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Abstract
Objective: To compare the location of suspect lesions detected by computational 
analysis of multimodal magnetic resonance imaging data with areas of seizure onset, 
early propagation, and interictal epileptiform discharges (IEDs) identified with ste-
reoelectroencephalography (SEEG) in a cohort of patients with medically refractory 
focal epilepsy and radiologically normal magnetic resonance imaging (MRI) scans.
Methods: We developed a method of lesion detection using computational analysis 
of multimodal MRI data in a cohort of 62 control subjects, and 42 patients with focal 
epilepsy and MRI- visible lesions. We then applied it to detect covert lesions in 27 
focal epilepsy patients with radiologically normal MRI scans, comparing our findings 
with the areas of seizure onset, early propagation, and IEDs identified at SEEG.
Results: Seizure- onset zones (SoZs) were identified at SEEG in 18 of the 27 patients 
(67%) with radiologically normal MRI scans. In 11 of these 18 cases (61%), concord-
ant abnormalities were detected by our method. In the remaining seven cases, either 
early seizure propagation or IEDs were observed within the abnormalities detected, or 
there were additional areas of imaging abnormalities found by our method that were 
not sampled at SEEG. In one of the nine patients (11%) in whom SEEG was incon-
clusive, an abnormality, which may have been involved in seizures, was identified by 
our method and was not sampled at SEEG.
Significance: Computational analysis of multimodal MRI data revealed covert ab-
normalities in the majority of patients with refractory focal epilepsy and radiologi-
cally normal MRI that co- located with SEEG defined zones of seizure onset. The 
method could help identify areas that should be targeted with SEEG when consider-
ing epilepsy surgery.
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1 |  INTRODUCTION

Surgical intervention in medically refractory focal epilepsy is 
only recommended if the area of the brain responsible for sei-
zures can be reliably localized and safely resected. The ideal 
clinical scenario is if a lesion, found on magnetic resonance 
imaging (MRI), is confirmed to be involved in seizures by 
clinical consensus and the risk- to- benefit ratio of resecting 
the brain area responsible is favorable. In 20%– 40% of indi-
viduals with medically refractory focal epilepsy, no relevant 
abnormality is visualized on MRI (“MRI- negative”).1 Other 
investigations such as scalp video electroencephalography 
(EEG) can guide lateralization and localization of seizures, 
but may not, in and of themselves, provide accurate local-
izing data. MRI- negative epilepsies are a major clinical chal-
lenge2 and there would be considerable clinical benefit from 
being able to detect the epileptogenic brain areas in such 
cases.

Recent research has shown that subtle imaging abnor-
malities that are not evident on visual reading exist in many 
individuals with MRI- negative epilepsy,3– 5 and appropriate 
image analysis techniques may identify such covert abnor-
malities, while attempting to balance sensitivity and speci-
ficity.6– 12 The reliability of these new methods need to be 
demonstrated13 before consideration of a clinical trial to eval-
uate whether their inclusion in the clinical workflow results 
in a reduction in the number of patients that cannot be offered 
curative surgery, and an increase in postoperative seizure 
freedom.

Most current computational neuroimaging methods are 
focused on detection of focal cortical dysplasia (FCD), but 
numerous other pathologies also need consideration. There 
is also a need to gain specificity, which may be achieved 
by combining information provided by multimodality im-
aging.14 Another consideration is the validity of the ground 
truth lesion localization, which has generally been based on 
an approximate lesion location determined by a consensus 
among experts6 or inferred from postsurgical scans contain-
ing the resection zone.7,8,15 The latter typically includes non-
lesional tissues and cannot be assumed to contain the actual 
seizure- onset zone (SoZ) and the epileptogenic zone (EZ), 
unless seizure freedom postsurgery can be demonstrated. 
Furthermore, postsurgical scans may not always be available, 
as surgery may not be performed in all cases, particularly if 
the risk- to-  benefit ratio of the chances of seizure freedom 
and of causing new deficits is not attractive.

