A —_— N \ =
B8 FIETNEELE

EwmEHe T BIR R E R, RS - MERE S, WA SR LI T AR, AL
IR A BRI S A A U B 2R T, ot 2 X el A AT A RE I S AL g R, bl
FHERZ T K I wine HE 4R I BT A AR AARIE LI R i a2y, PTRARON =28, B—RIAA
FHACLIRI Ry o X0 B BRATT R T b DX S Hp R 21 T — MY, S A K AN [ 28 2R
SR N =28, MR BRI S IRy, RE N =R S — AMEA R AT L T .

BUAELE H— AR & SR BT, R e 2R 8 T i =2 i — 2800, XA EA 7
We 2 FATISLZIAR 2] DA SROXASH AN b i =28 0 s PR B, BRI RO S R TR
W, X 1, WERG E A, RS2 HEWT T E SR .

& R AR A I B TR TR, TRIR M4 Rk R R AR W . BRATIE BAR A PR iE B
R REFEALYE, WAEEIVER, A MR h e — /MR, DUk ] LRI 25 e BT i
RGP . tin—ANEERE, SR8 TR Z TR EdE, FIiRiatsa R 24, b He)E
BE, AR/, dERTRIREII SV, bR 71, B B R AR /NGRS, AR SeAR AR RS —
HAEARE, — SRR E R ISR, — SRR S R IR R . X EkE D43k
157 R T IR OB 0 FRFAE, DR T — AN, IR O T PR i 2 MR b, 84t
A ) WK A9 P PR e R R I A S P R e 2 Sl T T, R R AR B AR A TR
5, TR A A AR 04 T S8 288 31 o 3k A W ke SR ST R R R, A BT AR AR R o 28,
LSRR B SO “H2” A1 “9E” o S AETE XSRS R Z T Bck T, iRl AEELK,
MR 2R 2 LA A L s ARATTROOY, AR ol L M5 AN B2 P S5 15 L, RLE ) P R TR
Py BRI e, ARYEOCHRA, BURRIE SCAREE S, TR S IR R A S A, X LR A
Wi, #RMRIEE AR, XA IME R 7 s <dBT BRI, dEm i T v

ST CENRBIFEA R, TR TIRZ A, kA5 02%, KNN. SVM. A DL
3. NTHZEML ., R, C5. 0. FEHLARM . adaboost Fl bagging VL Mok, XU
AR oy AR 20 B — MR S AR A B e, L anBE LBk IE =2 IR ARAE I
GREATAT A, SRS TR 1 =2 — MORE AN BUEAT T, 5 TR0 ¥ 43 25 48 A0 2 50 11
DHERE L, XS RUE, WIRKZEECIEF 2T, IR MR AL B 2 200
AILMER 7, R KZHH T, AR R TR, AT A Bl e A ok s 7. A
LA HIGR S E B S5 T SCHR[20] A SCHR (23145

F— MHEMLZA Keras PR

=\ PR HE AR

1. AWML REH

NTLHZEMZ (Artificial Neural Network, ANN) J&32 WM RS0 JA KM S 1) B A5
., EHKEMMZIL (Neuron) Ak, HEHESNZZ, H

BINZ (Input Layer) : ZUSIEEARE, BIAIREARIRRAE . — B SUE B AT N Ed (0 >4k
A, HEERHUE, He B f i T e 4

Fa8= (Hidden Layer) : XRIANZATARL ML HAFHEIR. AU A—ERZZE. B2
(071 R E AR S B 15 T g

fith )= (Output Layer) : Z5HTUINEEIR, FlWnsr el b=, w2 nd, W—it
SRR, SRR, TSt R A s . AR A T R T R A




K121 i N =EHamgErR, —MaANz, ANREZ Mz, 8RBT A
HH AT UEEE T4, J25 )22 87 mn] LA th nl Do ik . 1 sl A H DL R G2 1
JERR BRSSP R DUBEAT VAR 3%, H AT BAT — M E B KA -

Output
layer

Hidden
layer

K12.1 =ZEMEMgE
—/MER RIS NS SR ANE — BREE — W E. BNEI02 aE AL
# (Weights) FMWE (Bias) &, MWL THITEARA:

n
yi = Z wijx; + by
i=1

RGBTSR (Activation Function) 47T IdFZR4:25
z; = f(y)

i L RTIO BR A

Sigmoid: HHJEH (0,1, WHT=/n%K.

