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Abstract

Background: Communicating hydrocephalus is characterized by gait disturbance, cognitive impairment, and altered consciousness.
The cerebrospinal fluid (CSF) tap test is widely used to predict shunt responsiveness; however, objective neurophysiological markers are
still lacking. Resting-state electroencephalography (RS-EEG) may offer insights into brain network function. Methods: Thirty patients
with communicating hydrocephalus underwent 19‑channel RS‑EEG before the CSF tap test. Multimodal EEG features were extracted
from 2‑second epochs, including spectral power, functional connectivity (coherence and phase‑locking value), and nonlinear measures
(approximate entropy, Hjorth parameters), then aggregated to subject‑level representations. Group differences were explored via corre-
lation with clinical scales, source‑level phase transfer entropy, and t-distributed Stochastic Neighbor Embedding (t‑SNE) visualization.
For classification, logistic regression, linear support vector machine (SVM), and a deep neural network (fully connected or 1D Convo-
lutional Neural Network [1D‑CNN]) were trained and compared under nested leave‑one‑subject‑out cross‑validation with within‑fold
feature selection. Model performance was assessed using the area under the receiver operating characteristic curve (AUC), permutation
tests, bootstrap 95% confidence intervals, and DeLong tests. Results: Responders showed higher alpha-band power, which correlated
with Coma Recovery Scale-Revised (CRS-R) improvement (r = −0.764, p = 0.0004) but not Mini-Mental State Examination (MMSE).
Functional connectivity and source-level analyses showed descriptive trends that did not survive false discovery rate correction. t-SNE
visualization showed partial separation of responders and non-responders, and EEG data quality did not differ between groups. For
classification, linear models matched or exceeded deep learning: in the disorders of consciousness (DOC) subgroup, logistic regression
(LR) and SVM achieved an AUC of 0.982 (95% CI: 0.909–1.000) & 0.982 (95% CI: 0.893–1.000) vs. 0.964 (0.84–1.00) for the fully
connected network; in the cognitive subgroup, SVM reached an AUC of 0.963 (0.84–1.00), followed by CNN (0.944) and LR (0.926).
All models were significant by permutation test (p < 0.002). DeLong tests showed no significant difference between deep learning and
the best linear model (p > 0.4), indicating that EEG features are largely linearly separable. Bootstrap confidence intervals remained above
0.73. Conclusion: These findings indicate that EEG-derived spectral features, particularly alpha and theta power, contain linearly sepa-
rable information related to tap test responsiveness. Linear machine learning models performed on par with deep learning, underscoring
the robustness of the neural signal and cautioning against unnecessary model complexity in small clinical samples. This exploratory
analysis demonstrates the feasibility of EEG-based prediction but requires prospective external validation.
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1. Introduction

Communicating hydrocephalus includes idiopathic
normal pressure hydrocephalus (iNPH) and secondary
forms caused by trauma, hemorrhage, or infection [1]. Its
primary clinical manifestations include gait disturbance,
cognitive decline, and urinary dysfunction. Ventriculoperi-
toneal shunting remains the primary treatment; however,
a considerable proportion of patients demonstrate limited
postoperative improvement, emphasizing the importance of
accurate preoperative evaluation [2].

The cerebrospinal fluid (CSF) tap test is widely used
to aid diagnosis and predict shunt responsiveness and is rec-
ommended by international guidelines as a key preoperative
assessment tool [3,4]. Its mechanism is believed to reflect
reversible changes in brain network function [5]. However,
current evaluation primarily relies on clinical symptom im-
provement and lacks objective neurophysiological markers.

Electroencephalography (EEG) records cortical neu-
ronal activity with high temporal resolution and is com-
monly employed in brain function assessment [6]. Resting-
state EEG (RS-EEG) captures intrinsic brain network dy-
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namics and has been applied in various neurological disor-
ders [7,8]. In iNPH, previous studies have revealed alter-
ations in EEG rhythms and functional connectivity associ-
ated with gait and cognitive impairment [9], suggesting its
potential as a biomarker for network dysfunction.

Recent advances in artificial intelligence have enabled
the efficient extraction of high-dimensional features from
EEG signals. Deep learning models have demonstrated
promising performance in EEG-based classification tasks
[10,11]. Additionally, EEG complexity measures have
been associated with neural integrity and cognitive function
[12,13].

