N
N

N

HAL

open science

New insights for predicting surgery outcome in patients with
temporal lobe epilepsy. A systematic review
M. Baciu, L. O’Sullivan, L. Torlay, S. Banjac

» To cite this version:

M. Baciu, L. O’Sullivan, L. Torlay, S. Banjac. New insights for predicting surgery outcome in patients with
temporal lobe epilepsy. A systematic review. Revue Neurologique, 2023, 10.1016/j.neurol.2023.02.067). <hal-

04084805)

HAL Id: hal-04084805
https://hal.univ-grenoble-alpes.fr/hal-04084805v1

Submitted on 9 Jul 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY-NC 4.0 - Attribution - Non-commercial use - International
License


https://hal.univ-grenoble-alpes.fr/hal-04084805v1
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://hal.archives-ouvertes.fr

Version of Record: https://www.sciencedirect.com/science/article/pii/S0035378723008846
Manuscript_9c817c¢3467dfecfcd1abdd676ce47b60

New insights for predicting surgery outcome in patients with temporal

lobe epilepsy. A systematic review

Monica Baciu', Laura O’Sullivan!, Laurent Torlay' & Sonja Banjac’ €A

"Univ. Grenoble Alpes, CNRS LPNC UMR 5105, 38000 Grenoble, France

CA, Corresponding Author
Sonja BANJAC PhD

LPNC, UMR CNRS 5105

BSHM, BP 47

38040 Grenoble Cedex 09, France
Phone: +33 (0)4 76 74 81 60

Email: Sonja.Banjac @univ-grenoble-alpes.fr

© 2023 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


https://www.elsevier.com/open-access/userlicense/1.0/
https://www.sciencedirect.com/science/article/pii/S0035378723008846
https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S0035378723008846

Abstract

Resective surgery is the treatment of choice for one-third of adult patients with focal, drug-
resistant epilepsy. This procedure is associated with substantial clinical and cognitive risks. In
clinical practice, there is no validated model for epilepsy surgery outcome prediction (ESOP).
Meta-analyses on ESOP studies assessing prognostic factors report discrepancies in terms of
study design. Our review aims to systematically investigate methodological and analytical
aspects of studies predicting clinical and cognitive outcomes after temporal lobe epilepsy
surgery. A systematic review of ESOP studies published between 2000 and 2022 from three
databases (MEDLINE, Web of Science, and PsycINFO) was completed by following the
Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) guidelines.
It yielded 4,867 articles. Among them, 21 corresponded to our inclusion criteria and were
therefore retained in the final review. The risk of bias was assessed using A Tool to Assess
Risk of Bias and Applicability of Prediction Model Studies (PROBAST). Data extracted from
the 21 studies were analyzed using narrative synthesis and descriptive statistics. Our findings
show an increase in the use of multimodal datasets and machine learning analyses in recent
ESOP studies, although regression remained the most frequently used approach. We also
identified a more frequent use of network notions in recent ESOP studies. Nevertheless,
several methodological issues were noted, such as small sample sizes, lack of information on
the follow-up period, variability in seizure outcome, and the definition of neuropsychological
post-operative change. Of 21 studies, only one provided a clinical tool to anticipate the
cognitive outcome after epilepsy surgery. We conclude that methodological issues should be
overcome before we move towards more complete models to better predict clinical and
cognitive outcomes after epilepsy surgery. Recommendations for future studies to harness the
possibilities of multimodal datasets and data fusion, are provided. A stronger bridge between
fundamental and clinical research may result in developing accessible clinical tools.
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1. Introduction

Epilepsy is a disease characterized by seizures that ILAE (The International League Against
Epilepsy) defines as “a transient occurrence of signs and/or symptoms due to abnormal
excessive or synchronous neuronal activity in the brain” [1]. It is estimated that 60% of all
epilepsies are focal epilepsies [2] in which the abnormal neural activity starts locally and
spreads by engaging other pathological and healthy brain areas [3,4].

The most prevailing treatment of epilepsy is administering antiepileptic medication to
suppress seizure generation and propagation (for a recent review of antiepileptic medication,
see [5]). However, almost 30-40% of patients are pharmacoresistant [6,7]. Moreover, the risk
of pharmacoresistance is higher in patients with focal seizures compared to those with
generalized seizures [8]. For those patients presenting with focal seizures, curative surgery to
remove or inactivate the epileptogenic focus remains the only solution to stop seizures
occurring [9,10].

However, these procedures are associated with substantial clinical and cognitive risks. Post-
surgical clinical outcome refers to success in managing seizure status after the surgery. For
instance, Mohan et al. [11] reported that 47% of patients remained seizure-free at five and
38% at ten years. However, these curative surgeries have cognitive risks as they can lead to
changes in neuropsychological functioning, impacting patients’ quality of life [12,13]. A
meta-analysis performed by Sherman et al. [14] showed that 44% of patients with left
temporal lobe epilepsy faced verbal memory disorders, and 34% experienced a naming
decline after surgery.

Given multiple risks of epilepsy surgery, each surgical candidate undergoes a comprehensive
neuropsychological and neuroimaging assessment before surgery. The main goal of this
evaluation is a cost-benefit analysis that reveals the risks of cognitive decline versus potential
seizure freedom [12,15]. Accordingly, there has been a considerable effort to predict and
prognosticate clinical and cognitive outcomes of epilepsy surgery using patients’ preoperative
characteristics [12,16-18]. Indeed, numerous studies aimed to predict the post-surgical
outcome in epilepsy patients (herein ESOP — epilepsy surgery outcome prediction) based on
patients’ preoperative characteristics such as clinical [19-21], cognitive [19] and cerebral data
provided by anatomical [20,22,23], functional neuroimaging [24] and EEG recordings
[20,25].

However, these studies yielded different results. For instance, some studies reported the
duration of epilepsy to be predictive of post-operative seizure freedom [26,27], while others

did not [28-30]. Similarly, some studies in epilepsy patients found preoperative verbal



memory to be predictive of post-operative decline of this function [31,32], while others did
not [30]. Furthermore, some researchers found cortical language mapping to predict post-
operative naming decline in temporal epilepsy patients [24], but not others [33].