ReLU: ZRPEEEeREL, A TRRZ .

Softmax: K tha MR A, HHT 205K,

2. MZMZHRIIZEE

MM PN GA R LR — NS, FEOPRINT

A 1A% 4% (Forward Propagation) : MHIAZ | BB EE, 33 FME.

PR H (Loss Function) « THETIINME 5 HSHME L M AR Bltn: — 7338 XMk
(Binary Crossentropy) £73: Xtk (Categorical Crossentropy) ; [FIH: ¥R %
(MSE)

S| A& 4% (Backpropagation) : ARIGIRZETHEHLE . SHCEHT: BT CnBhRE T %

Adam) SEHACE AR E, fE 157 JBHTE o
PR SR R epoch) BB SUSA BB 11 i e

. Keras SZEIMHZEMILEBIEEA BB A

Keras Z—/mZM&mss AP, AeflHRd # @ A SRR FE 2 ST . e I = mT BT
TensorFlow.

Keras # M Sequential: MUFHEAL, ZIZMifFEiN; Dense: &MERZ (R WHIER
A1) s Activation: WUEMREL: compile (): BUEAA, & UAHRRE. LS. TR 4R £it0:
WAL evaluate ) PPAEEAL: predict O FRIMGHHE .

=\ MEM LIRS
AP DI EE S, I 699 MREA, B MHEAA 9 MERR, N ERIRREIGR

%]‘iﬁ‘ ﬁj\%’é%, ,E\ﬁiﬁljgfﬁjﬂ ID, clumpThickness, sizeUniformity, shapeUniformity, maginalAdhesion,



singleEpithelialCellSize, bareNuclei, blandChromatin, normalNucleoli, mitosis, classo. ﬁﬁ;?%&ﬁﬁﬁ#
IR EHG 5 1D 5, e —FIRTEH, FAEH P A AT o5

Ak FH X S Kl AT PP 22 W 4 S ST SRR (R I, ] AT L rhr 70% A I A A SR 22 ST T A
B, SO%HIREASRIGUERRY R A R, ORIX R BERIZE BENLAT . B SEIIACS 41~

import numpy as np

from sklearn.model selection import train test split
from sklearn. preprocessing import StandardScaler

from sklearn.metrics import confusion matrix, accuracy score
from tensorflow. keras. models import Sequential

from tensorflow. keras. layers import Dense

import os

os.environ[’ TF_CPP_MIN LOG_LEVEL'] =2’ # Jiili&(5R
import readDataFromWugangTOP as wt

url = “https://wugang69. top/dataset/breast. csv”

breast = wt.read csv with headers (url)

breast. replace C NA’, np.nan, inplace=True)

# MRS A

breast. dropna (inplace=True)

# ¥ bare nuclei FFEHAEE

breast[ bare_nuclei’ ] = breast[ bare nuclei’ ]. astype (int)
# Y BRFEAN bR RS

X = breast.iloc[:, 1:10].values # Z45 id %l

y = breast[’ class’].values # K9 2=, 4=

# ¥ class By 0/1 2 >0, 4 > 1)

y = np.where(y == 2, 0, 1)

X train, X test, y train, y test = train test split(X, y, test size=0.3, random state=42)
scaler = StandardScaler ()

X train = scaler. fit transform(X train)

X test = scaler. transform(X_test)

model = Sequential ([Dense (16, input dim=X train. shape[l], activation="relu’),
Dense (8, activation= relu’),
Dense (1, activation=" sigmoid’)
D
model. compile (loss="binary crossentropy , optimizer="adam’, metrics=["accuracy ])
history = model. fit(X_train, y train, epochs=50, batch size=16, verbose=1, validation_split=0.1)

# AR
y pred prob = model.predict (X test)
# By 0/1

y pred = (v _pred prob > 0.5).astype(int). flatten()

# IREHRE

cm = confusion matrix(y test, y pred)
print ("REHERE:")

print (cm)

acc = accuracy score(y test,y pred)

print ("ML (16,8) TRUEMZ: (.. 2f}%”. format (acc*100))

A NS BIALERE AN RBUZ, B ABEERERN 16 ML B ARG E
N8 AT . FRIEUZ MBS BRBUE RN relu AL, it EMBUERECH signoid. ¥R RBUER
N binary crossentropy B, Ef@%WJ%UH%%RUH%E‘JHM%, iﬁﬁ?ﬂ 50 EIH, XA

