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A B S T R A C T

Background and hypothesis: Schizophrenia and other psychotic disorders exhibit significant clinical and cognitive 
heterogeneity, challenging diagnosis and treatment. Given indications of widespread cortical hyperactivity and 
dysregulation of neural oscillations in schizophrenia, investigating resting-state activity is highly relevant. This 
study examined resting-state EEG alterations across previously defined cognitive subtypes within the psychosis 
spectrum.
Study design: We analyzed resting-state EEG data from 141 psychosis patients (64 chronic schizophrenia, 40 first- 
episode schizophrenia, 37 bipolar disorder) and 80 healthy controls. Patients were a priori classified into two 
distinct cognitive subgroups: Cluster 1 (severe impairment, n = 47) and Cluster 2 (moderate impairment, n =
94).
Study results: Both patient clusters exhibited increased spectral power across most frequency bands compared to 
healthy controls. Notably, the more severely impaired Cluster 1 showed significantly higher power in the 
gamma-1 band (30–45 Hz) compared to Cluster 2. Furthermore, in Cluster 1, a significant positive correlation 
was found between resting-state gamma-1 power and positive symptom scores.
Conclusions: These results support our hypothesis of distinctive basal hyperactivation linked to the cognitive 
profile, suggesting that altered intrinsic brain activity, particularly gamma-1 hyperactivation, may underlie 
cognitive heterogeneity in psychosis. This also suggests that gamma-1 band hyperactivation at rest serves as a 
distinct neurophysiological marker differentiating both subgroups. Our findings highlight the importance of 
subdivision approaches to identify more homogeneous patient subgroups and emphasize the potential of resting- 
state gamma activity as a precise biomarker for specific symptom dimensions and personalized treatment 
strategies.

1. Introduction

Schizophrenia is a highly heterogeneous psychiatric disorder char
acterized by a broad spectrum of clinical symptoms as well as variable 
cognitive impairment (Ahmed et al., 2018; Tandon et al., 2009) which 
likely reflects distinct underlying neurobiological alterations 
(Takahashi, 2013). This heterogeneity extends beyond traditional 

diagnostic boundaries. Accumulating evidence supports a psychosis 
spectrum, in which schizophrenia and bipolar disorder share over
lapping clinical, cognitive and neurobiological characteristics 
(Craddock and Owen, 2010). This perspective is reinforced by large- 
scale neurobiological studies that have demonstrated convergent alter
ations in functional connectivity, network dynamics, and electrophysi
ological measures across both disorders (Clementz et al., 2016). 
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Numerous efforts have recently emerged to classify schizophrenia 
spectrum into distinct subtypes based on valid biological markers, with a 
particular focus on altered functional and structural properties of the 
brain (Chand et al., 2020; Clementz et al., 2015; Planchuelo-Gómez 
et al., 2020), including task-related connectivity patterns (Fernández- 
Linsenbarth et al., 2021a; Rodriguez et al., 2019), and endophenotypic 
and genetic analysis, using neurocognitive data and genome-wide re
sults for linking key features of abnormal neurotransmission and axonal 
structure (Greenwood et al., 2019; Warren et al., 2024). Key findings 
from this approach underscore the importance of integrating neurobi
ological and functional parameters to refine our understanding of 
plausible subtypes and their relevance for treatment outcomes.

Within this context, cognitive subtyping has emerged as a particu
larly promising approach. For example, some studies have identified 
three, (Gilbert et al., 2014; Van Rheenen et al., 2017) and four sub
groups (Liu et al., 2011; Seaton et al., 1999). However, studies with 
larger sample sizes consistently support a two-cluster solution (Cobia 
et al., 2011; Green et al., 2012a), a pattern that aligns with our own 
preceding results (Fernández-Linsenbarth et al., 2021a). In this study, 
we identified a first group of patients with severe cognitive impairment, 
also showing increased positive and negative symptomatology, 
thalamic-hippocampal atrophy, reduced frontal connectivity and basal 
hypersynchrony. In contrast, the second group of patients was charac
terized by a moderate cognitive impairment, which was accompanied by 
milder deficits, yet also reduced cortical thickness and connectivity 
modulation. Importantly, both subgroups included patients with di
agnoses of schizophrenia and bipolar disorder (Fernández-Linsenbarth 
et al., 2021b). To further refine this cognitive-based classification, it is 
essential to complement this work with a more comprehensive charac
terization of the underlying neurobiological alterations.

Recent evidence suggests that the neuropathology of psychosis 
spectrum is not solely dependent on localized structural abnormalities 
but rather reflects widespread dysfunction in large-scale neural net
works (Uhlhaas and Singer, 2012a, 2012b). Electroencephalography 
(EEG) provides a direct measure of rapidly changing brain dynamics 
with high temporal resolution (Kirschstein and Köhling, 2009). Task- 
related studies have shown impaired neural modulation among in
dividuals with schizophrenia, regardless of sensory modality or cogni
tive domain (Molina et al., 2018; Northoff and Gomez-Pilar, 2021). Our 
previous work suggests that excessive baseline neural activity (i.e., prior 
to stimulus onset) in the broadband and theta band in schizophrenia 
patients is linked to reduced modulation of evoked activity during an 
oddball/P300 task (Cea-Cañas et al., 2020). Therefore, elevated baseline 
synchronization may hinder the brain's capacity to modulate responses 
and adjust resources during task performance (Gomez-Pilar et al., 2018).

