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Abstract : For the objective interpretation of cerebral metabolic patterns in epilepsy patients, we developed computer-aided classifier using
artificial neural network.
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We studied interictal brain FDG PET scans of 257 epilepsy patients who were diagnosed as normal(n=64), L. TLE (n=112), or R
TLE (n=81) by visual interpretation. Automatically segmented volume of interest (VOI) was used to reliably extract the features repre-
senting patterns of cerebral metabolism. All images were spatially normalized to MNI standard PET template and smoothed with 16mm
FWHM Gaussian kernel using SPM96. Mean count in cerebral region was normalized. The VOIs for 34 cerebral regions were previously
defined on the standard template and 17 different counts of mirrored regions to hemispheric midline were extracted from spatially norma-
lized images. A three-layer feed-forward error back-propagation neural network classifier with 7 input nodes and 3 output nodes was
used. The network was trained to interpret metabolic patterns and produce identical diagnoses with those of expert viewers. The perform-
ance of the neural network was optimized by testing with 5~40 nodes in hidden layer. Randomly selected 40 images from each group
were used to train the network and the remainders were used to test the learned network.

The optimized neural network gave a maximum agreement rate of 80.3% with expert viewers. It used 20 hidden nodes and was
trained for 1508 epochs. Also, neural network gave agreement rates of 75~80% with 10 or 30 nodes in hidden layer.

We conclude that artificial neural network performed as well as human experts and could be potentially useful as clinical decision sup-
port tool for the localization of epileptogenic zones.

Key words : Brain PET, Artificial neural network, Spatial normalization, Epilepsy

x
fu

B277) A8 F SPECT 94 3703 oz AN EetL A
4 g9 F A AsE AT 7 F I8 Aolg 7

kR Eg 2AYA 9= UxA 748 (medically intractable o] HEAAHAE = dn[4-6], FTATE[7-12]9}
epilepsy)ell Al w&dte] WA 5 AAH & o #x9 4 57413 g2} B 2] = 3} (statistical parametric mapping)[13-16]
A AR, Ha AA A, A7)Z2%H 9 A (magnetic resonance 71HE ol gt A4 dx2rd 7 #x 44E vude gi
image : MRI)9] Hejsty w3}, B FagdEa (single pho- 42 5AF fo4E FrsbE sid{16]. oleld BHEL
ton emission computed tomography : SPECT) o} A zpgk 438 TAAHY HUE 21 Yoy FEIR Re BAAE
2 (positron emission tomography PET)¢ H&8F2} EE‘:‘ @3 AL 9
E}W Hats F3 LM3te] 7149 A (epileptogenic zone) AR, 9e “o“?d% o] &dte] RhEod 27|, EI7] A}
g A3 magste AL W4 30}5}[1‘3] o] HdF W] MEL((HAY Ao|/EAZ7] AlF)x100
ﬂél%‘ﬁ:é 228371 9% HrsdAozE Te-99m- %)olt AT X A& Z ((HFH&-HwH)/EFHA) F
HMPAOY Tc-99m-ECDE o] 4 %2 7](ictal) 9} 2271 BHE de T oA X E oJ9A Hle] ADsertd B ®
(interictal) 38§ SPECT, F-18-fluorodeoxyglucose(FDG) & e #A7E J2H4-6,13). o2 71%1 S ANE A E
o]48 HEEQYA} PET So] 2z molth a8, o] 44 zx 2oz A7 28 oI PHE AAls U
g A8 A9 o o8 71x A¥E Avd 2 s A= o] WHel T4AHER Fo ?}01‘4“ AAE ¢ F
BAe] Agd o3 FAHA Hrtg dvke dA HREH. ARE o] o] ofFloln BV} YA HEE o]FEE &
M2 g8 B=2 Aleld] oHe] 24 g& FE YT & & oAl o] e tjdt BExle d4o] Fasith o] FE HH
EAT O BEINS W M2 OE 238 2 F u. o] wj$ BT Ho NATEY A 2RFRAE s
FRA #AE 4 9444 JEld HE8RFY ZREAARY HYGET 43 AZ A e Bl dF Aol B3 & o]
¥yt AW AdR F8EA gete Aol o Al H] 7Hedt o] B2 =R ded "as Bdd 2ot o)y
g A Heert F3E BAle oplth Huh B3 43F 3 BAE A e dFske AL AFL T34 A
A2 s 7}7\‘_‘ TFEEO7] W 54 7Hd Ha¥ ohzt ot}
o2 HAdER tFHoz A gAS Helt3] ¢ IBGAE BETS w AEEHE BHEFY dEko] Hlade A
So] olg g Y2 ofF tgstnz o)F HHstet AT oty 43¢ Hi Jdg & o AExe AU Hy &9 A
gl dasiet AE= 2 oo JBETF Hluste 2R Wdo dAE
7153 Q4o vehd HE8F W3 2= Hs) 52 A #Ede] A7 Aoy 38 BEes A A AAd A
$2I7t g ste ARANEY BT Alejo] BAT HFH w7t T vndte A AH7 gY dHejnz s
A FA o] FUWAE Fxe] WA yed ot 22 F 4 BT o] BY5he AL 23 g Ao FAG17]. &
ospz B33 7|Ee Faq szt olde a2 JEs A AR Y, DB} 2" T AF AT NHE AR4H
F71% gt AdAo] RYHE e A4 ooz, F FAHE I9H 4
HId H715ddE AT | Al ol oH s §F Zo ¥xsdo g A3s £ + o
e o PHEe] AU & FAAA de @EAs 9 o] AFeA el A4 2HE o] &35t F-18-FDG PET

