|A)RR3

import

import numpy

import
import
import
import
import
import

cf.set

mitosheet

as np

pandas as pd

plotly as py

cufflinks as cf
plotly.express as px
plotly.graph_objects as go
plotly.figure_ factory as ff

_config_file(
offline=True,

world_readable=True,

)

theme="white", # WE 2% X

import warnings
warnings.filterwarnings("ignore")

import sklearn
import graphviz

from
from
from
from

sklearn

sklearn.
sklearn.
sklearn.

import tree

model _selection import cross_val score
model_selection import train_test_split

metrics import classification_report, roc_auc_score

from colorama import Fore
def color(text):

return Fore.RED + text + Fore.RESET

file path = './[fF2(Attachment 2)2022-51MCM-Problem B.x1sx'
sheetl = pd.read_excel(

io=file_path,
index_col=None,
sheet_name="Jf ¥ (temperature)', )

sheet2 = pd.read_excel(

io=file_path,
index_col=None,
sheet_name='7= /i Jii & (quality of the products)', )



sheet3 = pd.read_excel(
io=file_path,
index_col=None,
sheet_name='Ji# & ¥ (mineral parameter)', )
sheet4 = pd.read_excel(
io=file_path,
index_col=None,
sheet_name="iI £ ¥ #li (process parameter)', )

# mitosheet.sheet(sheetl, sheet2, sheet3, sheet4, analysis_to_replay="id-tfyraljimv")

sheetl.iplot(x="Hf[f] (Time)")



NN I

1200

1000 H‘H“W | |"llf|1lﬂ’ W

800

w [ I

EREUE
F1——BE (temperature)

In [4]: # todo X F|H &k iR FE £ 4E
sheetl_time_string = sheetl.iloc[:, @].astype( 'string')

condl = sheetl_time_string.apply(lambda x: x[14: 16]) == "50"
data_partl = sheetl[condl].iloc[:-2, :]

exp_datel = [




"2022-02-03 20:50:00",

"2022-02-26 13:50:00",

"2022-03-21 06:50:00",

"2022-04-04 10:50:00", "2022-04-04 15:50:00",

"2022-03-10 10:50:00", "2022-03-10 11:50:00", "2022-03-10 12:50:00",
]
condl = sheetl_time_string.apply(lambda x: x in exp_datel)
data_partl = data_partl[condl.apply(lambda x: not x)]
data_partl.index = [i for i in range(len(data_partl))]
print(data_partl.shape)
# data_partl
# mitosheet.sheet(data_partl, analysis to_replay="id-conydfcblv")

(1725, 3)

=2——r~ = (quality of the products)

# todo K FIA R bk BT H A
sheet2_time_string = sheet2.iloc[:, ©].astype('string')

exp_date2 = [
"2022-02-20 23:50:00", "2022-02-21 00:50:00", "2022-02-21 01:50:00",

"2022-02-21 09:50:00", "2022-02-21 10:50:00", "2022-02-21 02:50:00",
"2022-02-21 05:50:00", "2022-02-21 06:50:00", "2022-02-21 07:50:00",

"2022-02-26 06:50:00", "2022-02-26 07:50:00", "2022-02-26 08:50:00",

"2022-04-08 00:50:00", "2022-04-08 01:50:00",

cond2 = sheet2_time_string.apply(lambda x: x in exp_date2)
data_part2_ = sheet2[cond2.apply(lambda x: not x)].iloc[2:, :]
data_part2_.index = [i for i in range(len(data_part2_))]
print(data_part2_.shape)

# data_part2_

# mitosheet.sheet(data_part2 , analysis _to_replay="id-etdktbfykz")

(1725, 5)

data_part2_

"2022-02-21 03:50:00",
"2022-02-21 08:50:00",

"2022-02-26 09:50:00",

"2022-02-21 04:50:00",

"2022-02-26 10:50:00",



RJE (Time) 3S#FA (index A) 35#%B (index B) #SHRC (index C) #5#5D (index D)

0 2022-01-25 02:50:00 79.08 23.52 12.41 17.86
1 2022-01-25 03:50:00 79.29 22.94 11.72 17.86
2 2022-01-25 04:50:00 79.95 2142 10.68 17.63
3 2022-01-25 05:50:00 80.20 21.20 10.16 16.92
4 2022-01-25 06:50:00 80.38 20.75 10.16 15.75
1720 2022-04-07 19:50:00 79.82 23.84 11.03 13.52
1721 2022-04-07 20:50:00 78.98 25.36 11.37 12.85
1722 2022-04-07 21:50:00 78.86 25.40 11.37 11.42
1723 2022-04-07 22:50:00 79.10 25.58 11.37 11.55
1724 2022-04-07 23:50:00 79.32 24.82 11.03 11.55

# todo M HEHE=E. GHKE

condl0 = 77.78 < data_part2_.iloc[:, 1]

condll = data_part2_.iloc[:, 1] < 80.33

cond2 = data_part2_.iloc[:, 2] < 24.15

cond3 = data_part2_.iloc[:, 3] < 17.15

cond4 = data_part2_.iloc[:, 4] < 15.62

# print("&%%: ", len(data_part2 [cond10][condl1][cond2][cond3][cond4]) / Len(data_part2_))

# todo KF|/" fh2 & A&
def is_qualified(x):

return 77.78 < x[1] < 80.33 and x[2] < 24.15 and x[3] < 17.15 and x[4] < 15.62
data_part2 = pd.DataFrame(data_part2_.apply(is_qualified, axis=1))
data_part2.columns = ['ZHE S ]
# print(len(data_part2))
# print(data_part2.sum() / len(data_part2))

print(data_part2.shape)

print(data_part2.sum(), data_part2.sum() / len(data_part2))

