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Abstract
Objective: Normal interictal [18F]FDG- PET can be predicted from the corre-
sponding T1w MRI with Generative Adversarial Networks (GANs). A technique 
we call SIPCOM (Subtraction Interictal PET Co- registered to MRI) can then be 
used to compare epilepsy patients' predicted and clinical PET. We assessed the 
ability of SIPCOM to identify the Resection Zone (RZ) in patients with drug- 
resistant epilepsy (DRE) with reference to visual and statistical parametric map-
ping (SPM) analysis.
Methods: Patients with complete presurgical work- up and subsequent SEEG 
and cortectomy were included. RZ localisation, the reference region, was as-
signed to one of eighteen anatomical brain regions. SIPCOM was implemented 
using healthy controls to train a GAN. To compare, the clinical PET coregistered 
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1 |  INTRODUCTION

In drug- resistant epilepsy (DRE), surgery is the only po-
tentially curative treatment.1 A prerequisite is the precise 
identification of the epileptogenic zone (EZ) during a 
multi- step presurgical work- up,2 with magnetic resonance 
imaging (MRI) as the mainstay of imaging. 18F- labeled 
fluorodeoxyglucose positron emission tomography- 
computed tomography ([18F]FDG PET- CT) is a widely 
used functional imaging modality, which in combination 
with structural MRI allows correct EZ localisation in ap-
proximately two- thirds of patients3,4 and is particularly 
useful if MRI is noncontributory (negative).3,5

Visual assessment remains the preferred method in 
clinical routine to review [18F]FDG- PET images. However, 
EZ detection rate is highly variable between studies,4,6– 13 
ranging from 33%11 to 95%,6,14 with higher detection rates 
for temporal lobe epilepsy (TLE) vs extra- temporal lobe 
epilepsy (ETLE),9,13 when lesions can be seen on MRI vs 
MRI- negative epilepsy,4,10,12,15 and when [18F]FDG- PET is 
inspected combined with co- registered MRI vs reading [18F]
FDG- PET alone.7,8,10,13 Visual assessment performance also 
varies with reader experience which could lead to signifi-
cant diagnostic bias,16 in addition to difficulty providing 
consistent advice and scaling up services when needed. 
Therefore, computer- aided diagnosis (CAD) methods were 
developed to facilitate EZ location and improve reliability 
and reproducibility. Statistical parametric mapping (SPM)17 

analysis of PET data is the most widely studied3 and con-
sists of a voxel- by- voxel mass univariate analysis compar-
ison of brain [18F]FDG uptake of a patient compared to a 
group of controls. Its performance for EZ localisation varies 
widely across studies,5,6,15,18– 26 from 20%26 to 86%.6 In terms 
of added value, in one study specifically looking at PET 
designated as normal on visual analysis by two readers but 
without coregistration with MRI, SPM was able to locate the 
EZ determined during presurgical workup in 40%.22 Two 

to MRI was visually assessed by two trained readers, and a standard SPM analysis 
was performed.
Results: Twenty patients aged 17- 50 (32 ± 7.8) years were included, 14 (70%) 
with temporal lobe epilepsy (TLE). Eight (40%) were MRI- negative. After sur-
gery, 14 patients (70%) had a good outcome (Engel I- II). RZ localisation rate was 
60% with SIPCOM vs 35% using SPM (P = 0.015) and vs 85% using visual analysis 
(P = 0.54). Results were similar for Engel I- II patients, the RZ localisation rate 
was 64% with SIPCOM vs 36% with SPM. With SIPCOM localisation was correct 
in 67% in MRI- positive vs 50% in MRI- negative patients, and 64% in TLE vs 43% 
in extra- TLE. The average number of false- positive clusters was 2.2 ± 1.3 using 
SIPCOM vs 2.3 ± 3.1 using SPM. All RZs localized with SPM were correctly local-
ized with SIPCOM. In one case, PET and MRI were visually reported as negative, 
but both SIPCOM and SPM localized the RZ.
Significance: SIPCOM performed better than the reference computer- assisted 
method (SPM) for RZ detection in a group of operated DRE patients. SIPCOM's 
impact on epilepsy management needs to be prospectively validated.

