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Abstract

The machine learning classification performance measure system based on confusion matrix is
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the most commonly used in measuring the classification effect of each classifier, and the calcula-
tion principle of these performance measures are comprehensively listed in this paper. Among
them, the G-mean value and Matthews correlation coefficient of two classifications are generalized
and defined in three or more classification problems. Moreover, using the Vehicle Silhouettes da-
taset in UCI, the corresponding python experiments are implemented in the bases of Sklearn, and
corresponding python codes and running results are given. In particular, the corresponding py-
thon functions are defined for the two generalized measures, and corresponding experiments and
validations are also implemented. This paper provides a theoretical basis and python practice and
corresponding codes for the selection of the most commonly used machine learning classification
performance measures for the majority of scholars to select appropriate performance measures.
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1. 518

BLES 22 21 4 RSB0 R, 32 BN 50 UF A2 BN AR (1 73 SR P A% o0 P AR AR AT Ml &, T &% P o028
FRFR AN [F] B 77 TN PN 285 AT T iH R . SR iR S, i 2 28 TRVEHRE 1) 4 2807
Wriabrtd R[1]-[7], Hr, S HRFEIRRZ — 20 B2 (Accuracy) [2]-[7], F R EEAA R,
SRR FEA Z /DR R IR HIRE 4 SR HER 2 (Precision) [1] [3] [4], FH T4 & A Tl 1 1E 26
FEARK S BT A e BN IR R FE AR B B L], XN br ROGUE IERREA RIS L &% A1 Accuracy B
Precision —#2 ], &4 A% (Recall) [1] [2] [3] [4], ‘B ITES 2 LR B IEBEAAN B 4 BT IE 284N 301
Fefol: 732 2 VR AR (Confusion Matrix) [4] [7] [8], ‘45 HBERFEARY 4 BISAFINMEH, AT ANE
TR Z He 50254845, ol Accuracy. Precision. Recall 5, H:d1 Precision Al Recall #B R ¢iE1E
BFEA 7 MG, 1K AT B2 AE B 0L o) @ K I, S W OGTEIE SR REA RS . FEIX LS A] T+ 51 4y
KYERE R E R bR dEal b, B R 4RAR, AR BT BRI — SR R R A 2, ZRE
Yy 2 AN e br, tban Fl-score [1] [3] [7], HFITE T4 Precision F1 Recall, #4if—/NgEA 1143254y
HARbR: G-mean fH[9], X IEEM LM Recall BEATL5E KL 1 Matthews #H6 R%4[10], 2R
EREBERIE ) — AN A TRPR: Kappa ZREUH R AR IR VR VA 5 B A IR B HEA T 25 6 1) — M R A A S PRl 5
TR T 28 75— BORE BE IR AR [ 7] 06 T Mk R A & X mT WAL - B, B P_R M ZR[71F1 ROC i £ [11] [12],
Hrp, P-R gk, RMRIEHISENT Precision iE /& Recall /) H LA i BUAF A BI{E S 2], ROC iz,
e F IR gl Tt g TE ST ], DA R 87 28 i gl Tl jse 87 2 (0 EUAR, 23 AR A A, T R b 42,
ZHZE N IMTARARCN AUC B, IXAMEREK, IRk

X IXEEARRR, 2800 R PR SR bR R A R A AR, IR S ER S W TR LB by, Horp,
SCHR[L31XF 73 ABARN T 250, MEETHRZ N BT IRE R AR T oot B YA S0 1) = KR M Re s
R THAT TR, P TH— MBI R, R — N IUEE R ZE[0, 1M R4, KA &
1T 4 (KNIN) FH B A48 [B1 A B R 5 AT [ A AN 23 28506, K TH 515 20 1 & AN R bR AE SIAE — RS 3E 4T T X
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FEAAROGPE AT, 19 BIISE R ERMTEIEMERRRE BT, SRR SEBR (4E 5% 75 SR Rk 80E F il P e i
BbR, HMNZEE DT 2 MR E R R, SH— MRS L. XUHEMERRAAC
MRS R, JEARRRAR A, BRI AT AT LIRS A [F] 1 75 SROE B A A R 1038 bR . (HIXAMIR SO A A H
SRR DL S, I BT R S o 8 F (2R TURVE FEFE M FE Ak R AL A 2T . FRATA itk
5 TR FE R R AR AT AT 8 4, IR B8 e — 0 SEPr I Las 2 S SR 48 X BP 4%
HEAT I python SEE6 K SR bR i B FRAAH OGS S, HIEREEE RS %,

b, XA ELRAR, KB TEARRE T DL X B, AT DU 2 2R oL, (HERAD LA
Febn H AR IR R AR o0 5tE 0, Ee it B4R R P G-mean {E A1l Matthews #H5¢ &%, XLl #iLF
B P_R #HZEAT ROC #HZk . ASCEM X G-mean {H A1 Matthews #5250, 17 =280 ERHET, & X
HHAR N1 python BRI,  HFEAT T AH IS8 1IE 5288