# data_part2

# mitosheet.sheet(data_part2, analysis_to_replay="1id-mkgwgrqoel")



(1725, 1)

Rt 472

dtype: inte4 &5 &% 0.273623
dtype: float64

x=3—R 2% (mineral parameter)

# todo & F|EH ZHH I 3
cnt = data_partl.iloc[:, ©].astype('string').apply(lambda x: x[5: 10])
time_cnt = []
for i in pd.DataFrame(cnt).groupby(by="/}[i] (Time)"'):
time_cnt.append(len(i[1]))
data_part3 = pd.DataFrame(np.repeat(sheet3.iloc[:-4, :].values, time_cnt, axis=0), columns=sheet3.columns)
print(data_part3.shape)
# data_part3
# mitosheet.sheet(data_part3, analysis_to_replay="1id-rvrugimmlr")

(1725, 5)

=4

cols = ['Hf[A] (Time)', "I FE%(H53 (Process parameter 3)", "I FE##i4 (Process parameter 4)"]
proc_data = pd.DataFrame(sheet4)

proc_data.iplot(x="IJ[a] (Time)"')

print("MHX R%: ")

proc_data.iloc[:, 1:].corr()

IS FEEHE (process parameter)
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iZT2EE1 (Process parameter 1)
1B1280E2 (Process parameter 2)

IZTRENE3 (Process parameter 3)

DFEEE4 (Process parameter 4)

def norm(data):

iZTEEUE1 (Process parameter 1)

1.000000

NaN

0.058849

-0.147755

1Z1280E2 (Process parameter 2)

NaN

NaN

NaN

NaN

return (data - data.min()) / (data.max() - data.min())

ZTEEME3 (Process parameter 3)

0.058849

NaN

1.000000

-0.497288

iIZTEEUE4 (Process parameter 4)

-0.147755

NaN

-0.497288

1.000000



data_part4 = sheet4.apply(lambda x: (x[3] + x[4]), axis=1)

data_part4 = pd.concat([sheet4.iloc[:, @], data_part4], axis=1).rename(columns={@: "J5if Jfii="})
print(data_part4.shape)

# data_part4

# mitosheet.sheet(data_part4, analysis to_replay="id-Lntnexsmmk")

(619, 2)

exp_date4 = []

for 1 in exp_datel + exp_date2:
exp_dated.append(i[:-5] + "30")

# print(exp_date4)

sheetd4_time_string = data_partd4.iloc[:, @].astype('string')
cond4 = sheet4_time_string.apply(lambda x: x[: -3] not in exp_date4)

data_part4_need = data_part4[cond4]
data_part4_need = data_part4 _need.iloc[:-33, :]

for _ in range(5):
data_part4 need.drop(index=np.random.randint(@, len(data_part4 need)), inplace=True)
data_part4_need.index = [i for i in range(len(data_part4_need))]

data_part4_need = pd.DataFrame(np.repeat(data_part4_need.values, 3, axis=0), columns=data_part4_need.columns)
print(data_part4 need.shape)

# data_part4_need

# mitosheet.sheet(data_part4 _need, analysis_to_replay="1id-owygulbcev")

(1725, 2)

# mitosheet.sheet(data_partl, data_part2, data_part3, data_part4 need, analysis_to_replay="id-gwrmcdoymx")

data_part4_need



BJE (Time) JRETRE
0 2022-01-2502:30:11 407.39
1 2022-01-25 02:30:11 407.39
2 2022-01-2502:30:11 407.39
3 2022-01-25 05:30:13 406.89

4 2022-01-25 05:30:13 406.89

1720 2022-04-07 20:30:17 485.59
1721 2022-04-07 20:30:17 485.59
1722 2022-04-07 23:30:10 440.34
1723 2022-04-07 23:30:10 440.34

1724 2022-04-07 23:30:10 440.34

X = pd.concat([data_partl.iloc[:, 1:], data_part3.iloc[:, 1:], data_partd4 need.iloc[:, 1:]], axis=1)
Ys = data_part2

# mitosheet.sheet(X, Ys, analysis_to _replay="1id-qrekgeyfua")

X.to_csv("quention3-X_data.csv")
Ys.to_csv("quention3-Y_data.csv")

cond = (pd.notna(X).iloc[:, @] == True)
remain_index = X[cond].index

X = X[cond]
Y = Ys[cond].replace(to_replace=[True, False], value=[1, 0])
print(X.shape, Y.shape)

(1640, 7) (1640, 1)

# mitosheet.sheet(X, Y, analysis to replay="id-kRzkchyyfcx")



qIET=D
TOERE18-E i1
BiE—: ToX—BEEMIEEEE, ARITESIEER

# 04-08 04-09 Ab I E K T ¥ £ 45

data_to_predict = np.array(
[[341.40, 665.04, 52.88, 91.27, 47.22, 22.26, ], # 8
[1010.32, 874.47, 54.44, 92.12, 48.85, 21.83, ],], # 8

)
data_to_predict = np.repeat(data_to_predict, [8, 9], axis=0)

data_to_predict = np.concatenate([data_to_predict, np.array(data_part4.iloc[586:586 + 17:, 1:])], axis=1)

