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ARTICLE INFO ABSTRACT

Keywords: Epilepsy is a frequent consequence of acute brain injuries, such as stroke, brain tumors, and traumatic brain
Prognostic model injury (TBI). Accurate prediction of epilepsy is essential for early intervention and improved patient outcomes.
Wpilepsy

This review evaluates the best-established prognostic models, including the SeLECT and CAVE scores, which
estimate the risk of developing seizures and epilepsy following these injuries. The review highlights their clinical
applicability, predictive accuracy, and limitations for different etiologies. In addition to providing practical ta-
bles for risk estimation, we also offer user-friendly online calculators for these models at www.predictepilepsy.
com to facilitate clinical implementation. These tools help identify high-risk patients and support decision-
making for follow-up and treatment. Furthermore, we discuss the potential of integrating electrophysiological
data, including EEG biomarkers, to further enhance prediction accuracy and patient care. These insights high-
light the need for further refinement and validation of predictive models, enabling more personalized treatment

Post-stroke epilepsy
Post-traumatic epilepsy
Brain tumor-related epilepsy

strategies and better patient care.

1. Introduction

Clinical scoring systems have been foundational in neurology for
decades. The Glasgow Coma Scale (GCS), introduced in 1974, revolu-
tionized the systematic assessment of consciousness in brain injury
(Teasdale and Jennett, 1974). Earlier, the Hunt and Hess scale (1968)
provided a method for grading subarachnoid hemorrhage severity (Hunt
and Hess, 1968). The 1980s saw the development of the National In-
stitutes of Health Stroke Scale (NIHSS) for stroke severity (Brott et al.,
1989) and the Fisher Scale for predicting vasospasm post-subarachnoid
hemorrhage (Fisher et al., 1980). The APACHE II score, established in
1985, included neurological evaluations to predict ICU mortality (Knaus
et al., 1985). Additionally, the Glasgow Outcome Scale (GOS), intro-
duced in 1975, has been pivotal in assessing functional outcomes
following brain injury (Jennett and Bond, 1975). The modified Rankin
Scale (mRS), initially developed in 1957 and later refined, has also
become a critical tool for evaluating disability and functional outcomes
after stroke (Rankin, 1957).

These scores, based largely on objective measures, have become
essential tools in neurology, offering standardized ways to assess patient
conditions, predict outcomes, and guide treatment decisions. Their
reliability and ease of use have cemented their role in clinical practice

and research, enhancing the precision and consistency of neurological
evaluations.

In contrast, the use of prognostic models in epileptology has surged
only in the past two decades, which is surprising given that epilepsy is
one of the most common neurological diseases (Ngugi et al., 2010). Half
of adult epilepsy cases are acquired and caused by structural abormal-
ities, such as stroke and traumatic brain injury (TBI), and approximately
60 % of these cases in older adults are due to ischemic or hemorrhagic
stroke and brain tumors (Sen et al., 2020). These findings suggest that
many epilepsy cases in the elderly have a clear-cut onset, making them
good candidates for studying epileptogenesis. This is crucial for devel-
oping preventive interventions and novel treatments that target the
early mechanisms of epilepsy, potentially halting its progression and
improving patient outcomes (Pitkanen and Engel, 2014). This research
can also lead to the identification of predictive biomarkers and
personalized medicine approaches, ultimately enhancing the quality of
life and reducing healthcare costs associated with epilepsy (Pitkanen
et al., 2016). However, a significant methodological challenge for anti-
epileptogenic drug clinical trials arises from the relatively low proba-
bility of post-brain insult epilepsies in the disease population, necessi-
tating the enrichment of patients at risk through the use of predictive
scoring systems (Fig. 2).
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The objective of this review is to provide a comprehensive overview
of existing prognostic models for predicting epilepsy after stroke, tumors
and traumatic brain injury, with a particular focus on their clinical
applicability, limitations, and the integration of emerging biomarkers,
while emphasizing the need to optimize these models to better identify
high-risk patients as drug repurposing strategies become increasingly
viable for targeted interventions.

2. Developing a predictive score for epileptology (Fig. 1 and
Tablel)

2.1. Defining the target population

Building a clinical score to predict epilepsy after brain injuries such
as stroke, TBI, or intracerebral hemorrhage involves a systematic and
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comprehensive approach. The process begins with defining the target
population, which should include patients with documented cases of
stroke, TBI, or intracerebral hemorrhage. Inclusion criteria might
encompass adult patients with a confirmed diagnosis of the brain insult
through imaging and a specified time frame post-injury. Exclusion
criteria may include patients with pre-existing epilepsy or other
neurological disorders.

2.2. Data collection and Selection of relevant variables

The next step is data collection and selection of relevant variables,
which involves gathering clinical and demographic data, imaging find-
ings, neurophysiological findings, and follow-up data. Clinical and de-
mographic data should include age, sex, medical history, type and
severity of the brain insult (e.g., Glasgow Coma Scale for TBI, NIH Stroke
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Fig. 1. Workflow for Developing, Validating, and Translating Prognostic Models into Practical Clinical Tools.
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Scale for stroke), and comorbid conditions (Beghi et al., 2010). Acute
symptomatic seizures are defined as those occurring within seven days
of a brain insult, such as stroke or traumatic brain injury. This 7-day
cutoff helps distinguish these from remote symptomatic seizures,
which occur after this period and are indicative of a higher risk for ep-
ilepsy (Beghi et al., 2010). However, the 7-day cutoff is rather conven-
tional and has not been independently validated. The time-spectrum for
acute symptomatic seizures may be even longer. Imaging findings
should focus on MRI or CT scan results, particularly lesion size, location,
type (ischemic or hemorrhagic), and cortical involvement (Galovic
et al., 2021; Garner et al., 2019; Gupta et al., 2014; Pease et al., 2024).
Neurophysiological findings should include EEG data, specifically
looking for abnormalities such as epileptiform discharges or electro-
graphic seizures (Bentes et al., 2018; Perucca et al., 2019; Pyrzowski
et al., 2024). Additionally, longitudinal follow-up data on the onset of
epilepsy, time to first seizure or death, and treatment outcomes are
crucial (Sheikh and Jehi, 2024; Steyerberg and Vergouwe, 2014; Yonas
et al., 2023).

2.3. Statistical methods and model development

Developing the model involves choosing appropriate statistical
methods such as logistic regression, Cox proportional hazards models, or
machine learning techniques (e.g., random forests, neural networks),
depending on the data and the prediction goal (Kuhn and Kjell, 2013;
Laupacis et al., 1997; Steyerberg, 2008). Feature selection methods like
stepwise regression, LASSO (Least Absolute Shrinkage and Selection
Operator), or recursive feature elimination can help in identifying the
most predictive variables (Royston et al., 2009; Sanchez-Pinto et al.,
2018).

Model validation
Validation of the model is essential to ensure its robustness and
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generalizability. Internal validation can be performed by splitting the
dataset into training and validation sets, such as a 70/30 split, and
conducting cross-validation, like k-fold cross-validation, to assess model
stability and performance (Altman et al., 2009). External validation
involves testing the model on an independent dataset from a different
cohort (Steyerberg, 2008).

Assessing model performance: key metrics

Discrimination metrics

Discrimination measures the model’s ability to distinguish between
patients who will develop epilepsy and those who will not. The area
under the receiver operating characteristic curve (AUC-ROC) is a com-
mon metric for this purpose (Hanley and McNeil, 1982). However, when
dealing with imbalanced class distributions, such as rare events like
seizures, the Precision-Recall (PR) curve provides a more informative
evaluation. The PR curve focuses on the model’s performance in pre-
dicting the positive class (e.g., seizure occurrence) and is particularly
suited to scenarios where the negative class vastly outnumbers the
positive class. It evaluates precision (positive predictive value) against
recall (sensitivity), offering complementary insights to the ROC curve.

Calibration Metrics

Calibration assesses how well the predicted probabilities match
observed probabilities. Calibration plots and the Hosmer-Lemeshow test
are standard approaches for evaluating this aspect (Alba et al., 2017;
Kuhn, 2013; Steyerberg, 2008).

The Brier Score

The Brier score evaluates the overall accuracy of probabilistic pre-
dictions by measuring the mean squared difference between predicted
probabilities and actual outcomes (Brier, 1950). Unlike discrimination
metrics, which focus on the ability to rank predictions correctly, the
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Fig. 2. Prognostic models for selzures and epilepsy stroke, tumours and traumatic brain injury.
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Brier score incorporates both discrimination and calibration. This makes
it a particularly valuable metric for assessing the reliability of a model in
probabilistic risk prediction.

Implementing and refining the score

Finally, implementing and refining the score involves developing a
practical scoring system based on the final model and validating its
clinical utility in real-world settings through prospective studies (Kuhn,
2013; Steyerberg, 2008). Conducting reliability testing ensures the score
is reproducible, and the model should be regularly updated and refined
as more data becomes available and new predictors are identified
(Altman et al., 2009).

2.4. Practical implementation

In practice, this process would involve gathering comprehensive data
from multiple centers, including detailed clinical, imaging, and neuro-
physiological information on patients with brain injuries. The data
should be cleaned and preprocessed to address missing values and
outliers. Exploratory data analysis (EDA) helps to understand the dis-
tribution and relationships between variables. Feature engineering can
create relevant features and normalize or standardize the data as
needed. Initial model training could start with logistic regression for
simplicity, followed by comparisons with more complex models if
necessary. Cross-validation and external datasets should be used for
validation (Riley et al., 2024), and model performance should be eval-
uated using discrimination and calibration metrics. Cross-validation and
external datasets should be used for validation, and model performance
should be evaluated using discrimination and calibration metrics
(Steyerberg and Vergouwe, 2014). The final model should be translated
into a practical clinical scoring tool (like an app or online tool) to guide
treatment decisions and validated prospectively in clinical settings.

By following these steps and leveraging relevant literature, a robust
clinical score for predicting epilepsy risk after brain injuries can be
developed, ensuring it is both scientifically sound and practically useful
in clinical settings.

3. Selected prognostic models for seizures and epilepsy after
acute brain injuries (Fig. 2)

3.1. Post-Stroke epilepsy

3.1.1. Ischemic stroke

The SeLECT Score, is a tool designed to predict the risk of remote
symptomatic seizures following ischemic stroke. This model, derived
from a cohort of 2,369 patients from four centers (1200 in the derivation
and 1169 in the validation cohort), utilizes a multivariable Cox pro-
portional hazards regression. It incorporates five clinical predictors:
stroke severity (NIHSS score), large-artery atherosclerotic etiology,
acute symptomatic seizures (within 7 days of stroke), cortical involve-
ment, and middle cerebral artery territory involvement. The score as-
signs points for each predictor, with the total score ranging from 0 to 9.
Predictive accuracy was validated with a c-statistic of 0.77. The risk for
remote symptomatic seizures ranges from 0.5 % for a score of 0 points to
63.4 % for a score of 9 points within one year (Galovic et al., 2018).

The SeLECT Score underwent further validation and refinement in
2023 with data from the same cohort of 4,552 patients across nine in-
ternational centers. This updated SeLECT2.0 Score assigns points as
follows: NIHSS 4-10 (1 point), NIHSS > 11 (2 points), large-artery
atherosclerosis (1 point), short acute symptomatic seizure (3 points),
acute symptomatic status epilepticus (7 points), cortical involvement (2
points), and middle cerebral artery territory involvement (1 point). The
refined model demonstrated a c-statistic of 0.76, with the risk of remote
symptomatic seizures varying from 0.6 % for a score of 0 points to 94 %
for a score of 13 points after one year (Sinka et al., 2023).

To aid in driving safety decisions post-stroke, the Chance of
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Occurrence of Seizure in the next Year (COSY) model was developed
using data from the SeLECT2.0 cohort. This model assesses seizure risk
to determine safe driving intervals. Patients with SeLECT2.0 scores of
0-6 had a low COSY (0.7 %-11 %), indicating they did not require a
seizure-free interval for driving safety. Higher scores necessitated
varying seizure-free intervals to reduce COSY to acceptable levels for
private and professional driving. Practical tools, such as smartphone-
based or web-based applications, have been emphasized for assessing
seizure risks and determining appropriate intervals for safe driving
(Schubert et al., 2024).