16 MEAR—RIZH, BUEBERASETIEIEREN adam Hi% . G0k 50 FoIIZR, HAIHNE WX 2545
A, SRJEXTINRFE AT T, FAR > R TRIEFERE N

[[125 2]
[ 6 721]

TSR], A7 2 AR BER A KB R, 47 6 /N RABBOR A KEE b Bl 54
FUERIR, WL (125+72) /205=96%. 7B BHI IR I IEREASERR L)y 210, TFBLZE G 0 ERE
A 205, SRR 5 ABEA T BT SANBE. M 96% A RLPEIE A T A
S, T LSRR DL B S, DT BB A R e 22 0

FH RRW



AN BAEMRFR, FEHTREHNAZE 002 ol E, KELMIENRELA, LA
RS TR (1) T DURAE SRR FEAR R 20 2815 00, tHEITE A B S Bl e, M EAA
5 S A e K TR A B A M 1, BN, TR R A e BRI T AR R AT
H; (2) B HEATIE I AL (D) BRI T Q) EE R ANEER; (D &R FMmEs
E R A FEARHE TR — 2K, siERA TN E 1, 80 s AR,

P S A RE AT BRI O A I G, AU G I G H B I B DR Al A o g 7 R R 2
HUERSEE S 55028, IE LB AR A AR AR, HABIRSRE. N TR AN
G, I T BN AR R R SR AT BT A

TATLAE LA L — 5B ], A5 FH SR SRR ) 12 il e 5 g ST FuASE A, BT A b — 5 i1l 25
FEAS I R SRR TS . Python i S Y sklearn. tree. DecisionTreeClassifier () BEAT LA
LIRS K, prune () BRECAT DASEIUO R G2 0 D SRR EAT BTAS, AT A5 2 SEAR I D it o 1 8%
H— RS EIEAN:

from sklearn. tree import DecisionTreeClassifier

clf = DecisionTreeClassifier (
criterion="gini”,
splitter="best”,
max_depth=None,
min_samples split=2,
min samples leaf=I,
min weight fraction leaf=0.0,
max_features=None,
random_state=None,
max_leaf nodes=None,
min_impurity decrease=0.0,
class weight=None,
cep_alpha=0.0

)

1. criterion (BRIN “gini”) : FRERT SN “RIpPrAE” o WIEME: “gini”: HJE
Adlifg (Gini Impurity) . “entropy”: {5 EM7i (Information Gain) . “log loss”: F&TX
Bk CGRRALTAZ X

2. splitter C(ERIN "best”) : FRERFNTT I HIFNE . FiLfH: "best”: fEFTHFHET
RIS 5. “random”:  FEALIEEEI A RRAE BRI Sr R (BN REED .

3. max_depth (ERIA None) : W HIERKIRE . FRFIEE R LABG bl & . &N None, M|—
B R BB 57 g, BEFEAZUNT min samples split.

4. min_samples split (BRIN 2D« — NS EEGREE R4 T 75 B B/ MEEAREL. T LLZ: BEHL
(Bl 10, FRoREAD 10 MERA R o Fad (Bl 0.1, Forzeb AR 10% 4
DaE DR

5. min_samples_leaf (BRIN 1D« BEANHT19 s Fr i B e D BEASHL . 7T DU AT R 4
PR min samples leaf B PALLMEEFHg, W/bidfils .

6. min weight fraction leaf (ERiN 0.0) : 5 min samples leaf 2&fPl, {HZE RT3
R FEARRCE . ANT IR —BRAEFEAARER .

7. max features (BRIN None) : KIJJ3~15 sy 25 F& (Y KRFIERL. PTIGME: None: fEFHFTA
FRE. “sqrt”: {ERRHERIR IR CF T RENLRMD « “log2”: 1 HIRHER MR £, ¥k
R TR e RE R L

8. random state (ERIN None) : EHIFEHNLIERISE . BB N w8 AT DLk Ror E .

9. max_leaf nodes (ERIA None) : [RGB T45 sl R EE 7, MSRAEER “&x
£ by, BEIEE] ERR.

