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o
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neighbor interpolation) &2 %
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F2H ARGLEL TIHE 948 o
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parietal gyrus
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ocmpltal{,lf dd/e
gyrus e’fo
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)
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T1l-weighted image

Transformation
" matirx
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t‘;‘* Rostral anterior

Label image

White matter bundles
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cingulate gyrus G‘Q H
Medial orbito- o Fing ‘yru

frontal Tus o ‘
gy o

QQ l'q

l ROIN

rSPG
rSFG
rMFGr
rRCgC

Fig. 1. (a) Parcellation images provided by FreeSurfer.

(b) A flowchart for the construction of the anatomical network in the human brain using DTI tractography. (1)
Reconstructing white matter bundles in the whole brain using DTI tractography. (2) Co-registering T1-weighted image with
BO-image and generating a transformation matrix. (3) Registering a label image provided by FreeSurfer to BO-image space by
applying the transformation matrix and reslicing the image. (4) Determining the white matter bundles connecting every pair
of cortical and sub-cortical regions and identifying correlation matrix for each patient. (rRCgC : right rostral anterior cingu-
late gyrus, rMFGr : right rostral middle frontal gyrus, rSFG : right superior frontal gyrus, rSPG : right superior parietal

gyrus)
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A AQEgE ohk A B st WhAS A gsto] BT i
&7 AW (Fig. 4b)e tho] AAste 7 99 RGB#t]
wolth, WA ok A=) Al AALE FRlE] Sl3) WE A
& AxtstAnk. & A9 obF Jee] UxE t-HA A,
Aol (left superior frontal gyrus)3 $-#5o|z
(right frontal gyrus)] d240] 714 =9}, =4 $old

LIV G S A3

transformation) & AR (left postcentral gyrus)¥ 2= A g 9 o F (left
10,000719) AATES 3R FZE5e] Ao Wg woth 1 supramarginal gyrus), ¥7H(brian stem)¥} A>3 A
T Ado] ANAES B2 FE5Y A48t o uf 7t (left cerebellum), ¥7H(brain stem)¥} %4332 (right
AlZeharo] Au= o o] ARE R F7HA dojzl H cerebellum)®] AZAE =7 vepygrt 9857 (right
4 25 A it FF A Zo] B FE35t] A inferior temporal gyrus)¥ $%7FEFolF (right middle
(Fig. 3) temporal gyrus), a4 ol# (right inferior parietal
e g’o) =
TRRTACTERERIEE 131 2
(=Bl BNE EoiR REE SEL SUiE_ R
: ;
g
# ROI 40
RGB RGB ? -

value of value of e s— -
area 38 area 40 " Mean RGB values

- 5 between two areas
qd Bl PR | |

@

Label image

White matter bundles

Bundles after coding colors

Fig. 2. A process for assigning colors into white matter bundles connecting two regions. (1) Identifying colors for white mat-
ter bundles connecting each pair of all regions by averaging the RGB values of two regions. (2) Visualizing color-coded white

matter bundles in the whole brain.
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gyrus) ¥ $AAFA ol @ (right superior frontal gyrus),
A Fol g F 5 Fol#F (right middle temporal
gyrus), A7l B2 i FE UrE‘rlH%‘lﬂ FEAFolF

OZ}\]

(right postcentral gyrus)¥ $ 34l do]& (right
precentral gyrus) Ato]¢] 94 HJrk H& ;\_i vhERs T
(Table 1).

[e)
AE o FE

o2

Ao g o JFe Wl
‘ﬂbﬂ Eﬂ%ﬁ] TE 0]’»\}\ -7HL ?ii}ﬂzi

37 Fol 2 (left superior frontal gyrus)

i—qn

(variation) & X
A vehd thre
3 A FolF (right superior frontal gyrus) (cv =
26.3%), #5A g9 olF (left supramarginal gyrus)¥ 3%
AAol&(left precentral gyrus)(cv=29.0%)Ako]dl 55
o] Atk 59 4432 (bilateral cerebellum)¥} 7t
(brain stem)(cv=35.5%), $%5Fol3(right middle
temporal gyrus)¥ $-3t5Fol % (right inferior temporal
gyrus) (cv=35.7%)S AAsH= th= 7)Qlvr} v| 53 Ao
2 YEbEtH(Table 2). g8, 7191 2F A7 2 opke 54
249 (left paracentral lobule)¥ #5799 4 (left

gh= oIS TEk| F= HHEX|E

Ul Zolnt ol (right medial
orbitofrontal gyrus)I $-3FAolF (right inferior
S 7) 5 (right parasopercularis) 9} $-9]
o]&(right lateral occipital gyrus), #A]%(left
$-mg]&oku] o] (right caudal anterior
cingulated gyrus), #FH¢Z%Fol#(left lateral occipital
gyrus) I $9|Zo|nbAFol#(right lateral orbitofrontal
gyrus) (47 cv=2346.4%) = AA3s1 UATHTable 3).