One solution to overcome these differences is performing meta-analyses and systematic
literature reviews to systematically synthesize and merge the results of different studies with
the same topic to reach robust and valid empirical evidence [34-36]. Indeed, there are various
meta-analyses of studies on ESOP [10,36-39] that tried to reconcile diverse findings by
combining and weighting the results of different ESOP studies based on the study quality to
find the most robust and valid evidence [40]. These studies mostly focused on post-surgical
clinical [10,38,41,42] or cognitive outcomes [14,39,43] and identifying valid prognostic
features clinical or cognitive epilepsy surgery outcomes [30,37,38,40,44,45]. Importantly, one
common conclusion of these meta-analyses and systematic reviews is that one of the main
reasons for different findings across ESOP studies are differences in employed methodology
[37,40,45]. For instance, a characteristic that differentiates between ESOP studies is the
number of participants used to make the prediction model. This is a crucial point given that
small sample sizes can lead to sampling bias [46]. Indeed, Armon et al. [29] warned that large
sample sizes are needed (preferably from multiple institutions) for reliable identification of
predictors for epilepsy surgery and external validation of these predictive models. Moreover,
with the development of artificial intelligence, there is an increased interest in applying
machine learning (ML) approaches for predictive studies of epilepsy [47]. This trend could be
explained by ML's ability to identify complex relationships between large, multimodal data
sets and parameters [47—49]. This is particularly true for epilepsy surgery since physicians
(neurologists and neurosurgeons) base surgery decisions on multimodal data obtained with
various neuroimaging methods (functional magnetic resonance imaging (fMRI), positron
emission tomography (PET), electroencephalography (EEG)) and neuropsychological
assessments for every preoperative evaluation. Consistent with this practice, studies show that
leveraging the information obtained through different modalities may help to highlight new
patterns difficult to observe or effects too weak to be detected, if only one isolated modality is
used [50].

Nevertheless, there has been only one systematic literature review that dealt with
methodology of ESOP studies. In 2001, MclIntosh et al [36] analyzed methodological
approaches of ESOP studies of that time. These authors concluded that ESOP studies face
several issues such as small sample size and variability of seizure freedom definition.

Recently, Yuan et al. [26] provided a valuable review of ML applications in diagnosis and
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surgery prognosis for epilepsy patients. However, their review is not systematic, and it
focuses only on ML and neuroimaging techniques, not addressing the methodological
variability of these studies. Another point that has not been considered by the existing ESOP
meta-analyses and systematic reviews is the clinical applicability of the findings. As pointed
out recently by Busch et al. [31], although there are a number of models for predicting
memory decline after temporal lobe resection, they are not adapted for widespread clinical use
and are not easily accessible to physicians.

This narrative descriptive review aims to fill in that gap and provide a systematic and

comprehensive synthesis of the methodology used in ESOP studies.

We specifically focused on the methodology used in those studies with the following

questions:

1. What type of data is used in those studies as predictors of epilepsy surgery outcome, and
is there a trend to shift from unimodal or multimodal datasets?

2. What were the characteristics of samples, outcome variables and analytical approaches in
the ESOP studies?

3. How many ESOP studies provide tools for the clinic reinforcing thus a research-practice
bridge?

We formulated the following hypotheses related to each goal:

1. With the development of neuroimaging techniques and their increased application in
clinics [51] and neuroimaging studies [52], we expected that the multimodality of
predictors in ESOP studies are increasingly reported.

2. Given the recommendations [36] and the development of power calculation tools (e.g.,
[53,54]), we expected the sample size of ESOP studies is growing with time. We
anticipated that the ESOP studies focusing on clinical outcomes use standardized
categories, following recommendations [36,55,56] and widely excepted taxonomies
[1,57], while those focusing on cognitive outcomes use metrics that avoid measurement
error [55]. Moreover, in line with our expectations regarding larger and richer datasets
[49] and the potential of the ML approaches for data integration [47,48], we expected this
approach to be more dominant in newer and multimodal ESOP studies.

3. We expected to identify a significant number of ESOP studies that provide clinical tools,
as they are motivated by a practical question and goal (predicting the outcome of epilepsy
surgery in day-to-day practice).

The present literature review is useful for several reasons: 7) it can inform future predictive

studies about the available methods and models; ii) it suggests that the change of
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methodology over the years should illustrate a shift in the conceptualization of epilepsy (for
instance the increase of network measures related to modern connectomic perspectives
[23,58]); and iii) it informs physicians who have difficulties identifying potential epilepsy
surgical candidates [59] on the studies that provide practical tools which iv) could hopefully
encourage future studies towards limiting the gap between cognitive neuroscience evidence
and its application in clinical settings. A bridge between these two fields of knowledge can
contribute to more adapted individual care and better surgical outcomes. Following this
notion, Box 1 presents reminders and precision of some methodological and technical terms

used in the present paper that may only be familiar to some readers.

2. Methods
2.1. Study design
This systematic narrative literature review was performed following Preferred Reporting
Items for Systematic Reviews and Meta-analyses (PRISMA) guidelines [34,60]. We were
interested in studies aiming to predict clinical and cognitive outcomes of resective surgery in
patients with drug-resistant temporal lobe epilepsy (TLE). We decided to focus specifically
on TLE rather than focal epilepsies in general for several reasons. First, since surgical
procedures in different focal epilepsies (e.g., frontal and temporal) focus on different regions,
they have diverse outcomes and different rates of positive surgical outcomes [61]. Therefore,
the predictions of surgical outcomes could rely on different pre-operative features depending
on the type of focal epilepsy (e.g., normal MRI can be a negative prognostic factor in frontal
but not TLE patients [62]). Furthermore, related to previous arguments, we chose to focus on
temporal lobe epilepsy because it is the most prevalent focal epilepsy [3,63]. We defined
clinical outcome as seizure freedom after surgery in terms of Engel’s or ILAE classification
[1,57,64]. The neuropsychological performance after surgery was taken as the cognitive
outcome. The search was conducted on MEDLINE, Web of Science, and PsycINFO databases
(the strings used for this search are presented in Appendix 1 : Table S1).
2.2. Inclusion criteria
We included in this systematic review only studies that fulfilled the following criteria:
A. Population
a. Papers including adult patients between 18-65 years of age. Studies with older adults
> 65 years were not included because of comorbidities and antecedents, like
neurodegenerative diseases, which are present more often in the elderly [65], can

influence surgery outcome and hence, the choice of the modality of predictors in



ESOP studies. Furthermore, post-surgical recovery of cognitive functions in older
epilepsy patients can be more limited compared to younger patients [66]. Children
were excluded as the characteristics of pediatric epilepsy and recommendations for
pediatric epilepsy surgery differ from those for adults, which could influence ESOP
models and the modality of included predictors [67—69]. Moreover, if the study did
not provide an age range, we verified that the mean + standard deviation fell in the
18-65 range.
b. Patients with a diagnosis of drug-resistant TLE
c. Patients undergoing first-time surgery (curative surgery)
B. Surgery
a. Studies predicting resective surgery (partial and complete lobectomies) outcomes
C. Methodology
a. Studies predicting post-surgical clinical (seizures) and cognitive outcomes,
quantitatively and 12 months after surgery at the earliest. Studies with follow-up
periods shorter than 12 months were not included because of the stability of the
observed changes [70-73] and the influence of variables related to recent surgical
interventions, which could impact the selection of predictors. Furthermore, the long-
term outcomes are the overall interest of the surgical intervention [74].
b. Studies reporting post-surgical clinical outcomes according to ILAE [75] or Engel
taxonomy [76] (or other taxonomy with feasible correspondence to ILAE or Engel)
D. Language of publication
a. Studies published in English
E. Publication
a. Peer-reviewed articles
b. Papers published between January 2000 and May 2022.
2.2. Exclusion Criteria
We excluded from this systematic review the studies that fulfilled the following criteria:
A. Population
Patients with other focal epilepsies (e.g., frontal, occipital, etc.)
b. Patients with focal epilepsy as a complication/comorbidity (e.g., secondary to tumors;
gliosis [77])
c. Patients who underwent multiple surgeries