To address these issues, we have developed a method of 
lesion localization based on the computational analysis of re-
gional and voxel- based brain MRI features from multimodal 
MRI data that is not specific to any type of lesion. Our imag-
ing protocol included T1- weighted imaging, fluid- attenuated 
inversion recovery (FLAIR) imaging, susceptibility weighted 
imaging, multi- shell, diffusion- weighted imaging allowing 

diffusion tensor imaging (DTI) analysis16 and neurite ori-
entation dispersion and density imaging (NODDI)17 fitting, 
and driven equilibrium single- pulse observation of T1/T2 
(DESPOT) imaging providing T1 and proton density (PD) 
maps.18– 20 These sequences were selected to capture a wide 
range of pathological imaging changes, including changes 
in water diffusion and magnetic susceptibility. We made no 
assumptions as to the localization of the covert lesions and 
directly compared the location of computationally detected 
imaging abnormalities with areas of seizure onset, early 
propagation, and interictal epileptic activity identified by 
the involvement of stereo- electroencephalography (SEEG) 
contacts.

2 |  METHODS

This was a prospective study recruiting patients with 
medically refractory focal epilepsy undergoing presurgi-
cal evaluation at the National Hospital for Neurology and 
Neurosurgery (NHNN), London, UK, and control subjects. 
The diagnosis was established by clinical consensus during a 
multidisciplinary team meeting considering history and sei-
zure semiology, 3 T structural MRI with an epilepsy proto-
col, prolonged video- EEG telemetry, and neuropsychology. 
Additional investigations, where relevant, included 18F- 
fluorodeoxyglucose (FDG) positron emission tomography 
(PET) and single- photon emission computed tomography 
(SPECT). We included patients with normal MRI on visual 
reading by neuroradiologists specializing in epilepsy who 
were recommended for SEEG. The study was approved by 
the NHNN and University College London (UCL) Queen 
Square Institute of Neurology Joint Ethics Committee. All 
subjects gave written, informed consent before participating 
in the study.

One hundred thirty- one subjects were recruited: 62 healthy 
controls (median age 39  years, interquartile range [IQR] 

Key Points
• Computational analysis of multimodal magnetic 

resonance imaging (MRI) data can help localize 
the seizure- onset zone (SoZ) in patients with med-
ically refractory focal epilepsy and radiologically 
normal MRI

• Comparison with the areas of seizure onset, early 
propagation, and interictal epileptiform dis-
charges (IEDs) identified at SEEG represent a di-
rect means of validation

• The method may aid refining the hypothesis for 
SEEG implantation
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30– 50, 22 male) with no history of neurological or psychi-
atric disease, and 69 patients with medically refractory focal 
epilepsy (Table 1). Of the 69 patients, 42 were MRI positive 
(median age 34 years, IQR 29– 38, 21 male) with potentially 
epileptogenic lesions identified upon radiological review of 
their MRI. Nineteen of the 42 MRI- positive patients had only 
hippocampal sclerosis identified on MRI. The imaging di-
agnosis for the remaining 23 patients included cavernomas, 
encephalomalacia, dysembryoplastic neuroepithelial tumors 
(DNETs), FCD, ganglioglioma, and heterotopia. Twenty- 
seven of the 69 medically refractory focal epilepsy patients 
were MRI negative (median age 35  years, IQR 25– 39, 17 
male) with no relevant lesions found upon neuroradiological 
assessment and subsequently underwent SEEG (Table S1). 
Each subject underwent a standard MRI protocol from which 
relevant quantitative measures were derived (Table S2).

We developed a computational method of lesion detec-
tion, comprising two stacked gradient boosting decision tree 
(GBDT) LightGBM (Microsoft Corporation, Redmond, 
Washington, USA)21 classifiers/regressors. Decision trees are 
a class of widely used machine learning algorithms, which 
achieve state- of- the- art performance in many tasks includ-
ing in lesion and tissue segmentation.22- 27 The first GBDT 
was a LightGBM regressor (C1reg) trained on features of the 
brain on a per parcellated brain region basis, whereas the 
second GBDT was a LightGBM classifier (C2vox) trained on 
voxelwise brain features in standard Montreal Neurological 
Institute 152 (MNI152) space. The workflow is shown in 
Figure 1.

In the case of the MRI- positive patients, lesions were 
outlined by an epileptologist (GPW) using the T1- weighted 
and the FLAIR scans (the latter having been rigidly regis-
tered to the T1- weighted scan using NiftyReg28) resulting in 
a binary lesion mask for each MRI- positive patient. These le-
sion masks, with empty masks for the control subjects, were 
used to train and perform the primary validation of C1reg and 
C2vox. We subsequently used the two classifiers/regressors 
to check for the presence of any covert abnormalities in the 
MRI- negative cases. Computationally detected abnormalities 
were not used to influence the presurgical evaluation of pa-
tients including the planning of SEEG.

