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5.1 HIEFERAE

AR HIIROK B BT s A8 bR A5 AR Z2 AP 2, 3k 5.1 v, pH 2 B2 57K 1Y 2 B B2 19 45 b
T B K TR EIE Y B AR AR A BB SR SR R K TR B SR SE AR R
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F5.1 XEEMER

x # W 1 X % A EH
pH VA VR TR L S % el 3 2 R A oA
Iron BT E A/ R B S SBE AR
Nitrate TR A £ R AIR I V32 4 g
Chloride R wERL
Lead Bt % ELJE TR, MR faF E R
Zinc BT R WEJETE B fEE
Color i, AR B ALY
Turbidity Pl A YA R bR
Fluoride mALY EEEiE R
Copper iR B4R ICE bR L F R
Odor LS A0 T 52 1t 200 T A A 0 AR T
Sulfate B R 6 AR B E A E
Conductivity ER F L AN
Chlorine ALK HHEAGW N EEEERAL
Manganese (T IR E R EENME RS
Total Dissolved Solids S [ A IR EHLER A VLY A
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X £ W & X bril =
Source KR IR K SF YA
Water Temperature KR AR A X
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5.1 HARIEHREER

TE AL 5 B R AE 1) 5 1 H5HE H L Sk U (Source) 5 B8 (Color) A2 2 51 J& 4 1 I 1h i .
R FEAE AR BOE S B . 2800 JE A WA A 5 5 — iR B e 2 B A 4
WA J) — PR B R B bR 2 A g — 23R4T 20 B . RO AL B A58 D AT DA T Ol B 2
R B BOR 58 . o BUE R B AR AR 2 R PR A7 AE param_distribute_list B2 & 44 1, fff
FHIUE 5 22 i BGHAT L 5T

for column in param_distribute list:

most_frequent_value = df[ colunn] . mode( ). values[0]

df[column]. fillna(most_ frequent value, inplace = True)
print(column, 'fillsuccessed')

5.1.2 #1te#bs»F
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def plot distribute(df, titles):
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fig, axs = plt. subplots(nrows = 4, ncols = 4, figsize= (12,12))
for i in range(16):
title = titles[1]

row=1//4
col=1%4

ax = axs[row][col]
data = df[ title]

ax. hist(data, bins = 50)

ax.set_title(title)
plt. tight layout()
plt. show()
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P A B 08 K WL IE A ., ER  I AS  A ELF LogNormal 894340 KIME . AT DL £ 3%
B, 15 8 & 5. 3 Fis B IE 2S00 .

LogNormal Freq Normal Freq

74
50

40

30

20

10

00 1000 2000 3000 4000 0 515 60 6.5 70 75 8.0 8.5
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5.1.3 #Fdh4a
SRR FARREE AN G W P A BRI s E AR =T LIE AL A
W S A 5.4 R,

def plot box woNaN(df, titles):
plt. figure(figsize = (12,12))
data=1[]
for title in titles:
tmp = df[ title]. dropna()
data. append(tmp)
plt. boxplot(data)
plt. xticks([1i+ lforiinrange(len(titles))], titles)

plt. show()
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B T EHEAT AR A A 56 ok A W 2% A 4 A 2 8] B S P DR OR A A0 5 BRURUC &R L
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Heatmap of feature relationships

pH .—0.01 -0.01 -0.01 -0.0 -0.0 -0.01-0.01 -0.01 -0.01-0.01 0.0 -0.01-0.01
Iron 70.0].0.05 0.06 0.01 0.02 0.07 0.05 0.07 0.05 0.04 0.0 0.04 0.06

Nitrate SRR .0.06 0.01 0.02 0.07 0.05 0.06 0.05 0.04 0.0 0.04 0.06

Chloride 0.06 0.06 .0.01 0.03 0.08 0.06 0.07 0.05 0.04 —0.0 0.05 0.06
Ik —0.0 0.01 0.01 0.01 .0.01 0.02 0.01 0.02 0.01 0.01 —0.0 0.01 0.01
At —0.0 0.02 0.02 0.03 0.01 . 0.03 0.02 0.03 0.02 0.02 .0 0.02 0.03