d. Animal studies



e. Studies that did not provide sufficient sample details (e.g., did not specify sample' age
range/mean, or the time from surgery to measurement of postoperative outcomes)
B. Surgery
a. Procedures other than surgical resection (e.g., callosotomy, neuromodulation,
thermocoagulation, ablative therapies etc.)
C. Methodology

a. Patients with clinical and cognitive outcome reported before 12 months after surgery

b. Longitudinal studies (i.e., studies that followed the change in clinical and cognitive
characteristics through time and not surgery-related)

c. Studies using post-operative predictors (information that is not available before the
surgery e.g., existence of seizures post-operatively)*

d. Studies that did not use an analysis specifically predicting a post-surgical outcome
(e.g., studies that compared seizure-free and non-seizure-free patients but did not use
an analysis that aimed to predict the post-surgical outcome)

e. Studies that predicted any criterion variable other than the outcome of surgery (e.g.,
decision whether or not a patient will be operated)

D. Language of publication
a. Studies published in languages other than English
E. Publication
a. Patient samples published in more than one paper
b. Meta-analyses, conference proceedings, abstracts, pilot study, protocol,
dissertations, letters, brief reports, statement papers, case reports, books, and pre-
prints.
2.3. Search strategies and study selection process
The search was conducted using a combination of free-text and Medical Subject Heading
(MeSH) terms (the complete search strings are presented in Appendix 1 : Table S1) on
MEDLINE via PubMed, Web of Science, and PsycINFO via EBSCOhost. The database
searches were conducted on the same day (June 3", 2022) to control for daily updates. The
study selection process steps followed the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines [34,60]. The screening was performed using
Rayyan [78]. After duplicate removal, two researchers screened the title and abstract of all

papers identified to exclude papers that did not meet the inclusion criteria. In the following

! We did not exclude studies that used the resection area (e.g., whether it included the activated region) as a
predictor since that information can be known before the surgery while planning for it.
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phase, full texts were screened for exclusion criteria, and the final selection of the papers that

entered the review was made.

2.4. Data extraction process

Two researchers independently extracted data from the final review papers. Consensus among

researchers was established for all studies. Based on the study’s questions (see section 2.1.),

the following information was extracted from each paper:

1. Modality of the investigated predictors and feature(s) (e.g., MRI, task fMRI, resting-state
fMRI (rs-fMRI), diffusion-weighted imaging (DWI), EEG, PET, neuropsychological tests
scores, biomarkers)

2. Outcome (clinical, cognitive with specific measures)

3. Population (characteristics, sample size)

4. Analysis used for outcome prediction (e.g., ML, logistic regression, discriminative
analysis, etc.) and its details (e.g., was there a phase of feature/predictors selection, was
model evaluation or validation performed)

5. Proposition of a tool developed for clinical practice (e.g., nomograms, website, etc.).
2.5. Strategy for data synthesis
Due to the variability of the methodology and analytical approaches employed in the studies,
we performed a narrative review of the results and reported descriptive statistics of the
selected studies (similar to [36,39]). In addition, we opted for descriptive statistics as the goal
of this study was to describe the methodology of ESOP studies instead of concluding on the
best predictors of post-surgical outcomes, which would require appropriate meta-analysis (for
instance, see [10,36-39]).
2.6. Risk of bias
We assessed the risk of bias (RoB) and the applicability of the prediction models of the
studies we identified using the PROBAST (Prediction model Risk Of Bias Assessment Tool)
framework [79-82]. Following the PROBAST, RoB and applicability of four domains were
evaluated for each study — participants, predictors, outcome, and analysis. Each study's
overall RoB and applicability were evaluated based on these domains. One of the authors
evaluated the selected studies using the PROBAST framework, and the other author verified
the obtained evaluations.

3. Results

3.1. Overview of PRISMA flowchart

Figure 1 illustrates the steps of the selection process according to PRISMA guidelines

[34,60]. Our literature review of the three databases using search strings (Supplementary

8



Material A) yielded 4867 articles. First, all duplicates (n = 2544) were removed. Two
researchers screened the title and abstract of all papers identified, excluding papers that did
not meet the inclusion criteria. After this phase, 576 papers were excluded.

In the second phase, the authors read the remaining 211 studies. Full texts of these studies
were reviewed, and a further 190 studies were excluded. In the case where full texts were not
available, the publishing authors were contacted. The reasons for exclusion were documented.
Disagreements were resolved through a discussion with a third researcher. This phase led to a
sample of 21 papers in the final review [22,83—-102]. Selected papers were published between
2000 and 2021. Given the present study's interest in trends in ESOP studies over time, the
papers were separated into those published between 2000-2010 (n = 6) and those during the
2011-2021 period (n = 15). These two periods were obtained by dividing the period of
identified studies (i.e., 2000 — 2021) into two halves and do not reflect a specific turning
point. A finer period separation was not possible, given the number of identified studies.

Table 1 provides ESOP study characteristics and an overview of the extracted data.

3.2.Modality of the investigated feature(s)

We used the term “modality” for each “acquisition framework™ [103] or the type of data that
the study was using as a predictor. We categorized studies as unimodal if their predictors of
post-surgical outcomes were obtained through the same type of acquisition (i.e., modality, for
instance, DWI) and as multimodal if the predictors were acquired through at least two
different acquisition frameworks (for instance DWI and neuropsychological scores)?.

Within our sample of 21 selected ESOP studies, 12 used a unimodal dataset to predict post-
surgical outcomes, and nine used a multimodal dataset. Panel A of Figure 2 shows the
percentage of studies using unimodal or multimodal datasets in the two time periods (Table
1). As the figure illustrates, while studies mainly relied on one modality at the beginning of
the 2000s (only one multimodal study), from 2011 onwards, there was a growing trend of
combining predictors from different modalities (eight multimodal studies). The same trend
was observed when we focused on studies that only predicted clinical outcomes (Panel A,
Figure S1, Supplementary Material). Half of the studies predicting cognitive outcomes used
unimodal datasets, and the other half multimodal datasets. We did not analyze dataset change
through time for selected ESOP studies predicting cognitive outcomes as there was only one

study during the 2000 — 2010 period.

2 Studies were classified as unimodal regardless of the number of predictors, as long as they were all the same
modality. Studies were classified as multimodal even if predictors were in the same analysis, as long as they
were of different modalities.
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Panel B of Figure 2 depicts the precise modalities (i.e., types of data) employed in the 21
identified ESOP studies. Predictors such as anatomical MRI, task-fMRI, DWI, microRNA,
and neuropsychological test scores were identified only in the studies published after 2011.
Results also indicate that after 2011, more diverse predictors were used. However, more
studies were identified in 2011-2021 (n = 15) than in 2000-2010 (n = 6).