In this exploratory pilot study,We systematically com-
pared three classifiers—logistic regression, linear support
vector machine (SVM), and a deep neural network—with
the goal of determining whether complex architectures pro-
vide additional benefit over simpler linear models in this
small‑sample setting.

2. Materials and Methods
2.1 Participants

Thirty patients with communicating hydrocephalus
admitted between March 2024 and November 2024 were
prospectively enrolled. This was a pilot study with-
out formal sample-size calculation; the sample size was
determined by feasibility within the recruitment period
(Supplementary STROBE Checklist).

The inclusion criteria were as follows: (1) diagnosis
of communicating hydrocephalus according to established
criteria [2]; (2) ventriculomegaly, defined by an Evans in-
dex ≥0.3; and (3) the presence of at least one of the fol-
lowing clinical symptoms: gait disturbance, cognitive im-
pairment, or urinary dysfunction [14]. Exclusion criteria in-
cluded severe neurological comorbidities that could signifi-
cantly confound EEG signals or incomplete or poor-quality
EEG data.

The CSF tap test was performed by removing 30–50
mL of cerebrospinal fluid via lumbar puncture. CSF tap test
responsiveness was defined according to established guide-
lines [3,4] as a clinically meaningful improvement follow-
ing cerebrospinal fluid removal. Specifically, responders
were identified based on either a ≥2-point increase in the
Coma Recovery Scale-Revised (CRS-R) for patients with
disorders of consciousness or a ≥4-point increase in the
Mini-Mental State Examination (MMSE) for patients with
cognitive impairment (Supplementary Fig. 1). Clinical
assessments were performed within 24–72 hours after the
procedure.

2.2 EEG Acquisition and Preprocessing
RS-EEG was recorded using a 19-channel 10–20 sys-

tem (sampling rate: 500 Hz) during eyes-closed resting
state for 5 minutes. Preprocessing followed International
Federation of Clinical Neurophysiology (IFCN) recom-
mendations [15], including band-pass filtering (0.1–45 Hz)
and independent component analysis for artifact removal.

Data were segmented into 2-second epochs. Processing
was performed using EEGLAB 2023.0 (Swartz Center for
Computational Neuroscience, University of California San
Diego, La Jolla, CA, USA) [16]. EEG data were first vi-
sually inspected to remove segments contaminated by ob-
vious artifacts. Automated rejection was subsequently ap-
plied based on abnormal amplitude and signal fluctuations
(Amplitude threshold: ±150 µV; Joint probability: 3 stan-
dard deviations; Kurtosis: 3 standard deviations). Indepen-
dent component analysis was then used to identify and re-
move artifact-related components, such as eye movements
andmuscle activity. Only artifact-free epochs were retained
for subsequent analysis. The proportion of rejected epochs
was calculated for each participant as an indicator of data
quality. No subjects were excluded due to missing EEG
data; all had sufficient artifact-free epochs after preprocess-
ing.

2.3 Feature Exploration
To comprehensively characterize EEG differences be-

tween responders and non-responders, we employed four
complementary analytical approaches:

Spectral features were computed as relative power
within the δ, θ, α, and β frequency bands [15]. In addition,
a spectral covariance matrix was calculated for descriptive
visualization of group‑level spectral relationships. Specif-
ically, for each 2‑second EEG epoch, the power spectral
density was estimated using Welch’s method, and the spec-
tral covariance matrix was computed as the covariance of
the log‑transformed spectral power across channels and fre-
quency bins. Functional connectivity was quantified us-
ing coherence and phase-locking value (PLV) [17]. For
group-level comparisons of functional connectivity edges,
the false discovery rate (FDR; Benjamini-Hochberg) was
applied to control for multiple testing. Corrected signifi-
cance was set at q < 0.05. Uncorrected results are reported
as descriptive trends only.

Source-level features were reconstructed using stan-
dardized low-resolution brain electromagnetic tomography
(sLORETA) [18], as implemented in Brainstorm3.4 (Uni-
versity of Southern California, Los Angeles, CA, USA)
[19], followed by estimation of phase transfer entropy to
characterize directed information flow between brain re-
gions.

To reduce redundancy prior to t-distributed Stochas-
tic Neighbor Embedding (t-SNE) visualization, principal
component analysis (PCA) was applied strictly within each
leave-one-subject-out (LOSO) training fold. Specifically,
the PCA transformation matrix was estimated on the train-
ing subjects only and then applied to the held-out test sub-
ject. This prevents any information leakage from the test
set into the visualization [20].