K E Y W O R D S

anomaly detection, artificial intelligence, computer- aided diagnosis, epilepsy, generative 
adversarial network, nuclear medicine

Key points

• AI can predict PET from T1w magnetic 
 resonance imaging [MRI] with good accuracy.

• Subtraction of the clinical from the predicted 
PET (SIPCOM) in analogy to SISCOM.

• SIPCOM performed better than SPM to localize 
the resection zone in [18F]FDG- PET.

• SIPCOM performance advantages were rela-
tively similar in each sub- group (MRI positive/
negative patients, temporal lobe epilepsy [TLE] 
vs extra- TLE patients).

• Visual analysis performed better than SIPCOM 
except in one case.
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studies showed a similar trend5,23 but several studies did 
not: in surgically treated adults, SPM tended to be less sen-
sitive than visual analysis for lateralization of TLE18 and for 
localization of ETLE.15,19 In children, for surgically treated 
TLE, visual analysis tended to outperform SPM to localize 
EZ.6 In a mixed cohort of surgically treated TLE and ETLE, 
visual analysis and SPM were complementary, as SPM per-
formed better for medially located EZs and visual analysis 
performed better for lateral hypometabolism.20

Recently, deep learning (DL) based methods for abnor-
mality detection on [18F]FDG PET have emerged. They are 
mainly based on auto- encoders, using latent space repre-
sentation of the FDG normal distribution to detect out- of- 
distribution areas that could correspond to the EZ.16,27,28 
Other approaches are based on image synthesis: to predict 
enhanced [18F]FDG PET image to facilitate visual analy-
sis29 or to predict the FDG normal distribution from a T1w 
image of the patient and compare it to the actual clini-
cal PET. Proofs of concept of clinical relevance of last ap-
proach have been published in dementia30 and epilepsy.25 
By analogy to the “SISCOM” technique in SPECT, where 
interictal SPECT is subtracted from ictal SPECT,31 DL en-
ables a similar approach for PET: a PET, generated with 
DL and predicting the normal distribution of FDG, can be 
subtracted from the actual clinical interictal PET to reveal 
focal hypometabolism. We call this technique SIPCOM 
(Subtraction Interictal PET Co- registered to MRI).

Here, we assessed the performance of SIPCOM to iden-
tify a matching area with the resection zone (RZ) as a sur-
rogate marker of the EZ on preoperative [18F]FDG- PET 
in patients with complex drug- refractory epilepsy with a 
complete presurgical work- up and subsequent epilepsy 
surgery. SIPCOM performance was compared to visual as-
sessment and SPM analysis as reference methods.

2 |  MATERIALS AND METHODS

2.1 | Patients and controls

Data were collected as part of a larger study (https://clini 
caltr ials.gov/ct2/show/NCT01 735032) recruiting between 
2012 and 2018 for which all participants provided written 
informed consent, and the procedures performed were 
in accordance with ethical standards (Lyon Sud EST IV 
Research Ethics Committee, approval number: N2012- 
A00516- 37, 05/24/2012, NCT01735032).

Inclusion criteria for the current study were: (1) Oper-
ated adult patients who had had preoperative work- up of 
DRE2 in our institution, (2) MRI performed at our institu-
tion and (3) [18F]FDG PET available, acquired on a time 
of flight camera and reconstructed using a 3D iterative or-
dered subset expectation maximization (OSEM) algorithm.

We included 20 patients (10 women, 50%). The mean 
age was 32 ± 7.8 years, range 17- 50. [18F]FDG- PET was per-
formed in our institution (n = 16) or another institution 
(n = 4). The presurgical evaluation included detailed clin-
ical history and neurological examination, neuropsycho-
logical testing, video- EEG recordings, clinical 3T MRI with 
an additional 1.5T MRI for the study protocol, and stereo- 
electroencephalography (SEEG) for confirmation of the 
localisation of the epileptogenic zone. Additionally, we col-
lected postoperative imaging (brain MRI or CT scans).