IAGIE -0.01 0.07 0.07 0.08 0.02 0.03 .0.07 0.09 0.06 0.05 .0 0.06 0.08

Fluoride 0.05 0.05 0.06 0.01 0.02 0.07.0.06 0.05 0.04 .0 0.04 0.06
[&gslsS8—0.01 0.07 0.06 0.07 0.02 0.03 0.09 0.06 . 0.06 0.05 -0.0 0.05 0.07
[k 0.01 0.05 0.05 0.05 0.01 0.02 0.06 0.05 0.06 .0.03 -0.0 0.04 0.05

NITEEE -0.01 0.04 0.04 0.04 0.01 0.02 0.05 0.04 0.05 0.03 .70,0 0.03 0.04

Conductivity JHUXUSONENXU d ! d i .0 -0.0 -0.0 —0.0 . -0.0 0.0
Chlorine i d ! 4 ! X 4 0.05 0.04 0.03 —0.0 .0.05 0.02
Manganese $(IX d i / 1 ! i i 0.07 0.05 0.04 0.0 0.05.0.03
Total Dissolved Solids EiXUVEVERR X / ! : 4 4 .04 0.03 0.02 0.0 0.02 0.03 . 0.0

Water Temperature (XKUY I . ! J : . .0 -0.0 0.0 —0.0 -0.0 0.0 0.0 .
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from sklearn. cluster import KMeans
n clusters=5
boundary = {}
cluster table = PrettyTable()
labels = [ "parameter", "total" ]
labels. extend( [ iforiinrange(n clusters)])
cluster table.field names = labels
fig, axs = plt. subplots(nrows = 4,ncols = 4, figsize = (12,12))
for i I nrange(16):
row=1//4
col=1%4
ax = axs[row][col]
param = plot param[ i]
temp = np. array(df[ param]). reshape( - 1,1)
kmeans = KMeans(n_clusters=5). fit(temp)
result = kmeans. predict(temp)
counts = np. bincount (kmeans. labels )
centers = kmeans. cluster centers_
boundary[ param] = [ item[ 0 ]foritemincenters]
boundary|[ param] . sort()
total = sum(counts)
row = [ param, total]
for j in range(len(counts)):

row. append('{}({} % )'. format (round(centers[j][0],3), round(counts[ j]/total * 100,

1)))
cluster table.add row(row)
ax. scatter(result, temp)
ax.set _title(param)

plt. tight layout()

plt. show()
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Copper Odor Sulfate Conductivity
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parameter total 0 1 2 K} 4

9.225 7.962 5.73 6. 988 2.536

pH P906542 6.7%) (41.2%) (7.9%) 42.1%) | 2.1%)
0. 036 3.663 1. 862 0.726 6. 987

fron P9BAZ | 48 300y 0.6%) (1.7%) (4.3%) 0.1%)
e st 13. 536 5. 635 3.054 8.539 22.718
(4.8%) (37.5%) (32.0%) (24.8%) (1.0%)

. 452. 565 155. 521 306. 43 217. 386 90. 894

Chloride p9n6siz (1.8%) (39.2%) (7.1%) (33.1%) | (18.8%)
0.0 1.155 2. 234 0.559 0.199

Lead poR6siz (99.7%) 0.0%) 0.0%) 0.1%) 0.2%)
. 0. 349 4,386 8. 267 1.375 2.665

Zinc POOBAZ |y 500 (9.1%) (1.3%) 27.9%) | 17.3%)
- 0.125 0. 784 4,136 2.114 7.686
Turbidity PIEBAZ | 6r 4oty (24.6%) (2.1%) (5.4%) 0.5%)
. 0.277 2,832 0. 901 4,809 1.638

Fluoride PIBAZ L v (4.6%) (32.2%) (1.2%) | (20.9%)
0.118 0. 953 3. 686 1,956 0. 492

Copper PIEBAZ | 47 7u (7. 2%) (1.2%) A.7%) | (29.3%)
0.329 2.81 1.987 1.155 3.702

Odor P9RB8AZ  os 1) (22.5%) (22.8%) (22.8%) | (8.9%)
Sulfate 5056842 232.941 58.773 166. 716 395.138 112. 667

(15.3%) (20.0%) (27.7%) (2.3%) | (34.8%)