10. min impurity decrease C(ERiN 0.0) : FW AT H/NAAE /D&, H 53
AR R EDZAEN impurity W, NIASREE2,



11. class weight (BRIN None) : L ANEIZEN P ECALE, HTAbBESRHIA-F-# k)@, Alik
fl: "balanced”: HINRIEFEALEFENE, 7. FIhEENE, flan {0:1, 1:5}.

12. ccp alpha (BRIA 0.0) : AT /MU EZ2FEBIH,  (Minimal Cost—Complexity
Pruning) »

plot tree() /& scikit-learn FEMEMIEI A4 K%L, @i from sklearn.tree import
plot_tree SANERLANEREAEH, BAASHE XATLLE TR RG] . T S0 E s 247 ek
WG, A T0%RIFEAKAR AT UIZR, 30%HIFEARBIRBATINLS, SRJ5 45 R R RV 1 TR R
ik, BRSNS TS R T

import numpy as np
from sklearn.model selection import train test split
from sklearn. tree import DecisionTreeClassifier, plot tree
from sklearn.metrics import confusion matrix, classification report
import matplotlib. pyplot as plt
#1 EIdE GF B R S PR AU AR)
import readDataFromWugangTOP as wt
url = “https://wugang69. top/dataset/breast. csv”
breast = wt.read csv_with _headers (url)
breast. replace C NA”, np.nan, inplace=True)
# MIRRR R (E
breast. dropna (inplace=True)
# # bare nuclei FIE4 N¥E%EL
breast[ bare nuclei’] = breast[ bare nuclei’].astype (int)
# Oy BRIE AR
X = breast. drop(columns=["id”, “class”])
y = breast[”class”].map ({2:0, 4:1}) # 0=RM, 1=N¢
# 4. R UIZRERNEE
X train, X test, y train, y test = train test split(X, y, test size=0.3, random state=42)
# 2. VIZRRHAM (max_depth=4)
clf = DecisionTreeClassifier(criterion="gini”, random state=42)
clf. fit (X train, y train)
# 3. TR 4 R R
y pred = clf. predict (X test)
cm = confusion matrix(y test, y pred)
print CIRIEHRE: )
print (cm)
print ("\n 7} K455 )
print (classification report(y test, y pred, digits=4))
plt. figure(figsize=(16, 10))
plot tree(
clf, # WRIFAIEIRY
feature names=X.columns, # I EFEFREK
class names=[str(c) for c in clf.classes ],

filled=True, # REOY
rounded=True, # [FA
impurity=False, # Jd9 gini
proportion=False, # AN
precision=2,

)

plt. title("Decision Tree (max depth=4)")

plt. show()

IBATEERATT PR . AT DO R 73 NG RZI T 95%, A 4 DS RIEMRR D KBCENE, A 7
AN AR R 7 N R Ak

TR R
T &A% TR
HE R [[123 4]
NER I i [ 7 711]
IFREE R
precision recall fl-score  support
0 0. 9462 0. 9685 0.9572 127
1 0. 9467 0.9103 0. 9281 78
accuracy 0. 9463 205
macro avg 0. 9464 0.9394 0. 9427 205
weighted avg 0. 9463 0. 9463 0. 9461 205



Decision Tree (max_depth=4)

value = [317, 161]
dass =0

normal_nucleoli <=

samples =2

value = ll 1]
c jass =

W R 58 AR PSR SR e 4y 2, AR B R SRR AR ORI, T B i st S, Rt
OB Y S W i 47 BY KL, Python i%%ﬁy%fﬁﬁﬁﬁgﬁﬁﬁﬁﬁﬂ@ﬁ
cost complexity pruning path() 3875 — RFIATi&E$EH o {6, BJ ccp alpha, XAMMEEFREZ
Complexity Parameter a . 3RHUERAER JFES NI & Mk &

(1) S —HE R (2) 8] cost_complexity_pruning_path() 753M%3% ) ccp_alpha; (3)
2SI E PRk s ALY cep_alpha;  (4) BRI SR &AL . BARSCHIE AT

from sklearn.model selection import train test split, cross_val_score
path = clf.cost complexity pruning path(X train, y train)
cep_alphas = path. ccp_alphas

# 5. A XIRIEEFERME: alpha

cv_scores = []

for alpha in ccp_alphas:
clf temp = DecisionTreeClassifier (random state=42, ccp alpha=alpha)
scores = cross_val_score(clf temp, X train, y_train, cv=5)
cv_scores. append (np. mean (scores))