One SEEG expert (JJ) reviewed all the SEEG- recorded 
spontaneous seizures visually to define the Seizure Onset 
Zone (SOZ). It was defined as the cortical area(s) exhib-
iting clear SEEG changes within the first 10 s of the sei-
zure onset. SEEG changes were considered part of the 
SOZ when they occurred before the clinical onset of the 
seizure, and when they consisted of a fast- synchronizing 
discharge (low voltage fast activity, or fast discharge 
of spikes.32,33 Standard clinical visual analysis of PET 
(including  coregistration with MRI) was used for planning 
SEEG electrode targets when a clear hypometabolic zone 
was detected. SIPCOM or SPM were not used in the clini-
cal routine during the presurgical evaluation.

The surgical resection cavity was used to localize the RZ 
using 18 bilateral brain cortical labels: “ventral medial pre-
frontal” (medial orbitofrontal cortex + inferior anterior cin-
gulate gyrus), “medial dorsal prefrontal” (medial superior 
frontal gyrus + superior anterior cingulate gyrus), “lateral 
ventral prefrontal” (inferior frontal gyrus), “lateral dorsal 
prefrontal” (lateral superior frontal gyrus + middle frontal 
gyrus), medial premotor, lateral premotor, medial central, 
lateral central, anterior medial temporal, anterior lateral 
temporal, posterior medial temporal, posterior lateral tem-
poral, medial parietal, lateral parietal, medial occipital, 
lateral occipital, operculo- insular, and temporo- parieto- 
occipital junction. The seizure- outcome assessment was 
based on Engel's classification,34 and the outcome was 
categorized into good (Engel I- II) or poor (Engel III- IV). 
Pathology reports were collected when available.

The control database was composed of 37 normal adult 
subjects described in Ref. 35.

2.2 | MRI and PET acquisition and 
reconstruction

For all participants, a T1- weighted (T1w) MRI image was 
obtained on a Sonata 1.5 Tesla scanner (Siemens) with a 
voxel size of 1.2 × 1.2 × 1.2 mm3.

PET data were acquired according to recommenda-
tions.3 At our institution, a 122 ± 21 MBq dose of [18F]FDG 
was injected for controls and 148 ± 2.5 MBq for patients 
(unavailable for four patients). Data were acquired on a 

 24709239, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/epi4.12820 by Plym

outh U
niversity, W

iley O
nline L

ibrary on [28/11/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://clinicaltrials.gov/ct2/show/NCT01735032
https://clinicaltrials.gov/ct2/show/NCT01735032


4 |   FLAUS et al.

Biograph mCT64 PET/CT (Siemens) and reconstructed 
with a 3D iterative OSEM algorithm with CT- based at-
tenuation correction (AC) in a matrix of 200 × 200 × 109 
voxels with a voxel size of 2.04 × 2.04 × 2.03 mm3. At the 
second institution, a dose of 142 ± 12 MBq of [18F]FDG 
was injected (unavailable for two patients). Data were ac-
quired on a Discovery ST PET/CT (General- Electrics©) 
and reconstructed with a 3D iterative OSEM algorithm 
with CT- based AC in a matrix of 128 × 128 × 47 voxels 
with a voxel size of 2.34 × 2.34 × 3.27 mm3 except for one 
patient with voxel sizes of 4.69 × 4.69 × 3.27 mm3.

2.3 | SIPCOM assessment

2.3.1 | Image preprocessing

T1w images were bias- corrected using FSL FAST.36 T1w 
MRI and PET images were rigidly co- registered in native 
space and then warped to an asymmetrical version of the 
Montreal Neurological Institute (MNI) template based 
on 152 subjects with a 1 × 1 × 1 mm voxel size via the MRI 
and resampled to the same voxel size using FSL.37 PET 
images were additionally smoothed by a 2 mm Gaussian 
filter. All values were scaled between 0 and 1.

2.3.2 | Image- to- image conditional 
generative adversarial (GAN) 
network: overview

The model was derived from the pix2pix model,38 which was 
shown to be a more efficient architecture to learn the map-
ping between T1w MRI and [18F]FDG PET than U- net.25 
The generator was based on 3D U- net,39 with the layers 
of the encoding and decoding stages defined using resid-
ual units.40 Data in the encoder path were down- sampled 
using convolutions and in the decoder path up- sampled 
using transpose convolutions. The encoder consisted of five 
convolution layers with 32, 64, 128, 256, and 512 channels. 
The decoder consisted of five convolution layers with 512, 
256, 128, 64, and 32 channels. Data in the discriminator was 
downsampled using convolution layers with 64, 128, 256, 
512, and 1 channels, respectively. Parametric rectified lin-
ear units (PReLU) and batch normalization were used.