These prior assessments of baseline activity were conducted under 
conditions of cognitive expectancy, so they do not fully capture intrinsic 
brain activation. Therefore, a better understanding of possible mecha
nisms underlying baseline hypersynchrony requires the examination of a 
true resting state in the absence of external stimuli (Lechner and 
Northoff, 2023b). This setting provides a more direct measure of 
endogenous neural dynamics in absence of external demands (Northoff 
et al., 2010). In fact, in a previous study we demonstrated that elevated 
resting-state theta activity predicts reduced cognitive modulation ca
pacity in schizophrenia (Iglesias-Tejedor et al., 2022). This evidence 
reinforces the need to investigate how resting-state neural activity re
lates to cognitive dysfunction and whether it underlies distinct schizo
phrenia subtypes.

Importantly, resting-state neural activity plays a fundamental role in 
cognitive processing, as it reflects the baseline excitability and integra
tion of large-scale brain networks upon which task-evoked responses are 
built (Deco et al., 2015; Lechner and Northoff, 2023a). Differences in 
resting-state power have been shown to have influence in excitation- 
inhibition balance and network gain, which critically shape cognitive 
capacity and flexibility (Shine et al., 2019; Uhlhaas and Singer, 2012b). 
Therefore, cognitive subtypes are expected to differ not only in task 

performance but also in their intrinsic activation regimes.
To our knowledge, the profile of resting-state brain activation, 

within specific cognitive subtypes of schizophrenia, has not yet been 
explored. Therefore, we aim to calculate resting-state activity across 
different characteristic frequency bands (from delta to gamma) in pa
tients, and to study its alteration in cognitive subtypes of patients with 
schizophrenia previously defined (Fernández-Linsenbarth et al., 2021a). 
Also, given the possible overlap in altered neurophysiological mecha
nisms between psychotic diagnoses, we studied cognitive clusters in a 
sample of patients with chronic and first-episode schizophrenia, and 
bipolar disorder. We hypothesize that patients will exhibit resting-state 
hyperactivity on the proposed measures, and that this activity will 
contribute to defining distinctive profiles within the cognitive subtypes 
of psychosis.

2. Methods

2.1. Participants

The study sample consisted of 141 patients diagnosed with psychosis 
(64 with chronic schizophrenia, 40 first-episode schizophrenia, and 37 
with bipolar disorder), as well as 80 age- and sex-matched healthy 
controls. Patients were diagnosed according to the criteria of the DSM-5 
criteria (‘DSM V.', 2013) by one of the psychiatrists in the group (VM). 
Our exclusion criteria were: (i) any neurological illness; (ii) history of 
cranial trauma with loss of consciousness longer than one minute; (iii) 
past or present substance abuse, except nicotine or caffeine; (iv) total 
intelligence quotient (IQ) under 70; (v) for patients, the presence of any 
other comorbid psychiatric process; and (vi) for controls, any current 
psychiatric or neurological diagnosis and/or treatment with drugs 
known to act on the central nervous system.

Global intelligence quotient (IQ) was measured using the Wechsler 
Adult Intelligence Scale III (WAIS-III) (Fuentes Durá et al., 2010). Pos
itive and negative psychotic symptoms were assessed in patients using 
the Spanish versions of, respectively, the positive scale of the Positive 
and Negative Syndrome Scale (PANSS) (Kay et al., 1987) and the Brief 
Negative Symptoms Scale (BNSS) (Kirkpatrick et al., 2011). All schizo
phrenia patients (chronic and first-episodes) were receiving stable doses 
of atypical antipsychotics for at least 3 months prior to the EEG re
cordings. Bipolar patients were also under stable lithium treatment and 
34 of them were under additional antipsychotic treatment. Antipsy
chotic doses were converted into chlorpromazine equivalents (mg/day).

A detailed summary of the demographic and clinical characteristics 
is presented in Table 1. All participants provided written informed 
consent after receiving comprehensive information about the study. The 
research was approved by the Ethics Committee of the University Hos
pital of Valladolid (protocol PI-21-2623).

2.2. Cognitive assessment and patient clustering

Both patients and controls were cognitively assessed using the 
Spanish version of the Brief Assessment of Cognition in Schizophrenia 
Scale (BACS) (Segarra et al., 2011) and the perseverative errors score of 
the Wisconsin Card Sorting Test (WCST) (Chelune and Baer, 1986). The 
six BACS dimension scores (verbal memory, working memory, motor 
speed, verbal fluency, attention and processing speed, and problem 
solving), as well as the WCST perseverative errors score, were used for 
patient clustering and for deriving a single principal component analysis 
(PCA)-driven composite score of cognitive performance for each 
participant (Table 1).

