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Active Learning Method for Imbalanced Concept Drift Data Stream

LI Yan-Hong"? WANG Tian-Tian"? WANG Su-Ge"? LI De-Yu"?

Abstract Data stream classification researchs how to provide more reliable data-driven prediction models in open
and dynamic environment. The key is how to detect and adapt to concept drift from continuously changing data
stream that arrive in real-time. Currently, in order to detect concept drift and update classification models, data
stream classification methods usually assume that the labels of all samples are known, which is unrealistic in real
scenarios. Additionally, real data stream may exhibit a high and constantly changing class imbalance ratios, further
increasing the complexity of the data stream classification task. In this paper, we propose an active learning meth-
od for imbalanced concept drift data stream (ALM-ICDDS). Firstly, we define a sample prediction certainty meas-
ure based on multiple prediction probabilities and propose an adaptive adjustment method for the margin threshold
matrix, which makes the label query strategy suitable for imbalanced data stream with a number of categories.
Then, we propose a sample replacement strategy based on memory strength, which saves the samples that are diffi-
cult-to-distinguish, minority class and represent the current data distribution in the memory window, and improves
the classification performance of new base classifier. Finally, we define the importance evaluation and update meth-
od of base classifier based on classification accuracy, which realizes the ensemble classifier update after drift. Com-
parative experiments on seven synthetic data streams and three real data streams show that the active learning
method for imbalance concept drift data stream is better than six concept drift data stream learning methods in
classification performance.
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IR AT TR VR B, e A 8 110 5 85 3o R X
NGNS, WL, AR SCHE H B R G328 S T AL S
FFAS [ 2R 2 (M A Ve A

BURHER

IR A H — b AT 7 N R A B L ) T Bl
21771 ALM-ICDDS, Z 5 A FE 0 a4 o B RTAE

3.4

2ep BB, i 1 Fs. AERTRART B, 18 R
BB S MREAUNZR D A5 73 58 85 1) AT 46 5 B
7R B, FIRREX S A FI S BR A ABREE
BENE O LW . 2 S Boh BAE AR R i

CIZE e BES ISR R R SRAs B Y
MES.

1) bR, IR AR B X E BIR A
xy BEAT TIN5 SR 40 0T A 7535 A2 TR A 2 2 1) SRS
i 2 ) ARV ZFEAS, 75 DK 0 25 54
FEARRES, 2K B REETIN T —AREA, %
FRFEHANSE N E O LW, B 24w BE R
FRAPHT E 2 fi S AR A A Tl &5 SR AN S AS - i
FU R 3 N R0 2 R AR M.

2) 1CAZ T D GEdr . XT38 250 B B SEAR B A
Ko, BHEREAWZFEAZENRE S, HERE
RO AR LT — e, 5 W7 EE A 2
MM ez E R SR EHeiZE 0 Mw il
x; [ RFEAR o B “RZ7 IRBU, B G — IR«
127 2 7y P EACAZERE S(2); BT RM 2 B
A2 58 B F AR IFEA (B CAZ T O A oy RS
BARIEEH] S, WEBHFEAR 2, )22 BAEN
CIZE O MW ).

3) MES AR, 2 T IR A AR 2 A SR
FE AT ) B B SEAR2E i, A PR A V5 8 A N ARk
ADWIN Al i i A A2 75k AE LSS, 45 R 2B
MBS ) B B B o3 2R 2% A WMSE I AEAS o, BE
eIy N Hoeffding B, 4R )5 4k S0 K —
AMEA. FHT Hoeffding 4R H B T0T 18]~ Tl BY 4% 1
7730, EAR A o X 2 i ) G HE B IR
FO R, AR 2 T8 Bl an e B A 0 2 JE 1k,
T SR 2 5o RS 1) 53 SRS B v T O 24T, TR
HAT 3, BWASZE. ADWIN HiEE T HAMH
AR F 11 F P00 I i 26 1) 22 e R SR A U MR U
Fo. BAMEEARRE N HAHE O W ARSI
BRI, A 5RO REA TN R AR DR AT 1, R IR
170 (AR ST ARAF 7 1 B AR 25 (PR A 10 T 175 0 ) ;
WIERETIREGE L EHEE O W rI#E S, B E
O W B AST8 1 Wo MWy, FEEE W F1 T,
TOOM IEAfR 2 1) 2 . AR 2 7 KT A ecue, WHIAK