Multimodal studies included, on average, three different modalities (SD 0.94, range 2 — 4
modalities). Studies with at least two modalities usually combined a neuroimaging technique
with clinical-demographic information [88] or neuropsychological scores [87,97]. The most
multimodal datasets combined four modalities. Bonilha et al. [89] used clinical-demographic
data, anatomical MRI, DWI, and surface EEG, Baxendale et al. [84] included clinical-
demographic, neuropsychological scores, anatomic MRI, and surface EEG?, while Lariviére

et al. [86] combined clinical-demographic, anatomic MRI, rs-fMRI, and DWI.

3.3. Outcome

Among 19 selected studies that predicted clinical outcomes®, nine used Engel’s taxonomy
[85,86,88-90,92,94,95,98-100,102], six used ILAE taxonomy [22,83,84,91,93,96], while one
study grouped seizure-free and non-seizure-free patients, not relying on any standardized
taxonomy [87]. Despite this, naming and categorizing outcomes varied across studies (see
Table 1). The majority of studies [86,88,90,92,94,99,100] using Engel taxonomy divided
patients into those that were seizure-free (class 1) and non-seizure-free (classes 2-4), also
termed good versus bad outcomes [88]. Three studies classified as seizure-free only patients
with Engel class 1a [95,98,102], while one also included patients with class 1b [89]. All
studies classified patients with class 2 and higher as non-seizure-free, except loriatti et al.
[85], who included only patients with class 3 and higher, and Gaca et al. [95], who included
class 1b in the non-seizure-free group as well. Similar diversity was present in studies that
used ILAE taxonomy. While one part of the studies grouped classes 1 and 2 as seizure-free or
good outcomes and other classes as non-seizure-free [22,83,84], others only considered
patients with class 1 [91,93] or class 1a [96] as seizure-free.

There was also diversity between studies predicting post-operative cognitive outcomes
regarding how this outcome was defined. Two studies used the change score of the chosen

neuropsychological test as the difference between pre-operative and post-operative scores

3 Specifically, these authors included the information on whether the surface EEG was non-localizing with the
requirement for SEEG as a proxy of non-lateralizing EEG.

* We counted together those that focused exclusively on clinical outcomes (n = 17) and those that predicted both
clinical and cognitive outcomes (n = 2).
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[101,102], although [102] also expressed the post-operative change (i.e., improved or
unchanged versus deteriorated) qualitatively. Similarly, Paff et al. [97] subtracted post-
operative scores from pre-operative scores, but they used principal component scores instead
of raw test scores, converting them to z-scores. On the other hand, Roger et al. [94] divided
patients into those with good (improved or unchanged) and poor outcomes based on the
significant post-operative change in neuropsychological performance by using the reliable
change index.

We only included studies that reported post-surgical clinical and cognitive outcomes at the
earliest 12 months after surgery. However, we did not define the duration of the post-surgical
period. It was impossible to calculate the average post-operative period during which
identified studies collected data on surgical outcomes because 11/21 reported mean and
variation of the post-operative period, while 10/21 did not adequately provide this
information. Those that did not provide adequate information used descriptive statements
(e.g., “approximately 12 months after surgery” [101]) or did not state the maximal post-
operative period at which the data was collected (e.g., “at least one year follow up” [92]).

3.4. Population

The mean sample size across all identified studies was 76.42 (SD 71.97, range 20 — 275
participants). The average sample size for the 2000 - 2010 studies was 94.17 (SD 87.22, range
26 — 252 participants) was relatively higher than that of the 2011 — 2021 studies (M 69.33, SD
67.04, range 20 — 275 participants). Although it should be noted that sample sizes variation
was high in both periods, for the studies predicting clinical outcome the mean sample size was
81.58 (SD 73.86, range 26 — 275), and for those predicting cognitive outcome it was 60 (SD
53.16, range 20 — 138). With respect to dataset, the mean sample size of the unimodal studies
was 70.83 participants (SD 66.30, range 26 — 252) and of multimodal studies 83.89 (SD
82.44, range 20 — 275). In Appendix 1, Table S2 presents the distribution of sample sizes in
relation to the specific modalities. On average, the 2000-2010 studies that used clinical-
demographic variables had the largest samples (M = 158, SD 132.94), for which the mean
inclusion period was 9.5 years (see Appendix 1 : Table S2 for more details), while the
smallest samples were identified in studies using task-fMRI (n = 1, M = 20) and rs-fMRI (n =
2, M 25;,SD 7.07).

The average time of patient inclusion was 8.54 years (SD 6.36, range 3 — 28) for all studies,
8.33 years for studies predicting clinical outcomes (SD 6.6, range 3 — 28), and seven years for
those predicting cognitive outcomes (SD 3.46, range 5 — 11). The average inclusion time for

multimodal studies was 11.83 years (SD 8.13, range 6 — 28) and for unimodal studies 5.71
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(SD 2.36, range 3 — 9 years) We did not find any association between the inclusion time and
sample size.

Most studies (n = 14) collected data from a single institution (e.g., university center or
hospital), while two collected data from two centers [88,92], and five studies did not
explicitly report this information. Sample of multi-center studies included on average 158
TLE patients (SD 132.94, range 64 — 252) with the mean inclusion period of 9.5 years (SD
0.71, range 9 — 10), while the single-center studies included on average 71 TLE patients (SD
69.29, range 20 — 275) for 9.33 years (SD 7.37, range 4 — 28).

Left lateralization of the epileptogenic zone or network was reported in 62.92% of patients on
average (SD 18.99, range 36.67 — 100), specifically 60.29% (SD 17.26, range 36.67 — 100) in
studies with clinical outcomes and 71.61% (SD 21.42, range 51.06 — 100) in studies
predicting cognitive outcomes. Two studies included exclusively left TLE patients [22,101],
while six studies did not provide this information.

3.5. Analysis used for outcome prediction

Most of the identified ESOP studies used linear [97,99,101] or logistic regression
[84,88,92,95,96,100,102] or a standard statistical approach such as discriminant analysis
[90,98] or receiver operator characteristic (ROC) curves [85,87,93]° as principal analyses. Six
studies used ML analyses [22,83,86,89,91,94], among which the most frequent was the
support vector machine (SVM, 4/6 studies) (Table 1). While regression and discriminant
analysis were present in the studies published between 2000 and 2010, ML studies were
identified only in the 2011 — 2021 period.®

Ten ESOP studies tested the predictive power of the predictors chosen beforehand based on a
theory or previous research. The rest of the studies used an analytical method to select
predictors or features for the final model among a group of possible ones. To that end, most
studies [93,98,100-102] performed a univariate analysis for each potential predictor before
adding them to the multivariate analysis or used a step-wise regression [88,90,96]. Four ML

studies used feature selection. Specifically, Feis et al. [22] used Fisher’s criterion, Bonilha et

