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Property prediction of complex traditional Chinese medicine molecular
structures using a flexibility-ring enhanced graph neural network
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Abstract: Objective To address the complex molecular structures and diverse ring systems characteristic of traditional Chinese
medicine (TCM) compounds, this study aims to optimize the graph isomorphism network (GIN) to enhance its predictive capability
for key molecular properties of TCM molecules. Methods Based on the GIN architecture, edge descriptors representing bond length
strain and angle strain were introduced into the molecular graph, and multi-graph data were constructed by incorporating multiple
favorable conformations, thereby developing a flexibility-ring enhanced graph neural network (FRGNN). The predictive performance
of the proposed model on seven key molecular properties was evaluated using two TCM databases containing 37 822 molecules, and
compared against three state-of-the-art (SOTA) graph neural network models and two basic graph neural network models. Results
Compared with the second-best performing model, FRGNN achieved an average reduction of 8.63% in root mean square error across
the seven property prediction tasks, for molecules containing polycyclic and macrocyclic structures, the predictive root mean square
error was further reduced by 10.04%. Conclusion The proposed FRGNN model demonstrates superior performance over existing

state-of-the-art models for small-molecule property prediction in the task of predicting key properties of TCM compounds, providing
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a novel and effective approach for the property prediction of complex natural products.
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Linux # 1F & 4 & CentOS Linux release
7.9.2009 (Core), CPU 4K X86 64, GPU KH
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water partition coefficient, AlogP ). & it 4 4
(hydrogen bond donor, Haom) ~ 2058 52 #4%k Chydrogen
bond acceptor, Hac) ~ HARZEYFIHE Coral
bioavailability, OB) . Caco-2 4HAi#EZEM: (Pcaco2) -
I fi 57 e 27 3% % (blood-brain barrier, BBB) . %%
P£ (drug-likeness, DL) . 7 £ 4 HLfif IR BT B 1
[ 7K B K 3¢ T AR 4> # (fractional water accessible
surface area of all atoms with negative partial charge,
FASA) . W HHIieF )5 %2 (rotatable bonds
number, RBN) PLR#FMEIEFR A (topological
polar surface area, TPSA) . HT AlogP. OB. Pcaco2+
BBB. FASA. DL DL TPSA 7 A~ it b 24 AT 7T
R EE, HICWE AR &, AW el Hak
SENTRMESS, FEImiIEARE] 6 904 41

HERB2 ¥l % 49 258 M1, |FANDT
Fr& 57 T80 29.97, 3655 T i DL OB,
AlogP. RBN. Hgom~ Hacc & @M. K4 Lk 7],
IEHL DL.OB LA Jz AlogP 3 Ttk Ji A/ N AT 55 (=
D, FFIiEF2] 30 918 1N+

F1 BEEFAREMN
Table 1 Details of datasets

HHE 7T HIF e
%%f”\ 77 ?Am\ﬁ E%i& *ﬂ‘m‘ﬁ
TCMSP 6 904 21.42
HERB2 30918 29.97
1.3 HEEX S
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Table 2 Details of each split dataset

ﬁ;ﬁ% B4R g RirgE IE
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org/) H1[1] EmbedMultipleConfs #HLA B K & 71
IR R, WERKHRECY 10, HRKEH N
BROAA , B R T S50 91 5 A R R B L AR
(experimental torsion knowledge distance geometry,
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Fig. 1 Process of feature extraction
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Table 3 Details of feature descriptors
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Fig.2 Architecture of model
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Wi R FRARAL DT 1), 0 MAE AR NIk
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TR B8 1 ASFREA I TNAE

¥ 7iii% % (root mean square error, RMSE)
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(4 tHE. g, Bl
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REC A E N B AR, SR 45l T A A 0] e AR i
17 RMSE 15, 32 A0{4E RMSE.
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T+ LAl = (SOTA-FRGNN)/SOTA (5
1.7 BE¥RE
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Table 4 Settings of hyperparameters