. o 307. 56 634,733 895. 375 457. 837 146. 322

Conductivity PIRBSAZ o 6t (17.2%) (5.3%) (29.2%) | (15.6%)
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parameter al 0 1 2 3 4
L 3.978 2.769 5.188 3.353 2. 084
7g  Chlorine PIBAZ | s 39 (29.7%) (4.2%) (31.2%) | (12.6%)
Manganese Sos6819 0. 692 0.017 7.018 1. 829 3.654
(4.3%) (93.3%) 0.1%) (1.7%) 0.6%)
Total Dissolved 381.784 159. 914 270. 139 492.53 52.587
Solids P99681Z (20.9%) (20.4%) (20.9%) a7.7%) (20.0%)
Water 16. 268 39. 368 25.735 8.301 64.561
Temperature P99681z (36.3%) (8.7%) (21.5%) (31.8%) (1.8%)

5.1.6 #%E %D

Ko SR DR B €0 25 D s 00 P A AT B R R AT L R T R AR A Y R
1 R (B A A o BT LICRE H R il 2 6 B R LM/ HES ) 22 5 o 0 ICAS - 24 {8 ]
PAFRAR A A 130 5 i A 5.7 i

In [21): |4 «+ BE

boundary={ pH : [6.1335469477456786, 7.106276274862338, 7.819637046992847, 8.776888599296141],
*Iron’: [0.38127865332625807, 1.2946989082716103, 2.76332265845806257, 5.3263707747977875],
’Nitrate’: [4.601350085687351, 7.2605373059972695, 11.18162458047602, 18.301061122216716],
’Chloride’: [140.67118625240082, 195.62100081698213, 267.01045146056487, 382.94199063637154],
"Lead’: [0.09974237089614602, 0.3790696762087246, 0.856850804197288, 1.6946285779001191],
*Zinc’: [0.9180926667632409, 2.096214834198775, 3.6077595637983237, 6.420128535447466],
*Turbidity’: [0.4514498071323091, 1.4312469963531507, 3.0880407803298646, 5.863283158856998],
’Fluoride’: [0.6190715167800545, 1.2897434615119554, 2.2578636191079937, 3.8556104989146074],
’Copper’: [0.31455383842423407, 0.7290830481140268, 1.465557661443608, 2.842737699751058],
*Odor’: [0.815472884223346, 1.623481710948747, 2.4272220621918885, 3.2656449376283204],
’Sulfate’: [101.6456047594126, 152.18193662712707, 210.7892936536984, 325.6481766445204],
’Conductivity’ : [280.28995894816927, 420.92788926005073, 575.5126813789565, 787.0230156857241],
’Chlorine’: [2.5722287230379295, 3.144791654915469, 3.7135040830016903, 4.60687900977819],
’Manganese’ : [0.355678435357901067, 1.2651839507711178, 2.7540954914138073, 6.36415660058146],
’Total Dissolved Solids’: [105.14409630002616, 212.8755446306955, 323.38927052742724, 435.22447743220505],

’Water Temperature’: [13.547139896752391, 22.15435607563447, 33.809684041556935, 53.56371198377449]

labels=|

’Color’: ['Colorless’, ’Faint Yellow’, 'Light Yellow’, ’Near Colorless’,’Yellow'],
*Source’: ['Lake’, "River’, 'Ground’, ’Spring’, ’Stream’, Aquifer’, Reservoir’, "Well’]
)

B 5.7 BEELR

def discretizing(x,boundary) :
if x:
for i in range(len(boundary)) :
if x< = boundary[i]:
return i+ 1
return len(boundary) + 1
else:
return 0

def labelize(x, labels):
if x:
ret=1
for i in labels:
if x==1:
return ret
else:
ret+=1
return 0



def preprocess(df, boundary, labels, droplist) :
df = df. drop(columns = droplist)
params = df. columns
ret = {}
for param in params:
print(param, 'isprocessing')
if paraminlabels:
tmp = df[ param]
ret[param] = tmp. apply(lambdax:labelize(x, labels[param])). tolist()
elif paraminboundary:
tmp = df[ param]
ret[param] = tmp. apply(lambdax:discretizing(x, boundary[ param])). tolist()
else:
ret[param] = df[ param]. tolist()
return pd. DataFrame(ret)

df = preprocess(rawData, boundary, labels, droplist)

ffi H preprocess O pRELAL B , JF 4f 10 B0 P B 5L an &l 5. 8 Fias .