Currently, efforts are underway to integrate EEG findings into the
SeLECT Score (SeLECT-EEG) and to develop a separate score for post-
stroke survivors with acute symptomatic seizures (SeLECT-ASyS).
These developments aim to address the underestimation of long-term
risks for post-stroke epilepsy in these groups. Taking into account the
NIHSS after possible intervention rather than directly at admission
seems to be favorable (Meletti et al.,, submitted). Additionally,
combining the SeLECT score with IL-1p levels has been shown to
enhance predictive value for post-stroke epilepsy (Shen et al., 2021).

3.1.2. Hemorrhagic stroke

The ICH-CAVE Score, introduced in 2014, predicts epilepsy after
intracerebral hemorrhage (ICH). Developed from a derivation cohort of
993 patients in Helsinki, with a validation cohort of 325 patients from
Lille, the model includes points for cortical involvement, age under 65
years, hemorrhage volume greater than 10 mL, and acute symptomatic
seizures within seven days of ICH. The model’s c-statistic was 0.81 in the
derivation cohort, indicating strong predictive power, though it dropped
to 0.69 in the validation cohort. The risk for remote symptomatic sei-
zures increased with higher scores, ranging from 0.6 % for a score of 0 to
46.2 % for a score of 4 after a median follow-up of 2.7 years
(Haapaniemi et al., 2014).

The ERICH study (Kwon et al. 2020) investigated risk factors for
seizures following ICH and validated the CAVE score in a multi-ethnic
cohort of 2,507 patients. Significant predictors of remote symptomatic
seizures included lobar hemorrhage, larger hematoma volume, younger
age, and surgical evacuation. The CAVE score showed strong predictive
value for seizure development, with an alternative CAVS score
(substituting surgical evacuation for acute symptomatic seizures)
demonstrating similar predictive power (Kwon et al., 2020).

In 2023, the ICH-CAVE Score was refined into the ICH-CAVE2 Score
using data from 408 patients in Taiwan. This updated model assigns
different weights to similar variables: cortical involvement (2 points),
age under 65 years (1 point), hemorrhage volume greater than 10 mL (1
point), and acute symptomatic seizures within seven days of ICH (1
point). The c-statistics for the original CAVE and the updated CAVE2
scores were 0.73 and 0.74, respectively. Risk calculations showed a 4.6
% risk of remote symptomatic seizures for scores < 1, 18.3 % for a score
of 2, and 54.1 % for scores > 3 over a four-year follow-up (Huang et al.,
2023).

Another model, the ICH-LANE Score, was developed from a cohort
of 602 patients at Qingdao University and validated with 521 patients
from Qingdao Municipal Hospital. This model assigns points for lobar
hemorrhage, age under 65 years, NIHSS score of 15 or higher, and acute
symptomatic seizures. The c-statistic was 0.83 in the derivation cohort
and 0.78 in the validation cohort, indicating good predictive accuracy.
The risk of remote symptomatic seizures ranged from 0 % for a score of
0 to 100 % for a score of 5 (Y. Wang et al., 2021).

3.1.3. Subarachnoidal bleeding

For subarachnoid bleeding, the SAB-RISE Score was developed using
a derivation cohort of 419 patients from Vall d’Hebron University
Hospital and a validation cohort of 308 patients from Bellvitge Uni-
versity Hospital. Acute symptomatic-onset seizures were observed in 20
% of patients, with epilepsy developing in 12 %. The score includes the
modified Rankin scale at onset, ischemia (VASOGRADE system),
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surgery, and early-onset seizures. The c-statistic was 0.81 in the deri-
vation cohort and 0.86 in the validation cohort. Risk calculations indi-
cated a low risk of 2.9 % for scores 0-1, a moderate risk of 20.8 % for
scores 2-3, and a high risk of 75.7 % for scores 4-5 over five years
(Campos-Fernandez et al., 2024).

3.1.4. Cerebral venous thrombosis

The DIAS3 Score is a predictive tool for estimating epilepsy risk after
cerebral venous thrombosis (CVT). It uses six acute-phase clinical vari-
ables: decompressive hemicraniectomy, intracerebral hemorrhage at
baseline, subdural hematoma, acute seizures (excluding status epi-
lepticus), acute status epilepticus, and age. These variables are com-
bined into a cumulative score that correlates with seizure probabilities
over one to three years, ranging from 7 % in low-risk patients to as high
as 83 % in high-risk cases. The model was derived from 1,128 patients in
the International CVT Consortium and externally validated in two in-
dependent multi-center cohorts: ACTION-CVT (543 patients) and the
Israel CVT study (556 patients). Across these populations, the DIAS3
score demonstrated robust accuracy, with C-statistics ranging from 0.74
to 0.80, and adequate calibration in both derivation and validation
settings. A calculator for the DIAS3 score is available online (Lindgren
et al., 2024).

3.2. Brain tumor related epilepsy

3.2.1. Meningioma

Focusing on postoperative epilepsy risk in meningioma patients, the
Meningioma-STAMPE2 Score was developed from a study of 779 pa-
tients at the University Hospital Zurich. Pre-surgery, 31 % of patients
experienced seizures, and postoperative epilepsy occurred in 26 %. The
score includes points for sensorimotor deficits, tumor progression, age
under 55 years, major surgical complications, preoperative epilepsy,
epileptiform potentials on postoperative EEG, and edema. Treating pa-
tients with a score of 2 points or higher is recommended, with pro-
spective validation suggested to guide anti-seizure treatment decisions
(Wirsching et al., 2015).

3.2.2. Metastasis

To predict epilepsy risk in patients with brain metastases, particu-
larly focusing on postoperative epilepsy, the Brain Metastases Epilepsy
Risk Score was developed based on an analysis of 799 patients at the
University Hospital Zurich. Of the cohort, 28 % were diagnosed with
epilepsy. Points are assigned for supratentorial localization (4 points),
incomplete resection (3 points), and multiple surgeries (1 point). The
score ranges from O to 8, with higher scores indicating a greater risk of
postoperative seizures. ROC analysis supported the diagnostic accuracy
of the score (AUC = 0.75), suggesting that patients with higher scores
might benefit from primary prophylactic anti-seizure medication (ASM)
(Wolpert et al., 2020).

3.2.3. Glioma-Related epilepsy predictive models

3.2.3.1. Glioma-Related epilepsy nomogram. The Glioma-Related Epi-
lepsy Nomogram predicts the likelihood of postoperative seizures in
glioma patients by integrating eight key clinical and molecular factors.
These include age, IDH mutation, tumor location (temporal lobe
involvement), preoperative epilepsy, extent of resection, WHO grade,
functional deficits, and Ki-67 expression levels. Each variable contrib-
utes to a cumulative score that reflects seizure risk, with probabilities
ranging from 10 % for lower scores to 80 % for higher scores within 12
months following surgery. The nomogram was derived from a cohort of
449 glioma patients stratified by IDH mutation and 1p/19q codeletion
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status. Although it performed well in this single-center cohort, with clear
risk stratification based on clinical and molecular parameters, its
generalizability remains limited by its derivation from a single institu-
tion and is based on an outdated tumor classification (WHO 2016),
which may limit its applicability in present-day clinical settings (Li et al.,
2022).

3.2.3.2. Diffuse high-grade gliomas (DHGGs). A predictive model for
postoperative seizures in patients with diffuse high-grade gliomas
(DHGGS) was developed using clinical and RNA-seq data, identifying a
seven-gene signature that significantly improved predictive accuracy.
This model, incorporating age, temporal lobe involvement, and preop-
erative glioma-related epilepsy history, showed strong performance
with AUCs of 0.88 and 0.85. Functional analyses pointed to ion channel
activities and immune system dysfunctions as key mechanisms in
glioma-related epilepsy, highlighting therapeutic targets like SLC1A4
and KCNJ10 (Li et al., 2023).

3.3. Traumatic brain injury

A prognostic model for predicting epilepsy after TBI was devel-
oped using a training cohort of 1,301 patients from West China Hospital
(2011-2017) and validation cohorts from Chengdu Shang Jin Nan Fu
Hospital (421 patients) and Sichuan Provincial People’s Hospital (413
patients). Acute symptomatic seizures were observed in 6 % of the
training cohort and 7 % and 5 % in the validation cohorts, respectively.
Remote symptomatic seizures occurred in 13 % of the training cohort,
11 % in the first validation cohort, and 6 % in the second. The model
incorporates parameters such as sex, time of loss of consciousness,
subdural hemorrhage, contusion sites, acute symptomatic post-
traumatic seizures, TBI severity, and treatment type. A nomogram was
created to provide individualized risk predictions, achieving a c-index of
0.846 in the training cohort, 0.895 in the first validation cohort, and
0.883 in the second validation cohort. This nomogram effectively
identifies high-risk individuals, with risk scores for developing epilepsy
at 1 and 5 years post-injury ranging from 0 to 100 % (X.-p. Wang et al.,
2021).

In contrast, another significant model for predicting post-
traumatic epilepsy after TBI analyzed 457 patients at Qinghai Pro-
vincial People’s Hospital from November 2016 to November 2019. This
model evaluated high-risk factors for post-traumatic epilepsy by exam-
ining different parameters, including contusion site, chronic alcohol use,
contusion volume, skull fracture, subdural hematoma (SDH), GCS score,
and non-late post-traumatic seizures (Non-LPTS). Significant predictors
unique to this model include contusion volumes greater than 13.5 mL,
chronic alcohol use, depressed skull fractures, and SDH. The model
achieved a c-index of 0.9829, indicating exceptional predictive perfor-
mance. Internal validation showed strong agreement between predicted
and observed outcomes, with the probability of developing post-
traumatic epilepsy based on the total score from the nomogram
ranging from 1 % for low-risk individuals to over 90 % for high-risk
patients (Lin et al., 2022).

Table 2 and Table 3 provide a comprehensive overview of the var-
iables and clinical scores used to predict the risk of seizures and epilepsy
following stroke, tumors, and traumatic brain injury. Table 2. focuses on
the specific variables and their associated risk estimates, while Table 3
summarizes the baseline information, statistical methods, and perfor-
mance metrics of various prognostic models, highlighting their clinical
utility and generalizability. User-friendly online calculators for these
models are provided at https://www.predictepilepsy.com to facilitate
clinical implementation.
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Table 1
Commonly Used Statistical Metrics and Techniques in Predictive Modeling.
Statistical Metric/ Context in Predictive Scores Use Limitations
Technique
Inclusion/Exclusion Defines the population most relevant to Ensures that the predictive score focuses  Overly strict criteria may exclude borderline cases

Criteria Analysis

Descriptive Statistics of
the study cohort

Exploratory Data
Analysis (EDA)

Imputation Methods for

Missing Data
Correlation Analysis

Feature Selection (e.g.,
LASSO)

Logistic Regression

Cox Proportional Hazards
Regression

Competitive Risk

Analysis

Random Forests

Neural Networks

k-Fold Cross-Validation

Recursive Feature
Elimination

Area Under the Receiver
Operating
Characteristic Curve
(AUC-ROC)

Z Score

Precision-Recall (PR)

Curve

Calibration Plot

Hosmer-Lemeshow Test

Brier Score

C-Statistic

External Validation

Reliability Testing

Updating Models

predicting epilepsy risk, ensuring homogeneity
in the dataset.

Summarizes demographic and clinical
characteristics of the study population.

Visualizes and analyzes the data to identify
patterns, trends, and relationships.

Fills gaps in datasets where variable values are
missing due to incomplete data collection.
Examines relationships between variables (e.g.,
lesion size and seizure risk) to identify potential
predictors.

Identifies the most predictive variables by
penalizing irrelevant ones, reducing model
complexity.

Used for binary classification problems, such as
predicting the presence or absence of epilepsy.
Models time-to-event data, such as the time until
epilepsy onset after brain injury.

Analyzes the likelihood of specific events (e.g.,
epilepsy vs. death) in the presence of competing
risks.

A machine learning technique that uses an
ensemble of decision trees to model complex
relationships between variables.

Used for detecting complex patterns in data,
mimicking the human brain’s processing
abilities.

Splits the dataset into k subsets to repeatedly
train and test the model, ensuring robustness.
Repeatedly construcs a model and removes less
important predictors to identify the most
impactful variables.

Measures the model’s ability to distinguish
between those who develop epilepsy and those
who do not.