The clustering of patients into two different cognitive subgroups was 
calculated in a previous article by our group, where it is described in 
detail (Fernández-Linsenbarth et al., 2021b). K-means clustering was 
carried out on the raw cognitive variables to identify cognitive subtypes 
across psychotic disorders. The optimal number of clusters was deter
mined using the silhouette method (Rousseeuw, 1987), complemented 
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by 25 additional indices from the NbClust package (Charrad et al., 2014). 
Clustering stability was ensured through 50 random initializations, 
selecting the configuration with the highest silhouette score, and 
confirmed using hierarchical clustering. Dimensionality reduction via 
PCA was conducted for descriptive purposes and for reducing collin
earity among cognitive and biological variables. In the current study. 
The clustering procedure was rerun on the full updated sample following 
the same methodological pipeline, yielding a highly stable solution with 
only minimal changes in cluster inclusions.

2.3. EEG resting-state recording and power calculation

Resting-state EEG and task-related EEG recordings were acquired as 
part of the same experimental protocol at the time of patient inclusion. 
While the auditory oddball EEG data were previously used to charac
terize cognitive subtypes (Fernández-Linsenbarth et al., 2021b), the 
present study focuses exclusively on resting-state EEG measures to 
further define these subgroups. Data were acquired using a Brain Vision 
equipment (Brain Products GmbH, Munich, Germany) with two elec
trode cap configurations: 64-channel and 32-channel caps (both from 
Electro-Cap International, Inc., Eaton, Ohio, USA). All recordings were 
acquired using the same amplifier system and preprocessing pipeline, 
and analyses were performed after reducing both montages to a common 
29-channel subset (10/10 International System), ensuring that identical 

sensor locations were used across all subjects. This approach effectively 
removes any differences related to sensor density, spatial sampling, or 
montage configuration and ensures that all spectral and connectivity 
measures are computed from the same electrodes. The selected elec
trodes were Fp1, Fp2, F7, F3, Fz, F4, F8, FC5, FC1, FCz, FC2, FC6, T7, C3, 
Cz, C4, T8, CP5, CP1, CP2, CP6, P7, P3, Pz, P4, P8, O1, Oz, and Fpz, 
which was used as the ground channel. To monitor ocular artifacts, two 
additional electro-oculography (EOG) electrodes were positioned to 
capture both vertical and lateral eye movements. EEG signals were 
referenced online to Cz and continuously recorded at a sampling rate of 
500 Hz. Electrode impedance was maintained below 5 kΩ throughout 
the recording process. The experimental paradigm consisted of a 5-min 
resting-state EEG session with eyes closed. Participants were instructed 
to be as still as possible while comfortably seated and relaxed in a quiet 
room.

EEG signals were first offline re-referenced to the average activity of 
all sensors (Bledowski et al., 2004) and band-pass filtered between 1 and 
70 Hz. An additional 50 Hz notch filter was applied to suppress power 
line interference. Artifacts were identified and removed using Inde
pendent Component Analysis (ICA) (Delorme et al., 2007). The number 
of excluded ICA components did not significantly differ between pa
tients and controls (Kruskal-Wallis H(2) = 5.28, p = 0.071). Recordings 
were then divided into 5-s epochs. Those exceeding a range of ±70 μV in 
any of the 29 EEG channels were automatically rejected. Additionally, a 
visual inspection was carried out to manually reject remaining epochs 
that still present clear artifacts. Subject data were included in the 
analysis only if 20 or more valid epochs were still available after data 
preprocessing. The average number of valid segments per participant 
was 136.19 (SD = 90.16). A spectrum analysis based on Fourier trans
form was applied to the segmented data to estimate the absolute power 
(expressed in μV2) across different frequency bands (Iglesias-Tejedor 
et al., 2022). The following frequency ranges were considered: delta 
(0.5–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta-1 (12–18 Hz), beta-2 
(18–30 Hz), gamma-1 (30–45 Hz), gamma-2 (45–70 Hz), and broadband 
power (0.5–70 Hz). We used a fixed window length method based on 
Hanning tapering. Time window length was set to 1 s (1 Hz frequency 
resolution). Power values were transformed to a logarithmic scale in 
order to achieve distributions closer to normality.

Data pre-processing and power calculation were conducted in 
MATLAB R2025a (MathWorks Inc., Natick, MA, USA) using the EEGLAB 
toolbox v13.6.5b (Delorme and Makeig, 2004), supplemented by custom 
analysis scripts using the Fieldtrip toolbox v20250318 (Oostenveld 
et al., 2011).

2.4. Statistical analysis

All statistical analyses were performed using SPSS 29.0 for Windows. 
Group differences in demographic and clinical characteristics (age, sex, 
clinical and cognitive scores, and years of education) were assessed 
using independent-samples t-tests or one-way ANOVAs for continuous 
variables, and chi-square tests for categorical variables, as appropriate.

To evaluate differences in resting-state EEG power across the three 
groups (Cluster 1, Cluster 2, and Healthy Controls), a Multivariate 
Analysis of Variance (MANOVA) was conducted. The dependent vari
ables were the absolute power measures from eight frequency bands 
(delta, theta, alpha, beta-1, beta-2, gamma-1, gamma-2, and broad
band). Post-hoc pairwise comparisons were then conducted using 
Tukey's HSD test to identify specific group differences for each signifi
cant band.

In addition, Pearson correlation analyses were performed to explore 
the association between clinical and cognitive variables, and the EEG 
power measures. These were performed only for those EEG measures 
that discriminated between both patient clusters according to the results 
of the previous step.

