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Abstract. Drug-resistant epilepsy (DRE) is often treated with resec-
tive surgery, yet a central clinical challenge remains: given a planned
(or completed) resection, what is the likelihood the patient will achieve
seizure freedom? Answering this is difficult because the optimal surgi-
cal target—the epileptogenic zone (EZ), the brain tissue that generates
seizures—is latent and must be inferred from biomarkers derived from
intracranial EEG (iIEEG). Biomarkers at both channel and network level
have been developed and evaluated as independent sources of data stream
and thus have shown limited promise in predicting surgical outcomes. We
hypothesize that the channel and network level biomarkers are mecha-
nistically connected, and introduce NetCorr, a platform that makes use
of this underlying correlation to better predict seizure freedom. Towards
this end, we first introduce a regression framework that predicts a chan-
nel’s smoothed high-frequency-oscillation with spike (spkHFO) rate from
its participation properties in a ripple-band synchronization network,
quantifying network-spkHFO coupling via R?. Secondly, we model re-
section as a perturbation of the preserved channel coupling scores and
construct a 2-dimensional patient signature that summarizes resection-
induced shifts in coupling statistics. In a multi-institutional retrospec-
tive cohort of 159 pediatric-onset focal DRE patients, this 2-dimensional
signature predicts post-surgical outcome with a cross-validated mean F'1
score of 95%, significantly outperforming ratio-based baselines using SOZ
resection (F'1 = 78%) and spkHFO resection (F1 = 79%).

Keywords: Drug resistant epilepsy - Seizure freedom prediction - Syn-
chronization network - HFO with spikes - Network perturbation

1 Introduction and Prior Work

Epilepsy affects tens of millions of people worldwide and is associated with sub-
stantial morbidity, mortality, and socioeconomic burden [21,7,3]. A clinically
important subset develops drug-resistant epilepsy (DRE), typically defined as
failure of two appropriate and tolerated antiseizure medication regimens [11].
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For patients with focal DRE, resective surgery often offers the best chance of
seizure freedom [19,6,10]. The central clinical problem is therefore predictive:
given a planned (or performed) resection, what is the probability that the patient
will become seizure-free? This question is difficult because the intended surgical
target—the epileptogenic zone (EZ), i.e., the critical brain region responsible for
seizure generation—is a latent construct that cannot be directly observed in vivo
[14,5]. In practice, the EZ must be inferred from imperfect proxies, and surgical
failure may reflect not only imperfect targeting but also incomplete sampling of
the epileptogenic network by implanted electrodes [16, 10].

A common clinical strategy is to use intracranial EEG (iEEG), guided by
presurgical imaging and other evaluations, to record seizures and identify the
seizure onset zone (SOZ) as a practical approximation to the EZ [14, 5]. However,
ictal activity occupies only a small fraction of the total recording, and SOZ-
guided resection does not consistently yield seizure freedom across patients |6,
10]. This has motivated growing interest in interictal features or biomarkers that
can leverage the much larger amount of non-seizure data (interictal) to better
approximate EZ-related tissue and improve surgical decision-making.

Existing interictal approaches span multiple spatial scales. At the channel
level, spikes, high-frequency oscillations (HFOs), and their refinements (including
epileptogenic HFOs and spike-associated HFO(spkHFQ)) capture local patholog-
ical activity and have shown value for EZ localization and postsurgical outcome
prediction, but remain susceptible to physiological confounds and detection vari-
ability [9, 18,24, 15]. At the network level, interictal connectivity and dynamical
approaches (e.g., Source—Sink and Neural Fragility) model epilepsy as a dis-
tributed circuit disorder and can reveal epileptogenic structure not captured by
local pathological event rates alone [8, 12,16, 1]. However, these two lines of work
— network and channel levels — have evolved separately, and a methodology for
using these findings jointly to inform seizure freedom outcome has not been de-
veloped. To address this missing link we first ask the following question in this
paper: (1) How well can the channel-level pathological event temporal dynamics
be predicted by network dynamics?

As described in Sections 2.3 and 2.4, we introduce a synchronization network—
spkHFO coupling framework (NetCorr) for processing interictal iEEG. In this
framework we first construct ripple-band (80-250 Hz) directed synchronization
networks based on phase-amplitude coupling in the frequency domain. For channel-
level biomarkers, we identify spkHFOs using PyHFO [4]. We then fit per-channel
regression models predicting smoothed spkHFO rates using network-level fea-
tures of the channel (in-degree, out-degree, eigenvector centrality), yielding channel-
wise coupling or correlation scores (R?). A high R? would imply that the spkHFO
temporal activity is explained well by their contemporaneous synchronization-
network features. This leads us to the next question that explores potential
changes in such correlations on surgical intervention: (2) Can successful surgery
be viewed as a means of sufficiently perturbing the network dynamics, such that
the residual network dynamics involving only the preserved regions (i.e. post
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surgery) can no longer sustain, and hence, can no longer predict channel-level
epileptiform biomarkers?