pH Iron Nitrate Chiloride Lead Zinc Color Turbidity Fluoride Copper

count 5.956842e+06 5.956842e+06 5956842e+06 5956842e+06 5.956842e+06 5.956842e+06 5.956842e+06 5.956842e+06 5.956842e+06 5.956842e+06
mean 3.020542e+00 1.126386e+00 2.062556e+00 2294126e+00 9.983485e-01 2.017384e+00 2.696403e+00 1.474794e+00 2.026779e+00 1.944509e+00

std 1.038978e+00 5.259086e-01 9.980815e-01 1064442e+00 3.242213e-01 1.138243e+00 1.400062e+00 &.060060e-01 1.081924e+00 1.099401e+00

min 1. 00 1. 00 1. 00 1 00 0. 00 1. 00 0. 00 1. 00 1. 00 1. 00
25% 2 00 1 00 1. 00 1 00 1 00 1. 00 1. 00 1 00 1. 00 1 00 1
50% 3. 00 1 00 2. +00 2 00 1 00 2 00 3. 00 1 00 2. 00 2.0000 00
75% 4 00 1. 00 3. 00 3. 00 1. 00 3. 00 4 00 2 00 3. 00 3 00 4
max 5. 00 5 00 5. 00 5 00 5 00 5 00 5. 00 5 00 5. 00 5. 00

5.8 EELHSFEEE

5.1.7 ## %4

FERL AR 27 > rh B R S AL 1) A P, R R T B 5 B 6% LA DR A — A A IR A
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it RRAE T Ak AT

size2 = [np. sun(targety == 0),np. sum(targety==1) ]

plt.pie(size2,labels=['0",'1'],autopct="'%1.1f% % ')

plt. axis('equal')

plt. show()

Ji 4y %) B8040 v TE 48] ) L (B S A X 5 20 o BTk T 5] 4 e A [l R G A T R
FE I ZRZE 0 rp 32 3 IE 0 09 LA . X RS HOIb S i B8CHE AR AT 4 0 i R 3 L 48R 22 SR K AT LA
it down_sample O pREHEFT AL 3R, Xt BUE 22 Y REAS HE 47 R A, 0 B0 /D B A i i A7 0o

def down_ sample(data,ratio=8.0):

sampleA = df[df. Target == 1]
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sampleB = df[ df. Target == 0]
label ="'
if len(sampleA)> = len(sampleB) :
majority = sampleA
minority = sampleB
label = "JR/K"
else:
majority = sampleB
minority = sampleA
label = "JEIR K
print('currentmajorityis', label, ', ratiois', len(majority)/len(minority))
if len(majority)> len(minority) * ratio:
count = len(minority) * ratio
majority new = pd. resample(majority, replace = False,n_samples = count, random_state =
114514)
majority = majority new
ret = pd. concat([majority, minority])
return ret
= Hdha o1
from sklearn. model selection. split import KFold, train test split
df = down_sample(df) # balancethesamplecases
Y = df[ 'Target']
X = df. drop(columns = [ 'Target'])
A,A2,B,B2 = train_test split(X,Y, random state = 1314520, test size=0.3)
= Y E s
trainx = A. values
trainy = B. values
= g B
targetx = A2. values
targety = B2. values

FEIX BLRIOG 1 Bl RAE R k4 T . 3X L imbalanced-learn £ H ) RandomOverSampler
KAEAL L,

from imblearn. over sampling import RandomOverSampler as ros
ros = ros(random_state = 1314)

X_resample, Y resample = ros. fit_resample(trainx, trainy)
trainx, trainy = X_resample, Y resample

5.2 #RIEEGII 2k

WK B PIRR — >3 EEER R, W 23 R AL FE T SR AD R DL S 2

[\ DL R 42 iR 2= 3] vk P B B HL AR AR RN XGBoost, XS4 & T LLZE £ % CPU I 347
Yk .
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# randomforest
from sklearn. ensemble import Random ForestClassifier
# RandomForest

oldRandomForestClf = RandomForestClassifier (n_estimators = 150, max_depth = 15, min samples

split = 7, max features=15,n jobs= —1)

# traindata

oldRandomForestClf. fit(trainx, trainy)

& predictdata

predO01dRf = oldRandomForestClf. predict(targetx)

y2_score0ldRf = oldRandomForestClf. predict proba(targetx)[:,1]

Wt BIL 2R AR 00 B A 2 b i e 2 805 ST

+ n_estimators i T4 485 B 00 B0 F L 96 00 T 2 th 20 05 40K B8 40 B1RTORE GE )