# mitosheet.sheet(pd.DataFrame(data_to _predict), analysis_to_replay="1id-edacdozavl")

feature_name = list(X.columns)
feature_name

[' ARSI E (Temperature of system I)',

'RAILILE (Temperature of system II)',
'R S %1 (Mineral parameter 1),
"JEH 542 (Mineral parameter 2)°',
"JEH 2403 (Mineral parameter 3)°',
'JRY S %4 (Mineral parameter 4)',
R A



1720

1721

1722

1723

1724

EHLEE (Temperature
of system I)

1. Z4E[A] 3

from sklearn.linear_model import LogisticRegression as LR
from sklearn.linear_model import LogisticRegressionCV as LRCV

test_size = 0.3

models 1r

I
—

LR(
penalty="12"
C=1.0,

1347.49

1274.43

1273.86

1273.51

1272.84

437.71

494.23

495.47

494.41

495.03

)

random_state=None,
solver="1bfgs",
max_1iter=3000,
multi_class='ovr',

verbose=0,
)>
LRCV(
penalty="12"

J

random_state=None,

RFRIEE (Temperature
of system II)

950.40
938.20
938.16
937.49

936.67

540.70
557.21
557.68
572.00

571.61

[RHE411 (Mineral

parameter 1)
55.26
55.26
55.26
55.26

55.26

544
544
544
544

54.4

[BH-&%12 (Mineral
parameter 2)

108.03
108.03
108.03
108.03

108.03

105.14
105.14
105.14
105.14

105.14

R S513 (Mineral
parameter 3)

43.29
43.29
43.29
43.29

43.29

49.03
49.03
49.03
49.03

49.03

[Ei&%04 (Mineral
parameter 4)

20.92
20.92
20.92
20.92

20.92

20.82
20.82
20.82
20.82

20.82

[RE

=
407.39
407.39
407.39
406.89

406.89

485.59
485.59
440.34
440.34

440.34



solver="1bfgs",
max_iter=3000,
multi_class='ovr',
verbose=0,

)>

for model in models_1lr:
print("#7: ", model)
xtrain, xtest, ytrain, ytest = train_test_split(X, Y, test_size=test_size, random_state=10, shuffle=True)

# todo Rl 4
model.fit(xtrain, ytrain)
# todo TR X £

yhat = model.predict(xtest)

# BRI H AR E

print (' FE 3 RIARKCARSE ")
print(classification_report(ytest, yhat))
# auc

print('AUC: ", roc_auc_score(ytest, yhat))

# todo T
pred = model.predict(data_to_predict)

print("T45 R : ", pred[:8])
print(color(f"##i%: {pred[:8].sum() / len(pred[:8])}"), )
print("WM S R: ", pred[8:])

print(color(f" W% : {pred[8:].sum() / len(pred[8:])}"), )
print('-"'*100)



M. LogisticRegression(max_iter=3000, multi_class='ovr")
& B FARAR I SCA R

precision recall fl-score support

0 0.73 0.97 0.83 355

1 0.44 0.05 0.09 137

accuracy 0.72 492
macro avg 0.58 0.51 0.46 492
weighted avg 0.65 0.72 0.63 492

AUC: ©.5128713889174463

st H: [0 000000 0]

3. 0.0

s R: [0000000 0 0]

HEWi%: 0.0

7.  LogisticRegressionCV(max_iter=3000, multi_class='ovr')

T RARIRI SO AR A

precision recall fl-score  support

0 0.73 0.97 0.83 355

1 0.40 0.04 0.08 137

accuracy 0.72 492
macro avg 0.56 0.51 0.46 492
weighted avg 0.63 0.72 0.62 492

AUC: ©.5092217538809499
s E: [000 000 0 0]
HE*: 0.0

T4 R: [00000000 0]
. 0.0

2. IR

from sklearn.tree import ExtraTreeClassifier as ETC, DecisionTreeClassifier as DTC

model dt = [
ETC(),
DTC(),

]

for model in model dt:
print("#%: ", model)



xtrain, xtest, ytrain, ytest = train_test_split(X, Y, test_size=test_size, random_state=10, shuffle=True)

# todo &I %%
model.fit(xtrain, ytrain)
# todo T A

yhat = model.predict(xtest)

# EE I RIRIR ORI S

print(" EE S RIERHCARE ")
print(classification_report(ytest, yhat))
# auc

print('AUC: "', roc_auc_score(ytest, yhat))

# todo TR
pred = model.predict(data_to_predict)

print("FM SR : ", pred[:8])
print(color(f"#Effi%: {pred[:8].sum() / len(pred[:8])}"), )
print("FM SR : ", pred[8:])

print(color ("M% : {pred[8:].sum() / len(pred[8:1)}"), )
print('-"'%*100)



PR ExtraTreeClassifier()
FE G KRR AR SRR

precision recall fl-score support

0 0.82 0.83 0.83 355

1 0.55 0.53 0.54 137

accuracy 0.75 492
macro avg 0.69 0.68 0.68 492
weighted avg 0.75 0.75 0.75 492

AUC: 0.6819163154107125

st H: [0 000000 0]
#EMh%: 0.0
HMsEF: [00011000 0]

#HEWI26: ©.2222222222222222

FiAl. DecisionTreeClassifier()