BT -6 MR EMSER, MFFRIBK T
W Wo, BN EDBA L -6 B A8
RS BE e HE TN

. 1 1 1 4(%0 =+ TL1)
€cut = \/2 (no + ’n,1> X In 5 (10)
Hrr, ng ATE B Wo IR, ng AT EE Wy R
NBABFES € (0, 1), FEA S, § W E N 0.002,
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> 4 il [ b ~
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Bl1  HEL

Fig.1

W W, T8 E Wo AWy 5K /NEE R I FE o 2
BRI,

4) ER AT MBS S,
Je R FACAZ @ O MW A R A I SR 2 4 2K 8
Chew, SRIEIRIE (9) T IHIL > K28 EEM: I
Jo {8 BT 2k 53 SR AR Crew B 40 B8 B S5 /NI IH JE 43

i,

35 EBAMGKE
AHGHAEFEMSER R ¥ A
7% ALM-ICDDS. £ T FEA T 1€ 1 1) AR 25 25 ify
(Label query based on sample prediction cer-
tainty, LQ-SPC) HykF1FE T 1o 1258 B [P FE A #6
(Sample replace based on memory strength, SR-
MS) Fk RS,

%% 1. ALM-ICDDS

W B DS, CAAEMFEAL p, CEMPRE IR

Algorithm framework

KEm, BRI B, WA SH 8, BENLIEFELLE o, FR250
EE LWIS), EBMERFE M, 1A12% B MW [k][Sm].
M. R KE BN o ITRINGE R
1) AEREY] S MERMEYIIRER K E

2) Wifitkp=0, m=0;

3) while (BIIE—"MHIFEA z;) do

4) p++

5) it EXf a; BTSSR Plyc, |2:), 1<) <k
6) labelling = False;

7) if (m/p < B) then

8) AW ABEHIAEC 0SS

9) if (¢ <e) then

10 labelling = True;

N w; WIS y, ¥ y AN LW
else if (LQ-SPC (z; )) then

labelling = True;

A w; W ESERRZE y, I8 Null AN LW
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15) else 13) Ao ++;
16) ¥ Null £ LW 14) MinDis(z) = Dis(z;, z);
17)  end if; 15) end if;
18) end if; 16) AR (5) T S(x);
19) if (labelling == True and y € {y1, y2, -+, yx}) then 17)  end for;
20)  m++; 18) U z; SFEIZEFEARMER/NER MinDis(z;);
21)  SR-MS (= ); 19)  H oz B4 MW RIZEACAZ50E S/ NRRE A
22)  drifting= ADWIN (z;); 20) end if.
23) if (drifting == True) then 3.6 SIES
24) ﬁﬁﬁ MW PR Coew;
25) MR (9) EHEAEEA AL O [ E B, T AR SR B L ALM-ICDDS #H TR
26) I Criew B 45 B8 B4 B /N BE 2 28 REERI AT, T WIS oy K48 E R AR E+
27)  else B R T BEALARAR L, R H o B 7R 46 2 ST B
98) M a MRS K O BATEH ISR
29) end if: RBCEHRR DS EEARNECN N FRid A B,
30) end if; WL 53 2848 B S0 B A A A4 Tl ¢y isf 1) 55 2%
31) AL TR — AR JE N O(D - Nlog N, Fr& 2 535k (1 18] 52 4% 5
32) end while. O(N), FEARE: W EVE RO ) 2 2 N O(N - B-Sp),

Hi%2.LQ-SPC

I, B EAREAR ;.

1. bool € {True, False}.

) MR (1) TEREA 2 (W E MR D(a);

—_

2) if (D(z;) < Mle1, c2, -+, cn,)) then

3) return True;

4) if (y == yc, ) then

5) MRHE (4) THREA AL imbY
6) R (3) PAERHE P R A

7) end if;

8) else

9) return False;

10) end if.

&% 3. SR-MS

N, BrBAREAR ;.

. BOEEZE O Mw.

1) W A, =0, 70, = ti, BB (7) HE F(20);

2) if (MW 5 z; FEFEAML < Sm) then

3) KRR o BB EBAN MW H;

4) if (MW Y5 z; [FZEFEAANE == 0) then

5) WA MinDis(z;) = oo;

6) else

7) T 2 5 RPN B/NEE MinDis(a;);
8)  endif;

9) else

10)  for (MW 5 z; FIEHME—MEAE 2) do

11) if (Dis(z;, ©) < MinDis(z) ) then

Te =t}

Rl AE 22 2] I TR SR % B2 O(D - Nlog N + N+
N-B-Sp).

