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ABSTRACT

Major depressive disorder (MDD) is a biologically heterogeneous condition, with a subset of patients exhibiting
elevated inflammatory markers associated with greater symptom burden and lower responsiveness to antide-
pressants. Treatment outcomes with repetitive transcranial magnetic stimulation (rTMS) are also highly variable,
and inflammation may impair neuroplasticity, thereby modulating treatment efficacy. This exploratory study
investigated whether baseline inflammatory protein signatures could influence the response to intermittent theta
burst stimulation (iTBS). Using the Olink® Target 96 Inflammation panel, baseline inflammatory protein levels
were analyzed in 54 patients with moderate-to-severe depression (baseline MADRS >20) undergoing iTBS
treatment. K-means clustering identified two subgroups: Cluster 1 (n = 28) and Cluster 2 (n = 26). Cluster 2
showed the highest proportion of responders, whereas Cluster 1 showed the lowest. The clusters did not differ
significantly in age, sex, medication status, randomization arm, or body mass index. Differential protein
expression was assessed using volcano plots with false discovery rate (FDR) correction. Pathway enrichment
analyses using Kyoto Encyclopedia of Genes and Genomes (KEGG) and Reactome databases identified biological
processes associated with the clustering solution. Volcano analysis identified 10 differentially expressed proteins
between clusters (FDR < 0.05 and |ANPX| > 1). Enrichment analyses implicated cytokine-cytokine receptor
interaction, chemokine signaling, and interleukin signaling pathways as characteristic of the lower-response
subgroup. These findings indicate that baseline inflammatory signatures may help differentiate responsiveness
to iTBS in moderate-to-severe depression, supporting future pathway investigations as a potential strategy for

personalized psychiatry.

1. Introduction

Major depressive disorder (MDD) is a highly prevalent psychiatric
condition and a leading cause of disability worldwide (World Health
Organization, 2017). Diagnostic frameworks, such as the DSM-5,
define depression based on the presence of a required number of
depressive symptoms for diagnosis, while symptom severity and func-
tional impairment are considered indicators of clinical severity and
overall illness burden (Zimmerman et al., 2018). However, growing
evidence underscores the marked biological heterogeneity underlying
this syndrome (Dinga et al., 2019; Drysdale et al., 2017).

In particular, a distinct immuno-inflammatory subtype of MDD has
been described (Raison and Miller, 2011; Schmidt et al., 2016;
Strawbridge et al., 2019). This subtype is characterized by low-grade
systemic inflammation and elevated levels of C-reactive protein (CRP)
and pro-inflammatory cytokines (e.g., IL-6, IL-1f, TNF-a), which have
been associated with greater disorder severity (Gavril et al., 2024;
Jeenger et al., 2017; Kohler-Forsberg et al., 2017; Orsolini et al., 2022;
Osimo et al., 2019; Paganin and Signorini, 2024) and poorer treatment
outcomes (Benedetti et al., 2021; Breit et al., 2023; Strawbridge et al.,
2015), especially to antidepressants (Dahl et al., 2014; Liu et al.,
2020; Uher et al., 2014; Yang et al., 2019).

Alongside conventional pharmacotherapy and psychotherapy, re-
petitive transcranial magnetic stimulation (rTMS) has emerged as an
effective, non-invasive neuromodulation treatment for patients with
MDD, being generally well tolerated with a favorable side effect profile
(McClintock et al., 2018). Among its protocols, intermittent theta burst
stimulation (iTBS) has gained prominence due to its shorter session
duration and comparable efficacy to conventional 10 Hz stimulation
applied to the left dorsolateral prefrontal cortex (DLPFC) (Blumberger
et al., 2018; Cole et al., 2022; Lee et al., 2023a; Neuteboom et al.,
2023). Nevertheless, response to iTBS remains highly variable (Kishi
et al., 2024), underscoring the need for biomarkers that can predict
and optimize treatment outcomes (Breit et al, 2023). Neuro-
inflammatory processes are increasingly recognized as modulators of
synaptic plasticity and cortical excitability (Guo et al., 2023). Synaptic
plasticity refers to the brain's ability to strengthen or weaken synaptic
connections, whereas cortical excitability refers to the responsiveness of

neurons to stimulation (Guo et al., 2023; Lenz et al., 2021). These pro-
cesses are relevant to iTBS, whose therapeutic effects are thought to rely
on stimulation-induced plasticity within prefrontal mood-regulating
networks (Lee et al., 2023b). Although peripheral inflammatory pro-
teins do not directly measure central neuroinflammation, peripheral
immune activity may influence brain function through cytokine
signaling at the blood-brain interface, glial and endothelial activation,
and downstream neurotrophic or kynurenine-related pathways (Stone
et al., 2022). These effects are thought to involve activation of inflam-
matory signaling cascades such as the Janus kinase/signal transducer
and activator of transcription (JAK/STAT) and nuclear factor kappa-
light-chain-enhancer of activated B cells (NF-xB) pathways. These
pathways regulate cytokine signaling, glial cell reactivity, and neuro-
plastic processes implicated in depression (Feng et al., 2024; Kennedy
and Silver, 2016; Miller and Raison, 2016). Therefore, baseline pe-
ripheral inflammatory activity may index biological variation relevant
to cortical excitability and neuroplastic capacity that may be associated
with differential responsiveness to iTBS. Thus, the latter has led to the
hypothesis that peripheral inflammatory activity may influence the
effectiveness of iTBS treatment. However, most neuromodulation
studies have examined a narrow subset of cytokines, often yielding
inconsistent results (Pedraz-Petrozzi et al., 2024). A more comprehen-
sive characterization of inflammatory profiles at the systems level (i.e.,
considering multiple interacting pathways) may therefore clarify these
inconsistencies and enable more precise, biomarker-guided stratifica-
tion of treatment responses.