2. SLIHIEE R AR
2.1. SEISWIEEE

RAEHLER S 5 R4 H VPR, S0 TL UCH S st Vehicle Silhouettes (1404556 ) S48
T = AR B4R sklearn w1 1) MLPClassifier 49648, JE4T BP WHZEIR% 5520, JEke & R4 KD
WL R . SVHT

IS M P A2 40 08 SRR —ALRFAE, K540 R HORE AR AR SR DR KR ZE.2 — . LIy
SAKBILE 647 S FEA, SARAH 18 MRHR, IS —SIRREA I AR, (47 opel. saab. bus.
van PURRRH, SR —SUNRANS. TH# L RR T R 4 b

Table 1. Some data of Vihicle Silhouettes dataset
%% 1. Vehicle Silhouettes 3B 2R 9 #3E

X1 X2 X3 X4 X5 X6 X7 X8 X18 class

1 85 44 70 205 103 52 149 45 183 bus
2 107 57 106 172 50 6 255 26 183 bus
3 97 43 73 173 65 6 153 42 204 bus
4 88 46 74 171 68 6 152 43 195 bus
647 86 36 78 146 58 7 135 50 195 saab

FAFHERE, AT

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import math

from sklearn.model_selection import train_test split
from sklearn.neural_network import MLPClassifier
from sklearn import metrics

from sklearn.metrics import accuracy_score
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from sklearn.metrics import confusion_matrix
from sklearn.metrics import recall_score

from sklearn.metrics import precision_score

from sklearn.metrics import matthews_corrcoef
from sklearn.metrics import f1_score

from sklearn.metrics import cohen_kappa_score
from sklearn.metrics import precision_recall_curve
from sklearn.metrics import plot_roc_curve

from sklearn.metrics import roc_curve

from sklearn.metrics import auc

SO FARBR A 2 B HEAT A AL, PR H — A0S AR SR R T PR R R, St 430 SRR, Horp

70%1E 9l ZkEE, 30%1F NI EE . REIIZREEAN 733K BP ML rREAT ISR, 45 219004 0 T 25
iR, AT

#AE R A RN SRAE AN
X_binary = vehicle.iloc[:430, :18]
X_binary = (X_binary-np.min(X_binary))/(np.max(X_binary)-np.min(X_binary))
Y _binary = vehicle.iloc[:430, 19]
X _binary_train, X_binary_test, Y_binary_train, Y_binary_test = train_test_split(
X _binary, Y_binary, test_size = 0.3, random_state = 8)
#2502 BP #PZE W 4%
clf_binary = MLPClassifier(solver = 'Ibfgs’, hidden_layer_sizes = (5, 5),
activation = 'logistic', max_iter = 30, random_state = O}#ILANEIRZE, B2 5 M A, UG R

N logistic B4, R KIZRAD %30 25

clf_binary.fit(X_binary_train, Y_binary_train)
Y _binary_pred = clf_binary.predict(X_binary_test)
SR BARPR B 73 A BEAT VA A0, PG A E A BR SR BT =R BE, 3t 647 SRR, Hrp

70%1E Il ZkEE, 30% 1 N IREE . REIZREENZ 7338 BP ML rREEAT ISR, JF73 200104 10 2 )
iR, AT

#AE R A ISR EEAT IR
X_multi = vehicle.iloc[:, :18]
X_multi = (X_multi-np.min(X_multi))/(np.max(>X_multi)-np.min(X_multi))
Y_multi = vehicle.iloc[:, 19]
X_multi_train, X_multi_test, Y_multi_train, Y_multi_test = train_test_split(
X_multi, Y_multi, test_size = 0.3, random_state = 8)
#2527 K45 BP R 2%
clf_multi = MLPClassifier(solver = 'Ibfgs', hidden_layer_sizes = (8, 6),
activation = 'logistic', max_iter = 200, random_state = Q)# LN ZE, FH—Z 8 Mk, F 26

AT, B RN logistic BEL, BORUIZRE %200 45,

clf_multi.fit(X_multi_train, Y_multi_train)
Y_multi_pred = clf_multi.predict(X_multi_test)
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2. BB KR Python SEIR

TRVEHE B (Confusion Matrix), & iFMALAR 2% ] 0 kG FE R — g WL 48 s, HAF—1TARRFEAR JL5L
Fnll, B FUAGEREA R TR 25 .

1) ZorRIBEER

FEZ RGN, IREEREE 1 R, # TP, FN, FP, TN 4jk.

Eﬁﬂ?%%ﬁ%ﬁ* TR IESERIREAS: PN ySERR2 eSS, Tl 2R MREA% FP Skl

o TRINIESSHIREAR S TN SPrg 2k, TN SRR A S AHMN Python SEIGACAG AT
confusion_binary = confusion_matrix(Y_binary_test, Y_binary pred)

193] A IR EH N
61 2
8 58

MIREH AT LUE H, 55 0 B HH 2 MEARHRTINNES 195 58 1 286 8 MFEAPE S = il
DNER 025, T BR R A T AR R

2) BARIBHHEFE

EZHFNENT, U=0IFonpl, BHP—2YIERK, BAmRL7E, 5 als e =2 dha—25i
TiFE, IREMEFEIPE 2 Fias, 1 T00, FO1, FO2, F10, T11, F12, F20, F21 fil T22 LA TCRA K.