2.1 | C1reg (the regional abnormality 
detector)

The regional GBDT regressor was trained to learn what 
makes a brain region normal or abnormal in terms of its nor-
malized volume, and its appearance on all MRI contrasts 
and derived maps (Table S2). For this purpose, these MRI 
contrasts and derived maps were rigidly registered to the T1- 
weighted scan using NiftyReg,28 and each T1 volume was 
parcellated into 157 brain regions using GIF.29 The charac-
teristics of each brain region were then measured and used 
as input to the regressor (Table S3). The latter two regional 
brain properties listed in Table S3 were measured for every 
available MRI contrast and derived map, not only for the ac-
tual volume occupied by each region, but also for the two 
boundary volumes of each brain region (Figure 2). This was 
done to assist in detecting pathological regional boundaries.

We trained C1reg to learn a mapping from these inputs to a 
target value which was set to the percentage of the volume of 
each brain region marked as being lesional from the manually 
drawn lesion masks. For example, for a patient whose partic-
ular brain region was 10% lesional, in terms of the proportion 
of the regional volume affected, the C1reg was trained to learn 
a mapping from the measured characteristics of that brain 
region to the value 0.1. The same target value for a control 
subject or a brain region completely outside lesional areas 
would have been 0.

2.2 | C2vox (the voxelwise abnormality 
detector)

The input to the voxelwise abnormality detector was the out-
put from C1reg alongside the following MRI contrasts and 
derived maps: 3D T1- weighted scan, 3D FLAIR, NODDI 
neurite density index (NDI), DTI axial diffusivity (AD), DTI 
fractional anisotropy (FA), and DTI radial diffusivity (RD) 
(Table S2). The DESPOT PD, DESPOT T1, and suscepti-
bility weighted scans were not further utilized for C2vox, as 
these contrasts, having been used by C1reg, were not found 
to bring any additional benefit to C2vox in our preliminary 
investigations. The selected contrasts were all nonrigidly 

Control subjects
MRI- positive 
patients

MRI- negative 
patients

Number of patients 62 42 27

Agea 39 [30– 50] 34 [29– 38] 35 [25– 39]

Gender (m/f) 22/40 21/21 17/10

Age at disease onseta Not applicable 15 [6– 22] 14 [7– 19]

Disease durationa Not applicable 20 [9– 29] 18 [11– 27]
aGiven in years as median [interquartile range]. 

T A B L E  1  Demographics and clinical 
summary of the control subjects and the two 
patient groups
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registered to MNI152 space using NiftyReg28 (Figure 1). 
Two additional inputs to C2vox were a map of brain cortical 
thickness estimated directly in MNI152 space using ANTS30, 
and the GIF parcellation of the MNI152 atlas. The latter was 
included to provide spatial context to C2vox. In other words, 
this informed C2vox to which region of the MNI152 brain 
atlas each voxel corresponded.

C2vox was trained to learn a mapping from the signal in-
tensity of each voxel, on each input volume, together with its 
six immediate neighbors in three dimensions (3D) to a target 
value of 1 or 0, depending on whether the central voxel fell 
within an area marked as lesional or nonlesional. For control 
subjects, all voxels had a target value of 0, indicating the ab-
sence of lesions. The predicted lesion mask was subsequently 
transformed back to the space of the original T1- weighted 
scan using inverse transformation.

2.3 | Validation

For MRI- positive patients, we used the leave- one- out cross- 
validation scheme and measured lesion detection performance 

using the dice score coefficient (DSC). DSC is a measure of 
spatial overlap and was calculated between the ground truth 
lesion masks and the output from C2vox. For control subjects, 
we assessed whether any false positive voxels were detected.