Finally, for those parameters that were significant in the previous 
analysis, topographic plots (see Fig. 2) were generated to visualize the 

Table 1 
Demographic and clinical characteristics of the groups studied.

Patients –  
Whole 

sample 
(n = 141)

Patients – 
Cluster 1 
(n = 47)

Patients – 
Cluster 2 
(n = 94)

Healthy 
Controls 
(n = 80)

Age, years
39.12 
(11.37)

42.00 (9.77) 
***

37.68 
(11.88) 36.39 (9.9)

Sex, M/F 80:61 26:21 54:40 40:40
Education level, 

years
13.27 
(3.87)***

11.03 (3.11) 
###***

14.38 
(3.74)*

16.00 (3.3)

Diagnosis assigned according to traditional clinical criteria
Chronic 

schizophrenia
64 
(45.39%)

27 (57.45%) 37 
(39.36%)

NA

First-episode 
schizophrenia

40 
(28.37%) 12 (25.53%)

28 
(29.79%) NA

Bipolar disorder
37 
(26.24%)

8 (17.02%)
29 
(30.85%)

NA

Pharmacology – number of patients having a specific drug (percentage on its 
own sample):

CPZ equivalents
340.69 
(248.57)

379.33 
(262.17)

321.38 
(240.70) NA

Antipsychotics
101 
(71.63%) 44 (93.61%)

57 
(60.64%) NA

Lithium
21 
(14.89%)

4 (8.51%)
17 
(18.08%)

NA

Antidepressants 13 (9.22%) 6 (12.77%) 7 (7.45%) NA

Benzodiazepines 28 
(19.85%)

14 (29.79%) 14 
(14.89%)

NA

Symptoms
Illness duration, 

months
147.79 
(142.78)

193.59 
(160.38)

127.22 
(130.70) NA

PANSS positive
11.27 
(4.21)

11.57 (3.81)
11.11 
(4.43)

NA

BNSS total 21.76 
(17.61)

26.55 
(16.11)

19.68 
(17.94)

NA

Cognition

Cognitive factor
− 0.38 
(0.82)***

− 1.29 (0.46) 
###***

0.07 (0.54) 
*** 0.69 (0.59)

IQ. WAIS total
92.27 
(15.86)***

83.60 
(16.97) 
###***

96.71 
(13.31)***

113.78 
(11.82)

Data are presented as mean (standard deviation) unless otherwise specified. NA: 
Not Applicable (data not collected in this condition). Significance levels: * p <
0.05; ** p < 0.01; *** p < 0.005 (Patients vs Controls); # p < 0.05; ## p < 0.01; 
### p < 0.005 (Cluster 1 vs. Cluster 2). Statistical comparisons were performed 
using Student's t, one-way ANOVA or χ2 test, as appropriate.
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spatial distribution of EEG power values, as well as their intergroup 
differences and statistical significance (t-test, FDR corrected). For this 
purpose, we used the FieldTrip toolbox (Oostenveld et al., 2011) in 
MATLAB (MathWorks, 2023).

To assess whether resting-state gamma power was associated with 
pharmacological treatment, we performed a Pearson correlation be
tween gamma power and the daily chlorpromazine-equivalent (CPZ) 
dose. Additionally, group comparison analyses through permutational 
ANOVAs were conducted to evaluate potential differences in gamma 
power according to clozapine and lithium use in addition to a chi-square 
test for benzodiazepine use between clusters.

3. Results

3.1. Demographic and clinical characteristics

All patients were classified into two clusters according to their 
cognitive performance. Forty-seven patients belonged to the severely 
impaired group or Cluster 1 (27 with chronic schizophrenia, 12 first 
episodes of schizophrenia, and 8 with bipolar disorder) and 94 to the 
moderately impaired group or Cluster 2 (37 with chronic schizophrenia, 
28 first episodes of schizophrenia, and 29 with bipolar disorder). When 
comparing both patient clusters and controls, there were significant 
differences in age (F(2, 218) = 4.15, p = 0.017), with Cluster 1 being 
older than controls (p < 0.001). Conversely, there were no significant 
differences between Cluster 2 and the control group or between the two 
patient clusters (Table 1).

Significant differences were also observed among the three groups in 
both the cognitive factor score (F(2, 205) = 185.679, p < 0.001), and 
years of education (F(2, 160) = 22.033, p < 0.001). Post hoc analysis 
showed that both patient clusters obtained significantly lower cognitive 
performance and fewer years of education than healthy controls (p <
0.001 in all cases), although Cluster 2 showed an intermediate position 
in both variables among the three groups (Table 1). Both patient clusters 
also differed significantly from each other in both cognitive performance 
and years of education (p < 0.001 in both cases). No significant differ
ences were found between the two clusters of patients in clinical mea
sures: years of illness, positive and negative symptoms, or CPZ 
equivalents. 