Predicted

Actual

Figure 1. Confusion matrix for binary classification

B 1 ZRHEER

Predicted

Actual

Figure 2. Confusion matrix for three classification

Bl 2. =93 REEN

B rh o — A7 AR S 0 SBAOTE DL, TOO FoRA B 255 0 28, MR Fitil 21 55 0 SKAOFEA%L FOL RoR
AL 02K, (ERPRBHNEIE 1 RMFEAS: FO2 FRAHRE 02K, (ERRBRHNEI 2 3
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HIREAHL

B s —ATARERES 1 R, F10 R A S5 1 38, (R i35 0 KM A%, T11
FTORARG I 13, NN E S 1 RAREAR: F12 FoRA SR8 128, (HR g F )5 2
KRS

B s = ATAGERER 2 RIUIEIL, F20 RRAS 25 2 28, HRPEAFHNRZE 0 R A%: F21
TORARGIEEE 2 38, (HRg BTN 25 1 BIIREARRL: T22 FORAGIEE 2 38, Ay 22 2
KRS

AR Python SEEGARAD U

confusion_multi = confusion_matrix(Y_multi_test, Y_multi_pred)

13BN =7y FIRVEFERE N«
64 0 O
3 42 17
5 17 47

MIBEFEMER T LR, 26 0 RREAR I EAf, 25 1286 3 MR R TINEE 028, F 17
ANFEARBAE R TMNZE 2 25 58 2 250 5 MERPATRTUNCNES 0 25, F 17 MERPAR R TN N ES 125,
o, I A T 2050 SR 0

=R EERLS L B
3. T ERER
3.1. BAMMTEIESR

1) MR

HERA R (Accuracy), s=FBIERI D ZRFEAE SRS ERILLE], AT FH SR IBAN AR T B4R TR0 R R

RO, i rmrA=:

TP+TN
TP+TN+FP+FN

NI TP (True Positive)fREA 5 2 1EZE, BRI TN B IESR KA A KL TN (True Negative) {4
EYRAns, SO T ) 51 SRR AR E; FP (False Positive)fXR A By 2 1 35, (2 Hl 20 Tl 1) 1E 2R 1
FEAKL: FN (False Negative) fREEA B 52 IR, (HARAE Y Tt 21 61 S8 A9 RE A H . AHJSL Python SEIGAXL AN F -

accuracy_binary = accuracy_score(Y_binary_test, Y_binary_pred)

15 MR A 1 MR 2Ry 0.9225, Tt AR R B F3 0 35 AR 47

TEZ o RAGOLN TR 28 mf 45 T 0080 24 TE A T0IU AR B AR BOR B0 5 i RE AR e B, R T A 3K
0

Accuracy = ——=0——

Accuracy =

>

T. +

f

j=0,ji

1l
o

AR Ty FRARG R 12, NEBAITINEIE | RIS Ry Rn AR 25 1 28, [HREHA
TR ENEE j RAFEAS. AHN Python SERARAS 41T :
accuracy_multi = accuracy_score(Y_multi_test, Y_multi_pred)

73 FNMERFEA T UER 2 0.7846, 1 FH A LB 4 T I RIS 07
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2) Al

H a1 % (Recall), 2765828 LM 1 IESRFEARANKE BT IERN O ELB, 7 FSRVPAN IE SRR A IR TR
MR HTIELEBR R TAED, IERFEARSAA R DE, B AR s, B DUBE RS 5 1 1F
HH I RN E

FEZ AP RIEBLR, W2

Recall =
TP+FN

A3 TP (True Positive)XEA & 2 13, AR A0 2] IE R FIFE A% FN (False Negative)fts%
ARG IR, (H A SN B 57O AR S . AHR Python SEBRARES U1 R -

Recall_binary = recall_score(Y_binary_test, Y_binary_pred, average = None)

LR 0 RNIES, MAIRHEREZ 0.9683; # it 1 KAIES, HRIMH M Z) 0.8788.

TEZ o RAEOLR, PTG ARE— R A B, FES A 0120 2 1228 TR T R A A B 12 28 b
AECHIEEH, a0 ) A

T.

