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Abstract While traditional first-order network model is limited in capturing the
indirect dependence relationships among multiple nodes, higher-order network mod-
eling shows good capacity of effectively improving the accuracy of the representation
of real systems. In this study, we construct a second-order citation network with
citation relationships as nodes and the length-two citation path as edges based on
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the first-order citation network, using 116 years of citation data from the American
Society of Physics Full-text Electronic Journal Database. To quantify the difference
between the first-order network and the higher-order network, we propose the higher-

order network representation information gain index based on information entropy of
citation diversity, which represents the information loss of higher-order dependency
in the first-order network structure. Results show that the second-order network rep-
resentation information gains of Rev Mod Phys and Phys Rev Lett are the largest, the
probabilities of these two journals being cited by other journals are largely indirectly
affected by its preceding journals. Differences in these probabilities between the first-
order and second-order networks is up to 0.38, indicating the importance of applying
the second-order network to analyze citation data. The proposed information gain
index can effectively quantify the higher-order information loss of the real system
in the low-order network model, thereby revealing differences in direct and indirect
relationships in the first-order and second-order networks.

Keywords Higher-order network, second-order citation network, higher-order net-

work representation information gain, higher-order Markov model, entropy.
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�	. Saebi s [19] pF�>=Æ8�6',}#, �s�KnHON+>=Æ8MV��j�6',&/, �7*}=Æ8?�, >=Æ8MV6�p>�5��6?|Y�n
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2.1 `PV�D6gÆ�7�n�:P_ [22] �6' 1893[o 2009[ ( 116 [) A["�f�����kjP_ztn 9x"�f&/�|kj, L� 468, 291 b�:, 906, 398 v�:��Q., �����:i����:n DOI fs��. �:P_{�C^�� 1 f;.

2.2 |heXZ3U;[rC��Æ8t, �:$n��Q.C1$!b$eG[i1[, mY?rkn�:��rkn�:, �5W��8En�:*���8�n�: [21, 23]. >=<�s1Æ8�;nQ,">C'h!��1$?Q,Tn�gCM, oMF^�s��Wo�=n>
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(Table 1 Data source)lkL> lkd; dN '0 �;Q

Physical Review Letters Phys Rev Lett PRL #	gD%Go	KmW 149766

Physical Review A Phys Rev A PRA 4��,�jVg#	g 53655

Physical Review B Phys Rev B PRB `^j#r+)!#	 137999

Physical Review C Phys Rev C PRC h#	 29935

Physical Review D Phys Rev D PRD ���5�|�+.�g 56616

Physical Review E Phys Rev E PRE |��)=\#	 35944

Physical Review Accelerators

and Beams
Phys Rev Accel Beams PRAB ���℄q+��O 1257

Reviews of Modern Physics Rev Mod Phys RMP #	g�L 2926

Physics Physics PHY sr#	gqi 193=MV [11, 14, 19]. �
_�.�:$n��Q., Æ��'>=<�s1Æ8�;, +�MF}=i�=��Æ8<�s1MV.Æ�pFnÆ8MV�'�2 &.F^ 1 \C}B(xm S = {p1, p2, · · · , pN}, m S � N B��nT," pi.F^ 2 }=��Æ87�� G(1) =
(

V (1), E(1)
) �;, ot V (1) ?Æ8t?|nm,

E(1) ?Æ8t$G�nm, E(1) ⊆ V (1) × V (1).F^ 3 T," pi ?� G tn}v,T, 7	� li. pi �;��Æ8tn}v5*��., # li + 1 B?| ?, �� pi = (v0 → v1 → · · · → vli), ot (vi, vi+1) ∈ E(1),

i ∈ [0, li − 1]. pi �m$Æ8t�B?| ?n}v��Q., \MCm S t. �B<�s1MVs�����}Bv-:2MV [24].

1) }=Æ8<�s1MV}=��Æ8�'��
[n}=<�s1 &, �Æ8t?|$nQ�Q.m*!L%n�B?|$Q, *og?|�Q [24]. }=Æ8<�s1MVs��;�
P (vi+1| v0 → v1 → · · · → vi) = P (vi+1| vi) . (2.1)hÆ}=��Æ8tn5*��. pi /M1, kj i �kj i + 1 ��n:2m*?| vi i vi+1 $Q, *7�.tnog?|�Q. P (vi+1 |vi ) �=�}=<�s1�n��:2, �;W?| vi ��j?| vi+1 n:2, �w\MC��:2[Z P (1) t,

P (1) =

















p11 p12 · · · p1|V (1)|

p21 p22 · · · p2|V (1)|
...

