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Algorithm 1 T [$i%
Input FHZEHERIISE o M e, BARIERIRE K, EPIHEE 8°
Output ER K KE112I1 8*

1: function GRADIENT DESCENT(a, ¢, K, 3°%)

2: to <1

3: for k< 0 to (K —1) do

4 while f (85 — t,Vf (8%)) > f (8%) — at, | V£ (8")|]” do

5: ty + cty, > A RIEFEEE DK
6 end while

.. BFL Bt — thv £ (BY)

8 end for

9: return g+*!

10: end function

1.1.2 [FEHEEE &L
BEMLAS BE T Byl 30 o /MR FEAR IR BRI 22, IEREEIR

Algorithm 2 BENUESEE T L

Input #tK/N b, BKIENHISE ala > 0), BKIERRE K, ERYIGE 8°
Output ER K KGRI B*

1: function MINI_BATCH_ STOCHASTIC__GRADIENT _DESCENT(b, «, K, ﬁo)

2: to+— 1
3: for k< 0to (K —1)do
4: tr (k + 1)—(1

5 MANZREE P BEHLE b DA, MBUMEEREARES B
6 BF — BF — 145 Y e VIi(B)

7: end for

8 return B+t!

9

. end function

1.1.3 FRRBEE
AFR R BEIE T REAR IR R B S5, SR A — o8, SRERT:



Algorithm 3 ALfr N FFE
Input SKB/ISE a(a > 0), BRIERRE K, ERWIGEE B°
Output ER K KJEE2IH 8
1: function COORDINATE_DESCENT(q, K, B°)
2: to+ 1,8+ 8°
3: for k< 0 to (K —1) do

4: ty < (k+1)“

5: Jj = k%B.shape > A EH AN E
6: Bi B =tV [;(B)

7: end for

8: return 3

9: end function

1.2 KBHMNSHH Python LI
1.2.1 base %

BJE X base 25, BRI T g MEAE X FUlFRE, tHE&IHAR Y, N0 8 1 R
IR, FEFTENRRALE) Accuracy. Precision. Recall Fll F1-Score #AM 8 #5 o
AR, EECH R EREEAFK, FErARRE DL & C.

class base:
def __init__(self, beta=None):

Args:
beta: fFit 5%

self.beta = beta
self.best_threshold = None
def predict_proba(self, x):
def get_best_threshold(self, x, y):
def predict(self, x, threshold=None):
def accuracy(self, y_pred, y):
def precision(self, y_pred, y):

def recall(self, y_pred, y):

def fl_score(self, y_pred, y):



‘ def print_performance(self, y_pred, y):

1.2.2 LogisticRegression 2

7€ X LogisticRegression 28, ‘E#k& H base 3.
TERIURAE LogisticRegression ZRIISEBIRT, AILLE X L1 ST IR R E N Al KRIERIRE K.

class LogisticRegression(base):
def __init__(self, lambda_=0.01, K=1000):

Args:
Lambda_: IE WAL ¥ % % %
K: & K %R K

super().__init__()
self.lambda_ = lambda_
self.K = K

1.2.3 ZEEVANRKLRESHE
£ LogisticRegression 28, 5.
L BAMFEAR R R
2. AL B AR, RIFTAREARSR A E L1 55550
3. FET AR KB & .

# BHEE PR LB K
def 1(self, x_i, y_i, beta):

Args:
x_i: BAR 1 WRFIE
y_i: BA 1 WA
beta: 14t H & %

Returns:

WAk EHKEWE

return -y_i * x_i.dot(beta) + np.log(l + np.exp(x_i.dot(beta)))

# Lasso & fh Ak Bl AL 89 E 4% iR 3K
def f(self, x, y, beta, lambda_):

Args:
x: BAK 1 WAL
y: BHAR 1 WL
beta: #1185 %
Lambda_: IE N4 7 & %

Returns:

ER AN G-CN




n = len(y)

partl = np.sum(np.log(l + np.exp(x.dot(beta))))
part2 = - y.T.dot(x.dot(beta))

part3 = lambda_ * np.sum(np.abs(beta))

return (partl + part2) / n + part3

# METHRE ETHABAKKEERE
def gradient(self, x, y, beta, lambda_):

Args:
x: BB B KB RE
y: BT BEAR AR &
beta: ittt 5 ¥
Lambda_: IE N 1B % % ¥

Returns:

ETHARARBHHERE

n = len(y)
partl = np.sum((1 / (1 + np.exp(-x.dot(beta)))) * x.T, axis=1)
part2 = - np.sum(y * (x.T), axis=1)

part3 = lambda_ * np.sign(beta)
return (partl + part2) / n + part3

1.2.4 BBETREERBRHESH
BT FTEFEACSRER RS M, MR LR M R e b K, B K IRBRIERR S 5.

def gradient_descent(self, x, y, alpha=0.5, c=0.5, beta_initial=None):

Args:
x: TR BABNKE
y: BT R BRI AT A
alpha: B ¥4 MEERH S K
c: BHMANE RN SH
beta_initial: U S H WL HE, RIAALTEE