Recall, = —L——

Ti+ Fi

=0, j=i

ARH Ty BRABGRE 1K, NN | R, Ry Rn ARG 2580 2K, (A2
T 228 j RAIFEAE . AHM. Python SEIGACAG IR

Recall_multi = recall_score(Y_multi_test, Y_multi_pred, average = None)#average Z#{ 5% None &/~ 43
ATHE AR — 2R A B

LR 0 FONIES, [{RIMERERER 1, KOS 0 RIAHFEARRM EMBINCANEE 0 25 #HiRE 1
FONIEZ, BRIMARIZEN 0.6774; #WH 2 KNIES, [BRIMHENMZER 0.6812, 5 1 FFHE 2 KHH

[ R AR
3) Kiffy%
K % (Precision), 2 IEAf TR 1) 15 SR FEACKL &5 BT A 8% 0000 9 TE R R ARE R gl . — 53 B 2R A
W
.. TP
Precision = ——
TP+FP

23 TP (True Positive) AR A B2 IR, AR TN B SR FE A% FP (False Positive) fUR A
B, (HR RN B IE SRR A . AHSE Python SEIGAXS IR -
Precision_binary = precision_score(Y_binary_test, Y_binary_pred, average = None)
AR 0 ONIESE, SBIMFETIZN 0.8841; #I5H 1 KNIES, B EIREHHZE N 0.9667.
FEZ 7 RIGULT, ATCATHSEAE— SRR I, SR B 3l A2 2288 LA 000 AR AR 580 i A i
M ZREBIREAZ L], R T ) A e
T

1]
T,+ Y F
i=Lizj
NI T RORAR GRS j 2K, MM BEIEE j KRR, FyRon AR SR i 2K, (HERRIH
TS j FRAFEALL. MM Python SEEACAS T -

Precisionj =

AN
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Precision_multi = precision_score(Y_multi_test, Y_multi_pred, average = None)#average %% A None
TR NI A AR

AW 0 FONIESR, BRI 0.8889; #HBH 1 FONIER, F[RIMIRIARN 0.7119; F B4
2 FONIER, REIFRSTHAN 0.7344,

3.2. ZZFEIVHEIEH

1) G-mean &

T AR G-mean {2 B, 5% S B # 7 BUE (Sensitive) M4 57 & (Specificity) . 7 5% (Sensitive) 5 7 1] 2
(Recall)AH[F], &8 ERA TN IR 2R AH G P IR SRR AN L] . 5 57 B2 (Specificity) & F8 TR T 1)
FERFEARS S BT CRFEAR SR EL B, Sefs |, Sensitive Fon IEZRHH [F13, Specificity & 5 3 H [7l
N TIPS

Sensitive = _TP ,» Specificity = _ TN
TP+FN TN+FP

RGO, G-mean H55 T RBEAEE 7R LAT-T- 2% G-mean i LU FIFIRLE 54 1 IE
FRGCERE AR, DU B AR AAE B 2R 0 A AU, BME SR RA T, G-mean [HILAELA A58
FBRGEE, RIFHIPN—A KBRS G-mean Bk, U BRI B AR TN FCRERLF, W N

AR

G-mean = \/Sensitive x Specificity

23 Sensitive Fox IEZE A B2, Specificity Ron 728 A B2, AHRL Python SZEGACHS 40 F

Gmean_binary = np.sgrt(Recall_binary[0]*Recall_binary[1])

23¥) G-mean 154 0.9224.

FEZ RGO, FATATI AT LUK 235 1 A 18] 35K LR B 85 21 2 70 K1) G-mean fE, H
IERCTPIR iR itk uS TRV E S o7 S I AW

n-1
G-mean = p/[ ] Recall,
i=0

A Recalli %758 1 R A IR, K n ANFEGIEH B ZRAHFEMIT n )07, G2 UAFEE, /D
%532 G-mean {H. #HM Python SEEGARAS IR :
Gmean_multi = math.pow(Recall_multi[0]*Recall_multi[1]*Recall_multi[2], 1/3)
23¥) G-mean 54 0.7727.
T =0 RELE RGO, AT LR A B2 A R PR AN T B EK G-mean {8, ARG A0F -
import math
def Gmean(Recall_list):
G =1, n=len(Recall_list)
for Recall in Recall_list:

G = G*Recall
return math.pow(G, 1/n)
2) Matthews FH% R %
Matthews #H5% & £ (Matthews correlation coefficient, MCC), H—/MEZEATRIERFE, & ESE 570
DR 2 TR A AH S
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FEZ RGN, AR RS ENI, T EAMOL a0 R AR
TPxTN-FPxFN
J(TP+FP)(TP+FN)(TN +FP)(TN+FN)

I3 BESE —T(TP + FP)ZR 7R T A #5000 o IESE AR A K, SEPUTH(TN + FN) R BT A 4 i o 41 2 )
FEAHL, 5 —T(TP + FN) s a4 h S2 bRy IESR AOREAH, 58 =I00(TN + FN)F s Il 4 v s ol 4126
RIREA S . I RSN BT MR AR S T O IE 2K (2 BEEE DU TN 0) B A7 28 (7 8128 — TN 0), BEAR
XN 0, NAAHIX & —ABEHL/ 248, Matthews A2 REUN TG E N 0. 40 SR MNALE AR AT 152K 0
AR BESE 0N 0), BAASEFEAR (S BEEE =100 0), W] Matthews #H ¢ R A = L.