To test this hypothesis, we design a two-dimensional feature vector (see
Eqgn. 11) that captures changes in synchronization dynamics and their correla-
tions with spk-HFO rates when conditioned on a given resection margin. Specif-
ically, we treat surgery as a network perturbation tool and quantify how corre-
lations change in the preserved tissue after resection. Fig. 2 provides example
results from a seizure free (SF) patient (left) and a non-seizure free (NSF) patient
(right). In the SF exemplar, residual dynamics of the preserved-only channels
fail to adequately predict spkHFO rates (uniformly lower R?), implying that re-
section removed key generator or synchronization-network-supporting channels.
In the NSF exemplar, on the other hand, correlations of the residual dynamics
of preserved-only channels with spkHFO rates remianed close to pre-resection
values, indicating that synchronization dynamics post-surgery can still generate
channel-level epileptoform discharges. This motivates the two-dimensional fea-
ture in Eqn. 11 quantifying the network-dynamics disruption due to a candidate
surgery. Using this feature we address the standard validation framework in the
field: predict the post-surgery outcome on a retrospective patient cohort. Our
2-dimensional feature predicts post-surgery outcomes on a retrospective patient
cohort of 159 patients with a cross-validated mean F'1 score of 95%, significantly
outperforming SOZ resection (F1 = 78%) and spkHFO resection (F1 = 79%)
ratio based features.

NetCorr’s novelty lies in linking established channel-level and interictal net-
work biomarkers through a regression-based coupling statistic, then using resection-
induced coupling changes as a compact patient-level outcome signature.

2 Materials and Methods

2.1 Cohort, recordings, and preprocessing

We analyzed a multi-institutional retrospective cohort of 159 pediatric-onset
(<21 years) focal DRE patients who underwent invasive iEEG monitoring fol-
lowed by resective surgery (Open iEEG dataset [23]). Inclusion required (i) sub-
dural and/or depth/SEEG iEEG with sampling rate >1,000 Hz, (ii) an artifact-
free slow-wave sleep epoch of >5 min at least 2 h from seizures, and (iii) post-
operative outcome at >12 months; cases without reliable electrode localization
or outcome data were excluded. Outcomes were binarized using ILAE criteria
(class I SF, n = 113; classes II-VI: NSF, n = 46) [20]. Signals were bipolar
referenced, notch filtered for line noise and harmonics, and artifact-free inter-
ictal epochs (typically 5-90 min) from the first night (prior to medication ta-
pering) were used for analysis. To account for variable recording duration, cou-
pling was estimated within each patient from 1-s windows and summarized using
preserved-channel distributional statistics rather than raw spk-HFO counts.
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2.2 spk-HFO detection using expert guided deep learning model

We detected spkHFO events using pyHF0 2.0, an open-source deep-learning-
based analysis platform that includes built-in preprocessing utilities for denoising
and artifact mitigation [4]. In pyHFO 2.0, the detection models are fine-tuned
using expert annotations with iterative clinician feedback, yielding a reliable
spkHFO detector for clinical iEEG.

2.3 Ripple-band interictal synchronization networks

We constructed time-varying directed, weighted synchronization networks in 1-
second non-overlapping windows using ripple-band (80-250 Hz) activity [17].
For each window, nodes correspond to iEEG channels and edge weights quantify
band-limited coupling. Let P; ,,, and ¢; ,, be the magnitude and phase at ripple-
band frequency bin m (m =1, ..., K) for channel . We define an antisymmetric
phase-coupling term

1

O—'f; = _Jﬁ = ? Z Sin(¢j,m - ¢i,m), (1)
m=1
and band-limited power
K
Pi=) |Pml>, ol =P+P (2)
m=1
The synchronization coefficient is
dij = 0'5 CT?;, (3)
mapped to a bounded edge weight
wij =1 —exp(—|di;|) € [0,1]. (4)

Within each window we retain only the top 10% of w;; values (adaptive spar-
sification) and set all other edges to zero. Adaptive sparsification retained the
strongest within-window synchronization edges, controlled graph density across
patients and time windows, and reduced weak nonspecific edges. Edge direction
is assigned using the ripple-band total phase T]j) = Zizl @i m: if 77? > 775b we ori-
ent ¢ — 7, otherwise 7 — 4. This yields a sequence of directed, weighted graphs
describing second-by-second interictal synchrony.