AR i

E32% (dropout rate) 0.2,05

2:>]% (learning rate) le-4,1e-3

R ZH (layers) 1,35,7,8,9,11,13
B2 K/ Chidden dim) 32,64,128,256
R+ %% (conformers) 12,345

2 #R5E
2.1 HIEERM
2.1.1 WZES AR 3 N TCMSP ¥l 7 A&
PERIFRZAE, 455 E9 TPSA. AlogP. Pcacoa PAK
BBB 4 M B BN F, (AfRE—LE
Wi, HAWFR A A BN

Kl 4 Jy HERB2 EHE4EM 3 NME Itk R,
H AlogP PR HBAEN, (HIAELE R Snbr 2AE
b TCMSP B4+ 1) AlogP FREAET K, X2H
N HERB2 #UREFTAS WIS FH L, FrblthmzE
ST R HRMEEN R RS, X &R
A oy BT B B o> TR AE 22 K, BT
DL 5 SUbR 25 A8 1 53 A1 AH B T A 0 £ 8E A o

MoleculeNet!28! Eb#5 5 .
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Fig. 4 Distribution of HERB2 each task label value
212 HEEEHNEMNETAER AT RS BRBEXRLRSTH
VEYH L T A BE EFE B NS F R E R S Table 5 Distribution of ring types across datasets
HOFF 46 K922 5, AT 050 B0k 7 o 26 o 4 s HEH %
TCMSP.HERB2 VL A8 F 45 2 MoleculeNet F4: SHE LAY BIMEEY
VISR R ) T 450, Wk 5~7 Pos. fEh 2y TCMSP+HERB2 89.52 11.78 1120
HAE T, W ARG S ) H A = e FH 2 MoleculeNet 96.87 3.12 235

& Ertefl, [FRF, EXRKADNEE, hAEEEE T
[N Ee A7) o v T8 B 46 . 7E3E
B bR, BHEETS TEZETTES 3
NIRRT 2R AR 0 o R TE SN R
(IR AR o3 A L L 5T o X 1B 2 B R 1K 2 T
T EABIEETN S TS EE L 4E
FH. Bk ITHE K,

22 BEHIEE

221 IR EFRGURME ] R R
BNGAT R, SN R RRE, %3] %

T6 BEERIAKXNDH

Table 6 Distribution of ring size across datasets

Mt e 5 — - - %M\ﬁ% - -
KITitZ B Tit 2 N Tve S v R e S 742 A
TCMSP+ 560 142 4204 8222 460 545
HERB2
MoleculeNet 1.60 112 5722 9252 2.85 1.16

R FEE B 4 R T R G, EF
FEEHE BN R R b BT RERAT HURHE, £ 57

o T BB R 22 3] B 22 T 5% AL T 5 2L
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®71 BREERKEND
Table 7 Distribution of ring number across datasets
HHE %
1 2 3 4 5 =6
TCMSP+ 1288 13.84 1843 16.13 11.53 16.71
HERB2
MoleculeNet ~ 8.65 24.37 32.80 2131 6.73  3.01

pIERiE S

G, K FERR S S A B LW IR i i 25
%2 >]1% (encoder learning rate, EncoderIr). %tk
% 2] % (head learning rate, Head Ir) Al 3% %
(dropout rate) AT T IELHIIEZ . 5K WE 8 A
7~ FRGNN 7E TCMSP #1 HERB2 ##fi 4 L (¥ £
) R-FEFFRMAE 75N Head Ir=0.001, Encoder
Ir=0.000 1, Dropoutrate=0.2 #1 Head Ir=0.001,

® 8 RBVIERMIAIRE R B FEEFRNF I ROT

Table 8 Variations in model valid loss and test loss with learning rate and dropout rate