entorhinal cortex),

parietal gyrus),

=30
=TT

thalamus) 3

(2) Aot £4

AA 74w SA= & =

efficiency®} local efficiency th&3 2l dRE -4
A, A4 AAAA £& AEE IJrE]rL © global
0.1340]1 local efficiency? 4% 0.1482.%
A9 characteristic path lengthe 8.262,
5.078°] o (p ¢ 0.001,

efficiency gt
UERsttt, ok
clustering coefficiente

uncorrected) (Fig. 3a-c).
AAGgL S o] 49 10%9 thEs A

Transformation

Transformation

matrix 1
Subject 1 -6’ 5 o
MNIT2- BO-image WM bundles WM bundles
weighted in MNI space
image
Transformation
matrix 1
Subject 2 l F
—
€

Bundles of the group

matrix

Subject N E
®

Fig. 3. A flow sheet for obtaining an anatomical connectivity map for a group. (1) Normalizing BO-image to T2-weighted im-
age in MNI space and gaining the transformation matrix. (2) Reconstructing all the white matter bundles from the BO-image
for each participants. (3) Normalizing the bundles to the MNI space by applying the transformation matrix. (4) Sampling
bundles for all participants to obtain population-based white matter bundles.
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ez 2|

global efficiency= 0.264, local efficiency= 0.4830]%it}. ek gy HeZ e oFo NAHAEEY dF AAE A
28 1 characteristic path length:s 3.634% %, Ao AGe & QA HHA £ Rl YY) ol 25
clustering coefficient™ 1.1072.& A4t A H(Fig. 3d-). o] HAAY TA AL rH(2). H9 FFH AdAAE
g 9 AL A5 HEES old|st= 240 it T
o o= F3 M EEo AABAE WA A9 Fx9 A BAE

HHg O 2 o] Fo]A]7] wiTo|th(2).

Ao g itetA A4 JeE el dAAEE A skE FARE 715 HAdE o8&t dshe Tl AAAS
AL AR Fo% FA 7 spuoltt. HAZAAE  F #AGA AAE dolE e A AadE Atste] T8t
(connectome)®] 71 Sporns et al. (2005)° <& #lA] o] S vt o R F g0l VTR A gt
so] I FaAo]l ¥zEa Agk Ho] AAA e At 3 HoFrH(42). FANHNAM Y] HEAF= AT e
AFH dApite] 7H5etd Cajale] AlUIFHE A&e] &8 Holed o] wjo] &4 sjels V| @A e ok Aot
Tt (41). v SAGATHo R NAFAEY FAto] oft)2 th(h). 7| AIA Rl H7s 1fe 5AS wddtta &
Ado] H=x] #stal Ao R A WAE FAT A2 E HA S=d43), FAAHAM o] & (anterior

Table 1. Pairs of Regions Showing High Anatomical Connectivity and Correlation Degree(%) and Coefficient of Variation(%)

Region 1 Region 2 Correlation Degree  Coefficient of Variation
(Hemisphere, Number of Order) (Hemisphere, Number of Order) (%) (CV, %)
Superior frontal gyrus (L, 44) Superior frontal gyrus (R, 77) 2.43 39.7
Postcentral gyrus (L, 38) Supramarginal gyrus (L, 47) 0.23 29.0
Brain stem (6) Cerebellum cortex (L, 1) 0.70 35.5
Brain stem (6) Cerebellum cortex (R, 10) 0.71 35.5
Inferior temporal gyrus (R, 58) Middle temporal gyrus (R, 64) 0.07 35.7
Inferior parietal gyrus (R, 57) Superior parietal gyrus (R, 78) 0.53 101.5
Inferior parietal gyrus (R, 57) Middle temporal gyrus (R, 64) 0.35 38.5
Postcentral gyrus (R, 71) Precentral gyrus (R, 73) 0.29 44.9
Inferior temporal gyrus (L, 25) Middle temporal gyrus (L, 31) 0.11 44.6
Postcentral gyrus (L, 38) Precentral gyrus (L, 40) 0.37 48.5
Inferior parietal gyrus (L, 24) Superior parietal gyrus (L, 45) 0.55 52.1
Superior temporal gyrus (L, 46) Supramarginal gyrus (L, 47) 0.18 49.3
Precuneus (R, 74) Superior parietal gyrus (R, 78) 0.14 54.1