5 Although ROC curves can be used as a part of the ML approach to characterize the sensitivity/specificity of a
classifier, we separated these three studies into a specific group because they used ROC curves as a principal
analysis. These three studies used ROC with specific values/scores rather than evaluating a classifier model’s
prediction. Rathore et al. [87] used ROC to calculate the predictive value of different Wada and
neuropsychological scores. Keller et al. [93] used ROC to calculate the predictive value of “along-the-tract
profile” values. loriatti et al. [85] used ROC to calculate the predictive value of miR-328-3p expression profiles.
6 The distinction between ML and statistical modeling is widely discussed and not always evident. While
regression can be considered a ML algorithm, we separated it in this paper similarly to [49]. Moreover, the
ESOP studies whose analyses were classified as “regression” did not declare any use of a ML approach.
However, if the authors used regression among other algorithms, and explicitly stated that they applied the ML
approach (such as [94]), we classified the analysis of the study as “ML”.
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al. [89] used independent cross-validation, and Sinha et al. [91] ranked features based on
importance for prediction through analysis repetition, removing the least important feature
each time. In contrast, Roger et al. [94] used penalized linear model and held-out fold
repeated 500 times.

Except for Dupont et al. [98], who developed their prediction model and validated it on the
new group of patients, all identified studies developed models without external validation. All
ML studies performed model evaluation (also called internal validation by some authors
[104]) to avoid overfitting and to account for optimization, using different forms of cross-
validation such as k-fold [83,89,94], stratified k-fold [86], leave-one-subject-out [22], and
nested cross-validation [91], which can also evaluate the prediction of the unseen data.’

We also explored if unimodal and multimodal studies differed in the employed analytical
approaches. Regression studies had, on average, 1.8 modalities of predictors, and ML studies
had 2.3. Table 2 shows the distribution of the analyses in relation to the dataset used in all
identified studies and separately for those focusing on clinical and cognitive outcomes. The
descriptive results suggest a slightly higher application of ML analyses and regression in
multimodal studies compared to unimodal studies in general (ML 33.3% versus 25%;
regression 55.6% versus 41.7%, respectively), although regression remained the most used
analysis regardless of the dataset used. However, the multimodal ESOP studies focused on
clinical outcomes employed the ML approach more than the ones using unimodal predictors
(42.9% versus 25%). Moreover, in multimodal ESOP studies focused on clinical outcomes,
the ML approach was as frequent as regression (42.9% both). On the other hand, multimodal
ESOP studies predicting cognitive outcomes used regression exclusively, while unimodal
ESOP studies used both ML and regression analyses.

It should also be noted that one study published between 2000-2010 and seven between 2011-
2021 echoed the idea of network and connectivity in their methodology, either by using DWI
or rs-fMRI [83,86,89,91,93,101], calculating graph metrics [83,86,94,101] and connectome

gradients [86] or comparing the predictive power of a network and individual regions [98].

7We categorized these studies as “development only” rather than “development and validation” because they did
not include an evaluation of predictive performance in data external to the development sample. PROBAST
framework does not recognize splitting a sample into train and validation subsamples (as is done in cross-
validation) as a form of external validation.
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3.6.Proposition of a tool developed for clinical practice

Among identified studies, only Roger et al. [94] provided a tool that can be applied in clinical
practice. These authors provided a nomogram based on the logistic regression results using
the cognitive features selected via ML analysis.

3.7. Quality assurance/bias

Table 3 reports the RoB and applicability assessment of the 21 ESOP studies based on the
PROBAST tool [79,82]. Details on the criteria used to make these summary judgments can be
found in Table S3 in the Supplementary Material. The overall RoB and applicability of all
studies were found to be acceptable. As shown in Table 3, all studies had low bias concerns
for participants, predictors, and outcomes, and the applicability of these domains was also
acceptable. However, the RoB for analysis was mixed across the studies. Ten studies were
rated “unclear RoB” for the analysis performed. According to PROBAST guidelines, only six
studies [22,87,90,92,100,102] had a reasonable number of participants with the outcome for
the number of predictors included in the model. Additionally, as mentioned (section 3.5), six
studies [88,93,98,100-102] selected the predictors for the model using univariate analysis.
Nevertheless, the PROBAST tool suggests that this method increases the possible bias in the
prediction. Moreover, 14/21 studies did not include information regarding overfitting or
optimism in their model performance. Finally, while studies did report candidate predictors
[82], only Roger et al. [94] explicitly reported the predictors included in their final model.
However, these authors did not provide details such as the weights of the predictors in the

model.

4. Discussion

A thorough pre-operative assessment is performed for each epilepsy surgical candidate to
weigh potential seizure freedom over risks of cognitive decline, as this procedure is associated
with considerable clinical and cognitive risks. Nevertheless, clinical practice still lacks a
widely validated model for predicting post-surgical outcomes in epilepsy patients [105].
Meta-analyses on predicting post-surgical outcomes in epilepsy patients often explained the
discrepancy in findings with differences in employed methodology [36,37,40,45]. Therefore,
we performed a systematic literature review using three databases (MEDLINE, Web of
Science, and PsycINFO) focusing on methodological and analytical aspects of studies
predicting clinical and cognitive outcomes after TLE surgery. The data was analyzed
narratively and using descriptive statistics due to the number and high variability of the

identified studies. To our knowledge, this is the first study since the study of Mclntosh et al.
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[36] in 2001 to systematically examine the methodology and analytical approach of ESOP
studies. Our analysis is based on 21 identified studies with 1605 TLE patients. All studies’
RoB and applicability were acceptable according to the PROBAST framework [82], so they
were all included in the final review. In line with our goals, we will first discuss the modality
of the predictors used by the ESOP studies examined here. We will then focus on sample
characteristics, outcomes, and analytical methods. We will finish by addressing the clinical

tools provided by the identified ESOP studies.

4.2. Modality

Since epilepsy is a complex disorder with various neurobiological and neuropsychological
characteristics, no single modality can provide an exhaustive evaluation of a patient’s
condition [87]. Therefore, prediction of epilepsy surgery outcomes in the clinical setting is
inherently multimodal [87,104]. Our expectations regarding the increase of multimodal ESOP
studies with time were confirmed, as the majority of multimodal studies were published after
2011 (9/10). In the only multimodal study published in the early 2000s, Wong et al. [88]
combined the clinical and FDG-PET (18-fluorodeoxyglucose PET) predictors using a
multiple logistic regression model. A similar approach was identified in the studies published
after 2011 that combined the predictors of different modalities by including them in the same
regression analysis [84,100,101,106] or using them all as features for SVM [91]. Another
approach was to test the predictive value for post-operative outcome for each modality
separately without combining them. Rathore et al. [87] implemented such an approach by
performing separate ROCs for Wada and neuropsychological scores, and Paff et al. [97] by
executing separate regression analyses for MRI volumetry and neuropsychological scores.
Finally, two studies fused modalities. Bonilha et al. [89] computed a single score for each
patient by combining network architecture abnormalities and composite binary clinical
variables. The predictive value of this model outperformed models based on unimodal data.
Lariviere et al. [86] used “functional connectivity distance”, which combined rs fMRI and
geometric brain network properties to predict post-surgical seizure freedom. The model based
on functional connectivity distance features outperformed the one combining standard clinical
and structural neuroimaging parameters in predicting clinical post-surgical outcomes.
Nevertheless, the authors did not test a combined model. Similar to these findings, in a recent
meta-analysis, Alim-Marvasti et al. [40] noted that correspondence between different
measures has the potential for predicting post-surgical outcomes. These findings corroborate