F O RARIR I SO AR A

precision recall fl-score  support

0 0.81 0.80 0.81 355

1 0.51 0.53 0.52 137

accuracy 0.73 492
macro avg 0.66 0.66 0.66 492
weighted avg 0.73 0.73 0.73 492

AUC: ©.6641821733319626
MR [11111111]
WMmsEF: [ee0011110 0]
HETWI R . 0.44444444444044444

3. BEHFRIK

from sklearn.ensemble import AdaBoostClassifier as ABC

from sklearn.ensemble import BaggingClassifier as BC

from sklearn.ensemble import ExtraTreesClassifier as ETC

from sklearn.ensemble import GradientBoostingClassifier as GBC
from sklearn.ensemble import RandomForestClassifier as RFC

model_rf = [
ABC(),



BC())

ETC(),
GBC(),
RFC(),

for model in model_rf:
print("#%: ", model)
xtrain, xtest, ytrain, ytest = train_test split(X, Y, test_size=test_size, random_state=10, shuffle=True)

# todo 2l ZrdE
model.fit(xtrain, ytrain)
# todo Tk A

yhat = model.predict(xtest)

# FE IR H AR E

print(" EE S RIERHSCARE ")
print(classification_report(ytest, yhat))
# auc

print('AUC: "', roc_auc_score(ytest, yhat))

# todo T
pred = model.predict(data_to_predict)

print("HU45 R : ", pred[:8])
print(color(f"Hfi#: {pred[:8].sum() / len(pred[:8]1)}"), )
print("TI45R: ", pred[8:])

print(color(f" Wi % : {pred[8:].sum() / len(pred[8:1)}"), )
print('-"'%*100)



Fi7Al:  AdaBoostClassifier()
FE G KRR AR SRR

precision recall fl-score support

0 0.76 0.90 0.83 355

1 0.53 0.28 0.36 137

accuracy 0.73 492
macro avg 0.65 0.59 0.60 492
weighted avg 0.70 0.73 0.70 492

AUC: 0.5907988074431992
HmsEF: [0 000000 0]

AEF%: 0.0

s R: [0000000 0 0]

HEWi%: 0.0

FiAY. BaggingClassifier()

T E Iy LA AR

precision recall fl-score  support

0 0.81 0.90 0.85 355

1 0.64 0.44 0.52 137

accuracy 0.77 492
macro avg 0.72 0.67 0.69 492
weighted avg 0.76 0.77 0.76 492

AUC: 0.671090778246119
s E: [000 000 0 0]

AEE: 0.0
ML F: [00 000000 0]
. 0.0

EAY:  ExtraTreesClassifier()
T B FRARAR I SCA AR

precision recall fl-score support

0 0.84 0.86 0.85 355

1 0.62 0.56 0.59 137

accuracy 0.78 492
macro avg 0.73 0.71 0.72 492
weighted avg 0.78 0.78 0.78 492

AUC: 0.7134162640074021



s F: [00 00000 0]
#EMh%: 0.0

HMsEF: [00 000000 0]
#EM=x: 0.0

FiAl.  GradientBoostingClassifier()
T E G KRR AR SRR

precision recall fl-score  support

0 0.78 0.91 0.84 355

1 0.60 0.34 0.43 137

accuracy 0.75 492
macro avg 0.69 0.62 0.64 492
weighted avg 0.73 0.75 0.73 492

AUC: 0.6242212398478463
WMsER: [1110000 0]

W% 0.375

HMsEF: [00 000000 0]

#EMh%: 0.0

7.  RandomForestClassifier()

E RO FRARARI AR

precision recall fl-score  support

0 0.82 0.89 0.85 355

1 0.63 0.50 0.56 137

accuracy 0.78 492
macro avg 0.73 0.70 0.71 492
weighted avg 0.77 0.78 0.77 492

AUC: 0.6954867893492342
HMsEF: [0000000 0]
#E%x: 0.0

M4 E: [00 000000 0]
% 0.0

4. XGBoost

from xgboost import XGBClassifier as XGBC
from xgboost import XGBRFClassifier as XGBRFC



models xgb = [
XGBC(),
XGBRFC(),

for model in models_xgb:
print("fi%: ", model)
xtrain, xtest, ytrain, ytest = train_test_split(X, Y, test_size=test_size, random_state=10, shuffle=True)

# todo 4l 44
model.fit(xtrain.values, ytrain)
# todo TR X4

yhat = model.predict(xtest.values)

# EE I RIRIR SRS
print (' FE ) RIGARHICARSE ")
print(classification_report(ytest, yhat))

# auc
print('AUC: "', roc_auc_score(ytest, yhat))

# todo Tl
pred = model.predict(data_to_predict)

print("HMI45 R : ", pred[:8])
print(color(f"#ffi%: {pred[:8].sum() / len(pred[:8]1)}"), )
print("THM SR : ", pred[8:])

print(color(f"IHi%: {pred[8:].sum() / len(pred[8:1)}"), )
print('-"'%*100)



7. XGBClassifier(base_score=None, booster=None, colsample_bylevel=None,

[18:35:41] WARNING: C:/Users/Administrator/workspace/xgboost-win64 release_1.4.0/src/learner.cc:1095:

colsample_bynode=None, colsample_bytree=None, gamma=None,
gpu_id=None, importance_type='gain', interaction_constraints=None,
learning_rate=None, max_delta_step=None, max_depth=None,
min_child_weight=None, missing=nan, monotone_constraints=None,
n_estimators=100, n_jobs=None, num_parallel_ tree=None,
random_state=None, reg_alpha=None, reg_lambda=None,
scale_pos_weight=None, subsample=None, tree_method=None,
validate_parameters=None, verbosity=None)