# B HE T alpha
best_alpha = ccp_alphas[np. argmax (cv_scores) ]
print ("#f£ ccp_alpha:”, best alpha)

# 6. KM alpha HEHIZ
pruned_clf = DecisionTreeClassifier(random_state=42, ccp_alpha=best_alpha)
pruned clf. fit(X train, y train)

# 7. TR A VR A R
y pred = pruned clf.predict (X test)
cm = confusion matrix(y test, y pred)

print CBIEEMIVRESEFE: \n”, cm)

2 WAL R SRR R R BARAE 4 RIS )
plt. figure(figsize=(14, 8))
plot_tree(

pruned clf,

feature names=X. columns,



class names=[str(c) for c in clf.classes ],
filled=True,

rounded=True,

fontsize=8,

impurity=False,

proportion=False

)
plt. show()

BT RWT:
HfE ccp_alpha: 0.0068
YRS VR R <
[[124 3]
[ 8 70]]
1§ _F T 7, 34300 4E cep_alpha ¥ 0. 0068 % TEEANIEHF1 AL iHEH o 4,
WMRZT AN o {H < best_alpha, FRBIFIZTT ST, XATEMNE A LiBH#T, &5
13BN BYRL J5 SRR, T Be B BT AL 5 I TR St

uniform_cell_size <= 3.

_ /-\ bare_nuclei <= 5.5

samples = 22
value = [6, 16]
class =1

£ ~

marginal_adhesion <= 5.5

bare_nuclei <= 2.5 normal_nucleali <= 8.5
samples = 8 samples = 11 -
value = [5, 3] value = [6, 5]
class = 0 class = 0
samples = 17
value = [6, 11]
class = 1

samples = 8
value = [6, 2]
class =0
rd
bland_chromatin <= 3.5 \
samples = 10
value = [6, 4]
class = 0

/ N

marginal_adhesion <= 2.5
samples = 6
value = (2, 4]
class = 1
. ~
single_epithelial_cell_size <= 4.5
samples = 3
value = [2, 1]
class = 0

P ~

T ANZ AR AR (0 T PR B AN R b — 17 A 22 X 2% UM R B 2 1y, Xl A AS (R AR Bk
MAFRBIFEAR, HRAERA RN, XIERBITKOME, R IRE HF 2 REL R

B=T SAKB T

1. BRI ) 2 A5 R S 25 5 A ) T
2. BRI U SRRAR Y X A 2 SR

=, ERFe MR
1. HEMT&
2. iHEHLRS
3. Spyde ¥3EAF Python iE S HiXE R4

« ERABRDER
L e ) 2 e At
(1) WP T T, LIRS SR
(2) A RANE dataframe 28451

(3) BUAE R FLIE B P T0%REA N IIZREE, 30%REA NIGIESEA
7

|1l



(4) WA ML Kreas H (1) sREGHEATREALI S5

(5) A5 P ey S PR o 2 D) 2% A TR ) 565 MR AR AR R 0047 T

(6) THEIZBRLAEREA IR UESR | /7 FHERf 2

2. R

(1) s Y b o 0 2L o el 2 AT R SR A

(2) SEHHATRRI N A ZIRR ISR, A IR e ff 2

(3) SIS AL B P S BT A

(4) LB RE Bk S BB

(5) A FARAK PR e SRS A5 TR 0o B 41 A 8 4T TN - 5

(6) TFEAZI MR RIAELGUEER b1 73 SRR
M. sERRE (29 84)

1 f# /] creditData $#aE, AL 7T0%A0 30% 70 HAF W UIZREEANIGUE LR, AR HZR 15 510938
A e, L ERERATHEMNE NG, TIIESE, 4 HIGIESS RA IR M. wl. X
e — AN E MR &S, T ECHE U T IR B R, BT
https://wugang69. top/dataset/creditData. csve (3 7).

http://archive. ics. uci. edu/ml/machine—learning—databases/statlog/australian/australian. doc

2. %0 iris B, AW ERL, T0% N UIZRER, 30% MR IESE . [ R @A, AR5
IINTBIR, AE R A RS R GGIE SR, A AR E R . (3 )

3. USRI R, TSI A AR RSN, (2 7))



http://archive.ics.uci.edu/ml/machine-learning-databases/statlog/australian/australian.doc