2.4 Model Construction
Three classifiers were evaluated: L2-regularized lo-

gistic regression (LR), linear SVM, and a deep neural net-
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work. Input features for the disorders of consciousness
(DOC) subgroup consisted of absolute log-transformed
bandpower (theta, alpha, beta); for the cognitive impair-
ment subgroup, relative bandpower (theta, alpha) was sup-
plemented with nonlinear measures (approximate entropy,
Hjorth parameters). The deep network was a fully con-
nected network (DOC) or a 1D Convolutional Neural Net-
work (1D-CNN) with one convolutional layers (cognitive
impairment (Supplementary Fig. 2)).

A strict LOSO scheme was employed. In each fold,
one subject’s data were held out for testing. Feature selec-
tion was performed using a two-sample t-test on each fea-
ture within the training set. The top K features with the
smallest p-values were retained, where K = min (10, to-
tal number of features) to balance dimensionality reduction
and information retention. All preprocessing (standard-
ization) and hyperparameter tuning (inner Leave-One-Out
Cross-Validation [LOOCV] for LR) were conducted within
the training set. Subject-level probabilities were obtained
by log-odds pooling of the test subject’s epoch-level pre-
dictions to avoid within-subject dependence.

Model performance was assessed using the area un-
der the receiver operating characteristic curve (AUC), sen-
sitivity, specificity, and accuracy at the subject level. To
evaluate statistical significance, we performed a subject-
stratified permutation test (5000 iterations) and computed
95% bootstrap confidence intervals (2000 resamples). The
DeLong test was used to compare AUCs between models.
Calibration was assessed with the Brier score and calibra-
tion curves.

No sensitivity analysis was performed because all
models within each subgroup used identical feature sets, en-
suring fair within-subgroup comparisons. The inclusion of
LR and SVM baselines served as internal validation.

3. Results
3.1 Patient Characteristics

A total of 30 patients with communicating hydro-
cephalus were enrolled, comprising 20 cases of secondary
hydrocephalus and 10 cases of idiopathic hydrocephalus
(baseline characteristics are provided in Supplementary
Table 1).

Patients were stratified by clinical status into a DOC
group, assessed using the CRS-R, and a cognitive impair-
ment group, assessed using the MMSE.

Based on CSF tap test outcomes, patients were further
classified into responders (ΔCRS-R ≥2 or ΔMMSE ≥4)
and non-responders (ΔCRS-R <2 and ΔMMSE <4) (Patient
characteristics by group are provided in Supplementary
Table 2).

The distribution of etiologies (idiopathic vs. sec-
ondary) within each subgroup is detailed in Supplemen-
tary Table 2. Briefly, the DOC subgroup comprised 17
secondary cases; the cognitive subgroup comprised 10 id-
iopathic and 3 secondary cases.

3.2 Differences in EEG Features
Spectral analysis revealed distinct rhythmic patterns

across subgroups. Patients with disorders of conscious-
ness predominantly displayed theta-band activity, whereas
those with cognitive impairment demonstrated relatively
preserved alpha-band activity.

Compared with non-responders, responders showed a
trend toward increased alpha-band power (Fig. 1). Ex-
ploratory functional connectivity analysis revealed group-
level differences in the alpha band, primarily in the right
temporal and occipital regions; however, none of these dif-
ferences survived FDR correction (all q > 0.05). Accord-
ingly, they are reported as descriptive observations only.

Correlation analysis indicated that EEG-derived fea-
tures were associated with clinical improvement, as re-
flected by a strong negative association with CRS-R change
scores (r = –0.764, p = 0.0004). This relationship was not
observed for MMSE scores, which may reflect differences
in sensitivity between clinical scales or underlying neural
mechanisms (Supplementary Fig. 3).

At the source level, phase transfer entropy analysis re-
vealed regional differences in information flow within theta
and alpha bands, but these differences did not reach sta-
tistical significance. Given the limited spatial resolution
of 19-channel EEG, source estimates are underdetermined;
hence, these findings are exploratory.

t-SNE visualization revealed a partial separation be-
tween responders and non-responders in the feature space,
suggesting distinct differences in EEG-derived representa-
tions (Fig. 2).