HARELTR Head Ir Encoder Ir Dropout rate valid loss test loss
TCMSP 0.0010 0.0010 0.2 4.036+0.023 3.845+0.040
0.0001 0.0010 0.2 5.073+£0.021 3.344+0.032
0.0010 0.000 1 0.2 4.004+0.026 3.252+0.031
0.0001 0.000 1 0.2 4.230+0.031 4.064£0.021
0.0010 0.0010 0.5 4.61540.020 3.891+0.043
0.000 1 0.0010 0.5 5.231£0.019 5.985+0.021
0.0010 0.000 1 0.5 3.980+0.019 4.690+0.013
0.0001 0.000 1 0.5 5.364+0.013 5.566 +0.020
HERB2 0.0010 0.0010 0.2 0.11540.001 1.344£0.002
0.0001 0.0010 0.2 0.180+0.001 1.120+0.002
0.0010 0.0001 0.2 0.122+0.001 0.639£0.002
0.000 1 0.000 1 0.2 0.182+0.001 0.797£0.003
0.0010 0.0010 0.5 0.120+0.001 0.621£0.002
0.000 1 0.0010 0.5 0.205+0.001 0.805+0.002
0.0010 0.000 1 0.5 0.130+0.001 0.326 £0.002
0.000 1 0.0001 0.5 0.188+0.001 0.527£0.002

Encoder Ir=0.000 1, Dropoutrate=0.5, 7£ HERB2 I
MIZEFRE SRR BT E E AL, Frelar R RE
WEZ, AT ALE I LT K E IR,
222 FREUZR/NMBURYE  BEGEZ K42 )
RIS RE, Rk, At Aeks 40 1 HOAFAE B AT
PR AERE, A B 2 B B A S AP
IIMTREST, EE FREUZ ISR TH o S BRI 1) 2 4,
$n, BATISIRIARNG, BT DARR EEAEAS AT I (] ALY
PERE (BT . BEAITERSTUZ 4EE Ny 128 I 3%
DI GF, IR A W 48 AE 537 IR B SR 7 THI Y 1
AN AR, R G AR 2 S W A R &2
Boro RRIUVEREBEREEUE KNI BARE B 9.
2.2.3 BRI ZEHUBURNME  BIR R B e B )
TRIE, BRI RS TR B A A8 i 91 31 SE I A0 SRR ALE
(B RS T YRt 2 5 BORE P2 11 B BB PR,
T IR, AR TR N T R R
W77 L s P52 1T A RN 1290 o AR 00T P RE R 52
Mt 10 frs, HBORAE R HON 8 I R I H F £

*9 REFUNMEEEISEE X ML
Table 9 Variations in model predictive performance with

hidden size

GEA= TCMSP HERB2

K valid loss test loss valid loss test loss
32 88174£0.033 6.909+0.033 0.17240.001 2.176+0.003
64  6.69310.029 4.340£0.029 0.1324+0.002 1.19440.002
128 4.004+0.026 3.2524+0.031 0.130£0.001 0.32640.002
256 4.682+0.023 4.782+0.036 0.135+0.002 2.136+0.002

RE, X5 DA GIN By FEA AR (S H0s B
e, Frad i R g S RO E
jsy'lh ,’T$ [26-27] R

224 MZRBEUENE AU T 2 B
IS H BRI B ORI, 45 R ANER 11 B,
SURARY, RHURERRACHT 2 MEBM RIS, B
REMGIA B RAE Tk RE, KR Z MR EES
FERALR R LS BRI S IR R, N
M RS EZ R TURE R, SBORMPERER T %,