Recent advances in high-throughput proteomic technologies, such as
the Olink platform, enable the simultaneous quantification of different
immune-related proteins with high sensitivity and reproducibility from
small plasma volumes (Assarsson et al., 2014). These approaches enable
the characterization of complex, pathway-level immune signatures,
moving beyond single-marker associations toward biologically groun-
ded ‘immune biotypes’ - that is, distinct patient subgroups defined by
shared patterns of immune activity. By providing a systems-level view of
inflammatory signaling, proteomic profiling can identify patient sub-
groups with underlying biological differences that are not apparent from
conventional clinical classifications (Fillman et al., 2014; Mesleh et al.,
2021; Steiner et al., 2017; Yang et al., 2023).
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In this exploratory study, we used targeted inflammatory proteomics
to determine whether distinct baseline immune signatures could
distinguish subgroups of patients with moderate-to-severe depression,
defined as a baseline score > 20 on the Montgomery—Asberg Depression
Rating Scale (MADRS), undergoing iTBS based on treatment response.
By applying data-driven clustering to the Olink proteomic data, we
aimed to identify inflammatory profiles based on biological markers,
thereby better understanding the mechanisms underlying variability in
neuromodulation outcomes. This approach aligns with the broader goal
of precision psychiatry, which seeks to move beyond symptom-based
classification toward biologically informed patient stratification.

2. Materials and methods
2.1. Study design

This exploratory analysis draws on data from a larger clinical trial
that investigated the imaging, psychometric, and neuromodulatory ef-
fects of iTBS in patients with MDD (Pre-mapping Networks for Brain
Stimulation 2 or PreNeSt2; clinicaltrials.gov/show/NCT05260086). The
main study followed a six-week longitudinal design, which has been
described previously (Wilkening et al., 2022).

The trial used a quadruple-blinded, randomized, sham-controlled,
crossover design, ensuring that participants, care providers, in-
vestigators, and outcome raters were unaware of treatment allocation.
Each participant completed two one-week stimulation phases (one with
active iTBS and one with sham stimulation). The order of these phases
(active-sham or sham-active) was randomized for each participant using
pre-coded sequences generated in MATLAB (The MathWorks, Inc.,
Natick, MA, USA). The principal investigator supervised the study while
maintaining blinding from all participant interactions (Wilkening et al.,
2022; Wilkening and Goya-Maldonado, 2025).

Additionally, a parallel pseudorandomized design was implemented
to assess the clinical utility of personalized stimulation targeting. Par-
ticipants either received stimulation at the standard F3 scalp location
(following the international 10-20 EEG system) or at an individually
selected site within the left DLPFC, identified via resting-state functional
MRI. For this analysis, we did not differentiate between fixed and
individualized targeting, as both approaches employed similar methods
(Wilkening et al., 2022; Wilkening and Goya-Maldonado, 2025). Pre-
vious analyses of this cohort found no significant difference in treatment
outcomes based on stimulation target group (Wilkening et al., 2025a);
therefore, the entire sample was combined for the present study.

Depressive symptoms were evaluated using the MADRS, adminis-
tered by trained clinicians at baseline and again at the end of each week,
allowing for the assessment of symptom changes over the six-week study
period (Wilkening et al., 2022; Wilkening and Goya-Maldonado, 2025).

2.2. Participants

The study protocol complied with the Declaration of Helsinki and
received approval from the Ethics Committee at the University Medical
Center Gottingen (UMG; approval date: 27.11.2018; reference number:
24/8/18). Before taking part, all participants provided both verbal and
written informed consent after receiving thorough information about
the study procedures (Wilkening and Goya-Maldonado, 2025). Partici-
pants were eligible if they were adults aged 18 to 60 years, met DSM-5
criteria for MDD, and were experiencing a moderate-to-severe depres-
sive episode. Only those with a baseline MADRS score of 20 or higher
were included in this exploratory study.

Trained psychiatrists confirmed MDD diagnoses using the Structured
Clinical Interview for DSM-5 Disorders, Clinical Version (SCID-5-CV),
and determined depression severity with the MADRS (Hengartner et al.,
2020; Montgomery and /D\sberg, 1979; Wilkening and Goya-Maldonado,
2025).

Exclusion criteria covered any conditions that would contraindicate
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rTMS, such as a history of epilepsy, significant neurological disorders,
pregnancy, or the presence of metallic implants (Wilkening and Goya-
Maldonado, 2025).

Participants with evidence of acute or systemic inflammation based
on baseline CRP or white blood cell count (WBC) were excluded. Spe-
cifically, individuals were excluded if CRP exceeded 10 mg/L or if the
WBC was greater than 11,000 cells/pL, as these thresholds are
commonly used to indicate more overt acute inflammatory or infectious
processes (Gabay and Kushner, 1999; Haburchak and Alchreiki, 2020).
To maintain consistency, participants who used pharmacotherapy were
required not to have any changes for at least two weeks prior to the
study enrollment and throughout its duration. For the analysis, partic-
ipants were grouped according to medication status: no medication,
non-antidepressant medication, antidepressants other than selective
serotonin reuptake inhibitors (SSRIs), and SSRIs. “No medication”
indicated that participants were not taking any medication, whereas
“non-antidepressant medication” included participants taking medica-
tion not classified as a psychopharmacological agent. Antidepressants
represented in the sample included SSRIs (e.g., escitalopram, sertraline,
and citalopram) and non-SSRIs antidepressants (e.g., venlafaxine,
bupropion, duloxetine, mirtazapine, agomelatine, trazodone, and
moclobemide). Participants who used medication were required to
maintain stable regimens for at least two weeks before study enrollment
and throughout the study period. Medication adherence was monitored
as part of the parent study, including serum level assessments when
available (Wilkening and Goya-Maldonado, 2025). In the present anal-
ysis, medication-related confounding was assessed using medication
category, medication-free versus medicated status, and baseline medi-
cation load (Supplementary Material 1; Table S1-S3); no serum medi-
cation levels were included as covariates in the statistical models. Both
inpatients and outpatients were included in the sample, but all neuro-
modulation sessions were conducted in an outpatient setting. Details
regarding study procedures and the underlying rationale have been
published previously (Wilkening et al., 2022; Wilkening and Goya-
Maldonado, 2025).