I3 R —I(TP x TN) s Fr A A T B0 RE A B A, 58 —I5T(FP x FIN)ZR 7R BT 0 2 T
FRIAE A H g SR A

Matthews AH¢ ZEUE N T [-1, 1] 1A

MCC =1, FPFIFN 250, M7 H W00, BENNTPPTN? , X RN —FMNRAFE A 43
FOIEB IR, 7RG EEN, 7RI,

MCC = 0 I, — it e i TR A IR AR 4 S T O IE 2R Bl A7 28, e 7y SR 2 B L 7 26
W N PMENL R A T Z 185 4 0, M MCC {E 1544 0.

MCC = -1 K, TP A TN R0, WoFE—TN 0, S3BREAVFPPEN? , XFERE— N4 4
P AR DR T, >R AR IR ER], TP RA R AT IR

FHN Python SEEGARHS 40 R

MCC_binary = matthews_corrcoef(Y_binary_test, Y_binary pred)

521 Matthews A< R %5 Jy: 0.8489.

L RENT, AT AT LUK Matthews F15% R B0 #1205, a0 R A

1 \"1 nana
(HTHJ _HH Fii

i=0 j=0
-1

MCC =

MCC =

iN

n-:

n-1 n-1
\/ (T +Fy )= (Tj +Fy)
i=0 j=0, j=i i=0i=

s || =

1#)

o

PL= 0 2500 B, an T 2
(TooTnTzz )2 - F01 Foz FlO F12 on F21
\/(Too + F01)(Too +Fo )(Tn +Fy )(Tn +F, ) (Tzz +Fy )(Tzz + Fu)
(Too +Fy )(Too +Fy )(Tn + F01)(T11 + le)(Tzz +F )(Tzz +F, )

50 RAE 0L, A 2rb 77 205 A e I TN P A0 A 5 ) SR AR 25 BT A A o TN P A A
TR 3 BErh 3 —AT ORI, R, =R, SRORSERRIE T % 2 B R A B 1 A TR A A A
(Tii) 73 0] 5 6 v 00 22 LA & SR IR AR B A 0 BESS AT LN T, BRI, 3L =28, RoRLbrg T %
SRR AR A A I T A0 AR AR B () 70 1) 5 At 2% SR TN 22 i 2R R AR B A

A LRV FERE AN T B8 Bk 1S 2 70 2K 1 Matthews AHOC 528, ARG A1 F -

import math

def MCC(confusion_matrix):

MCC =

n = confusion_matrix.shape [1]
T=1F=1
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for i in range(n):
T = T*confusion_matrix][i,i]
for i in range(n):
for j in range(n):
ifjl =i
F = F*confusion_matrix[i,j]
Actual = 1; Predict =1
for i in range(n):
for j in range(n):
ifjl =i
Actual = Actual*math.sqrt(float(
confusion_matrix[i, i] + confusion_matrix[i, j]))
for j in range(n):
for i in range(n):
ifil =j:
Predict = Predict*math.sqrt(float(
confusion_matrix[j, j] + confusion_matrix[i, j]))
T_pow = math.pow(T, n-1)
AP = Actual*Predict
return (T_pow-F)/AP
#1420 RIREFE RN R H
MCC_multi = MCC(confusion_multi)
53§12 4325 Matthews #155 ZECN: 0.4520.
BRI B AN R IGAE, 5311 Matthews FH9% R %45 R 55 sklearn 71 matthews_corrcoef
BRI 2 45 R )y 0.8489.
3) F1-Score
F-Score ##K F-Measure s&— M HREESH BT T M XA ZEN T s A P2 (Recal ) FUFE 2
(Precision) & — X} 7 J& [ &% &, — Mt H T Recall B =i Precision B34 {1k, Precision {E {5 Recall
AR HrKEBEE RN, #EFIZE Precision i, #1113 Recall EWAK: 702K BE AN, #E
i Precision W1k, #8512 Recall {8 i ffi = «
(a2 +1)>< PxR

F-Score = 5
a‘xP+R
. . _ _ , Lo at+l  a® 1
Horbra Rt E R T, P (Precision) £~ F i %5, R (Recall) &~ 4[5 3, # EAARTE J5 AT 45 = ScJ;re =5tae
FHIEE 2 73 mlBr UL LW, I8 RECERE 2 450015
F-Score = 5 2
2a 1 2 1
X+ X —
a’+1 P a’+1 R

FTLLE Y, F-Score 52 A [FIRAEH AR A INBORM T EfE. HX T2%a, Ha > 1IREHRL
HRIFRFEE, 2 a<l NERHARRIEHREER., a= 1N _FFEFEE, daBls] 1 F1-Score.
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F1-Score 5& F-Score £ a = 1 I [RARFG], 2 i FH ISR G AT AR AL {3 Bl SR ORS i e 1) b, e A [l 3R
TR B 26 ) R RO P XA

FEZ RGOS, Wi e A 5
2PR ’ 2 1 y 1
P+R F1-Score P R

AR P FRREHIE, RFRAEE, AR Python ST TGN T

F1 binary = f1_score(Y_binary _test, Y_binary pred, average = None)

W 0 KON IESE, 1531 F1-Score {2 0.9242; 4545 1 K91, 4351 F1-Score {574 0.9206.