Starting in XGBoost 1.3.0, the defaul

t evaluation metric used with the objective 'binary:logistic' was changed from 'error' to 'logloss'. Explicitly set eval metric if you'd 1li
ke to restore the old behavior.
Ty FARAR I SCA AR

accuracy
macro avg
weighted avg

precision recall fl-score  support
0.82 0.85 0.84 355

0.58 0.52 0.55 137

0.76 492

0.70 0.69 0.69 492

0.75 0.76 0.76 492

AUC: ©.6858846509715225
M4 E: [000 000 0 0]

HEM%: 0.0

HmsES: 00001010 0]
WM. 0.2222222222222222

Bi%: XGBRFClassifier(base_score=None, booster=None, colsample_bylevel=None,

[18:35:41] WARNING: C:/Users/Administrator/workspace/xgboost-win64 release_1.4.0/src/learner.cc:1095:

colsample_bytree=None, gamma=None, gpu_id=None,
importance_type='gain', interaction_constraints=None,
max_delta_step=None, max_depth=None, min_child_weight=None,
missing=nan, monotone_constraints=None, n_estimators=100,
n_jobs=None, num_parallel_ tree=None,
objective='binary:logistic', random_state=None, reg_alpha=None,
scale_pos_weight=None, tree_method=None,
validate_parameters=None, verbosity=None)

t evaluation metric used with the objective 'binary:logistic' was changed from 'error' to 'logloss’.
ke to restore the old behavior.

T B KRR AR

precision recall fl-score support
0.78 0.94 0.85 355
0.67 0.32 0.43 137

Starting in XGBoost 1.3.0, the defaul
Explicitly set eval _metric if you'd 1i



accuracy 0.77 492
macro avg 0.72 0.63 0.64 492
weighted avg 0.75 0.77 0.74 492

AUC: 0.6295980261128816

T4 R: [0000000 0]
. 0.0

s R: [000000 00 0]
HEM%: 0.0

5. BP

from hmz.math_model.predict import BP

test_size = 0.3
hidden_num = [5]
lr=0.01

epoch=10
batch_size=64
activate='relu’
criterion=None
optimizer="adam'
normalization=True

def run_BP(X=X, Y=Y):
xtrain, xtest, ytrain, ytest = train_test_split(
np.array(X, dtype=float),
np.squeeze(np.array(Y, dtype=float)),
test_size=test_size,
random_state=1,
shuffle=True,

)
# print(ytrain, type(ytrain), type(ytrain), ytrain.shape)
bp = BP(
X.shape[1], hidden_num, 2,
1r=1r,
epoch=epoch,
optimizer=optimizer,
)

bp.train(xtrain, ytrain)
yhat = bp.predict(xtest).cpu().detach().numpy()

# FE IR ORI E
print (' EE BRI SCAME )



print(classification_report(ytest, yhat))
# auc
print('AUC:"', roc_auc_score(ytest, yhat))

# todo Tl
pred = bp.predict(data_to_predict)
print("FI45R: ", pred[:8])
print(color(f"# 1% % : {pred[:8].sum() / len(pred[:8])}"), )
print("THIMEER: ", pred[8:])
print(color(f"& %% : {pred[8:].sum() / len(pred[8:1)}"), )
return bp
bp = run_BP()

Layer (type) Output Shape Param #
Linear-1 [64, 5] 40
Linear-2 [64, 5] 40

RelU-3 [64, 5] 0
RelU-4 [64, 5] 0
Linear-5 [64, 2] 12
Linear-6 [64, 2] 12

Total params: 104

Trainable params: 104

Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): 0.01
Params size (MB): ©.00

Estimated Total Size (MB): ©0.01

epoch: 9, train acc: 0.72, train loss: 8.36, eval acc: 0.73, eval loss: 2.25: 190%|-| 10/10 [00:00<00:00, 19.79it/s]



T B Ir RARAR I SCA R

precision recall fl-score  support

0.0 0.76 0.96 0.85 358

1.0 0.62 0.19 0.30 134

accuracy 0.75 492
macro avg 0.69 0.57 0.57 492
weighted avg 0.72 0.75 0.70 492

AUC: 0.5746685566580505

M4 R tensor([0, @, 0, @, 0, 0, 0, 0], device='cuda:0")
HH6F: 0.0

s %.  tensor([1, 1, 1, 1, 1, 1, 1, 1, 1], device="cuda:0"')
G 1.0

= E

TRNE S S1E- 2

BT EF—TF0NEMER, ARREMUNRSERAES G, REITESER

AR

X = pd.concat([data_partl.iloc[:, 1:], data_part3.iloc[:, 1:], data_part4_need.iloc[:, 1:]], axis=1)
Ys = data_part2_.iloc[:, 1:]

cond = (pd.notna(X).iloc[:, @] == True)
remain_index = X[cond].index

X = X[cond]
Y = Ys[cond].replace(to_replace=[True, False], value=[1, 9])
print(X.shape, Y.shape)

(1640, 7) (1640, 4)

FUlEtR: ZetmElT. R, FBHVIRRMK. XGBoost, BP
# todo X2/ it &5 A

def is_qualified2(x):
return 77.78 < x[0] < 80.33 and x[1] < 24.15 and x[2] < 17.15 and x[3] < 15.62