...
. . .

...

p|V (1)|1 p|V (1)|2 · · · p|V (1)||V (1)|

















, (2.2)ot pij �;kj j Ækj i n�:���Nkj i �����n��. ��:2[Z P (1)s�!�kje$n�:5*�n\ [25–27].

2) �=Æ8<�s1MV�=��Æ8�'�=<�s1 &, Æ8t?|$nQ�Q.$I*!L%n�B



10l ��bt: 	(��aQ`o?>�90N�T,I�9mW 5?|$Q, �wFjr?| vi−1 n�C [11, 18]. �=Æ8<�s1MVs��;�
P (vi+1|v0 → v1 → · · · → vi) = P (vi+1|vi−1 → vi) . (2.3)hÆ�=��Æ8tn5*��. pi /M1, kj i �kj i + 1 ��n:2F?| {vi−1, vi, vi+1} n�C. P (vi+1|vi−1 → vi) \MCv-:2[Z P (2) t, �;\C5Wkj i − 1 *Gkj i nrp2, kj i �kj i + 1 ��n:2. #'�=��Æ8�v-:2[Z�\V2P_n>=��S+, �So*}=��Æ8?�, GYP�!�kje$n5*�n\ [27].

P
(2) =





































P (v1|v1 → v1) P (v2|v1 → v1) · · · P
(

v|V (1)||v1 → v1

)

P (v1|v1 → v2) P (v2|v1 → v2) · · · P
(

v|V (1)||v1 → v2

)

...
...

. . .
...

P
(

v1|v1 → v|V (1)|

)

P
(

v2|v1 → v|V (1)|

)

· · · P
(

v|V (1)||v1 → v|V (1)|

)

P (v1|v2 → v1) P (v2|v2 → v1) · · · P
(

v|V (1)||v2 → v1

)

...
...

. . .
...

P
(

v1|v|V (1)| → v|V (1)|

)

P
(

v2|v|V (1)| → v|V (1)|

)

· · · P
(

v|V (1)||v|V (1)| → v|V (1)|

)





































. (2.4)

3) k =Æ8<�s1MV
k =��Æ8�' k =<�s1 &, Æ8t?%?|$nQ�Q.F�Br?|n�C [28]. k =Æ8<�s1MVs��;�

P (k) := P (vi+1| v0 → · · · → vi) = P (vi+1| vi−k−1 → · · · → vi) . (2.5)hÆ k =��Æ8tn5*��. pi /M1, kj i �kj i + 1 ��n:2Fjorkj {vi−1, vi−2, · · · , vi−k−1} n�C. k =<�s1�n��:2 P (vi+1| vi−k−1

→ · · · → vi) \MCv-:2[Z P (k) t, �;Crkj {vi−1, vi−2, · · · , vi−k−1} n�C2, kj i �kj i + 1 ��n:2.

2.3 B�|�2wspl
0<KeXpl�zCE�:Nv-n}~2, S+H�s��;}B.{$��[)#nA	. v=Æ8�;$�U�!�j.{t?|$n>=��Q.,H��.{n$��[i`�[.�S,��$���6	x�{v=Æ8�;$�n>=S+b/�, Æ�Cv-S+(n�J! [29–32], Cm��`P_n	R, ���'���w[S+(n>=Æ8S+H�k�, (=>=Æ8�;S+H�.E5, }=��Æ8 G(1) =
(

V (1), E(1)
) n���2, ot, [Z3[ gij �;kj i tn�:�kj j ��ndT.

G(1) =











g11 · · · g1|V (1)|
...

. . .
...

g|V (1)|1 · · · g|V (1)||V (1)|











. (2.6)
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qi =

∑|V (1)|
j=0 gij

∑|V (1)|
i=0

∑|V (1)|
j=0 gij

. (2.7)���w[S+(s�p�}Bkj�R}x��Æ8n`�[i$��[, S+(h;`, TIlVÆH�n$KS+�;#. Cmv-S+(n:^ [29, 33], Æ���}=��Æ8n���w[S+(K:�
HFirstOrder = −

∑

vi∈V (1)

qi log qi. (2.8)�=��Æ8 G(2) =
(

V (2), E(2)
) #�=?| V (2) = {eij = (vi, vj) | vi, vj ∈ V } i�=� E(2) =

{

(eij , ejk)
∣

∣eij , ejk ∈ V (2)
}  ?, o���2, ot, [Z3[ g (vk|vi → vj) �;Ckj i Æ j $5H�nrp2, kj j tn�:�kj k ��ndT.