that data fusion is more than the sum of parts and contains information that could be lost if the
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relations between modalities are ignored [103]. Calhoun and Sui [50] proposed a spectrum of
data fusion approaches (for more technical and mathematical details on multimodal fusion,
see [52,103]). These authors showed how moving from a simple visual inspection of two
modalities toward a symmetric fusion of multiple modalities increases information gain.
Although Calhoun and Sui [50] used this continuum in the case of neuroimaging data, their
idea can be expanded to clinical-demographic and neuropsychological data. For instance,
including in a post-surgical predictive model separately, the volume of the hippocampus and
delayed neuropsychological memory score would not be the same as including the correlation
between them. The latter can be considered data fusion because both datasets are used
equally. In some cases, asymmetric fusion is more appropriate given the research question,
such as analyzing the functional connectivity of to-be-resected regions. Therefore our
recommendation for future ESOP studies is to test the predictive potential of the interaction of
modalities or to use “fusion metrics” (that combine symmetrically or asymmetrically two

modalities in a single measure) as it has shown promising results [86,89].

4.3. Outcome

Another methodological aspect investigated in our study was the outcomes that ESOP studies
tried to predict. Most of the identified studies (n=19) predicted post-surgical seizure freedom.
All of those studies except [87] used standardized taxonomy, either Engel’s [85,86,88—
90,92,94,95,98-100,102] or ILAE [22,83,84,91,93,96]. However, we identified five different
ways of dividing Engel’s class into seizure-free and non-seizure-free outcomes and four for
ILAE. These differences can limit the comparability of studies and the generalization of their
findings [36]. Furthermore, these variabilities in outcome definition can also present an issue
for future studies aiming to validate proposed ESOP models. Although we identified
variability in outcome defining, it can still be seen as a positive trend compared to findings of
previous systematic reviews [10,36] as all except one study [87] used one of two standardized
taxonomies. Therefore, our recommendation for future ESOP studies is to use one of the
proposed taxonomies and sustain from author-defined classifications.

Identified studies that predicted cognitive outcomes mostly used the difference between pre-
and post-surgical test scores. Specifically, Uijl et al. [102] calculated the post-surgical change
in verbal IQ and performance 1Q of the Wechsler Adult Intelligence Scale, Audrain et al.
[101] of the Boston Naming Test, while Paff et al. [97] calculated the change of principal
component scores of verbal and visuospatial memory obtained using a battery of tests [97].

On the other hand, Roger et al. [94] calculated the Reliable Change Index of the DO8O0 test
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scores. Previous studies pointed out that raw change scores can be vulnerable to practice
effects and regression to the mean [107]. Two approaches can help investigate the effects of
epilepsy surgery on cognitive functioning independent of test-retest artifacts — reliable change
indices and standardized regression-based methodologies [55,56,107]. Therefore, to evaluate
the “meaningful post-operative cognitive change” [55] that overcomes the probable range of
measurement error [56], we recommend that future ESOP studies focusing on cognitive
outcomes use one of the two suggested approaches to avoid potential biases.

Another issue we identified in the ESOP studies concerning the outcome was the follow-up
period. Namely, almost half of the identified studies (10/21) did not adequately report the
post-operative time, and there is no information if the outcome was measured only within the
first few post-operative years or if it was a longer follow-up. Moreover, a frequent reason for
excluding the studies from our review was the short follow-up period. Also, in some studies,
the follow-up period was very variable among patients (for instance, in [106], it varied from
three to 32 months, which was not controlled for in the ESOP model). The follow-up
information is crucial for clinical outcomes since the chance of seizure remission is related to
the duration of the follow-up period [37]. The lack of this information prevents investigating
specific factors related to short-term and long-term post-surgical outcomes, exploring if
mechanisms differ with respect to the length of the post-operative period, and informing
rehabilitation planning [36]. Hence, the recommendation for future ESOP studies is to provide

complete information on the post-surgical follow-up period of epilepsy patients.

4.4. Population

We hypothesized that ESOP studies' sample size would grow from the 2000s onwards.
Nevertheless, we did not observe such a trend, and the average sample size even decreased
comparing the 2000-2010 and the 2011-2021 studies. Based on the PROBAST standards
[79,82], only six out of 21 ESOP studies had a reasonable number of participants relative to
their model design. The performance of a prediction model can be overestimated with smaller
sample sizes [29,36]. Small sample sizes can lead to biases, especially in studies that use
univariate analysis for predictor selection for the final model (this will be discussed in the 4.4
section). PROBAST suggests that the number of patients per variable (here, the variable
refers to the predictors considered during any stage of the prediction model process, not only
the final model) should be at least 20 [82]. However, it was found that ML algorithms such as
SVM require a higher number of participants per variable to avoid overfitting [108].

Nevertheless, the sample size needed to avoid overfitting depends on context, outcome
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prevalence or risk, the number of candidate predictor parameters, and the anticipated overall
model performance. Discussing results on small sample sizes in ESOP studies, McIntosh
noted in 2001 that power calculations are uncommon in this area of research [36]. Since then,
various recommendations and tools have been developed for sample size prediction (for
instance, [53,109]). Recently Riley et al. [110] provided a package that implements the
recommendations and allows calculating the minimum sample size specifically for prediction
model development.

One strategy for increasing sample size that we believe some studies adopted was looser
inclusion criteria, such as age (and follow-up period, see section 4.2). Namely, during the
study selection process, in the full-text review process, the most frequent reason for the
exclusion of ESOP studies was the age of the participants (Fig. 1). Specifically, studies tended
to include participants younger than 18 years old. However, children and adult samples
should be separated for several reasons. The neurobiological features of epilepsy in children
and adults differ [67,111]. Furthermore, in children, the neuropsychological changes
following surgery are influenced by ongoing maturation changes and higher plasticity at the
behavioral and structural levels [69]. It was also shown that children and adults differ in post-
operative seizure freedom rate [112] and factors related to surgery failure [113]. Therefore,
our recommendation for future ESOP studies is to have as homogenous a sample as possible
or to include in the model the characteristics by which they differ. Additionally, ESOP studies
should test predictive models of epilepsy surgery separately in children and adults and use
available tools to calculate the necessary sample size. Larger samples can be more easily
achieved if multiple research centers are included [36]. Indeed, our results showed that studies
that used samples from several medical centers had a larger mean sample size than the ones
relying on only one center, while the inclusion time was similar. Nevertheless, this finding
should be taken with caution, given that we identified only two multicenter studies.
Furthermore, in addition to providing relatively large samples, multicenter studies can
introduce methodological challenges related to imaging acquisition across sites, under-

recruitment at single sites, and lack of common measurements [114].