2.3. iTBS treatment

The technical specifications and details of the iTBS protocol applied
in this study are available in the published study protocol (Wilkening
et al., 2022; Wilkening and Goya-Maldonado, 2025). Briefly, the iTBS
was administered using a MagVenture system equipped with MagOption
and a figure-of-eight MCF-B65 A/P cooled coil, operated by trained
clinical staff. Stimulation consisted of four sessions per day, each lasting
approximately 10 min, with at least 20-min intervals between sessions in
accordance with established practices to allow for inter-session spacing
(Tse et al., 2018; Wilkening and Goya-Maldonado, 2025). Stimulation
consisted of four sessions per day, each lasting approximately 10 min,
with at least 20-min intervals between sessions in accordance with
established practices to allow for inter-session spacing (Tse et al., 2018;
Wilkening and Goya-Maldonado, 2025). Available interval data be-
tween stimulation sessions were additionally summarized. Across all
recorded inter-session pauses, the median interval was 20 min (IQR =
0), with a mean of 21.0 min (SD = 2.91), indicating that the intended
inter-session interval was generally maintained (Supplementary Mate-
rial 1; Table S4). The iTBS paradigm involved bursts of three pulses at
50 Hz delivered at 5 Hz, with 2-s trains and 8-s rest periods. Each session
comprised 60 bursts (a total of 1800 pulses per session), amounting to
7200 pulses per day and a cumulative 36,000 pulses during the entire
treatment period.

We determined the resting motor threshold (RMT) daily using elec-
tromyography from the right first dorsal interosseous muscle. RMT was
defined as the lowest intensity that evoked motor potentials of >50 pV in
at least 5 out of 10 consecutive trials. Stimulation intensity was set at
110% of the individual RMT. For sham stimulation, we rotated the coil
180 degrees to simulate the sound associated with active stimulation
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while reducing the actual effective output. To further mimic the so-
matosensory aspects, we applied transcutaneous electrical nerve stim-
ulation (tENS) electrodes to the scalp during both real and sham
conditions. To evaluate the integrity of the blinding procedure, partic-
ipants rated their experience using a visual analogue scale (Wilkening
and Goya-Maldonado, 2025).

2.4. Proteomics: inflammatory marker assessment and enrichment
analysis

Peripheral venous blood samples were collected at the start of the
study in tubes containing ethylenediaminetetraacetic acid (EDTA).
These initial samples were drawn before group assignment (whether
active-sham or sham-active). Plasma was isolated by spinning the tubes
at 3000 rpm for 15 min and then stored at —80 °C in the university's
research facilities until needed for analysis.

To measure markers of inflammation, we used the Olink® Target 96
Inflammation panel (Olink Proteomics, Uppsala, Sweden). This panel
quantifies 92 inflammation-related proteins using proximity extension
assay (PEA) technology. Each protein measurement is obtained using a
specific pair of oligonucleotide-tagged antibodies. Once both antibodies
bind to the target protein, the DNA strands are brought together,
allowing them to hybridize and be amplified by real-time PCR. Data are
presented as Normalized Protein Expression (NPX) values, which are
logo-transformed relative units standardized by the manufacturer
(Assarsson et al., 2014; Yang et al., 2023; Bevital AS, 2023). All Olink
assays took place at the Fraunhofer Institute for Translational Medicine
and Pharmacology in Frankfurt am Main, Germany.

Before conducting the analyses, we assessed the quality of the NPX
data. All 92 inflammatory proteins measured by the Olink® panel were
present. The majority showed excellent detectability, with 82 of 92
proteins having more than 95% of NPX values above the limit of
detection (LOD), and a median missingness of 0%. Overall missingness
averaged ~15%, but this was almost entirely attributable to 10 low-
abundance proteins with high proportions of LOD-flagged values
(B-NGF, IL-2, IL-2RB, IL-20, IL-13, IL-33, LIF, IL-la, NRTN, TSLP).
Importantly, in the Olink system, values below the LOD are still pro-
vided as NPX measurements and flagged with LOD indicators rather
than being removed or coded as missing (Pramod, 2021). Because these
<LOD values remain in the dataset, no actual data loss occurs, and no
exclusion based on missingness was required; all 92 proteins were
therefore retained for analysis. We also did not apply any imputation
procedures (e.g., LOD substitution, mean imputation, or regression-
based estimation). Given the relatively small sample size, imputation
could artificially reduce variability or introduce spurious associations.
Consistent with recent recommendations suggesting that avoiding
imputation can yield more robust results in smaller proteomic datasets
(Bramer et al., 2021), all NPX values (including those flagged as <LOD)
were analyzed as provided (Pramod, 2021). This approach avoids dis-
torting the natural biological variation that may occur when few in-
flammatory markers fall below the detection range in specific
subgroups.

2.5. Statistical analysis

Initially, to identify potential subgroups based on baseline inflam-
matory marker expression, we conducted a k-means cluster analysis.
Before clustering, all NPX values were standardized so that each of the
92 proteins would contribute equally, correcting for differences in scale.
K-means clustering was performed on the standardized NPX values of all
92 inflammatory proteins from the Olink panel for each participant,
such that each protein contributed equally after correction for differ-
ences in scale. No feature selection was performed before clustering. The
Hartigan-Wong algorithm was employed for clustering, with a
maximum of 1000 iterations to ensure convergence.