Standardizes raw scores by centering data
around the mean and scaling by the standard
deviation, enabling scores from different
distributions to be compared directly.
Evaluates the model’s performance in predicting
the positive class (e.g., seizure occurrence),
particularly in imbalanced datasets.

Visualizes how well the predicted probabilities
align with observed outcomes in real-world
applications.

Statistically evaluates the goodness-of-fit
between observed and predicted probabilities
during implementation.

Combines discrimination and calibration to
evaluate the overall accuracy of probabilistic
predictions.

Measures the concordance between predicted
risks and observed outcomes, similar to AUC-
ROC.

Evaluates the model’s performance on an
independent dataset from a different cohort or
population.

Assesses reproducibility of the model’s
predictions across different subsets of the
population.

Refines the predictive model as new data
becomes available, ensuring it remains relevant
over time.

on appropriate patient groups for
reliability.

Provides insights into the baseline
characteristics of the population (e.g.:
sex, age,comorbiditie etc.)

Useful for detecting missing data,
outliers, and trends in variables related to
epilepsy risk.

Prevents loss of valuable information and
allows the use of the full dataset.

Helps in selecting variables strongly
associated with epilepsy risk.

Prevents overfitting and improves
generalizability of the predictive model.

Provides interpretable coefficients and
estimates the probability of outcomes.
Identifies time-dependent risk factors for
epilepsy and provides hazard ratios.
Provides more realistic modeling for
datasets with multiple possible
outcomes.

Handles large datasets with many
predictors and captures non-linear
interactions.

Effective for modeling non-linear and
multi-dimensional relationships.

Provides a reliable estimate of model
performance and prevents overfitting.
Improves model simplicity and identifies
key variables influencing the outcome.

Commonly used to evaluate the
discriminatory power of the model.

Facilitates direct comparisons between
different datasets or models, aids in
outlier detection, and improves model
interpretability.

Highlights precision (positive predictive
value) versus recall (sensitivity).

Identifies overconfidence or
underconfidence in model predictions
during practical use.

Confirms the reliability of the model’s
calibration numerically.

Provides a single metric to evaluate both
the reliability and accuracy of
predictions.

Indicates the precision of risk
predictions, commonly used in survival
analysis models.

Confirms the generalizability of the
model beyond the training data.

Ensures the model performs consistently
in diverse real-world settings.

Adapts the model to changing clinical
practices or populations.

that could reduce generilzabilty and influence
predictions.

Provides a snapshot of the population characteristics
without information on causation

Subjective interpretation may introduce bias;
requires statistical validation of observed trends.

Imputed data may not accurately reflect real-world
conditions and could bias the model.

Cannot capture non-linear relationships; correlation
does not imply causation.

May exclude important variables in noisy or highly
correlated datasets.

Assumes linear relationships between predictors and
the log odds, which may oversimplify complex data.
Assumes proportional hazards over time, which may
not hold true in all datasets.

Requires careful handling of censored data;
complexity increases with the number of competing
events.

Prone to overfitting without careful parameter
tuning; limited interpretability. In cases of linear
correlation they may not enhance precision as
compared to a single tree.

Requires large datasets and high computational
power; prone to overfitting if not properly
regularized. Risk of data set bias.

Computationally intensive with large datasets;
results depend on the number of folds chosen.

Can be computationally expensive; may miss subtle
interactions between predictors.

Limited to binary outcomes. Does not assess model’s
precision and negative predictive value. Can be
misleading for imbalanced datasets; a high AUC may
have low precision and negative predictive value.
Assumes a roughly normal distribution; sensitive to
outliers and may be misleading if the underlying
data distribution deviates significantly from normal.

Interpretation varies with class imbalance; does not
account for performance on the negative class.

Requires manual interpretation and does not provide
a numeric measure of calibration quality.

Sensitive to sample size; results may be misleading in
small or overly large datasets. Thus, no longer
recommended.

Averages performance over all probabilities. It has a
poor performance in very rare or very frequent
events due to minor accountability of small changes.
Does not provide specific insights into either
discrimination or calibration.

Requires access to external datasets; differences
between datasets may result in biased evaluations.

Requires repeated testing in different clinical
settings, resource-intensive.

Requires continuous monitoring and data collection;
risk of introducing errors during updates.

3.4. Advantages and disadvantages of simple scores and complex
nomograms in predicting epilepsy after brain injuries

When developing clinical prediction models for epilepsy after brain

injuries, such as stroke or TBI, both simple scores and complex nomo-

grams have unique advantages and disadvantages,

particularly

regarding the risk of overfitting.
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Provides a practical chart with variables for the calculation of risk estimates to predict seizures and epilepsy following stroke, tumors, and traumatic brain injury. The
table outlines key clinical factors, each assigned specific point values, that contribute to a patient’s overall risk score. These scores are then used to estimate the
likelihood of developing seizures over various time frames, such as two or five years. The chart is designed to guide clinicians in assessing patient risk and making

informed decisions about monitoring and treatment based on individualized risk profiles.

SeLECT, , Score

(Galovic et al., 2018 and sinka et al.,
2023)

ooI:
10.1001/jamaneurol.2023.0611

« NIHSS score:
-4-10: 1 point
-211: 2 points
« Large-artery atherosclerosis
* Acute symptomatic seizures:
- Short: 3 points
- Status epilepticus: 7 points
* Cortical involvement: 2 points
« Territory of MCA involvement: 1 point

1 point

After 5 Years:

Opoints: 2% 1 point: 3%

2points: 5% 3 points: 8%
4points: 12% 5 points: 18%
6 points: 27% 7 points: 39%
8 points: 55% 9 points: 72%
10 points: 86% 11 points: 96%
12 points: 99% 13 points: 100%

Mobile App (Android and Apple i05):
https://predictapps.github.io/select/

CAVE Score
(Haapaniemi et al., 2014)

ool
10.1161/STROKEAHA.114.004686

« Cortical involvement:
- Yes: 1 point
* Age:
- <65 years: 1 point
« Volume:
->10 mL: 1 point
« Seizures:
- Early seizures within 7 days of ICH: 1 point

After 2.7 years (median follow-uj
0 points: 0.6%
1 point: 3.6%
2 points: 9.8%
3 points: 34.8%
4 points: 46.2%

Figure 1: Timing of first late seizure after
intracerebral hemorrhage
(Kaplan-Meier curve for CAVE score O to|

CAVE2 Score
(Huang et al., 2023)

DOI: 10.1186/512883023 03510 1

« Cortex involvement: 2 points
« Age:
- <65 years: 1 point
« Volume:
->10 mL: 1 point
« Seizures:
- Early seizures within 7 days of ICH: 1 point

“After a years:
0 points: 4.5%
1 point: 5.7%
2 points: 18.3%
3 points: 16.1%
4 points: 42.4%
5 points: 75%

Table 3: Comparison of CAVE and CAVE2
Score and their relationship to late
seizures

LANE Score

(Wang et al., 2021)

Dol
10.1016/j.eplepsyres.2021.106600

« Lobar hemorrhage: 1 point
« Age:
- <65 years: 1 point
« NIHSS score:
15: 2 points
« Seizures:
- Early seizures: 2 points

LANE score 2 5: 100%
LANE score = 6: No data available

There are no direct risk estimates for
each individual point. However, Table 4
provides the Positive Predictive Value
(PPV) based on the cumulative score

RISE Score
(Campos-Fernandez et al., 2024)
Dol

10.1212/WNL.0000
000000209221

« Premorbid mRS:

- Yellow: 1 point
- Red: 2 points

« Surgical treatment: 1 point

« Seizures:
- Early-onset seizures: 1 point

After 5 years:
0-1 points: 2.9%
2:3 points: 20.8%
45 points: 75.7%

Figure 3: Predicted risk of late seizures
according to the RISE score, along with
its discrimination power over the 0-5
year period following subarachnoid
hemorrhage.

Brain Metastases Epilpsy Risk Score

(Wolpert et al,, 2020)

DOI: 10.1093/neuonc/noz172

« Supratentorial BM: 4 points
« Incomplete resection: 3 points
 Multiple surgeries: 1 point

After s Years:
0 points: 0% 1 point: 0%
2pointsinodata 3 points: 6.3%
4points: 8.7% 5 points: 11.1%

6 points: no data

7 points: 22.9%

8 points: 47.4%

Figure 4: Predictive score model for
postoperative BTRE, showing risk
factors, ROC curve performance, and
patient distribution by score with
seizure outcomes

STAMPE2 Score
(Wirsching et al., 2016)

DOI: 10.1093/ neuonc /nov303

io
1point
* Major surgical complication: 2 points

« Preoperative epilepsy: 2 points

« Epileptiform potentials on postoperative EEG: 2 points.
« Edema: 1 point

Not specified in the document, but the authors recommend

itiating anti-seizure medication at a score of 2 points or higher. -
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- Age:
-0 points: Age 265 years
-1 point: Age 50-64 years
-2 points: Age 30-49 years
-3 points: Age <29 years

« Temporal Lobe

Epilepsy Model
(Lietal., 2023)

DOI: 10.1186/512885-022-10385-

-0 points: Non-involved
- 1.5 points: Involved
« Preoperative GRE:
-0 points: Non-GRE
- 1 points: GRE present
« predictive Genes:
- LUZP2, GPNMB, MMD2, GALNTI3, IKBKGP1, SLC1A, RPL
« Risk Score Calculation Formula:

- Risk score = 0.000646822 * ExpLUZP2 +0.002348291 * EXpGPNMB + 0003071414 * ExpMMD2 +
0.005716866 * EXpGALNT13 + 0.014817826 * ExpIKBKGP1 + 0.01969116 * ExpSLC1Ad +0.019902233 *

ExpRPL

After 2 Years: Figure 5A: Detailed nomogram

0 points: ~0% 1 point: ~0% (derivation cohort), requiring a isk score
2 points: ~1% 3 points: ~2% calculation using a specific formula for
4points: ~4% 5 points: ~6% predictive genes before determining the
6points: ~11% 7 points: ~22% overall risk

8points: ~35% 9 points: “53%

10points: ~69% 11 points: “83%

12points: ~91% 13 points: ~95%

‘Glioma-Related Epilepsy Predictive
Normogram (L et al., 2021)

DOI: 10.3171/2020.12.JNS203351

* Age:
- <45 years: 2.4 points
- 245 years: 0 points

« Preoperative Epilepsy:
- Present: 10 points
- Absent: 0 points

 Tumor Location (Temporal Lobe Involvement):

- Involved: 4.2 points
- Non-involved: 0 points

« IDH Mutation:
- Present: 1 point
- Absent: 0 points

« Functional Deficit:
- Absent: 0.2 points
- Present: 0 points

* Extent of Resection (EOR):
- Non-GTR: 3.5 points.
- GTR: 0 points

* WHO Grade:
- Grade Ill: 3.3 points
- Grade IV: 0 points

« Ki-67 Expression:
- £10%: 1.6 points.
- >10%: 0 points

Cumulative risk of seizure 12 months post-surgery based on total score:

* 9.6 points: 10%
*13.7 points: 20%
*16.5 points: 30%
* 18.8 points: 40%
*20.8 points: 50%
*22.9 points: 60%

« 25.1 points: 70%
«27.9 points: 80%

Figure 2: A complex nomogram for
predicting PTE

« Loss of Consciousness (LOC):
-0 points: $30 min

« Subdural Hematoma (SDH):
-0 points: No

« Glasgow Coma Scale (GCS) Score:
-0 points: Mild (13-15)
-2 points: Moderate (9-12)
-95 points: Severe (3-8)

« Non-LPTS (Non-Late Post-Traumatic Seizures):

