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i Hind EE E AR L v EE EREE
age FEE EER exang EEFEAOL 1= Yes
; 2=N
sex =]l 0=%4% " ©
1=84% oldpeak IEE)S|REAYS- EMA & float
p MEAERAE 1= RELRRH LR
2 = FABLKE -
3=JLkRE slope BeS-TEN 1=@kt
4 = FIERE Sk 2=
trestbps 5 2 & EHERY (unit: mmHg) 3=mF
s
chol IEL S (unit: mg/dl) ca TEmME  0-3
fbs ZIEM® 1 =True (> 120mg/dl) thal WPBAN 3=1E%
2 = False ( <= 120mg/dl ) (&3 185 | 6 = BIEGRE
FEE M) 7 = TR
t SEO0BER 0=F% e
restecg iﬁ VEE A o Jé—l_:rfjl'f)‘ii"%“ target T ? i\’\(lo
2= DJHERELEDEIEA - Yes
thalach EIRmAL EER
Fo o TR ERm A
T 47
¥ > ¥4k % 2 dataframe %=~ o T
1% pandas
l. head()= i ki& &= & 7 #icdy
° df = pd.read_csv( heart.csv')
df.head()]
age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target
0 63 1 3 145 233 1 0 150 0 23 0 0 1 1
1 37 1 2 130 250 0 1 187 0 35 0 0 2 1
2 4 0 1 130 204 0 0 172 0 14 2 0 2 1
3 56 1 1 120 236 0 1 178 0 08 2 0 2 1
4 57 0 0 120 354 0 1 163 1 06 2000 2 1

shape() & f L HcHh i =2 (7 ke
groupby( ‘target’ ) % &} & HHA T EE



[5] print('Heart Disease data set dimension: {}'.format(df.shape))
df .groupby( 'target').size()

Heart Disease data set dimension: (383, 14)

target
a 138
1 165

dtype: intsd

4. info() # &3 27 4 & (Non-Null)¥ ¥ #L 45 % (Dtype)

© <¢f.info()

[C» <class 'pandas.core.frame.DataFrame’>
Rangelndex: 3@3 entries, © to 302
Data columns (total 14 columns):

# Column Non-Null Count Dtype

@ age 3@3 non-null int64
1  sex 303 non-null int64d
2 «cp 383 non-null int64
3 trestbps 303 non-null int64
4 chol 3@3 non-null int

S fbs 303 non-null int64
6 restecg 303 non-null inté4
7 thalach 383 non-null int64
8 exang 303 non-null int64
9 oldpeak 303 non-null floaté4d
1@ slope 303 non-null int64
11 ca 303 non-null int64
12 thal 383 non-null intée4

13 target 383 non-null int64
dtypes: float64(1), int64(13)
memory usage: 33.3 KB

%I
= 3 303 £ TR 14 B
2. T &AL o mounRp(target = 0) 7 138 £~ wHpE (traget = 17

5}
3. FOHAENL O - Wi mEct > 26 L gl A E e A R
7

ol 2 & B2 it (Standardization) e F # %48 (Encoding) -
Friradt @ BYESELHE > T AT R RJIENA T FREE TR GE
FORAT 2 TR IR B 0F o PTG 7T - o TR B PR 4T o LM
AL ehg g A eh AL B AU (col _dis) 0 {1 eaborn #FE2 sns & A FAE =
FUEA B AL S Fipi i 2 TEP- NI TR (col dis) i
FTHMMBPES €% 3o

col dis = ['ca’, "cp', 'exang', 'fbs', 'restecg', 'sex', "slope’, 'thal']
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Bl- 4 WA A AR B

wIE P R e (target)F & AP B el 5
Losg3% 4 473 (cp: 0.43): % 238k ant ek § 50
2. @ 3| e < F(thalach: 0.42): ARG R G ;@wﬁq
3. &3k~ wF(slope: 0.35): = RMIF ST A FAR X7 < 50R
VERE G R BE > boi@ 51420 S-T 7 '3 (oldpeak) 228 &3 % < 2R/
(exang) TpM(0.39) ) L EmpMEE o