No significant differences in the rejected epoch ratio
were observed between responders and non-responders in
either subgroup (Supplementary Table 3), suggesting that
the observed group differences were unlikely to be driven
by variations in EEG data quality.

3.3 Model Performance
Logistic regression and linear SVM both achieved an

AUC of 0.982 (95% CI: 0.893–1.00), with perfect accu-
racy, sensitivity (100%), and specificity (LR: 94%, SVM:
88%). The fully connected network attained an AUC of
0.964 (95% CI: 0.84–1.00) (Fig. 3B). Permutation tests
confirmed that all models performed significantly above
chance (all p < 0.01). DeLong tests showed no significant
difference between the deep network and the linear classi-
fiers (CNN vs. LR: p = 0.48; CNN vs. SVM: p = 0.48).
The linear SVM achieved the highest AUC of 0.963 (95%
CI: 0.84–1.00), followed by the 1D-CNN (AUC = 0.944,
95% CI: 0.78–1.00) and logistic regression (AUC = 0.926,
95% CI: 0.73–1.00) (Fig. 3C). All permutation tests were
significant (p < 0.002). DeLong tests again indicated no
significant difference between CNN and the linear models
(CNN vs. LR: p = 0.83; CNN vs. SVM: p = 0.82). Detailed
performance metrics are presented in Table 1. Notably,
no significant difference in baseline Glasgow Coma Scale
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Fig. 1. Rhythmic and spectral characteristics of electroencephalograms in patients with hydrocephalus. (A) Electrode positioning
diagram. (B) Raw electroencephalography (EEG) of patients with impaired consciousness and cognitive impairment. (C) Power spectrum
and topography (left: cognitive impairment patients; right: consciousness impairment patients). (D) Rhythmic and spectral changes in
patients showing significant symptom improvement following the tap test. Fp, frontopolar; C, central; P, parietal; O, occipital; F, frontal;
T, temporal; Cz, central midline; A, auricular.

Fig. 2. Differential characteristics of resting-state electroencephalography (RS-EEG) in patients with hydrocephalus showing
improvement and no improvement following tap test. (A) Group-level power spectrum analysis. (B) Spectral Covariance Matrix Plot
(Group 1: No Improvement Group; Group 2: Improvement Group). (C) Coherence and phase-locking values in the alpha band (left:
coherence; right: phase-locking values). (D) After source localization, phase transfer entropy in the theta and alpha bands (left panel:
theta band; right panel: alpha band). (E) t-SNE visualization, yellow represents responders and blue/purple represents non-responders.
FFT, Fast Fourier Transform; t-SNE, t-distributed Stochastic Neighbor Embedding; re, responders; no, non-responders.

(GCS) scores was observed between responders and non-
responders, suggesting that the observed predictive perfor-

mance was not attributable to differences in initial clinical
severity (Fig. 3A).
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Table 1. Subject-level classification performance across subgroups.
Subgroup Model AUC (95% CI) Permutation p DeLong p (vs. CNN)

Disorders of consciousness
LR 0.982 (0.909–1.000) 0.0004 0.4795
SVM 0.982 (0.893–1.000) 0.0014 0.4795
FC 0.964 (0.840–1.000) 0.0010 —

Cognitive impairment
LR 0.926 (0.732–1.000) 0.0004 0.8250
SVM 0.963 (0.836–1.000) 0.0002 0.8170
CNN 0.944 (0.778–1.000) 0.0008 —

AUC, area under the receiver operating characteristic curve; CI, bootstrap confidence interval (2000
resamples); DeLong p, comparison with CNN; Permutation p, subject‑stratified label permutation test
(5000 iterations); LR, logistic regression; SVM, support vector machine; CNN, Convolutional Neural
Network.

Fig. 3. Communicating hydrocephalus RS-EEG deep learning classification. (A) Baseline Glasgow Coma Scale (GCS) for patients
with impaired consciousness (left image) and cognitive impairment (right image). (B) ROC curves for the disorders of consciousness
(DOC) subgroup. (C) ROC curves for the cognitive impairment subgroup. ns, not significant; ROC, receiver operating characteristic.