4.5. Analyses

Our results show that regression and ML were the two primary analyses in the ESOP studies.
Our descriptive statistics showed that the ML approach was used more often in multimodal
ESOP studies. Indeed, ML was claimed to be better adapted than classical statistical modeling

for larger datasets [48-50]. Furthermore, ML includes nonlinear complex associations and
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interactions between predictors (expected in a large multimodal dataset) more automatically
than regression [49,115]. However, a recent systematic review did not find ML better than
regression for performance in clinical prediction models [49]. It was also found that ML
needs more data than regression to achieve a stable area under the ROC-curve and small
optimism [108], although other studies suggest that ML methods are more appropriate for
datasets with more variables than the number of subjects [115]. Therefore, analysis choice in
ESOP studies should be based on the underlying hypotheses of the model and the dataset.
Authors should opt for regression when their model is based on theory and human knowledge
(e.g., experts) and when they are focused more on inference by creating and fitting a specific
predictive model. On the other hand, ML should be used in data-driven studies which focus
on finding the best learning algorithm based on patterns of rich data to predict the outcomes
of unobserved cases. Since integrating multimodal data seems to be a growing trend in ESOP
studies and since multimodal fusion is still being explored, ML approaches seem to be a good
option.

An essential aspect of the model development is the selection of predictors. Our results
showed that almost half of the identified ESOP studies tested the predictors chosen before the
analyses, while the others selected predictors based on their predictive value. Nevertheless,
the PROBAST framework warns that the univariate analyses of predictors before their
inclusion in the final multivariate analysis should be avoided as it can lead to incorrect
selection. Moons et al. [82] point out that the bias can arise because, in this case, the
predictive power is evaluated as a single predictor and not in the context of other predictors.
Moreover, there is also a possibility that the univariate associations with the outcome and
individual predictors are accidental. ML approaches such as penalized linear mode with held-
out fold used in [91] and removing the least important feature through analysis repetition used
in [88] could prevent this, as all predictors are analyzed together. The other possibility is to
use strategies that omit predictors, such as backward selection, as used in [85,87,93]. On the
other hand, this strategy can lead to potential overfitting of the model to the dataset, so it
should be followed by validation and optimism adjustment strategies [82].

Studies developing predictive models should address the optimism of their predictive
performance. In other words, if their models are not too much adapted to the development
dataset. For that, methods such as cross-validation are usually used, as was identified in all
ML studies in our sample. However, this model optimization should not be confused with its
validation [116], as a predictive model’s final goal is to predict unseen data accurately [22].

Some ML studies in our sample addressed this issue through their choice of the cross-
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validation method, such as leave-one-subject-out used by Feis et al. [22], nested cross-
validation used by Sinha et al. [91], and stratified k-fold used by Lariviere et al. [86] in which
models can be evaluated in previously unseen data. However, some authors [82,104,117]
consider splitting datasets as internal rather than external validation. A prediction model can
show excellent performances in the sample used for its development, but before it is
introduced into clinical practice, it needs to be validated in another sample that was not used
for its development [104]. In our sample, we identified only one such study. Dupont et al. [98]
first identified the prediction pattern of network hypometabolism in the group of patients with
good and worst outcomes after anterior temporal lobectomy. Then, these authors validated
their equation in the group of TLE patients with the intermediate post-surgical prognosis
(equivalent to Engel’s class 1b, ¢, and d). It is also suggested that external validation should
be performed in a separate study by different researchers [117]. Nevertheless, no study
validated an existing model among the identified ESOP studies. Therefore, our
recommendation for future ESOP studies is to either validate the existing ESOP models and,
if necessary, propose their modifications based on the results, or to include external validation
if they develop a new model (in addition to internal validation). Once again, the solution for
acquiring different samples of patients could be multicenter collaboration [36].

Our literature review findings also suggest that from 2011, the notion of networks was more
present in the methodology of ESOP studies. Among studies in the early 2000s, only Dupont
et al. [98] addressed the network notion through their study design. These authors showed that
the pattern of hypometabolism of a network of connected regions outperformed the
hypometabolism of individual temporal regions in predicting seizure freedom. This result
substantiates that epilepsy is a network disease, as rather than a single region, a more
extensive network is engaged in seizure genesis and propagation. This trend is even more
evident in later studies (after 2011) that analyzed the abnormality of networks [89] and nodes
[91], local connectivity changes [83], tract pathology [93], multimodal functional anomalies
and connectome gradients [86]. Roger et al. [94] also used graph theory approach to analyze
the properties of neuropsychological networks of epilepsy patients who became seizure-free

after surgery and those that did not.

4.6. Research-clinic bridge
This systematic literature review did not corroborate our hypothesis that ESOP studies would
provide clinical tools. Only one study among 21 presented a clinical tool [94]. Based on their

prognostic model, Roger et al. [94] proposed a clinical nomogram, a visual statistical
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instrument that can predict an individualized patient-centered outcome of resective epilepsy
surgery based on several predictors [118,119].

It could be criticized that we did not identify studies connecting ESOP research and clinic
because of our inclusion/exclusion criteria (e.g., minimum of 12-month follow-up, only post-
op). Nevertheless, even in the 211 ESOP studies that were full-text reviewed for eligibility
(Fig. 1), there were only six studies that proposed a tool for clinics such as nomograms for
clinical [118] and cognitive outcome prediction [31,119], online risk calculator for clinical
outcome [105] and clinical and cognitive outcome [1201%, and seizure freedom score [122] for
predicting epilepsy surgery outcome. These studies were recently published, so we can see a
trend towards bridging research and clinic. The recommendation for future ESOP studies is to
try to translate their prediction model into a tool applicable and accessible to clinical practice
to help ameliorate epilepsy surgery decision-making, rehabilitation, and prehabilitation. In
doing so, future ESOP models should rely on techniques, measures, and tests available in
most surgical centers to increase their tools' applicability and the possibility for their
validation. Alternatively, the code should be made openly available if a new composite or
fusion metric is calculated.

ESOP tools should support surgical practice since human decision-making can be subject to
cognitive biases [84,123]. However, ESOP models and resulting clinical tools should not
replace the practitioner's decision [122]. Furthermore, the surgical decision in the case of
epilepsy is complex and manifold, and the patient's perspective and satisfaction should not be
neglected [119]. We reviewed the literature on two crucial epilepsy surgery outcomes —
clinical and cognitive, that are the goal of the surgical team. However, from the patient's
perspective, the goal is psychosocial well-being, and studies showed that seizure freedom is
insufficient to achieve this (for a review, see [124]). Hence, the practitioner's decision should
also incorporate the patient's perspective.