To determine the optimal number of clusters, we used the Elbow
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method, Gap Statistics, and the average silhouette width, all applied to
the standardized biomarker data. These methods supported a two-
cluster solution (see Supplementary Material 1; Supplementary
Fig. 1). Fig. 1a provides a graphical representation of the distributions of
inflammatory markers by cluster.

We evaluated the stability and robustness of the two-cluster solution
using bootstrap resampling (1000 iterations) with the clusterboot()
function (Fehrer et al., 2025; Hennig, 2024; Hennig, 2007). In this
analysis, the clustering algorithm was repeatedly applied to bootstrap
samples of the dataset, and the cluster consistency across resamples was
assessed using the Jaccard similarity coefficient. According to estab-
lished benchmarks (Fehrer et al., 2025; Hennig, 2024, Hennig, 2007),
Jaccard values above 0.85 indicate high stability, while values below
0.50 signal cluster dissolution (Fehrer et al., 2025; Hennig, 2024,
Hennig, 2007). The two clusters yielded Jaccard indices of 0.955 and
0.951, showing high stability and reproducibility; none were dissolved.
By contrast, cluster configurations with k = 5 or k = 10 generated
fragmented clusters with lower stability (multiple Jaccard <0.50). These
findings indicate that a two-cluster solution captures the most repro-
ducible and biologically relevant heterogeneity in our study population
while minimizing the risk of overfitting.

After defining the cluster structure, we characterized the resulting
groups in terms of demographic (age, sex), anthropometric (body mass
index or BMI), and treatment-related variables (medication class,
treatment resistance, randomization arm), as well as change in depres-
sive symptoms. Changes in the MADRS total score (AMADRS = post-
treatment MADRS minus baseline MADRS) were compared between
clusters using t-tests. This allowed examination of potential differences
in treatment outcomes between the subgroups. Categorical variables,
such as sex, medication class, baseline treatment resistance, randomi-
zation group, and responder rates (defined as >50% reduction in
MADRS total score), were analyzed by chi-square tests. Symptom-level
differences within the two-cluster solution were explored descriptively
with radar plots showing changes in individual MADRS items from
baseline to post-treatment across clusters. To assess whether concomi-
tant medication might confound the association between inflammatory
cluster membership and treatment response, we performed sensitivity
analyses including medication category, medication-free status, and
baseline medication load. Concerning the latter, to account for the
psychotropic medication load, following our previous publication
(Wilkening et al., 2025b), we summed for each individual the estimated
intake dose of each substance at baseline, based on the interview or,
when possible, on the circulating blood levels (below = 1, normal = 2, or
above = 3 of the expected doses for each medication). Because some
medication subgroups were small, adjusted responder models were
estimated using Firth penalized logistic regression.

We next performed differential expression analyses for the inflam-
matory proteins. For each protein, mean NPX differences between
clusters were calculated, and Welch's t-tests were used for statistical
comparison. P-values were adjusted for multiple testing using the
Benjamini-Hochberg false discovery rate (FDR) procedure. Volcano
plots were generated to visualize the relationship between log> NPX
differences and significance. Proteins were considered significantly
differentially expressed if |ANPX| > 1 (about a two-fold change on the
log2 scale) and FDR p-value <0.05, following the methodology of recent
Olink-based studies (Fredolini et al., 2024; Tayal et al., 2022; Wen et al.,
2025). The |ANPX| > 1.0 threshold was applied to prioritize proteins
showing at least a twofold relative difference between clusters, thereby
emphasizing changes likely to be biologically meaningful and greater
than expected technical variation. To further characterize these differ-
ences, standardized effect-size metrics, including Cohen's d with 95%
confidence intervals, Hedges' g (for small sample correction), and Glass's
A (for variance differences), were calculated for relevant proteins.

In the final step, exploratory pathway enrichment analyses were
performed to identify biological processes among the differentially
expressed proteins. Proteins with significant expression differences
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Fig. 1. (a—d). Cluster profiles, symptom-level and response-related differences between clusters.

(a) Cluster profiles based on standardized inflammatory marker expression. The y-axis represents the cluster profiles, and the x-axis shows the z-scores of the 92
inflammatory proteins included in the Olink panel in NPX. The plot illustrates the distinct inflammatory profiles of each cluster derived from k-means clustering. (b)
Pie charts showing the proportion of responders and non-responders in each cluster (response defined as >50% reduction in MADRS total score); Cluster 2 includes a
higher percentage of responders, whereas Cluster 1 includes a higher percentage of non-responders. (¢) Bar plot showing cluster-wise mean change in MADRS total
score with 95% ClIs, illustrating broadly similar overall improvement across clusters. (d) Descriptive radar plot of the mean change (A) in individual MADRS item
scores from baseline to post-treatment for each cluster. Negative values indicate symptom improvement. Item-level MADRS changes are shown for descriptive

purposes only and were not formally compared statistically.

between clusters were analyzed using the Kyoto Encyclopedia of Genes
and Genomes (KEGG) and Reactome databases. Enrichment analyses
were conducted using the default reference universe provided for each
database and an additional analysis using the 92 proteins included in the
Olink® Inflammation panel as reference set. These analyses were
interpreted as exploratory and were not considered evidence of pathway
activation. This approach was used to identify possible candidate bio-
logical and signaling processes associated with proteins that differed
between clusters. Enrichment results are presented with g-values and
FDR, with statistical significance defined as q < 0.05 and FDR < 0.05.

All statistical analyses were performed in R version 4.5.2 using
RStudio (version 2024.12.1 + 563), with the following main packages:
stats for k-means clustering, t-tests, and chi-square tests; cluster version
2.1.8.1 and factoextra version 1.0.7 for cluster validity diagnostics (i.e.,
silhouette and elbow method); fpc version 2.2-13 for bootstrap cluster
stability assessment using clusterboot(); logistf version 1.26.1 for Firth
penalized logistic regression; dplyr version 1.1.4, tidyr version 1.3.1,
ggplot2 version 4.0.0, and openxlsx version 4.2.8.1 for data handling,
visualization, and export; and clusterProfiler version 4.18.4, org.Hs.eg.db
version 3.22.0, ReactomePA version 1.54.0, and enrichplot version 1.30.0
for KEGG and Reactome pathway enrichment analyses.