df[['cp', "target']].groupby(['cp'], as_index=False).mean().sort_values(by='target', ascending=False)
df[['thal', 'target']].groupby(['thal'], as_index=False).mean().sort_values(by='target', ascending=False)

df[['slope', 'target']].groupby(['slope'], as_index=False).mean().sort_values(by='target', ascending=False)
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o 100 1 " -
50 - 20 -
20 | 50
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Encoding 343 =

df - pd.get dummies(df, culuﬁn5=c01_dis, dﬂnp_%irst=True}|

AR S i
r2 panda “T# eprofiling 2 B R BT AT EE T UET IR

pip install pandas-profiling



import pandas_profiling as pp
pro = pp.ProfileReport(df)

pro.to_file('iie_groupl_output.html')

Summarize dataset: 100% [ 28128 [00:09<00:00, 2.94it/s, Completed]
Generate report structure: 100% [ 171 [00:06<00:00, 6.02siit]

Render HTML: 100% [ 171 [00:01<00:00, 1.23siit]

Export report to file: 100% [N /1 [00:00<00:00, 17.93it/s]

Pandas Profiling Report Overview Variables Interactions Correlations Missing values Sample Duplicate rows
wamings () Reproduction

Dataset statistics Variable types

Number of variables 14 NUM 6

Number of observations 303 CAT 4

Missing cells 0 BOOL 4

Missing cells (%) 0.0%

Duplicate rows 1

Duplicate rows (%) 0.3%

Total size in memory 333 KB

Average record size in memory 11248

Pandas Profiling REDOI'I Overview Variables Interactions Correlations Missing values Sample Duplicate rows

&p Distinct 4 0
Categorical ;
ategorica Distinct (%) 1.3% 1 “
Missing 0 3
Missing (%) 0.0%
Memory size 24KiB
Toggle details
Overview Categories Words Characters
Value Count Frequency (%) 300
0 143 47.2% el
5,200
2 87 RARED i3
g150
1 50 16.5% =
__ S
3 23 B 7.6% s

Profiling 2 # BH B BRHFHEF ch 3 7% 44§



Interactions

Pandas Profiling Report

Correlations

I " Pearson's r

Missing values

l <l <3 <l <l &l <l <l <3 <l ] % el i
B SO S S P - S

G- P TR TEAE 1 SRR B AR TR R TR
T 5 o

B i TR
12 sklearn sh% k4% - StandartScaler i& 7 FAMERE L o 9 w18
ﬂ?ﬁﬁ%ﬁ@%mgfﬁxEg‘w%ﬁm’%"jﬁﬁﬁﬁﬂ;ﬁﬂ%ﬂﬁﬁ

0 #FFL51-

from sklearn.preprocessing import StandardScaler
df std = pd.DataFrame(df, columns=df.columns)

X std = df std.drop([ 'target'], axis=1)

y_std = df_std[ "target’]

df_std = StandardScaler().fit_transform{df_std)

10



FHE AT A

r1 sklearn & FALiE # “74& 0 train_test_splitO#-F A 5 FHcEE P 1% 4+

B 5 AP hx E o PARE S AT hy B o RIS MR SR &R
B oo Mo SFECAR Y 2 DR RLRTA -

\w

# define feature & target

= df.loc[:, df.columns != 'target’']
y = df['target’]
# Spliting dataset

X_train, X_test, y_train, y test = train_test_split(X, y, test_size=8.3, random_state=10)
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S R PEES R FIAEES AP 2B REHF (entropy) ~ A
=& (max_depth) % 3 £ random_state 5 101 k"3 H7| -

# F X_train,Y_train FIEFREEER

clf_dt = DecisionTreeClassifier(criterion='entropy', max_depth=3, random_state=101).fit(X_train,y_train)
print('3RZ1f] BEFORE Standardization', '\n')