Returns:
beta: %R JGH &M 5 HK

# AT AR K B
self.loss = []
# WMBHESR AT S EK
if beta_initial is None:
beta = np.zeros(x.shape[1l])
else:
beta = beta_initial
# %Rk
for k in range(self.K):
# TERE
gradient_beta = self.gradient(x, y, beta, self.lambda_)
# THEEHLBEREZHS K
t =1




while self.f(x, y, beta - t * gradient_beta, self.lambda_) > self.f(x, y, beta, self.lambda_
) - alpha * t * gradient_beta.T.dot(
gradient_beta):
t=c*t
# EH S H
beta = beta - t * gradient_beta
# TEMEABHANE
self.loss.append(self.f(x, y, beta, self.lambda_))
# AR YWMENEN: EL 2R T100%, R ARHNEERA2RI LR F AN Tle-6
if k > 100 and abs(self.loss[-2] - self.loss[-1]) < le-6:
# AENSpEW LR EN, le-2)
beta = beta + np.random.normal(@, le-2, beta.shape)
# BEHMENT 1e-3 HWE N o
beta[np.abs(beta) < 1e-3] = ©

return beta

1.2.5 BEHBEE TREEKBRNESH

BT REARBEE N &, R ¢, = (k+ 1)~ #ig P K (a =0.1), ER K JAERELNS
H B

def mini_batch_stochastic_gradient_descent(self, x, y, batch_size=None, beta_initial=None):

Args:
x: BTR B AR B HEE
v BTH BER AT A
batch_size: /N E#H E TR AN, BRIAANEBARENHN 5/10
beta_initial: HHhUBH S H W WEHE, RIAANLATHE

Returns:
beta: % R EHW &t 5 H

# AR K B K E
self.loss = []
# A1 %8 A AL A D
if batch_size is None:
batch_size = int(x.shape[@] / 10 * 5)
# A R R LB B #
if beta_initial is None:
beta = np.zeros(x.shape[1])
else:
beta = beta_initial
# %Rk
for k in range(self.K):
# B W% F batch_size MK
batch = np.random.choice(
x.shape[@], size=batch_size, replace=False)
# T H B E
gradient_beta = self.gradient(
x[batch], y[batch], beta, self.lambda_)
# HTHES K
t = np.power(k + 1, -0.1)
# EH S H
beta = beta - t * gradient_beta
# CEHRABHWME




self.loss.append(self.f(x, y, beta, self.lambda_))
# WEHENT 1e-3 WE N 0
beta[np.abs(beta) < 1e-3] = @

return beta

1.2.6 AIFRTREEERBRASH

HT P REARBEE R — Nk, R3S 6 = (k+ )7 B P K (o =0.1), 0K RiF
IRV NIE S G R

#ARTHRE RTHRAHARBEAENS J A2 F

def coordinate_descent_gradient_j(self, x, y, beta, lambda_, j):

Args:
x: FiABANEE
y: FTR B AW AR A
beta: 1t A %
Lambda_: IE M .8 % % #
j: A S HEN R

Returns:

ETHRARARBOBERENE j A48

n = len(y)

x_J = x[:, Jl

partl = np.sum((1 / (1 + np.exp(-x.dot(beta)))) * x_j.T)
part2 = - np.sum(y * (x_j.T))

part3 = lambda_ * np.sign(beta[j])

return (partl + part2) / n + part3

def coordinate_descent(self, x, y, beta_initial=None):

Args:
x: IAEBRANEE
y: BTRE BRI A
beta: it S H e E, RN 2 FEHE

Returns:
beta: %K EH &t 5K

# AW AR K B
self.loss = []
# WMBUESR AN S K
if beta_initial is None:
beta = np.zeros(x.shape[1l])
else:
beta = beta_initial
# R OK R
for k in range(self.K):
# EHREHEN T E
j = k % x.shape[1]
# HEHE
gradient_beta_j = self.coordinate_descent_gradient_j(




X, y, beta, self.lambda_, j)

# WEF K

t = np.power(k + 1, -0.1)

# EHSH, REHE j A0 2

beta[j] = beta[j] - t * gradient_beta_j

# TEHRABHWME

self.loss.append(self.f(x, y, beta, self.lambda_))
# WEHMENT 1e-3 WE KX 0
beta[np.abs(beta) < 1e-3] = @

return beta

1.3 RXIIEEFESM A
MEESE, [RS8, FrEEE RN Y, 9 0 801 AIRERTTHE.

def fit(self, x, y, method='gradient_descent'):

won

Args:
x: fR OB R E R AE
y: BT E BRI AT &
method: ft 177 &, ERiAA B E T &

Returns:
beta: R JGH &M 5 HK

if method
self.beta = self.gradient_descent(x, y)

= 'gradient_descent':

elif method == 'mini_batch_stochastic_gradient_descent':

self.beta = self.mini_batch_stochastic_gradient_descent(x, y)
elif method == 'coordinate_descent':

self.beta = self.coordinate_descent(x, y)
else:

raise (

‘method must be one of gradient_descent, mini_batch_stochastic_gradient_descent,
coordinate_descent")

self.best_thredhold = self.get_best_threshold(x, y)

K BARERI TN K 3, i e — DSBS HON AL PFI4R bR, B K ADRAESE L) F1-Score
EEVE VA X B -

def cv(self, x, y, lambda_s, method='gradient_descent', k=5):

Args:
x: FTAEBANEE
v BTR BER AR A
Lambda_s: # % %
method: fhW 7 &%, BRI\ A E TR
ke 2 R AE B 9T 3K

