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Abstract 

Despite substantial recent progress in epilepsy related technologies and algorithms, 

strong retrospective performance often fails to translate into reliable long term clinical 

use because of drift, class imbalance, stimulation artifacts, and limited or absent 

ground-truth feedback. This review provides a deployment-oriented synthesis of 



epilepsy related methods across the sensing-to-control pipeline, spanning data 

acquisition, preprocessing, spontaneous event and evoked-response analysis, 

connectivity analysis, brain modeling, and closed-loop control. It is based on a 

structured scoping search, with studies selected and synthesized according to 

translational relevance, validation setting, and role within the sensing-to-control 

pipeline. The methods are organized using a shared four axis framework: temporal scale 

and latency constraints, observability and representation, vulnerability to non-

stationarity and drift, and deployment role. This framework highlights how upstream 

constraints shape the reliability of downstream inference and intervention. We argue 

that algorithm-guided neuromodulation in epilepsy is best understood as a constrained 

control problem under partial observability and non-stationarity. Within this framing, 

we revisit three recurring questions central to system design: whether seizure 

prediction is achievable, the validation status of candidate biomarkers, and the balance 

between focal and network models of epileptogenicity. These are distinct from the 

broader research agenda summarized by the four open questions below. For each 

pipeline stage, we identify reporting and evaluation priorities aligned with clinically 

relevant endpoints rather than offline accuracy alone. Together, this review highlights 

engineering priorities for clinically durable systems and generates testable hypotheses 

about seizure dynamics and network controllability. 
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Open questions 

1. How can pipeline-induced uncertainty be evaluated and reported across epilepsy 

sensing-to-control pipelines? A central unresolved issue is how constraints introduced 

by recording, preprocessing, artifact suppression, and event sensing propagate into 

downstream localization, modeling, stimulation programming, and closed-loop control. 



2. What constitutes a reliable control variable under partial observability and non-

stationarity? Candidate control variables may be derived from spontaneous events, 

stimulation-evoked responses, connectivity measures, or learned latent states, but their 

stability, interpretability, and clinical validity may change across brain states, patients, 

recording contexts, and stimulation history. 

3. How can clinically trustworthy operating points be maintained during chronic use? 

Long term systems must detect and respond to degradation in calibration, false alarm 

burden, biomarker reliability, and uncertainty when seizures are rare, annotations are 

incomplete, and patient-specific dynamics evolve over time. 

4. How much bounded autonomy can adaptive neuromodulation safely assume? 

Future systems will need to define which updates can occur automatically, which 

require clinician approval, and how escalation, rollback, and safety constraints should 

operate when thresholds, policies, or state definitions change during chronic use. 

 

1 Introduction 

Epilepsy affects over 50 million people worldwide and remains refractory to 

pharmacological treatment in approximately a third of patients. [1;2] This creates a strong 

clinical need for reliable methods to support diagnosis, monitoring, and treatment. In 

recent years, there has been rapid progress in technologies and algorithms for analyzing 

epileptic activity and supporting intervention. However, a substantial translational gap 

remains between strong offline performance and reliable clinical use. 

This translational gap is not simply a consequence of patient-to-patient heterogeneity. It 

also reflects a broader mismatch between offline study conditions and real-world 

clinical deployment. In many cases, this mismatch does not arise from a single 

methodological step, but from interactions across stages, from data acquisition and 

preprocessing to downstream inference and intervention. Choices made early in the 

pipeline can constrain what later stages are able to detect, interpret, and act upon. 

These methods should accordingly be treated as parts of a sensing-to-control pipeline 

rather than as separable optimization problems. 



Recent reviews have highlighted related translational challenges, including limited 

generalizability, weak prospective validation, and poor alignment between reported 

metrics and clinical burden.[3–6] However, these discussions have largely remained 

focused on specific tasks or individual stages of the broader pipeline. Much less 

attention has been paid to how such constraints propagate across stages. To address 

this gap, this review takes a cross-stage perspective on epilepsy related methods, 

focusing on how constraints introduced at earlier stages influence the interpretation, 

reliability, and deployment of later-stage algorithms. 

Across these stages, deployment context introduces a further layer of constraint that 

cuts across modalities and algorithmic tasks. Three recurring regimes are considered 

throughout this review. For in-hospital or epilepsy monitoring unit settings, stable 

external power supply, dense recording infrastructure, and continuous clinician 

oversight are usually available, so the dominant constraints are sensitivity, 

interpretability, and short-horizon decision support. In home, ambulatory, or wearable 

settings, prolonged monitoring, changing impedance, environmental noise, adherence 

gaps, and intermittent computation shift the priority toward false alarm burden, 

calibration stability, and robustness to drift. In fully implantable closed-loop systems, 

strict limits on power, memory, charge delivery, sensing quality, and real-time latency 

make bounded autonomy, safety constraints, and hardware-algorithm co-design 

central. Therefore, the constraints discussed in later sections are mapped back to these 

regimes, because the same algorithmic choice may carry different evidential and 

practical implications across deployment contexts. 

We begin by outlining the methodological scope of the review. We then review 

electrophysiological recording modalities and datasets, followed by preprocessing and 

artifact suppression as determinants of reliable observability. Next, we consider 

spontaneous epileptic events and stimulation-evoked responses as the primary sensing 

layer for downstream inference. Connectivity analysis and brain modeling are then 

discussed as intermediate representations for localization, interpretation, and control, 

before we turn to closed-loop neuromodulation and online adaptation. 



2 Methods 

This review adopts a structured scoping approach and an engineering-oriented 

conceptual synthesis to organize key methods within the epilepsy sensing-to-control 

pipeline (Figure 1 and Table 1). 

 
Figure 1. Sensing-to-control pipeline for algorithm-guided neuromodulation in epilepsy. End-

to-end pipeline from acquisition to closed-loop control, operating under shared chronic-

deployment constraints: latency, computational and resource limits, safety/governance, partial 

observability/sampling limitations, and drift/non-stationarity. 

2.1 Literature search and selection criteria 

We conducted a structured scoping search across PubMed, Institute of Electrical and 

Electronics Engineers Xplore (IEEE Xplore), ScienceDirect, and Google Scholar. The 

search covered publications from January 1990 to June 2, 2026, including ahead-of-print 

and in-press articles available by that date. Search terms were organized into three 

broad blocks: (1) epilepsy and neuromodulation terms, including epilepsy, seizure, 

epileptiform activity, neuromodulation, stimulation, responsive neuromodulation (RNS), 

deep brain stimulation (DBS), vagus nerve stimulation (VNS), and closed-loop 

stimulation; (2) recording and sensing modalities, including scalp 

electroencephalography (scEEG), intracranial electroencephalography (iEEG), 

electrocorticography (ECoG), stereo-electroencephalography (SEEG), local field 

potentials (LFPs), chronic electroencephalography (chronic EEG), ambulatory 

electroencephalography (ambulatory EEG), and stimulation-while-sensing recordings; 

and (3) methodological and deployment targets, including artifact handling, event 

detection, seizure detection, seizure forecasting, evoked-response quantification, single-



pulse electrical stimulation (SPES), SPES-evoked responses, and cortico-cortical evoked 

potential (CCEP), source localization, connectivity analysis, brain modeling, machine 

learning (ML), deep learning (DL), adaptive control, calibration, drift, and clinical 

deployment. The search strings for each database are provided in Supplementary Table 

S1. 

Studies were considered eligible when they addressed epilepsy related 

electrophysiological sensing, inference, modeling, or neuromodulation and were 

relevant to at least one stage of the sensing-to-control pipeline. Non-epilepsy studies 

were included only when they provided a directly relevant methodological template, 

such as adaptive deep brain stimulation as an example of governed biomarker-based 

control. Eligible references were then classified as either primary deployment-facing 

evidence or contextual evidence. Primary deployment-facing evidence was defined as 

original epilepsy related data, device evaluation, or model evaluation that met at least 

one predefined criterion: continuous or long-duration data, temporally separated, 

chronological, or prospective validation, explicit operating-point selection, latency or 

safety reporting, stimulation-while-sensing evaluation, longitudinal follow-up, or 

robustness testing under non-stationarity, cross-session variation, or calibration decay. 

Contextual evidence included reviews, consensus papers, foundational methodological 

studies, mechanistic studies, dataset or resource papers, and reporting frameworks 

used to define method families, clarify terminology, or support conceptual rationale. 

Contextual evidence was not used as the primary basis for claims about deployment 

robustness or clinical reliability. 

Database searches identified 5,293 records; after deduplication, 4,052 unique records 

remained. Title screening retained 1,522 records for abstract review, of which 328 were 

assessed in full text and 205 were included in the final scoping analysis. The selection 

pathway is summarized in a PRISMA-ScR flow diagram (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses Extension for Scoping Reviews; Figure 2). 

Included references were classified by evidence type, and deployment-facing studies 



were further classified by validation level, dominant recording modality, and study 

design (Table 2). 

 

Figure 2. A PRISMA-ScR flow diagram of the selection process. 

2.2 Operational four axis framework 

To compare heterogeneous algorithms across the sensing-to-control pipeline, this 

review organizes methods along four operational axes (temporal scale and latency, 

observability and representation, vulnerability to non-stationarity and drift, and 

deployment role), each operationalized as a set of reportable descriptors. 

The first axis, temporal scale and latency constraints, describes both the physiological 

time scale of the target variable and the allowable delay between sensing, inference, 

and action. Relevant descriptors include the analysis-window length, whether 

processing is causal or non-causal, processing latency, warning horizon, stimulation-

trigger delay, and update interval. The second axis, observability and representation, 

describes which variables are directly measured and which are inferred from limited 

sensors, spatial sampling, labels, or model assumptions. This distinction is important 

because clinically relevant epileptic-network states are typically inferred from finite 

sensors, incomplete anatomical coverage, noisy measurements, imperfect labels, and 

model-dependent representations rather than measured directly (see Box 1). Relevant 

descriptors include recording modality, sensor density and anatomical coverage, SNR, 

source ambiguity, feature or latent-state definition, label availability, and uncertainty 

reporting. The third axis, vulnerability to non-stationarity and drift, describes whether 

the input distribution, biomarker expression, model output, or stimulation-response 

relationship changes across state, session, treatment, or chronic use. Relevant 

descriptors include chronological validation gap, cross-session degradation, recalibration 



frequency, threshold drift, false alarm drift, and robustness to artifacts, sleep, 

medication, circadian or multidien rhythms, and stimulation effects. The fourth axis, 

deployment role, distinguishes offline mapping, clinician decision support, continuous 

monitoring, prospective risk estimation, real-time closed-loop control, and adaptive 

stimulation. Relevant descriptors include online feasibility, clinician-in-the-loop 

requirements, safety envelope, override or rollback mechanisms, and the validation 

level required to support the intended claim. 

These descriptors are summarized across pipeline stages in Table 1. To illustrate how 

the same framework can be applied to concrete method families, Table 3 provides 

worked examples spanning retrospective scEEG seizure detection, CCEP mapping, and 

implantable responsive stimulation. Because reportable descriptors do not by 

themselves establish the evidential strength of a deployment claim, Table 4 further 

distinguishes retrospective discrimination, quasi-online testing, prospective online 

operation, and chronic clinical deployment, clarifying what each level can and cannot 

support. [7–10] 

Box 1. Engineering interpretation of partial observability 

Definition: A latent epileptic-network state is observed only through a limited montage. 

Partial observability denotes the mismatch between the clinically relevant state and the 

sensor-derived measurement.[11;12] 

Reportable surrogates: Useful proxies include spatial coverage ratio, captured-event 

fraction from concurrent scalp-intracranial recordings,[13;14] scalp source ambiguity or 

leakage,[15;16] and biomarker stability and calibration.[11;17] 

Modality trade-off: scEEG offers broad but low-specificity coverage; iEEG offers high 

local specificity but sparse, implantation-dependent sampling. Neither provides full 

network observability. 

 

3 Electrophysiological Data Acquisition and Datasets 

Electrophysiological data define the empirical basis on which epilepsy algorithms are 

developed, evaluated, and interpreted. Recording modality, spatial sampling, temporal 



coverage, annotation quality, and dataset structure jointly determine which claims can 

be tested and how far those claims can be generalized. However, in epilepsy research, 

data are not only heterogeneous across studies in recording conditions, label quality, 

and temporal structure but are also unevenly available across tasks and deployment 

contexts. Large retrospective EEG resources are widely used in seizure detection and 

prediction research, whereas chronic implantable recordings are represented by small, 

specialized cohorts, and stimulation-while-sensing data are available through a small 

number of public resources. [24–27] As a result, benchmarking often remains shaped more 

by data availability than by clinical need. 

These properties determine which time scales are observable, which representations 

can be supported, which forms of non-stationarity and drift become visible during 

evaluation, and which deployment roles can be assessed with credibility. We first review 

the main recording modalities and their acquisition constraints. We then discuss 

representative public resources in terms of the evidence they support, before 

considering how dataset properties propagate into downstream methodological bias 

and evaluation failure modes. 

3.1 Recording modalities and acquisition constraints 

The principal electrophysiological recording modalities in epilepsy are scEEG and iEEG, 

the latter encompassing ECoG and SEEG. These modalities differ not only in 

invasiveness, spatial resolution and coverage, signal-to-noise (SNR), and feasible 

recording duration, but also in the kinds of inference they can support. For clinical use, 

they provide complementary rather than interchangeable forms of evidence. 

iEEG offers high spatial specificity and access to cortical and subcortical structures 

central to seizure onset localization, connectivity analysis, and stimulation studies. At 

the same time, it is shaped by patient-specific electrode placement, incomplete spatial 

coverage, and finite monitoring windows, all of which constrain comparability across 

subjects and limit inference beyond sampled regions.[28] In chronic neuromodulation 

settings, long term non-stationarity is not merely a modeling nuisance but an intrinsic 

feature of the recording context. Signals can evolve over months after implantation 



because of tissue response, impedance change, and physiological adaptation. [29] For 

these reasons, iEEG is often the most relevant sensing substrate for therapeutic 

neuromodulation, but it remains difficult to standardize across patients and cannot 

provide complete access to the network it seeks to characterize or control. 

By comparison, scEEG provides broader spatial coverage and is more amenable to large-

scale data collection because it is non-invasive. This has made it the dominant substrate 

for population-scale datasets and many benchmarking efforts. [24] However, broader 

coverage comes at the cost of lower spatial specificity, greater vulnerability to 

environmental and physiological artifacts, and weaker access to deep or highly focal 

generators. [13;30] Its principal strengths lie in monitoring, screening, and large-scale 

model development, whereas its limitations become more apparent in settings that 

require precise localization, detailed connectivity analysis, or state estimation for 

stimulation. 

Beyond recording modality, long term and home-based EEG define a distinct acquisition 

context rather than simply extending standard scalp or intracranial recordings over 

longer periods. Recordings spanning months to years expose pronounced non-

stationarity, incomplete event reporting, variable adherence, and human factors that 

affect annotation reliability and data completeness.[31–37] These properties matter 

directly for forecasting, calibration, and adaptive neuromodulation because they 

determine which failure modes become visible during evaluation. Therefore, chronic 

ambulatory recordings are especially important for assessing long term forecasting 

realism, calibration stability, and real-world monitoring burden, whereas chronic 

implantable-device recordings are more directly relevant to sensing substrates used for 

adaptive neuromodulation and closed-loop control. Intracranial stimulation-while-

sensing datasets are similarly important for quantifying SPES-evoked responses, 

supporting cortico-cortical mapping, and estimating stimulation-derived effective 

connectivity. [20;26;27;38] Across these acquisition contexts, such datasets remain scarce. 



3.2 Public datasets, shared resources, and standardization 

Public datasets in epilepsy differ not only in size, but also in the kinds of methodological 

and clinical-use claims they can support. Their utility depends on several interacting 

factors, including recording duration, sampling frequency, recording modality, 

annotation precision, temporal continuity, and the context in which data were collected. 

Table 5 summarizes representative resources and their clinical-use characteristics. 