-0 points: No
- 76 points: Yes

- 59 points: 31 min - 24 h - 57 points: Yes After 1 Year: After 5 Years:
- 67 points: >24 h 238:10% 200: 10%
291:20% 254: 20%
* Early Post-Traumatic Seizures (EPTS): e Contusion Site: 325:30% 287:30%
PTE Predictive Nomogram (1) - 0 points: No - 0 points: No 350: 40% 313:40%
- 74 points: Yes. - 29 points: Other sites 372: 50% 334:50% Figure 2: A complex nomogram that
(Wang et al., 2021) - 65 points: Frontal temporal lobe 392: 60% 354: 60% requires careful interpretation
- sen a0 70
DOI: 10.1016/j.seizure.2021.03.023 | - 0 points: Female « Glasgow Coma Scale (GCS): 432:80% 394: 80%
-37 points: Male -0 points: Mild 457:90% 420:90%
- 76 points: Moderate 476: 95% 438:95%
- retment - 100poms Sevre
" o Consenative
i i boncure
5 o uen
* Contusion Site: * Chronic Alcohol Use: After 2 Years:
-0 points: Occipital -0 points: No. 131 1% 167:5%
- 14 points: Parietal - 28 points: Yes
72 it Frona ’ TS T
. ik a0
- 79 points: Temporal * Contusion Volume: 213: 30% 218: 35%
P redicive Nomagram (z) | 100 ltplesies Opdinstagml ik
ey |- ZE  EE et e
-0 points: No * Subdural Hematoma (SDH): 250: 70% 255: 75% predicting PTE
oo nossssmon ez | 22PN Dzl e
ook 269
20

DIAS3 Score

(Lindgren et al,, 2024)
DOI: 10.1001/jamaneurol.2024.3481

* Decompressive hemicraniectomy: HR 2.28 (1.45-3.57), Coefficient 0.823
« Intracerebral hemorrhage at baseline: HR 1.45 (1.11-1.87), Coefficient 0.368
* Age (in decades): HR 1.01 (0.94-1.09), Coefficient 0.013

. in acute phase

ilepticus): HR 1.52 (1.18-1.96), Coefficient 0.420

« Status epilepticus in acute phase: HR 2.35 (1.65-3.36), Coefficient 0.856
« Subdural hematoma at baseline: HR 1.28 (0.74-2.21), Coefficient 0.247

Formula for DIAS3 Score:

Individual risk = 1 - (1 baseline hazard)  exp(A-0.4390308)
where A = 0.823 (if decompressive hemicraniectomy) + 0.368 (if intracerebral hemorrhage) + 0.013 * age
(per decade)

L-year risk: 7%-68%, 3-year risk: 10%-83%
« No ICH, No decompressive surgery, No SDH, No acute seizures: 1-year risk ~7%, 3-year risk ~10%

« No ICH, No decompressive surgery, No SDH, Acute seizures excluding status epilepticus: 1-year risk ~10%, 3-vear risk ~15%
« No ICH, No decompressive surgery, No SDH, Status epilepticus in acute phase: 1-year risk ~15%, 3-year risk ~23%

« No ICH, No decompressive surgery, No SDH, Acute seizures & status epilepticus: 1-year risk ~22%, 3-year risk ~32%

« No ICH, Decompressive surgery, No SDH, No acute seizures: 1-year risk ~15%, 3-year risk ~22%

« No ICH, Decompressive surgery, No SDH, Acute seizures excluding status epilepticus: 1-year risk ~22%, 3-year risk “31%

« No ICH, Decompressive surgery, No SDH, Status epilepticus: 1-year risk ~31%, 3-year risk ~44%

«NolICH, surgery, No SOH, & I 1-year risk ~43%, 3-year risk ~59%

« ICH, No decompressive surgery, No SDH, No acute seizures: 1-year risk ~10%, 3-year risk ~15%

« ICH, No decompressive surgery, No SDH, Acute seizures excluding status epilepticus: 1-year risk ~14%, 3-year risk ~21%

H, surgery, No SOH, I 1-year risk ~21%, 3-year risk ~31%

H, No decompressive surgery, No SDH, Acute seizures & status epilepticus: 1-year risk ~30%, 3-year risk ~43%

Table 3: A complex table to predict
epilepsy after cerebral venous
thrombosis

+0.420 (if acute seizure) + 0.856 (if status epilepticus) + 0.247 (if subdural hematoma)
Baseline hazards: 1 year = 0.09996527, 3 years = 0.14976

H, Decompressive surgery, No SDH, No acute seizures: 1-year risk ~21%, 3-year risk ~30%
« ICH, Decompressive surgery, No SDH, Acute seizures excluding status epilepticus: 1-year risk ~29%, 3-year risk ~42%
« ICH, Decompressive surgery, No SDH, Status epilepticus: 1-year risk ~42%, 3-year risk ~56%

« ICH, Decompressive surgery, No SDH, Acute seizures & status epilepticus: 1-year risk ~56%, 3-year risk ~72%

Ease of Use: Simple scores like the CAVE or SeLECT scores offer
straightforward calculations that can be quickly applied in clinical
settings without the need for advanced technology.

Rapid Decision-Making: These models facilitate quick risk strati-
fication at the bedside, enabling timely interventions.

High Compliance: Due to their simplicity, they are more likely to be
used consistently by healthcare providers.

Accessibility: Simple scores are particularly valuable in resource-
limited settings where access to advanced computational tools may
be limited.

Broad Applicability: These scores can be applied across various
clinical settings with minimal adaptation.

Advantages of complex Nomograms: (Jimenez et al., 2022)

e High Predictive Accuracy: Complex models incorporate a larger
number of variables and can model intricate interactions, often
resulting in higher c-statistics and more accurate predictions.

e Personalized Medicine: These models align with the principles of
personalized medicine by providing highly individualized risk
assessments.

e Detailed Risk Stratification: They can capture detailed patient-
specific information, which can be vital for nuanced clinical deci-
sion-making.

Disadvantages of complex Nomograms

e Risk of Overfitting: The complexity of these models introduces a
higher risk of capturing noise rather than true underlying patterns,
which can lead to poor generalizability in new datasets.

e Resource Intensive: They require advanced computational tools
and extensive training, which can limit their practical application in
low-resource environments.

Disadvantages of simple Scores

e Underfitting: The simplicity of these models may lead to the omis-
sion of important interactions and nuances, potentially reducing
their predictive power and precision.

e Limited Personalization: They may not provide highly individu-
alized risk assessments, which can be crucial for personalized
medicine.
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Table 3

Summarises baseline information and the quality of various prognostic models used to predict seizures and epilepsy following stroke, tumors, and traumatic brain
injury. these models, derived from diverse patient populations, employ statistical methods like cox regression to assess seizure risk. each model’s performance is
evaluated using metrics such as c-statistics and auc, which indicate their predictive accuracy. the models vary in generalizability, with some validated across multiple
centers, while others are limited to single-center studies. clinically, these models are valuable for guiding treatment decisions, monitoring, and follow-up in patients at

risk for seizures.

Score Name

Population

Statistical
Methods

Validation Methods

Performance Metrics

Generalizability

Clinical Utility

SeLECT; o Score
(Galovic et al.,
2018; Sinka
et al., 2023)

CAVE Score
(Haapaniemi
et al., 2014)

CAVE2 Score
(Huang et al.,
2023)

LANE Score
(Wang et al.,
2021)

RISE Score
(Campos-
Fernandez et al.,
2024)

Brain Metastases
Epilpsy Risk
Score
(Wolpert et al.,
2020)

STAMPE2 Score
(Wirsching
et al., 2016)

Postoperative
Glioma-related
Epilepsy Model
(Li et al., 2023)

Glioma-Related
Epilepsy
Predictive
Normogram (Li
et al., 2021)

PTE Nomogram
m
(Wang et al.,
2021)

2023: Derivation: 4552
patients, 9
international centers
(2002-2019)

Derivation: 993
patients (n = 764 > 7
days survivors),
Helsinki (2005-2010)
Validation: 325
patients, Lille
(2004-2009)
Derivation: 408
patients, Taiwan
(2013-2019)

Derivation: 602
patients, Hospital of
Qingdao University
(2014-2017)
Validation: 521
patients, Qingdao
Municipal Hospital
(2015-2017)
Derivation: 419
patients, Vall d’Hebron
University Hospital
(2012-2021)
Validation: 308
patients, Bellvitge
University Hospital
(2011-2022)
Derivation: 799
patients, Zurich
(2004-2014)

Derivation: 779
patients, Zurich
(2000-2013)

Derivation: 166
patients, Validation: 42
patients, Beijing
Tiantan Hospital

449 patients stratified
by IDH mutation and
1p/19q codeletion
status.

Derivation: 1301
patients, West China
Hospital (2011-2017)
Validation: 834
patients, two cohorts
(2013-2015)

Multivariable Cox
proportional
hazards regression

Cox regression
model

Binary logistic
regression

Cox regression
model

Multiple Cox
regression model

Univariate and
multivariate Cox
regression models

Binary logistic
regression model

LASSO logistic
regression,
multivariate
logistic regression

Multivariate
logistic regression
and Cox
proportional

hazards regression.

Multivariable Cox
proportional
hazards regression
model

Internal: Derivation
cohort (9 international
sub-cohorts); 2023
Replication cohort for
Status epilepticus (SE):
39 patients with post-
stroke SE, 3 separate
cohorts

Internal: Retrospective
cohort (University
Hospital Helsinki)
External: 325 patients,
Lille (2004-2009)

Internal: Retrospective
cohort (Ditmanson
Medical Foundation
Chiayi Christian
Hospital)

Internal: Retrospective
cohort (Affiliated
Hospital of Qingdao
University) External: 521
patients, Qingdao
Municipal Hospital

Internal: Retrospective
cohort (Vall d’Hebron
University Hospital)
External: 308 patients,
Bellvitge University
Hospital

Internal: Retrospective
cohort (University
Hospital Zurich)

Internal: Retrospective
cohort (University
Hospital Zurich)

Internal: Retrospective
cohort (Beijing Tiantan
Hospital)

Retrospective cohort,
single-center study.

Internal: Retrospective
cohort (West China
Hospital) External: Two
independent cohorts
(421 patients from
Chengdu Shang Jin Nan
Fu Hospital and 413
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C-statistic: 0.77
(derivation), Optimism-
corrected
discrimination: 0.77
Risk scores: 2 % (0
points) to 100 % (13
points)

c-statistic: 0.81
(derivation), 0.69
(validation) Risk scores:
0.6 % (0 points) to 46.2
% (4 points)

c-statistic: 0.74 Risk
scores: 4.6 % (<1 point),
18.3 % (2 points), 54.1
% (>3 points)

c-statistic: 0.83
(derivation), 0.78
(validation) Risk scores:
10.1 % (0 points) to 100
% (6 points)

AUC: 0.82 (derivation),
0.82 (validation) Risk
scores: 2.9 % (0-1
points), 20.8 % (2-3
points), 75.7 % (4-5
points)

AUC: 0.75 (derivation)
Risk scores: 0 % (0
points) to 47 % (8
points)

OR for each variable
provided: e.g.,
Preoperative epilepsy
OR: 3.46 (95 % CI:
2.32-5.16), CNS
infection OR: 5.89 (95 %
CI: 1.53-22.61)

AUC: 0.878 (training),
0.845 (validation)

No AUC or c-statistics
reported. Performance is
evaluated using odds
ratios for specific
factors.

C-index: 0.846
(training), 0.895
(validation)

High (multicenter
validation)

Moderate to high
(lower validation c-
statistic)

Moderate (limited by
single-center study)

High (validated in a
separate cohort)

High (validated in a
separate cohort)

Moderate (limited by
retrospective design)

Moderate (limited by
retrospective design)

Moderate (single-
center study)

Moderate (limited to
single-center cohort,
specific to glioma-
related epilepsy).

High (validated in
two separate
cohorts)

High (assists in guiding
treatment and follow-
up), mobile App
available (https://predi
ctapps.github.io/
select/)

Good (simple, easy to
use)

Good (improved
accuracy over CAVE
score)

Good (useful for closer
monitoring and clinical
trials)

High (guides
personalized treatment
and follow-up)

Fair (helps identify
high-risk patients for
ASM treatment and/or
potential prophylaxis)

Fair to good (guides
postoperative ASM
treatment but without
specifying risk in
percentages and follow-
up periods)

Fair to good (combines
gene-signature and
clinical data), though
the complex score with
the nomogram is
challenging to apply in
practice, it effectively
identifies high-risk
patients

Guides AED use and
seizure management
strategies in glioma
patients.