For MRI- negative patients, we made a principled com-
parison of the output from C2vox and the results of SEEG. 
A sphere of 10  mm diameter was drawn and visualized in 
3D using EpiNav31 at the spatial position of each electrode 
contact that was involved in ictal (seizure onset and early 
propagation) and inter- ictal discharges and overlaid on the 
brain abnormality mask obtained from C2vox. The following 
were then noted by consensus agreement between an epilep-
tologist (JD), a neurophysiologist (FAC), and two senior re-
search fellows (RR and BK): whether the SoZ was within an 
area marked as abnormal by C2vox, whether there was early 
seizure propagation within the areas marked as abnormal by 
C2vox, whether there were interictal epileptiform discharges 
within the areas marked as abnormal by C2vox, whether there 
were areas marked as abnormal by C2vox that were not sam-
pled by the SEEG electrodes, and whether there were areas 
marked as abnormal by C2vox that were sampled by the SEEG 
electrodes but did not give rise to seizures.13

F I G U R E  1  The focal epilepsy lesion detection workflow. (A) MRI images (eg, 3D T1, 3D FLAIR) are used as input to the workflow, 
alongside MRI- derived maps (eg, DESPOT T1, NODDI NDI, DTI FA). These images, rigidly registered (RR) to the 3D T1, together with the brain 
parcellation (BRpar) obtained from the 3D T1, are used for regional feature extraction and comprise the input to the regional abnormality detector 
(C1reg). The output from this stage is a probabilistic map of regional brain abnormalities (RAP). (B) This output, together with the original input 
data, are nonrigidly registered to the MNI152 space (FFR), and alongside the cortical thickness map (XTmap) obtained from the 3D T1 in the same 
space are used for voxelwise feature extraction and utilised as input to the voxelwise abnormality detector (C2vox). An additional input, not shown 
in the figure, is the GIF parcellation of the MNI152 brain atlas. The output from C2vox is a voxelwise, probabilistic map of brain abnormalities 
in MNI152 space, which is converted back to the original 3D T1 space by inverse transformation (FFRinv) and constitutes the final output of the 
pipeline
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3 |  RESULTS

In the MRI- positive cases, the median DSC, measuring the 
degree of spatial overlap between the manually drawn lesion 
masks and the lesions detected by C2vox was 0.59 (IQR: 0.37– 
0.78), measured using the leave- one- out cross- validation 
scheme. The median over all MRI- positive cases of the sensi-
tivity and specificity of voxelwise lesion detection were 0.55 
(IRQ: 0.21– 0.81), and 0.9997 (IRQ: 0.9994– 0.9999). An ex-
ample case is shown in Figure 3. It is noted that the values 
of DSC should be read with the understanding that a value of 
1.0 for DSC requires a perfect overlap between the detected 
lesional area and the manually drawn abnormality mask. The 
latter only reflects the extent of the abnormality that is visible 
on conventional MRI and does not necessarily correspond to 
the full extent of the epileptogenic lesion.

Grouped by pathology, the overall spatial agreements 
were 0.78 (IQR: 0.74– 0.82) for hippocampal sclerosis, and 
0.38 (IQR: 0.11– 0.49) for other pathologies. For the latter 
group, there was no clear relationship between the pathology 
identified on radiological inspection and the DSC value.

A case with low spatial agreement is shown in Figure S1, 
which had a dice score coefficient of 0.2 or 20%. This is a 
19- year- old female patient with blurring of the gray/white 
matter interface at the left middle temporal gyrus, in whom 
low probabilities of abnormality were detected both in the 
radiologically defined area of dysplasia and adjacent areas of 
the brain. The dysplastic lesion may have extended beyond 
that visible on conventional MRI, but no histology was avail-
able because the patient died from sudden unexpected death 
in epilepsy while awaiting surgery.

We also evaluated the value of the first- stage classifier 
(C1reg) by withholding the output from it from C2vox and 

observed an approximate decrease in DSC of 6% over all 
MRI- positive cases. The corresponding decreases in sensi-
tivity and specificity were 10% and 0.01%.

In comparison, the decreases in spatial agreement mea-
sured in terms of the dice score coefficient upon separately 
removing each modality as input to C2vox were 0.6% for the 
T1- weighted image, 2.1% for the FLAIR image, 1.4% for the 
NODDI NDI, 0.6% for DTI FA, 0.4% for DTI RD, and 0.8% 
for DTI AD (Figure S2). We note that the outputs of the first 
(C1reg) and second- stage classifiers (C2vox) are amalgama-
tions of the information contained in all the input modalities. 