G
(2) =





































g (v1|v1 → v1) g (v2|v1 → v1) · · · g
(

v|V (1)||v1 → v1

)

g (v1|v1 → v2) g (v2|v1 → v2) · · · g
(

v|V (1)||v1 → v2

)

...
... · · ·

...

g
(

v1|v1 → v|V (1)|

)

g
(

v2|v1 → v|V (1)|

)

· · · g
(

v|V (1)||v1 → v|V (1)|

)

g (v1|v2 → v1) g (v2|v2 → v1) · · · g
(

v|V (1)||v2 → v1

)

...
...

. . .
...

g
(

v1|v|V (1)| → v|V (1)|

)

g
(

v2|v|V (1)| → v|V (1)|

)

· · · g
(

v|V (1)||v|V (1)| → v|V (1)|

)





































. (2.9)

�S, �=��Æ8tkj i �kj j ��n���
p (vi → vj) =

∑|V (1)|
k=0 g (vk|vi → vj)

∑|V (1)|
i=0

∑|V (1)|
j=0

∑|V (1)|
k=0 g (vk|vi → vj)

. (2.10)#Ssm, �=��Æ8n���w[S+(K:�
HSecondOrder = −

∑

vi∈V (1)

∑

vj∈V (1)

∑

vk∈V (1)

P (vk|vi → vj) log P (vk|vi → vj). (2.11)>=Æ8�;S+H�n�^K:�
Gain = HFirstOrder − HSecondOrder. (2.12)z�, �BkjC}=��Æ8tn>=S+b/� (��=Æ8S+H�k�) n�^K:�

Gain (vi) = HFirstOrder (vi) − HSecondOrder (vi) . (2.13)ot, HFirstOrder (vi) i HSecondOrder (vi) +��;kj i C}=��Æ8i�=��Æ8tn���w[S+(,s�x`: (2.8) i (2.11) +��^mj.
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3 N�:k�' 468, 291 b�� 9 x"�f&/kj�:$n 906, 398 v�:��P_, mjkj$n�:��}~{�C^�� 2 f;, Æ6<3[�kjn���. ��, PRE Y*
PRA "?5nP�� 1165, �;kj Phys Rev A ��� 1165 b�� Phys Rev E tn�:; !e, Phys Rev E � Phys Rev A ��� 1165 b�:.� 2 lk%o��~�

(Table 2 Citation between journals)lkL PRA PRL PRB RMP PRC PRE PRD PRAB PHY �j
PRA 60932 12446 5762 1366 433 9533 602 59 15 91148

2

PRL 42897 79422 120373 5440 15533 28412 34425 325 115 326942

PRB 5237 35716 216813 3055 148 6026 423 12 37 267467

RMP 3614 4270 9535 917 1605 2281 2682 26 5 24935

PRC 438 3636 109 580 36170 117 1706 4 8 42768

PRE 1165 5176 2047 464 78 24779 110 213 6 34038

PRD 1303 9031 1037 1435 5141 356 100217 19 7 118546

PRAB 12 69 2 8 9 47 12 395 0 554

PHY 0 0 0 0 0 0 0 0 0 0�j 11559811 149766 355678 13265 59117 71551 140177 1053 193 906398
1 u�4z>qS����q#nl� 9 znlq��!�.
2 �YS����qZnl 9 znlq��eV.

3.1 yK|heXM>8j}=��Æ8s�DH?#}=?| V (1)i}=�E(1) ?n�G(1) =
(

V (1), E(1)
)

.ot, V (1) = {vi| i = 1, 2, · · · , 9} �;kj?|m, E(1) = {eij = (vi, vj) | vi, vj ∈ V } �;$G�m, � eij n�{ gij �;kj j tn�:Ækj i n��� [34, 35].

G(1) =









g11 · · · g19

...
. . .