Good to high (guides

targeted treatment and
follow-up)

(continued on next page)
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Score Name

Population

Statistical
Methods

Validation Methods

Performance Metrics

Generalizability

Clinical Utility

PTE Prediction
Nomogram (2)
(Lin et al., 2022)

DIAS3 Score
(Lindgren et al.,
2024)

Derivation: 457
patients, Qinghai
Provincial People’s
Hospital (2016-2019)
Derivation cohort:
1128 patients
(International CVT
Consortium),

Univariate and
multivariate
logistic regression

Cox proportional
hazards regression
with multiple
imputation and

patients from Sichuan
Provincial People’s
Hospital)

Internal: Retrospective
cohort (Qinghai
Provincial People’s
Hospital)

Internal validation with
bootstrapping, external
validation using two
independent multicenter

C-index: 0.9829 Risk
scores: 1 % (131 points)
to 99 % (332 points)

C-statistics: 1-year and
3-year follow-up —
derivation cohort (0.74),
ACTION-CVT (0.76,
0.77), Israel CVT cohort
(0.80). Calibration plots
indicated adequate
agreement

Moderate (single-
center study)

High (validated
internationally
across multiple
centers with diverse
patient cohorts)

Fair (identifies high-risk
patients for targeted
ASM treatment and/or
prophylaxis)

Good (provides
personalized epilepsy
risk estimates after
CVT, but only at 1 and
3 years, offers an online
calculator https://cer
ebralvenousthrombosis.
com/professional

validation cohorts: 543 ridge penalty cohorts
(ACTION-CVT) and 556  adjustments for

(Israel CVT study). overfitting

Multinational, hospital-

based.

s/dias-3/)

Legend: Score Name refers to the name and reference; Population describes the patient data used; Statistical Methods outlines the model development approach;
Validation Methods explain how the scores were tested; Performance Metrics indicate predictive accuracy; Generalizability shows the applicability across different

settings; Clinical Utility reflects the practical use of these scores in patient care.

Abbreviations: C-statistic (Concordance statistic), AUC (Area Under the Curve), ASM (Antiseizure medication), OR (Odds Ratio), LASSO (Least Absolute Shrinkage and

Selection Operator), CNS (Central Nervous System), CI (Confidence Interval).

e Implementation Barriers: The complexity and need for regular
updates and validation can pose challenges in clinical
implementation.

Balancing Simplicity and Complexity: To mitigate overfitting in
simple models, techniques such as cross-validation and focusing on well-
validated clinical variables are essential. For complex models, regula-
rization methods like LASSO, extensive cross-validation, pruning of non-
contributory variables, and external validation with independent co-
horts are crucial. By balancing these factors, robust, reliable, and clini-
cally useful prediction tools can be developed.

4. Integrating electrophysiological data in seizure prediction

4.1. The necessity of integrating electrophysiological data into prediction
scores for post-stroke epilepsy

Epilepsy is fundamentally an electrophysiological disorder. Despite
EEG’s sensitivity in detecting acute cerebral ischemia(Jordan, 2004) and
evaluating brain function (Assenza and Di Lazzaro, 2015), its role in
predicting post-stroke epilepsy remains underexplored. Patient self-
reporting is unreliable and may affect prediction models, leading to
potential discrepancies between predicted and observed outcomes. For
example, seizures originating from or involving the left hemisphere are
often of an amnestic nature, where patients may not remember the event
and fail to report it to their doctor (Lux et al., 2002). It is surprising that
electrographic findings and EEG biomarkers have not received much
attention in current prediction scores, which primarily focus on seizure
occurrence as the outcome. Typically, these scores are retrospectively
collected, emphasizing seizure occurrence over electrographic data.
Furthermore, it should be noted that studies investigating EEG bio-
markers have predominantly relied on standard 20-minute EEG
recordings.

Significant predictors of postoperative epilepsy in patients with brain
tumors, such as meningiomas, include the presence of epileptiform po-
tentials on EEG. Specifically, preoperative epileptic discharges and
postoperative focal slowing have been linked with persistent epilepsy
following surgical resection of meningiomas (Wirsching et al., 2015).
One study analyzed EEG data for pre- and postoperative epilepsy in
brain metastases patients, but these findings were underutilized in the
scoring model, being mentioned only to justify AED prophylaxis in 30
patients (22 %) (Wolpert et al., 2020).
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Studies on post-ischemic and post-hemorrhagic stroke patients have
demonstrated that integrating electrographic findings into prediction
scores could significantly enhance the prediction of post-brain insult
epilepsy. This is particularly beneficial for lower-risk groups—patients
without acute symptomatic seizures, severe comorbidities, or large brain
injuries—who represent the largest demographic developing post-stroke
epilepsy in the long run. Up to 12 % and 25 % of acute ischemic stroke
patients present with electrographic seizures (ESz) and rhythmic or
periodic patterns (RPPs) on EEG during the acute phase (Belcastro et al.,
2014; Scoppettuolo et al., 2019). The risk factors for ESz and RPPs align
with those for the development of post-stroke epilepsy, as mentioned
above, suggesting they may herald post-stroke epilepsy (Bentes et al.,
2018).

Similarly, in TBI contexts, EEG biomarkers show promise in pre-
dicting post-traumatic epilepsy. Key EEG abnormalities, such as inter-
ictal epileptiform discharges (IEDs), lateralized periodic discharges
(LPDs, formerly PLEDs), and generalized periodic discharges (GPDs,
formerly GPEDs), are consistently associated with increased post-
traumatic epilepsy risk (Appavu et al., 2022; Chen et al., 2023; Tubi
et al., 2019). Focal slowing and lateralized rhythmic delta activity,
especially when assessed through continuous EEG (cEEG, usually > 12
h) monitoring in the acute phase post-TBI, also link to higher post-
traumatic epilepsy risk (Kim et al., 2018; Pease et al., 2023).

In pediatric and young adult populations, sleep abnormalities such as
absent or diminished spindles over one hemisphere have emerged as
additional predictors (Appavu et al., 2022). These findings highlight the
importance of considering both epileptiform activity and background
EEG abnormalities, including sleep disruptions, in predictive models.

Continuous EEG monitoring has advanced the field of electrographic
analysis. Prolonged long-term EEG (LT-EEG) monitoring, particularly
during sleep, has demonstrated a significantly higher yield in detecting
interictal epileptiform discharges (IEDs) compared to standard EEG De
Stefano et al., 2023. For post-stroke epilepsy, highly epileptogenic
rhythmic and periodic patterns correlate with post-stroke epilepsy
development and can complement clinical risk factors (Punia et al.,
2022; Tatillo et al., 2024). Given EEG’s high sensitivity in detecting
acute cerebral ischemia and assessing brain function, incorporating EEG
data into prediction models could enhance their accuracy. Electro-
graphic biomarkers on standard, commonly used (usually 20-60 min),
and clinically available EEG, as well as continuous EEG during the acute
phase of ischemic stroke, associate with higher post-stroke epilepsy risk.
These EEG findings provide complementary prognostic information to
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clinical risk factors, helping identify patients who might benefit most
from short or continuous EEG recording. Emerging quantitative EEG
algorithms may further enhance the predictive power of EEG biomarkers
for post-brain insult epilepsy.

In conclusion, integrating electrophysiological data into prediction
scores for post-brain insult epilepsy, including post-stroke, post-trau-
matic, and brain tumor-associated epilepsy, could markedly improve
their predictive power. Due to their high sensitivity and association with
cortical injury, EEG biomarkers should be considered in future prog-
nostic models. This approach could be especially beneficial for identi-
fying lower-risk patients who may otherwise go unnoticed by current
clinical scores, enabling more tailored and effective management stra-
tegies for stroke and TBI survivors.

5. Current advances in antiepileptogenesis studies following
acute brain injuries in adults

Until now, no medication has been definitively proven to influence
epileptogenesis, though recent evidence suggests that certain drugs may
hold potential. While ASMs are known to affect mortality, their role in
preventing epilepsy is less clear. For example, a recent study found that
initiating ASM within 48 h of a first seizure significantly improved long-
term outcomes, with a lower recurrence rate observed in those treated
early (Menetre et al., 2024). Animal studies have indicated anti-
epileptogenic properties in drugs such as levetiracetam, brivaracetam,
eslicarbazepine, and topiramate, with levetiracetam being the most
systematically investigated for post-traumatic epilepsy (Klein et al.,
2018; Klein et al., 2020). However, a recent study on eslicarbazepine
showed no significant effect, only a nominal reduction in unprovoked
seizures by approximately 50 % f(Koepp et al., 2023) Further research
into perampanel is ongoing Nicolo et al., 2021.

In addition to ASMs, other medications have shown potential for
antiepileptogenesis. For instance, angiotensin receptor blockers (ARBs)
have been associated with a decreased incidence of epilepsy in hyper-
tensive patients. A large cohort study in Germany involving 168,612
patients found that ARB therapy was linked to a significantly lower
incidence of epilepsy compared to other antihypertensive drugs, sug-
gesting ARBs like losartan could be a novel approach for epilepsy pre-
vention (Doege et al., 2022). This finding was further supported by a
study involving over 2 million U.S. patients, which confirmed the anti-
epileptogenic effect of ARBs even after accounting for cerebrovascular
incidents (Wen et al., 2024). Additionally, a population-based study in
Taiwan showed that both ARBs and ACE inhibitors significantly reduced
the risk of poststroke epilepsy, with the greatest benefit observed in
younger patients who continued their therapy after a stroke (Chang
et al., 2024).

Similarly, statins have shown promise in reducing the risk of devel-
oping epilepsy after brain injuries. A critical review highlighted the
potential of statins, particularly atorvastatin, in lowering epilepsy risk
(Hufthy et al., 2022). Moreover, newer glucose-lowering drugs (GLDs)
have demonstrated neuroprotective and anti-inflammatory properties,
suggesting they might influence seizure and epilepsy development
(Citraro et al., 2019; Kopp et al., 2022; Liu et al., 2018).

While only a small percentage of individuals develop epilepsy
following ischemic or hemorrhagic stroke or TBI (3-12 %), this exten-
sive body of research underscores the need for robust, accurate, and
generalizable models to predict epileptogenesis after brain injuries
(Galovic et al., 2021; Pease et al., 2024). Such predictive models could
correct for confounding factors and support the enriched recruitment of
high-risk patients in prospective trials. This approach is crucial for
advancing the development of preventive strategies and ultimately
improving patient outcomes in the field of epilepsy.

6. Conclusion

Predictive scores have long served as a cornerstone in neurology,
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significantly shaping clinical practices and enhancing patient outcomes.
In the field of epileptology, however, their critical role has only recently
gained recognition, particularly in the management of epilepsy
following acute brain injuries such as stroke and TBI. These tools are
now understood to be vital for stratifying patients, informing their
families, and planning follow-up diagnostics and interventions, ulti-
mately influencing the long-term care strategy. Table 2. and Table 3
provide a detailed comparison of key scores. To further support clinical
implementation, we have developed user-friendly online calculators for
these models, available at https://www.predictepilepsy.com.

The development of reliable predictive scores is not only crucial for
advancing antiepileptogenesis studies — which aim to prevent the onset
and progression of epilepsy — but also for practical clinical applications.
These include informing therapeutic decisions, guiding patient moni-
toring, and identifying those who might benefit most from early in-
terventions. Established scoring systems, such as the SeLECT Score for
ischemic stroke and the ICH-CAVE Score for intracerebral hemorrhage,
offer structured approaches to identifying patients at high risk of remote
symptomatic seizures. These models utilize clinical predictors like
stroke severity, cortical involvement, and acute symptomatic seizure
occurrence, providing a framework that could be further refined with
the integration of electrophysiological data such as EEG findings.

EEG biomarkers, which have demonstrated potential in identifying
high-risk patients, complement clinical risk factors and aid in better
patient stratification and the customization of interventions. The
ongoing advancements in continuous EEG monitoring and emerging
quantitative EEG algorithms enhance our ability to analyze electro-
graphic patterns linked to the development of post-stroke epilepsy and
post-traumatic epilepsy. These insights underscore the necessity of
incorporating EEG data into prediction models to improve their pre-
dictive accuracy. Beyond EEG biomarkers, future prognostic models
could benefit from integrating other biomarkers, such as genetic, pro-
teomic, and metabolomic data.

Despite their promise, several barriers hinder the widespread adop-
tion of these models in clinical practice. One significant challenge is the
need for further validation and integration of these tools into routine
clinical workflows. For example, while some predictive models have
undergone external validation, data on their performance in diverse
populations, particularly across different ethnic groups, remain sparse.
Moreover, while these models can inform risk assessment, their direct
application in therapeutic decision-making remains limited. To bridge
this gap, continuous efforts are required to refine these models, ensuring
they are robust and user-friendly for clinicians.