FELR 5 I B e A A BE AE R M. B3R %%
WENE O LWS,) AHEIZE O MWK][S,), Bk
R R IE N O(k™ + S + k- S,).

4 SKIRLERFS

SR IRERIRIE

ARSI N Window10, AL 284 Intel
Core i7-7700 3.60 GHz, WA¥ 16 GB, JF K #H 4 1#
H IntelliJ IDEA (Community Edition), T SZ56
BT RIBAE L 53 P & MOA (Massive on-
line analysis)!"” S

SEIGAS 11 A RT3 AN L SEER R,
IR AL AR 1 132 2 FoR (38 2 i 4 M3
P F 10 B AR SC R S350 AN [R] R B 2 B8 78 4
PR ME ). &S EdER DS, DS,, DS; ~ DSy,
BRI DS, A1 DS, A4 b 2 [ 5E (1
P BRI, DSs A1 DS A4 b 2 1] 28 (1
Pl B A, HAEZE 200 000 AMEAS AL AT 1
bk A AR, BdE DS,, DS,, DSg, DS, Hrisin
5% H5EH SN 3 ML SR, Hidh 2 1 RS 3
PO BRI SIER, 8 2 WO R SIER,
I DSy ~ DSy AN 1 MRS EERE, 530 R
AR R, EH A A B RURR T AL SR SR
H MOA “F & i EdE 4L g8 RandomRBF A4
SR A L A ConceptDriftStream i R AF Y
A & R SR R, BRI

4.1
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F 1 BIERAFHE
Table 1  Data stream feature
%' HdEm AR RHAEL FI % Fo3Aii 5 1 (%) R IREL
1 DS, 400000 25 15 BN 0 0
2 DS, 400000 25 15 FPA 5 3
3 DS; 400000 25 15 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5) 0 0
4 DS, 400000 25 15 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5) 5 3
s DS, 100000 o5 5 (1/1/1/1/1/1/1/1/1/1/2/2/3/3/5), 0 0
(2/2/3/3/5/1/1/1/1/1/1/1/1/1/1)
6 DS, 100000 o 5 (L/1/1/1/1/1/1/1/1/1/2/2/3/3/5), 5 5
(2/2/3/3/5/1/1/1/1/1/1/1/1/1/1)
7 DS; 400000 25 50 FP1 5 3
8 Kddcup99 10% 494000 42 23 — — —
9 Shuttle 570000 10 7 — — —
10 PokerHand 830000 10 10 — — —
#2 SRR RURE
Table 2 Concept drift data stream feature
%5 Hdim SRR FEAHL RHESL FaE A
1 DSg RARTY 400000 25 15 1
2 DS, G =Rt 400000 25 15 1
3 DSy R 400000 25 15 10000
4 DSy B 400000 25 15 10000

RandomRBF XJ F:EE KK, I ERRE R ik
PR AE 9 B R g o0 A BV BRI (A SRR
ANTE I, e E R I ) o A AN AR R], ATV RS
BTG BRI ) ; 28518 ConceptDrift-
Stream H4 A [\ 504 (I EHR R AT RERL, B2 T4 20

PRIR RAZ RN A%, B T S RS AE — BN )
P FH 5 5080 2 A 3 BT il 20 A 1, AR S0 7
RandomRBF A& A [F] 9 A1 24 it () 26tk E 4 5 o6y
KR X P Ah 2R T R SRS AL AT S B TR
AN 53 39 79 50 1 100, 5738 R4 A0 2 55 A 2
EAR L BCE 1, W8 R RZ W T A v
BE N 10000, 3 ALK ORI T AT Al 4R
UCIs (University of California at Irvine), ¥ 8%
AR, HMS TR 1SR HE A2 R
R