Large clinical scEEG datasets remain among the most widely used public resources in 

epilepsy. The Temple University Hospital EEG Corpus and its seizure-annotated subsets 

have become standard benchmarks because they expose algorithms to substantial 

variability in recording conditions and patient state. [39;40] Open infrastructures such as 

PhysioNet (https://physionet.org/) have also shaped the field by hosting canonical 

datasets, including the CHB-MIT Scalp EEG Database, and by supporting standardized 

formats, open tools, and reusable benchmarking practices. [18] More recently, structured 

clinical EEG resources, such as the Harvard Electroencephalography Database 

(https://github.com/bdsp-core/Harvard-EEG-Database-Tools), have added richer clinical 

metadata to this landscape. [41] These short term or clinically sampled retrospective 

resources support benchmarking, model comparison, and large-scale offline analysis, 

but their temporal structure and label granularity limit what can be inferred about long 

term reliability. 

Longer duration resources are especially important for seizure prediction and 

forecasting because they preserve temporal context for time-aware validation and 

circadian or multidien analyses.[24;42] EPILEPSIAE is a prominent long term presurgical 

monitoring resource, while NeuroVista remains notable as one of the few chronic 

invasive recording datasets used for seizure forecasting over months to years. [25;42;43] 

Their scarcity, selected cohorts, and limited accessibility nevertheless constrain how 

confidently long term forecasting robustness can be generalized across broader epilepsy 

populations. [24] 

Other public resources are organized around more specific analytical targets. Some are 

designed for analysis of interictal epileptiform discharges (IEDs), including spike 



morphology, spatial field structure, and multi-channel consistency. A notable recent 

example is the scEEG dataset introduced by Lin et al., particularly given the relative 

scarcity of public EEG datasets with expert IED annotations and spatial information. [44] A 

complementary intracranial resource is provided by Falach et al., who released 

annotated iEEG sleep recordings from two medical centers with sub-second, multi-

channel IED annotations in hippocampal and medial temporal lobe regions, together 

with inter-rater reliability assessment. [45] A more recent high-frequency oscillation 

(HFO)-focused benchmark resource is Omni-iEEG, which harmonizes presurgical iEEG 

recordings from 302 patients across eight leading epilepsy centers and provides over 

36K expert-validated pathological event annotations, focusing on HFOs co-occurring 

with spikes (spkHFOs). Unlike these IED-centered datasets, Omni-iEEG defines 

benchmark tasks for pathological event classification and brain-region identification, 

enabling systematic, multicenter evaluation of both biomarker-driven and end-to-end 

data-driven approaches.[46] Others support sensing-while-stimulating paradigms, where 

stimulation-evoked responses are used to localize seizure onset zones and characterize 

network behavior under controlled perturbation. In epilepsy, SPES-based datasets are 

one of the clearer examples of this kind of resource, with PRIOS providing protocol-

specific iEEG Brain Imaging Data Structure (iEEGBIDS) CCEP recordings and Parmigiani et 

al. providing simultaneous SEEG and high-density scEEG recordings that serve as a cross-

scale reference for assessing how stimulation parameters shape CCEP responses. [26;27] 

Taken together, these resources support more precise but modality- and protocol-

bounded questions, although the same protocol specificity limits generalizability beyond 

the target paradigm. 

Given the diversity of epilepsy datasets, standardized data organization and sharing 

frameworks are essential for meaningful comparison, reproducibility, and reuse across 

studies. Platforms such as iEEG.org facilitate multisite sharing of intracranial recordings 

together with imaging and clinical metadata, while also making visible the practical 

constraints imposed by governance, de-identification, and privacy. [47] The iEEG 

extension of the BIDS provides a formal structure for organizing intracranial 



electrophysiology data and supports interoperability, scalable preprocessing, and cross-

study reuse. [48] These infrastructures reduce fragmentation and support reproducible 

reuse, but the evidential value of a dataset still depends on its annotation structure, 

cohort composition, and validation context, as discussed below. 

3.3 Engineering consequences 

From an engineering perspective, dataset properties impose structured constraints on 

method design and evaluation. Recording modality, spatial sampling, temporal 

continuity, and acquisition context shape the burden of artifact handling, the feasibility 

of continuous rather than clip-based modeling, and the need for subject-specific 

adaptation. They also shape threshold selection, the transferability of calibration across 

sessions or devices, and the kinds of drift or clinical-use failure modes that can be 

assessed during validation. [7;8;24] Table 6 summarizes common dataset properties and 

their downstream methodological consequences across neuromodulation pipelines. 

Annotation structure and granularity further determine which tasks can be formulated 

and how results should be evaluated. Event-level annotations may support continuous 

detection or temporal modeling, whereas segment-level labels are more naturally suited 

to clip-based classification. Channel-level, spatial, or state-dependent annotations 

further determine whether localization, propagation analysis, or context-aware 

modeling can be assessed. When these properties are underspecified, offline results 

become difficult to compare and easy to overinterpret, limiting their value for clinically 

durable neuromodulation systems. 

4 Preprocessing and Artifact Suppression 

Signal integrity defines the observability boundary for signal-processing and artificial 

intelligence methods used in epilepsy related diagnosis, monitoring, and intervention. 

Neural signals can be contaminated by movement-, physiological-, and hardware-

related artifacts and, in stimulation-based paradigms, by high-amplitude stimulation-

locked artifacts. Therefore, preprocessing is not merely a technical prelude. It 

determines which features remain interpretable, which temporal windows remain 

observable, and which deployment-facing claims can be supported. 



4.1 General preprocessing across scEEG and iEEG 

Although specific workflows differ across modalities and tasks, widely adopted 

preprocessing operations include filtering and referencing, channel and segment quality 

control, and removal of conventional non-stimulation artifacts. [49;50] 

4.1.1 Filtering and referencing 

Bandpass and notch filtering are routinely used to suppress slow drifts and power-line 

interference. However, in epilepsy and neuromodulation applications, filter choice is 

rarely neutral. For evoked-response analysis, spike detection, and seizure dynamics, 

phase distortion, transient smearing, and group delay can alter precisely those features 

on which downstream inference depends.[50;51] Therefore, filter type, cutoff definition, 

order or length, transition bandwidth, phase properties, causality, and filtering direction 

should be reported explicitly, especially when latency or waveform morphology is 

interpreted. [51] This issue is particularly important for high-frequency biomarkers, 

because sharp transients or non-sinusoidal waveforms can be transformed by high-pass 

or band-pass filtering into ripple-like events, creating false-positive oscillatory features. 
[52] Even modest choices, such as a highpass cutoff of 0.1 versus 1 Hz, can reshape slow-

wave morphology, shift feature distributions, and modify connectivity estimates.[51] 

Referencing is similarly consequential. It affects spatial contrast, apparent synchrony, 

and the extent to which common-source contamination is preserved or attenuated. In 

scEEG, common-average and Laplacian montages are widely used under low SNR 

conditions. [49] In ECoG and SEEG, bipolar or other local references are often preferred 

to reduce spatial mixing and hardware-related contamination. [53] For cross-subject 

modeling and comparative analysis, robustness across plausible montages is often more 

informative than a single nominally optimal reference, because montage choice can 

materially alter biomarkers and network summaries. 

4.1.2 Channel and segment quality control 

Quality control aims to identify bad channels and corrupted segments before they 

distort downstream estimation. Common criteria include abnormal amplitude, variance, 

kurtosis, and line-noise dominance.[49] Iterative rejection and rereferencing can improve 



stability. [53] In iEEG, quality control must also account for modality-specific failure 

modes, including stimulation-induced saturation, seizure related clipping, impedance 

fluctuation, and device-specific artifacts. These are not minor implementation details, 

since undetected failures can propagate into false connectivity structures, unstable 

detector thresholds, or spurious model drifts. 

4.1.3 Conventional non-stimulation artifact removal 

Ocular, muscle, cardiac, and slow-drift artifacts are commonly addressed using 

regression, time-frequency methods, blind source separation, and increasingly learning-

based denoising approaches.[30;49;50;53] Independent component analysis (ICA) used for 

blind source separation remains widely used, including for component rejection in 

epileptic EEG and supervised denoisers have been trained to approximate ICA-cleaned 

signals. [54;55] These methods can improve signal quality in conventional settings, but 

they do not solve the more specific problems posed by stimulation-locked artifacts. 

4.2 Stimulation-artifact suppression 

Stimulation-induced artifacts differ qualitatively from conventional EEG contamination. 

They are pulse-locked, frequently exceed amplifier dynamic range, and often exhibit 

multiphasic waveforms shaped by electrode-tissue interface dynamics. [20;56] Their 

morphology depends on stimulation amplitude, pulse width, phase balance, electrode 

geometry, impedance, and electrode-tissue interface properties, and they can obscure 

neural activity in the first milliseconds after stimulation.[20;56] This is precisely the 

window required for quantifying early components of SPES-evoked responses and for 

estimating perturbational effective connectivity.[20;38;57] Similar observability constraints 

also arise in DBS sensing and other invasive stimulation settings.[58] Related, though not 

identical, problems also appear in transcranial electrical stimulation, especially 

transcranial alternating current stimulation (tACS), and in transcranial magnetic 

stimulation (TMS) EEG. [59–61] 

Hardware-level mitigation can reduce artifact burden at acquisition, but it does not 

guarantee recovery of the earliest usable post-stimulus signal. Its effectiveness remains 

constrained by safety, engineering complexity, and protocol dependence. [56;58] As a 



result, reliable recovery of early evoked activity often still depends on software-based 

artifact suppression. These methods can be grouped into a small number of broad 

families with distinct assumptions, operating characteristics, and failure modes (Table 

7). 

4.2.1 Conservative suppression 

Blanking, interpolation, and simple template subtraction remain attractive because they 

are straightforward, often causal, and robust under severe saturation or clipping. Their 

limitation is equally clear: they can remove or distort the early components required for 

latency-sensitive analysis. Even brief blanking windows may bias latency estimates, early 

amplitude measures, and connectivity related conclusions in stimulation-EEG settings. 
[61] Template methods can be effective when artifacts are sufficiently stereotyped, but 

they lose reliability when waveform shape drifts across pulses, sessions, or impedance 

states. For online use, blanking and interpolation are computationally light and can be 

implemented when artifact timing is known, but they discard or reconstruct the 

contaminated interval, offering only limited assurance for early-window signal recovery. 

Simple template subtraction can be low-latency, but remains vulnerable to artifact-

shape drift and template-update errors. [56;58;61] 

4.2.2 Reconstruction and subspace-based suppression 

When early-window fidelity matters, more elaborate approaches may be justified. 

Biophysical reconstruction has been used to recover early components of SPES-evoked 

responses, and sparse approaches, such as matching-pursuit-based artifact 

reconstruction and removal, attempt to separate artifact, neural signal, and noise with 

high temporal fidelity. [20;62] Projection- and subspace-based methods, including null-

space projection, ICA, signal-space projection, and related variants, attempt to remove 

artifact-dominated components or spatial modes. [61;63] Parametric and state-space 

formulations model non-stationary artifact dynamics explicitly and may improve 

robustness under protocol variation. [60;64] Across these families, the main risks are over-

removal of neural activity patterns, dependence on channel count or artifact coherence, 

and reduced robustness under protocol drift or model mis-specification. Their 



computational burden is usually higher than conservative suppression and depends on 

model complexity, but they are often the most relevant class when residual artifact 

amplitude and retention of early neural responses need to be balanced explicitly. 

4.2.3 Learning-based suppression 

Learning-based suppression methods can capture nonlinear and modality-dependent 

artifact structure.[64] However, they also introduce distinct risks, including over-

smoothing, response-shape distortion, leakage between training and evaluation 

conditions, and limited generalization beyond controlled or semi-synthetic settings. For 

online or closed-loop use, inference latency, model size, memory requirements, power 

consumption, and cross-session generalization should be evaluated alongside residual 

artifact suppression and preservation of physiologically relevant temporal and spectral 

response structure. [56;58;64] 

 

 

Figure 3. Decision aid for selecting stimulation-artifact suppression strategies. Early-window 

interpretation defines the primary claim boundary, while real-time or closed-loop use adds 

constraints on causality, latency, and online feasibility. When both apply, requirements are 

cumulative rather than alternative. Table 7 gives method-family comparisons and reporting 

details. 



4.3 Selection of stimulation-artifact suppression methods 

Method selection should be driven by which properties of the post-stimulus signal must 

remain interpretable for the downstream endpoint, especially whether the analysis 

depends on the earliest post-stimulus activity or primarily on later components. If early 

post-stimulus activity is the primary endpoint, as in quantification of early responses or 

perturbational effective connectivity, approaches that structurally remove or distort the 

early window should be avoided, because the relevant requirement is preservation of 

latency, sharp transients, and local waveform structure rather than nominal artifact-

reduction performance. By contrast, when later components dominate the analysis, 

more conservative suppression strategies may be acceptable, provided that the 

discarded interval does not overlap with the features being measured.[20;61] 

Beyond task requirements, deployment context further constrains which suppression 

strategies are suitable. In in-hospital monitoring, interpretability, reproducibility, and 

compatibility with clinical workflows may be more important than maximal artifact 

recovery. In long term home or wearable recordings, robustness to changing 

impedance, movement, environmental noise, and cross-session drift become central. In 

fully implantable closed-loop systems, artifact suppression is not only a post-processing 

problem but also a front-end hardware and system-design constraint, involving 

amplifier recovery, common-mode and differential-mode artifact rejection, power 

consumption, memory use, and real-time latency. [56;58;65;66] These setting-specific 

constraints are summarized in Figure 3, which links stimulation-recording configuration, 

deployment context, and early-window interpretation requirements to appropriate 

suppression and reporting choices. 

4.4 Audit and claim boundaries for early-window interpretation 

When early-response latency, early-response amplitude, or perturbational effective 

connectivity is interpreted from the first milliseconds after stimulation, artifact handling 

should be reported as an auditable interface rather than an implementation detail, 

because early-window fidelity is a prerequisite for interpretation rather than an optional 

supplementary consideration.[20] This requirement is particularly important for analyses 



of early SPES-evoked responses in the 0-20 ms post-stimulation window, where the 

measured response is closest to the stimulation artifact and is most sensitive to 

blanking, interpolation, filtering, and saturation recovery. Stimulation artifact amplitude 

itself can carry distance-dependent information and may contribute to measured early-

response amplitude through volume conduction. [67] Accordingly, studies that interpret 

this early window should report artifact-handling choices at a level sufficient to judge 

whether the measured signal remains physiologically interpretable; method-specific 

reporting elements are summarized in Table 7. This reporting requirement is reinforced 

by recent CCEP methodology studies showing that preprocessing choices and 

stimulation-artifact handling vary across studies and can materially affect CCEP 

quantification.[21;68] 

If early-window recovery is not demonstrated, or if the analyzed interval is structurally 

removed or heavily reconstructed, then strong claims about early-response biomarkers 

or perturbational effective connectivity should be qualified explicitly. Under those 

conditions, it is more defensible to restrict interpretation to later components or to 

frame the findings as protocol-conditioned response patterns rather than reliable 

evidence of early-pathway connectivity. More generally, reporting should make clear 

which aspects of the reported signal depend on online-compatible preprocessing and 

which depend on offline reconstruction or benchmarking-only procedures, so that the 

evidential boundary of the findings remains explicit. 

5 Epileptic Event Characterization and Evoked Responses 

Spontaneous epileptic activity and stimulation-evoked responses form the principal 

electrophysiological sensing signals for downstream epilepsy related inference and 

intervention. These signals are not interchangeable. Spontaneous events index intrinsic 

excitability and pathological dynamics and provide time-stamped or state-like 

information for monitoring, triggering, and risk estimation. By contrast, stimulation-

evoked responses probe tissue and network reactivity under controlled perturbation 

and provide structured summaries that can inform mapping, programming, and 

downstream control. The key issue at this stage is not simply whether a signal can be 



detected offline, but whether it can be extracted with sufficient reliability, temporal 

fidelity, and calibration to support downstream decisions under chronic non-

stationarity. 