PED 202688 B57% B168  Chinese Traditional and Herbal Drugs 2026 August Vol. 57 No. 16 - 6267 *
Fz 10 RETUNMHEERERE ERATIL
Table 10 Variations in model predictive performance with number of layers
B 2 3 - TCMSP - HERB2
valid loss test loss valid loss test loss
1 6.6441+0.023 5.666 0.004 0.170£0.002 1.573£0.002
3 5.330£0.017 3.623+0.005 0.215%0.002 1.053£0.002
5 5.12940.015 5.40910.004 0.61740.002 1.20440.003
7 5.1614+0.013 3.99240.003 0.21540.006 1.708 +0.004
8 4.004+0.026 3.2524+0.031 0.13040.001 0.326+0.002
9 6.25940.026 5.009+0.004 0.201£0.003 0.997£0.002
11 5.65910.022 3.906 £0.003 0.215£0.003 0.708£0.002
13 4.8201+0.018 5.167 £0.004 0.795£0.002 0.566 £0.001

1 EBETEREREAR BN
Table 11 Variations in model predictive performance with

number of conforms

ft 4 TCMSP HERB2

4 valid loss test loss valid loss test loss
1 467440027 3511+£0.032 0.097£0.002 0.384+0.003
2 4,004+£0.026 3.252+0.031  0.130£0.001  0.326+0.002
3 43154+0.033 3.411£0.020 0.102£0.002  0.335%0.002
4 4476+0.042 3.672+0.022 0.102£0.003  0.353+0.006
5 4554+0.051 3.851£0.047 0.111£0.005 0.361£0.004

2.3 1RBIMEELLER

AR FRGNN FIH Al 8 NS (10 £ 4R S0l
PEREHEAT T ERER, Hi, GINP427, GCNBPSLA 2 Fh
Rt GNN %, GEMR6I, SMPTR7)y 2 Fligt ot
I3 T3 B ST SO A, KA-GNNISLZ —Fif
XA A AR I RR R AT S B Y, O-GNNB2IA

RSEMO1 J& Oy % 1] & 0F 34 &5 1 e 2k () B Y,

geom2vec R I X [ T 2R IR AL . R AP
XTEG, A B A AR I R H O R R i 2
AR T i AT A 2427324547 gh BUngR 12, 13
Fis, TRIZ ARSI R, Ll RMSE /ERTF
YriEbr, FRGNN fE 2 /N 4R 1) & T T AT 55
WS T /M RMSE,  H 5 IR e YA 13
SEPL 8.63% Mt REFE T, X2 HH T FRGNN REfS1R
U AR B R 2 0 T NI EIIR. 2R VLA
FEMEIRE A, BT LSRRI HE b AR 2R B8 G () T
RE[23-301, HREAE ARt 1) 56 B 2440 1 O 14 o Tl

t R AE AR, Bk TCMSP #1f) DL 1X—J& 44+
HARBEWMR P AEHS/NT 0.05, #i#] FRGNN ff]
PERESETHAH LE TR A2 B35 1. 10 DL 1453 il
MPAEE, X ATEEZ BN TCMSP B &/,

12 FRGNN S5E M55t 7E TCMSP BUIBEE TN M BEELER

Table 12 Comparison of predictive performance between FRGNN and SOTA models on TCMSP dataset
il
AlogP OB Pcaco2 BBB DL FASA TPSA
SitE
GIN 0.645+0.031 224+02  0.237%0.005 0.510%0.004 0.082+0.003 0.123+0.006 15.7+£21
GCN 0.660+0.024 20.0+£0.1  0.192+0.001 0.453+0.003 0.090+0.002 0.094+0.003 165+24
GEM 0.542+0.027 19.24+0.2  0.193+0.001 0.387+0.002 0.063+0.002 0.098+0.002 12.3+0.3
SMPT 0.574%0.022 18.8+0.2  0.212+0.001 0.357+0.002 0.061+0.005 0.088+0.002 20.6+0.3
KA-GNN 0.624+0.019 195402  0.236+0.001 0.391+0.005 0.069+0.003 0.105+0.006 22.6+0.3
0-GNN 0.752+0.095 204+0.6  0.224%0.009 0.542+0.061 0.077£0.003 0.107£0.003 13.9+0.8
RSE 0.531+0.010 18.3+2.2  0.215+0.058 0.362+0.063 0.068+0.009 0.088+0.002 115+0.7
geom2vec  0.713+0.022 179+04  0.260+0.023 0.418+0.014 0.101+0.004 0.092+0.004 19.6+4.6
FRGNN 0.492+0.021 17.2+0.2  0.174%0.001 0.292+0.004 0.058+0.002 0.081+0.001 102+0.1
FEFFLEA 7.34% 3.91% 9.38% 18.2% 4.92% 7.95% 11.3%
s P <0.05 <0.05 <0.05 <0.05 0.29 <0.05 <0.05
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%13 FRGNN S5Hfth& L #EE £ HERB2 HIEE Ll
M BEELER
Table 13 Comparison of predictive performance between
FRGNN and SOTA models on HERB2 dataset