# STERARTERE

print('Accuracy on trianing set: {:.2f}%'.format(clf_dt.score(X_train, y_train)*100))

# FIFIARURAEER » # X _test HETTEA
clf_dt.predict(X_test)

# T8 X_test BHEFAVERE=
print('Accuracy on testing set: {:.2f}% '.format(clf_dt.score(X_test,y_test)*100))

JRZEE BEFORE Standardization

Accuracy on trianing set: 84.43%
Accuracy on testing set: 82.42%
Scores of 5-fold cross validation: [©.81967213 ©.81967213 ©.70491883 0.7 8.8 ]
Average score from 5-fold cross validation: 76.89%
Confusion Matrix:
[[33 11]
[ 542]]

R AFTER Standardization

Accuracy on trianing set: 84.43%
Accuracy on testing set: 82.42%
Scores of 5-fold cross validation: [©.81967213 ©.81967213 ©.70491803 0.7 0.8 ]
Average accuracy from 5-fold cross validation: 76.89%
Confusion Matrix:
[[33 11]
[ 5 42]]

- A it%”'ﬁﬁ% Brg 5 84.43% » wiplE B 5 82.42% - ““E 5-fold
cross validation» ¥ {8 34 F A SEHCA] T 354 B 76.89% ° &7 MEM AL
it 4 (Generalization) ’ 7&{%;‘ LiEhFTALE T 2 F T6.89% ;@ggm 3E P
BEOBARAELT F NG 1] ERG S HRDOLRRL T H R 0 A A KRR
G oS ’«’%rlf%fﬁ/’:\’]“?ﬁ‘i SR SN - i ;ﬁ/?‘am/,}ﬁ (Ea I Ry I ﬁﬁm@t?g BIAL
*ﬁ;fﬁ o FV I A AR AR I U 18 AL J RARRE R 0 B A A
(P& RFRAREN) -
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entropy = 0.84
samples = 93
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chol <=240.5

entropy = 0.999
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e Eo) ‘ -
samples = 16 samples = 6
value = [12, 4] value = [2, 4]
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Class Prior Probability

Likelihood

X
\

o PP

Predictor Prior Probability

Posterior Probability
P(c|X) =P(x,|c)x P(x,|c)x--xP(x,|c)x P(c)

?]A\*‘r!’ﬁ?ﬁ:i“ FAFERIANTHE T APERZEL SRR F S
BT o BETR A ﬁ%,fﬁd BRBFAFTHELF LA FROEFRT o I 2 eh

TR 2 PR kT o

plx|A)
The probability
of observing x,
if x came from p(x|B)
The probability

the Class A

distribution / of observing x,

if x came from
the Class B

distribution

@
X
(x—u o, (x—up)loy
z-score distance of x z-score distance of x
from Class A from Class B
B~ R 1T & B
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° from sklearn.naive_bayes import GaussianNB
nb = GaussianNB()
nb.fit(X_train, y_train)
print('E L BEFORE Standardization®, '\n")
print('Accuracy on trianing set: {:.2f}%'.format(nb.score(X_train, y_train)*1ee))

acc = nb.score(X_test, y_test)*lee
print("Accuracy on testing set: {:.2f}%".format(acc))

B BEFORE Standardization

Accuracy on trianing set: 82.55%
Accuracy on testing set: 86.81%
Scores of 5-fold cross validation: [©.80327869 ©.8852459 ©.88327869 ©.76666667 ©.73333333]

Average accuracy from 5-fold cross validation: 79.84%
Confusion Matrix:

[[37 7]
[ 5 42]]

B AFTER Standardization

Accuracy on trianing set: 82.55%
Accuracy on testing set: 86.81%
Scores of 5-fold cross validation: [©.80327869 ©.8852459 ©.80327869 0.76666667 0.73333333]

Average accuracy from 5-fold cross validation: 79.84%
Confusion Matrix:

[[37 7]
[ 5 42]]