Returns:
best_Lambda_: & 1t 1 # % %

# WAL S RRG

10




x_folds = np.array_split(x, k)
y_folds = np.array_split(y, k)
best_lambda_ = None
best_f1_score = 0
# A S H
for lambda_ in lambda_s:
# R E MBS H
self.lambda_ = lambda_
# T HE TR EERERT
accuracys = []
precisions = []
recalls = []
fl_scores = []
pbar = tqdm(range(k))
for i in pbar:
x_train = np.vstack(x_folds[:i] + x_folds[i+1:])
y_train = np.hstack(y_folds[:i] + y_folds[i+1:])
x_val = x_folds[i]
y_val = y_folds[i]
self.fit(x_train, y_train, method=method)
y_pred = self.predict(x_val)
# I E MR EEER
accuracy = self.accuracy(y_pred, y_val)
presision = self.precision(y_pred, y_val)
recall = self.recall(y_pred, y_val)
fl_score = self.fl_score(y_pred, y_val)
# REMEEEREN
accuracys.append(accuracy)
precisions.append(presision)
recalls.append(recall)
fl_scores.append(fl_score)
# W H o E 4
pbar.set_description(f"lambda={lambda_}, fold={i}")
pbar.set_postfix(dict(accucary=f'{np.mean(accuracys):.2%}",
presision=f'{np.mean(precisions):.2%}",
recall=f'{np.mean(recalls):.2%}",
f1_score=f'{np.mean(fl_scores):.2%}"))
# 1t EFHfi_score
mean_f1_score = np.mean(fl_scores)
if mean_f1_score > best_f1_score:
best_f1_score = mean_f1_score
best_lambda_ = lambda_
# W R A S
self.lambda_ = best_lambda_
# R E RS K
return best_lambda_

11




# R

[N

lambda s= [0.001, ©.005, 0.01, 0.05, 0.1]

for method in ['gradient_descent', 'mini_batch_stochastic_gradient_descent', 'coordinate_descent']:
print(method.center(g8e, '-'))
globals()[ 'best_lambda_'+method] = lr.cv(x_train, y train, lambda s= lambda_s, method=method)

0 3m200:

lambda=0.
lambda=0.
lambda=0.
lambda=0.
lambda=0.

lambda=0.

lambda=0

.ee5, fold=1: 40%|

ee1, fold=4: 1e0%| | 5/5 [@9:12<00:08, 2.41s/it, accucary=89.20%, presision=63.49%, recall=66.96%, f1_score=64.77%]
005, fold=4: 100%| | 5/5 [00:27<00:00, 5.57s/it, accucary=90.50%, presision=68.91%, recall=65.60%, fl_score=67.06%]
01, fold=4: 100%| | 5/5 [@@:31<00:008, 6.25s/it, accucary=90.20%, presision=68.51%, recall=64.48%, f1 score=66.83%]
85, fold=4: 100%| | 5/5 [00:52¢00:00, 1@.44s/it, accucary=84.70%, presision=51.84%, recall=58.78%, f1_score=52.23%]
1, fold=4: 1e0%| | 5/5 [@1:@0<00:08, 12.195/it, accucary=73.50%, presision=31.26%, recall=57.39%, f1_score=39.64%]

ee1, fold=4: 1e0%| | 5/5 [@9:11<@0:008, 2.395/it, accucary=90.e0%, presision=66.53%, recall=66.66%, f1_score=66.31%]
| 2/5 [00:04<00:06, 2.14s/it, accucary=90.00%, presision=62.59%, recall=67.20%, fl_score=64.81%]

K 1 AR R A2 RHIE RS iz 4T A

2 MCMC EZESLIDIMENZ 5[ )3EFY

2.1 L1 EMSREREERAFNE
EEpOE S QCl) Ve A E TR bR

P(8) = F(Blnb) = 57 exp(~1 51

12



1.0 4

0.8 1

0.6 1

0.4 A

0.2

0.0 1

P 20 37 3 -far A1 PR LR 2 2 PR K
B WIJa %A

P(BIX,Y) < P(Y|X,8)P(B)
BAWJE R, SRIGEALH 8, BIOY DU HrZ i B R 0 2 5

f" = argmax (HP(K- | X, B) HP (@-))

i e
- P
= argmaxz (YZ exp (XlTﬁ) —In (1 + exp (XZT@))) _ In(2b) — B, b— i
=1 = =
—argmle (V.. X, B) —l—Zln (2) +Z |,3] l
=1 j=1
~ argmin Y1 (V. X7 8) + Z 18; —
B i=1

—argmln Zl (Yi, X, B) +/\Z|133

Jj=1
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g, 4 p=0,b= 2, HIF3E] L1 AR DU e B

2.2 KEZMESEHE MCMC EESLW
2.2.1 MCMC %

E X MCMC 2§, ‘©4k7&H base K. WA o] L8 E RS H e in 24 b, PAA I RIER
class MCMC(base):
def __init__(self, b=0.5, K=1000):

Args:
b: wEHHE R AN S %, BRI Ae.5
K: & K% Rk %, BRilhieee

super().__init__()
self.b = b
self.K = K

2.2.2 Ftif. {UARFNEIGHEER
TE SUHCINER . AL IR 2 A i 36 AE 2R AR T 55 pR B

# AR AWBMEETERY, WL ERA 04, X Fmu=-0
def prior(self, beta, mu=0):

Args :
beta: % #

Returns:
prior_value: stH 4 B # £ % F B %

b = self.b
prior_value = 1
for beta_i in beta:
prior_value *= 1/(2*b) * np.exp(-np.abs(beta_i-mu)/b)
return prior_value

# LS4 R 3
def likelihood(self, beta, x, y):

Args:
beta: % ¥
x: TR #KBEAE
y: BTH BERBATE

Returns:
Likelihood_value: T4 & #

likelihood_value =1
for i in range(len(y)):
if y[i] == 1:

14




likelihood_value *= 1/(l+np.exp(-x[i].dot(beta)))
else:
likelihood_value *= (1-1/(l+np.exp(-x[i].dot(beta))))
return likelihood_value

#ERATHBEFTE K
def posterior(self, beta, x, y):