We first consider spontaneous epileptic events, including IED detection, seizure 

detection, and seizure prediction, which place different demands on timing, 

representation, and validation-level evaluation (Table 8). We then turn to stimulation-

evoked neural responses, with a primary focus on SPES and its use in epilepsy related 

sensing and inference. 

5.1 Spontaneous epileptic events 

Spontaneous epileptic activity comprises multiple abnormal phenomena. Here, we focus 

on IED detection, seizure detection, and seizure prediction, because these represent 

three principal sensing tasks with distinct outputs, time scales, and evidential 

requirements. IED detection is an event-timing problem at the millisecond scale; seizure 

detection is a state-transition problem on multi-second horizons; seizure prediction is a 

long-horizon risk estimation problem operating over hours to days. 

5.1.1 Task structure and methodological constraints 

IED detection is constrained by morphological heterogeneity, low SNR in scEEG, inter-

rater disagreement, and cross-site or cross-device shift. [69] Concurrent scalp-intracranial 

recordings further show that some intracranial IED signatures remain only partially 

observable on scEEG, emphasizing that detectability is limited not only by model 

capacity but also by acquisition geometry.[13] 

Seizure detection operates on longer time scales and must remain reliable under 

behavioral variability, changing vigilance state, and months-long non-stationarity. [70;71] 

Seizure prediction extends the problem further, aiming to estimate future seizure 

likelihood over minutes to days under extreme class imbalance, long term drift, and 

inconsistent definitions of the pre-ictal state.[72–78] Ultra-long-term ambulatory and 

subcutaneous EEG studies make clear that these constraints are fundamental rather 

than incidental: forecasting must operate under sparse seizure occurrence, incomplete 

reporting, and months-to-years of biological and technical variation.[79–81] 



Across these tasks, method families include rule- or morphology-based detectors and 

template-matching approaches that remain especially relevant to IED detection, 

conventional feature-based and machine learning pipelines widely used in seizure 

detection and forecasting, and increasingly deep learning architectures that exploit 

temporal context and multi-channel structure.[19;82–87] However, the broader 

methodological overlap does not remove the fact that the three tasks differ in output 

structure, time horizon, and deployment burden. Recent patient-specific studies further 

suggest that chronological retraining, concept-drift adaptation, and incremental 

updating are part of the method design space for event-sensing models, especially when 

signals and background states change over time. [71;77;78] 

5.1.2 Evaluation and deployment implications 

For IED detection, the relevant output is a time-stamped event, so low latency and 

onset jitter matter more than retrospective discrimination alone, with task-specific 

reporting expectations summarized in Table 8. In long continuous recordings, the main 

burden is the false positive rate during long continuous recordings, because clinician 

review scales directly with false alarm frequency. Accordingly, the most relevant 

evidence comes from long continuous streams interpreted at an explicit validation level, 

as summarized in Table 4. 

For seizure detection, the central trade-off is detection latency versus false alarms over 

long continuous streams. The main operational challenge is maintaining that trade-off 

as background state, medication, vigilance, and signal characteristics change over time. 

Continuous stream evaluation should therefore be interpreted using the validation 

levels summarized in Table 4 rather than relying on strong performance on isolated 

segments. For seizure detection in long term use, incremental-learning approaches are 

relevant because patient-specific updating can address distribution shift, while replay-

based mechanisms aim to preserve rare seizure related patterns and reduce 

catastrophic forgetting during continual model updates.[71] Ultra-long-term 

subcutaneous EEG further illustrates this review burden: automated seizure detection is 

needed to make months-long recordings clinically reviewable, but recent deep learning 



evidence remains based on retrospective offline validation, so latency, real-time 

feasibility, and prospective clinical impact still require separate evaluation. [88] 

For seizure prediction, the relevant output is not a discrete event but a risk estimate or 

warning state. Therefore, its evaluation should be aligned with the validation-level 

requirements summarized in Table 4, together with the task-specific framework in Table 

8. Circadian and multidien structure may provide one relatively stable basis for 

probabilistic risk estimation in long term settings, making risk forecasting more clinically 

plausible than brittle binary prediction. [25;43;74;89–93] Chronic ambulatory iEEG has also 

supported more specific individualized risk tasks, including seizure-cluster and next-

seizure prediction, although retrospective cross-validation limits such evidence to 

methodological support rather than prospective validation.[94] Prospective mobile and 

wearable forecasting based on cycles in seizure occurrence and heart rate provides one 

of the few non-invasive examples evaluated on blinded future data, whereas seizure-

day risk forecasting from sleep features measured with a smart shirt represents a more 

controlled route within an epilepsy monitoring unit (EMU), approximating prospective 

wearable evaluation. [93;95] The principal methodological risk is overestimating 

prospective utility from retrospective structure, particularly when temporal leakage, 

post-hoc pre-ictal windows, unstable definitions of seizure risk, or weak operating-point 

calibration inflate apparent predictability. [9;10;76;90;96] Accordingly, the corresponding 

evidential standard follows the prospective- and quasi-prospective validation 

requirements summarized above.[97;98] 

Taken together, task-specific reporting should be interpreted through Table 8 and the 

validation levels in Table 4, which distinguish task outputs from validation-level 

requirements. Without this mapping, favorable retrospective metrics remain difficult to 

interpret and weakly comparable across studies. 

5.2 SPES-evoked neural responses 

Among paradigms used to study stimulation-evoked responses in epilepsy, SPES is one 

of the most established frameworks for probing tissue and network reactivity under 

controlled perturbation. SPES-evoked responses broadly refer to neural activity elicited 



by single-pulse electrical stimulation across intracranial stimulation and recording sites. 

CCEPs are a more specific subset in which stimulation and response sites are interpreted 

as cortico-cortical interactions for effective-connectivity mapping. Within SPES-evoked 

responses, early responses (ERs) and delayed responses (DRs) denote shorter- and 

longer-latency response classes, respectively. ERs generally refer to earlier, relatively 

fixed-latency components often associated with more direct pathways, whereas DRs 

refer to later and more variable responses that may reflect broader network 

reverberation and can resemble spontaneous IED-like activity in epileptogenic tissue.[99–

101] However, in practice, the ER/DR distinction is not always clear-cut, so conservative 

operational definitions are important when SPES-evoked responses are quantified or 

compared across studies. SPES-evoked responses can be used to probe functional 

organization, epileptogenicity, and directed network effects. [102–106] A prospective study 

has linked abnormal SPES-evoked responses to epileptogenic or structurally abnormal 

cortex and, in some settings, to postsurgical outcome, with similar localization value 

reported in a pediatric cohort.[107;108] 

When SPES-evoked responses are used to support neuromodulation decisions, they 

must be represented robustly enough to support component classification, mapping, 

and downstream connectivity analysis. Time-domain summaries, including peak 

amplitude, peak-to-peak measures, latency, and area under the response curve, remain 

the most widely used representations and support constructions of stimulus-response 

matrices for mapping. [102;103;106] More structured representations have also been 

proposed. Basis profile curves and canonical response parameterization, for example, 

aim to capture response shape using combinations of canonical waveform components. 
[109;110] Transfer-function and response-shape approaches extend this further when 

evoked responses are used to construct downstream network objects.[111;112] Because 

SPES parameters themselves modulate morphology and recruitment, cross-session 

comparison is strongest when response summaries are interpreted together with 

protocol-aware normalization or explicit stimulation metadata. [113] These summaries 

are most defensible when latency, amplitude, and response shape remain stable enough 



for the intended use, especially when they are used to distinguish ERs from DRs within 

SPES-evoked responses or to construct downstream connectivity measures. Machine 

learning approaches may support localization, response typing, and automated 

response detection or standardization.[112;114–117] However, they do not remove the 

requirement that the analyzed response window itself be sufficiently reliable for 

interpretation. 

6 Connectivity Analysis and Networks of Epilepsy 

Epilepsy is increasingly treated as a network disorder. In this view, stimulation acts on 

nodes and pathways, while sensing and intervention depend on how activity propagates 

through patient-specific networks. This makes connectivity clinically important in 

epilepsy related inference and intervention. However, connectivity estimates remain 

especially vulnerable to misinterpretation because of spatial mixing and zero-lag 

confounds, dependence on preprocessing and referencing choices, and non-stationarity 

across vigilance, sleep, periictal state, and longer term drift. These constraints place 

strong limits on how connectivity measures can be interpreted and used. 

We first distinguish structural connectivity (SC), functional connectivity (FC), and 

effective connectivity (EC), and define their interpretive boundaries. We then consider 

graph representations and dynamic network summaries, before turning to connectivity-

informed target selection, stimulation programming, and the role of EC in decision 

support (Table 9). 

6.1 Structural, functional, and effective connectivity; interpretability and robustness 

boundaries 

SC, FC, and EC answer different questions and are not interchangeable. SC provides 

anatomical constraints on which interactions are plausible, but it does not by itself 

specify when, how strongly, or in which direction those interactions will be expressed. 

FC describes statistical dependence, such as correlation, coherence, or phase synchrony, 

without requiring an explicit causal or biophysical model. EC attempts to characterize 

directed influence under explicit perturbational or modeling assumptions. [118] 



One important boundary on interpretability in epilepsy is state dependence. Vigilance, 

sleep stage, medication, and peri-ictal dynamics can alter coupling strength, 

directionality, and apparent topology even when anatomy is unchanged. [119] SC 

constrains propagation and stimulation spread, but it does not directly validate FC or EC, 

because expressed dynamics depend on synaptic gain, neuromodulatory state, and 

pathological synchronization. [120] Anatomical plausibility is an important constraint, but 

not a ground-truth oracle for electrophysiological connectivity. [119;120] 

A further boundary is methodological rather than biological. Zero-lag correlations may 

arise from volume conduction or source leakage rather than true interaction. These 

failure modes vary systematically across estimator families. Correlation and coherence 

are sensitive to common-reference contamination, volume conduction, SNR differences, 

and shared or unobserved input, and can therefore reflect spurious coupling rather than 

direct interaction. Phase-synchrony measures such as the phase-locking value reduce 

amplitude dependence but remain vulnerable to common-reference effects, volume 

conduction, noise, and sample-size bias. Imaginary coherence, the phase lag index, and 

the weighted phase lag index reduce zero-lag confounds, but their conservative design 

can miss genuine interactions with near-zero phase delay or interactions not proximal to 

the sampled sensors. Directed measures such as Granger-causality-based approaches 

and transfer entropy add further dependencies on model assumptions, model order or 

estimator choice, SNR, data quality, and unobserved common inputs; therefore, inferred 

directionality should be interpreted as model-conditioned evidence rather than direct 

causal proof. Graph-theoretic summaries inherit the assumptions of the upstream 

connectivity estimator and add sensitivity to node definition, parcellation, thresholding, 

network density, and spatial sampling; therefore, node centrality and hub rankings 

should be treated as pipeline-dependent outputs rather than intrinsic network 

properties.[15;121–126] 

Source-space analysis does not eliminate this problem. Instead, it relocates it to inverse 

modeling and leakage correction, both of which can materially alter topology and 

reliability.[16] Referencing adds a further layer of sensitivity. Common-average, bipolar, 



and Laplacian montages can change edge weights, graph structure, and apparent hubs. 
[127] This sensitivity is not only theoretical. In a large-scale iEEG study involving 125 

patients and 48 preprocessing pipelines, rereferencing and connectivity choices 

substantially altered functional network estimates, robustness to incomplete spatial 

sampling, and susceptibility to spurious correlations, and different pipelines varied 

markedly in their ability to lateralize the clinically defined seizure-onset hemisphere in 

temporal lobe epilepsy. [126] In iEEG, these issues are compounded by limited coverage 

and sampling geometry. Incomplete coverage can introduce missing-node bias, while 

dense sampling of clinically suspected regions can create apparent hubs that partly 

reflect implantation strategy rather than true network centrality. Transparent reporting 

of coverage, distance-control analyses, and montage robustness is particularly 

important. 

When connectivity estimates are used to support neuromodulation decisions, they 

should demonstrate robustness to plausible referencing schemes, leakage-control 

choices, thresholding or graph-density variation, and physiological state. These 

requirements differ across recording modalities. Scalp EEG provides non-invasive and 

relatively broad coverage, but network estimates remain limited by volume conduction, 

source mixing, inverse-model dependence, and lower effective spatial specificity than 

intracranial recordings. [15;121;122] Accordingly, scalp EEG networks are most appropriate 

for offline or slow-timescale monitoring and hypothesis generation. By contrast, iEEG 

provides higher local SNR and spatial specificity, but its sparse, hypothesis-driven 

coverage and reference sensitivity make inferred topology conditional on implantation 

geometry and preprocessing choices. Electrode density can further alter the clinically 

inferred seizure onset zone (SOZ) extent and inter-rater agreement, so coverage and 

density should be reported when iEEG network summaries are used for patient-specific 

mapping, candidate contact prioritization, or periodic programming review. [128] 

6.2 Graph representations and dynamic network summaries 

These coverage and preprocessing constraints carry over to the graph and dynamic 

summaries considered next. Graph analysis converts a connectivity matrix into a 



network representation in which brain regions or parcels are treated as nodes, and 

estimated structural or functional interactions are treated as edges. [129] This 

representation allows the same connectivity data to be summarized at multiple levels: 

nodal centrality quantifies how central or relevant a region is within the network, 

modular structure describes how strongly subnetworks are segregated, and global 

measures such as path length characterize overall communication efficiency across the 

graph.[129] In epilepsy, this framing is particularly useful because hub regions, identified 

as highly central nodes and sometimes organized as densely interconnected rich-club 

structures, have been implicated in seizure spread, cognitive dysfunction, and 

postsurgical seizure outcome.[129;130] 

Given the estimator- and pipeline-dependence established above, graph measures 

inherit further sensitivity to node definition, parcellation, thresholding, and graph-

density choices.[124;125] Their clinical value is strongest when they are tied to specific 

decision problems, such as ranking candidate seizure-onset regions or predicting 

whether resection of highly connected nodes is associated with outcome. [131;132] For 

example, the connectivity epileptogenicity index provides a ranked estimate of 

candidate seizure-onset regions from SEEG recordings, with better agreement with 

visually defined SOZ than the original epileptogenicity index for slow-onset seizure 

patterns. [131] CCEP-based directed graphs may also support localization hypotheses, but 

their interpretation remains dependent on stimulation protocol, parcellation, sampling 

coverage, and preprocessing choices. [112;126] 

A further limitation is that many graph summaries are derived from connectivity 

estimates that are averaged over time or interpreted as if they reflected a relatively 

stable network configuration. In practice, statistical coupling can vary with vigilance 

state, peri-ictal context, antiepileptic-drug tapering or other treatment related effects, 

and longer seizure-risk cycles.[119;133] Dynamic FC methods address this limitation by 

asking whether a fixed set of nodes passes through recurrent connectivity or activity 

states over time, and by quantifying how long these states persist and how often 

transitions occur. [134;135] Within a single recording session, sliding-window clustering and 



hidden Markov models (HMMs) have been used to identify such states and describe 

them using summaries such as dwell time, fractional occupancy, and transition 

probability. [134;135] At a slower monitoring scale, daily vigilance-controlled iEEG 

connectivity has been used to distinguish interictal from preictal days and generate 

patient-specific probabilistic seizure-risk forecasts. [133] These dynamic summaries can 

reveal how network patterns vary over time. For clinical use, the key question is 

whether the identified states are reproducible in independent recordings or prospective 

data, can be linked to plausible physiological variation rather than analysis choices, and 

are described with enough methodological detail to allow replication. 

6.3 Connectivity-guided targeting, programming, and EC evidence integration 

Network-guided neuromodulation reframes targeting as the attempt to steer 

pathological dynamics through patient-specific connectivity structure. [136;137] In practice, 

this requires combining complementary connectivity classes: structural connectivity 

provides feasibility and safety constraints on which pathways are anatomically plausible; 

electrophysiological FC characterizes statistical coupling and its variation across vigilance 

and peri-ictal states; and EC, whether estimated from controlled perturbations or 

spontaneous propagation patterns, can add directional information that undirected 

association alone cannot provide. [38;118;138] Within the directionality boundary defined 

above, connectivity-guided target selection is most defensible when passive directional 

estimates are integrated with structural and perturbational evidence in a patient-

specific decision framework. 