BREE R MERR R



# todo all sklearn models: T4 sklearn T[] CELF) [A] ) Y

from copy import copy

from sklearn.linear_model import LinearRegression as LR

from sklearn.tree import ExtraTreeRegressor as ETC, DecisionTreeRegressor as DTC
from sklearn.ensemble import AdaBoostRegressor as ABC

from sklearn.ensemble import BaggingRegressor as BC

from sklearn.ensemble import ExtraTreesRegressor as ETC

from sklearn.ensemble import GradientBoostingRegressor as GBC

from sklearn.ensemble import RandomForestRegressor as RFC

from xgboost import XGBRegressor as XGBC

from xgboost import XGBRFRegressor as XGBRFC

models name = [
"R mEE",
3 LA
“BEAL AR,
"XGBoost",

models = [
LR(),
ETC(),
RFC(),
XGBC(),

# XGBRFC(),

for model in models:

print("fZi%: ", model)

xx = np.array(X) # (n, 7)

yy = np.array(Y) # (n, 4)

xtrain, xtest, ytrain, ytest = train_test_split(
XX, Yy,
test_size=0.3,
random_state=10,
shuffle=True,

)
yhats = []
ypreds = []

for i in range(yy.shape[1]):
m = copy(model)
m.fit(xtrain, ytrain[:, i])
yhat = m.predict(xtest)



yhats.append(list(yhat))
ypred = m.predict(data_to_predict)
ypreds.append(list(ypred))

yhats = pd.DataFrame(yhats, index=["#8#RA", "{545B", "fEHrC", "FEFxD"]).T
ytest = pd.DataFrame(ytest, columns=["fE#rA", "f5FrB", "JEbrC", "45F5D"])
yhats = np.squeeze(pd.DataFrame(yhats.apply(is_qualified2, axis=1)))
ytest = np.squeeze(pd.DataFrame(ytest.apply(is_qualified2, axis=1)))

# FEIP IR AR E

print (' FE 3 RIARKSCARE ")
print(classification_report(ytest, yhats))
# auc

print('AUC:"', roc_auc_score(ytest, yhats))
print()

# todo Tl 45 R
ypreds = pd.DataFrame(ypreds, index=["f§FrA", "f&FsB", "fEFsC", "fEFRD"]).T
ypreds = np.array(pd.DataFrame(ypreds.apply(is_qualified2, axis=1)))
pred = ypreds
pred = np.reshape(ypreds, (-1, 1))
print("HU45 R : ", pred[:8])
print(color(f"& %% : {pred[:8].sum() / len(pred[:8])}"), )
print("FM SR : ", pred[8:])
print(color(f"& %% : {pred[8:].sum() / len(pred[8:1)}"), )
print('-"'%*100)



FEAL:  LinearRegression()
FE G KRR AR SRR

precision recall fl-score support

False 0.77 0.62 0.69 355

True 0.35 0.53 0.42 137
accuracy 0.59 492
macro avg 0.56 0.57 0.55 492
weighted avg 0.66 0.59 0.61 492

AUC: 0.5748740618895858

W& R:  [[False]
[False]
[False]
[False]
[False]
[False]
[False]
[False]]
HHE: 0.0
45 F . [[False]
[False]
[ True]
True]
True]
True]
[ True]
[False]
[False]]
&M% : 0.5555555555555556
FEA.  ExtraTreesRegressor()
T KRR SRR

— o

precision recall fl-score support

False 0.84 0.85 0.85 355

True 0.60 0.59 0.60 137
accuracy 0.78 492
macro avg 0.72 0.72 0.72 492
weighted avg 0.78 0.78 0.78 492

AUC: 0.7209725506322607



g R [[ True]
[ True]
[ True]
[False]
[False]
[False]
[ True]
[ True]]

G % 0.625

T4 R:  [[False]
[False]

[ True]

[ True]

[ True]

[ True]
[ True]
[False]
[False]]

5 4% % : 0.5555555555555556

7. RandomForestRegressor()

T KRR SCA R

precision recall fl-score support

False 0.83 0.84 0.83 355

True 0.57 0.54 0.55 137
accuracy 0.76 492
macro avg 0.70 0.69 0.69 492
weighted avg 0.75 0.76 0.76 492

AUC: 0.6911997532641102

W& R: [[ True]
[ True]
True]
True]
True]
True]
True]
[ True]]
Gk % 1.0
s 5. [[False]
[False]
[ True]
[ True]

[l e W B W |



[ True]
[ True]
[ True]
[False]
[ True]]
EHF: 0.6666666666666666
M : XGBRegressor(base_score=None, booster=None, colsample_bylevel=None,
colsample_bynode=None, colsample_bytree=None, gamma=None,
gpu_id=None, importance_type=‘gain', interaction_constraints=None,
learning_rate=None, max_delta_step=None, max_depth=None,
min_child_weight=None, missing=nan, monotone_constraints=None,
n_estimators=100, n_jobs=None, num_parallel tree=None,
random_state=None, reg_alpha=None, reg_lambda=None,
scale_pos_weight=None, subsample=None, tree_method=None,
validate_parameters=None, verbosity=None)

B RARARI SCA MR

precision recall fl-score  support

False 0.85 0.83 0.84 355

True 0.59 0.61 0.60 137
accuracy 0.77 492
macro avg 0.72 0.72 0.72 492
weighted avg 0.78 0.77 0.77 492