o383 A A1, A58, 1998



QBN 2gE o] 4¥ F-18-FDG  PETY A4

Ha 2AEEA 457

F-18 FDG PET

Normalized PET

Meural Network
Classifier

Diagnosis
. AN

Normmal LTLE RTLE

ot I

Normalization
spatial & count

Feature Extraction

Comparison

Segmentation

MNI Template

with Huoman Expert

8] 1. 5| F-18-FDG PETS| 72 21014 XSallA AlAE FHT
Fig. 1. Schematic diagram of the automatic interpretation system for epileptogenic zones in F-18-FDG bran PET
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Table 1. Classification of epilepsy patients, who underwent
F-18-FDG brain PET, based on the visual interpretation of two
experienced nuclear physicians without any clinical information

A2 4 (13)
3% 64
A5AFEE 9
FEAFENA 10
HEFFETR 1
FEFFENE 7
HFEFAENE 5
FEFAETAE 4
HE5FFE0E 112
FESFENE 81
HEA55FIH 11
+EASEFYHE 17
E 2 ETXE g9 20| ASE HYS: 5 HAE S4HeR
sios Ho HE7hS0l gd B5 Al Algsts 3 2 1774

34719 HAo=z FEsioict

Table 2. Brain areas defined for the segmentation of standard
template : Whole Brain was segmented into 34 areas (17 areas
in each hemisphere) conventionally used at the interpretation of
experienced nuclear physicians
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A& A% (Superior Frontal, SF)
812 AF9 (Inferior Frontal, IF)
A= A% (Anterior Frontal, AF)
FZ A59Y (Posterior Frontal, PF)
27t 459 (Central Frontal, CF)
AZ =39 (Anterior Temporal, AT)
»2 Z5d (Posterior Temporal, PT)
W& 5% (Medial Temporal, MT)
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3l2& FA 9 (Inferior Parietal, IP)
142 499 £%9 (Primary Visual Occipital, PO)
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A4 (Cerebellum, CE)
7148 (Basal Ganglia, BG)
A4t (Thalamus, TH)
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Table 3. Subjects of neural network classification({patient group
of normal, left temporal lobe epilepsy, right temporal lobe epi'epsy)
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normalized PET image and standard atlas, user could estimate the appropriateness of the result by oneself
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Fig. 4. Program to segment the standard atlas : ROls were drown on the atlas with distinct colors according to the areas, and mirrored

ones were drown automatically

A cletEel B8 GaA OE 5 AT oY@ o4z 7
Qo] 7 BAE AR 7 daldE A ASE 2A
sizolo} @tk mhatA RE G4 gsl PET Z2ATAA
9 194 999 42 g Gol 1009] ALK ASARY
£ 420 3 ofsl 434 2ol WA 999 P F
S4 +2 ol FFATE 78 ¥ 4 34 RL o WA
22 Ura 1008 Fac
P.