2.3.3 | GAN implementation details: 
training and performance evaluation 
using controls

The network was implemented using Pytorch 1.10.0 
(https://pytor ch.org/), Monai 0.8.0 (https://monai.io/, 

https://arxiv.org/abs/2211.02701) on an NVIDIA V100 
GPU with 32 GB of RAM. The loss function of the generator 
was the average of the mean squared error multiplied by a 
constant lambda equal to 200 and adversarial loss. The loss 
function of the generator was the adversarial loss divided 
by 2. The optimizer was Adam. The learning rate was set to 
0.0002 and kept constant.38 The model was trained for 1000 
epochs with a batch size of 20. The network was trained 
using ~90% of the control data (34/37) with 32 × 32 × 32 
voxel patches, testing on the remaining 3/37 controls, and 
the training was repeated five times with different test sets. 
To evaluate the predicted PET with reference to the ground 
truth PET image in terms of mean absolute error (MAE), 
peak signal- to- noise ratio (PSNR),41 and structural similar-
ity index measure (SSIM),41 the predicted PET was masked 
using a brain mask generated using FSL BET.42

2.3.4 | Creation of the map of 
hypometabolic foci

Patients' normal PET was predicted using the GAN previ-
ously trained and multiplied with the ratio between the 
mean intensity from the clinical PET and from the pre-
dicted PET. The predicted normal PET image was then 
subtracted from the clinical PET. Next, the voxel val-
ues of the difference image were converted to Z- scores 
(Zi = [Xi − μ]/σ, where Xi is the voxel intensity, μ the mean, 
and σ the standard deviation within the brain mask). Ad-
ditionally, we performed SIPCOM for each control from 
the test set (due to cross- validation; n = 15) to assess the 
number of FP. As in previous work,25 the Z map was 
masked using the previously generated brain mask eroded 
by three voxels to reduce artifact at the low- intensity bor-
der, and the threshold was set at Z > 2.33 for a cluster size 
of at least 1000 voxels (1 mL). The Z- score value of each 
cluster was measured. Lastly, for SIPCOM- positive pa-
tients, we visually assessed (1) for MRI- positive patients, 
the overlap between the cluster and the lesion and (2) the 
overlap between the cluster and the resection cavity on 
postoperative imaging (MRI or if lacking CT- scan).

2.4 | SPM assessment

2.4.1 | Image preprocessing

Patient and control data were normalized using SPM1217 
(Wellcome Department of Cognitive Neurology, Institute of 
Neurology) running in MATLAB 2017a (MathWorks Inc.) as 
previously published35 to the same voxel size of 2 × 2 × 2mm3 
as in Ref. 25. Images were smoothed using an 8 mm3 FWHM 
isotropic Gaussian kernel as a final preprocessing step.43
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2.4.2 | Voxel- by- voxel analysis

Voxel- wise comparisons were computed between brain 
PET images of each patient and all control images correct-
ing for global values via an ANCOVA per group (ie, each 
patient's global mean was adjusted to the controls' mean 
global value). Additionally, we performed SPM for each 
control from the test set (due to cross- validation; n = 15) 
to assess the number of FP. The contrast analyzed was: 
patient < controls (hypometabolism). We considered clus-
ters formed by voxels exceeding the P < 0.001 threshold as 
significant when their cluster P- value was <0.05, with no 
minimum extent threshold.

2.5 | Visual assessment

PET images coregistered with MRI were independently 
analyzed by two trained experts (AF, KOC), blinded to 
clinical information. Areas of hypometabolism were local-
ized according to the previously described 18 brain corti-
cal regions.