...

g91 · · · g99









. (3.1)kje$�'�:��Q.27$zfpe$n5*�*5�, 5nO ��[J�5n�iRP, $'fpn5/��m*�K [25, 26, 36]. Æ�*�Æ8	k���{kj$n5*�}~: ?| vi n�	 kin
i , �;kj i ��� kin

i Bkjtn�:, o*B� kin
i Bkjn5; ?| vi nF	 kout

i �;$ kout
i Bkj���kj i B.n�:,kj i G kout

i Bkj27�5HF. z1, ��kj i �kj j ��n:2 CitedRate (i, j)

(�kj$n�:��2) �kj i �kj j ��nTPNkj i � 9 xkj��n�TPn��, K:�2
CitedRate (i, j) =

gij
∑9

j=1 gij

. (3.2)}=��Æ8�gCM�� 1(a) f;, ?|`Ii	�`�, ?|;`, TI7kjn5*�;d ; �nX1*o�{�`�, �;X, TIkj$n55*��;�<. �
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1(b) K;��kj$n�:��2�3[M/}=��Æ8n��:2[Z, s+, `'+kjn���2 (�Æ6<3[) 8>, 5n���C[8u, zG'�'5W'�,?zlV$Gn�:$$8un55*, � Phys Rev B�Phys Rev C�Phys Rev D n���2+�� 0.81�0.85�0.85. hm��n?, �m[kj Phys Rev Lett � Phys Rev B ���8d , >^ 0.37, :`�o���2 (0.24), oGI�'�	nkj��i*~�;L
80% n5. zw, +&�7 Rev Mod Phys n���2I� 0.04, go�ogkj��n:2>^ 0.96, T{?�� Rev Mod Phys �y��rq
|&/n���K[6�, �CBlV$GpJki, oC"�f&/�C�W#, ?CBrq
|lV$Gn/G�. Ikj Phys Rev Lett�Rev Mod Phys�Physics e	, og 6 xkj� Phys Rev Lett ��n:2g?I���2	!>n, �I Phys Rev Lett C_BÆ8CMt?ÆN'5\Mx�.�#' Physics �yB.C Physical Review ."kjt�:nphF�,o��2g� 0.C� 1(a) i� 1(b) n�J!, Æ�*�����fTxK;}=Æ8tkj$n5*�X1in\, �� 1(c) f;. s��7, `'+kjzG'�'5W'�, ?zlV$Gnkj$55*��d . ot, kj Phys Rev Lett n5*B	i5ÆF	��8`, �*B��� 8 Bkjn5, z1G 9 Bkj27�5HF, TI7kjn5*B"�iÆF"�8�W#,o�m[i�J[8u.

(b) 一阶引文网络转移概率矩阵(a) 一阶引文网络拓扑图 (c) 一阶引文网络桑基图
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PHY� 1 ~>���9<	�
(Figure 1 First-order citation networks)

3.2 4K|heXM>8j�=��Æ8s��;� G(2) =
(

V (2), E(2)
)

, #�=?| V (2) = {eij = (vi, vj) |

vi, vj ∈ V } i�=� E(2) =
{

(eij , ejk)
∣

∣eij , ejk ∈ V (2)
}  ?. �B�=?|s!'}=��Æ8n}v� eij , �;kj j Ækj i $�:��, � i Æ j $5HF. �=�?}=��Æ8tf$sY7	� 2 n,T ?nm [18]. ��, �=� vj |vi → vk �;Ckj i Æ j $5H�nrp2, '+\MCkj j n5*Gkj k. W�=?| vj |vi j?| vk n��:2�;�

P (vk |(vj |vi) ) =
W (vj |vi → vk)

∑9
k=1 W (vj |vi → vk)

, (3.3)



10l ��bt: 	(��aQ`o?>�90N�T,I�9mW 9ot, W (vj |vi → vk) �;�=� vj |vi → vk n�{. 7��:2s!'K: (2.3) nv-:2, �;Ckj i Æ j $5H�nrp2, \MCkj j n5*Gkj k n��. �=��Æ8�gCM�� 2(a) f;, L��=?| 81 B, $G� 458 v. �t�=?| vj |vinp�*kj j ?Æ�, �^�B?|np�?z, G�I�B?|n vj �;n?z}xkj. � 2(b) K;�� P (vk |(RMP |vi) ) �3[n�=��Æ8n��:2[Z. s+, Ckj Phys Rev D Æ Rev Mod Phys $5*H�nrp2, Wkj Rev Mod Phys *G Phys

Rev B n5�N Rev Mod Phys �5*F�n 15%. �1T0s��7, f`'+�Æ6<3[?Æ�Y3[n!`h, TIkjW'5i~*�uM, zG'5W'�*{M [26, 37]. ��, Fkj Phys Rev C n�C, kj Rev Mod Phys � Phys Rev C ��n��� 0.65, :`�o���2 (0.04).