Looking to the future, the integration of artificial intelligence (AI)
and machine learning holds immense potential for revolutionizing pre-
dictive modeling in neurology. Al is particularly powerful in analyzing
high-dimensional data or long-term datasets, such as those from MRI,
continuous EEG monitoring, or emerging biomarkers like genetic, pro-
teomic, and metabolomic data. These models excel at processing com-
plex data, identifying subtle patterns, and refining predictive
algorithms, which is essential for personalized medicine approaches. By
leveraging Al, we can not only enhance the predictive accuracy of these
models but also enable their application in real-time clinical settings,
thereby improving patient care. While AI holds great potential to
transform prediction models, challenges such as overfitting and the
black-box nature of machine learning algorithms remain significant.
Overfitting can result in poor generalization to external datasets, while
lack of interpretability may hinder clinical trust. Ensuring transparency,
explainability, and rigorous external validation is essential for the suc-
cessful integration of Al-driven models into clinical practice.

In addition to the optimization, validation, and refinement of pre-
dictive models in larger datasets and the definition of specific subgroups,
other underrepresented areas require focused research. Certain age
groups, such as pediatric and elderly populations, present unique clin-
ical trajectories and risk factors that demand tailored models. For rarer
etiologies, including autoimmune encephalitis and various brain tumors
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(e.g., lymphoma), predictive models remain underexplored. In other
areas, such as metastatic brain tumors, updates to predictive models are
urgently needed, as therapeutic advancements, including checkpoint
inhibitors and CAR T-cell therapies, have significantly transformed
treatment possibilities. These examples reflect the manifold opportu-
nities to advance predictive modeling for a broader range of clinical
scenarios.

In conclusion, the ongoing refinement of predictive scores, combined
with the integration of electrophysiological and advanced computa-
tional methods, holds immense potential for advancing antiepilepto-
genesis research. These developments are pivotal not only for
identifying predictive biomarkers but also for implementing personal-
ized medicine approaches that improve patient outcomes, inform ther-
apeutic decisions, and reduce the burden of epilepsy on individuals,
families, and healthcare systems.

Funding

The author(s) received no financial support for the research,
authorship, and/or publication of this article. MG received fees and
travel support from Arvelle, Advisis, Bial and Nestlé Health Science
outside the submitted work.

Data availability
Data will be made available on request.

References

Alba, A.C., Agoritsas, T., Walsh, M., Hanna, S., Iorio, A., Devereaux, P.J., McGinn, T.,
Guyatt, G., 2017. Discrimination and Calibration of Clinical Prediction Models:
Users’ Guides to the Medical Literature. JAMA 318 (14), 1377-1384. https://doi.
org/10.1001/jama.2017.12126.

Altman, D.G., Vergouwe, Y., Royston, P., Moons, K.G., 2009. Prognosis and prognostic
research: validating a prognostic model. BMJ 338, b605. https://doi.org/10.1136/
bmj.b605.

Appavu, B.L., Temkit, M., Kensicki, J.F., Kuwabara, M., Burrows, B.T., Adelson, P.D.,
2022. Acute physiologic prediction of pediatric post-traumatic epilepsy. Epilepsy. Res
183, 106935. https://doi.org/10.1016/j.eplepsyres.2022.106935.

Assenza, G., Di Lazzaro, V., 2015. A useful electroencephalography (EEG) marker of
brain plasticity: delta waves. Neural. Regen. Res 10 (8), 1216-1217. https://doi.org/
10.4103/1673-5374.162698.

Beghi, E., Carpio, A., Forsgren, L., Hesdorffer, D.C., Malmgren, K., Sander, J.W.,
Tomson, T., Hauser, W.A., 2010. Recommendation for a definition of acute
symptomatic seizure. Epilepsia 51 (4), 671-675. https://doi.org/10.1111/j.1528-
1167.2009.02285.x.

Belcastro, V., Vidale, S., Gorgone, G., Pisani, L.R., Sironi, L., Arnaboldi, M., Pisani, F.,
2014. Non-convulsive status epilepticus after ischemic stroke: a hospital-based
stroke cohort study. J. Neurol 261 (11), 2136-2142. https://doi.org/10.1007/
s00415-014-7471-z.

Bentes, C., Martins, H., Peralta, A.R., Morgado, C., Casimiro, C., Franco, A.C., Fonseca, A.
C., Geraldes, R., Canhao, P., Pinho, E.M.T., Paiva, T., Ferro, J.M., 2018. Early EEG
predicts poststroke epilepsy. Epilepsia. Open 3 (2), 203-212. https://doi.org/
10.1002/epi4.12103.

Brier, G.W., 1950. Verification of forecasts expressed in terms of probability. Mon.
Weather. Rev. 78 (1), 1-3.

Brott, T., Adams Jr., H.P., Olinger, C.P., Marler, J.R., Barsan, W.G., Biller, J., Spilker, J.,
Holleran, R., Eberle, R., Hertzberg, V., et al., 1989. Measurements of acute cerebral
infarction: a clinical examination scale. Stroke 20 (7), 864-870. https://doi.org/
10.1161/01.5tr.20.7.864.

Campos-Fernandez, D., Rodrigo-Gisbert, M., Abraira, L., Quintana Luque, M.,

Santafe, M., Lallana, S., Fonseca, E., Toledo, M., Gandara, D.F., Arikan, F.,
Tomasello, A., Sala Padro, J.X., Falip, M., Lopez-Ojeda, P., Gabarros, A., Sanchez, A.,
Santamarina, E., 2024. Predictive Model for Estimating the Risk of Epilepsy After
Aneurysmal Subarachnoid Hemorrhage: The RISE Score. Neurology 102 (8),
€209221. https://doi.org/10.1212/WNL.0000000000209221.

Chang, K.C., Lin, C.H., Huang, J.A., 2024. Use of Angiotensin-Converting Enzyme
Inhibitors and Angiotensin Receptor Blockers Is Associated With a Reduced Risk of
Poststroke Epilepsy in Patients With Ischemic Stroke. J. Am. Heart. Assoc. 13 (17),
€035438. https://doi.org/10.1161/JAHA.124.035438.

Chen, Y., Li, S., Ge, W., Jing, J., Chen, H.Y., Doherty, D., Herman, A., Kaleem, S.,
Ding, K., Osman, G., Swisher, C.B., Smith, C., Maciel, C.B., Alkhachroum, A., Lee, J.
W., Dhakar, M.B., Gilmore, E.J., Sivaraju, A., Hirsch, L.J., Kim, J.A., 2023.
Quantitative epileptiform burden and electroencephalography background features
predict post-traumatic epilepsy. J. Neurol. Neurosurg. Psychiatry 94 (3), 245-249.
https://doi.org/10.1136/jnnp-2022-329542.

Citraro, R., Iannone, M., Leo, A., De Caro, C., Nesci, V., Tallarico, M., Abdalla, K.,
Palma, E., Arturi, F., De Sarro, G., Constanti, A., Russo, E., 2019. Evaluation of the
effects of liraglutide on the development of epilepsy and behavioural alterations in

127

Clinical Neurophysiology Practice 10 (2025) 116-128

two animal models of epileptogenesis. Brain. Res. Bull 153, 133-142. https://doi.
org/10.1016/j.brainresbull.2019.08.001.

De Stefano, P., Ménétré, E., Stancu, P., Mégevand, P., Vargas, M.I., Kleinschmidt, A.,
Vulliémoz, S., Wiest, R., Beniczky, S., Picard, F., Seeck, M., 2023. Added value of
advanced workup after the first seizure: A 7-year cohort study. Epilepsia 64 (12),
3246-3256. https://doi.org/10.1111/epi.17771.

Doege, C., Luedde, M., Kostev, K., 2022. Association Between Angiotensin Receptor
Blocker Therapy and Incidence of Epilepsy in Patients With Hypertension. JAMA.
Neurol 79 (12), 1296-1302. https://doi.org/10.1001/jamaneurol.2022.3413.

Fisher, C.M., Kistler, J.P., Davis, J.M., 1980. Relation of cerebral vasospasm to
subarachnoid hemorrhage visualized by computerized tomographic scanning.
Neurosurgery 6 (1), 1-9. https://doi.org/10.1227/00006123-198001000-00001.

Galovic, M., Dohler, N., Erdelyi-Canavese, B., Felbecker, A., Siebel, P., Conrad, J.,

Evers, S., Winklehner, M., von Oertzen, T.J., Haring, H.P., Serafini, A., Gregoraci, G.,
Valente, M., Janes, F., Gigli, G.L., Keezer, M.R., Duncan, J.S., Sander, J.W.,
Koepp, M.J., Tettenborn, B., 2018. Prediction of late seizures after ischaemic stroke
with a novel prognostic model (the SeLECT score): a multivariable prediction model
development and validation study. Lancet. Neurol 17 (2), 143-152. https://doi.org/
10.1016/51474-4422(17)30404-0.

Galovic, M., Ferreira-Atuesta, C., Abraira, L., Dohler, N., Sinka, L., Brigo, F., Bentes, C.,
Zelano, J., Koepp, M.J., 2021. Seizures and epilepsy after stroke: epidemiology,
biomarkers and management. Drugs. Aging 38 (4), 285-299. https://doi.org/
10.1007/s40266-021-00837-7.

Garner, R., La Rocca, M., Vespa, P., Jones, N., Monti, M.M., Toga, A.W., Duncan, D.,
2019. Imaging biomarkers of posttraumatic epileptogenesis. Epilepsia 60 (11),
2151-2162. https://doi.org/10.1111/epi.16357.

Gupta, P.K,, Sayed, N., Ding, K., Agostini, M.A., Van Ness, P.C., Yablon, S., Madden, C.,
Mickey, B., D’Ambrosio, R., Diaz-Arrastia, R., 2014. Subtypes of post-traumatic
epilepsy: clinical, electrophysiological, and imaging features. J. Neurotrauma 31
(16), 1439-1443. https://doi.org/10.1089/neu.2013.3221.

Haapaniemi, E., Strbian, D., Rossi, C., Putaala, J., Sipi, T., Mustanoja, S., Sairanen, T.,
Curtze, S., Satopaa, J., Roivainen, R., Kaste, M., Cordonnier, C., Tatlisumak, T.,
Meretoja, A., 2014. The CAVE score for predicting late seizures after intracerebral
hemorrhage. Stroke 45 (7), 1971-1976. https://doi.org/10.1161/
STROKEAHA.114.004686.

Hanley, J.A., McNeil, B.J., 1982. The meaning and use of the area under a receiver
operating characteristic (ROC) curve. Radiology 143 (1), 29-36. https://doi.org/
10.1148/radiology.143.1.7063747.

Huang, Y.-C., Wong, Y.-S., Wu, C.-S., Tsai, C.-F., Ong, C.-T., 2023. Modified CAVE score
for predicting late seizures after intracerebral hemorrhage. BMC. Neurol. 23 (1), 448.
https://doi.org/10.1186,/s12883-023-03510-1.

Hufthy, Y., Bharadwaj, M., Gupta, S., Hussain, D., Joseph, P.J.S., Khan, A., King, J.,
Lahorgue, P., Jayawardena, O., Rostami-Hochaghan, D., Smith, C., Marson, A.,
Mirza, N., 2022. Statins as antiepileptogenic drugs: Analyzing the evidence and
identifying the most promising statin. Epilepsia 63 (8), 1889-1898. https://doi.org/
10.1111/epi.17303.

Hunt, W.E., Hess, R.M., 1968. Surgical risk as related to time of intervention in the repair
of intracranial aneurysms. J. Neurosurg 28 (1), 14-20. https://doi.org/10.3171/
jns.1968.28.1.0014.

Jennett, B., Bond, M., 1975. Assessment of outcome after severe brain damage. Lancet 1
(7905), 480-484. https://doi.org/10.1016/50140-6736(75)92830-5.

Jimenez, A.E., Feghali, J., Schilling, A.T., Azad, T.D., 2022. Deployment of Clinical
Prediction Models: A Practical Guide to Nomograms and Online Calculators.
Machine Learning in Clinical Neuroscience, Cham.