ELZ R IEN T, 755N f1_score B E % B &3 I average Z 5 (W1 2 FTzR), ANREAE FIER A “binary”,
AT PUAR S 75 R v 5 LA AN [F] (# F1-Score {# -

F1-Score =

Table 2. Some parameters of average
%2 2. Average SR &#

S P
binary IR B $ 72 J5 0 F1-Score (R [FIERINIERMIME), HEH T ZHoZE N
None iR [A4F—28 1) F1-Score

R SR E NIES, HABKY NS, BRISAREMEN, B REEMA N, B3
ZHIREHRE, 5 4R F1-Score
macro IR [A] %25 F1-Score [ B-F44{E

weighted IR [A] %2 F1-Score IMABCTFISE, LAEFEESEREASS LA E

micro

F R Python 5238 ARAG 41T »

F1_multi = f1_score(Y_multi_test, Y_multi_pred, average = None)

I 0 KONIESR, £33 F1-Score {H 7y 0.9412; #5455 1 K NIER, 1351 F1-Score {75 0.6942;
B 2 FONIESE, 153 F1-Score i 74 0.7068.

F1 _multi_micro = f1_score(Y_multi_test, Y_multi_pred, average = 'micro’)

3 E1ff14 J5 F1-Score {4 0.7846.

F1_multi_macro = f1_score(Y_multi_test, Y_multi_pred, average = 'macro’)

75 31 (1 4% 2581 BT 34 F1-Score {4 0.7807 .

F1_multi_weighted = f1_score(Y_multi_test, Y_multi_pred, average = 'weighted")

133 1) & R IALF-34) F1-Score fE 4 0.7797

4) Kappa &

Kappa FREUE i TIRIEFEFETHE R, T B A S bn 28 ) 5B T 36 0l — BUR 27 5 4R
L TR/ W

P-P
Kappa = 2—¢
pp 1-P

e

Horb, Po B TR IER X SRAUBEALER LS AR ARL, gl TR A 70 JHERT 2R Accuracy; P fELAETR 53R
SKBIAE AR 205 A TR T 12 SR A AR SRR 2 AN, B DATRIE FE R o 25 0 AT~
FEZIPREEOUR , W25
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TP+TN o _ (TP+FN)x(TP+FP)+ (TN +FP)x(TN +FN)

° T TP+FN+FP+TN  °© (TP+FN+FP+TN)

Pe AP T &AW, H s —I(TP + FN)RRS IERHISEPRREAS 55 —II(TP + FP)ZR s YA Y
TOOIN BN ISR IFE AL B =TU(TN + FP)FIR R IS PR e AR 28 DUIT(TN + FN) 2 AR Tt ) 47128
FIREAEL . > BERORIRVE FE R vh % T MI~F 7 o AL E python ARRS 40T «

Kappa_binary = cohen_kappa_score(Y_binary_test, Y_binary_pred)

321 Kappa {6 4: 0.8452.

FEZ RGOS, W H A 5

n-1 < & 5
ZT,, ;[(Tn ’ j=0, j=i i JX(T“ i J':OZJ;¢i i D
Po =T Iil n-1 ’ Pe = n-1 Y n-1 n-1 2‘
NS (85 8 =]
i=0 i=0 j=0, j=i i=0 i=0 j=0, j=i

Pe A3 T H) n i, &—BUCA S ORI, Jorh 58— TR 58 | SR SEPRAE AR 58 — I
PRSI 2 2 | RAIREAKL . 7> BERORIRIE R R b % T A~ 7 o AHRZF Python AR 4T

Kappa_multi = cohen_kappa_score(Y_multi_test, Y_multi_pred)

#3311 Kappa {6 y: 0.6768.

Kappa ZEHUE A T[-1, 11217, Kappa R EE O U IR 73 RBORBRLF, “FREARSERR R 5 “F
BP0 X P ) — SR By, BARHL U, 5t/e: Kappa fE7E 0.21~0.40 A A LA & BA “0f
27 8 Kappa fE7E 0.41~0.60 AT LA NM#H BA “Hias” 11— ¥hk; Kappa fi7E 0.61~0.80
WRT LU % B i 5ok Kappa {8 > 0.81 FTBLA M JLF58 4 5. #R4E Kappa &%
AR, MP, =1 H P, 21, BIFTAREAES ERTN LA 2R TR K5, Kappa A4 1, R4
SR 5 R TR K 5 P A e A — B

734, Kappa REU A TAEA-F e AR SEARAIE . RHE PAERI A, X TR %30
HR AT RAS T )TRIE FE RS, Po{H2xifkm, AHRML, FEAY /) RUHERZE Accuracy (BL# Po)tH[FIN, Kappa