CAE R AlogP DL OB
GIN 0.9534+0.021  0.053+0.001  10.6040.21
GCN 0.953+0.017  0.098+0.001  12.00+0.19
GEM 0.423+0.018 0.052+0.001 _9.60+0.24
SMPT 0.361+0.020 0.049+0.001 11.40+0.33
KA-GNN 0.37140.022  0.053+0.001  10.2040.23
0-GNN 1.170+0.161  0.098+0.004 22.50+0.33
RSE 0.3914+0.017  0.0524+0.001  17.70+0.37
geom2vec 0.741+0.053  0.063+0.022  18.50+0.37
FRGNN 0.330+0.011  0.045+0.001  9.01+0.19
FEFFLLA 8.59% 8.16% 6.54%
R PAY <0.05 <0.05 <0.05

H. DL JE 15 2 (2 0 ki ZE AR AR IR, 530
5K JTHIAH SSMEEN o
24 BIMLEYMEREYTUN

T HE 2 2 SRR N B AL A W R T
BE, AWFFETET 1 ASHTISLES, S K 4 b i
&7 5234 MEMMLEY), HAhE3.4.5.6. 770
UL BRI b Al 22.20% 17.77%
15.57%- 70.69%- 43.91%, & HHMEZIA0TF LIk
I3 AN 10.36%F1 89.64%, WEIR. MEAAIFAALA
Pl G EE 15.87%. 17.12%L0 % 67.01% (FETE
e, BT o Fraad Ak 1A, Frblitt
BIAEIME KT 100%, FRMFERERE IR, REH
RS AMERTTIE RE, 25 Rk 14~16 s, T
NIRRT 2

7 14 FRGNN 5H MR A H BRI & T EFRK/MEESYITUN 14 e R LR
Table 14 Comparison of predictive performance between FRGNN with SOTA models in predicting different ring size compounds

R A2 R =¥ Py ek FoeHh NTEH Lo LB
GEM 4.015+0.026 3.975+0.019 4.128+0.028 3.854+0.027 3.851+0.028
SMPT 3.922+0.028 3.8571+0.027 3.855+0.026 3.749+0.032 3.810+0.027
KA-GNN 4.125+0.025 4.021+0.025 4.175+0.027 3.952+0.034 3.877+0.022
0-GNN 8.808 +0.060 7.051+0.080 8.117+0.056 8.374+0.083 8.113+0.067
RSE 7.28711.900 11.371+8.700 9.392+1.000 10.282+0.330 8.786£1.400
geomz2vec 7.911+0.290 5.180+0.642 10.593+0.413 10.860+1.700 17.240£5.400
FRGNN 3.375+0.015 3.34310.029 3.42110.024 3.500£0.035 3.521+0.021

15 FRGNN S5HARAHERN S NEIFEE LAY
T ERYELER
Table 15 Comparison of predictive performance between
FRGNN with SOTA models in predicting different ring

types compounds

BRGR  BIAR O HAEAR O BMAER
GEM 6.2840.01  9.46+0.01  7.81+0.01
SMPT 5.96+0.01  7.33£0.01 7.23+0.01
KA-GNN 7.32+£0.08 9.25+0.08 857+0.08
0-GNN 7.92+005 804%007 8.14+0.07
RSE 1060+3.40 11.52+0.48 10.4440.73
geom2vec  12.34+2.60 1231+170 11.63+220
FRGNN 5.23+0.01  6.50+0.01  6.86+0.01