2.6 | Statistical analysis

We defined a true hypometabolic cluster as a cluster 
whose localisation was concordant with the RZ. Dis-
crete variables are reported as percentages, while quan-
titative variables are reported as mean values ± standard 
deviation (SD). A Cohen's kappa test was performed to 
assess the concordance in localisation of the RZ through 
PET visual analysis between expert readers. Secondly, 
we evaluated the performance of the PET assessment 
in relation to the localisation of the epilepsy (temporal 
vs extra- temporal epilepsy), the MRI findings (MRI- 
positive vs MRI- negative), the postsurgical seizure out-
come (good vs poor) and according to the PET scanner 
(Siemens vs GE). We additionally computed the recall 
and the precision for both methods. Pairwise compari-
sons between methods were performed using Fisher's 
exact tests The two- tailed significance level was set at 
P = 0.05.

3 |  RESULTS

3.1 | Population description

Clinical characteristics are displayed in Table  1. MRI 
findings were considered negative (cryptogenic epilepsy) 
in eight cases (40%), whereas a lesion was identified on 
MRI (symptomatic epilepsy) in the 12 others (60%). Eight 

patients (40%) had a left- sided EZ, and 14 patients (70%) 
had temporal lobe epilepsy. After surgery, the mean fol-
low- up was 20.6 ± 14.8 months (range, 2- 48); 14 patients 
(60%) had a good outcome (Engel class I or II).

3.2 | Evaluation of the predicted 
PET image

The conditional GAN was successfully trained to learn the 
mapping from the T1w to the [18F]FDG PET. Across con-
trols, the mean MAE was 0.0042 ± 0.0021, the mean PSNR 
was 35.14 ± 3.846, and the mean SSIM was 0.991 ± 0.0025. 
Figure 1 showcases the result for one representative con-
trol subject (MAE 0.0044, PSNR 34.85, SSIM 0.992).

3.3 | Semi- quantitative analysis: 
SPM and SIPCOM

SPM and SIPCOM results are summarized in Table 2. An 
area concordant with the RZ was detected in 12/20 pa-
tients (60%) using SIPCOM vs 7/20 patients (35%) using 
SPM (P = 0.015). All those detected using SPM were also 
detected using SIPCOM. The recall for SPM vs SIPCOM 
is 0.35 vs 0.48 and the precision is 0.13 vs 0.21. For the 
12 SIPCOM concordant patients, there was an overlap be-
tween the cluster defined using SIPCOM and the resection 
cavity on postoperative imaging.

Results were similar in the subgroup of good outcome 
patients (Engel I- II) as the RZ site was detected in 9/14 pa-
tients (64%) using SIPCOM vs 5/14 patients (36%) using 
SPM. For other Engel outcomes (III, IV), SIPCOM localized 
the RZ in 3/6 patients (50%) vs 2/6 patients (33%) for SPM.

In the whole group, the average number of false posi-
tive (FP) clusters was 2.2 ± 1.3 using SIPCOM and 2.3 ± 3.1 
using SPM (P > 0.5), ranging from 0 to 4 in SIPCOM and 
0- 12 in SPM (Figure  2). Among all the FP clusters, 63% 
were localized in four bilateral cortical brain regions (lat-
eral dorsal prefrontal 25%, ventral medial prefrontal 16%, 
medial parietal 11% and medial occipital 11%). All the 
other regions yielded FP rate below 5% and five bilateral 
regions did not include any FP (medial dorsal prefrontal, 
medial premotor, lateral premotor, medial central and 
posterior lateral temporal). Only 4 FP clusters (9%) were 
included in the propagation zone: subject #1 a left lateral 
dorsal prefrontal cluster, subject #16 a right ventral me-
dial prefrontal cluster, subject #17 a right operculo- insular 
cluster and subject #20 a right anterior lateral temporal 
cluster. For comparison, in the control group, the average 
number of FP clusters in controls was 1.9 ± 1.4 using SIP-
COM and 2.9 ± 3.2 using SPM, ranging from 0 to 6 in SIP-
COM and 0- 12 in SPM.
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The mean Z- score in the resection zone was 4.8 ± 0.98 
vs 4.5 ± 2.46 in the false- positives clusters (P = 0.64). In 
41% of the cases, the value of the Z score in the resection 
zone was higher than the value of the false positives.