P, = 45— x 100
NP

.71 J
P, P,: %2 i j A 32 3
N:¥H84999 ¥ sjas

7. PET EEX|£o| gy 28
FIRTE WS o] 43ty nE 9Yo 2¥E AEAE 4

A J71594¢ A 5oz 99 £¥2 ¥ & Aok

o] 2837 1 #1947, A53, 1998

o] A M SPM LZES oA ALEE MNI PET &4
=& 99 ] 9% Z2ade AEsged, d A5
e 2z 1714 3479 oz Bt

HPdgE g 29} o] BFIGT ol FAHLR HAFH
G4 AR7HEo] G4 B Ald AHgste EHE0Th

EFATAA 99} Zo] Ao 2 gdg Baspy] 93 =
23%9& AlphaStation600 ¥ ZAH o] A Matlab 5.1&
£33t Esiag. Z2aYe] 4L O3 A

o,

79%x95%x68(2%x2%x2 mm) WfEEAY 37|18 72t= MNI ¥
FAL A S FE H3d ¥R 2 A}%x}ﬂ 3 g A
3y 2.58 2 Fdiste W %39 Ego|3 & nl¢2E

o] &3t FAQH(ROI : region of mterest)—a— aglA et
ZHAYY S 33 ¥ HY oHE BojM FHadln oA 23
QA stith

Q98 BUdde 92 Hue FFAEs dg
FYEE g Moz FAHA A Ilr‘il FZAE7} #
$ AgYol At BF oD BYYeAE 12
Hoe AFoz ez a4 sdd- ﬁl*bﬂﬁ

-1>rﬁ



AFNAS 2FL o 43 F-18-FDG ¥ PETY 7t44d¥ 2 454 461

Hidden layer
Input layer
layer

a2l 5. 37HE AlPs|zge E D He 24E, Yt 1), &£
et 374
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Fig. 7. Distribtuon of mean different counts of mirrored regions
in normal group (circle and dot line), left TLE (triangle and solid
line) and right TLE (square and solid line) : Distribution of nor-
mal group did not diverse from y=0 line. Those of left TLE and
right TLE groups show the obvious differences of counts. Espe-
cially, count differences of temporal areas (AT, PT, MT, LT, ST)
and their neighbors (IF, AQ) are more apparent than any other
areas

x-axis . 17 brain areas

y-axis : mean different counts between right and left hemisphere

<
i

E 4. 5MslE AMFE2Ye BR Zulet MEVY BE Zit |
Table 4. Comparison of the result of optimized neural network
with that of human experts
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Fig. 9. PET images (upper) and mean different counts of mirrored regions (lower) in a patient who is classified as normal by both
human experts and neural network : The dot line in lower curves represents the mean and the standard deviation of normal group and
the solid line is corresponding to the different counts of this patient. No abnormal hypometabolism is shown in PET images. All the differ-

ent counts of this patient well describe this pattern of PET images and lie within the range of mean+ (1 xstandard deviation) of normal
distribution
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Fig. 10. Case of a patient who is classified as left TLE by both human experts and neural network : Global hypometabolism in left hemi-
sphere (especially severe in temporal lobe) is shown in different counts curve. This pattern is apparently shown in PET images. Arrows
indicate the regions with severe hypometabolism
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Fig. 11. Case of a patient who is classified as right TLE by both human experts and neural network : PET images as well as the differ-
ent counts curve well localize the hypometabolism in right temporal and parietal regions
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Fig. 12. Case of a patlent who is differently classified by human experts (left TLE) and neural network (right TLE) : Different counts
curve represents the decreased metabolism in right hemisphere. This distribution is obviously shown in first and second PET images
(white arrows). Human expert, however, diagnosed this patient as left TLE on the basis of the hypometabolism in left anterior temporal
lobe indicated by green arrows. Different counts curve shows that there is no metabolic difference in both anterior temporal areas (AT).
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