1.1 EEG results

Regarding the analysis of the resting state EEG measures, the 
MANOVA revealed a significant multivariate effect of the cluster factor 
on the eight frequency ranges evaluated (Wilks' Lambda = F(16, 422) =
2.647, p < 0.001). Subsequent tests of inter-subject effects showed sig
nificant differences between groups for all frequency bands (Table 2), 
with the strongest effect observed in the gamma-1 band (F(2,218) =
10.91, p ≤ 0.001, partial η2 = 0.091). Post hoc pairwise comparisons 
revealed significant differences between Cluster 1 patients and healthy 
controls in beta-1, beta-2, gamma-1, gamma-2, and broadband. Cluster 
2, however, differed significantly from the control group across all fre
quency bands (Fig. 1 and Table 2). In all instances, patients exhibited 
higher power values than healthy controls. When comparing the two 
patient clusters, Cluster 1 showed higher power values than Cluster 2 
only for the gamma-1 band (MD = 0.088, SE = 0.037, p = 0.045, 95% CI 
[0.002–0.175]), with a moderate standardized effect size (Cohen's d =
0.40). Receiver Operating Characteristic (ROC) curve analysis was 
performed to assess the ability of resting-state gamma 1 power to 
discriminate between patient Cluster 1 and Cluster 2 resulting with an 
area under the curve (AUC) of 0.618, indicating a modest discriminative 
performance (see also Fig. 1 and Table 2). Topographic analysis con
firms the results in a frontal-medial and temporo-parietal distribution 
(Fig. 2).

For each cognitive subgroup, possible associations between clinical 
and cognitive variables and resting EEG power were explored. Only the 

gamma-1 band was studied as it is the only frequency range that differed 
between the two cognitive clusters. Additionally, we conducted 
exploratory correlation analyses to assess the potential influence of age 
on this measure. Age showed a small but statistically significant positive 
association with this band (r = 0.17, p = 0.009), accounting for 
approximately 3% of the variance. The correlation between gamma-1 
resting-state power and the cognitive factor score across the whole psycho
sis sample was negative but not statistically significant (Pearson's r =
− 0.133, p = 0.121). In Cluster 1, only a significant positive correlation 
was found between resting-state gamma-1 power and positive symptom 
scores on the PANSS (r = 0.45, p = 0.001). No other significant corre
lations were observed between gamma-1 power and clinical or cognitive 
measures.

Finally, the correlation analysis revealed no significant association 
between resting-state gamma power and CPZ equivalents (r = − 0.086, p 
= 0.325). Similarly, the permutational ANOVAs indicated no statisti
cally significant differences in gamma power between clusters with or 
without clozapine treatment (F(1,216) = 1.079, p = 0.300), or between 
those with or without lithium treatment (F(1,216) = 2.002, p = 0.159). 
There were also no differences in the use of benzodiazepines (Pearson's 
χ2(1) = 1.21, p = 0.545).

4. Discussion

This study aimed to explore alterations in resting-state activity, 
measured by EEG, and their potential differential profiles across 
cognitive subtypes of patients with schizophrenia and other psychotic 
spectrum disorders. Building upon previous findings that revealed two 
clear cognitive subtypes within the patient sample, characterized by 
distinct cognitive impairment profiles, (Fernández-Linsenbarth et al., 
2021b) our current results demonstrate significant differences in resting- 
state EEG power that are consistent with these classifications. Specif
ically, the severely impaired patient subgroup (Cluster 1) exhibited 
higher gamma-1 band power compared to the moderately impaired 
subgroup (Cluster 2), supporting our hypothesis of a distinctive resting- 
state hyperactivation linked to their cognitive profile. These results 
suggest that alterations in intrinsic brain activity might underlie the 
cognitive heterogeneity observed in schizophrenia and related 

Table 2 
Mean (SD) values of EEG absolute power (μV2) across eight frequency bands 
(delta, theta, alpha, beta-1, beta-2, gamma-1, gamma-2, and total power) for 
patients in Cluster 1, patients in Cluster 2, and healthy controls. A fourth column 
reports the overall group effect obtained from MANOVA.

Patients – 
Cluster 1 
(n = 47)

Patients – 
Cluster 2 
(n = 94)

Healthy 
Controls 
(n = 80)

Group effect 
(MANOVA)

Power – Delta 
band 1.15 (0.27)

1.17 (0.26) 
***

1.04 
(0.24)

F(2) = 5.778, p =
0.004, η2 = 0.050

Power – Theta 
band 1.17 (0.28)

1.18 (0.26) 
***

1.05 
(0.27)

F(2) = 5.774, p =
0.004, η2 = 0.050

Power – Alpha 
band

1.14 (0.28) 1.15 (0.26) 
***

1.01 
(0.30)

F(2) = 5.778, p =
0.004, η2 = 0.050

Power – Beta-1 
band

0.99 (0.26) 
*

0.99 (0.25) 
**

0.86 
(0.31)

F(2) = 6.034, p =
0.003, η2 = 0.052

Power – Beta-2 
band

0.56 (0.27) 
***

0.49 (0.22) 
*

0.39 
(0.23)

F(2) = 7.846, p <
0.001, η2 = 0.067

Power – 
Gamma-1 
band

− 0.11 
(0.23)#***

− 0.20 
(0.21)*

− 0.28 
(0.19)

F(2) = 10.908, p <
0.001, η2 = 0.091

Power – 
Gamma-2 
band

− 0.48 
(0.24)***

− 0.53 
(0.27)*

− 0.63 
(0.23)