AUC: 0.7234707515163977

g R:  [[False]
[False]
[False]
[False]
[False]
[False]
[False]
[False]]
G 0.0
T4 5. [[False]
[False]
[ True]
[False]
[False]
[ True]
[False]
[False]
[False]]



# todo my bp nn model: HC 'S5/ BP 4 M 4%
from hmz.math_model.predict import BP

test_size = 0.3
hidden_num = [10]
1r=0.01

epoch=10
batch_size=64
activate="relu’
criterion=None
optimizer="adam'
normalization=True

def run_BP(X=X, Y=Y):

print("BPFELA: ™)

xx = np.array(X, dtype=float) # (n, 7)

yy = np.array(Y, dtype=float) # (n, 4)

xtrain, xtest, ytrain, ytest = train_test_split(
XX, VY,
test_size=0.3,
random_state=10,
shuffle=True,

)
yhats = []
ypreds = []
for i in range(yy.shape[1]):
bp = BP(
X.shape[1], hidden_num, 1,
lr=1r,

epoch=epoch,
optimizer=optimizer,
activate='sigmoid"',

)

bp.train(xtrain, ytrain[:, i])
yhat = bp.predict(xtest).cpu().detach().numpy()
yhats.append(list(yhat))
ypred = bp.predict(data_to_predict).cpu().detach().numpy()
ypreds.append(list(np.squeeze(ypred)))
# print(ypreds)
yhats = pd.DataFrame(yhats, index=["#EFrA", "48FRrB", "48hrC", "4545D"]).T
ytest = pd.DataFrame(ytest, columns=["#gFrA", "$8FRB", "$845C", "F545D"])



yhats = np.squeeze(pd.DataFrame(yhats.apply(is_qualified2, axis=1))).astype(float)
ytest = np.squeeze(pd.DataFrame(ytest.apply(is_qualified2, axis=1))).astype(float)
print(ytest)
# print(yhats, ytest)
# E B RIRhR B SRR
print (' EE N RIBIFH AR S ")
print(classification_report(ytest, yhats))
# auc
print('AUC:"', roc_auc_score(ytest, yhats))
print()

# todo T 45
ypreds = pd.DataFrame(ypreds, index=["f&#trA", "fitsB", "fEAnC", "4EFD"]).T
ypreds = np.array(pd.DataFrame(ypreds.apply(is_qualified2, axis=1)))
pred = ypreds

# pred = np.reshape(ypreds, (-1, 1))
print("FI4EER: ", pred[:8])
print(color(f"& %% : {pred[:8].sum() / len(pred[:81)}"), )
print("FM45R: ", pred[8:])
print(color(f" &% % . {pred[8:].sum() / len(pred[8:1)}"), )
print('-"'*100)
return bp

bp = run_BP()

BPAH 7Y

Layer (type) Output Shape Param #
Linear-1 [64, 10] 80

Linear-2 [64, 10] 80

Sigmoid-3 [64, 10] 0

Sigmoid-4 [64, 10] 0

Linear-5 [64, 1] 11

Linear-6 [64, 1] 11

Total params: 182

Trainable params: 182

Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): 0.02
Params size (MB): ©.00

Estimated Total Size (MB): 0.02

epoch: 9, train loss: 62632.07, eval loss: 16166.99: 100% || ENNEENNEEEGEGEGEEEEEEEEEE | 10/10 [©00:00<00:00, 22.90it/s]



Linear-1 [64, 10]
Linear-2 [64, 10]
Sigmoid-3 [64, 10]
Sigmoid-4 [64, 10]
Linear-5 [64, 1]
Linear-6 [64, 1]

Total params: 182

Trainable params: 182

Non-trainable params: ©

Input size (MB): ©.00
Forward/backward pass size (MB): 0.02
Params size (MB): 0.00

Estimated Total Size (MB): ©.02

Layer (type) Output Shape
Linear-1 [64, 10]
Linear-2 [64, 10]

Sigmoid-3 [64, 10]
Sigmoid-4 [64, 10]
Linear-5 [64, 1]
Linear-6 [64, 1]

Total params: 182

Trainable params: 182

Non-trainable params: ©

Input size (MB): ©.00
Forward/backward pass size (MB): 0.02
Params size (MB): 0.00

Estimated Total Size (MB): ©.02

epoch: 9, train loss: 45.21, eval loss: 10.84:

1e0% | NN | 10/10 [00:00<00:00, 22.87it/s]



Linear-1 [64, 10]
Linear-2 [64, 10]
Sigmoid-3 [64, 10]
Sigmoid-4 [64, 10]
Linear-5 [64, 1]
Linear-6 [64, 1]

Total params: 182
Trainable params: 182
Non-trainable params: ©

Input size (MB): ©.00
Forward/backward pass size (MB): 0.02
Params size (MB): 0.00

Estimated Total Size (MB): ©.02

epoch: 9, train loss: 317.33, eval loss: 82.73:

1007 | IR | 10/10 [00:00<00:00, 21.42it/s]



AwWNRO®
O 000
O 000

487 1.0
488 0.0
489 0.9
490 1.0
491 0.0

Name: ©, Length: 492, dtype: float64
Ty FEARAR I SCA AR

precision recall fl-score  support

0.0 0.72 1.00 0.84 355

1.0 0.00 0.00 0.00 137

accuracy 0.72 492
macro avg 0.36 0.50 0.42 492
weighted avg 0.52 0.72 0.60 492

AUC: 0.5

T4 . [[False]
[False]
[False]
[False]
[False]
[False]
[False]
[False]]
GH%K: 0.0
W4 R: [[False]
[False]
[False]
[False]
[False]
[False]
[False]
[False]
[False]]
S %E: 0.0