BETE A A RERCE AR B S 5 82.55% 0 ARlRE RS L 86.81%

iAo %38 b-fold cross validation > ¥ ¥ 3| % #7rF X 2 fEH A TI540 i
79.84% > B *t - KT 258 % - ¥ EP #3141 v 4 (Generalization) »
$Hi g LEOTHRET G 79.84% FrAEF RIS HRAAELTUF NG T
PP S HOR A BAEL GO RO 0 T KA G e HOR ha AT 4 RS 2§
SRR A TG D SRR PRIERI NG RO o B R E AR

B

0 1

0 37 7
7]
2
o
i
=
=

1 - 5 42

ﬁredicted label
R R AR SRS E i

2rF X ROC AR T
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transformed = pd.DataFrame(StandardScaler().fit_transform(X_train)) transformed = pd.DataFrame(StandardScaler().fit_transform(X_test))

pipeline = make_pipeline(StandardScaler(), GaussianNB()) pipeline = make_pipeline(StandardScaler(), GaussianNB())
pipeline.fit(X_train, y_train) pipeline.fit(X_test, y_test)

Receiver Operating Characteristic Plot for training Receiver Operating Characteristic Plot for testing

10 10
€8 £ 08
7 B
8 3
» 06 Soe
Z 2
v w
z 04 Z 04
i &

8 ROC curve (area = 0.88) é ROC curve (area = 0.95)
w o
E 0z .E 02
0.0 T T T T T T
0.0 02 04 06 08 10 0o

0.0 02 04 06 08 10

False Positive Rate (1-Specificity) False Positive Rate (1-Specificity)

—aul

BATE SHE R S L e RS e A BIERIE 4 o L ROC B
v org A FA kR AUC > 0.8 et RlE 3R R F OB 2 hEN 4 (excel lent
discrimination) °

piu)

e 4w F 0

target {= non-target) - & i? 2 FTFF 5; “’E’* t"T‘?" b “’”féfk/‘z LmF e v e
v S e R0=0 > 2~ #(target) » ®<0 L5 - #(non-target)

10 f(x)<0O
f(x) 1 fEng’—‘

RARRAE 0 i E  Eih A F AR rrie ) - B st B0 (B
o B grw iFert 1) et dicd ol Sigmoid i o
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Y =Byt x=0

( ' (./\ | Sea
o O yi=be 4 OF

X

B 1 B ef(x)
J(f(x)) N 14+ e f(®) N 1+ ef(x)

Sigmoid & #c

BEirw Eﬁfﬁf B

i# * sklearn. linear_model ¥ #Logistic Regression > 42 %#ci * C -~
class_weight ~ max_iter ~ solver ~ tol °

C:C S s ot F vt > CEAR > PID 3R s AR5
class weight # € %8 @A S A b

solver i &2 : liblinear ,sag , lbfgs , newton-cg
max_iter : i =X

tol : B X jraciF > PR AFEES 2 FA L) tol r‘jf‘uﬁ‘%ﬁ
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from sklearn. linear model import LogisticRegression
lr=LogisticRegression ( C=50. 0,

class weight="balanced’,
max_1ter=100,
solver="liblinear ,

t0l=0.01 )
$HiE C SERES
liblinear THEFhT E RN BV A S
1bfgs FI* A Sl P ERCEE R R RV A Sl
newton-cg Ibfgs én¥ — f> 2 > & A% 34 Sfie- FFFdced &
L
sag W TIOHR TR A B AEY - P RATE YA
R

Red 4w iFA S B

# = ~solver i B

A S #c3 ¢~ max_ iter ~ solver ~ tol

18




BLYRE

HEEE max_iter #FF RE
E2EC &R AR 100 0.791 v
e L 500 0.791
c=50 0.791 V4 1000 0.791
c =100 0.791 R .
SR solver AR R BEH tol a5 R
liblinear 0.791 4 0.0001 0791 v
sag 0782 0.001 0.791
Ibfgs 0.791 (¥4 0.01 0.780
newton-cg 0.773 0.1 0.769