F(2) = 5.862, p =
0.003, η2 = 0.051

Power – 
Broadband

0.20 (0.18) 
***

0.15 (0.18) 
***

0.05 
(0.19)

F(2) = 11.712, p <
0.001, η2 = 0.097

Data are presented as mean (standard deviation). Significance levels: * p < 0.05; 
** p < 0.01; *** p < 0.005 (Patients vs Controls); # p < 0.05 (Cluster 1 vs. 
Cluster 2). Statistical comparisons were performed using MANOVA and Tukey's 
HSD post hoc test.
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disorders.
The identification of a two-cluster model of psychosis patients, 

differentiated by the severity of cognitive impairment, is consistent with 
prior large-scale studies that have consistently supported this two- 
cluster solution (Cobia et al., 2011; Green et al., 2012b). Importantly, 
both subgroups included patients with diagnoses of chronic schizo
phrenia, first-episodes of schizophrenia, and bipolar disorder, 

highlighting the transdiagnostic relevance of these cognitive classifica
tions (Bora, 2016; Green et al., 2020; Van Rheenen et al., 2017). Both 
patient clusters exhibited increased spectral power relative to healthy 
controls across most frequency bands, consistent with prior studies 
indicating widespread cortical hyperactivity and dysregulation of neural 
oscillations in schizophrenia (Andreou et al., 2015b; Gordillo et al., 
2023). Importantly, similar alterations have also been observed in 

Fig. 1. Violin plots showing group differences in EEG power (μV2) across eight frequency bands: delta, theta, alpha, beta-1, beta-2, gamma-1, gamma-2, and total 
power (broadband). The three groups correspond to Cluster 1 patients (green), Cluster 2 patients (orange), and healthy controls (blue). Significance levels: * p < 0.05; 
** p < 0.01; *** p < 0.005 (Patients vs Controls); # p < 0.05 (Cluster 1 vs. Cluster 2). Statistical comparisons were performed using MANOVA and Tukey's HSD post 
hoc test. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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bipolar disorder, with increased power particularly in high-frequency 
bands and coherence abnormalities, though less pronounced than in 
schizophrenia (Kam et al., 2013). These findings highlight that oscilla
tory dysfunction is not exclusive to schizophrenia but reflects broader 
pathophysiological mechanisms shared across severe mental illnesses.

Distinct spectral profiles were observed across the two patient sub
groups. While high-frequency bands (beta and gamma) were altered in 
both, low-frequency bands (such as theta) were exclusively altered in 
the moderately impaired subgroup (Cluster 2). Specifically, alterations 
in Cluster 1 were more concentrated in the higher frequency bands, 
whereas Cluster 2 showed a more homogeneous pattern of alteration 

across multiple frequency ranges. Indeed, increasing evidence impli
cates theta and gamma frequency bands as particularly disrupted in 
schizophrenia during resting-state and task-related conditions. For 
instance, previous studies have found a task-related EEG spectral en
tropy modulation deficit in schizophrenia linked to theta band hyper
activation during resting-state (Andreou et al., 2015a; Iglesias-Tejedor 
et al., 2022; Won et al., 2018). Conversely, a recent review highlighted 
considerable variability in findings across resting-state gamma fre
quencies, potentially attributable to patient heterogeneity (De Pieri 
et al., 2025). Our findings are thus consistent with existing literature but 
highlight the pressing need to adopt subdivision approaches that allow 

Fig. 2. Topographical distribution of resting-state EEG gamma-1 power (μV2). The first row shows absolute power values for Cluster 1 patients (C1), Cluster 2 
patients (C2), and healthy controls (HC). The second row depicts group differences (C1 vs. HC, C2 vs. HC, and C1 vs. C2). The third row highlights scalp regions with 
significant differences identified using independent-samples t-tests at each electrode (p < 0.05, FDR-corrected). Electrodes with significant effects are marked with 
asterisks. Color scales represent the range of power values or statistical differences, as indicated by the corresponding bars.
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for the identification of more homogeneous patient subgroups. Crucially 
the only significant difference between the two clinical clusters emerged 
in the gamma-1 band (30–45 Hz), with Cluster 1 showing significantly 
higher activity values than Cluster 2. This suggests that gamma-band 
brain activity may serve as a key neurophysiological marker sensitive 
to the distinction between the two described psychotic subgroups.

These findings are consistent with previous studies that have also 
identified more pronounced alterations in the severely impaired sub
group. For instance, a recent systematic review emphasized that patients 
with severe cognitive impairment exhibited reduced cortical thickness 
and larger structural brain abnormalities (Karantonis et al., 2023). 
Functionally, severely impaired subgroups often show resting-state 
hyperconnectivity in a broad range of brain regions (Meda et al., 
2025; Yasuda et al., 2020). Conversely, less impaired clusters tend to 
exhibit preserved neuroanatomical features and more normative func
tional organization (Lewandowski et al., 2019; Weinberg et al., 2016). 
These converging results support the idea that the more affected sub
group represents a distinct biotype characterized by more severe dis
ruptions, while the less impaired subgroup may reflect a more preserved 
neurobiological profile (Fernández-Linsenbarth et al., 2021a, 2021b; 
Planchuelo-Gómez et al., 2020).