2.4 Regression based synchronization network—spkHFO coupling

Interictal synchronization networks and spkHFO activity exhibit strongly non-
stationary, burst-like temporal structure. As illustrated in Fig. 1, global network
integration (Fiedler eigenvalue) shows intermittent surges consistent with tran-
sient synchronization events, and the spkHFO rate exhibits temporally aligned
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bursts. Moreover, at the channel level, increases in a node’s network importance
(eigenvector centrality) coincide with higher spkHFO rate in the same channel.
These observations motivate a coupling model that asks whether spkHFO fluc-
tuations can be explained by a channel’s contemporaneous participation in the
interictal synchronization network.

For each channel ¢, we quantify how well its time-varying spk-HFO activity
is explained by contemporaneous network participation. Let y.[k] be the number
of verified spk-HFOs in the k-th 1 s window. To reduce sparsity and timing jitter,
we convert counts to a smooth local rate by gaussian kernel convolution,

L
Tc[k] = (h * yc)[k] = Z h[’r] yc[k - T]7 (5)

T=—L

[2]. For each window we compute three network features for channel ¢: fiedler
weighted in-degree in.[k], fiedler weighted out-degree out.[k], and eigenvector
centrality eig.[k], and apply the same gaussian kernel to obtain in.[k], out.[k],
and efgc[k]. These features summarize complementary aspects of channel par-
ticipation: incoming synchronization, outgoing synchronization, and global cen-
trality. We then fit an ordinary least squares model per channel,

Te [k] = 5070 + ﬁl,cihc[k] + ﬁQ,cOﬁthf] + BB,ce{gc[k] + €c [k]a (6)
and define channel-wise coupling strength by the coefficient of determination,

s Sulrelk] = elk)’
Re=1= 5 Gl =72

We use a linear model to obtain a stable, interpretable explainability statistic
(R?) that is comparable across channels and patients.

(7)

2.5 Network perturbation feature for surgical outcome prediction

We model resection as a network perturbation and quantify how coupling changes
in the preserved tissue after removing resected channels from the synchronization
network.

Pre- vs. post-resection coupling on preserved channel set. For each patient p,
let P, denote the set of preserved channels. We compute channel-wise coupling
scores for each ¢ € P, under two conditions: (i) Pre-drop (full-network)
coupling, RZ:?H: computed using the original synchronization network con-
structed from all implanted channels. (ii) Post-drop (preserved-only) cou-
pling, Rﬁ;lgresz recomputed after removing all resected channels, reconstruct-
ing the synchronization network on preserved channels only, and refitting the
channel-wise regression model on the preserved-channel network features.
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Fig. 1. Interictal network dynamics align with spkHFO activity. (A) The
Fiedler eigenvalue exhibits burst-like increases, indicating intermittent episodes of
global synchronization; the channel-averaged spkHFO rate shows temporally similar
bursts. (B) In a representative SOZ channel, spkHFO rate co-varies with the channel’s
eigenvector centrality, motivating a coupling model between network participation and
pathological event dynamics.

Preserved-channel coupling summaries before and after resection induced pertur-
bation We summarize the preserved-channel coupling distributions using their
mean and variance:

N;H%P Z z 211’ ’U;H*}P — Val"ceP,, (RZZSH) , (8)
|P | ceP,
‘ugrcs _ |P ‘ Z 2 prcs Ugrcs — Varce’Pp (R;(Q;:Ercs) ) (9)
ceEP,

2D perturbation feature vector. We define the patient-level resection-induced per-
turbation feature vector as the change in preserved-channel mean and variance
of coupling:

A,U, ﬂgll—ﬂ) Mgres7 A”Up — v;ll—vp _ ,U;Eres’ (10)
A
pert __ :U‘P
X = { ]UJ . (11)

Outcome prediction and evaluation. We use xge” as a compact resection-induced
patient representation for surgical outcome prediction. We train a k-nearest
neighbors (kNN) classifier in this 2D feature space and evaluate performance
using stratified 10-fold cross-validation at the patient level. Within each train-
ing fold, features are z-scored using training-fold statistics only, and the same
transformation is applied to the held-out fold to prevent information leakage. We
report out-of-fold predicted probabilities of seizure freedom, aggregated confu-
sion matrix, ROC/AUC, and fold-wise accuracy, precision, recall, and F1 score
(mean + standard deviation across folds).
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Resection-aware coupling perturbation exemplars: preserved-channel R? before vs after channel drop
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Fig. 2. Resection-induced coupling perturbation exemplars. Preserved-channel
network-spkHFO coupling (R?) is shown before (Pre; full implanted network) and
after (Post; resected channels removed and the synchronization network recomputed
on preserved channels only) for representative (A) SF and (B) NSF patients. Boxplots
summarize preserved-channel distributions; points denote individual channels.