(b) RMP
(a) (c) 

PRA PRL PRBRMP PRCPRE PRD PRAB PHY

PRA

PRL

PRB

RMP

PRC

PRE

PRD

PRAB

PHY

PRA PRL PRB RMP PRC PRE PRDPRABPHY

PRA PRA
PRA

PRL

PRB

RMP

PRC
PRE

PRD

PRAB

PRL

PRB

RMP

PRC

PRE

PRD

PRAB

PRL

PRB

RMP

PRC

PRE

PRD

PRAB
PHY� 2 �>���9<	�

(Figure 2 Second-order citation networks)�'� 2(a)i� 2(b), �=Æ8tkj$n5*�}~�� 2(c)f;. s��7, `'+kjnlV℄4'P}B��B$G, oW'\C8un55*, |&/$n5*m$8#.�℄4'���4�{�*-�fs"�f&/n Phys Rev D,C7kjG�'*~� 85%n5nrp2, ot 87% n5&*�� Phys Rev D, � P (PRD |(PRD|PRD)) = 0.87,TI7kjW'X?�(6Evn5*�t.. J}%T0s��7, � 2(c) t\C`� “ !�2�” n7H. ��, # Phys Rev B H�j Phys Rev Lett, �BT� Phys Rev B ��n,TK;�I6n “!�” n7H. Ckj Phys Rev B Æ Phys Rev Lett $5*H�nrp2, ot 70% n5��� Phys Rev B, � P (PRB |(PRL|PRB)) = 0.70, TI}bjrC Phys Rev Lett w+n�:�y��_℄i"q*( "�lV&/n6�,��hn�:{2�y��7&/tnoh6�. T}�78exua��: [38] nC6, ���C Nature !n6��y�o+n�:fJfp&/tn6���. n0�:�6�� Phys

Rev B nv-2, 6��ogkj��rBT� Phys Rev B ��n:2, � Phys Rev B �', �Æ Rev Mod Phys i Phys Rev Lett �t$?|n�:C!w Phys Rev B ����6n��+�� 0.53�0.25 i 0.20. �^m7�}=Æ8JY/M+&, Phys Rev B Æ Rev

Mod Phys i Phys Rev Lett n��2+�� 0.03 i 0.34, �mj* Rev Mod Phys ?�, ��
Phys Rev Lett n5*�{G`n℄%C6, T{t7�C�:P_�d`At, 7�>=Æ8/M*+&n�y[.



10 / | q g + Q g 41� 3 K;�� P (vk |(RMP |vi) ) �3[n�=Æ8n��:2[Z*}=��:2[Z RMP Y3[n1h. s��7, :` 25% n3[h`' 0.1 (�RI' 0.1), �x$z=PÆ8n5*�X1iM:�7F8`1�. �Ckj Phys Rev Lett Æ Rev Mod Phys$5H�nrp2, �=Æ8tkj Rev Mod Phys ��n�:� Phys Rev B ��n��H�� 22%, � Rev Mod Phys ��n�:$ 60% ��� Phys Rev B ��. T}��8>'I+&W Rev Mod Phys j Phys Rev B n}=��Q. (38%), �I��C Phys Rev Lettn�:x` Rev Mod Phys ��rÆ Phys Rev B n5��**~Y�8u. ?��o, h
Rev Mod Phys F Phys Rev C�Phys Rev E�Phys Rev D�Phys Rev Accel Beams H�n�C1, Rev Mod Phys � Phys Rev B ��n��`423, !`h� 0.38. ��, TWBrkjC}=��Æ8tÆ�Yn�Æ63[?!`h,TI Phys Rev C, Phys Rev E, Phys Rev

D, Phys Rev Accel Beams +�CoW'55*Ev,�|&/$n5�.�$I6.