REH 2 AL
4. BT RBEFENTMRILIER
1) P-R fli1 £k

P-R i 2 52 th #E 1 2% (Precision) A1 43 [71 3 (Recall) 3 [R] 44 B il 28 FL B il o8 73 11135, SNl o HER R
1R — 4325285 H 2 — AL RAE (N A% 2 B BE eR 80— M 7 sigmoid 553 softmax &%, ‘&40
W EAAE 0 B 1 2 M), KX /MERES —ME e BERT L, SMERNTERIE, WrNESR &
W7y Rt Sebr b, AT DURIEMEZAE KB I EEAHE R, d5 PT REJE IR FORE A HECE S AT I, 3¢
ANHTRESE IR I REAHE ST TH - 20 R R WA 2 TAE AN P B — 0 T[0, 12 AR BAE, 3
EBFEIT 1, 7pRan B Emh 2, BREBEEIT 0, JrRanBa LA ml 2. e U BIE KNSR, 0 2R45
RAR . I SR EE RN, it P EM RAE, 4531 P-RHHZ.

FEZ Sy RA5HUR, AR Python ARRS A -

Y_prob0 = clf_binary.predict_proba(X_binary_test)[:, O]

Y_probl = clf_binary.predict_proba(X_binary_test)[:, 1]

precision0, recall0, thresholdsO = precision_recall_curve(
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Y _binary_test, Y_prob0, pos_label = Q)
precisionl, recalll, thresholdsl = precision_recall_curve(
Y_binary_test, Y_probl, pos_label = 1)
plt.figure()
plt.title(Precision-Recall Curve')
plt.xlabel('Recall’)
plt.ylabel('Precision’)
plt.plot(recallO, precision0, label = 'Class0’)
plt.plot(recalll, precisionl, label ='Classl1’)
plt.legend(loc = 3)
plt.show()
MRAEACRD AT 2 HI R 72K P-R #IZe a1/l 3 For.

Precision-Recall Curve

1.0 1
0.9 1 W

g
‘= 0.8
s}
<
~
0.7
0.6 { =™ Class0
Classl
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 3. P-R curve

[& 3. P-R Bz

3N ER 0 FO IR P-R 2k, e 1N IERRT 1 P-R #hiZk. Bz P-R ik
RERIERE . AP, fERZ /A LT,

2) ROC il

ROC HiZk, NHZil# TAEHHERZE (Receiver operating characteristic curve), 2\l B0 IE 4 %
(TPR), R IEZ gl M IE 28 Lol B Ay B E B2 (FPR), B G SR T > 2K i Le gl . n T
AR

TP FP
STPAEN | R T ERLTN

TPR

A AT FRAFEA 2 ROC £ &I, Tovh e 2P pth 2k, HEefS2liail ROC k. X e 3%,
BEIEBIANEON n » BRIEBIANECY e, K IrA BN N IE S RORE AR % 73 S 25 M K TE SR MOR BN
Fro St RBE B E N 1, R AT REAI BN 738, e BRG] R A EOE B 23208 0, M ARKR R A
(0, 0)ALTThR%Z:HI ROC Mk, FEXFHEFFUF I GREAS, M —GLITR, REKCHORE 20 BRI Az FEA
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ffm LS, BIMR UG R REAR Ry W IESR . WHT — DMRIE RON(X, ), A IZFEANEIES], AR
[xy+ni]jjéﬁw A I, Ul'H‘xﬁE(x+é,y] G L P B R i 7
ZIERMILAL ROC k.

TR 22 B0 TE 2R R K BN AR S8 T 1E 2, BB 2 2888 IERf TN A 1E 3, U] ROC Hh £k 2 23
st L E AR S, IR ROC M2k & SEiE /0 A, ROC MIZMSEIT A7 1 f B0 40 35 3 0 i
FHTRMBCR R EF: WR ROC 2 55— RERM-F 2k E &, Uil K82 BEnL o 3645 Wil ROC Hh
LA T, UL TINCR EUBE L SR8 E 22, 43 KRB TANE -

TEZ A RHEOLT, AT BLE sklearn H H 471 plot_roc_curve eR 0@ ik — 47 AURY B 221 H %25 1) ROC
26 B (] 4 FE 5 fraR), AHRL Python 40HS:

plot_roc_curve(clf_binary, X_binary test, Y_binary_test, pos_label = 0)

plot_roc_curve(clf_binary, X_binary test, Y_binary_test, pos_label = 1)

1.0 1

0.8 1

s
g
=
o
2
2 0.6 1
&
Q
3
& 0.4
o
=
£ 0.2 -
Q
&
0.0 - ~ MLPClassifier (AUC = 0.97)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (Positive label: 0)

Figure 4. ROC curve of Class 0 for the binary classification

B 4. =45 02 ROC Bhizk

1.0 1

—
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0.0 1 — MLPClassifier (AUC = 0.97)
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Figure 5. ROC curve of Class 1 for the binary classification