4.2  ALM-ICDDS E:XH 9 M TN

N AR ) ALM-ICDDS #3278 7 4
B RREEERA 3 AR LS 6 MR I
SV AT A R REXT L, 6 FPARVE LS 3 FhilE B 2

>]53% (LB, BOLE fil ARFRE) #1 3 #f £ 3% 5]
#9% (CALMID, OALM-IDS #l ALM-ICDDS-E),
Hr FE3)2 ) H3% ALM-ICDDS-E /26 ALM-ICDDS
SRV TP AR A YU S 1 P R e N T A I B
JE1F R EE. R A SO - AE I (P) . H R
(R)~ F11H. Kappa Z#(fl ROC (Receiver operat-
ing characteristic) fZE/ENIPANFRPR. BT A HIEAE
6] — B0 b S a6 45 SR B 10 YRSEEE 1S 241
AR SEEG IR P, B 5923548 FH 4R Al o)
Fas, B E 11 N2, B ARFRE ByA{#
F HH#y38& i) ARFHoeffding BHE A FE 72588 2 41,
HA B I918 F Hoeffding A NHE4» 588 4 Fh
B2 S HRR TR B YW E N 20%. CALMID
AT OALM-IDS Sy bR 28 RFE A I 20 B 11 1 K1
#% E N 500, ALM-ICDDS-E il ALM-ICDDS %
AR BT L LW KN S BB N 500, 1812
H MW g RFEARAFAEANELS,, WE N 100. £Z56
2 R RE B PR RE AN A [B) 5T 2% B 100 % R (B IR 4 40
ng B2 BE 3, 43 BIKH L ZCHE I AR REAS I 2R N T
T 10 830K 10 B oL, BENLIE LR c BN
0.1, WIS H B &E N 0.8, WL FE TRV
GAE 0o BEE N 0.75, 14 BIE R FE & N A5 S5
o WEN 0.1. 250 n FEA TN 2 M FE & B il
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(T2 2 H  JE I o () BT B U 40 REI s, JCHAR RN B 2 B & R
KR RIS, 45 AT B i) B 7, B DS, FlE SZHE R Kddeup99  10% AR 34 5 i
W5 W 4.4 7 . 7F DS, B - P {HA Kappa &£tk OALM-
2, 2< k<10 IDS HE73 5 3.16% A1 3.48%, {E Kddcup99  10%
noJ3 10 < k <20 (1) HURLE P OALM-IDS 57 3.67%. MU
WEJ P & R DS, E, ALM-ICDDS 3% P {f A1
’ Kappa Rt ARFRE B&{K, 4> 5K 0.13% F1
W Fh 525 5] Hk CALMID. OALM-IDS Al 0.05%, X2 H T ARFRE J& B % 31 5k, e 8k
AR ALM-ICDDS 7848 2 =) By BL (1) %% ) PAT IR T R A T E AR AR RS B
HHRE A O(K +w +ws )~ O(k? +w +ws ) M 4 F15% 5 AT 40, ALM-ICDDS $EfERTG
FLO(k™ + S, +k- Sy ), FA w Flws 735 bR % AR B R AN FLAE AL T HAh 0 B R, R
WEE O SRR Eh & AN, AT W24 5 i FEAE R AR 2 A4 U (DS7+ Kddcup99
FEA IS BT 10 B, A SR b 2 B E 46 10%) LA, 78 DS; ¥R L R fF11E
R ) 2% [A) P45 Eb CALMID A OALM-IDS k. tt OALM-IDS 3273 7l =1 2.84% 1 3.02%, 1
Bk, A b BT B, AR SCRE AR IR Kddcup99 10% $#5i% F R F1 F1{E 5 5 Eb OALM-
LEATE IR, R CAZ 5 O 2 [ T4 IDS H:E 5.63% 1 5.12%.
O (k- Sy). EIEERWMZE 3 ~ 6 s, IR 3 ~ 6 IS gE R el A, 2 8h %
% 3 f1% 6 "] %1, ALM-ICDDS 5k1E 6 4> >J%¥E CALMID. OALM-IDS il ALM-ICDDS f£
G R LA 3 AN SR L B P A A Kappa 10 MR L SRR T B 24 S 5 LB,
w3 THMENEN PAE (%)
Table 3 P value of seven algorithms (%)
HE i LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 96.89+0.31 96.36£0.11 98.07+0.43 98.01+0.41 98.03£0.25 97.184+0.48 99.071+0.34
DS, 90.61£0.21 88.63+0.54 92.77+0.42 93.31+£0.14 93.27+0.49 91.97+0.26 94.64+0.15
DS, 94.41+0.11 96.07+0.23 96.74+0.45 96.64+0.34 96.75+0.56 96.46+0.61 97.841+0.24
DS, 86.91+0.45 85.23£0.52 88.30£0.29 89.90+0.28 90.27+0.42 89.70+0.72 92.061+0.28
DS; 93.60+0.48 94.04+0.52 96.30+0.18 94.65+0.49 95.47+0.32 94.24+0.35 96.17£0.19
DS; 86.59+0.19 84.69+0.48 88.02+0.47 88.44+0.19 88.65+0.25 87.41+0.40 90.86+0.37
DS, 88.25+0.86 87.21£0.79 90.16£0.92 90.49+0.47 90.51£0.53 89.32+0.38 93.671+0.40
Kddcup99 _10% 83.85+0.59 81.10£0.15 85.56+£0.54 92.12+0.45 92.13+0.31 91.24+0.51 95.80+0.17
Shuttle 64.63+0.42 63.85+0.27 79.07£0.31 85.35+0.14 85.70+0.32 83.48+0.25 85.991+0.13
PokerHand 51.63£0.39 50.36+£0.35 52.51£0.56 53.93+0.28 54.57+0.50 52.90+0.18 55.89+0.51
£A4 THELRN RE (%)
Table 4 R value of seven algorithms (%)
AR LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 94.78+0.13 96.04+0.24 96.81+0.59 97.87+£0.24 97.92+0.25 96.15+0.31 98.63+0.17
DS, 88.65+0.25 87.86+0.53 90.35+0.30 91.54+0.54 91.84+0.58 90.78+0.70 92.30+0.24
DS, 92.55+0.45 95.92+0.32 94.80+0.43 96.12+0.14 97.92+0.54 95.99+0.52 98.55+0.29
DS, 87.03£0.49 87.08+0.39 88.23+0.31 90.50+£0.30 91.07+0.52 90.13+0.43 91.15+0.11
DS; 91.54+0.11 92.33+0.51 96.04+0.20 93.82+0.55 94.94+0.27 92.91+0.42 96.53+0.42
DSg 86.56+0.50 85.48+0.24 87.83+0.49 89.43+0.18 88.85+0.36 88.39+0.34 90.63+0.21
DS, 87.19+0.42 86.12+0.11 87.29+0.36 88.41£0.50 88.77+0.43 87.87+0.20 91.6140.78
Kddcup99 10% 60.89+0.50 63.05£0.50 58.26+0.38 61.88+0.38 63.71£0.54 63.42+0.67 69.34+0.57
Shuttle 61.40£0.21 50.84+0.31 54.36+0.35 59.52+0.41 63.12+0.59 61.79+0.16 64.59+0.29
PokerHand 43.57£0.30 44.78+0.46 55.21+0.60 56.84+0.11 52.77+0.54 55.36+£0.25 59.571+0.43
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x5 THEZERFUE (%)