Our finding of the discriminative ability of this high-frequency ac
tivity during resting state is particularly relevant given the role of 
gamma oscillations in higher-order cognitive processes, including 
attention, working memory, and consciousness (Uhlhaas and Singer, 
2010). This could imply distinct underlying neurobiological mecha
nisms between clusters involved in efficient information processing, 
whereby resting-state hyperactivation in high-frequency bands might 
hinder the brain's adaptive and problem-solving capacities during sub
sequent cognitive tasks. Cognitive functions rely on the finely tuned 
spatial and temporal coordination between excitatory pyramidal neu
rons and inhibitory GABAergic interneurons, which together regulate 
dynamic neural network interactions (Kepecs and Fishell, 2014). Among 
the diverse classes of interneurons, parvalbumin-positive (PV+) cells are 
particularly crucial for the generation and synchronization of gamma 
band oscillations (Carlén et al., 2012; Sohal et al., 2009). Dysfunction in 
PV+ interneurons, and their subsequent involvement in GABAergic 
hypofunction, has been widely documented in schizophrenia (Gonzalez- 
Burgos and Lewis, 2012; Rotaru et al., 2012). This is consistent with 
other results showing fronto-central and temporo-parietal spatial dis
tribution, which aligns with other studies suggesting altered frontal 
GABAergic inhibitory activity in schizophrenia patients (Radhu et al., 
2015; Rogasch et al., 2014). Thus, abnormalities in the microcircuitry 
responsible for generating gamma oscillations may represent a core 
pathophysiological mechanism contributing to the deficits in cognitive 
integration and executive functioning (Rotaru et al., 2012; Sun et al., 
2011). Through these mechanisms, the significantly higher gamma-1 
power in Cluster 1 (compared to Cluster 2 and HC) may reflect a state 
of aberrant high-frequency activity during rest, potentially indexing 
inefficient cortical regulation rather than adaptive information pro
cessing, further supporting the hypothesis of different neurophysiolog
ical substrates within cognitive subtypes. This finding aligns with recent 
growing evidence suggesting that gamma-band alterations may not 
follow a uniform pattern but rather serve to demarcate neurophysio
logical subgroups among individuals. On one hand, some patients may 
exhibit only a modest increase (or even a lack of enhancement), 
potentially reflecting subtle inhibitory-excitatory imbalance with 
limited clinical or cognitive impact, (Lewandowski et al., 2019) as seen 
in Cluster 2; whereas, markedly elevated gamma-1 power observed in 
Cluster 1 could represent a hyperexcitable cortical state that is patho
logically amplified, possibly driven by severe GABAergic dysfunction 

(Carlén et al., 2012).
From a clinical perspective, such inefficient cortical processing 

related to increased gamma activity has been associated with worse 
cognitive performance (Sohal, 2022) and more pronounced clinical 
symptoms. Our results provide evidence in Cluster 1 for resting-state 
gamma hyperactivity directly related to positive symptomatology 
(PANSS positive scale), suggesting that gamma power may serve as a 
dimensional biomarker of pathophysiological severity across the psy
chosis spectrum. This association reinforces previous findings linking 
abnormal gamma activity to the severity of hallucinations and delu
sional beliefs (Spencer et al., 2004; Tada et al., 2014). Particularly, in the 
resting-state, this may indicate hyperactivity or dysregulated thalamo
cortical loops, which have been implicated in the genesis of positive 
symptoms (Mulert et al., 2011). These results suggest that severely 
elevated gamma may help distinguish cognitive subtypes and could 
serve as a biomarker for specific symptom dimensions. The selective 
association between increased gamma activity and positive symptoms 
highlights the importance of integrating neurophysiological markers 
into the clinical approach, which could enhance early detection and 
inform more tailored therapeutic interventions. These findings may 
explain inconsistencies in studies that rely solely on traditional di
agnoses, as ignoring cognitive subtypes likely introduces variability that 
masks neurophysiological patterns.

Our study presents certain limitations. First, while the sample was 
large and transdiagnostic, the size of specific diagnosis subgroups within 
the clusters might limit the generalizability of results to more specific 
populations. Secondly, while gamma activity is always suspected of 
being contaminated with fast activity from the eye and muscle artifact 
itself, our significant results for gamma-1 differences between clusters 
are found in central positions far from those peripheral ones that are 
potentially more contaminated. Thirdly, it would be valuable to inves
tigate the stability of these subtypes over time and their response to 
different pharmacological and non-pharmacological interventions. 
Furthermore, the absence of a drug-naive group limits the interpretation 
of medication effects on gamma activity. Even though our sample 
included several first-episode patients with short treatment exposure 
who were well distributed across clusters, the potential influence of 
medication cannot be entirely ruled out. The correlation analysis 
revealed no significant association between resting-state gamma power 
and CPZ equivalents, suggesting that gamma activity was not influenced 
by antipsychotic dosage in our sample. In support of this, additional 
analyses indicated that no significant interaction was observed between 
antipsychotic treatment and cluster membership associated with 
gamma-1 power. Clozapine, given its distinctive pharmacological pro
file, was also examined separately, but no significant effects were found 
nor when the effect of lithium was analyzed. This could imply that the 
observed group differences are unlikely to be driven by medication 
exposure, although subtle modulatory influences cannot be entirely 
excluded. For these reasons, future longitudinal studies and larger 
sample sizes, including drug-naive patients, are advisable. Another 
limitation is that resting-state gamma-band power is sensitive to mul
tiple factors, such as muscle tension, microsaccades or vigilance fluc
tuations, among others. These factors warrant cautious interpretation of 
gamma-band findings, particularly when inferring underlying neurobi
ological mechanisms. Lastly, while both patient clusters were well- 
balanced for age and sex, only patients in Cluster 1 were significantly 
older than controls. Importantly, although age and gamma power 
correlated significantly, our across-group analysis showed a small 
amount of explained variance, so the magnitude of this effect was 
limited and unlikely to explain the observed differences between both 
clusters.
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In summary, alterations in resting-state brain activity, particularly 
gamma-1 hyperactivation, may represent distinctive characteristics of 
cognitive subtypes in patients with psychosis. These findings not only 
deepen our understanding of the complex neurobiology of schizophrenia 
but also pave the way for the development of more precise biomarkers 
and personalized treatment strategies that address the inherent hetero
geneity of the disorder.
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review of studies reporting data-driven cognitive subtypes across the psychosis 
spectrum. Neuropsychol. Rev. 30 (4), 446–460. https://doi.org/10.1007/S11065- 
019-09422-7/TABLES/3.