Args:
beta: % ¥
x: FTHBARMBEE
y: FTR PR R B AR &

Returns:

posterior_value: Ja o 7 i 098 £ % E B #

posterior_value = self.prior(beta) * self.likelihood(beta, x, y)

return posterior_value

2.2.3 MCMC *#tf

S

SE SRR R R BRAE R B RHZE 0B MH FEEATRAE, RIERA

HABSHARFFAAE

x4

%

=

HOHAT KA,

HARBRECN B MR RABENLEERE, RUCRHEIFTHE Y L — UCRFERE N - — Bl

Bt BB = B e, Hordt e~ N(0,1)s

15




Algorithm 4 &7 & MH Hi%

Input IAFERIRHE o, FrAREARRIRE y, ISRWIIEE BRI A E M &)
Output K CRFFARRIMFEA samples

1: function SAMPLE(z,y, 3)

2: accept < 0

3 if R4 B BIWIIR{E then

4: B+ 0

5: end if

6: for k< 0to (K —1)do

7: fori+ O0top—1do

8: B+ B

9: € < Normal(0, 1)

10: B+ Bi+e

11: accept__rate < alpha(8, 3, z,y)
12: if accept rate > Uniform(0, 1) then
13: B« 3

14: accept +— accept + 1

15: end if

16: end for

17: samples[k] «+ 3

18: end for

19: return samples

20: end function

#ELEEK
def alpha(self, beta, beta_new, x, y):

Args:
beta: % #
beta_new: ¥ % #
x: BTR B R E R AE
y: o BTH B R AT A

Returns:
alpha_value: # % %

alpha_value = min(1, self.posterior(
beta_new, x, y)/self.posterior(beta, x, y))
return alpha_value
# MCMC % #
def sample(self, x, y, beta_init=None, verbose=True):

Args:
x: FTH B ARMEE
y: FTR B KM A
beta_init: #1% % %, Bk A None B 41 # 1L N o

16



verbose: & & W E &, B\ A True

Returns:
samples: KK X # 81 5 ¥

# MEfEXR
accept_rate = ©
accept = ©
# A1 A H
if beta_init is None:
beta = np.zeros(x.shape[1l])
else:
beta = beta_init
# B RKK, £ REE AKHFE R
if verbose:
pbar = tqdm(range(self.K))
else:
pbar = range(self.K)
for k in pbar:
# BN EHATEH
for i in range(len(beta)):
# ERFUSEK, CETRAZEA M LENEALE, MABAXEREES 2 NGO, 1)
beta_new = beta.copy()
beta_new[i] = beta_new[i] + np.random.normal(e, 1)
# HEETE
alpha_value = self.alpha(beta, beta_new, x, y)
# LEZETHUBMEEIHFNS K
if np.random.uniform(@, 1) < alpha_value:
beta = beta_new
accept += 1
# ®AEREKR
# F— kB RE, WML ER
if k ==
samples = beta.copy()
#EEERH, BEAFWEEKE S
else:
samples = np.vstack((samples, beta))
# LFESE
accept_rate = accept/(self.K*len(beta))
self.accept_rate = accept_rate
# 90 F A K
self.samples = samples
# LFxRSHHHE
self.beta = np.mean(samples, axis=0)
# 90 F m AT AR
self.best_thredhold = self.get_best_threshold(x, y)
return samples

2.3 RXIIEEFHM b

Pl R A SIS E b WOE T L1 T R A XTI RS E, AT AT BLR
PR XL 5 AL AR I be SHEEE T B P 28 IR RE I, 3T PR it 52 70 i)l 2k dk
AGGUESE, XA b, FAVEIGRE LINGRR, REAERIEE EIPABR RERE, KRR
ESE 12 F1-Score fUFH b VE N RARA S H.

[
‘def cv(self, x, y, b_list, k=5):

17



non

Args:
x: fR OB R E R AE
y: BT BRI AT A
b_Llist: BHHK
ke X XH AR AT K

Returns:
best_b: 1t & 5 ¥

# B BER D RRG
x_folds = np.array_split(x, k)
y_folds = np.array_split(y, k)
best_lambda_ = None
best_f1_score = 0
# B S K
for b in b_list:
# BREBEHK
self.b = b
# WHEE—NHMREEERK
accuracys = []
precisions = []
recalls = []
fl_scores = []
pbar = tqdm(range(k))
for i in pbar:
x_train = np.vstack(x_folds[:i] + x_folds[i+1l:])
y_train = np.hstack(y_folds[:i] + y_folds[i+1:])
x_val = x_folds[i]
y_val = y_folds[i]
self.sample(x_train, y_train, verbose=False)
y_pred = self.predict(x_val)
# THMEREERT
accuracy = self.accuracy(y_pred, y_val)
presision = self.precision(y_pred, y_val)
recall = self.recall(y_pred, y_val)
fl_score = self.fl_score(y_pred, y_val)
# REHREEERNT
accuracys.append(accuracy)
precisions.append(presision)
recalls.append(recall)
fl_scores.append(fl_score)
# Wt E &
pbar.set_description(f"b={b}, fold={i}")
pbar.set_postfix(dict(accucary=f'{np.mean(accuracys):.2%}",
presision=f'{np.mean(precisions):.2%}",
recall=f'{np.mean(recalls):.2%}",
f1_score=f'{np.mean(fl_scores):.2%}"))
# it BT HF1 _score
mean_f1_score = np.mean(fl_scores)
if mean_f1_score > best_f1_score:
best_f1_score = mean_f1_score
best_b = b
# BRERKES %K
self.b = best_b
# R ERMLES K
return best_b