Jordan, K.G., 2004. Emergency EEG and continuous EEG monitoring in acute ischemic
stroke. J. Clin. Neurophysiol 21 (5), 341-352. https://www.ncbi.nlm.nih.gov/pub
med/15592008.

Kim, J.A., Boyle, E.J., Wu, A.C., Cole, A.J., Staley, K.J., Zafar, S., Cash, S.S., Westover, M.
B., 2018. Epileptiform activity in traumatic brain injury predicts post-traumatic
epilepsy. Ann. Neurol 83 (4), 858-862. https://doi.org/10.1002/ana.25211.

Klein, P., Dingledine, R., Aronica, E., Bernard, C., Blumcke, I., Boison, D., Brodie, M.J.,
Brooks-Kayal, A.R., Engel Jr., J., Forcelli, P.A., Hirsch, L.J., Kaminski, R.M.,
Klitgaard, H., Kobow, K., Lowenstein, D.H., Pearl, P.L., Pitkanen, A., Puhakka, N.,
Rogawski, M.A., Loscher, W., 2018. Commonalities in epileptogenic processes from
different acute brain insults: Do they translate? Epilepsia 59 (1), 37-66. https://doi.
org/10.1111/epi.13965.

Klein, P., Friedman, A., Hameed, M.Q., Kaminski, R.M., Bar-Klein, G., Klitgaard, H.,
Koepp, M., Jozwiak, S., Prince, D.A., Rotenberg, A., Twyman, R., Vezzani, A.,
Wong, M., Loscher, W., 2020. Repurposed molecules for antiepileptogenesis: Missing
an opportunity to prevent epilepsy? Epilepsia 61 (3), 359-386. https://doi.org/
10.1111/epi.16450.

Knaus, W.A.,, Draper, E.A., Wagner, D.P., Zimmerman, J.E., 1985. APACHE II: a severity
of disease classification system. Crit. Care. Med 13 (10), 818-829. https://www.ncbi.
nlm.nih.gov/pubmed/3928249.

Koepp, M.J., Trinka, E., Mah, Y.H., Bentes, C., Knake, S., Gigli, G.L., Serratosa, J.M.,
Zelano, J., Magalhaes, L.M., Pereira, A., Moreira, J., Soares-da-Silva, P., 2023.
Antiepileptogenesis after stroke-trials and tribulations: Methodological challenges
and recruitment results of a Phase II study with eslicarbazepine acetate. Epilepsia.
Open. https://doi.org/10.1002/epi4.12735.

Kopp, K.O., Glotfelty, E.J., Li, Y., Greig, N.H., 2022. Glucagon-like peptide-1 (GLP-1)
receptor agonists and neuroinflammation: Implications for neurodegenerative
disease treatment. Pharmacol. Res. 186, 106550. https://doi.org/10.1016/j.
phrs.2022.106550.

Kuhn, M.J., Kjell, 2013. Applied Predictive Modeling. Springer.

Kwon, S.Y., Obeidat, A.Z., Sekar, P., Moomaw, C.J., Osborne, J., Testai, F.D., Koch, S.,
Lowe, M.R., Demel, S., Coleman, E.R., Flaherty, M., Woo, D., 2020. Risk factors for


https://doi.org/10.1001/jama.2017.12126
https://doi.org/10.1001/jama.2017.12126
https://doi.org/10.1136/bmj.b605
https://doi.org/10.1136/bmj.b605
https://doi.org/10.1016/j.eplepsyres.2022.106935
https://doi.org/10.4103/1673-5374.162698
https://doi.org/10.4103/1673-5374.162698
https://doi.org/10.1111/j.1528-1167.2009.02285.x
https://doi.org/10.1111/j.1528-1167.2009.02285.x
https://doi.org/10.1007/s00415-014-7471-z
https://doi.org/10.1007/s00415-014-7471-z
https://doi.org/10.1002/epi4.12103
https://doi.org/10.1002/epi4.12103
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0040
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0040
https://doi.org/10.1161/01.str.20.7.864
https://doi.org/10.1161/01.str.20.7.864
https://doi.org/10.1212/WNL.0000000000209221
https://doi.org/10.1161/JAHA.124.035438
https://doi.org/10.1136/jnnp-2022-329542
https://doi.org/10.1016/j.brainresbull.2019.08.001
https://doi.org/10.1016/j.brainresbull.2019.08.001
https://doi.org/10.1111/epi.17771
https://doi.org/10.1001/jamaneurol.2022.3413
https://doi.org/10.1227/00006123-198001000-00001
https://doi.org/10.1016/S1474-4422(17)30404-0
https://doi.org/10.1016/S1474-4422(17)30404-0
https://doi.org/10.1007/s40266-021-00837-7
https://doi.org/10.1007/s40266-021-00837-7
https://doi.org/10.1111/epi.16357
https://doi.org/10.1089/neu.2013.3221
https://doi.org/10.1161/STROKEAHA.114.004686
https://doi.org/10.1161/STROKEAHA.114.004686
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1186/s12883-023-03510-1
https://doi.org/10.1111/epi.17303
https://doi.org/10.1111/epi.17303
https://doi.org/10.3171/jns.1968.28.1.0014
https://doi.org/10.3171/jns.1968.28.1.0014
https://doi.org/10.1016/s0140-6736(75)92830-5
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0135
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0135
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0135
https://www.ncbi.nlm.nih.gov/pubmed/15592008
https://www.ncbi.nlm.nih.gov/pubmed/15592008
https://doi.org/10.1002/ana.25211
https://doi.org/10.1111/epi.13965
https://doi.org/10.1111/epi.13965
https://doi.org/10.1111/epi.16450
https://doi.org/10.1111/epi.16450
https://www.ncbi.nlm.nih.gov/pubmed/3928249
https://www.ncbi.nlm.nih.gov/pubmed/3928249
https://doi.org/10.1002/epi4.12735
https://doi.org/10.1016/j.phrs.2022.106550
https://doi.org/10.1016/j.phrs.2022.106550
http://refhub.elsevier.com/S2467-981X(25)00009-5/h0175

K.M. Schubert et al.

seizures after intracerebral hemorrhage: Ethnic/Racial Variations of Intracerebral
Hemorrhage (ERICH) Study. Clin. Neurol. Neurosurg 192, 105731. https://doi.org/
10.1016/j.clineuro.2020.105731.

Laupacis, A., Sekar, N., Stiell, I.G., 1997. Clinical prediction rules. A review and
suggested modifications of methodological standards. JAMA 277 (6), 488-494. http
s://www.ncbi.nlm.nih.gov/pubmed/9020274.

Li, L., Fang, S., Li, G., Zhang, K., Huang, R., Wang, Y., Zhang, C., Li, Y., Zhang, W.,
Zhang, Z., Jin, Q., Zhou, D., Fan, X., Jiang, T., 2022. Glioma-related epilepsy in
patients with diffuse high-grade glioma after the 2016 WHO update: seizure
characteristics, risk factors, and clinical outcomes. J. Neurosurg. 136 (1), 67-75.
https://doi.org/10.3171/2020.12.JNS203351.

Li, L., Zhang, C., Wang, Z., Wang, Y., Guo, Y., Qi, C., You, G., Zhang, Z., Fan, X., Jiang, T.,
2023. Development of an integrated predictive model for postoperative glioma-
related epilepsy using gene-signature and clinical data. BMC. Cancer 23 (1), 42.
https://doi.org/10.1186/5s12885-022-10385-x.

Lin, S., Wang, Q., Zhu, Y., Jin, X., Han, P., Lu, Z., 2022. Establishment and validation of
PTE prediction model in patients with cerebral contusion. Sci. Rep 12 (1), 20574.
https://doi.org/10.1038/541598-022-24824-z.

Lindgren, E., Shu, L., Simaan, N., Krzywicka, K., de Winter, M.A., Sdnchez van
Kammen, M., Molad, J., Klein, P., Hallevi, H., Barnea, R., Heldner, M.R.,

Hiltunen, S., de Sousa, D.A., Ferro, J.M., Arauz, A., Putaala, J., Arnold, M.,
Nguyen, T.N., Stretz, C., collaboration, D.r., 2024. Development and validation of a
clinical score to predict epilepsy after cerebral venous thrombosis. JAMA Neurol. 81
(12), 1274-1283. https://doi.org/10.1001/jamaneurol.2024.3481.

Liu, Y., Hou, B., Zhang, Y., Fan, Y., Peng, B., Liu, W., Han, S., Yin, J., He, X., 2018.
Anticonvulsant agent DPP4 inhibitor sitagliptin downregulates CXCR3/RAGE
pathway on seizure models. Exp. Neurol. 307, 90-98. https://doi.org/10.1016/j.
expneurol.2018.06.004.

Lux, S., Kurthen, M., Helmstaedter, C., Hartje, W., Reuber, M., Elger, C.E., 2002. The
localizing value of ictal consciousness and its constituent functions: A video-EEG
study in patients with focal epilepsy. Brain 125 (12), 2691-2698. https://doi.org/
10.1093/brain/awf276.

Menetre, E., De Stefano, P., Megevand, P., Sarasin, F.P., Vargas, M.L, Kleinschmidt, A.,
Vulliemoz, S., Picard, F., Seeck, M., 2024. Antiseizure medication </=48 hours
portends better prognosis in new-onset epilepsy. Eur. J. Neurol 31 (2), e16107.
https://doi.org/10.1111/ene.16107.

Ngugi, A.K., Bottomley, C., Kleinschmidt, I., Sander, J.W., Newton, C.R., 2010.
Estimation of the burden of active and life-time epilepsy: a meta-analytic approach.
Epilepsia 51 (5), 883-890. https://doi.org/10.1111/j.1528-1167.2009.02481 .x.

Nicolo JP, Chen Z, Moffat B, Wright DK, Sinclair B, Glarin R, Neal A, Thijs V, Seneviratne
U, Yan B, Cloud G, O’Brien TJ, Kwan P. Study protocol for a phase II randomised,
double-blind, placebo-controlled trial of perampanel as an antiepileptogenic
treatment following acute stroke. BMJ Open. 2021 May 10;11(5):e043488. doi:
10.1136/bmjopen-2020-043488. PMID: 33972334; PMCID: PMC8112439.

Pease, M., Elmer, J., Shahabadi, A.Z., Mallela, A.N., Ruiz-Rodriguez, J.F., Sexton, D.,
Barot, N., Gonzalez-Martinez, J.A., Shutter, L., Okonkwo, D.O., Castellano, J.F.,
2023. Predicting posttraumatic epilepsy using admission electroencephalography
after severe traumatic brain injury. Epilepsia 64 (7), 1842-1852. https://doi.org/
10.1111/epi.17622.

Pease, M., Gupta, K., Moshe, S.L., Correa, D.J., Galanopoulou, A.S., Okonkwo, D.O.,
Gonzalez-Martinez, J., Shutter, L., Diaz-Arrastia, R., Castellano, J.F., 2024. Insights
into epileptogenesis from post-traumatic epilepsy. Nat. Rev. Neurol 20 (5), 298-312.
https://doi.org/10.1038/541582-024-00954-y.

Perucca, P., Smith, G., Santana-Gomez, C., Bragin, A., Staba, R., 2019.
Electrophysiological biomarkers of epileptogenicity after traumatic brain injury.
Neurobiol. Dis 123, 69-74. https://doi.org/10.1016/j.nbd.2018.06.002.

Pitkanen, A., Engel Jr., J., 2014. Past and present definitions of epileptogenesis and its
biomarkers. Neurotherapeutics 11 (2), 231-241. https://doi.org/10.1007/s13311-
014-0257-2.

Pitkanen, A., Loscher, W., Vezzani, A., Becker, A.J., Simonato, M., Lukasiuk, K.,
Grohn, O., Bankstahl, J.P., Friedman, A., Aronica, E., Gorter, J.A., Ravizza, T.,
Sisodiya, S.M., Kokaia, M., Beck, H., 2016. Advances in the development of
biomarkers for epilepsy. Lancet. Neurol 15 (8), 843-856. https://doi.org/10.1016/
S1474-4422(16)00112-5.