F I G U R E  2  Illustration, in cross- section, of the extraction of the 
boundary volumes of a brain region. The brain region shown in this 
example occupies the volume given by the union of B and C. Volume 
C is the regional volume deflated by 1 mm around its boundary, 
whereas the union of A, B, and C is the same volume inflated by 1 mm 
around the regional boundary. The boundary regions of this brain 
region are then taken as B, and A, corresponding to a 1 mm thick 
section of tissue internal to the regional boundary, and a 1 mm thick 
section of tissue external to the regional boundary, respectively

F I G U R E  3  An MRI- positive case: a 27- year- old female patient, 
with right amygdala dysembryoplastic neuroepithelial tumor. Images 
on the left show the manually drawn lesion mask in blue, whereas 
the images on the right show the probabilistic abnormality map 
detected by C2vox in red (lowest probability) to yellow scale (highest 
probability). The lowest and highest probabilities of abnormality 
found in the lesional area detected in this case were 3% and 91%, 
respectively, with a mean over the lesion of 36%
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We observed that the T1- weighted image had a relatively 
small contribution to the output of C2vox having already been 
used for structural assessment by C1reg.

Across all MRI- positive cases, there was not a significant 
systematic difference between the lesion volumes measured 
using the manually drawn and the C2vox- detected lesion 
masks (median volume: 7239 mm3 vs 7891 mm3, p =  .74, 
2- tailed Mann- Whitney U test).

No lesional areas were detected in any of the 62 control 
cases.

In the MRI negative cases, the SoZ was identified with 
SEEG in 18 (67%) of the 27 patients (Figure 4, Table S4). 
In 11 (61%) of these 18 patients, the SoZ found at SEEG 
was within the abnormal areas detected by C2vox (Group A, 
SoZ detected). Of the four patients in this group who had sur-
gery, one had a right temporal resection with an International 
League Against Epilepsy (ILAE) outcome of 5 at 12 months. 
The patient had multiple pathologies found on ex vivo in-
spection of the excised tissues (case 22, Table S4). Two other 
patients had left temporal resections with ILAE outcomes 
of 4 at 12 months, and 2 at 12 months, respectively (cases 
10 and 19). In one of these cases, there were additional ab-
normal areas detected by C2vox, which were not sampled at 
SEEG, that could also have been involved in seizures (case 
10). One patient had a right frontal resection with an ILAE 
outcome of 1 at 12 months (case 1). This was the only case 
in group A that had false positives, identified as additional 
abnormal areas found by C2vox that were sampled at SEEG 
but did not give rise to seizures (Figure 5).

In the remaining 7 (39%) of the 18 of the cases for which 
SEEG was conclusive, the SoZ found at SEEG was not within 
the abnormal areas detected by C2vox (Group B, SoZ not de-
tected). However, in all seven cases, there was either early 
seizure propagation and/or interictal epileptiform discharges 

within the abnormal areas detected by C2vox (cases 3, 5, 15, 
16, and 25) and/or additional abnormal areas were found by 
C2vox that were not sampled by the intracranial electrodes 
(cases 3, 9, and 12). Only one patient in this group had sur-
gery (case 3). No specific pathology was identified on ex 
vivo inspection of the excised tissues for this patient, who 
had a right frontal resection. Their ILAE outcome was 3 at 
12 months. This patient also had additional abnormal areas 
detected by C2vox, which were not sampled at SEEG.

In terms of false positives, there were abnormal areas 
found by C2vox that were sampled by the SEEG electrodes 
but did not give rise to seizures in 6 (33%) of the 18 cases 
for which SEEG was conclusive. However, in all these cases, 
there was early seizure propagation and/or interictal epilepti-
form discharges found within the detected areas (cases 1, 3, 
5, 15, 16, and 25; Table S4).

For the patients who had postsurgical outcome data avail-
able and had abnormalities found by C2vox that were not 
sampled by the SEEG electrodes, the ILAE outcome was 
suboptimal (3 at 12 months and 4 at 12 months for cases 3 
and 10, respectively).

SEEG was inconclusive in 9 (33%) of the 27 MRI neg-
ative cases (Group C, SoZ unknown). In one patient (case 
18), ictal and interictal scalp video- EEG was suggestive of 
left temporal onset, but no spontaneous seizures were cap-
tured on SEEG. Amygdala stimulation elicited a seizure with 
similar semiology and although not absolutely specific, the 
clinical consensus was a mesiotemporal onset for which left 
temporal resection was undertaken with an ILAE outcome at 
12 months of 5. There were interictal epileptiform discharges 
during SEEG within the abnormal areas detected by C2vox in 
this case.