18




2.4 UTEMHIZ T

ARG R FRBE A R BB AR B B, g P i R BT T — 26K I E 2
EYIGRE EASTHSE 8, WTULESR], REEHESARBIRE N, SHENELSECZET %K TN
B, KR, BWHREE DL,

def plot_mean(self):
cumsum = self.samples.cumsum(axis=0)
cum_iteration = np.arange(l, self.K+1).reshape(-1, 1)
cummean = cumsum/cum_iteration
plt.figure(figsize=(10, 6))
plt.plot(cummean)
plt.legend(list(map(lambda i: r'$\beta_{'+str(i)+r'}$', list(range(self.samples.shape[0])))),
loc=(1.01, ©0.1), fontsize=14)
plt.xlabel('#% KK %', usetex=False)
plt.ylabel('i# 7 #1f£', usetex=False)

plt.show()
4
2 — b
— b
— Pa
0 s
— b
@ —
g Bs
= — e
' — pBr
—4 58
— B
— P
=61 — bn
— b
78-
6 260 460 660 860 10b0

IERIEL
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2.5 DIFTHRHERT
2.5.1 FEE

A IREECSI, MIFRATTAT LUK B BB G I . SRS, IRAREORT 200 B D [GaEdE
AU, DR BATTR S AR A ZUK T 200,

def mean(self):

Returns:
mean_value: /&% 4 A i 34 &
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assert self.samples.shape[@] > 200, 'i# % 4 % K200k, DL#F & AU s
mean_value = np.mean(self.samples[200:], axis=0)
return mean_value

EINZREE EANTF 250 8, BEINIMEN:

[ 0.32, ©.65, -0.04, ©.28, 0.16, 0.47, -2.15, 3.6 , 1.49, 0.04, -1.9 , -8.04, -0.48]

2.5.2 FREFEXIE

G BFEART a0 BATR DRGSR IFEAS, THEE I EAE TR Bk, 34155 28T 200
A, ARIERRAEAR I RO EL,  BIAT45 25 56 B A XA .

def interval(self, alpha=0.05):
Args:
alpha: &1z K-F
Returns:

interval_value: &% 4 #i & 15 X |

assert self.samples.shape[@] > 200, 'i# £ 4 % 2000k, DL# R A d st
interval_value = np.percentile(

self.samples[200:], [alpha/2*100, (1-alpha/2)*100], axis=0)
return interval_value

RIS BT 24 B, BRI RS EAS X

[[-0.28, -0.11, -0.5 , -0.24, -0.45, -0.24, -2.86, 2.76, ©.47, -0.58, -2.8 , -9.47, -1.48],
[1.2 , 1.23, ©.57, ©.95, ©0.59, 1.28, -1.36, 4.67, 2.97, ©.82, -1.14, -6.82, 0.42]]

3 SRIEERSESERDH
3.1 #HET?E
S EAE AT AL, B
1. X CARFEREAT LabelEncoder() 4.

2. BB IEE 0 5 1. Hrh, 'Existing Customer' ¥~ 0, 'Attrited Customer' i%
M 0.

3. RHRFALEAT BN R A — 1k

4. BERRTT 2 (A—JE 52/ T 0.02) R
5. BRI SRRFIE 7 Z BRI — MRFAIE

6. BERSHREAHRMELERAE /N T 0.02 HIRHLE
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7. —HIHERAS R 12 NEIERHE, 42 Customer  Age. Education Level. Marital Status.
Income_ Category. Card_ Category. Total _Relationship_ Count. Months_ Inactive_ 12_ mon-
Contacts_ Count_ 12 _mon. Credit_Limit. Total Revolving Bal. Total Trans Ct #l
Avg  Utilization_ Ratios

8. NRHEHEIN EMED 1 J5, FAL4ERED 13.
FAAIE T AR A ARG TP R B«

1.0
Customer_Age 0.00063  -0.11  -0.028  0.0041  -0.031  -0.025 -0.031 0085 0023 00065 -0.013 00076  -0.04  -0.077  -0.011
Gender - 0.00063 -0.026  0.022  0.081 EOCCEN  0.09 0007 002  -0.025  0.023 0.4 0.068 039 -0.025  -0.095
0.8
Dependent_count — ~0.11
Education_Level - 0.028
Marital_Status - 0.0041 [o-¢
Income_Category - ~0.031
Card_Category - ~0.025 ™
Months_on_book -VRTS
Total_Relationship_Count -~ ~0.031
-0.2
Wonths_lnactive_12_mon - 0.085
Contacts_Count_12_mon - 0.023
-0.0
Credit_Limit - 0.0065
Total Revolving Bal - 0,013
--0.2
Avg_Open_To_Buy -~ 0.0076
Total_Trans_Amt - ~0.04
0.4

Total_Trans_Ct - ~0.077

Avg_Utilization Ratio- =0.011 ~0.054 -0.0044  -0.073 0.12 -0.018 0.047 -0.0036  -0.062 0.5 0.59 -0.55 -0.06 0.025
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3.2 RXNEIEEFSEHENLERE A

M E3CE XK LogisticRegression 28, Wi KiEAIRE K = 10000, ] 5 4128 Xk, 1§
FIIESE F T 14 F1-Score fHBE L1 MR X AL ISR .