Our study has several limitations. We defined rigorous inclusion and exclusion criteria,
resulting in fewer included studies. For instance, some ESOP studies included participants
aged 16 or 17 [19,125,126]. Considering crucial factors such as maturation and brain
plasticity (see section 4.3), we decided to keep the 18-65 age range [111,112]. However, we
acknowledge that there is no explicitly defined age limit for pediatric epilepsy surgery [67].
Furthermore, we included studies whose post-operative follow-up period was at least 12

months without defining the duration of this period. Although previous studies show that the

8 Although in their later paper Morita-Sherman et al. [121] nevertheless state that further improvements are
needed for the online risk calculator for seizure-freedom prediction to be ready for general clinical usage.
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follow-up duration is related to the clinical outcome of epilepsy surgery [37], as pointed out,
information on follow-up duration was not always presented in the identified studies (see
sections 3.3 and 4.2). Hence this criterion would lead to an even smaller sample of ESOP
studies. We could have captured more fine methodological time trends in ESOP studies if our
criteria had been more loosely defined. Nevertheless, the most prevalent reasons for study
exclusion (Fig. 1) suggest that the characteristics of epilepsy patients in ESOP studies are
very variable. Unless these differences are not accounted for in the ESOP model, they could
bias the results or mask the effects of certain factors. In addition, in order to obtain the most
coherent data, we focused our literature search only on TLE as the most prevalent focal
epilepsy. Including other focal epilepsies might have brought a more thorough overview of
the ESOP research. However, it would also lead to higher variability of the already variable
results despite our strict criteria. Moreover, we acknowledge that our review and resulting
conclusions could be culturally biased as we only included papers written in English. Finally,
we provide a narrative synthesis and only descriptive statistics of the methodology of the
selected ESOP studies. Despite our numerous inclusion and exclusion criteria, the variability
of design and methodology of the identified studies did not allow us to perform a meta-
analysis. This finding suggests, on one hand, the need for future meta-analysis which would
systematically evaluate ESOP models (such as the meta-analysis of Alim-Marvasti et al. [40]
on prognostic features for epilepsy surgery outcome), and on the other, more straightforward

recommendations for future ESOP models and tools.

4.7. Conclusions

In this study, we explored the methodological characteristics of studies aiming to predict
clinical or cognitive outcomes of epilepsy surgery. The narrative synthesis of the results
showed us how the transformation of epilepsy conceptualization into a complex multifactorial
disease is reflected in the methodological and analytical features of ESOP studies. It is
becoming more prevalent that different neuroimaging techniques, clinical and
neuropsychological testing, and analyses that support the modeling of complex relationships
between their respective measurements are needed to evaluate all functional and structural
aspects of epilepsy and predict resective surgery outcomes. This was evidenced in our results
by an increase in different modalities, multimodal datasets, and ML applications in ESOP
studies. Nevertheless, it should be pointed out that some methodological issues noted by
MclIntosh in 2001 [36] and early 2000s reviews [37,41], such as small sample sizes, lack of

information (e.g., on the duration of the follow-up period), variable seizure outcome
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definition across studies, heterogeneity of epilepsy patients, remained present in the recent
ESOP studies. Therefore, Figure 3 presents the synthesis of the hypothesis and results of the
present study, as well as the recommendation for future studies. Moreover, Box 2 includes
suggestions for clinicians engaged in the pre-operative evaluation of epilepsy surgery
candidates. We believe that future ESOP studies should aim to collect larger sample sizes
with rich multimodal data to verify proposed ESOP models and translate them into clinical

tools, thus bridging research and clinic.
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Figure 1. PRISMA flow diagram of the systematic literature search and study selection,
adapted from [34]. The systematic literature review of the three databases yielded 4867
articles (the exact strings are presented in Table S1). Following duplicate removal, two
researchers screened the title and abstract of all papers identified, excluding papers that did
not meet the inclusion criteria. The full texts of the remaining papers were screened, after
which the final selection of 22 ESOP studies was made. The screening was performed using

Rayyan application [78]. Abbreviations: PMB = PubMed; WoS = Web of Science.

Figure 2. Distribution of the identified ESOP studies with respect to the modality of their
datasets and period of publication. Panel A shows the percentage of unimodal and multimodal
ESOP studies from 2000 — 2010 and 2011 — 2021. Panel B shows two pie charts illustrating

the proportion of studies using a specific modality among all ESOP studies in the two periods.
Figure 3. Domains of ESOP studies that were of focus in this systematic literature review.

The hypothesis and principal results are presented for each domain and recommendations for

future ESOP studies.
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Table 1. The identified ESOP studies and their characteristics.
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connectivity PHG = parahippocampal gyrus; EF = Executive functions; MRI = magnetic resonance imaging; RS = resting state.



Table 2. Distribution of analyses across ESOP studies in relation to the datasets.

All ESOP studies Clinical outcome Cognitive outcome
Analysis Multimodal Unimodal Multimodal Unimodal Multimodal Unimodal
0 16.7% 0 16.7% 0 0
Discriminant analysis
©0) 2) 0) 2) ©0) 0)
11.1% 16.7% 14.3% 16.7% 0 0
ROC
(D 2) (D 2) 0) 0)
55.6% 41. 7% 42.9% 41.7% 100% 50%
Regression
&) &) 3) &) 2 ey
33.3% 25% 42.9% 25% 0 50%
ML
3) 3) 3) 3) 0) ey

Abbreviations: ROC = Receiver-Operator Characteristic curve; ML = Machine Learning.



Table 3. PROBAST results for 21 selected ESOP studies. The notes for ROB and APP of each domain are based on the PROBAST questions
presented in Table S3. The overall ROB and APP are based on the notes of each domain respectively. Table is adapted according to PROBAST

guidelines [79, 81, 82].

. ] ROB ROB ROB ROB APP APP APP Overall Overall
Outcome Period  Studies Participants Predictors QOutcome Analysis Participants Predictors Outcome ROB App
clinical 2000
Burneo et
outcomes - al. [92] T T T it it + + + +
2010 '
Dupont et + + + ? + + + + +
al. [98]
Eberhardt 4 4 4 . + + 4 4 +
et al. [90]
Krendl et + + + ? + + + + +
al. [96]
e ! + + + + + + + + +
al. [88]
2011 Asadi-
- Pooya et + + + ? + + + + +
2021 al. [100]
Baxendale 4 4 o + + 4 4 +
et al. [84]
Bonilha et
+ + + + + + + +

al. [89]




Chen et
al. [83]

Feis et al.
[22]

Gaga et
al. [95]

Toriatti et
al. [85]

Keller et
al. [93]

Lariviére
et al. [86]

Rathore et
al. [87]

Sinha et
al. [91]

Voets et
al. [99]

cognitive 2011 Audrain
outcomes - et al.
2021 [101]

Paff et al.
[97]




clinical 2000

and - Ul[Ji gé]al‘ + + + ?
cognitive 2010
outcomes 2011
- Roger et + + + +
2001 al. [94]

Abbreviations: ROB = Risk of Bias; APP = Applicability; + = low concern; ? = unclear.