B %iEH c =0 ~ max_iter =100 » solver =liblinear ~ tol =0.0001 # 7z 3
0.791 o Ris M 2Bt - BRI I E Lo Sl & 1“3 -
GridSearchCV =1 ié ’ »”* SRV NP REAFENTERES > BB ERESF RS D
%&ﬁé‘aﬁ;:i-ﬂ & B RS L 0.791 - @ GridSearchCV fo= #+33 £ g 2R # ry
FpA0.791 0 GrldSearchCV rWFN MR R g ERR A SRR ARG
’ﬁ meEERR EFE TS s APREE Gr1dSearchCV gimodel v fdF e

B2 AR

[204] from sklearn. model_selection import GridSearchCV E@;ﬂ iifﬁ S S AR

import warnings

warnings. filterwarnings("ignore”)
G 1
a__ }J IlI\I
params = {'C:[ 1, 50, 100],
"max_iter’ : [50, 100,300, 1000], max iter 100
class weight’ : [ balanced’, Nonel, -
‘tol‘.[] 0001, 0. 001, 0.01, 0. 1], 0.791 V
"solver’ [’ liblinear', ' sag',' lbfgs', newton—cg ]
) tol 0.0001
Ir = LogisticRegression()
¢lf = GridSearchCv(lr, param_grid=params, cv=10)
clf fit(x_train_nor, y_train)
salver Ibfgs

train_accuracy: 0.8113207547169812
test_accuracy: 0.7912087912087912

[[-0.31948254 -0,42793986 0. 85542465 0.164883  0.10222755 —0. 8§7524607]]
(0. 24768291]
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?-;p_]f_'_ ;‘)ll &ﬁ »h ﬁit”f’l’}“’“'] = 3cdF A 4F > N ;Fa i® % R /% _’{I_:_.Ki S "'R"ffb‘—m] AN J-F] L m_g_
7o AR pdp e o
@ True Positive (TP) TEB M, (EFHRELT5 5 - #ARTF , ciBdk-

@ True Negative(TN) ME e | (2R mE T3 4 > AR Titg | a0

# o
@ False Positive (FP) "Bt 2 HmA Tixs 5, »#AR T, a0
# o

@ False Negative(FN) T izreds | cER A T3 4, » 8RNy | i

Actual Values

Positive (1) Negative (0)

v
% Positive (1) TP FP
>
<
@
S
?) Negative (0) FN TN
&

B Rk RO R T et TP =41 TN =33 FP =11 FN = 6 F 11 * 2§ < %

ErARE R G SR SEAA PR AT Lok AK PRI §7 §RA

AF S HORDA R B L ARAERA K .

True Values

GridSearchCV FERE
Negative (0) Positive (1) 0 N 0 1
Negative (0) TN FP ol = - 0 - o
Z 2
;. .
i g B
Positive (1) FN P £ @ " 5 .
Predicted Values Predicted labe) predicted labe)

B ORI D 8520 R

B -~ Rk e R R Sl v R
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ROC/AUC #-3]3% =

% @3 auR % a4 3+ 5 ROC/AUC » ROC o 4% R3® i = A A f R 4o B
% 0 €k TR B (threshold) %4 FP = FN > FP e FN % i- 2L & + G acis
(sensitivity)fr4¥ & 14 (specificity)» #83F % » & FP - FN s enE B > gAcld
e R A A ddg itk o @ & BT ha ff (Area Under Curve; AUC) % %] ROC & s
chignld o @ AR E R A AUC 50820 2ck 2 4 o

R R RA A

AR AH: TN -
atmeopw FP L]
FN [

EXAH:
R R

TR 4L

B+ = ~FN~FP - threshold i % B
TP
Recall = (E 5%
or Sensitivity TP+ FN
_ TN
Specificity = 2R 522
TN + FP (1F2s

r'y
AUC = 0.8
LA_; —
>

B+ = ~ & AUC ** #2 Rl
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-~ ROC curve (area = 0.82)