MEZRZHL A = 0.005 B, =FBEE T BEIERIIGUESE F1-Score {HIE M, FIH X = 0.005 1
NS

X MCMC 53%, R 5 #r38 XEAIE, B b =[0.01, 0.05, 0.1, 0.5, 1], fS25IFE FHT1
F1-Score fEBEHEH W50 250 b B2 E6 7 -

MERNZH b= 0.5 I, WIESE Fl1-Score % F, K b= 0.5 ENRILSE

—— BEEE R —— MeMC

7 60

55
€ gs
2 50 s
g 8
= 154 =

104

15
35
30 10
0.001 0.005 0.01 0.05 01 0.01 0.05 01 05 j
A b
5: BN BRIE A2 ISR 6: MCMC (78 X EE

3.3 Bk EEREMEE

e B RRE T, FREBHIRE 7 &R AT 100 5, HHURRBIE L RIT 2
B PRL/ANT le-6, W EHAF ILEAR,
#AE A ELRRT100%, EHR K BHGEERL2H0ER T E LD Fle-6

if k > 100 and abs(self.loss[-2] - self.loss[-1]) < le-6:
break

B L] =Pk B2 T B SVE B R A S, R IBE FE N Bk S Sl 5 AR B R E A — 5 Wn
KI7HTR -

N T FERIXAN [, FRAE 5 B R R B AN R AR AR A, 5 2 ET S Hon b — AL S 35
N(0,0.012), 5Bkt oy B e A A -

# AR LA ENSH: EVERT100%, ERARBHEWEERA2BWENRF R/ Tle-6
if k > 100 and abs(self.loss[-2] - self.loss[-1]) < le-6:

# hENEMWEREENGO, 0.0172)

beta = beta + np.random.normal(@, le-2, beta.shape)

X =R R R BRI, 2l K e B A AR AR R R A8 R
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X MCMC ik, BATELRAGE T K ANSHUE . 85 [ 28 Bk 5 5k st .
ATUVE S, FEEISARREEN, SHERERSMECZEET %K FEL, MEIFs, A
FOals. BATREHEEE S B THE .
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— 4
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N FHRREE R %32 (GD). BENLESEE T %% (SGD). A8kr R %% (CD) #it MCMC H: (MCMO),
B B I THE

‘ Hmmmmmmm- T e T e s + ‘
‘ | Method | beta | ‘
| |

B e e e E T T TP +
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GD | [0.02, ©.18, 0.00, 0.07, ©.02, 0.00, -1.52, 2.68, ©.97, 0.07, -1.39, -5.47, -0.28]

[ [
| sGD | [0.00, ©.22, 0.00, 0.00, 0.00, 0.00, -1.46, 2.79, ©.99, 0.00, -1.46, -5.59, -0.19] |
| < | [e.00, ©.18, 0.00, 0.00, -0.00, 0.00, -1.37, 1.9, 0.77, 0.00, -1.29, -4.08, -0.49] |
| McMCc | [@.21, ©.64, -0.04, ©.39, ©.24, ©.38, -2.27, 3.58, 1.59, ©.12, -1.93, -7.94, -0.45] |
e s B R T e +

4 PR IS B RIS THE 10 R . DURERT 8 & A vhd, AR RN AR —
B, H MCMC BER L1 &5 RV . XKy MCMC Sk i i i el iS4 0 5
LASSO SFiEH ) X ANE a0
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9 —— MeMC
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E
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B

K 10: B AdiHE
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Total Trans Ct fl Avg Utilization_Ratio I REUE E N 7. ISR X, XU a1
PR . (SRS NG R RS, WA k.

FfH2, Months Inactive 12 mon F1 Contacts Count 12 mon W REEZE NIE. X Ui HZE
I FNREH WA R . I —FNSERATREE A Z (T Re @ D25 N 75 2245
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& 1 s B AR PR FiE bR

Method ‘ Accuracy ‘ Precision ‘ Recall ‘ F1
BREE T B 0.86 0.79 0.45 | 0.58
B AR B B 0.86 0.72 0.5 | 0.59
AARR T B IE 0.85 0.69 0.52 | 0.59
MCMC 0.85 0.71 0.48 | 0.57

RS b, (R 4 RORER B RIE N SRR i B R . TRUE Y, #EfR ST 79%, RN
T T REARE R BRI GRS B L 79%) .

BN Bk
BEATLBR L T B
AATR N BT

0. 80 1 MCMe

0. 85 -
0.75
0. 70
0. 65
0. 60
0. 55
0. 50

0. 45

{Eflﬁi *ﬁﬁlﬁiﬁ B h % Fl—SIcore

11: AR B PN SR b

FEMREE L, 4 MI7VER ROC B2 an 125175 .
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ROC Curve
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A SHIRENET SRR E R R

# GH A A ET o R R B R
def laplace(mu, b, x):
return 1/(2*b) * np.exp(-abs(x-mu)/b)

X = np.linspace(-5, 5, 1000)

plt.rcParams['text.usetex'] = True
fig = plt.figure(figsize=(8, 6))

mu = @
for b in [0.5, 1, 2]:
plt.plot(x, laplace(mu, b, x), label=r'$\mu={}, b={}$'.format(mu, b))

plt.plot(x, laplace(mu, b, x), label=r'$\mu={}, b={}$'.format(mu, b))
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# EEFAPXF, PAIMEFEREK

plt.text(-4, 0.8, r'$f(x)=\frac{1}{2b}er{-\frac{|x-\mu|}{b}}$"', fontsize=20)
plt.legend()

plt.savefig("#r & 47 #7 4 7 89 8 £ % E # 4 .pdf", format="pdf", bbox_inches="tight")
plt.show()