IR TRENREE R /9 doge

index_num = Y.shape[1]
index_name = ["#R4RA", "fEbRB", "fEFRC", "$RARD"]
index_colors = ["red", "lightpink", "darkorange", "khaki", "green", "lightgreen", "blue", "lightblue"]

models name = [
"XGBoost",

]

models = [
XGBC(),
]
model name = 'XGBoost'
datadata = []
width = 1000
height = 700

for model in models:

print("f<%: ", model)

xx = np.array(X) # (n, 7)

yy = np.array(Y) # (n, 4)

xtrain, xtest, ytrain, ytest = train_test_split(
XX, Yy,
test_size=0.3,
random_state=10,
shuffle=True,

)
yhats = []
ypreds = []

for i in range(yy.shape[1]):
m = copy(model)
m.fit(xtrain, ytrain[:, i])
yhat = m.predict(xtest)
yhats.append(list(yhat))

ypred = m.predict(data_to_predict)
ypreds.append(list(ypred))

# 1 &

fig y = m.predict(xx)

datadata.append(go.Scatter(
x=data_partl.iloc[:, 0], y=yy[:, i],
name=index_name[i] + "-ESZ{H",



line=dict(color=index_colors[i * 2 + 1], width=1)),
)
datadata.append(go.Scatter(
x=data_partl.iloc[:, 0], y=fig y,
name=index_name[i] + "-FilIME ",
line=dict(color=index_colors[i * 2], width=1)),

)

# todo . £z

cols = ["$RFFA", "fHARB", "IEIRC, "fRARD"][i]

Yhat = pd.DataFrame(fig_y)

Y.index = [i for i in range(len(yy[:, i]))]

Y_data = pd.concat([pd.Series(yy[:, i]), pd.Series(fig y)], axis=1)
Y_data.columns = ["HESEH", "TMI{E"]

Y_data.figure(
kind="'spread',
color=[index_colors[i * 2 + 1], index_colors[i * 2]],
title="#:T' + model _name + 'ff' + cols + 'FRMIFEAL",
).write_image('./img/[3-%F"' + model _name + '[' + cols + 'TiMIFEA .svg', width=width, height=height)

yhats = pd.DataFrame(yhats, index=["#8#5rA", "{845B", "fEHrC", "FE#xD"]).T
ytest = pd.DataFrame(ytest, columns=["f8#rA", "f5FrB", "FEFrC", "45FRD"])
yhats = np.squeeze(pd.DataFrame(yhats.apply(is_qualified2, axis=1)))
ytest = np.squeeze(pd.DataFrame(ytest.apply(is_qualified2, axis=1)))

# LB R H AR E

print(' EE S RIBIRAICARE )
print(classification_report(ytest, yhats))
# auc

print('AUC: "', roc_auc_score(ytest, yhats))
print()

# todo THIN 4, R
ypreds = pd.DataFrame(ypreds, index=["{g#rA", "fE4rB", "fEbrC", "FEFED"]).T
ypreds = np.array(pd.DataFrame(ypreds.apply(is_qualified2, axis=1)))
pred = ypreds
pred = np.reshape(ypreds, (-1, 1))
print("FM &5 R: ", pred[:8])
print(color(f" &5 {pred[:8].sum() / len(pred[:8])}"), )
print("TMIZ5 K. ", pred[8:])
print(color(f"& %% {pred[8:].sum() / len(pred[8:1)}"), )
print()



# i &
fig = go.Figure(data=datadata, )

annotations = []
annotations.append(dict(
x=0.5, y=-0.1,
xref="paper', yref='paper',
xanchor="center', yanchor="'top"',
text="MH[A]",
font=dict(size=16),
showarrow=False,
)
fig.update_layout(
title="2T "' + model_name + 'fJFBFR T ARAL ",
annotations=annotations,
template="plotly white",
)
fig.write_image('./img/ i @3- T ' + model_name + '[JIEFsTHM AL . svg', width=width, height=height)
fig.show()



il .  XGBRegressor(base_score=None, booster=None, colsample_bylevel=None,
colsample_bynode=None, colsample_bytree=None, gamma=None,
gpu_id=None, importance_type='gain', interaction_constraints=None,
learning_rate=None, max_delta_step=None, max_depth=None,
min_child_weight=None, missing=nan, monotone_constraints=None,
n_estimators=100, n_jobs=None, num_parallel tree=None,
random_state=None, reg_alpha=None, reg_lambda=None,
scale_pos_weight=None, subsample=None, tree_method=None,
validate_parameters=None, verbosity=None)

B RARARI SCA R

False
True

accuracy
macro avg
weighted avg

precision recall f1-score
0.85 0.83 0.84

0.59 0.61 0.60

0.77

0.72 0.72 0.72

0.78 0.77 0.77

AUC: 0.7234707515163977

T4 F . [[False]

[False]
[False]
[False]
[False]
[False]
[False]
[False]]
Gi%E: 0.0

4 . [[False]

[False]
[ True]
[False]
[False]
[ True]
[False]
[False]
[False]]

LM 9.2222222222222222

support

355
137

492
492
492
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