One example each of concordant and discordant re-
sults between SPM and SISCOM for two different left TLE 
cases is shown in Figures 3 and 4. Figure 3 highlights that 
whereas both methods correctly localized the RZ, SIP-
COM identified a more extensive cluster than SPM. For the 

patient shown in Figure 4, SIPCOM correctly identified the 
temporal cluster but not SPM. Overall, in TLE, SIPCOM 
correctly localized the RZ in 9/14 patients (64%) vs 6/14 
patients (43%) using SPM. In ETLE, SIPCOM correctly lo-
calized the RZ in 3/6 patients (50%) vs 1/6 patients (17%) 
using SPM. In MRI- positive patients, the SIPCOM concor-
dance rate was 8/12 (67%) vs 6/12 (50%) using SPM, and in 
MRI- negative patients, SIPCOM positivity was 4/8 (50%) vs 
1/8 (13%) in SPM. Among the 8 SIPCOM- positive patients 

T A B L E  1  Patients' characteristics.

Number Age Gender MRI
Lobar 
localization

Anatomopathological 
findings

Follow- up 
(months)

Engel 
class

1 17 M R central FLAIR 
hyperintensity

R Central FCD 2A 48 1a

2 41 F R posterior temporal 
cavernoma + R 
hippocampal sclerosis

R Temporal FCD 3A 28 1a

3 41 M Negative R Temporal FCD 3A 4 1a

4 38 M Bilateral hippocampal 
sclerosis

R Temporal Nonspecific gliosis 10 1a

5 33 F L temporal pole atrophy + L 
amygdala FLAIR 
hypersignal

L Temporal Nonspecific gliosis 2 1a

6 29 M L temporal pole blurring + L 
temporal pole atrophy

L Temporal Nonspecific gliosis 24 1a

7 33 M Negative L Temporal Nonspecific gliosis 32 1a

8 25 M Negative R TPO Normal 35 1a

9 24 F R parieto- occipital scar + R 
hippocampal sclerosis

R Temporal NA 13 1a

10 36 F Negative R Temporal NA 3 1a

11 30 F Left parietal blurring + L 
parietal FLAIR signal 
hyperintensity + L 
transmantle sign

L Parieto- occipital NA 4 1a

12 31 F Negative R Temporal FCD 3A 40 1b

13 21 F L insular FLAIR 
hypersignal

L Temporal Normal 12 2b

14 40 F L hippocampal sclerosis L Temporal FCD 1C 38 2b

15 50 M L temporal pole FLAIR 
hypersignal + L 
Temporal pole atrophy

L Temporal FCD 3D 7 3a

16 30 M Negative R Frontal Normal 31 3a

17 26 M R hemispheric atrophy + R 
amygdala, hippocampus 
FLAIR hypersignal

R Temporal + TPO Nonspecific gliosis 17 3a

18 26 F Negative R Frontal Nonspecific gliosis 36 3a

19 28 M Negative R Central Nonspecific gliosis 3 4b

20 34 M L temporal pole atrophy L Temporal Nonspecific gliosis 25 4b

Note: Lateralisation/localisation: at the lobar level; more granular localisation per patient is provided in Table 2. Italics: patient's outcome was Engel 3 or 4.
Abbreviations: F, female; FCD, focal cortical dysplasia; L, left; M, male; NA, non available; R, right; TPO, temporo- parieto- occipital.
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with lesioned MRI, the SIPCOM cluster overlapped with 
the lesioned area in 7 (88%). Only for subject #4 with bi-
lateral hippocampal sclerosis, the clusters were mainly lo-
cated peripheral to the lesions (larger on the right): in the 
temporal pole and the inferior gyrus of the temporal lobe.

Of the three [18F]FDG PETs normal on visual reads, 
one (patient #10) with TLE was positive (33%) using both 
SPM and SIPCOM.

In the subgroup of PET acquired using Siemens PET/
CT, SIPCOM localized the RZ in 9/16 patients (60%) vs 
5/16 patients (38%) in SPM, whereas for GE PET/CT im-
ages, SIPCOM localized the RZ in 3/4 patients (75%) vs 2/4 
patients (50%) in SPM.