B 4FETEKA

# FNE

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

plt.rcParams['font.sans-serif'] = ['SimHei']
plt.rcParams['axes.unicode_minus'] = False

from scipy.stats import pearsonr

from sklearn.preprocessing import LabelEncoder

from sklearn.preprocessing import MinMaxScaler

from sklearn.feature_selection import VarianceThreshold

# EE B

train = pd.read_excel('BankChurners.xlsx', sheet_name='training data')
test = pd.read_excel('BankChurners.xlsx', sheet_name='testing data')
x_train = train.drop(['Attrition_Flag'], axis=1)

y_train = train['Attrition_Flag']

x_test = test.drop(['Attrition_Flag'], axis=1)

y_test = test['Attrition_Flag']

# KEHY
# REBX A KAWL
text_features = [column for column in x_train.columns if x_train[column].dtype == 'object']

# X ARKBEFAERATRD
le = LabelEncoder()
for column in text_features:
x_train[column] = le.fit_transform(train[column])
x_test[column] = le.transform(test[column])
# AR A AT SR D
y_train.replace({'Existing Customer': @, 'Attrited Customer': 1}, inplace=True)
y_test.replace({'Existing Customer': @, 'Attrited Customer': 1}, inplace=True)
# FEAE i #
w BRI E A
# fl & T & X ID
x_train.drop(['ID'], axis=1, inplace=True)
x_test.drop([ 'CLIENTNUM'], axis=1, inplace=True)
# WHEHTRNARAHE N
scaler = MinMaxScaler()
x_train = pd.DataFrame(scaler.fit_transform(x_train), index=x_train.index, columns=x_train.columns)
x_test = pd.DataFrame(scaler.transform(x_test), index=x_test.index, columns=x_test.columns)
# BHETE (B—MEHFE/NTo.02) K
selector = VarianceThreshold(threshold=0.02)
selector.fit(x_train)
# WEWE KT ZHB %N
print("E A MK 7 EHH B EHIME: ', x_train.columns[~selector.get_support()])
x_train = x_train.loc[:, selector.get_support()]
x_test = x_test.loc[:, selector.get_support()]
# B EEXKEET T EREH A A
# BHEIRAEZ WA XER A
plt.figure(figsize=(20, 20))
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corr = x_train.corr()
sns.heatmap(corr, annot=True, cmap='coolwarm')
plt.show()
# THAXEENSEA To.80 K
corr = corr.abs()
corr = corr.where(np.triu(np.ones(corr.shape), k=1).astype(bool))
corr = corr.stack()
corr = corr[corr > 0.8]
print(' 4 % M 4% KA FTe.88 & fE: ', [i for i in corr.index])
# NBEBEEFEREXBELESEA TSR BEFT T EZRDHEL
feature_to_remove = []
corr = corr.reset_index()
corr.columns = ['featurel', 'feature2', 'corr']
for row in corr.itertuples():
if x_train[row.featurel].var() < x_train[row.feature2].var():
feature_to_remove.append(row.featurel)
else:
feature_to_remove.append(row.feature2)
feature_to_remove = list(set(feature_to_remove))
print("A X HHE N E A TO.8WIFAEF 7 £ZH /WA IE: ', feature_to_remove)
x_train.drop(feature_to_remove, axis=1, inplace=True)
x_test.drop(feature_to_remove, axis=1, inplace=True)
## Bl G AHE X ERKNEE
# B Emata e B/ To. 02094 1E
feature_to_remove = []
for i in x_train.columns:
pearson_corr = pearsonr(x_train[i], y_train)[@]
if abs(pearson_corr)<0.02:
feature_to_remove.append(i)
print (' 57 & A % M4 ot fE N Te.02i & fE: ', feature_to_remove)
x_train.drop(feature_to_remove, axis=1, inplace=True)
x_test.drop(feature_to_remove, axis=1, inplace=True)
# AT E R A ik F R AE
print(' & & & F WA, x_train.columns.values)
#OATH RAEFHFL
print(' & L % #FH ', x_train.columns.values)
# B EREMEXEENENTo.020 5 1E
feature_to_remove = []
for i in x_train.columns:
pearson_corr = pearsonr(x_train[i], y_train)[0]
if abs(pearson_corr)<e.e2:
# PHRBRELEENHKESE
x_train.to_csv('x_train.csv', index=False)
x_test.to_csv('x_test.csv', index=False)
y_train.to_csv('y_train.csv', index=False)
y_test.to_csv('y_test.csv', index=False)
# PHREEFEENEESE
x_train.to_csv('x_train.csv', index=False)
x_test.to_csv('x_test.csv', index=False)
y_train.to_csv('y_train.csv', index=False)
y_test.to_csv('y_test.csv', index=False)
feature_to_remove.append(i)
print (' 5 7 & A8 % M 4 fE N Te.02 A fE: ', feature_to_remove)
x_train.drop(feature_to_remove, axis=1, inplace=True)
x_test.drop(feature_to_remove, axis=1, inplace=True)

C base FE{HY
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class base:

def

def

def

def

__init__(self, beta=None):

non

Args:
beta: it 85 ¥

self.beta = beta
self.best_threshold = None

predict_proba(self, x):

non

Args:
x: FF TR R

Returns:
y: T AF A

non

y_prob =1 / (1 + np.exp(-x.dot(self.beta)))
return y_prob

get_best_threshold(self, x, y):