Focal RNS programming illustrates this patient-specific principle in a clinical setting. For 

pathway engagement, patient-specific volume of tissue activated (VTA)-based 

tractography in mesial temporal RNS remained associated with seizure reduction after 

cross-validation, whereas normative healthy-subject connectivity did not. [139] For 

contact-level network evidence, larger early latency in-degree CCEP responses near 

eventual RNS contacts were associated with greater seizure reduction after RNS 

therapy. [140] This implication extends beyond RNS. Group-average or normative 

networks remain useful for hypothesis generation and syndrome-level context, but 



programming-facing conclusions should be checked against within-patient evidence 

whenever possible. [140–143] 

Within this patient-specific framework, programming decisions can draw on two 

complementary sources of directional connectivity evidence. Perturbational 

connectivity, including CCEP-derived connectivity, provides protocol-conditioned 

directional evidence from controlled stimulation rather than passive covariance, but its 

interpretation remains dependent on stimulation protocol, latency window, response 

definition, and sampling coverage. [38] TMS paired with iEEG provides a complementary 

perturbational mapping route, allowing non-invasive stimulation to be paired with 

intracranial recordings to characterize local and distributed evoked responses. At 

present, this evidence mainly supports mechanistic probing, connectivity mapping, and 

target-engagement validation, but it does not yet establish an epilepsy-specific role in 

stimulation programming or outcome-validated target selection. [144] Propagation-

derived EC can add information about recruitment structure during interictal spike 

propagation; in source-space iEEG, information flow from spike onset to spread regions 

and resection of the spike-onset zone were associated with surgical outcome.[138] This 

route remains conditional on spike detection, source reconstruction, spatial sampling, 

and directionality-estimator assumptions. Together, these limitations make 

convergence across perturbational, propagation-derived, and structural evidence more 

informative for programming decisions than any single network label. 

Across these evidence routes, the main deployment limitation is temporal: estimating a 

full connectivity matrix is generally poorly suited to millisecond-scale closed-loop 

stimulation unless causal relevance, low-latency feasibility, and chronic robustness are 

explicitly demonstrated. For programming-facing use, connectivity evidence is strongest 

when integrated with anatomical constraints, perturbational or propagation-based 

evidence, longitudinal stability, and validation against clinically meaningful outcomes. 

7 Brain Modeling and Cross-Modal Transformations 

Brain modeling complements connectivity analysis by formalizing how epileptic 

dynamics emerge, propagate, and may be influenced under explicit dynamical 



assumptions. However, the practical question at this stage is not biological realism 

alone, but whether a model yields variables or summaries that can support localization, 

monitoring, planning, or constrained control under clinical and device constraints. 
[145;146] Evaluation should instead focus on issues that determine real use: what is 

observed, which parameters can be identified from routine data, how much calibration 

is required, how outputs behave under drift, and what kinds of failure would mislead 

downstream decisions. For brain models, this assessment also requires making explicit 

the plausible deployment scenario, real-time or near-real-time feasibility, patient-

specific fitting burden, and integration burden within clinical or device workflows.[145;146] 

We first consider models that can yield bounded state representations for monitoring 

and policy design, then planning-oriented models that can support target ranking or 

scenario exploration without serving as routine online control variables, and finally 

transformations between measurement spaces whose translational role remains 

narrower. Table 10 organizes these model families into the same three deployment 

roles used in the text: monitoring and control-design representations, planning-oriented 

mechanistic and virtual models, and mapping or cross-modal transformation tools. 

7.1 State representations for monitoring and policy design 

The most clinically usable applications arise when models produce bounded state 

representations that can be estimated repeatedly, checked against data, and updated as 

conditions change. 

Latent-state models represent epileptic activity as transitions between hidden regimes 

and yield probabilistic state estimates that can support monitoring, triggering, and risk 

estimation. A seminal example cast seizure prediction within a stochastic three-state 

hidden Markov model comprising interictal, preictal, and ictal regimes, and later 

implementations combined hidden Markov models with time-frequency features for 

EEG-based detection and prediction.[147;148] Continuous state-space models provide a 

related alternative by tracking latent variables over time rather than restricting the 

system to discrete states. Heavy-tailed observation models can improve robustness to 

non-Gaussian artifacts, and recent work has used state-space model identification to 



represent EEG epochs with compact dynamical parameters for automated seizure 

detection. [149;150] 

For monitoring and detection, the practical appeal of latent-state and state-space 

representations is that they reduce EEG observations or detector outputs to a small 

number of discrete states, continuous state values, or compact dynamical parameters 

that can be mapped onto Viterbi decoding, thresholding, classifier decisions, or alarm 

logic. [147–150] However, practical use depends on whether these state definitions remain 

interpretable and stable over time. The main risks are non-stationarity and concept drift 

across recording conditions, the need for retraining or recalibration as patient-specific 

state dynamics change, and limited robustness outside the monitoring conditions in 

which the models were calibrated. [78] 

A related use of bounded representations is not only to monitor state transitions, but 

also to simplify the dynamics sufficiently for controller design and stimulation-policy 

testing. Low-dimensional surrogate models aim to preserve dominant epileptic 

dynamics while remaining simple enough for stability analysis and controller design. 

Such models have been used to illustrate how feedback may suppress pathological 

oscillations or steer trajectories away from seizure-prone regimes.[151;152] Data-driven 

reduced dynamics derived from intracranial recordings have similarly been proposed to 

support constrained stimulation design. [153] 

For control design, these models are best viewed as abstractions. Their value lies in 

exposing simplified state variables, feedback laws, or locally fitted dynamical 

descriptions that can be analyzed for stability and tested in simulation without requiring 

a full patient-specific mechanistic reconstruction. The limiting issue is transfer; model 

mismatch, unobserved state changes, sparse iEEG sampling, and sensing- or stimulation-

induced changes can all invalidate the fitted operating regime. Therefore, evidence that 

a surrogate supports controller design or proof-of-principle stimulation should be 

distinguished from evidence for autonomous chronic clinical control.[151–153] 



7.2 Planning-oriented models rather than routine control objects 

Greater biological detail does not imply greater clinical readiness. In this section, 

detailed models are evaluated primarily as planning tools unless they produce 

repeatedly observable, identifiable, and updatable variables for routine closed-loop use. 
[145;146] 

7.2.1 Mechanistic seizure models 

Mechanistic seizure models seek to explain seizure onset, propagation, and termination 

as dynamical transitions in slow-fast systems, often linked to bifurcation structure. [154] 

The Epileptor family has become a canonical example, providing a flexible seizure-

generating formalism across multiple dynamical regimes. [155;156] Neural-mass 

frameworks such as the Wendling family provide a complementary line of mechanistic 

modeling, linking epileptiform patterns more directly to mesoscopic excitatory-

inhibitory circuit dynamics and recorded EEG or SEEG features.[157] For intervention, 

these models are appealing because they introduce explicit latent quantities, such as 

excitability or slow adaptation variables that govern transitions between normal and 

ictal states, suggesting which aspects of the system an intervention would need to alter. 

Recent work has also begun to use simulation-based inference and related Bayesian 

procedures to fit mechanistic or virtual-brain models more directly to empirical data 

rather than relying on forward simulation alone. [158] 

However, these latent quantities are not directly observed and are not uniquely 

constrained by routine clinical recordings. Better inference does not remove 

dependence on priors, model class, source-to-sensor mapping, and the completeness of 

SEEG sampling. The key translational issue is identifiability rather than mechanistic 

detail alone; fitted parameters or inferred epileptogenic-zone network (EZN) hypotheses 

should be reported with sensitivity analyses, posterior uncertainty, and explicit 

assumptions about the observation model. Computational cost remains relevant, 

because patient-specific model inversion commonly relies on repeated simulation, 

optimization, or posterior sampling, but the larger concern is whether the inferred 



latent variables are sufficiently constrained to guide a patient-specific 

decision.[145;146;158;159] 

7.2.2 Network ictogenicity and virtual resection 

Ictogenicity extends mechanistic reasoning from individual generators to networks by 

quantifying a configuration's propensity to generate seizures. Virtual resection studies 

use patient-specific networks to simulate the removal of nodes, regions, or connections 

and thereby estimate their modeled effect on network ictogenicity, synchronizability, or 

seizure propagation.[160;161] This makes them attractive for presurgical scenario testing 

and for prioritizing model-identified regions or connections that warrant closer clinical 

evaluation. Their validity depends on the network representation used to construct the 

model, whether structural or functional, the spatial coverage of the recorded or 

reconstructed network, and the dynamical assumptions used to define seizure 

propagation, synchronizability, or node ictogenicity. The implementation burden also 

differs across variants. Structural-network approaches require imaging-derived 

connectomes aligned to patient-specific anatomy; intracranial functional-network 

approaches depend on electrode localization, preprocessing, and annotated iEEG or 

ECoG recordings; and full virtual-brain workflows add measurement mapping, 

epileptogenic-zone priors, and patient-specific parameter inference. [145;146;160–162] 

7.2.3 Personalized virtual-brain frameworks 

Personalized virtual-brain frameworks extend network-level ictogenicity and virtual-

resection logic by combining patient-specific anatomy, connectivity, dynamics, and 

measurement mappings into a single in-silico environment. [159;163] Existing syntheses 

emphasize their potential for diagnosis, surgery planning, and stimulation strategy 

design. [145;164] The Virtual Epileptic Patient framework is among the most prominent 

examples, embedding epileptic dynamics within individual structural networks and 

fitting parameters to reproduce seizure spread.[146;165] A recent stimulation-specific 

extension of this framework used high-resolution virtual brain twins to model SEEG and 

temporal-interference stimulation, estimate epileptogenic-zone networks from 

stimulation-induced seizures, and integrate SEEG and scEEG through source-to-sensor 



mappings and Bayesian inversion. [166] A recent cohort-level study illustrates this 

benchmarking role: Dollomaja et al. generated thirty virtualized drug-resistant epilepsy 

patients from multimodal patient-specific imaging and SEEG recordings, with 

individualized epileptogenic-zone hypotheses and model parameters serving as 

synthetic ground truth for evaluating epileptogenic-zone estimation and source-

localization methods rather than as clinical outcome validation. [159] 

Nevertheless, even when fitted to empirical clinical recordings, these frameworks face 

uncertainty that accumulates across the modeling pipeline. Across imaging, connectivity 

estimation, source-to-sensor mapping, and parameter inversion, each step introduces 

its own uncertainty, and these uncertainties can propagate into the final simulated 

seizure spread, stimulation response, or epileptogenic-zone hypothesis. Different 

parameter configurations or epileptogenic-zone hypotheses may also reproduce similar 

SEEG patterns, requiring explicit treatment of posterior uncertainty and degeneracy. 

The translational value of personalized virtual-brain frameworks depends on whether 

EZN hypotheses, virtual-surgery scenarios, or stimulation strategies change patient-

specific planning beyond existing clinical evidence and whether that added value is 

confirmed in prospective patient-specific validation.[145;146;158–160;166] 

7.3 Transformations between measurement spaces 

Transformations between measurement spaces matter because localization, planning, 

and intervention are often expressed in anatomical or source level terms, whereas 

sensing is performed at the sensor level.[146;167;168] Their value should therefore be 

judged not only by anatomical plausibility, but also by whether they improve decision-

relevant inference under realistic uncertainty.[145;146] 

Electrical source imaging (ESI) can add prospective diagnostic value in presurgical 

evaluation, including in magnetic resonance imaging (MRI)-negative epilepsy. [167;169;170] 

Its usefulness lies in expressing event related information at a more anatomically 

interpretable level than scalp topography alone. However, ESI remains highly sensitive 

to head-model assumptions, preprocessing choices, inverse regularization, and event 

selection. For clinical translation, the question is whether the reconstruction improves 



localization or planning decisions beyond sensor-space analysis and does so 

reproducibly. Its value lies in supporting localization and mapping under explicit 

uncertainty. 

This validation problem becomes more demanding when the transformation crosses 

modalities or recording scales, because empirical ground truth is harder to establish and 

domain shift becomes a central deployment risk. More recent approaches attempt to 

align or translate information across modalities, either by integrating multiple 

biomarkers into a unified source-space representation or by learning generative 

mappings between scalp and intracranial activity.[14;168] Related approaches include 

distributed spatial filtering for intracranial arrays.[171] These directions are conceptually 

attractive because they aim to narrow the gap between what is sensed and what is 

required for intervention planning. However, cross-modal transformations remain 

exploratory unless they can be shown to improve downstream localization, target 

ranking, or policy design under realistic acquisition limits. Concurrent scalp-intracranial 

recordings provide one empirical route for testing whether sensor-level signatures 

correspond reproducibly to intracranial events in real recordings. [13] 

8 Closed-Loop Neuromodulation and Online Adaptation 

Closed-loop neuromodulation is the stage at which representation is translated into 

action. Sensed events, estimated risk states, network constraints, and model-derived 

summaries become relevant here only insofar as they can be mapped to stimulation 

decisions under explicit safety and device limits. Closed-loop systems are not simply 

detectors followed by stimulators. They are constrained feedback architectures that 

must decide when, where, and how stimulation is delivered under partial observability, 

chronic non-stationarity, limited computation and power, and clinician oversight. From a 

translational perspective, the central question is whether the resulting decision logic 

remains safe, interpretable, and governable during long term operation. 

We first consider control variables and action design across reactive, risk-conditioned, 

and state-dependent paradigms, then examine epilepsy-specific adaptation from 

clinician-governed programming to computational policy-learning frameworks, before 



turning to the safety envelopes and practical clinical boundaries that define whether a 

policy can be regarded as clinically governable (Table 11). 

8.1 Control variables and action bounds 

Closed-loop paradigms differ less by algorithmic label than by which variable is used for 

control and which part of the action space is allowed to adapt. Reactive systems use 

detected abnormal activity as the control variable and typically adapt timing within a 

tightly bounded stimulation program. Risk-conditioned approaches instead use slower 

estimates of seizure likelihood or contextual covariates to influence scheduling or 

operating mode. More elaborate frameworks may incorporate latent states or network-

derived constraints to guide contact selection, parameter choice, or mode switching. 

Framed this way, reactive, predictive, and adaptive systems are not separate literatures 

so much as different policy designs acting on different state summaries. The practical 

issue is not only how neural activity is represented, but how those representations are 

operationalized into auditable and reproducible decision rules within clinician-facing 

workflows. [6;172] Clinical experience across epilepsy stimulation targets and patient 

groups similarly reinforces that long term outcomes depend on candidate selection and 

longitudinal calibration rather than stimulation delivery alone. [173–175] 

RNS operationalized the canonical sensing-detection-stimulation loop for focal epilepsy 

as a reactive policy in which detected abnormal activity triggers tightly bounded 

stimulation bursts.[22] Long term follow-up shows that benefit can be durable over years, 

while also indicating that clinical optimization depends on longitudinal calibration and 

iterative programming rather than a fixed stimulation protocol. [23;176;177] Heterogeneity 

across patients and substrates, including mesial temporal lobe epilepsy, further 

reinforces that calibration and conservative operating points are part of deployment, 

not post-hoc programming details.[23;177;178] Recent SEEG-guided neocortical RNS data 

further suggest that implantation geometry is clinically relevant but insufficient to fully 

explain chronic response: proximity between the SEEG-defined focus and RNS depth 

leads predicted one-year response only among strong responders and did not remain 

significant at longer term follow-up, possibly reflecting contributions from network-level 



adaptation over time. [179] Thalamic RNS is also emerging beyond conventional focal 

indications: retrospective pediatric and young-adult experience with centromedian or 

anterior thalamic leads suggests possible benefit in multifocal or regional-onset 

epilepsy, although the evidence remains small and caregiver-reported. [180] The 

NAUTILUS trial provides randomized sham-controlled evidence for responsive 

centromedian thalamic stimulation in drug-resistant idiopathic generalized epilepsy. Its 

prespecified endpoint based on time to the second generalized tonic-clonic seizure was 

not significant, but longer term and post-hoc analyses suggest clinically meaningful 

benefit with an acceptable safety profile.[181] 

Deep brain stimulation of the anterior nucleus of the thalamus (ANT-DBS) provides a 

complementary reference because seizure reduction can arise through modulation of 

distributed networks rather than focal event suppression alone. [182] Long term registry 

and multicenter follow-up data further support ANT-DBS as a chronic clinical 

neuromodulation strategy, while indicating that response is shaped by epilepsy 

phenotype, prior surgical history, seizure severity, and programmable stimulation 

context rather than by target selection alone.[183;184] This widens the action space from 

immediate triggering toward scheduling, parameter selection, and clinician-guided 

mode changes. This action-space perspective is not specific to thalamic DBS. 