PRA

PRL

PRB

RMP

PRC

PRE

PRD

PRAB

PHY

PRA PRL PRB RMP PRC PRE PRDPRABPHY� 3 �lk RMP �u%�}o��;32i\[<	�
(Figure 3 Transition probability difference matrix with RMP as middle node)

3.3 B�|�2wspl
0eXs℄+IÆ'+x`�^Æ�fp�'���w[S+(n>=Æ8S+H�k���8}=*�=��Æ8C5*��;$Fn[Y1�. E5, �'Æ�Bn�:��P_, #: (2.7)�(2.8)�(2.10) i (2.11) �^sm}=i�=��Æ8n���w[S+(, h+�� 2.32 i 0.92. J}%x`: (2.12) �^mF�=Æ8�;H�� 1.40, TTI*}=��Æ8?�, �=Æ8�;CMn`�[)#, H�� 1.40 Be�n$K>=S+. !r, #:
(2.13) �^�xkjC�BÆ8tn���w[S+(hiH�,Ph�� 3 f;. ot, kj Rev Mod Phys i Phys Rev Lett n�=Æ8�;H�g`' 0.3; kj Rev Mod Phys nH�!`, h� 0.39, TIo5*�X1C�xÆ8t�7F}�1�. x`�^�$zkj�t$?|nC:21h[Zn$1 (+� 3 z!"), s��7kj Rev Mod Phys i
Phys Rev Lett Æ�nh!`, TIT�xkjn5*�X1C�xÆ8t�7F8`1�, z1!�FÆ�fp�'���w[S+(n>=Æ8S+H�k�s�
�xa�$z=PnÆ8$n1�	.C}=��Æ8t, kj Rev Mod Phys � Phys Rev Lett i Phys Rev B ��n:2�:� 1:2; ��C�=��Æ8t, F Phys Rev Lett n�C, \MC Rev Mod Phys tn5



10l ��bt: 	(��aQ`o?>�90N�T,I�9mW 11*G Phys Rev Lett i Phys Rev B n��:� 1:3. TTI��� Phys Rev Lett n�:GzG'HF5j Phys Rev B, !�FF Phys Rev Lett �C, kj Rev Mod Phys b
ounG Phys Rev B O{5nY�. �!fK, �^m7�}=��Æ8JY/M+&, �s4�xkj$d �5�n5*�7H, �Imj��kj$`'(en5*�X1, !wipÆ72��5�Æ8.{t5*�_tÆn1.� 3 ?>�9�<T,I
(Table 3 High-order network representation information gain)lkL> ~>���93o���x\T,) �>���93o���x\T,) T,I ;32i\[%2

PRA 0.23 0.08 0.15 0.01

PRL 0.60 0.30 0.30 0.03

PRB 0.36 0.20 0.16 0.01

RMP 0.60 0.21 0.39 0.03

PRC 0.14 0.02 0.12 0.01

PRE 0.12 0.03 0.09 0.01

PRD 0.27 0.07 0.20 0.02

PRAB 0 0 0 0

PHY 0 0 0 0�j 2.32 0.92 1.40 0.12

4 N_�O{Æ8/M$:�'}=<�s1 &, Æ�Æ8t?|$nQ�Q.m*!L%n�B?|$Q, ipU�!�?|$n$;��Q., Æ72.{n
��\Y�$�.�S, �p>Æ8+&C^nP	,Æ�CO{n}=��Æ8t����=<�s1��,M/>=��Æ8<�s1MV, �W��Æ85*�A6lV�xÆ8n1�. E5,Æ�M/��'��`P_n�=��Æ8<�s1MV, 2}=��Æ8tn�{M��=��Æ8tn?|, 8��O{Æ8MV�Bt�?|n#�. oT, Æ�����'���w[S+(n>=Æ8S+H�k�, �Sp�kj$5*�K�Cv=i>=��Æ8tn1�, 27�Æv=Æ8/M$:S+b/n�$�i�6	�{. !r, Æ�7�Æ8�g�i���Æ}=i�=��Æ8JYsA{, fTxK;�kj$n5*�`A.lV�7, Æ�MFn�'���w[S+(n>=Æ8S+H�k�s�$K�\kjCv=��Æ8tn>=S+b/�. �^kjnS+H�8`, GTIoC�xÆ8tn5*�X1\C8`1�; �S, $�yC�$n��P_�J!M/>=Æ8�!�kj$n$;Q., 27ÆV25*�`An_tÆ. �Æ�7�n��P_��,kj Rev Mod Phys n�=Æ8�;H�!`, TIo5*�X1C�xÆ8t\CI61�. J}%+&�7, Frkj Phys Rev Lett n�C, \MC Rev Mod Phys tn5GzG'HFj Phys Rev B t, TI�kj Phys Rev Lett�Rev Mod Phys�Phys Rev B X?n5$�n5*��G��<. kj Rev Mod Phys n5��i*~nY�8>, o�K�y`y��kj Phys Rev B i Phys Rev Lett n55/�m. Æ�I���Æ8�
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