3. Results

3.1. Subgroup characterization: general characteristics, clinical outcomes
and symptom interaction

The sample comprised 54 participants, with 28 assigned to Cluster 1
and 26 to Cluster 2 (Table 1). The two clusters did not differ significantly
in demographic or baseline clinical characteristics, including age, sex,
BMI, treatment resistance, medication class, or randomization order (all
p > 0.12; Table 1). Inter-session pause duration did not differ signifi-
cantly between clusters in participant-level comparisons or mixed-
effects models accounting for repeated observations (Supplementary
Material 1; Table S4). With regard to treatment outcome, Cluster 2
showed a significantly higher proportion of responders than Cluster 1 (p
=0.031; Table 1; Fig. 1b). By contrast, baseline MADRS scores and mean
change in total MADRS score did not differ significantly between clus-
ters (Table 1; Fig. 1c). Thus, although the mean reduction in total
MADRS score was comparable across groups, a larger proportion of
patients in Cluster 2 achieved clinically meaningful symptom relief,
defined as a reduction of at least 50% in MADRS total score. This sug-
gests that baseline inflammatory differences may be more closely related
to the likelihood of achieving a categorical response than to average
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Table 1

General and clinical characteristics of the two-cluster solution (derived from
baseline inflammatory profiles), including statistical comparisons across groups.
Data are presented as mean (SD) or counts. Group differences were assessed
using t-tests or chi-squared tests. Response was defined as > 50% reduction in
MADRS score from baseline. Marked in bold are p-values less than or equal to
0.05.

Variable Total (N Cluster 1 Cluster 2 p- Test

=54) (n=28) (n=26) value type

Age, years 34.50 36.29 32.58 0.287 T-test

(12.67) (13.44) (11.75)

Sex, female/male 26/28 14/14 12/14 0.777 Chi-

squared

BMI, kg/rn2 25.70 26.80 24.56 0.122 T-test

(4.73) (5.07) (4.15)

Baseline MADRS 26.44 26.57 26.31

(5.03) (4.92) (5.23)

Post-treatment 16.46 18.46 14.31
MADRS (9.52) (9.37) (9.39)

AMADRS (post- -9.98 -8.11 —12.00 0.184  T-test
baseline) (10.70) (10.06) (11.20)

Randomization order 0.176 Chi-
(active-sham/ squared
sham-active)

Sham first 28 17 11

Active first 26 11 15

Treatment resistance 0.700 Chi-

squared

Yes 18 18 18

No 36 10 8

Current medication 0.897 Chi-

squared

No medication 19 10 9

Medication, non-AD 3 1 2

Other AD (non-SSRI) 18 9 9

SSRI 14 8 6

Response (MADRS > 0.031 Chi-
50%) squared

Responders 23 8 15

Non-responders 31 20 11

Abbreviations: BMI = body mass index, AD = antidepressants; MADRS =
Montgomery-Asberg depression rating scale; SSRI = selective serotonin reup-
take inhibitors.

symptom change.

Exploratory analysis of symptom-level changes (AMADRS items)
revealed broadly similar improvement patterns across clusters, with
reductions observed across all MADRS items (Table 1; Fig. 1d).
Descriptively, Cluster 2 showed greater improvement across several
symptom domains, particularly reduced sleep, lassitude, inability to
feel, and suicidal thoughts. However, these item-level differences were
exploratory and descriptive, were not formally tested statistically, and
should therefore be interpreted with caution.

3.2. Sensitivity analysis for medication-related confounding

To assess whether medication use alone might explain the associa-
tion between inflammatory cluster membership and treatment response,
we performed additional sensitivity analyses. Medication category was
not significantly associated with cluster assignment (Chi-square test:
X2(3) = 0.60, p = 0.897) or responder status (Chi-square test: XZ(B) =
3.11, p = 0.375). Likewise, baseline medication load did not differ
significantly by cluster or responder status (all p > 0.59). Because some
medication subgroups were small, adjusted responder models were
estimated using Firth penalized logistic regression. In these analyses,
cluster membership remained significantly associated with treatment
response after adjustment for medication category (OR = 3.64, 95% CI
1.21-11.83, p = 0.021), baseline medication load (OR = 3.19, 95% CI
1.09-9.90, p = 0.034), and simplified medication status (medication-
free vs. medicated; OR = 3.30, 95% CI 1.11-10.48, p = 0.031). Full
results are provided in Supplementary Material 1 (Table S3).
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3.3. Inflammatory parameters - differences between cluster 1 and 2

After identifying significant differences in treatment response be-
tween Clusters 1 and 2, we examined their inflammatory marker pro-
files. Cluster 2 included the highest proportion of treatment responders,
whereas Cluster 1 contained the fewest.

Of the 92 inflammatory proteins analyzed, 47 showed FDR-adjusted
p < 0.05 (Supplementary Material 2). Among these, ten proteins met
both predefined criteria for differential expression: MCP-4, CXCL6, IL-7,
TNFSF14, CXCL1, OSM, CXCL5, IL-8, CXCL11, and MMP-1. These pro-
teins showed marked differences between Clusters 1 and 2 and are
shown in the volcano plot (Fig. 2) and the corresponding boxplots
(Fig. 3).

Effect-size analyses indicated large between-cluster differences for
the proteins meeting the predefined significance criteria. For example,
MCP-4 (Cohen's d = 3.18, Hedges' g = 3.13) and IL-7 (Cohen's d = 2.40,
Hedges' g = 2.36) showed particularly large effects (Supplementary
Material 1; Table S5). All proteins that met the significance criteria were
quantifiable above the detection limit in all participants (see Methods).