Comparative reviews across VNS, DBS, and RNS suggest that differences in targets and 

stimulation paradigms mainly change the available routes for personalization and 

adaptation, rather than defining wholly separate control principles. [185] Contemporary 

VNS registry evidence in Lennox-Gastaut syndrome shows sustained seizure reductions 

over 24 months with a low rate of treatment related adverse events, while also 

indicating that real-world benefit should be interpreted alongside dose escalation during 

follow-up and differences in response across seizure types rather than as the effect of a 

single fixed device setting.[186] However, in clinical devices, personalization is 

implemented by adjusting a limited set of programmable parameters rather than by 

allowing unrestricted control actions.[11;187] Representative stimulation parameters for 

RNS, VNS, and ANT-DBS are summarized in Table 12. 



The key design question is whether the control variable is stable enough to govern an 

action safely over time. Event-triggered policies remain the most mature because their 

action space is narrow and their operational logic is explicit. As policies move toward 

risk conditioning, network-informed constraints, or state-dependent mode switching, 

the burden shifts toward calibration, monitoring, and governance rather than toward 

estimator sophistication alone.[11;17;188] Recent exploratory work on stimulating ictal fast-

ripple hubs makes this trade-off concrete: fast-ripple-hub stimulation was associated 

with reduced seizure occurrence over a short inpatient post-stimulation window, and 

the same study reported a lower probability of stimulation-evoked seizures than 

seizure-onset-zone stimulation under matched stimulation intensities. However, these 

findings remain proof-of-concept, and translating such biomarkers into chronic closed-

loop control would require evidence that the biomarker and derived network target can 

be calibrated, monitored, and remain stable over time. [189] 

8.2 Governed adaptation in epilepsy 

Adaptive neuromodulation generalizes reactive triggering by allowing stimulation 

parameters, operating modes, or control thresholds to vary with estimated neural state. 

Closed-loop adaptation also operates over multiple time scales, including rapid within-

session reactions over milliseconds to seconds, clinician-driven parameter tuning over 

days to weeks, and slower policy updates that redefine states, thresholds, or decision 

rules over weeks to months. Current implanted epilepsy systems mainly operate at the 

first two time scales. 

8.2.1 Clinician-governed parameter adaptation 

In current clinical practice, the most established form of adaptation in epilepsy is not 

autonomous online learning, but clinician-governed adjustment of bounded device 

parameters. In RNS, clinicians iteratively refine detection settings, sensing or stimulation 

pathways, and core stimulation parameters using stored ECoG, device detections, 

patient-reported seizures, clinical response, and tolerability. DBS programming is 

similarly individualized through repeated adjustment of stimulation settings, contact 

configuration, cycling schedule, and side-effect mitigation. This form of adaptation is 



clinically important because epilepsy neuromodulation usually lacks immediate 

observable feedback after a programming change; clinicians therefore optimize a large 

parameter space using delayed and noisy seizure outcomes.[22;23;176;177;187] Recent 

longitudinal ANT-DBS sensing data illustrate how implanted recordings may support 

clinician-governed calibration: in a four-year observational cohort, higher-to-lower 

frequency power ratios in ANT local field potentials helped distinguish responders from 

non-responders and were proposed as candidate indicators for physiology-guided 

programming optimization, while circadian and multidien rhythms were noted as 

possible inputs for future state-dependent strategies; these directions remain to be 

tested prospectively.[190] In generalized epilepsy, preliminary intraoperative RNS data 

from the centromedian nucleus of the thalamus (CM) region, acquired under anesthesia 

from a three-patient cohort, suggest that stronger stimulation-evoked delta responses 

at low-activity CM-adjacent sites, likely involving the internal medullary lamina, may 

warrant further study as a target-refinement signal.[191] 

8.2.2 Retrospective state-dependent evidence 

Exploratory retrospective analyses of chronic RNS data have begun to suggest candidate 

state-dependent timing and parameter-selection principles. Chiang et al. showed that 

the effects of RNS parameters on seizure-risk transitions depend on the current risk 

state, while Anderson et al. reported that a higher proportion of stimulation during low-

risk epochs early in therapy was associated with greater seizure reduction. [192;193] 

Together with evidence that seizures are modulated by circadian and multidien 

rhythms, these findings broaden the closed-loop question from a narrow detect-and-

abort paradigm toward longer-timescale risk-state modulation.[194] However, because 

these studies are retrospective and rely on device-derived summaries or inferred risk 

states, they should be treated as hypothesis-generating rather than as validated 

adaptive stimulation policies. 

8.2.3 Computational and preclinical policy learning 

A separate body of computational and preclinical work has made the policy-

optimization problem more explicit. Batch reinforcement-learning studies have used in 



vitro epileptiform recordings from animal brain-slice preparations to learn adaptive 

stimulation policies from labeled state-action trajectories. Koopman-operator and 

model-predictive-control frameworks have combined real or synthetic EEG prediction 

with seizure-suppression experiments in neural-mass simulation models, whereas 

recent deep reinforcement-learning controllers have been evaluated in computational 

cortico-thalamic seizure models. Because these studies remain grounded in preclinical 

preparations, recorded EEG prediction tasks, or computational seizure models, they are 

best interpreted as algorithmic feasibility evidence rather than as clinically validated 

adaptive neuromodulation policies. [195–198] 

Taken together, these evidence classes suggest that adaptive DBS in Parkinson's disease 

is best treated as an engineering comparator rather than as direct epilepsy evidence, 

illustrating how low-dimensional biomarkers can be mapped to bounded stimulation 

actions under explicit safety, latency, energy, artifact, and calibration constraints. 
[17;188;199] In epilepsy, machine learning is presently most defensible when used for state 

estimation rather than unconstrained policy learning. Robust biomarker estimation, 

latent-state tracking, and bounded mode switching within clinician-defined limits are all 

plausible roles. [11;200;201] By contrast, candidate biomarkers for adaptive DBS in epilepsy 

have not yet matured into sufficiently validated control variables with prospective 

evidence that closed-loop adjustment improves outcomes.[200;201] The common 

implication is a governance boundary. Learning may support a clinician-defined control 

surface, but autonomous policy revision still lacks the prospective stability and safety 

evidence required for epilepsy deployment. 

Accordingly, reinforcement learning and more autonomous adaptive schemes should 

currently be interpreted cautiously. The main barrier is not reward design in isolation, 

but the combination of partial observability, sparse and delayed outcomes, hard safety 

envelopes, a controlled system that itself changes over time, and the requirement for 

clinician supervision. In this setting, the relevant question is whether adaptation can be 

bounded, monitored, and clinically governed. Greater policy flexibility should not be 

assumed to imply greater translational value. The most credible near term direction is 



governed adaptation built around stable state summaries, bounded action spaces, and 

explicit clinician supervision. For closed-loop and adaptive stimulation, the evaluation 

framework (Table 4) treats retrospective benefit or offline risk-state discrimination as 

insufficient without prospective evidence of stability, recalibration burden, clinician 

oversight, and safety related failure modes. 

8.3 Safety envelopes and governance boundaries 

Across stimulation modalities, closed-loop neuromodulation is most coherently 

understood as constrained feedback control of a dynamical system in which stimulation 

is the control input and neural recordings are noisy, partial observations of the 

controlled state. Operationally, partial observability can be bounded by reporting the 

spatial coverage of recording contacts relative to presumed seizure onset and 

propagation sites, the fraction of clinically relevant events captured by the sensing 

montage, and the longitudinal stability and uncertainty of the biomarker-to-state 

mapping. [11;17;179] This framing helps distinguish differences in implementation and 

clinical objective from differences in underlying control principle. The immediate 

translational implication is not that epilepsy stimulation should pursue increasingly 

complex controllers, but that closed-loop policies must make their safety limits, 

stimulation bounds, artifact-handling assumptions, calibration procedures, and clinician-

supervision points explicit.[17;188] 

In practice, closed-loop design is dominated by constraint handling. Stability, 

robustness, safety limits, and tolerance to drift are primary objectives and often 

outweigh theoretical optimality.[202] Conceptual analyses likewise emphasize that 

stimulation effects are network and state-dependent, cautioning against simplistic 

mechanistic narratives and motivating context-aware policies.[203] Experimental 

evidence supports this view: weak but physiologically plausible electric fields can entrain 

ongoing neocortical activity in a manner that depends on the current dynamical regime. 
[204] The implication for control design is practical rather than abstract; policies should 

be built around explicit state-conditional biomarkers, bounded action envelopes, and 

recalibration paths that remain workable under drift. 



A closed-loop policy cannot be considered clinically governable unless its action space is 

bounded, its major signal and stimulation failure modes are explicit, conservative 

behavior is predefined when the feedback signal is unavailable, excessively 

contaminated by artifact, or too uncertain to support reliable triggering, and clinician 

supervision is preserved. End-to-end latency, computational and power budget, 

stimulation-artifact handling, charge-balance, charge-density and stimulation-duration 

or duty-cycle constraints, drift monitoring, and the clinician-facing control surface 

should be treated as part of the policy itself rather than as reporting formalities.[11;17;188] 

For adaptive policies, the same safety envelope should also specify which detection or 

stimulation parameters are eligible for update, the allowed update cadence or triggering 

conditions, and the conditions under which adaptation is suspended or returned to a 

predefined clinician-approved setting. [11;17;188] In practice, these conditions define the 

minimum boundary between a governable clinical system and a research prototype. 

9 Challenges and Future Directions 

Despite progress across sensing, modeling, and control, major unresolved challenges 

remain at the level of long term deployment. The remaining obstacles are not only 

algorithmic, but also methodological and clinical: how trustworthy operating points 

should be defined and maintained, how adaptive policies should be governed over time, 

and what level of evidence is sufficient before technical outputs are allowed to influence 

care. 

9.1 Evaluation, longitudinal robustness, and uncertainty 

A central open challenge is how to define and maintain a trustworthy operating point 

for patients over time. The unresolved issue is not simply whether performance 

degrades under chronic drift, but how such degradation should be detected, measured, 

and acted upon once patient-specific variability, state dependence, and 

chronobiological structure are all present.[205] Current evaluation practice still relies 

heavily on short retrospective settings, so strong offline results often remain a weak 

proxy for false alarm burden, calibration stability, and operational reliability during 

prolonged use. [8] 



This challenge has several practical components. It remains unclear how long term 

systems should detect loss of robustness, decide when recalibration is required, and 

distinguish tolerable variation from clinically important degradation. It is similarly 

unclear which validation designs should be treated as minimally credible for longitudinal 

deployment, particularly when thresholds, prevalence, and background dynamics evolve 

within patients rather than only across cohorts. 

Under these conditions, uncertainty is not a secondary refinement, but part of the 

deployment interface itself. If a system cannot represent when its outputs have become 

unreliable, then apparent continuity of operation may conceal clinically important 

failure. Uncertainty estimation, abstention mechanisms, and patient-level monitoring of 

calibration drift should be incorporated into longitudinal validation rather than treated 

as optional additions. Longer prospective recordings, explicit control of temporal 

leakage, and benchmark designs that test preservation of a trustworthy operating point 

during prolonged use remain key methodological needs.[8] Box 2 summarizes these 

reporting requirements as a clinical deployment evaluation checklist. 

Box 2. Clinical deployment evaluation checklist 

Synthesized from Table 4, this checklist groups reporting metrics by validation level. 

Discrimination: area under the curve (AUC), sensitivity, precision, event-level detection 

rate, and false positives per unit time. 

Temporal: sensitivity at a fixed false-alarm budget, calibration drift, chronological train-

test split, and leakage control. 

Prospective: processing latency, time-in-warning, abstention rate, uncertainty 

calibration, and clinician review burden. 

Chronic: long term degradation curve, recalibration frequency, operating-point stability, 

override rate, safety failure modes, and rollback events. 

 

9.2 Control safety and adaptive governance 

Another challenge is how adaptive closed-loop systems can remain governable as 

conditions change over time. Safety limits how far autonomy can be extended, yet static 



policies may fail as signals, states, and treatment effects evolve. The key question is not 

simply whether adaptation is desirable, but which forms of adaptation can be permitted 

without undermining validation, oversight, and rollback. 

What remains unresolved is how safe adaptation should be demonstrated once policies, 

thresholds, or state definitions are allowed to change during prolonged use, particularly 

under partial observability and changing treatment response. The practical challenge is 

to define governance structures that specify which updates may occur automatically, 

which require clinician approval, how escalation and rollback should be triggered, and 

how failure under drift, signal loss, or conflicting evidence should be handled. The 

immediate methodological need is for prospective protocols for supervised adaptation, 

explicit criteria for escalation and rollback, and validation designs that test controlled 

degradation under clinically realistic failure modes as well as nominal benefit. 

9.3 Clinical integration, evidential sufficiency, and deployment value 

The last challenge is how clinical value should be demonstrated before technical outputs 

are allowed to influence care. Algorithm outputs must reduce burden or improve 

decisions in practice, not merely improve retrospective metrics. However, workflow 

benefit remains defined and measured inconsistently. Effects on review time, 

prioritization, agreement, programming decisions, tolerance of uncertainty, and 

handling of failure are still much less standardized than conventional classification 

endpoints. 

The unresolved issue is not only whether a signal, biomarker, or model output is 

informative, but what level of evidence is sufficient before it can influence clinical 

decision-making. In practice, the field still lacks widely adopted evidential tiers that 

distinguish exploratory markers from decision-support tools, and decision-support tools 

from outputs robust enough for bounded intervention use. These tiers should make 

explicit not only expected benefit, but also uncertainty, operational consequence, and 

acceptable failure. 

Progress will be most convincing when technical gains are tied to clinician-centered 

endpoints and prospective evidence of decision impact. Clearer evidential standards 



should distinguish exploratory outputs from those robust enough to support workflow, 

programming, or bounded intervention use. 

10 Limitations of the review design 

This review has several limitations that should be acknowledged. Although a structured 

literature search was conducted with explicit search strings, inclusion criteria and 

database coverage, the synthesis remains a scoping rather than exhaustive review. The 

scope is further bounded by a focus on algorithmic and signal-processing approaches. 

Hardware-level implementations, including custom integrated circuits, neuromorphic 

chips, and embedded systems designed for on-device EEG processing or stimulation 

delivery, are not covered, even where such implementations are clinically relevant. 

Priority given to clinically and translationally relevant evidence also means that some 

task-specific algorithmic studies and purely offline methodological comparisons are not 

discussed in detail. 

Furthermore, the broader literature on which this review draws reflects the current 

state of the field. Although long term ambulatory and wearable validation studies are 

emerging, studies that simultaneously combine prospective design, multicenter 

recruitment, long term monitoring, and operation outside controlled research settings 

remain uncommon. Most available evidence derives from retrospective datasets, short 

recordings, single-center cohorts, or device-specific implementations, which constrains 

the strength of conclusions that any review of this topic can currently offer regarding 

long term reliability, calibration stability, adaptive control, and clinical integration. 

11 Conclusion 

Read across the sensing-to-control pipeline, a common pattern emerges: deployment 

failures often arise less from a single weak algorithm than from uncertainty that is 

passed forward across stages. Recording modality, spatial and temporal sampling, 

preprocessing choices, artifact handling, event definitions, connectivity estimates, and 

model assumptions each constrain what later stages can validly infer or act upon. The 

central deployment task is to make these handoffs explicit, so that downstream 

programming or closed-loop decisions are not built on unexamined assumptions. 