3.4 | Visual analysis

Visual PET analysis results are summarized in Table  2. 
Hypometabolic areas concordant with the RZ site were 
detected in 17 patients (85%) (P = 0.54 vs SIPCOM). PET 
visual analysis was negative in three patients (15%). Inter- 
reader agreement for localisation of the anomaly was ex-
cellent with Cohen's k = 1. In MRI- positive patients, visual 
analysis was positive in 12/12 patients (100%), while in 
MRI- negative patients, it was positive in 5/8 patients (63%).

4 |  DISCUSSION

We evaluated the performance of the SIPCOM method to 
detect the RZ in a cohort of complex DRE patients. The 
SIPCOM concordance rate was higher, at 60%, than SPM, 

at 35%, but lower than visual analysis, at 85%. It should be 
noted that we optimized visual analysis by systematically 
coregistering PET onto MRI, which is known to improve 
performance.7,8,10 Visual analysis results could be further 
improved using a simultaneous PET- MRI scanner.44

The computer- aided methods did detect the RZ in one 
of the three patients in whom both MRI and PET had been 
unremarkable, a result that is potentially very clinically 
relevant.

SIPCOM results were relatively similar in different 
sub- groups with concordance rates of 64% in TLE vs 50% 
in ETLE, 67% in MRI- positive patients vs 50% in MRI- 
negative patients, 56% with Siemens PET/CT vs 75% (3/4) 
with General Electric PET/CT.

In our study, SPM concordance rates were towards the 
lower end of previously published results which ranged 
from 20%26 to 86%.6 Overall, there is no clear pattern to ex-
plain this large range of previously published SPM results 
which are difficult to compare due to various differences: 
in types of cohorts patients selected by epilepsy subtypes 
(TLE16 or ETLE15) or without selection,5,24,26 adults22 
or children,6,16,20 with different gold standards (ie, good 
outcome after surgery,5,6,15,20,26 SEEG,19,23 or noninvasive 
work up16,22), using different SPM versions (SPM99,15 
SPM5,19 SPM8,16,22 SPM1226), different SPM statistical 
parameters (P- value, cluster size threshold),20,21 different 
methods to select the cluster (largest volume,26 highest 
T- value,6,15 the P- value at the cluster level16), different 
definitions of the EZ (results of the presurgical work- up,23 
the SEEG,19 or the resected area24), and finally the control 
databases, ranging in size from 1320 to 5525 and composed 
from control subjects21,25 or patients undergoing a whole 
body scan for an unrelated indication.23

The lower performance of both SPM and SIPCOM 
over visual analysis in our study may be partly ex-
plained by the preprocessing steps (smoothing and an-
atomical registration of the image for SPM). Those steps 
could hamper the lesion detectability in opposition to 
visual analysis which is mainly driven by asymmetrical 
analysis.

SIPCOM concordance rate was higher than SPM (25%). 
One possible explanation is the reference used for the sta-
tistical comparison. In voxel- wise statistics such as SPM, 
data preprocessing requires a morphological transforma-
tion of PET images to a standardized template, followed 
by substantial spatial smoothing which is performed to 
increase the signal- to- noise ratio18 and compensate for 
anatomical variation between the subject and the group 
of controls. Comparison is then against an identically pro-
cessed normal control database which will have a certain 
normal distribution which will vary by region.35 In con-
trast, the SIPCOM statistics are based on the voxel value 
compared to the intra- subject variability across the brain 

F I G U R E  1  GAN results for one representative control subject. 
The first row shows the T1w MRI, the second row the clinical [18F]
FDG PET, and the third row the predicted [18F]FDG PET, ie, the 
output from the generative adversarial network. From left to right, 
sagittal, coronal, and transverse slices are shown for each set.
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of the patients themselves, ie, mean and standard devia-
tion of the difference image, contained in the Z- score. In 
SIPCOM, the reference to a normal database is implicit, 
contained in the GAN training from a control database 
and the patient's native space is used, reducing the need 
for smoothing. Hence SIPCOM could be seen as more 
personalized. While interpretation of the results of semi- 
automatic methods still depends on users' understanding 
of the methodology and potential artifacts, those methods 
stand to reduce subjective bias in interpretation, in order 
not to overlook any area of the brain in the PET image. 
Additionally, such methods can offer a homogeneous ref-
erence level of PET assessment between readers or during 
their training.