Args:
X: B A AMBRE
v OB OB R AR A

Returns:
best_thredhold: & 1 # & 14

non

# T AT A
y_prob = self.predict_proba(x)
# THRMBEE, REFIMEH KD
best_thredhold = ©
best_f1 = o
for thredhold in np.linspace(@, 1, 1001):
y_pred = (y_prob >= thredhold).astype(int)
presision = np.mean(y[y_pred == 1] == 1) if np.mean(
y_pred == 1) else 1 # R F & #f & & & A E#H K,
recall = np.mean(y_pred[y == 1] == 1)
f1 = 2 * presision * recall / (presision + recall)
if f1 > best_f1:
best_f1 = f1
best_thredhold = thredhold
return best_thredhold

predict(self, x, threshold=None):

non

Args:
x: FE TG BE A B R AE
threshold: W i, BRilk A £ F # %15 B & th o9 /&

Returns:
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def

def

def

def

y: T AR A

if threshold is None:
assert self.best_thredhold is not None
threshold = self.best_thredhold
y_prob = self.predict_proba(x)
y = np.where(y_prob > threshold, 1, 0)
return y

accuracy(self, y _pred, y):

won

Args:
y_pred: FTA B A8 B AT A
y: BTR BEAR BN AT A

Returns:
accuracy: Tl #y & # =

accuracy = np.mean(y_pred == y)

return accuracy

precision(self, y pred, y):

won

Args:
y_pred: BT B AR 8 TN AR A
v BTH OBER BT A&

Returns:
precision: Tl B 4 # %

precision = np.mean(y[y_pred == 1] == 1)
return precision

recall(self, y_pred, y):

won

Args:
y_pred: FTA B A8 B AT A
y: BTR BEAR BN AT A

Returns:
recall: T wy @ B %

recall = np.mean(y_pred[y == 1] == 1)
return recall

fl_score(self, y_pred, y):

won

Args:
y_pred: BT B AR 8T AR A
v BTH BER BT A&
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Returns:
f1_score: T # f1_score

won

precision = self.precision(y_pred, y)

recall = self.recall(y_pred, y)

fl_score = 2 * precision * recall / (precision + recall)
return fl_score

def print_performance(self, y_pred, y):

nwon

Args:
y_pred: FTA B A8 B AT A
v BTH BER BN AT A

Returns:
None

won

accuracy = self.accuracy(y_pred, y)

precision = self.precision(y_pred, y)

recall = self.recall(y_pred, y)

fl _score = self.fl _score(y_pred, y)

# WEHMERER, U2 H TR

tb = pt.PrettyTable()

tb.field_names = ["Measurement", "Value"]
tb.add_row(["Accuracy", "{:.2f}".format(accuracy)])
tb.add_row(["Precision", "{:.2f}".format(precision)])
tb.add_row(["Recall", "{:.2f}".format(recall)])
tb.add_row(["F1 Score", "{:.2f}".format(fl_score)])

print(tb)

D iR

from functions import *
# EE B
x_train = pd.read_csv('x_train.csv")
y_train = pd.read_csv('y_train.csv"')
x_test = pd.read_csv('x_test.csv')
y_test = pd.read_csv('y_test.csv'")
# BHEEENEEL A
x_train = x_train.values
y_train = y_train.values.squeeze()
x_test = x_test.values
y_test = y_test.values.squeeze()
# X AFAE #HE A AR B
x_train = np.hstack([np.ones((x_train.shape[@], 1)), x_train])
x_test = np.hstack([np.ones((x_test.shape[@], 1)), x_test])
# K B E T & £ ILLASSOTT %
lr = LogisticRegression(lambda_=0.005, K=10000)
# FHREAM N EN A S &K
lambda_s= [0.001, ©.605, 0.01, 0.05, 0.1]
for method in ['gradient_descent', 'mini_batch_stochastic_gradient_descent', 'coordinate_descent']:
print(method.center(80, '-'))
globals()[ 'best_lambda_'+method] = 1lr.cv(x_train, y_train, lambda_s= lambda_s, method=method)
# ENRE E#HATTMN
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# M E TR E

Ir.fit(x_train, y_train, method='gradient_descent")
pred_prob_gd = lr.predict_proba(x_test)

pred_gd = lr.predict(x_test)

acc_gd = lr.accuracy(pred_gd, y_test)

precision_gd = lr.precision(pred_gd, y_test)
recall_gd = 1lr.recall(pred_gd, y_test)

fl_gd = 1lr.f1_score(pred_gd, y_test)

# BEALBE T &

Ir.fit(x_train, y_train, method="mini_batch_stochastic_gradient_descent")
pred_prob_sgd = 1lr.predict_proba(x_test)

pred_sgd = lr.predict(x_test)

acc_sgd = lr.accuracy(pred_sgd, y_test)
precision_sgd = 1lr.precision(pred_sgd, y_test)
recall_sgd = 1lr.recall(pred_sgd, y_test)

fl_sgd = 1lr.fl_score(pred_sgd, y_test)

# AR TR

Ir.fit(x_train, y_train, method='coordinate_descent")
pred_prob_cd = 1lr.predict_proba(x_test)

pred_cd = lr.predict(x_test)

acc_cd = lr.accuracy(pred_cd, y_test)

precision_cd = lr.precision(pred_cd, y_test)
recall_cd = 1lr.recall(pred_cd, y_test)

fl _cd = 1r.f1_score(pred_cd, y_test)

# KLl MCMC 77 %

mcmc = MCMC()

# X B IE

mcmc.cv(x_train, y_train, b_list=[0.01, ©0.05, 0.1, 0.5, 1])
# MCMC % #

samples = mcmc.sample(x_train, y_train)

# LoHl w7 HEAE

mcmc.plot_mean()

mean = mcmc.mean()

interval = mcmc.interval()

N S

y_pred = mcmc.predict(x_train)
mcmc.print_performance(y_pred, y_train)

# MK & E T

y_pred = mcmc.predict(x_test)
mcmc.print_performance(y_pred, y_test)
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