Table 5 F1 value of seven algorithms (%)

HAm R LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 95.82+0.18 96.20+0.16 97.44+0.50 97.94+0.30 97.97+0.25 96.66+0.37 98.85+0.23
DS, 89.62+0.23 88.24+0.53 91.5440.35 92.42+£0.22 92.554+0.53 91.37£0.43 93.461+0.18
DS; 93.47+0.18 95.99+0.27 95.76+0.44 96.38+0.20 97.33+0.55 96.22+0.57 98.191-0.26
DS, 86.97+0.47 86.15+0.45 88.26+0.30 90.20+£0.29 90.67+0.46 89.91+0.59 91.60+0.16
DS; 92.55+0.17 93.18+0.30 96.1740.19 94.23£0.52 95.2040.29 93.57£0.38 96.3510.26
DSg 86.57+0.27 85.08+0.32 87.92+0.48 88.93+0.18 88.75+0.30 87.90+0.35 90.74+0.27
DS, 87.72+0.56 86.66+0.19 88.70+0.52 89.44+0.48 89.61+0.47 88.59+0.29 92.63+0.40

Kddcup99_10% 70.55+0.54 70.9440.23 69.32+0.45 74.03£0.22 75.33+0.39 74.8240.54 80.451-0.49
Shuttle 62.97+0.28 56.6140.29 64.4340.33 70.134+0.21 72.704+0.41 71.0140.20 73.771+0.18
PokerHand 47.26%0.34 47.41£0.40 53.83+0.57 55.35+0.16 56.1240.52 54.10£0.23 57.671+0.72
* 6 7 FEIER Kappa [H (%)
Table 6  Kappa value of seven algorithms (%)