FHEC T HABAERS, FRGNN HUF T e tE T
RE, “PIIPEREIRTE N 10.04%, [FIRTTES J3 14k & DA
KRBT, FRGNN WS 1 5 Fti
PERE . EREE ARG RS MR IR 2%, FRGNN
(TIN5 FAR AT ) 22 BE AN R, XN
BEEIARIIG K, IR5RITZERN, A7) T AR

(IR 5 R BES 4 FRGNN i, SECLHEAR
#, MR RIE AT RS IR T 5K S22 4t
(I FH 0 )y R an S e s, 5 s AR 3 b 11 55
2.5 RERIESH

N T B AR B o 2 A A B T () A
ZERIR, ABEFGE T &Y P iR 2 A e i
5% TP Y S . KIRELB. ZNERER A7) A
TR S5 T A Sk AR T4, iR 17 B AHEC A
SOTA #5 FRGNN 7£ Tl i 22 d¢ e (1) 43 40 -,
B LA RN A 2 A B N T AR Y 3 13 B
FRGNN X} F-FRAR 85 34 (1 T 6 7758 T HoAth SOTA
R, HAIE B IX E SOTA 7Y 32 B35 22 K R IF A2
XS H RN 5 F . GEMPOAT SMPTE7
M5l T2 Mg, HARUas T 07 W
5k 71, NIAE— e 22 1 B 7 F Rk /g
FRFAIE o
2.6 HRRSCIS

N T BAWVEN R — T SR TR M e 1 s
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#* 16 FRGNN 5Hfh & HREX S FEIFKE L ST BRI LS
Table 16 Comparison of predictive performance between FRGNN with SOTA models in predicting different ring number

* 6269 »

compounds
[ERE 1IN 24 3N AN & 5 M 6L L
GEM 10.12440.009 11.1424+0.006 10.026+0.011  9.661+0.009 11.492+0.012  11.949+0.015
SMPT 9.47340.007 9.501+0.010  9.012+0.007  9.840+0.009 10.178+0.009  11.263+0.006
KA-GNN  9.471+0.072 9.480+0.094 9.157+0.150 8.896+0.093  8.881+0.113 9.143+0.132
0-GNN 9.85140.074 9.748+0.081 10.044+0.093 10.904+0.172 10.463+0.097  10.262+0.083
RSE 10.701+3.236 10.791+1.847 10.908+2.486 11.514+1.949 12.623+2.229  10.742+2.910
geom2vec  11.063+3.542 11.451+4.704 13.323+2.134 12.605+3.449 10.954+3.127  14.162+3.692
FRGNN 8.86040.021 8.813+0.003  8.752+0.004  7.859+0.014  8.123+0.007 7.852+0.005
£z 17 REXRESH # 18 FRGNN H;&RastIs
Table 17 Analysis of error sources Table 18 Ablation study of FRGNN
sy TUE VK AN VMR YHIRGE i 4 TCMSP HERB2
W W B mET JiF 8 FTA e B 4.187+0.037 0.343+0.040
GEM 236 289 302 0.17 0.21 KAk SR 4.031+0.050 0.341+0.004
SMPT 215 257 2.66 018 0.26 R T 3.832+0.039 0.340+0.004
KA-GNN 283 3.02 3.54 047 0.94 EZAE NI 3.703+0.063 0.338+0.005
0-GNN 178 097 084 0.32 0.75 FRGNN 3.25240.031 0.326+0.002
RSE 456 476 462 051 0.99
geom2vec  4.27 472 423 0.54 1.00 w19 BRI
FRGNN 123 022 031 0.04 008 Table 19 Robustness check
U, AT e 4 R A A0 (5 I i 45k L Lo
T, 3 R T K e TR T B, 45 S 08 06 04 02
1 SR AL Bl S
BURS AL B2 0 92 TH IR 2 70 il 9 2.05% ‘4‘53% A KA-GNN 3:54;0:08 4:68;0:01 4:81;0:11 5:10;0:10
6.43%, EFXTPEMT 3 TSGRk ER AR AR [ Tt P e O-GNN T04016 8644035 9824035  970+030
S NI CNE (A PINERE 2 F SIEIRAGE: Selibfed; v RSE 6054012 10314030 10624009 11054013
THEONIA S, X R 2RI 5] AN E 157 Ge % geom2vec  643+014 11274022 1159+052 12.38+0.35
I Z A G A FRIREE, e — T FRGNN  325+003 3514005 377+006 443+006
> B EE TE [P RFE »
=& FRGNN
2.7 EEMEE -8~ GEM
R — R E N, A S% T Boiko 429
S OV i MR AR B0 T v ek > T I R £ 8 &
B, M SO%EHE, DL 20% B0 B I . 19 JE z
7~ T A EAE TCMSP #dlR4E (BdR&Es D) A 3.4
[E R A AR A 1 O« 158 5 18 FH R F Bootstrapl>®!
HRFE (2 000 KD At RMSE [ 95% 8 15 X [, W " o “
WK 5 fir. 4550 % M, FRGNN TEJ/D> I 2R304 I H 1%
EEAG 15 0 4R 2 BT B AR A B P BB, FRGNN HS EEEAH
2 7R R 22 (RMSED B{E i+ GEM, HIL 95% Fig.5 Confidence level analysis