3.4. Enrichment analysis

Exploratory KEGG and Reactome enrichment analyses identified
immune-related candidate pathways (Fig. 4a). The most prominent
pathway was cytokine-cytokine receptor interaction (FDR = 9.94 x
10712 q = 5.37 x 107!2), highlighting broad involvement of intercel-
lular signaling mechanisms that regulate immune activation. Additional
enriched pathways included viral protein interaction with cytokine and
cytokine receptor (FDR = 2.65 x 107!; q = 1.43 x 10711), chemokine
signaling (FDR = 1.66 x 1077; q = 8.98 x 107®), and IL-17 signaling
(FDR = 1.70 x 10’7; q=9.19 x 10’8), all of which are closely asso-
ciated with pro-inflammatory cytokine cascades. Pathways linked to
rheumatoid arthritis (FDR = 1.70 x 1077; q=9.19 x 107%) and NF-xB
signaling (FDR = 1.83 x 107> q = 9.88 x 107°) further indicate acti-
vation of canonical immune processes. Other relevant pathways,
including TNF signaling, Toll-like receptor signaling, and JAK-STAT
signaling, were also enriched, reinforcing the role of inflammatory
signal transduction in these proteomic differences. A complete list of
enriched KEGG pathways is provided in Supplementary Material 1
(Table S6).

Reactome pathway enrichment analysis was conducted to identify
biological processes associated with the differentially expressed proteins
between clusters. The analysis revealed significant enrichment of path-
ways primarily related to chemokine and cytokine receptor signaling
and G protein—coupled receptor (GPCR)-mediated signaling (Fig. 4b).
The most significantly enriched pathway was “Chemokine receptors
bind chemokines” (FDR =9.11 x 10~1%; q=23.55x 1071, involving six
of the ten proteins identified. Similarly, “Peptide ligand-binding re-
ceptors” (FDR = 8.22 x 10’8; q=3.21 x 10*8), “G alpha (i) signaling
events” (FDR = 8.52 x 1077; q = 3.32 x 1077), and “Class A/1
(Rhodopsin-like) receptors” (FDR = 8.56 x 10’7; q=23.34x 1077) were
among the top enriched pathways, underscoring a strong contribution of
GPCR signaling. Downstream cytokine signaling cascades were also
significantly enriched, including “Signaling by interleukins” (FDR =
1.09 x 1074 q = 4.23 x 107), “Interleukin-4 and Interleukin-13
signaling” (FDR = 3.83 x 1074 q = 1.49 x 10~%), and “Interleukin-10
signaling” (FDR = 2.56 x 107%; q = 9.96 x 10~*). Additional pathways
related to TNF receptor signaling, IL-6-type cytokine receptor in-
teractions, and ATF4-mediated stress response were also identified at
significance levels. Complete Reactome enrichment results are provided
in Supplementary Material 1 (Table S7).

To determine whether the observed enrichment signals extended
beyond the broader background universe, we performed an additional
analysis using the 92 proteins included in the Olink® Inflammation
panel as the reference set. Under this more stringent framework, Reac-
tome chemokine receptor and GPCR-related pathways remained
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Fig. 2. Volcano plot of NPX differences between Cluster 1 and Cluster 2.

Vertical blue dotted lines denote NPX differences of +1 and — 1. The horizontal red dashed line indicates the FDR-adjusted p-value threshold of 0.05. Abbreviations:
NPX = Normalized Protein Expression; IL-7 = Interleukin-7; IL-8 = Interleukin-8; CXCL11 = C-X-C motif chemokine ligand 11; CXCL1 = C-X-C motif chemokine
ligand 1; OSM = Oncostatin M; MMP-1 = Matrix metalloproteinase-1; CXCL6 = C-X-C motif chemokine ligand 6; MCP-4 = Monocyte chemotactic protein-4; CXCL5
= C-X-C motif chemokine ligand 5; TNFSF14 = TNF Superfamily Member 14. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

significantly enriched and closely mirrored the primary findings (all
FDR < 0.05; Supplementary Material 1; Table S§8). In contrast, although
KEGG pathways retained a similar inflammatory signature, they no
longer met the threshold for multiple-testing correction (Supplementary
material 1; Table S9).

4. Discussion

Our findings demonstrate that patients with moderate-to-severe
depression undergoing iTBS can be stratified into subgroups according
to baseline inflammatory proteomic profiles, which are related with
differences in treatment response. This extends prior evidence of bio-
logical heterogeneity in MDD observed in proteomic and multimodal
studies (Milaneschi et al., 2020; Tang et al., 2025) and immune profiling
(Hagenberg et al., 2025) by linking inflammation directly to neuro-
modulation outcomes. Two molecular clusters based on inflammatory
protein profiles were identified and differed in iTBS response, while no
statistically significant differences were observed in measured de-
mographic or clinical characteristics such as age, sex, BMI, medication
status, randomization arm, or baseline symptom severity. Cluster 2
exhibited the highest response rate, whereas Cluster 1 contained the
most non-responders, suggesting that baseline immune tone may be
associated with therapeutic efficacy. Although the clusters did not differ
in baseline MADRS total score or mean MADRS change, global severity
measures may not adequately capture clinically relevant symptom di-
mensions associated with inflammatory depression. Emerging evidence
suggests that inflammatory and metabolic dysregulation may be more
closely related to specific symptom domains, particularly atypical and
energy-related symptoms, including fatigue, hypersomnia, hyperphagia,
anhedonia, and related motivational or somatic features, rather than to
overall depression severity alone (Penninx et al., 2025). In this context,

the absence of differences in total MADRS scores does not preclude
meaningful between-cluster differences in symptom profiles or
treatment-related symptom dynamics. In our exploratory item-level
analysis, Cluster 2 showed descriptively greater improvement in
selected MADRS items, including reduced sleep disturbance, lassitude,
inability to feel, and suicidal ideation. These item-level findings were
not formally tested and should therefore be interpreted with caution.
However, they support the notion that inflammatory profiles may be
more closely related to specific symptom dimensions than to global
severity measures.