Greenwood, T.A., Lazzeroni, L.C., Maihofer, A.X., Swerdlow, N.R., Calkins, M.E., 
Freedman, R., Green, M.F., Light, G.A., Nievergelt, C.M., Nuechterlein, K.H., 
Radant, A.D., Siever, L.J., Silverman, J.M., Stone, W.S., Sugar, C.A., Tsuang, D.W., 
Tsuang, M.T., Turetsky, B.I., Gur, R.C., Braff, D.L., 2019. Genome-wide association of 
endophenotypes for schizophrenia from the Consortium on the Genetics of 
Schizophrenia (COGS) study. JAMA Psychiatry 76 (12), 1274–1284. https://doi.org/ 
10.1001/JAMAPSYCHIATRY.2019.2850.
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Glossary

Independent Component Analysis (ICA): A signal processing technique used to separate a 
multivariate signal into additive, statistically independent components. In EEG, it is 
commonly applied to identify and remove artifacts such as eye movements or muscle 
activity.

BACS (Brief Assessment of Cognition in Schizophrenia): A brief cognitive battery designed to 
assess cognitive performance in patients with schizophrenia.

BNSS (Brief Negative Symptoms Scale): A scale used to assess the severity of negative 
symptoms in patients with psychosis.

PANSS (Positive and Negative Syndrome Scale): A clinical rating scale used to quantify the 
severity of positive symptoms (delusions, hallucinations) and negative symptoms 
(blunted affect, anhedonia) in patients with schizophrenia.

WCST (Wisconsin Card Sorting Test): A neuropsychological test assessing executive func
tion, abstract reasoning, and cognitive flexibility, by evaluating the ability to shift 
response strategies based on feedback.

Gamma activity: Neuronal oscillations typically in the 30–70 Hz range, associated with 
higher-order cognitive processes such as attention, working memory, and perception. 
Sub-bands of interest in this study were gamma-1 (30–45 Hz) and gamma-2 (45–70 
Hz).

Alpha band: EEG frequency range typically between 8 and 12 Hz, prominently observed 
during resting state with eyes closed, reflecting relaxation and alert vigilance.

Beta band: EEG frequency range typically between 12 and 30 Hz, often subdivided into 
beta-1 (12–18 Hz) and beta-2 (18–30 Hz), associated with alertness, active attention, 
and motor processing.

Delta band: EEG frequency range typically between 0.5 and 4 Hz, dominant during deep 
sleep and certain pathological states.

Theta band: EEG frequency range typically between 4 and 8 Hz, associated with memory, 
spatial navigation, and relaxed wakefulness.

K-means clustering: An unsupervised clustering algorithm that partitions a dataset into a 
predefined number of “k” clusters, assigning each data point to the cluster with the 
nearest centroid (mean).

Resting-state EEG: Recording of brain electrical activity via electroencephalography while 
the participant is awake, relaxed, with eyes closed, and not engaged in a specific task.

Chlorpromazine (CPZ) equivalents: A standardized measure used to compare doses of 
different antipsychotic medications by converting them into an equivalent dose of 
chlorpromazine, a typical antipsychotic.

GABAergic hypofunction: A reduction in the activity or effectiveness of the GABA (gamma- 
aminobutyric acid) neurotransmitter system, the brain's main inhibitory system, 
implicated in the pathophysiology of schizophrenia and in dysregulation of gamma 
oscillations.

Parvalbumin-positive (PV+) interneurons: A subtype of cortical GABAergic interneurons 
crucial for regulating pyramidal cell activity and generating gamma oscillations. Their 
dysfunction has been linked to schizophrenia.

Neural oscillations: Rhythmic patterns of electrical brain activity, measurable as brain 
waves in EEG and classified by frequency bands (delta, theta, alpha, beta, gamma).

Spectral power: A measure of the intensity or amplitude of electrical activity within a 
specific EEG frequency range, often calculated using Fourier transform and expressed 
in units such as μV2.
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