Building on the validation boundaries outlined above, future studies should prioritize 

prospective, longitudinal, and workflow-aware evaluation under realistic clinical 

conditions. The critical test is whether operating points and uncertainty estimates 

remain stable, and whether the clinical decisions they support remain reliable, when 

methods are evaluated chronologically, in patient-specific contexts, and within the 

clinical workflows in which they are intended to be used. 

For adaptive neuromodulation, the most credible near term path is governed 

adaptation rather than unrestricted autonomy. This requires stable state summaries, 

bounded action spaces, clinician-supervision checkpoints, and auditable criteria for 

escalation to clinician review, rollback to a prior approved setting, or suspension of 

adaptation when signals drift or evidence becomes unreliable. Ultimately, clinically 

durable systems will be judged by whether they remain safe, interpretable, and useful 

over the years-long timescales that matter to patients and clinicians. 
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Tables 1-12 and Supplementary Table S1 
Table 1. Operational four axis framework for comparing neuromodulation pipeline stages. 
Pipeline stage Temporal scale / latency Observability / representation Non-stationarity / drift Deployment role 

Acquisition and datasets Report recording duration, sam-
pling rate, follow-up length, anno-
tation density, and whether data 
support offline, quasi-online, or 
prospective evaluation. 

Report modality, sensor density, ana-
tomical coverage, reference scheme, 
label source, and whether variables are 
sensor-level, source-level, event-level, or 
latent-state representations. 

Report dataset shift, inter-patient heter-
ogeneity, cross-session variability, medi-
cation or sleep-state information, and 
longitudinal changes in recording quality 
or event statistics. 

Defines the upper bound on feasible 
inference, generalization, calibration, 
and clinical claims supported by the 
available data. 

Preprocessing and artifact 
suppression 

Report filter order, passband, 
phase properties, analysis-window 
length, causal versus non-causal 
implementation, and processing 
latency where online use is 
claimed. 

Report how rereferencing, filtering, de-
noising, and artifact rejection alter the 
retained sensor-level signal and whether 
pathological activity may be attenuated 
or distorted. 

Report sensitivity to reference choice, 
stimulation artifacts, impedance chang-
es, movement, muscle activity, sleep 
state, and protocol or hardware varia-
tion. 

Defines the effective observability 
boundary for all downstream sensing, 
modeling, and control-relevant infer-
ence. 

Spontaneous events and 
evoked responses 

Report event duration, detection 
latency, analysis-window length, 
warning horizon, stimulation-
response window, and whether 
inference can be performed causal-
ly. 

Report whether outputs are sensor-level 
events, source-localized events, risk 
states, stimulation-evoked response 
summaries where evoked responses are 
analyzed, or latent variables inferred 
from event structure. 

Report threshold drift, calibration bur-
den, cross-session stability, state de-
pendence, medication effects, and sensi-
tivity to stimulation timing or back-
ground activity. 

Provides monitoring, warning, map-
ping, or control-trigger variables; re-
quires event-level sensitivity together 
with false positives per unit time and 
temporal validation. 

Connectivity analysis Report window length, update 
interval, aggregation timescale, 
computational delay, and whether 
estimates can be updated online or 
only offline. 

Report whether structural, functional, or 
effective connectivity is estimated; speci-
fy node definition, edge estimator, ref-
erence effects, leakage correction, and 
sampling coverage. 

Report state dependence, windowing 
sensitivity, common-source or volume-
conduction effects, missing-node bias, 
and stability across sessions or stimula-
tion conditions. 

Supports mapping, target ranking, 
stratification, or decision support; 
real-time claims require causal esti-
mation, stable operating points, and 
interpretable uncertainty. 

State estimation and brain 
models 

Report inference interval, model-
update frequency, planning hori-
zon, computational cost, and 
whether recursive or offline esti-
mation is used. 

Report observed variables, latent-state 
definition, source model, parameter 
identifiability, uncertainty, and which 
physiological variables remain unob-
served. 

Report model mismatch, parameter 
drift, stimulation-response changes, 
recalibration needs, and robustness to 
chronic evolution of patient state or 
recording conditions. 

Provides state summaries for moni-
toring, simulation, treatment plan-
ning, and policy support; stronger 
claims require uncertainty reporting 
and longitudinal validation. 

Closed-loop control Report sensing-to-stimulation la-
tency, decision interval, stimula-
tion-trigger delay, adaptation in-
terval, and separation between fast 
triggering and slow clinician-
governed tuning. 

Report policy input variables, stimulation 
action space, safety constraints, uncer-
tainty handling, and whether control 
depends on directly sensed events or 
inferred latent states. 

Report policy drift, calibration decay, 
stimulation artifacts, stimulation-
induced plasticity, false-trigger behavior, 
and failure modes under chronic use. 

Implements constrained stimulation 
under clinician oversight; deployment 
claims require latency, safety enve-
lope, override or rollback mecha-
nisms, and prospective or chronic 
reliability evidence. 
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Note: Each axis is operationalized as a set of reportable engineering descriptors rather than a universal numerical score, allowing heterogeneous methods to be compared in terms of latency, observability, drift vulnerabil-
ity, and deployment role. 
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Table 2. Distribution of included references and primary deployment-facing studies by evidence type, validation level, recording or modeling context, and 
study design. 

Category N % 

A. Included references by evidence type 

Primary deployment-facing studies 146 71.2 

Reviews, consensus papers, or mechanistic background 40 19.5 

Dataset or resource papers 11 5.4 

Evaluation frameworks or reporting standards 5 2.4 

Background or epidemiology 3 1.5 

Total 205 100.0 

B. Primary deployment-facing studies by validation level 

Offline or retrospective validation 84 57.5 

Quasi-online or chronological validation 28 19.2 

Prospective online validation 16 11.0 

Chronic clinical deployment 18 12.3 

C. Primary deployment-facing studies by dominant recording modality 

Invasive electrophysiology 40 27.4 

Scalp EEG or other non-invasive EEG 22 15.1 

Ambulatory, subcutaneous, wearable EEG 12 8.2 

Chronic implant or device-based neuromodulation studies 33 22.6 

Not primarily recording-based, mixed-modality, or not applicable 39 26.7 

D. Primary deployment-facing studies by study design 

Retrospective 110 75.3 

Prospective 36 24.7 

Note: Percentages in Panel A use all 205 included references as the denominator; Panels B-D use the 146 primary deployment-facing studies. Invasive electrophysiology includes ECoG, SEEG, and mixed intracranial record-
ings. The ambulatory and wearable category includes subcutaneous EEG and wearable physiological monitoring used for deployment-facing seizure detection or forecasting. Percentages may not sum to 100 due to round-
ing. 
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Table 3. Worked examples of the four axis framework. 

Example method Temporal scale / latency Observability / representation Non-stationarity / drift Deployment role 

CHB-MIT deep learning seizure 

detector [18;19] 
CHB-MIT-based deep learning sei-
zure detection is typically evaluated 
on short EEG windows and can be 
implemented causally in principle, 
but deployment interpretation de-
pends on event-level detection la-
tency and continuous false alarm 
burden rather than segment-level 
accuracy alone. 

The representation is sensor-level 
scEEG from a limited pediatric mon-
tage, typically using approximately 
23 channels in the CHB-MIT configu-
ration, with seizure annotations 
converted into segment-level labels 
and no explicit source or network-
state model. 

The binding limitation is distribution 
shift across patients, recordings, vigi-
lance state, medication context, and 
recording sessions; operating-point 
drift appears clinically as changing false 
positives per unit time. 

This supports retrospective or quasi-
online continuous monitoring, but 
not real-time stimulation or chronic 
autonomous control without pro-
spective latency, false alarm, and 
calibration evidence. 

CCEP pipeline [20;21] CCEP analysis operates at the milli-
second scale; interpretation of the 0-
20 ms early window depends on 
explicit artifact handling, response-
window definition, and whether 
early neural signal retention is 
demonstrated. 

The representation is a contact-level 
evoked response or protocol-
conditioned effective-connectivity 
summary, rather than a direct 
whole-network readout; source am-
biguity and incomplete sampling 
constrain interpretation. 

The binding limitation is protocol and 
preprocessing dependence, including 
stimulation parameters, referencing, 
artifact suppression, response-window 
definition, and cross-session reproduci-
bility. 

This supports offline mapping, hy-
pothesis generation, or periodic 
programming support, but not a 
millisecond-scale closed-loop control 
policy. 

RNS reactive policy [22;23] RNS operates with device-bounded 
sensing-to-stimulation timing, prede-
fined detection pathways, and con-
strained stimulation actions. The fast 
loop is reactive, while parameter 
adaptation occurs on a slower clini-
cal programming timescale. 

The control variable is a detector-
defined electrographic event ob-
served through a limited implanted 
montage, not an independently 
measured epileptic-network state or 
whole-brain latent state. 

The binding limitation is chronic detec-
tor drift, calibration decay, evolving 
electrographic patterns, and changing 
clinical response, managed through 
clinician-governed review and repro-
gramming over months. 

This is real-time clinician-governed 
closed-loop control within a safety 
envelope, not unrestricted autono-
mous policy learning. 

Note: The examples instantiate the same reportable descriptors in three representative settings: retrospective scEEG seizure detection, stimulation-evoked mapping, and implantable reactive stimulation. They are intend-
ed to show how deployment constraints can be made explicit for concrete method families rather than to provide exhaustive performance summaries or a universal numerical deployment score. scEEG, scalp EEG; CHB-MIT, 
Children's Hospital Boston-MIT; CCEP, cortico-cortical evoked potential; RNS, responsive neurostimulation. 
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Table 4. Validation levels for epilepsy neuromodulation algorithms. 

Validation level Supported inference Core reporting and deployment metrics Inference not supported 

Offline validation Whether a signal, feature, biomarker, or 
model can discriminate events, states, or 
outcomes under retrospective conditions. 

Task-dependent discrimination metrics, including AUC, sensi-
tivity, precision, F1 score, event-level detection rate, and ret-
rospective false positives per unit time where applicable. 

Does not establish prospective reliability, real-
time feasibility, calibration stability, or accepta-
ble clinical burden. 

Quasi-online validation Whether performance is preserved when 
data are evaluated in temporal order, with 
patient-specific calibration separated from 
later testing. 

Sensitivity at a fixed false alarm burden, false positives per 
hour/day, calibration drift or decay, chronological split design, 
temporal leakage control, and performance on future held-out 
segments. 

Does not establish behavior during live opera-
tion, clinician workload, response latency, or 
robustness to unforeseen recording and work-
flow conditions. 

Prospective online validation Whether the system can operate in real 
time on incoming data, with latency, warn-
ings, uncertainty, and failures measured 
during live use. 

Processing latency, prospective sensitivity, false alarm burden, 
warning horizon, time-in-warning, output stability, transition 
behavior, abstention rate, uncertainty calibration, and clinician 
review burden. 

Does not by itself establish long term therapeutic 
value, chronic drift robustness, or safety under 
sustained adaptive use. 

Chronic clinical deployment Whether the system remains safe, inter-
pretable, and clinically useful over pro-
longed use in realistic care settings. 

Long term degradation curve, drift robustness, recalibration 
frequency, stability of operating point, clinician override rate, 
safety related failure modes, rollback/escalation events, and 
decision or treatment impact. 

Does not remove the need for post-deployment 
monitoring, because patient state, treatment 
response, stimulation effects, and recording 
conditions may continue to evolve. 

Note: Reporting and evaluation principles from EEG biomarker validation, seizure detection benchmarking, seizure forecasting evaluation, and calibration studies for clinical use are synthesized here. It distinguishes what 
each evaluation level can support from the stronger clinical inferences that require more prospective or longitudinal evidence. In practice, stronger deployment claims generally require the reporting and validation re-
quirements of lower levels to have already been addressed. AUC, area under the ROC curve. 
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Table 5. Representative public epilepsy datasets and their clinical-use characteristics. 

Dataset / resource Sample size, duration, and sam-
pling rate 

Recording modality & annotation Collection context and prospec-
tive/retrospective status 

Deployment boundary / main limitation 

Supervised in-hospital or retrospective clinical scEEG 

TUH EEG Corpus and TUSZ 

seizure subset [39;40] 
TUH: 10,874 subjects, 16,986 
sessions; TUSZ v1.2.0: 315 sub-
jects, >504 h annotated; 250-512 
Hz, majority 250 Hz 

scEEG; 19 ch; seizure start/stop, type, 
channel-based and term-based labels 

R archive; seizure subset enriched by 
triage and manual annotation 

Large and clinically heterogeneous, but 
retrospective and selection-biased toward 
high-seizure-yield recordings; limited 
chronic realism 

CHB-MIT Scalp EEG Database 
[18] 

23 subjects; 664 segments; 198 
seizures; typically 1-h segments; 
256 Hz 

scEEG; 18-23 ch; seizure onset/offset 
annotations per file 

R clinical monitoring; segmented with 
short inter-file gaps 

Small pediatric cohort under medication 
withdrawal; short per-subject horizon; does 
not represent ambulatory chronic monitor-
ing 

Harvard EEG Database 

(HEEDB) [41] 
108,341 patients; 284,341 re-
cordings; 2003-2024; sampling 
rate available from file metadata 

Clinical scEEG; routine, EMU, and ICU; 
BIDS-compliant EDF; report-level la-
bels and extracted EEG findings 

R multi-hospital clinical archive; 
standardized on BDSP 

Very large and clinically representative, but 
labels are partly report-level or weakly 
localized; does not substitute for prospec-
tive deployment validation 

Long duration monitoring and chronic implanted sensing 

EPILEPSIAE [42] 275 patients; mean 165 
h/patient; max 500 h; >40,000 h 
total; 250 Hz-2.5 kHz 

Surface EEG (217 patients) and iEEG 
(58 patients); standardized seizure 
annotations including type, vigilance, 
semiology, and interictal events 

R long term presurgical monitoring; 
commonly reused for quasi-
prospective algorithm analysis 

Rich temporal structure, but biased toward 
drug-resistant presurgical patients with 
high seizure yield; medication changes and 
access restrictions limit generalizability 

NeuroVista chronic ECoG 

dataset [25;43] 
9 subjects (Karoly analysis); 
mean 320 days/subject; 900 
training + 2,879 testing days; 
400 Hz 

Chronic implanted ECoG; 16 intracra-
nial contacts; automated seizure de-
tections verified by investigators with 
audio and patient diaries 

P chronic implanted data collection; 
commonly reused for retrospective or 
pseudo-prospective forecasting analy-
sis 

Strong chronic sensing realism, but not a 
fully closed-loop stimulation dataset; small, 
highly selected implanted cohort with de-
vice- and implantation-specific bias; small N 
limits population-level inference 

Task-specific interictal event datasets 

Lin et al. IED dataset (2025) 
[44] 

84 patients; 20 min/patient; 28 h 
total; 2,516 IED and 22,933 non-
IED epochs; 500 Hz 

scEEG; 19 ch (10-20) + T1/T2, A1/A2, 
ECG, EMG; IED type and wake/sleep 
annotated by ≥ 3 experts; 2 ms tem-
poral resolution 

R clinical EEG; designed for IED detec-
tion model training and simulated 
real-world testing 

Spatial and consciousness-state labels 
available, but short-duration and single-
center; not designed for continuous seizure 
detection or chronic deployment 

Falach et al. iEEG sleep IED 

dataset (2024) [45] 
25 patients; 1-5 min/patient; 76 
min total; 857 iEEG channels; 
852 annotated IED epochs; 2 kHz 

Depth iEEG during overnight sleep; 
sub-second IED timing and brain-
location labels per channel; inter-rater 
reliability assessed in 6 patients 

R iEEG-BIDS dataset from 2 medical 
centers; clinical implantation with 
research sleep recordings 

Rare expert-annotated intracranial sleep 
IED resource; but short-duration, sleep-
specific, and regionally biased toward hip-
pocampal/MTL recordings 
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Dataset / resource Sample size, duration, and sam-
pling rate 

Recording modality & annotation Collection context and prospec-
tive/retrospective status 