These findings support the view that MDD encompasses biologically
(and to some extent, immunologically) distinct subtypes, one charac-
terized by immune activation that may interfere with treatment
response. While most depressed patients exhibit cytokine levels within
the normal range, a substantial subset (estimated at one third) shows a
pro-inflammatory phenotype (Miller and Raison, 2016; Osimo et al.,
2019; Schmidt et al., 2016) linked to poorer antidepressant outcomes
(Gadad et al., 2017; O'Brien et al., 2007; Strawbridge et al., 2015; Uher
et al., 2014). The present findings indicate that such immune hetero-
geneity may similarly modulate response to iTBS, extending the rele-
vance of inflammation beyond pharmacological treatment resistance.

Inflammatory cytokines appear to influence not only the onset and
progression of depression but also responsiveness to treatment. Patients
who respond to antidepressants typically exhibit normalization of
cytokine levels, whereas non-responders maintain or increase inflam-
matory activity during therapy (Syed et al., 2018; Yilmaz et al., 2022).
Elevated baseline IL-6, IL-8, and TNF-a have been consistently associ-
ated with reduced antidepressant efficacy (Gadad et al., 2017; Liu et al.,
2020; Uher et al., 2014). Mechanistically, inflammation can also directly
influence neural processes relevant to the antidepressant effects of iTBS.
Pro-inflammatory cytokines such as IL-6, IL-8, and TNF-a, frequently
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Fig. 3. Boxplots of baseline NPX values for ten significantly different inflammatory proteins between Cluster 1 and Cluster 2.

Clusters correspond to patient subgroups with the highest (Cluster 2) versus the lowest (Cluster 1) iTBS response rates; FDR-adjusted p-values are indicated above
each plot. Abbreviations: NPX = Normalized Protein Expression; IL-7 = Interleukin-7; IL-8 = Interleukin-8; CXCL11 = C-X-C motif chemokine ligand 11; CXCL1 = C-
X-C motif chemokine ligand 1; OSM = Oncostatin M; MMP-1 = Matrix metalloproteinase-1; CXCL6 = C-X-C motif chemokine ligand 6; MCP-4 = Monocyte
chemotactic protein-4; CXCL5 = C-X-C motif chemokine ligand 5; TNFSF14 = TNF Superfamily Member 14.
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elevated in patients with major depressive disorder (Krsek et al., 2024),
are known to modulate synaptic plasticity (Lisowska, 2025; Singhal and
Baune, 2017; Yirmiya and Goshen, 2011), processes critical for neuro-
modulation efficacy. Furthermore, TNF-a, IL-8, IFN-y, and activation of
the kynurenine pathway have been associated with alterations in white-
matter microstructure in mood disorders (Poletti et al., 2024), suggest-
ing that inflammatory dysregulation may extend beyond local synaptic

effects to impact large-scale neural network integrity. Matrix metal-
loproteinases (e.g., MMP-1, which was elevated in the least responsive
cluster) play dual roles in the central nervous system, mediating extra-
cellular matrix remodeling essential for synaptic plasticity while, when
dysregulated, contributing to blood-brain barrier breakdown and neu-
roinflammatory propagation (Hassamal, 2023; Huntley, 2012). Dysre-
gulation of MMP signaling can therefore alter the neuronal
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microenvironment and limit synaptic remodeling, potentially reducing
responsiveness to plasticity-inducing interventions (Alaiyed and Conant,
2019; Beroun et al., 2019).

Although our study assessed peripheral inflammatory proteins rather
than direct central markers, peripheral immune activation can influence
neuroinflammatory processes through several pathways, including
cytokine signaling across the blood-brain barrier, endothelial and glial
activation, and downstream effects on microglial function and kynur-
enine metabolism (Guo et al., 2023). In depression, such neuroimmune
signaling has been linked to altered synaptic plasticity, impaired neu-
rotrophic support, and disrupted network-level brain function, all of
which are relevant to the proposed mechanism of iTBS (Guo et al., 2023;
Lenz et al., 2021). Preclinical studies further support this relationship by
showing that depression-like behavior can be ameliorated through in-
terventions that reduce neuroinflammation and related oxidative or
nitrosative stress (Qiu et al., 2020; Ye et al., 2024).

From this perspective, the inflammatory profiles identified here may
reflect not only systemic immune tone but also peripheral correlates of
neuroinflammatory states that could reduce responsiveness to neuro-
modulation. Consistent with this interpretation, translational evidence
indicates that increased systemic inflammation is associated with
diminished therapeutic responsiveness (Haroon et al., 2018), and a re-
view on rTMS in depression suggest that immune-inflammatory markers
may be linked to neuromodulatory outcome (Rajkumar, 2023).
Conversely, neuromodulation may influence immune activity via
through neuroimmune communication pathways, although the mecha-
nisms remain incompletely established for rTMS. Evidence from vagus
nerve stimulation (VNS) provides a well-established example of how
modulation of neural circuits can influence peripheral inflammatory
activity, including reductions in circulating pro-inflammatory cytokines
(Cho et al., 2025). In parallel, immune-derived factors, such as MMPS,
are elevated in both circulation and in the central nervous system in
response to chronic stress and depressive symptoms (Cho et al., 2025).
Other clinical studies have also reported changes in circulating inflam-
matory markers after rTMS in depression, as well as changes in plasma
MMP concentrations after rTMS in mild cognitive impairment (Cirillo
et al., 2023; Wang et al., 2022). However, direct evidence that iTBS
normalizes peripheral inflammation or plasma MMP activity in
depression remains limited. Overall, these findings support the idea that
iTBS may engage neuroimmune mechanisms, and that specific inflam-
matory states could interfere with cortical plasticity and thereby
attenuate treatment response.