Compared to a previous study in epilepsy using pre-
dicted PET synthesized from MRI as a reference for sub-
traction,25 here the SIPCOM FP rate was lower, similar 
to that of SPM. At least two methodological points may 
explain this difference: (1) the predicted PETs generated 
in our work had better image quality metric values than 
in the previous study; they are also the best compared to 
previous studies,25,30,45,46 and (2), in our work, the pre-
dicted PET global mean voxel values were normalized to 
fit the global mean of the actual PET of the subject, an 
innovation inspired by the SPM scaling process. Taken 
together, these two improvements resulted in more ac-
curately predicted PETs which may explain the smaller 
number of FP findings. However, FP were still present 
and only 9% could be related to seizure propagation 
pathways.47 Lastly, the epilepsy cohorts were different 

F I G U R E  2  Histogram showing 
the number of true and false positive 
clusters for each patient using statistical 
parametric mapping or Subtraction 
Interictal PET Co- registered to MRI.

F I G U R E  3  Result of a concordant case between statistical 
parametric mapping (SPM) and Subtraction Interictal PET Co- 
registered to MRI (SIPCOM) analysis (patient #5). The first row 
displays the [18F]FDG PET superimposed with an abnormal cluster 
(in white) defined using SIPCOM. The second row displays [18F]
FDG PET superimposed with abnormal clusters defined using SPM. 
Cluster size and localisation did not overlap between analyses. 
The frontal clusters seen with SPM (false positives) likely reflect 
the patient's individual anatomy and are therefore not seen with 
SIPCOM.

F I G U R E  4  A case (patient #6) with discordant results for 
Subtraction Interictal PET Co- registered to MRI (SIPCOM) and 
statistical parametric mapping (SPM). The first row displays the 
[18F]FDG PET superimposed with an abnormal left temporal 
cluster defined using SIPCOM. The second row displays the 
maximum intensity projection result of the SPM analysis for the 
same patient, showing no cluster of hypometabolism in the left 
temporal lobe.
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10 |   FLAUS et al.

(operated patients here vs patients coming for PET, ie, 
much earlier in the presurgical workup) as well as the 
reference standards (RZ in this work vs a visually abnor-
mal scan in previous work).

Our work has several limitations. Firstly, it is a retro-
spective study based on small sample size. A large prospec-
tive study should confirm these initial results and evaluate 
in which types of focal epilepsy the method is the most 
beneficial (eg, lesional vs nonlesional, suspected malfor-
mations of cortical development). Secondly, only 60% of 
the patients achieved a good outcome (Engel class 1 or 2); 
but the results were similar in the subgroup of good out-
come patients vs the whole cohort as the RZ site was de-
tected respectively in 64% vs 60% using SIPCOM and 35% 
vs 36% using SPM. Interestingly, even when SIPCOM and 
SPM are both able to localize the RZ according to the ana-
tomical grouping used here, the cluster shape is not iden-
tical (Figure 2); shape differences and their impact could 
be investigated. Thirdly, both computer- assisted methods 
are highly dependent on choices of parameters used in the 
preprocessing steps and analyses as well as image charac-
teristics. For example, differences in the MRI field, MRI 
manufacturers and parameters used to acquire the T1w 
images can alter the GAN performance to predict the PET 
image and limit the portability of the method. The impact 
of different T1w images needs to be carefully evaluated as 
it may imply tuning the GAN, using transfer learning so 
that new input MRI images can be used. Lastly, another 
work perspective would be to port SIPCOM for use with 
children but as for SPM, a dedicated normal database 
would be necessary.

5 |  CONCLUSION

In a group of DRE patients who underwent presurgical 
work- up including SEEG and were operated on, SIPCOM 
was able to localize the RZ in 60% of the patients vs 35% 
using SPM. Both detected the RZ in one of three patients 
with no abnormality on visual analysis, suggesting that 
they may be a complementary procedure. SIPCOM's im-
pact in particular should now be validated in larger pro-
spective studies.
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