BEXIE FREZILT GEM B EXE FKR. H
s, EINZEE A 80%B), FRGNN ] RMSE
N 3.252 (95% CI: 3.218 5~3.2545), GEM N 3.371

(95% CL: 3.348 5~3.377 8); ML LLEIFEE 20%
ff, FRGNN f*) RMSE A 4.431 (95% CI: 4.361~
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4.501), GEM 9 4.503 (95% CI: 4.501 5~4.5125).
2 HEASIXAILE 4 N I E S, K FRGNN
FHXTT GEM By &EHBA Gt B E D), fig L
EE A /N IR 56 13 B 47 PR T 285 2
3 Wie

AR FUAE A 2 K 2455045 P2 TCMSP Al HERB2
VERBARRIR, d I RIS I ER 5K 7] 518 F0 2 44
FAEBTER T GIN A, #% T FRGNN.
FeRetgPus . HERR I TN 251X R 2 T
TR, ARG T DM BB AE R I F A AU
Fis SEE A R JIERAEA R sk A H A
TAFERIRYE, &2, WTHENERMIERTS,
HC A T SRR S AT FH 0060 4 IO ) s e R e TR
4 AL, SUKEEIRTK ) o 58 o 2R AR Tl
(R AR RT U Bh 7 130 ) R it — 20
M R RN A EAER ), BEATHRRE
FAR RN RN . FLIR,  FRGK F7 R A
T 155 FIRTE, X 5507 NS E SRR
TEOL AT BB TE R ZE « 1X— pi [FIFE R AT LAE Bh 2730
J1F R IRAF R L BT RN e, AR
P sa B AL, AUHE 2 AN EE 8 RIRAIE 1A
OLEEE, H R X250 17 i, HAR IR
VA R BT R SRR A R idE— 2P G IE . R
et — P REAR AR E SV, N 2 45
R TR SINE SR E R T
SR IRHIE,  [FIBJFR SE 2 n R 7, VR
AN R AR I St R P i 2 2] i

ZE b, ASHE TN R RN 25 5 245 51 PE 5 TR
W75 T T YISE v AT BISOE ), oAk R 5
TR LR T k% LS, NagET
25 RS RE « AERIALE R 7T LA SCET 25 1 T
RIRMERR L FF
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