The specific proteins that distinguish the poorer-outcome Cluster 1
provide further insight into the potential mechanisms underlying dif-
ferential response to iTBS. The ten proteins that distinguish the two
inflammatory clusters (MCP-4, CXCL6, IL-7, CXCL1, OSM, CXCL5, IL-8,
TNFSF14, CXCL11, and MMP-1) are associated with enhanced chemo-
taxis, cytokine signaling, and extracellular matrix remodeling. These
proteins are involved in immune pathways governing leukocyte
recruitment and cytokine-cytokine receptor interactions, suggesting
that non-responders may have a more pro-inflammatory profile.
Consistent with this, enrichment analyses identified three major path-
ways with the strongest statistical support: cytokine-cytokine receptor
interaction, chemokine receptor binding chemokines, and GPCR
signaling events. Together, these networks regulate immune cell traf-
ficking, receptor-mediated signaling, and cellular responses to inflam-
matory stress. IL-8, a potent chemoattractant that drives neutrophil
migration (Yoshimura et al., 1987), and related CXC chemokines
(CXCL1, CXCL5, CXCL6, CXCL11) orchestrate leukocyte recruitment in
the central nervous system (Milenkovic et al., 2019; Stuart et al., 2015)
and have been linked to increased neuroinflammation and reduced an-
tidepressant efficacy (Gasparini et al., 2022; Liu et al., 2020). MCP-4, a
member of the MCP1-5 family, enhances macrophage chemotaxis and
promotes chronic immune activation (Stuart et al., 2015). Oncostatin M
(OSM), a pleiotropic IL-6-family cytokine, promotes endothelial acti-
vation and leukocyte transmigration (Han et al., 2023; Modur et al.,

Progress in Neuropsychopharmacology & Biological Psychiatry 148 (2026) 111814

1997) and has been implicated in pro-inflammatory and mood-related
signaling cascades (Franzen et al., 2020; Knight, 2022; Richards,
2013; Tanaka and Miyajima, 2003). IL-7, which regulates T-cell prolif-
eration and survival (Chen et al., 2021), may further modulate neuro-
immune crosstalk, while MMP-1, a matrix metalloproteinase central to
extracellular matrix remodeling (Pardo and Selman, 2005), can affect
synaptic integrity and blood-brain-barrier permeability when dysregu-
lated (Hassamal, 2023; Huntley, 2012). Collectively, these findings
suggest that upregulated cytokine and chemokine signaling, coupled
with aberrant matrix remodeling, may be associated with lower iTBS
efficacy, whereas lower inflammatory tone may be associated with
better response. However, the pathway findings should be interpreted
cautiously. Our additional analysis suggested that the Reactome findings
were relatively robust to the choice of background universe, whereas the
KEGG results appeared more sensitive to background specification, as
previously seen (Ziemann et al., 2024).

The principal strength of this study lies in its data-driven identifi-
cation of inflammatory subgroups in moderate-to-severe depression,
linking baseline immune profiles to differential iTBS outcomes and
enrichment of cytokine and interleukin signaling pathways. However,
several limitations must be considered. The exploratory design pre-
cludes causal inference, and findings should be regarded as hypothesis-
generating pending replication in larger, longitudinal cohorts. In
particular, the relatively small number of participants within each
cluster (Cluster 1: n = 28; Cluster 2: n = 26) limits statistical precision
and calls for cautious interpretation of subgroup estimates, even though
the clustering solution itself showed high bootstrap stability. Analyses
were restricted to baseline protein expression; inclusion of post-
treatment data would clarify how inflammatory signatures evolve
with iTBS. Additionally, the lack of comparator arms (e.g., pharmaco-
therapy or ECT) constrains conclusions about the specificity of these
immune patterns to neuromodulation. While the Olink® Inflammation
panel focuses on inflammation-related proteins, which aligns with our a
priori hypotheses, its targeted design may limit the identification of
biological pathways outside the inflammatory domain. Consequently,
these findings should be interpreted as exploratory and hypothesis-
generating. Furthermore, the modest number of significant proteins
and the presence of potential confounders, such as lifestyle and psy-
chosocial factors, further limit interpretability. Although participants
differed in concomitant medication, sensitivity analyses suggested that
neither medication category nor medication load explained the observed
association between inflammatory cluster membership and treatment
response. Finally, since all participants presented with moderate-to-
severe depression, the generalizability of these findings to milder
forms of depression remains uncertain. Nevertheless, using a conserva-
tive |ANPX| > 1 threshold (~2-fold change on the log: scale) ensured
robust, interpretable results, and all significant proteins achieved power
> 0.99 (Supplementary Material 1; Table S5).

In conclusion, baseline inflammatory proteomic profiles are associ-
ated with subgroups of patients with moderate-to-severe depression who
differ in their clinical response to iTBS. Cluster 1, defined by elevated
cytokine- and chemokine-related markers, showed poorer outcomes,
whereas Cluster 2, characterized by lower baseline immune activity,
exhibited better improvement. Cytokine signaling pathways regulate
proliferation, apoptosis, and immune activation (VoBhenrich and Santo,
2002), and excessive activation has been associated with reduced
cortical adaptability. These findings support the concept that immune
dysregulation contributes to treatment resistance and may serve as a
biological modifier of neuromodulatory efficacy. Future research should
validate these results in larger cohorts, incorporate post-treatment
proteomics and neuroimaging, and test whether the ten significant
markers predict responsiveness across treatment modalities. Ultimately,
such research could guide precision-based interventions, including anti-
inflammatory augmentation strategies, for patients with depression who
exhibit an inflammatory profile.
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