5. 2435 138 ROC phiZkE

DOI: 10.12677/hjdm.2022.124033 364 B 540


https://doi.org/10.12677/hjdm.2022.124033

Ditkeh 2%

M 0 EANEE 1 251 ROC Bk Eh ] LABTEA H, 25 0 28 ROC HiZHIZ N AIAH] 0.97, %5 1 ¢ ROC
22 R AR A F) 0.97, HM% ROC MiZe#FELT /e B, 140 K28 T BORAEH 4 -
] LLE TS sklearn H1 H 47 1 roc_curve BREL, RPN FA1H) ROC il £k /£ — ik B (Wi ¥ 6 FraR).
AH Python 55
Y_binary_prob0 = cIf_binary.predict_proba(X_binary_test)[:, 0]
Y_binary_probl = clf_binary.predict_proba(X_binary_test)[:, 1]
FPO_binary, TPO_binary, thresholdsQ_binary = roc_curve(
Y_binary_test, Y_binary_prob0, pos_label = 0)
FP1_binary, TP1_binary, thresholdsl_binary = roc_curve(
Y _binary_test, Y_binary _probl, pos_label = 1)
plt.title(ROC")
plt.plot(FPO_binary, TPO_binary, label = 'Class0")
plt.plot(FP1_binary, TP1 binary, label = 'Classl’)
plt.xlim([-0.1, 1.1])
plt.ylim([-0.1, 1.1])
plt.ylabel('True Positive Rate")
plt.xlabel('False Positive Rate")
plt.legend(loc = 4)
plt.show()
TEZ RGN, K2 AEM ROC iz £ — KK (&l 7 frox). #HRL Python AXA5:
Y_multi_prob0 = clIf_multi.predict_proba(X_multi_test)[:, 0]
Y_multi_probl = clf_multi.predict_proba(X_multi_test)[:, 1]
Y_multi_prob2 = clf_multi.predict_proba(X_multi_test)[:, 2]
FPO_multi, TPO_multi, thresholdsO_multi = metrics.roc_curve(
Y_multi_test, Y_multi_prob0, pos_label = 0)
FP1 multi, TP1 multi, thresholdsl_ multi = metrics.roc_curve(
Y_multi_test, Y_multi_probl, pos_label = 1)
FP2_multi, TP2_multi, thresholds2_multi = metrics.roc_curve(
Y_multi_test, Y_multi_prob2, pos_label = 2)
plt.title(ROC")
plt.plot(FPO_multi, TPO_multi, label = 'Class0")
plt.plot(FP1_multi, TP1_multi, label = 'Class1")
plt.plot(FP2_multi, TP2_multi, label = 'Class2")
plt.xlim([-0.1, 1.1])
plt.ylim([-0.1, 1.1])
plt.ylabel("True Positive Rate")
plt.xlabel('False Positive Rate")
plt.legend(loc = 4)
plt.show()
MBI RT L, 55 0 381 ROC i 2k SEiln /e b, UiWI4r SRR 028 0 SR TR FE fe e 28 138
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Figure 6. ROC curve of binary classification
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Figure 7. ROC curve for multi-category classification

& 7. %472 ROC #h%k

3) AUC 14

AUC f{H(Area under curve)/&45 ROC MmN N iAR, W LAE WL & ROC M2k BT R 7y K48
TR R IR . R —25 ROC ikl 53 —25 ROC #h ks 4 AE, W40 28 Bl — S i TR0 R R 4
TlE—3 WRMZE ROC A X, Wi AUC A 1R /IN K W — 28 (1 00 R R 47

FEZ 5 2RA5 00N, AHSL Python SEEGAXAD 4R

AUCO_binary = auc(FPO_binary, TPO_hinary)
2 E155 0 28/ AUC {8 N 0.9733,

AUC1_binary = auc(FP1_hinary, TP1_binary)
2515 1 22 AUC 184 0.9733,

TEZ 5y RAEHL N, AHL Python SEEGAXAD IR -

AUCO_multi = auc(FPO_multi, TPO_multi)
3355 0 2511 AUC {4 0.9948.

AUC1_multi = auc(FP1_multi, TP1_multi)
REIZE 1 2 AUC 184 0.8789.,

AUC2_multi = auc(FP2_multi, TP2_multi)
2515 2 221 AUC 184 0.8862.
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5. &

ASCR PSR ST I AR BRI B AT 1 A B B 73, 41X G-mean {H AT Matthews A% 2 %L

M7 =R E 2432 BT 8 X, IR UCH £ 5 4E 41 Vehicle Silhouettes 5 7E BP 4% L k47 1)l
SRR, AR ERIEMAR TG AU B A e br, IR HAHRIY python ARH5, DLKARE 8 =350 B/
G-mean {E A1 Matthews #H2¢ & %01 python BR%E L. MBS AT python SZE 77 A A TR E 2L S5,

E&WE

AEHC TR R A H0E #eA B 7L I H (jg215203) -
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