02 -

00 ¥ T T T T T
0.0 02 0.4 06 08 10
1-Specificity

M-z~ R atw fF AUC = 0,82

KNN (K Nearest Neighbor)

KNN ®— fa% st A ffchm = et 53 o K A& S8t 8 ks 8 Aed > 5 -
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KNN Model

from sklearn. model_selection import train_ test_split

x_train, =x_test, v_train, y_test = +train_test_split(x, 7y, test_size=0.3, random_state=101)

from sklearn neighbors import ENelghborsClassifier
def krnprediction(k, x_train, v_train, =x_test):

krm = ENeighborsClassifier(n neishbors = k)
knn. fit{x_train, v_train)
pred = knn. predict(x test)

return pred

H# f1 = result[ 1'][ fl-score’]

#performance_data= { fl-score’ :round(fl, 2), accuracy :round(accuracy, 2)}

knn pred = knnprediction(lZ, x_train, v_train, x_test)

2 KN e F R dick AP TaOk Ex ] g4 RBFLHD
FR O ERERA Ok B EEIRRAABRA > TR E Y hE L

R TR R % F 2 ERRCL ko IR B Rl > B
LEEYFLER ) LEARTFLAEH S AP RERE - BAR GOk E

HPRE Ak BE e &) o

BRER S
error_mean = L[]
for k in range(l, &50J:
pred 1 = knnprediction(k, x train, v_train, x_test)
error_mean. append(np. mean(pred 1 '= v _test))

BErTOr_Mean
min{error_mear)

for 1 in ransel0, 49):

if error_meanl[i] == min(error_mean):
print(i)
print (error_mean[12])

1% for i BF5 N1E ek & 0 # error_mean i B > 4 %}bg‘;ﬁ“ A AN R
BLEI NI Z kA BT 39REAE L A o

plt.plot(range(l, 50), error_mean, color="black’, marker="o', markerfacecolor="r", markersize=8)
plt. title( E-Value ws Error Mean')
plt. show()
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K-Value vs Error Mean
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from sklearn.metrics import classification report
def evaluate(prediction, v_test):

result = c¢lassification reportiv test, prediction, output dict=True)

accuracy = resultl accuracy’ ]
performance _data= {’accuracy’:(accuracy)}

return  performance_data

krn pr = evaluate(knn pred, v_test)
print (knn_pr)

> { accuracy’ : 0.8571428571428571}
print (knn. score(x_train, v_train))

0. 5443:96226415004
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from sklearn.metriecs import confusion matrix
ecm = confusion matrix(y_test, knn_pred)
fig, ax = plt.subplots(figsize=(3, 3))
ax. matshow(em, cmap=plt.ecm. Blues, alpha=0.3)
for i in range (cm. shape[0]):

for j in range (cm. shape[1]):

ax. text (x=j, v=i, s=cmli, j], va= center’, ha= center’)

plt. xlabel (' predicted label’)
plt. vlabel (" true label’)
plt. show()
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BT RE BRI R R

_ train_accuracy test_accuracy

Decision Tree 0.826 0.868
Gaussian 0.844 0.824
Bayes
Logistic 0.811 0.791
Regression
KNN 0.844 0.857
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https://www. kaggle. com/ronitf/heart-disease-uci

https://www. kaggle. com/neisha/heart-disease-prediction-using-logistic-regression
https://heartbeat. fritz. ai/understanding-the-mathematics-behind-naive-bayes-
abbee85150d0

https://www. kaggle. com/cdabakoglu/heart-disease-classifications-machine-learning
https://pyecontech. com/2020/02/27/%E6%A9%9IF%ES%99%A8%EL%AD%BE%E T%BF%92%E9%A6%96%E9
%8 3%A8%E6%9IB%B2-%E8%B2%ID%E6%B0%SF%ES%88%86%EI%A1 %IE%ES%99%A8-bayesian—classifier

27