A further patient had abnormal areas found by C2vox that 
were not sampled at SEEG, which may have helped localize 

F I G U R E  4  The agreement between SEEG and the abnormal areas detected by C2vox along with surgical outcomes. SEEG was conclusive in 
18 of 27 cases. In 11 of these 18 cases, a SoZ was found at SEEG, which collocated with the abnormal areas detected by C2vox
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the epileptogenic zone (case 2, Table S4). The patient's se-
miology was olfactory/gustatory aura, suggesting limbic/
temporal onset, and although the SoZ was not located at 
SEEG, ictal SPECT and scalp EEG both suggested a right 
hemispheric onset. There were two areas of abnormality 
found by C2vox which were located at the right occipital pole 
and the left lateral orbital gyrus but they were not sampled 
by the SEEG electrodes. The electroclinical picture did not 
suggest a left orbitofrontal involvement but it is possible that 
the seizures started in the right occipital lobe, and propagated 
anteriorly, so an additional SEEG electrode placed in this 
proximity may have helped identify the SoZ.

Overall, there was early seizure propagation and/or inter-
ictal epileptiform discharges within the abnormal areas found 
by C2vox in six (67%) of the nine cases for whom SEEG was 
inconclusive.

4 |  DISCUSSION

Medically refractory focal epilepsy presenting with ra-
diologically normal MRI is a major clinical challenge.2 A 
computational method for detecting covert lesions that uses 
multimodal MRI data may help meet this challenge. We pre-
sent such a method that intends to detect the diverse range 
of pathologies that can result in medically refractory focal 
epilepsy. In addition to the macroscopic abnormalities that 
may be visible on conventional radiological sequences, these 
also include microscopic abnormalities, which may only be 
apparent in altered diffusion or magnetic susceptibility prop-
erties of tissues, and abnormalities that are too subtle to be 
noticed on unassisted visual reading.

In the patients with medically refractory focal epilepsy 
and radiologically normal MRI with a SoZ identified at 
SEEG, the majority (11/18, or 61%) had a SoZ within the ab-
normal areas detected by our method. In those where this was 

not the case, most (5/7, or 71%) demonstrated early seizure 
propagation and/or interictal epileptiform discharges within 
the abnormal areas found by our method, suggesting that the 
approach offers promise. This was also true for patients in 
whom a SoZ was not located at SEEG where this value was 
6/9 or 66%.

Our method uses a two- stage detection scheme. Our C1reg 
assesses each parcellated region of the brain separately and 
produces a probabilistic, regional brain abnormality map. 
The second- stage classifier (C2vox) then integrates this re-
gional brain abnormality map, alongside the available MRI 
data, into a voxelwise, probabilistic map of brain abnormal-
ities. The rationale behind this approach is that epilepsy can 
result not only from an abnormality of a specific brain region 
(eg, hippocampal sclerosis) but also from abnormalities that 
span across more than one area of the brain (eg, focal cortical 
dysplasia). Although both types of abnormalities can be de-
tected in a voxelwise manner, our results support the hypoth-
esis that regional abnormalities may be best detected with 
input from a prior, regional assessment: withholding of the 
output from C1reg as an input to C2vox resulted in a decrease 
in DSC of ~6% for the MRI- positive cases.

Our comparison of the computationally detected abnor-
malities with SEEG data enables us to assess whether these 
areas give rise to epileptic seizures, and/or are involved 
in early seizure propagation, and interictal epileptiform 
discharges.

Our study has limitations. The first of these is the lim-
ited number of MRI- positive lesional cases (n = 42) we used 
to train our system. However, despite this limitation, we ob-
served a promising degree of covert epileptogenic lesion de-
tection in radiologically normal, medically refractory focal 
epilepsy. We continue to enroll patients in our program, and 
with a developing imaging database comprising a diverse 
range of underlying pathologies, we hope to increase the 
strength of our technique. A growing imaging database will 

F I G U R E  5  Structured comparison of the anatomical coordinates of abnormalities detected by C2vox (blue), with the results of SEEG in an 
example case (case 1). SEEG electrodes are shown in gray, whereas the contacts that were active during the seizure onset, early propagation, and 
interictal activity are shown in red, orange, and yellow, respectively. The assessment in this case was that there was seizure onset, early seizure 
spread, and interictal discharges within the abnormal areas detected by C2vox but there were also abnormal areas detected by C2vox which were 
sampled at SEEG but not found to be involved in seizure onset
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also enable us to test the hypothesis that the underlying pa-
thology (eg, focal cortical dysplasia vs gliosis) may also be 
inferred from multimodal MRI data.