HHE R LB BOLE ARFRE CALMID OALM-IDS ALM-ICDDS-E ALM-ICDDS
DS, 95.0940.43 95.47+0.26 97.11+0.33 97.84+0.18 97.524+0.50 96.314+0.53 98.721+0.18
DS, 89.6610.50 88.2810.45 91.8040.17 92.5540.25 92.6540.28 91.2740.29 93.561-0.46
DS; 93.08+0.13 95.68+0.22 95.62+0.53 96.50£0.46 96.460.60 96.05+0.36 97.69+0.21
DS, 86.97+0.46 85.861+0.13 88.18+0.25 89.9440.24 89.99+0.36 88.6140.46 90.1940.57
DS; 92.3240.37 94.184+0.45 95.86+0.28 94.4040.50 95.524+0.14 94.2940.20 95.8140.35
DS; 86.59+0.32 85.25+0.29 87.81+0.54 88.90+0.51 89.00£0.13 87.68+0.47 89.80+0.25
DS; 88.2840.46 87.51+0.97 89.931+0.71 90.0140.92 90.1940.40 89.5140.59 93.671+0.54

Kddcup99_ 10% 80.94+0.22 75.684+0.25 79.3610.35 83.32+0.24 85.83+0.50 84.87+0.16 86.81+0.33

Shuttle 58.73£0.39 61.54+0.22 73.7840.20 79.3940.43 80.11+0.53 80.97+0.24 83.56+£0.54

PokerHand 50.34+0.58 49.8610.40 50.3610.16 51.2440.21 51.3940.16 50.5540.41 52.251+0.35

BOLE A1 ARFRE; E£3)% 3] 5% ALM-ICDDS-E
TE 7 A6 AR B R R ae e T B S |
% LB A1 BOLE, 7& 3 /™ HE S2 885 i b o> K g
T W B2 51 #9% LB, BOLE 1 ARFRE; ALM-
ICDDS FyELE 10 MR L 153 28 se 3 i T 5
i 3 M E B I Y BT A EIEEA RS SRS
A AR b SR R TS RS
A RUEE R, N TR G R AR SRR
P REAR UL, A FEAE S P, AP b <[]
E RS48RO B T b 1 2 SR PR R AR I
TR

2 JEINFTE FRE 10 MR B A
EEAERRAE 28 ROC, ROC M2k T A Ae i B ik
S R RE IR, IR 2 TN, EEE I HE
7% CALMID. OALM-IDS #il ALM-ICDDS 7£ 7 4~
G REFE TR A PokerHand ##E i EH ROC HhZk
AR T B A% 2] vk LB BOLE fil ARFRE;
FF¥ S ALM-ICDDS-E £ 7 /N & BB i
FROC #h& T T &% ) Hik LB M

BOLE, 7 3 M ESLEHR A - ROC i 4+ i ARk
T Wi 2 > 5 LB. BOLE f1 ARFRE; ALM-
ICDDS Hi%E 47 PokerHand R _ LT ALM-
ICDDS-E #iE{HE CALMID il OALM-IDS 5%
1) ROC #hZe ~ AR R A8, 78 HAh o i F 3 AR
T 6 Fioof LL AR 7R R0 EE 2 1 & U DS,
B SEHHE A Kddeup99  10% L ALM-ICDDS %
EAE ) EX AR B ROC #iIZR T
AR EE KI5 1l 1 3% 1 4%.

K 3 @R T BIEAE 2 NEONE AR R
(DS A1 Kddcup99  10%) - 43 K% i % BE FEA KN
TR AR H 28, A% ALM-ICDDS HEfEIX 2
AR L RGN T 3 P =8I
% (CALMID, OALM-IDS f1 ALM-ICDDS-E), H
BT 3 Fhil B % 2 % (LB BOLE Al AR-
FRE). ALM-ICDDS SyAAEIX 2 AN Hdi i B35 wT
DAFH B/ AR 28 AR SR A5 B i RS T 36, 7E DS %X
E _ERIFR A B OALM-IDS 5#3:% 0.17%.
tt CALMID %741 0.32%- b ALM-ICDDS-E #
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4

i

= 0.4
0.2

1.0 1.0¢
081 0.8}
Fost Fos}
= i LB =084 i LB = 0.81 o ‘ LB = 0.78
0.4+ |-~ BOLE = 0.8 Fillo |-~ BOLE = 0.84 =04+ | BoLE = 0.0
Ri¢ ! — - ARFRE = 0.92 i — - ARFRE = 0.84 fm i i‘ — . ARFRE = 0.85
02 Ll oAb =0 | I - CALMID = 0.91 02l < CALMID = 0.92
2P = 0ALMIDS = 0.96 J /|~ OALM-IDS = 0.94 . f |- 0ALMIDS = 095
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