1826 participants,23 the current study extracted 
3 clusters with only 147 participants. Notably, the volatile symptom 
type included only 10 participants, a number likely insufficient to 
reliably extract stable EMA-based response features. Larger samples

are needed to validate these findings and to identify additional

response subtypes that may not have emerged due to limited statistical

power.

Second, the impact of missing values warrants caution. The EMA 
dataset had a substantial proportion of missing values, exceeding 
30%, which were handled using imputation algorithms based on 
multiple assumptions. Moreover, the rate of missing EMA cells differed 
across clusters, indicating that the impact of missingness may affect 
differentially across clusters. Although various tests and adjustments 
were employed to minimize bias, imputation may nonetheless have 
distorted the results, as shown in the sensitivity analysis with seed

alteration. Indeed, many participants (particularly in Clusters 1 and

2) exhibited negative min values on the mood scale post-imputation,

which are not possible in the original scoring system. Nevertheless, the

distinct response patterns identified in this study may remain valid,

as distinct response patterns were also observed in the non-imputed

daily trajectory data.

Finally, this study did not differentiate between the randomized 
groups (6WA vs 3WA) in the main analysis. We pooled all participant 
data for the analyses regardless of intervention assignment, as no 
significant differences were observed in the overall treatment effects 
of tDCS between groups [n = 147; BDI V3–V1: –7.31 ± 12.19 vs –

9.76 ± 9.74, P = .248; MADRS V3–V1: –6.87 ± 9.44 vs –5.92 ± 9.98,

P = .601], the distribution of participants across clusters did not differ

by group, and randomization status was included as a covariate in
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the main analysis. However, aggregating the intervention groups 
may still result in missing subtle group-specific effects, particularly 
given the limited sample size and statistical power. Therefore, further 
studies should account for potential heterogeneity in the response 
patterns to tDCS, which may include individual time-series or dose– 
response trajectories or interaction terms between stimulation param-

eters and participant characteristics. Future research with larger

datasets and refined analytical approaches is necessary to precisely

characterize individual treatment responses, which will advance the

personalized, data-driven neuromodulation strategies for precision

medicine.
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