3 Results

3.1 Network perturbation produces outcome-specific shifts in
preserved-channel coupling

At the cohort level, resection-induced perturbation produces outcome-specific
shifts in preserved-channel network—spkHFO coupling. Fig. 3A summarizes each
patient by (Ap,, Avy), the change in the mean and variance of preserved-channel
coupling (R?) after removing resected channels and recomputing coupling on
preserved tissue. SF patients cluster in a region characterized by larger cou-
pling disruption (higher Ay, with systematic shifts in Awv,), whereas NSF pa-
tients concentrate near smaller perturbation effects (lower Ay, ), indicating that
network-explainable pathological activity persists in preserved tissue. The sep-
aration of group centroids in this space further highlights that the resection
perturbation induces distinct, population-level coupling responses in SF versus
NSF patients.

3.2 Patient-level network perturbation features predict
postoperative outcome

The outcome-specific structure observed in Fig. 3A suggests that resection-
induced perturbations of preserved-channel coupling can be leveraged directly for
outcome prediction. Using these patient-level perturbation features (Ap,,Av,),
a kNN classifier yields well-separated out-of-fold seizure-freedom probabilities
(Fig. 3B) with robust cross-validated performance, as reflected by the aggregated
confusion matrix and high ROC AUC (Fig. 3C-D). Compared with spkHFO-
and SOZ- resection ratio based baselines, NetCorr achieves the strongest per-
formance across accuracy, precision, recall, and F1 (mean F'1 = 0.95; Fig. 3E).
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Fig. 3. Network perturbation feature visualization and postoperative out-
come prediction. (A) Patient-level feature distribution in the network perturbation
feature space (Aup,Av,). SF and NSF patients occupy separable regions in this space.
(B) Out-of-fold kNN-predicted probability of seizure freedom, stratified by true out-
come (NSF vs. SF), showing significant separation between groups (Mann—Whitney U
test). (C) Aggregated confusion matrix across stratified 10-fold cross-validation. (D)
Mean ROC curve across folds with +1 standard deviation band (AUC reported in
legend). (E) Performance comparison (mean + standard deviation across folds) of Net-
Corr against spkHFO- and SOZ-based baselines for accuracy, precision, recall, and F1
score. NetCorr (mean F1 score - 95%) significantly outperforms the spkHFO-based
model (mean F1 score - 79%) and SOZ resection status-based model (mean F1 score -
78%) on all four performance metrics.

Together, these results show that resection-induced changes in preserved-tissue
coupling provide an accurate interictal predictor of surgical outcome and moti-
vate their use as a quantitative measure of resection sufficiency.

4 Discussion and concluding remarks

There are several translational implications of the NetCorr framework beyond its
use in accurately predicting post-surgery seizure freedom. First, NetCorr embeds
an intervention perspective and can be translated into surgery planning. By
treating surgery as a network perturbation and quantifying the residual coupling
in preserved channels, the framework moves from static localization toward an
actionable question: how much pathological network organization is expected
to remain after removing a candidate set of channels? This creates a natural
foundation for future in-silico resection-margin tools, where alternative margins
(or electrode coverage strategies) could be compared by their predicted impact
on network-explainable pathology before definitive surgery.

Second, iEEG provides only partial coverage of the epileptogenic network,
so postoperative failure can arise from under-sampling, as well as, suboptimal
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resection [14, 16, 10]. Persistently low preserved-channel coupling before and af-
ter resection is consistent with dominant generators lying outside the sampled
network. In our cohort, we observe a distinct NSF subgroup of n = 14 patients
with near-floor coupling that changes minimally after resection (mean preserved-
channel R? = 0.09 pre-surgery versus 0.08 post-surgery), therefore providing a
quantitative signature of potential unsampled epileptogenic regions.
Limitations and future work. Network—spkHFO coupling may depend on
sleep stage, medication level, and seizure proximity, motivating future state-
aware analyses. The perturbation signature may also be sensitive to artifact
selection, residual noise, spkHFO detection, smoothing, network construction,
and sparsification; future work should evaluate robustness to these factors and to
shorter recordings. Although NetCorr outperformed SOZ- and spkHFO-resection
ratio baselines, future studies should compare against stronger single-modality
HFO-only [22] and network-only [13] baselines on the same iEEG corpus. Broader
stratified validation across institutions, implant types, etiologies, age groups,
pathologies, and outcome subtypes is needed to establish generalizability.
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