Training dynamics were monitored through loss and
accuracy curves (Supplementary Fig. 3). The training and
validation losses both decreased gradually and plateaued
without early divergence. At convergence, the absolute gap
between training and validation loss was small (e.g., 0.15 ±
0.05 across folds in the cognitive subgroup). No oscillatory
instabilities were observed. Validation loss was evaluated
every 10 training iterations; the training curve terminates at
the iteration where early stopping was triggered, while the
validation curve extends to the final evaluated point. This

behavior reflects stable optimization rather than rapidmem-
orization.

4. Discussion

This study examined the association between RS-
EEG features and CSF tap test responsiveness in commu-
nicating hydrocephalus. The findings suggest that EEG-
derived metrics may capture underlying brain network dy-
namics related to clinical reversibility. Furthermore, the
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study population included both idiopathic and secondary
hydrocephalus (distribution per subgroup reported in Sup-
plementary Table 2). These etiologies may involve dis-
tinct pathophysiological mechanisms and baseline network
states, which could contribute to variability in EEG fea-
tures. The small subgroup sizes precluded a stratified anal-
ysis by etiology; this remains an important direction for
larger future studies.

Theta-dominant activity in patients with impaired con-
sciousness and alpha dominance in cognitively impaired pa-
tients may indicate thalamocortical dysregulation [21,22].
Previous studies have shown that oscillatory activity is
closely linked to levels of consciousness and cognitive
processing [23,24]. Consistent with this, we found that
EEG-derived features (primarily alpha power) correlated
strongly with improvement on the CRS-R (r = –0.764, p
= 0.0004). In contrast, no significant correlation was ob-
served with MMSE score changes (r = –0.065, p = 0.842)
(Supplementary Table 4). This discrepancy suggests that
EEG spectral features may be more sensitive to changes in
basic arousal and awareness than to higher-order cognitive
functions assessed by the MMSE, at least in this patient
population.

The observed increase in alpha power among respon-
ders may indicate preserved functional reserve and network
adaptability. This is consistent with prior iNPH studies re-
porting EEG rhythm abnormalities and partial reversibility
following intervention [8]. EEG complexity has been pro-
posed as a marker of neural integrity, with reduced com-
plexity associated with brain injury severity and impaired
recovery [12,13]. Our findings are consistent with this
framework.

In both subgroups, linear models (logistic regression
and SVM) achieved AUC values comparable to or numer-
ically exceeding those of the deep neural networks: 0.982
(LR/SVM) versus 0.964 (CNN) in the DOC subgroup, and
0.963 (SVM) versus 0.944 (CNN) in the cognitive sub-
group. DeLong tests revealed no significant differences be-
tween the deep learning and the best linear classifiers (p
> 0.4 in both subgroups), indicating that EEG features are
largely linearly separable and that complex architectures
did not yield additional discriminative power. Permuta-
tion tests confirmed that the observed AUCs were signif-
icantly above chance (all p < 0.002). Bootstrap 95% con-
fidence intervals were broad but remained entirely above
0.73, providing further evidence against chance-level per-
formance. These findings suggest that, in small clinical
EEG datasets, simple linear models may suffice and offer
better interpretability [25]. Nonetheless, the limited sample
size precludes definitive conclusions, and external valida-
tion in independent cohorts remains essential.

Importantly, no significant differences in EEG data
quality, as measured by rejected epoch ratio, were found
between responders and non-responders (Supplementary
Table 3). This reduces the likelihood that the observed clas-

sification performance was influenced by systematic differ-
ences in signal quality or artifact burden.

Limitations
Several limitations should be acknowledged. The

small sample (30 subjects) led to wide bootstrap confidence
intervals, but the comparable performance of linear and
deep models suggests that overfitting is unlikely to fully ex-
plain the high AUCs [26]. This was a single-center study,
and site-specific factors may influence generalizability. Ex-
ternal validation in independent cohorts is lacking, and the
modest calibration slopes indicate that predicted probabil-
ities should be interpreted cautiously. Additionally, the
inclusion of both idiopathic and secondary hydrocephalus
may have introduced etiological heterogeneity that could
influence EEG features and model generalizability. Future
multicenter studies with prospective validation are needed
to confirm these exploratory findings and should include
linear baselines as a standard benchmark.

5. Conclusions
In conclusion, resting-state EEG features may reflect

brain network alterations associated with cerebrospinal
fluid tap test responsiveness in communicating hydro-
cephalus. Although the proposed multimodal approach
shows preliminary potential, the results should be inter-
preted with caution, given the small sample size and the
possibility of overfitting.
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