Deployment boundary / main limitation 

Omni-iEEG [46] 302 patients; 178 h total; 36,177 
annotated HFO candidate 
events; original sampling rates 
retained, benchmark inputs 
resampled to 1000 Hz 

Presurgical iEEG; ECoG and SEEG; 
expert labels for artifact, non-spkHFO, 
and spkHFO; SOZ, resection, and sur-
gical outcome metadata 

R harmonized multicenter public iEEG 
benchmark assembled from multiple 
open datasets 

Large and standardized, but still based on 
retrospective presurgical recordings; 
HFO/spkHFO annotations remain task-
specific and may not directly generalize to 
IED detection, seizure forecasting, or 
closed-loop deployment 

Acute stimulation mapping and stimulation-evoked responses 

Parmigiani et al. simultaneous 
SEEG and hd-scEEG SPES re-

source [26] 

36 patients; 323 artifact-free 
SPES sessions; simultaneous 
SEEG and 256-channel hd-EEG 
recorded at 1000 Hz 

Simultaneous SEEG and hd-EEG during 
SPES; CCEP amplitude, latency, and 
spectral responses analyzed across 
physical, geometrical, and topological 
stimulation parameters 

R presurgical evaluation cohort; open 
BIDS-formatted resource available 
through EBRAINS and OSF, with stimu-
lating-contact locations, de-identified 
MRI, and digitized positions for 185 
scEEG electrodes 

Provides a cross-scale reference for linking 
intracranial stimulation responses to scEEG, 
but remains single-center, acute, protocol-
specific, and constrained by clinical implan-
tation geometry and limited stimulation 
sites per patient 

PRIOS CCEP recordings [27] 7 patients aged 13-53 years; 
reported dataset-level recording 
duration not specified; 2048 Hz 

iEEG/ECoG during SPES; explicit stimu-
lation timing, CCEP/N1-peak labels, 
and electrode-position metadata; 
awake clinical and propofol conditions 

R iEEG-BIDS dataset linked to the PRI-
OS study; protocol-specific recordings 
during awake clinical SPES and in-
traoperative SPES under propofol 
anesthesia 

Small, protocol-specific acute stimulation-
mapping dataset; limited reported record-
ing duration and limited longitudinal con-
text; should not be generalized to home 
monitoring, seizure forecasting, or auton-
omous closed-loop neuromodulation 

Note: TUSZ, Temple University Hospital EEG Seizure Corpus; CHB-MIT, Children's Hospital Boston-MIT; HEEDB, Harvard Electroencephalography Database; IED, interictal epileptiform discharge; HFO, high frequency oscilla-
tion; SOZ, seizure onset zone; SPES, single-pulse electrical stimulation; scEEG, scalp EEG; hd-scEEG, high-density scalp EEG; iEEG, intracranial EEG; SEEG, stereo-electroencephalography; ECoG, electrocorticography; MTL, 
medial temporal lobe; BIDS, Brain Imaging Data Structure; OSF, Open Science Framework; R, retrospective; P, prospective. TUH, Temple University Hospital; CCEP, cortico-cortical evoked potential; EDF, European Data 
Format; EMU, epilepsy monitoring unit; ICU, intensive care unit; BDSP, Brain Data Science Platform; MRI, magnetic resonance imaging; hd-EEG, high-density EEG; spkHFO, spike-associated high frequency oscillation. 
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Table 6. Dataset-derived sources of methodological bias and deployment failure modes. 

Dataset property / bias source Downstream methodological consequence Evaluation bias / deployment failure mode 

Modality, geometry, and spatial sampling 

scEEG (broad coverage; artifact-prone; lower spatial 
specificity) 

Continuous detection prioritizes artifact robustness and conserva-
tive operating points; cross-subject pipelines benefit from montage-
aware preprocessing 

Clip-level AUC can appear optimistic; FP/min and alarm stability 
often become the true deployment bottleneck 

iEEG (patient-specific geometry; limited coverage; 
variable SNR) 

Sampling geometry and referencing shape localization and connec-
tivity estimates; sparse sampling limits identifiable nodes and net-
work completeness 

Common-source and reference leakage can create spurious hubs; 
connectivity-based conclusions are bounded by unobserved regions 
and incomplete sampling 

Temporal coverage and validation regime 

Short curated clips (selected segments; weak tem-
poral context) 

Encourages high-capacity models and segment-level tuning; thresh-
olds and calibrations often fail to transfer to continuous monitoring 

Selection bias and miscalibration; continuous false alarm burden is 
underestimated when evaluation is restricted to curated segments 

Long term continuous recordings (hours to months) Requires drift handling and time-aware validation; enables risk-state 
modeling and circadian/multidien analyses 

Temporal leakage arises if splits ignore time; operational metrics 
should include FP/min, time-in-warning, and longitudinal stability 

Cohort, device, and prevalence structure 

multicenter / multi-device data (site protocols; 
hardware differences) 

Domain shift motivates harmonization, site-aware validation, and 
explicit monitoring for dataset drift 

Apparent gains can vanish under external validation; hidden con-
founds may dominate reported improvements 

Rare-event prevalence / class imbalance Operating-point selection, cost-sensitive learning, and calibration 
become central in low-prevalence regimes 

Accuracy and AUC can mislead; PPV collapses and FP/min inflates 
under realistic event base-rates 

Stimulation-while-sensing constraints 

Stimulation during sensing (blanking, saturation, 
residual artifact decay) 

Blanking and residual artifacts constrain early-window observability, 
evoked-response quantification, and perturbational EC estimation 

Protocol-dependent bias; early-response features and directed con-
nectivity claims can be distorted by residual stimulation artifacts 

Annotation and supervision regime 

Annotation protocol variability (granularity; inter-
rater disagreement) 

Label policy sets an error floor; modeling uncertainty or label noise 
can matter as much as model capacity 

Apparent gains may reflect annotation policy rather than algorith-
mic advance; transfer across datasets becomes brittle when super-
vision schemes differ 

Note: FC, functional connectivity; EC, effective connectivity; AUC, area under the ROC curve; FP/min, false positives per minute; PPV, positive predictive value; scEEG, scalp EEG; iEEG, intracranial EEG; SNR, signal-to-noise 
ratio. 
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Table 7. Selection framework for stimulation-artifact suppression method families. 

Family Best-fit scenarios 0-20 ms neural-signal 
retention 

Online suitability Minimum reporting requirements 

Template / reconstruction Stereotyped artifacts; stable SPES proto-
cols; feasible template updating under lim-
ited drift 

High High; simple updates Update rule; alignment; early-window residual metric; tem-
plate drift or distortion check 

Blanking / interpolation Severe saturation or clipping; safety-driven 
mitigation; simple causal front-end 

Low Very high; minimal la-
tency 

Blanking window (ms); interpolation method; early samples 
removed; residual artifact estimate after recovery; statement 
of whether early responses were excluded from interpretation 

Spectral / adaptive Harmonic or narrowband artifacts, com-
monly in tACS/tES; separable spectral struc-
ture 

Medium Medium; filter- or adap-
tation-dependent 

Filter causality or zero-phase use; bands; group delay or adap-
tation rule; residual artifact in the analyzed band or early win-
dow 

BSS / projection / subspace Multi-channel recordings with coherent 
artifact footprint; approximately stable 
artifact subspaces; sufficient channel count 
and stable spatial structure 

Medium Medium; channel-count 
dependent 

Channels retained; subspace window; components removed or 
projected out; residual artifact and neural-signal loss assess-
ment 

Model / state-space Non-stationary artifacts; protocol variation; 
explicit dynamics may improve tracking 

High Medium; often requires 
offline identification 

Model form; identification procedure; early-window fit or re-
sidual error; residual artifact amplitude; online latency if used 
prospectively 

Deep learning Large and trustworthy training sets; com-
plex artifacts; explicit protection against 
leakage and early-window distortion 

Medium Medium; inference la-
tency validation re-
quired 

Training design; label source; leakage controls; residual artifact 
and response-shape distortion assessment; cross-session or 
cross-protocol validation 

Note: "0-20 ms neural-signal retention" refers to the potential to preserve interpretable signal structure in the early post-stimulation window used for early-response interpretation. The final column lists the minimum 
information needed to interpret early-response or perturbational effective connectivity claims. Ratings are qualitative, assume the best-fit scenarios listed for each method family, and are intended for method-family com-
parison rather than direct benchmarking across heterogeneous hardware platforms, stimulation protocols, channel counts, and software implementations. SPES, single-pulse electrical stimulation; CCEP, cortico-cortical 
evoked potential; tACS, transcranial alternating current stimulation; tES, transcranial electrical stimulation; BSS, blind source separation. 
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Table 8. Task framework for spontaneous-event sensing and SPES-evoked responses in neuromodulation. 

Task Output Time scale / timing constraint Evaluation / reporting metrics 

IED detection Event timing; optional subtype or mor-
phology label 

ms-scale; low-latency triggering FP/min, operating-point stability, onset jitter, and sensitivity to in-
ter-rater disagreement and label policy 

Seizure detection Ictal state; optional onset estimate seconds; detection latency in s Sensitivity versus false alarms/day, detection latency, and longitudi-
nal stability under drift 

Seizure prediction Risk state / hazard estimate minutes-days; warning horizon Time-in-warning, false-warning burden, calibration, and prospective 
leakage-aware validation 

SPES-evoked responses Evoked-response summaries; optional 
ER/DR component characterization or 
CCEP-derived connectivity measures 
where responses are cortico-cortical 

ms-hundreds of ms; 0-20 ms early-window 
fidelity where early components are inter-
preted 

0-20 ms neural-signal retention where relevant, ER/DR component 
detectability, residual artifact reporting, and cross-pulse/cross-
session consistency under protocol variation 

Note: These tasks are highlighted as differing not only in output and time scale, but also in the form of evaluation required for clinically interpretable use. IED, interictal epileptiform discharge; FP/min, false positives per 
minute; SPES, single-pulse electrical stimulation; CCEP, cortico-cortical evoked potential; ER, early response; DR, delayed response. 
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Table 9. Connectivity framework for neuromodulation. 

Measurement route / evidence source Connectivity type Key assumptions / failure modes Primary deployment role 

DTI tractography SC Tractography and parcellation bias; SC constrains plausible path-
ways but does not determine expressed dynamics uniquely 

Mapping: feasibility and safety priors for implanta-
tion planning, pathway hypotheses, and stimula-
tion-spread interpretation 

Resting-state fMRI / PET (contextual) FC Strong state and site dependence; preprocessing sensitivity; he-
modynamic or metabolic context may not align with electrophys-
iology 

Mapping / prediction: syndrome-level context, 
stratification priors, and hypothesis generation for 
patient selection or target hypotheses 

Scalp EEG/MEG FC Volume conduction, source leakage, inverse-model dependence, 
reference and montage effects; correlation, coherence, and 
phase-synchrony estimates can reflect common-reference or 
zero-lag confounds, whereas leakage-reduced variants may miss 
genuine near-zero-lag interactions; source-space analysis relo-
cates rather than eliminates leakage 

Monitoring and phenotyping: non-invasive state 
tracking and syndrome-level network characteriza-
tion; invasive programming claims require inde-
pendent validation 

iEEG FC / model-based or 
propagation-derived EC 

Sparse and hypothesis-driven coverage; electrode density and 
sampling geometry affect apparent topology and hub structure; 
reference dependence; correlation, coherence, phase-synchrony, 
Granger-causality-like, and transfer-entropy estimates remain 
sensitive to sampling geometry, SNR, model order or estimator 
choice, and unobserved common inputs; not a valid whole-brain 
topology without adequate coverage 

Patient-specific mapping, candidate contact rank-
ing, and clinician-reviewed programming hypothe-
ses when coverage, robustness, and clinical valida-
tion are reported 

Generative or model-based inference from 
observed dynamics 

EC Model mis-specification; non-stationarity; parameter non-
identifiability; sensitivity of inferred directionality to SNR, model 
structure, and observation assumptions 

Prediction / programming support: directed propa-
gation hypotheses interpreted within the EC 
boundary defined in the text and checked against 
longitudinal or clinical evidence 

CCEP-derived perturbational connectivity EC Protocol-conditioned directed edges; stimulation parameters, 
response definitions, and preprocessing can reshape edge exist-
ence and strength 

Mapping / programming: pathway ranking and pro-
gramming constraints when reproducibility, 0-20 
ms neural-signal retention where relevant, and 
protocol robustness are demonstrated 

Spike/seizure propagation (temporal prec-
edence) 

EC Detection bias, incomplete sampling, and strong state depend-
ence; inferred directionality reflects recruitment dynamics rather 
than generic connectivity 

Prediction / programming support: outcome-
relevant recruitment pathways that complement 
perturbational EC and structural constraints 

Note: SC, structural connectivity; FC, functional connectivity; EC, effective connectivity; DTI, diffusion tensor imaging; PET, positron emission tomography; fMRI, functional magnetic resonance imaging; MEG, magne-
toencephalography; iEEG, intracranial EEG; CCEP, cortico-cortical evoked potential. 
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Table 10. Comparison of brain models and cross-modal transformations in epilepsy neuromodulation. 

Model family Representation / observ-
ability 

Primary deployment 
role 

Online feasibility Fitting burden Implementation 
burden 

Dominant failure modes 

Monitoring and control-design representations 

Latent-state models 
(HMM / state-space iden-
tification) 

Sensor-level to low-
dimensional latent state 

Monitoring, triggering, 
risk estimation 

Online-compatible 
with stable state 
definitions and re-
calibration rules 

Threshold setting; 
periodic recalibra-
tion 

Existing sensor 
stream plus state 
inference 

State mislabeling, calibration drift, non-
stationarity, limited interpretability 

Reduced-order / surro-
gate control models 
(tracking control / iEEG-
derived reduced dynam-
ics) 

Low-dimensional state or 
reduced dynamics de-
rived from observed ac-
tivity 

Controller design, poli-
cy prototyping, con-
strained stimulation 

Potentially online-
compatible within 
fitted regimes 

Patient-specific 
fitting to intracranial 
recordings 

iEEG acquisition plus 
reduced-model 
fitting 

Local validity, state drift, limited transfer 
outside fitted regime 

Planning-oriented mechanistic and virtual models 

Mechanistic seizure mod-
els (Epileptor / neural-
mass models) 

Latent physiological vari-
ables and structured sei-
zure dynamics 

Mechanism clarifica-
tion, hypothesis test-
ing, EZN estimation 

Generally offline or 
iterative 

Priors, model fitting, 
posterior or sensitiv-
ity analysis 

Simulation, optimi-
zation, or Bayesian 
inference infrastruc-
ture 

Non-identifiability, parameter uncertain-
ty, mismatch to routine clinical observa-
bles 

Network ictogenicity / 
virtual resection (syn-
chronizability / SIR / node 
ictogenicity) 

Patient-specific network 
propensity measures 

Candidate target rank-
ing, presurgical plan-
ning 

Offline simulation 
before intervention 
decisions 

Connectome quality, 
electrode coverage, 
seizure-onset or EZN 
assumptions 

MRI/DWI or elec-
trode-localized 
iEEG/ECoG network 
construction 

Connectome bias, incomplete sampling, 
model dependence, limited external 
validation 

Personalized virtual-brain 
frameworks (VEP / virtual 
cohort) 

Virtual patient-specific 
latent and network states 
with source-to-sensor 
mapping 

In-silico stimulation 
testing, scenario explo-
ration, synthetic 
benchmarking 

Offline or iterative; 
not routine real-
time 

Multimodal fitting, 
source-to-sensor 
mapping, model 
inversion 

Imaging-to-
simulation pipeline 
with uncertainty 
propagation 

Uncertainty accumulation, parameter 
degeneracy, incomplete sampling, simu-
lation-to-outcome gap 

Mapping and cross-modal transformation tools 

Electrical source imaging 
(ESI) 

Sensor-to-source map-
ping 

Localization support, 
presurgical mapping 

Near-offline event 
review 

Head model and 
inverse regulariza-
tion choices 

Head modeling, 
preprocessing, 
event selection 

Head-model dependence, inverse ill-
posedness, preprocessing and event-
selection bias 

Cross-modal / generative 
transformations (scalp-to-
source / scalp-to-iEEG 
mapping) 

Sensor-to-source or sen-
sor-to-intracranial repre-
sentations 

Exploratory represen-
tation alignment, 
downstream validation 

Training offline; 
routine real-time 
use not established 

Paired datasets, 
cross-patient do-
main adaptation 

Paired acquisition 
infrastructure plus 
decision-level vali-
dation 

Domain shift, weak ground truth, leak-
age, decision-irrelevant reconstructions 

Note: Rows are grouped according to the three roles used in the text: monitoring and control-design representations, planning-oriented mechanistic and virtual models, and mapping or cross-modal transformation tools. 
Representation, deployment role, feasibility, fitting burden, implementation burden, and dominant failure modes are compared rapidly here; detailed interpretation is provided in the corresponding subsections. HMM, 
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hidden Markov model; EZN, epileptogenic zone network; VEP, Virtual Epileptic Patient. iEEG, intracranial EEG; MRI, magnetic resonance imaging; DWI, diffusion-weighted imaging; ECoG, electrocorticography; SIR, suscepti-
ble-infected-recovered model; ESI, electrical source imaging. 
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Table 11. Policy interface for closed-loop neuromodulation. 