Punia, V., Ellison, L., Bena, J., Chandan, P., Sivaraju, A., George, P., Newey, C.R.,
Hantus, S., 2022. Acute epileptiform abnormalities are the primary predictors of
post-stroke epilepsy: a matched, case-control study. Ann. Clin. Transl. Neurol 9 (4),
558-563. https://doi.org/10.1002/acn3.51534.

Pyrzowski, J., Kalas, M., Mazurkiewicz-Beldzinska, M., Sieminski, M., 2024. EEG
biomarkers for the prediction of post-traumatic epilepsy - a systematic review of an
emerging field. Seizure 119, 71-77. https://doi.org/10.1016/].seizure.2024.05.006.

Rankin, J., 1957. Cerebral vascular accidents in patients over the age of 60. II. Prognosis.
Scott. Med. J 2 (5), 200-215. https://doi.org/10.1177/003693305700200504.

128

Clinical Neurophysiology Practice 10 (2025) 116-128

Riley, R.D., Archer, L., Snell, K.LE., Ensor, J., Dhiman, P., Martin, G.P., Bonnett, L.J.,
Collins, G.S., 2024. Evaluation of clinical prediction models (part 2): how to
undertake an external validation study. BMJ 384, e074820. https://doi.org/
10.1136/bmj-2023-074820.

Royston, P., Moons, K.G., Altman, D.G., Vergouwe, Y., 2009. Prognosis and prognostic
research: Developing a prognostic model. BMJ 338, b604. https://doi.org/10.1136/
bmj.b604.

Sanchez-Pinto, L.N., Venable, L.R., Fahrenbach, J., Churpek, M.M., 2018. Comparison of
variable selection methods for clinical predictive modeling. Int. J. Med. Inform 116,
10-17. https://doi.org/10.1016/j.ijmedinf.2018.05.006.

Schubert, K.M., Bicciato, G., Sinka, L., Abraira, L., Santamarina, E., Alvarez-Sabin, J.,
Ferreira-Atuesta, C., Katan, M., Scherrer, N., Terziev, R., Dohler, N., Erdelyi-
Canavese, B., Felbecker, A., Siebel, P., Winklehner, M., von Oertzen, T.J., Wagner, J.
N., Gigli, G.L., Nilo, A., Galovic, M., 2024. Implications for driving based on the risk
of seizures after ischaemic stroke. J. Neurol. Neurosurg. Psychiatry. https://doi.org/
10.1136/jnnp-2024-333505.

Scoppettuolo, P., Gaspard, N., Depondt, C., Legros, B., Ligot, N., Naeije, G., 2019.
Epileptic activity in neurological deterioration after ischemic stroke, a continuous
EEG study. Clin. Neurophysiol 130 (12), 2282-2286. https://doi.org/10.1016/j.
clinph.2019.09.005.

Sen, A., Jette, N., Husain, M., Sander, J.W., 2020. Epilepsy in older people. Lancet 395
(10225), 735-748. https://doi.org/10.1016/50140-6736(19)33064-8.

Sheikh, S., Jehi, L., 2024. Predictive models of epilepsy outcomes. Curr. Opin. Neurol 37
(2), 115-120. https://doi.org/10.1097/WCO0.0000000000001241.

Shen, L., Yang, J., Tang, Y., 2021. Predictive Values of the SeLECT Score and IL-1beta for
Post-Stroke Epilepsy. Neuropsychiatr. Dis. Treat 17, 2465-2472. https://doi.org/
10.2147/NDT.S324271.

Sinka, L., Abraira, L., Imbach, L.L., Zieglgansberger, D., Santamarina, E., Alvarez-
Sabin, J., Ferreira-Atuesta, C., Katan, M., Scherrer, N., Bicciato, G., Terziev, R.,
Simmen, C., Schubert, K.M., Elshahabi, A., Baumann, C.R., Dohler, N., Erdelyi-
Canavese, B., Felbecker, A., Siebel, P., Galovic, M., 2023. Association of mortality
and risk of epilepsy with type of acute symptomatic seizure after ischemic stroke and
an updated prognostic model. JAMA Neurol 80 (6), 605-613. https://doi.org/
10.1001/jamaneurol.2023.0611.

Steyerberg, E.W., Vergouwe, Y., 2014. Towards better clinical prediction models: seven
steps for development and an ABCD for validation. Eur. Heart. J 35 (29), 1925-1931.
https://doi.org/10.1093/eurheartj/ehu207.

Steyerberg, E. (2008). Clinical prediction models: a practical approach to development,
validation, and updating: Springer Science & Business Media. New York.

Tatillo, C., Legros, B., Depondt, C., Rikir, E., Naeije, G., Jodaitis, L., Ligot, N.,

Gaspard, N., 2024. Prognostic value of early electrographic biomarkers of
epileptogenesis in high-risk ischaemic stroke patients. Eur. J. Neurol 31 (1), e16074.
https://doi.org/10.1111/ene.16074.

Teasdale, G., Jennett, B., 1974. Assessment of coma and impaired consciousness. A
practical Scale. Lancet 2 (7872), 81-84. https://doi.org/10.1016/50140-6736(74)
91639-0.

Tubi, M.A., Lutkenhoff, E., Blanco, M.B., McArthur, D., Villablanca, P., Ellingson, B.,
Diaz-Arrastia, R., Van Ness, P., Real, C., Shrestha, V., Engel Jr., J., Vespa, P.M., 2019.
Early seizures and temporal lobe trauma predict post-traumatic epilepsy: A
longitudinal study. Neurobiol. Dis 123, 115-121. https://doi.org/10.1016/j.
nbd.2018.05.014.

Wang, Y., Li, Z., Zhang, X., Chen, Z., Li, D., Chen, W., Gu, J., Sun, D., Rong, T., Kwan, P.,
2021. Development and validation of a clinical score to predict late seizures after
intracerebral hemorrhage in Chinese. Epilepsy. Res 172, 106600. https://doi.org/
10.1016/j.eplepsyres.2021.106600.

Wang, X.-P., Zhong, J., Lei, T., Wang, H.-J., Zhu, L.-N., Chu, S., Chen, D., Liu, L., 2021.
Development and external validation of a predictive nomogram model of
posttraumatic epilepsy: A retrospective analysis. Seizure 88, 36—44. https://doi.org/
10.1016/j.seizure.2021.03.023.

Wen, X., Otoo, M.N., Tang, J., Brothers, T., Ward, K.E., Asal, N., Meador, K.J., 2024.
Angiotensin Receptor Blockers for Hypertension and Risk of Epilepsy. JAMA. Neurol
81 (8), 866-874. https://doi.org/10.1001/jamaneurol.2024.1714.

Wirsching, H.-G., Morel, C., Gmiir, C., Neidert, M.C., Baumann, C.R., Valavanis, A.,
Rushing, E.J., Krayenbiihl, N., Weller, M., 2015. Predicting outcome of epilepsy after
meningioma resection. Neuro. Oncol. 18 (7), 1002-1010. https://doi.org/10.1093/
neuonc/nov303.

Wolpert, F., Lareida, A., Terziev, R., Grossenbacher, B., Neidert, M.C., Roth, P.,
Poryazova, R., Imbach, L.L., Le Rhun, E., Weller, M., 2020. Risk factors for the
development of epilepsy in patients with brain metastases. Neuro. Oncol 22 (5),
718-728. https://doi.org/10.1093/neuonc/noz172.

Yonas, A.S., Meschia, J.F., Feyissa, A.M., 2023. Clinical biomarkers and prediction
models for poststroke epilepsy: have we settled the scores yet? Neurol. Clin. Pract 13
(2), e200146. https://doi.org/10.1212/CPJ.0000000000200146.


https://doi.org/10.1016/j.clineuro.2020.105731
https://doi.org/10.1016/j.clineuro.2020.105731
https://www.ncbi.nlm.nih.gov/pubmed/9020274
https://www.ncbi.nlm.nih.gov/pubmed/9020274
https://doi.org/10.3171/2020.12.JNS203351
https://doi.org/10.1186/s12885-022-10385-x
https://doi.org/10.1038/s41598-022-24824-z
https://doi.org/10.1001/jamaneurol.2024.3481
https://doi.org/10.1016/j.expneurol.2018.06.004
https://doi.org/10.1016/j.expneurol.2018.06.004
https://doi.org/10.1093/brain/awf276
https://doi.org/10.1093/brain/awf276
https://doi.org/10.1111/ene.16107
https://doi.org/10.1111/j.1528-1167.2009.02481.x
https://doi.org/10.1111/epi.17622
https://doi.org/10.1111/epi.17622
https://doi.org/10.1038/s41582-024-00954-y
https://doi.org/10.1016/j.nbd.2018.06.002
https://doi.org/10.1007/s13311-014-0257-2
https://doi.org/10.1007/s13311-014-0257-2
https://doi.org/10.1016/S1474-4422(16)00112-5
https://doi.org/10.1016/S1474-4422(16)00112-5
https://doi.org/10.1002/acn3.51534
https://doi.org/10.1016/j.seizure.2024.05.006
https://doi.org/10.1177/003693305700200504
https://doi.org/10.1136/bmj-2023-074820
https://doi.org/10.1136/bmj-2023-074820
https://doi.org/10.1136/bmj.b604
https://doi.org/10.1136/bmj.b604
https://doi.org/10.1016/j.ijmedinf.2018.05.006
https://doi.org/10.1136/jnnp-2024-333505
https://doi.org/10.1136/jnnp-2024-333505
https://doi.org/10.1016/j.clinph.2019.09.005
https://doi.org/10.1016/j.clinph.2019.09.005
https://doi.org/10.1016/S0140-6736(19)33064-8
https://doi.org/10.1097/WCO.0000000000001241
https://doi.org/10.2147/NDT.S324271
https://doi.org/10.2147/NDT.S324271
https://doi.org/10.1001/jamaneurol.2023.0611
https://doi.org/10.1001/jamaneurol.2023.0611
https://doi.org/10.1093/eurheartj/ehu207
https://doi.org/10.1111/ene.16074
https://doi.org/10.1016/s0140-6736(74)91639-0
https://doi.org/10.1016/s0140-6736(74)91639-0
https://doi.org/10.1016/j.nbd.2018.05.014
https://doi.org/10.1016/j.nbd.2018.05.014
https://doi.org/10.1016/j.eplepsyres.2021.106600
https://doi.org/10.1016/j.eplepsyres.2021.106600
https://doi.org/10.1016/j.seizure.2021.03.023
https://doi.org/10.1016/j.seizure.2021.03.023
https://doi.org/10.1001/jamaneurol.2024.1714
https://doi.org/10.1093/neuonc/nov303
https://doi.org/10.1093/neuonc/nov303
https://doi.org/10.1093/neuonc/noz172
https://doi.org/10.1212/CPJ.0000000000200146

	Prognostic models for seizures and epilepsy after stroke, tumors and traumatic brain injury
	1 Introduction
	2 Developing a predictive score for epileptology (Fig. 1 and Table1)
	2.1 Defining the target population
	2.2 Data collection and Selection of relevant variables
	2.3 Statistical methods and model development
	Model validation

	Assessing model performance: key metrics
	Discrimination metrics
	Calibration Metrics
	The Brier Score
	Implementing and refining the score


	2.4 Practical implementation
	3 Selected prognostic models for seizures and epilepsy after acute brain injuries (Fig. 2)
	3.1 Post-Stroke epilepsy
	3.1.1 Ischemic stroke
	3.1.2 Hemorrhagic stroke
	3.1.3 Subarachnoidal bleeding
	3.1.4 Cerebral venous thrombosis

	3.2 Brain tumor related epilepsy
	3.2.1 Meningioma
	3.2.2 Metastasis
	3.2.3 Glioma-Related epilepsy predictive models
	3.2.3.1 Glioma-Related epilepsy nomogram
	3.2.3.2 Diffuse high-grade gliomas (DHGGs)


	3.3 Traumatic brain injury
	3.4 Advantages and disadvantages of simple scores and complex nomograms in predicting epilepsy after brain injuries
	Disadvantages of simple Scores
	Advantages of complex Nomograms: (Jimenez et al., 2022)
	Disadvantages of complex Nomograms


	4 Integrating electrophysiological data in seizure prediction
	4.1 The necessity of integrating electrophysiological data into prediction scores for post-stroke epilepsy

	5 Current advances in antiepileptogenesis studies following acute brain injuries in adults
	6 Conclusion
	Data availability
	References