The second limitation of our study is the small num-
ber of surgical outcomes that were available. This was due 
partly to the high attrition rate (16/27, or 59%) following 
SEEG, and partly due to the ongoing severe acute respi-
ratory syndrome coronavirus 2 (SARS- CoV- 2) pandemic, 
which meant that some surgeries had to be put on hold 
(N  =  5). Future evaluation would benefit from a larger 
number of postoperative outcomes, and a prospective as-
sessment of the utility of the method in planning SEEG 
coverage.

Our method has not yet been applied to data acquired at 
other centers. However, it is primed for combatting batch 
effects such as the effect of the scanner through our use of 
standardized processing pipelines resulting in quantita-
tive parametric maps (eg, DTI FA, NODDI NDI), and the 
normalization of raw image volumes (eg, the T1- weighted 
image). Furthermore, the flexibility offered by machine 
learning makes our method capable of modeling- out batch 
effects when it is expanded to a multi- center setting by means 
of utilizing batch- related parameters (eg, scanner manufac-
turer and model) as additional variables.

Further development of our imaging database is expected 
to reduce the number of cases in whom the seizure focus 
found at SEEG does not collocate with the abnormal areas 
found by C2vox (7/18 or 39%) and to allow us to quantitatively 
assess whether agreement between the two improves postsur-
gical outcomes. In the present study, we have found qualita-
tive evidence suggesting that in cases in whom postsurgical 
outcome data are available, and there are additional abnor-
malities found by C2vox,which are not sampled at SEEG, the 
outcome may be suboptimal. Further work will determine 
whether taking into account the abnormalities detected by 
C2vox when planning SEEG can increase the number of oc-
casions in which curative surgery can be offered to patients 
and improve postsurgical outcomes for those who undergo 
surgery.

In our study, SEEG was inconclusive in 9 of 27 patients 
(33%). In one patient this was due to the absence of any spon-
taneous seizures during SEEG, whereas a clear SoZ could 
not be identified in the remaining eight patients. These cases 
remain a challenge. However, as the imaging database grows, 
covert abnormalities in such cases may become detectable. 
Also of note is that one of these patients had abnormal areas 
found by C2vox, which were not sampled at SEEG, and the 
consideration of the computationally detected abnormalities 
might have helped refine the SEEG sampling strategy and 
identify the SoZ.

Because contemporary computational methods may 
offer the possibility of delineating the full extent of lesions 
extending beyond what is visible on conventional MRI, the 

additional information obtained from such methods may also 
help in the pre- surgical evaluation of MRI- positive cases. 
However, the focus of the present study was the 27 cases with 
no visible MRI lesions where the 42 cases with visible le-
sions were used as a training set to develop the computational 
method.

A comparison to existing published computational meth-
ods would be welcome but challenging due to differences in 
patient cohorts and assessment criteria. Our approach aims 
to detect any type of lesion, whereas other voxel- based tech-
niques32 and surface- based approaches9 are designed only to 
detect focal cortical dysplasia. Furthermore, inclusion crite-
ria differ as these studies include subjects whose lesions were 
detected visually in 65% of cases32 or all cases with texture 
map post- processing techniques.9

5 |  CONCLUSION

Computational analysis of multimodal MRI data may help 
in identifying epileptogenic lesions in medically refractory 
focal epilepsy, and radiologically normal MRI. Comparison 
with the areas of seizure onset, early propagation and inter-
ictal epileptiform discharges found with SEEG helps vali-
date the method used for the detection of the covert lesions. 
Further work, including the building of a large database 
of MRI- positive lesional cases, is expected to improve the 
value of the technique and determine whether considera-
tion of the computationally detected lesions in intracranial 
EEG and surgical planning can increase the number of pa-
tients that can be offered surgery, as well as improve post- 
surgical outcomes.
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