Policy component Minimum reporting / governance requirement 

Inputs Sensed quantities available to the policy: event triggers (IED or seizure detections), slower context or risk covariates (e.g., circadian or multidien phase, haz-
ard), and network-derived priors or constraints (e.g., perturbational or propagation-derived EC summaries). 

State estimation Low-dimensional inferred state used for control: biomarker vector or discrete latent mode, together with calibration, uncertainty quantification, and drift 
monitoring suitable for longitudinal use. 

Action space Bounded stimulation actions specifying when (timing or scheduling), where (contact or target), and how (amplitude, pulse width, frequency, burst structure) 
stimulation may be delivered, including optional mode switching under explicit rules. 

Constraints Hard limits and supervisory bounds: charge balance, charge density, stimulation duration or duty cycle, refractory or cool-down rules, power and latency 
budgets, and clinician-defined restrictions or overrides. 

Fallback behavior Conservative default behavior under uncertainty, signal loss, or instability: safe-mode actions, stimulation suppression, and explicit criteria for recovery or re-
entry into adaptive operation. 

Learning / update Governed adaptation mechanisms: clinician-in-the-loop reprogramming or, where justified, bounded autonomous adaptation with predefined update cadence 
or triggering conditions, supported by auditability, logging, versioning, rollback, and criteria for returning to a prior clinician-approved setting. 

Note: Closed-loop systems are highlighted as needing to be understood not simply as detectors linked to stimulators, but as governed control policies defined by sensed inputs, inferred states, bounded actions, safety 
constraints, fallback logic, and explicit update mechanisms. These components also provide a minimum reporting checklist for evaluating whether an adaptive or closed-loop system is clinically governable rather than only 
technically functional. IED, interictal epileptiform discharge; EC, effective connectivity. 
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Table 12. Representative clinical stimulation parameters and programmable constraints in epilepsy neuromodulation. 

Therapy / device 
class 

Control logic Representative clinical parameters Duty ratio / update cadence Programmable levers, supervision, and safety 
envelope 

RNS Intracranial responsive stimulation 
triggered by detected electrograph-
ic activity. 

Common pivotal-trial responsive settings 
include two bursts at 100-200 Hz, 160 µs 
pulse width, 100 ms burst duration, charge 
density of 4-5 µC/cm2, and current of 4.5 
mA. NeuroPace clinical guidance recom-
mends initial settings of 200 Hz, 160 µs 
pulse width, 100 ms burst duration, and 1.0 
mA current; broader parameter ranges and 
alternative stimulation strategies should be 

interpreted separately. [22;187] 

Not defined by a fixed cyclic 
ON/OFF schedule; therapy expo-
sure is better described by de-
tections or therapies delivered, 
bursts per detection, burst dura-
tion, charge density, current 
amplitude, and follow-up titra-
tion, with programming adjust-
ments typically occurring during 
clinician follow-up over weeks to 
months rather than through 
continuous autonomous online 
updates. 

Detection settings, sensing contacts, stimulation 
pathway, current, frequency, pulse width, burst 
duration, charge density, burst configuration, 
and tolerability limits are adjusted longitudinally 
under clinician supervision. 

VNS Intermittent peripheral neuromod-
ulation, with optional magnet-
triggered or cardiac-responsive 
features in some systems. 

Common conventional programming uses 
intermittent stimulation, typically described 
as 30 s ON every 5 min or 30 s ON / 5 min 
OFF, with output current, pulse width, fre-
quency, and duty cycle adjusted according 

to tolerability and response. [173;185;186] 

A 30 s ON / 5 min OFF schedule 
corresponds to an approximate 
9-10% duty cycle, depending on 
whether the denominator is 
expressed as the OFF interval 
alone or the full ON-plus-OFF 
cycle; duty cycle can be in-
creased by shortening OFF time. 

Output current, pulse width, frequency, ON/OFF 
timing, magnet mode or cardiac-responsive trig-
gering, and side-effect management define the 
practical programming surface. 

ANT-DBS Usually cyclic open-loop DBS of a 
thalamic network target; sensing-
enabled or adaptive variants re-
main investigational in epilepsy. 

Representative SANTE-style settings use 
high frequency stimulation at 145 Hz, 90 µs 
pulse width, 5 V amplitude, and cycling 
stimulation of 1 min ON / 5 min OFF; clini-
cal practice may deviate from pivotal-trial 

defaults. [182–184;187] 

A 1 min ON / 5 min OFF schedule 
corresponds to an approximate 
16.7% duty ratio. 

Amplitude or current, pulse width, frequency, 
contact configuration, cycling schedule, target 
selection, and side-effect mitigation are individu-
alized over follow-up. 

Note: Values are representative clinical settings or commonly reported programming paradigms rather than universal prescriptions. Device manuals or regulatory materials should be cited for full programmable ranges and 
hard safety limits, whereas peer-reviewed clinical studies or reviews should be cited for commonly used programming paradigms. Charge density refers to pulse-level local electrical exposure, whereas duty ratio refers to 
cumulative temporal exposure; for responsive stimulation, therapy exposure is often better described by detections or therapies delivered, burst duration, charge density, current amplitude, and follow-up titration rather 
than by a fixed ON/OFF cycle. Clinically reported operating regimes and programmable constraints are summarized here, not to replace device-specific manuals, regulatory labeling, or patient-specific safety programming. 
RNS, responsive neurostimulation; VNS, vagus nerve stimulation; ANT-DBS, anterior nucleus of the thalamus deep brain stimulation; DBS, deep brain stimulation. 
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Table S1. Structured scoping search strategy, search window, and database-specific queries used for record identification. 

Search component Scope Search terms and implementation 

Databases searched Bibliographic and interdiscipli-
nary databases 

PubMed, IEEE Xplore, ScienceDirect, and Google Scholar. PubMed and IEEE Xplore were used as primary bibliographic data-
bases. ScienceDirect and Google Scholar were used as broad supplementary discovery sources; only the records actually 
screened in relevance-ranked order were counted in the flow diagram. 

Search period Main search window January 1, 1990 to June 2, 2026. Ahead-of-print and in-press articles available by 2 June 2026 were eligible. 

Block 1: epilepsy and neuro-
modulation 

Disease, clinical target, and in-
tervention terms 

epilepsy; seizure; epileptiform activity; interictal epileptiform discharge (IED); neuromodulation; stimulation; responsive neu-
rostimulation (RNS); deep brain stimulation (DBS); vagus nerve stimulation (VNS); closed-loop stimulation; adaptive stimula-
tion. 

Block 2: recording and sensing 
modalities 

Signal acquisition and monitor-
ing terms 

scalp electroencephalography (scEEG); electroencephalography (EEG); intracranial electroencephalography (iEEG); electrocor-
ticography (ECoG); stereo-electroencephalography (SEEG); local field potentials (LFPs); chronic EEG; ambulatory EEG; stimula-
tion-while-sensing recordings. 

Block 3: methodological and 
deployment targets 

Algorithmic, modeling, and 
translational terms 

artifact handling; artifact removal; artifact suppression; event detection; IED detection; seizure detection; seizure forecasting; 
seizure prediction; evoked-response quantification; single-pulse electrical stimulation (SPES); cortico-cortical evoked poten-
tials (CCEPs); source localization; connectivity analysis; functional connectivity; effective connectivity; brain modeling; brain 
modelling; virtual brain; electrical source imaging; machine learning (ML); deep learning (DL); adaptive control; calibration; 
drift; non-stationarity; clinical deployment. 

PubMed database query Biomedical and clinical query (("epilepsy"[Title/Abstract] OR "epileptic"[Title/Abstract] OR "epileptiform"[Title/Abstract] OR "interictal epileptiform dis-
charge"[Title/Abstract] OR "interictal epileptiform discharges"[Title/Abstract] OR "focal epilepsy"[Title/Abstract]) AND 
("EEG"[Title/Abstract] OR "electroencephalography"[Title/Abstract] OR "scalp EEG"[Title/Abstract] OR "intracranial 
EEG"[Title/Abstract] OR "iEEG"[Title/Abstract] OR "ECoG"[Title/Abstract] OR "SEEG"[Title/Abstract] OR "local field poten-
tial"[Title/Abstract] OR "local field potentials"[Title/Abstract]) AND ("artifact removal"[Title/Abstract] OR "artifact suppres-
sion"[Title/Abstract] OR "stimulation artifact"[Title/Abstract] OR "IED detection"[Title/Abstract] OR "interictal epileptiform 
discharge detection"[Title/Abstract] OR "seizure detection"[Title/Abstract] OR "seizure prediction"[Title/Abstract] OR "seizure 
forecasting"[Title/Abstract] OR "single-pulse electrical stimulation"[Title/Abstract] OR "SPES"[Title/Abstract] OR "cortico-
cortical evoked potential"[Title/Abstract] OR "cortico-cortical evoked potentials"[Title/Abstract] OR "CCEP"[Title/Abstract] OR 
"CCEPs"[Title/Abstract] OR "seizure onset zone"[Title/Abstract] OR "electrical source imaging"[Title/Abstract] OR "brain mod-
eling"[Title/Abstract] OR "brain modelling"[Title/Abstract] OR "virtual brain"[Title/Abstract] OR "responsive neurostimula-
tion"[Title/Abstract] OR "closed-loop stimulation"[Title/Abstract] OR "adaptive stimulation"[Title/Abstract] OR "adaptive con-
trol"[Title/Abstract])) AND ("1990/01/01"[Date - Publication] : "2026/06/02"[Date - Publication]) NOT (animals[mh] NOT hu-
mans[mh]). This query identified 2,721 records before deduplication. 

IEEE Xplore database query Engineering and signal-
processing query 

("All Metadata":"epilepsy" OR "All Metadata":"epileptic seizure" OR "All Metadata":"epileptiform" OR "All Metada-
ta":"interictal epileptiform discharge") AND ("All Metadata":"EEG" OR "All Metadata":"intracranial EEG" OR "All Metada-
ta":"iEEG" OR "All Metadata":"ECoG" OR "All Metadata":"SEEG" OR "All Metadata":"local field potential" OR "All Metada-
ta":"LFP") AND ("All Metadata":"artifact removal" OR "All Metadata":"artifact suppression" OR "All Metadata":"stimulation 
artifact" OR "All Metadata":"IED detection" OR "All Metadata":"interictal epileptiform discharge detection" OR "All Metada-
ta":"EEG seizure detection" OR "All Metadata":"epileptic seizure detection" OR "All Metadata":"real-time seizure detection" 
OR "All Metadata":"patient-specific seizure detection" OR "All Metadata":"wearable seizure detection" OR "All Metada-
ta":"seizure forecasting" OR "All Metadata":"seizure prediction" OR "All Metadata":"single-pulse electrical stimulation" OR 
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Search component Scope Search terms and implementation 

"All Metadata":"SPES" OR "All Metadata":"cortico-cortical evoked potential" OR "All Metadata":"CCEP" OR "All Metada-
ta":"electrical source imaging" OR "All Metadata":"effective connectivity" OR "All Metadata":"closed-loop stimulation" OR 
"All Metadata":"adaptive stimulation" OR "All Metadata":"adaptive control" OR "All Metadata":"responsive neurostimula-
tion"). The publication-year filter was set to 1990-2026; records published after June 2, 2026, if any, were removed during 
screening. This query identified 1,572 records before de-duplication. 

ScienceDirect database query Thematically partitioned sub-
queries, broad biomedical-
engineering coverage 

Because ScienceDirect’s advanced search interface restricts each query to a maximum of eight Boolean connectors per field, 
the full search logic was implemented as four thematically partitioned sub-queries, each combining core epilepsy and 
EEG/iEEG terms with one methodological sub-domain: (i) detection/forecasting: ("epilepsy" OR "seizure") AND ("EEG" OR 
"iEEG" OR "ECoG") AND ("seizure detection" OR "seizure forecasting" OR "seizure prediction") (4,024 records); (ii) stimula-
tion/neuromodulation: ("epilepsy" OR "seizure") AND ("EEG" OR "iEEG" OR "SEEG") AND ("SPES" OR "CCEP" OR "closed-loop 
neuromodulation" OR "adaptive stimulation") (1,654 records); (iii) connectivity/modeling, restricted to intracranial recording 
modalities to align with the deployment-facing focus of this review: ("epilepsy" OR "seizure") AND ("iEEG" OR "ECoG" OR 
"SEEG") AND ("functional connectivity" OR "effective connectivity" OR "network analysis") (1,300 records); and (iv) artifact 
handling/clinical deployment: ("epilepsy" OR "seizure") AND ("EEG" OR "iEEG") AND ("artifact suppression" OR "artifact re-
moval" OR "stimulation artifact" OR "clinical deployment") (1,697 records). The publication-year filter was set to 1990-2026 
for all sub-queries; records published after June 2, 2026, if any, were removed during screening. These sub-queries returned 
8,675 records in total. ScienceDirect was treated as a supplementary, broad-coverage source rather than an exhaustively 
screened primary database. Records from each sub-query were sorted by relevance, and the first 100 records per sub-query 
were screened at the title level, yielding 400 ScienceDirect records taken forward for de-duplication. 

Google Scholar supplemen-
tary search 

Citation tracking and targeted 
supplementary search 

Google Scholar was used for citation tracking, supplementary cross-checking, and targeted gap searches. Six targeted phrase 
searches were used: "responsive neurostimulation" epilepsy long term outcome (4,500 results), "seizure forecasting" long 
term EEG (1,380 results), "single-pulse electrical stimulation" "cortico-cortical evoked potential" epilepsy (402 results), 
"stimulation artifact" suppression EEG (1,550 results), "effective connectivity" epilepsy stimulation (10,700 results), and 
"adaptive neuromodulation" epilepsy (362 results). Because Google Scholar does not provide a stable or reproducible exhaus-
tive export, it was treated as a supplementary discovery source rather than an exhaustively screened primary database. The 
first 100 relevance-ranked records per phrase search were screened at the title level, yielding 600 Google Scholar records 
taken forward for de-duplication. 

Revision-stage update Targeted update for reviewer-
identified gaps 

Targeted searches were added during revision for prospective validation, chronic and ambulatory iEEG, stimulation-while-
sensing datasets, early-window artifact recovery, connectivity estimator limitations, long term drift and calibration, and adap-
tive neuromodulation. Final update: June 2, 2026. 

Note: IED, interictal epileptiform discharge; EEG, electroencephalography; iEEG, intracranial EEG; ECoG, electrocorticography; SEEG, stereo-electroencephalography; LFP, local field potential; SPES, single-pulse electrical 
stimulation; CCEP, cortico-cortical evoked potential; RNS, responsive neurostimulation; DBS, deep brain stimulation; VNS, vagus nerve stimulation; ML, machine learning; DL, deep learning; scEEG, scalp EEG. 

 

 

 

 

 