Correlation degree was mean value of the ratio of the number of white matter bundles between two regions to the total number of bun-

dles for each participant

Table 2. Fibers Connecting Two Regions with Low Inter-Individual Variation

Region 1 (Hemisphere, Number of Order)

Region 2 (Hemisphere, Number of Order)

Coefficient of Variation (CV, %)

Supeior frontal gyrus (L, 44)
Supramarginal gyrus (L, 47)
Brain stem (6)

Brain stem (6)

Inferior temporal gyrus (R, 58)

Superior frontal gyrus (R, 77)
Precentral gyrus (L, 73)
Cerebellum cortex (L, 1)
Cerebellum cortex (R, 10)
Middle temporal gyrus (R, 64)

26.3
29.0
35.5
35.5
35.7

Table 3. Fibers Connecting Two Regions with High Inter-Individual Variation

Region 1 (Hemisphere, Number of Order)

Region 2 (Hemisphere, Number of Order)

Coefficient of Variation (CV, %)

Entorhinal cortex (L, 22)
Inferior parietal gyrus (R, 57)
Lateral occipital gyrus (R, 60)
Thalamus (L, 10)

Lateral occipital gyrus (L, 27)

Paracentral lobule (L, 33)

Medial orbitofrontal gyrus (R, 63)
Parasopercularis (R, 67)

Caudal anterior cingulate gyrus (R, 52)
Lateral orbitofrontal gyrus (R, 61)

346.4
346.4
346.4
346.4
346.4
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method averaging the RGB values of pair of all regoins (0). The connectivity shows high degree between two regions includ-
ing left-superior frontal gyrus and right-superior frontal gyrus, left-post central gyrus and left-supramarginal gyrus, brain

Fig. 4. An anatomical connectivity for Korean children group in single color (0) and multi-colors which were obtained in the
stem and left cerebellum cortex, brain stem and right cerebellum cortex. (R : right, A : anterior, P : posterior)
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Fig. 5. Connectivity after conducting one sample t-test (0-C) (p<0.001, uncorrected) and measuring the top 10 percent of the
average of the anatomical correlation matirx (d-f) in transverse top view (Q, d), coronal anterior view (b, €), and sagittal left
view (C, f). For one sample t test, the value of global efficiency is 0.134, local efficiency is 0.148, characteristic path length is
8.262, clustering coefficient is 5.078. For the top 10 percent, global efficiency is 0.264, local efficiency is 0.483, characteristic
path length is 3.634, clustering coefficient is 1.107. The size of node and the width of the line indicate node degree and con-
nectivity. Abbreviation: A : anterior, P : posterior, L : left, R : right, ICBIICx : left cerebellum, ITH : left thalamus, IPU : left
putamen, BrSt : brain stem, lbankssts : left bankssts, IMFGc : left caudal middle frontal gyrus, IFuG : left fusiform gyrus,
1IPG : left inferior parietal gyrus, IITL : left inferior temporal gurys, 1ICgG : left isthmus cingulate gyrus, IMTG : left middle
temporal gyrus, IPCL : left paracentral gyrus, IPCG : left postcentral gyrus, IPCu : left precuneus, ISFG : left superior frontal
gyrus, 1SPG : left superior parietal gyrus, rFuG : right fusiform gyrus, rIPG : right inferior parietal gyrus, rITG :right inferior
temporal gyrus, rICgG : right isthmus cingulate gyrus, rPCG : right postcentral gyrus, rPrG : right precentral gyrus, rPCu :
right precuneus, rSPG : right superior parietal gyrus.
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Purpose : The purpose of this study is to establish the method generating human brain anatomical con-
nectivity from Korean children and evaluating the network topological properties using small-world net-
work analysis.

Materials and Methods :  Using diffusion tensor images (DTI) and parcellation maps of structural MRIs ac-
quired from twelve healthy Korean children, we generated a brain structural connectivity matrix for indi-
vidual. We applied one sample t-test to the connectivity maps to derive a representative anatomical con-
nectivity for the group. By spatially normalizing the white matter bundles of participants into a template
standard space, we obtained the anatomical brain network model. Network properties including cluster-
ing coefficient, characteristic path length, and global/local efficiency were also calculated.

Results : We found that the structural connectivity of Korean children group preserves the small-world
properties. The anatomical connectivity map obtained in this study showed that children group had high-
er intra-hemispheric connectivity than inter-hemispheric connectivity. We also observed that the neural
connectivity of the group is high between brain stem and motorsensory areas.

Conclusion: We suggested a method to examine the anatomical brain network of Korean children group.
The proposed method can be used to evaluate the efficiency of anatomical brain networks in people with
disease.
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