Ui, B A5 BB
* max_depth FI T4 H B SRR 59 70 SURYIREE , By (R R 005

* max_features H] T4 i€ f BRAY 2 ﬂﬁﬁmiﬂﬂﬂllﬁ‘] AR R LER . AR R A

ik BEATL AR AR U ] U1 391 2 4 vk 2 i ot
LJLE:%?E%&@ﬁ%’P%E%’WEﬂ:ﬁﬁ%O

import xgboost as xgb

xgb_clf = xgb. XGBClassifier(tree method = 'gpu hist', gpu id=0)
# traindata

xgb clf. fit(trainx, trainy)

# predictdata

predxgb = xgb _clf. predict(targetx)

scorexgb = xgb_clf.predict proba(targetx)[:,1]

# YRR

From sklearn. tree import DecisionTreeClassifier
decisionTreeClf = DecisionTreeClassifier(max_depth=4)
# traindata

= R

From sklearn. tree import DecisionTreeClassifier
decisionTreeClf = DecisionTreeClassifier(max_depth = 4)
# traindata

decisionTreeClf. fit(X resample,Y resample)

# predictdata

predTree = decisionTreeClf. predict(targetx)

scoreTree = decisionTreeClf. predict proba(targetx)[:,1]
from sklearn. naive bayes import MultinomialNB

# Bayes

nbClf = MultinomialNB(alpha = 0.01)

# traindata

nbClf. fit(X resample,Y resample)

# predictdata

predBys = nbClf. predict(targetx)

y2_scoreBys = nbClf. predict proba(targetx)[:,1]

from sklearn. linear model import LogisticRegressionCV
1r = LogisticRegressionCV(max_iter = 3000)

# traindata

1lr. fit(X_resample, Y resample)
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# predictdata
predlr = 1r. predict(targetx)
y2_scorelr = 1r. predict_proba(targetx)[:,1]

5.2.2 BAGHA
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from sklearn. metrics impor make scorer
from sklearn.metrics import accuracy score,recall score, precision score
from sklearn.model selection import StratifiedKFold
from sklearn. model selection import GridSearchCV
param grid= {
'min_samples split':range(5,10), # { 'min_samples split':7}
'n_estimators':[100,150,200], # {'n_estimators':150}
'max_depth':[5,10,15], # { 'max_depth':15}
'max_features':[5,10,20] # { 'max_features':10}
}
scorers = {
'precision_score':make scorer(precision_score),
'recall score':make scorer(recall score),
'accuracy_score':make scorer(accuracy_score),
}
model = RandomForestClassifier(oob score = True,max depth= 10, random state = 230525)
param_dist = {
'max_depth':range(2,10,1),
'n_estimators':range(60,160,20),
'learning rate':[0.1,0.01,0.05]
}
model = GridSearchCV(xgb clf, param dist, scoring= 'fl1',cv=5,n jobs= —1)

XGBoost B2 B 15 P SRR (B B 43 2 A i B0t o o %, AR AR 18 R ALk
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'min_samples split':7;
'n_estimators':150;
'max_depth':15;
'max_features':10

XGBoost IS H4s 50
'learning rate':0.05;

'max_depth':9;
'n_estimators':140;

5.3 & By
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Class model_evaluator:
def init (self,y):



self. target =y

self.names = [ ]

self.pred =[]

self.prob=[]

self. trainT =[]

self. predT =[]

self. count = 0
def clear(self):

self.names = [ ]

self.pred=[]

self.prob=[]

self. trainT =[]

self. predT =[]
def add(self, name, pred, prob, trainT = 0.0, predT =0.0) :

self. names. append(name)

self. pred. append(pred)

self. prob. append(prob)

self. trainT. append(trainT)

self. predT. append(predT)

self. count = self. count + 1
def score(self):

self. table = PrettyTable()

self. table. field names = [ "Name", "Recall”, "Precision", "ROC", 'F1', 'Traintime', 'PredictTime’]

recall = recall score(self. target, [1for inrange(len(self.target))])

prec = precision score(self. target, [1for inrange(len(self.target))])

roc=0.5

f1 = f1 score(self. target, [1for inrange(len(self.target))])

self. table.add row([ 'Baseline',recall, prec,roc,f1,0,0])

for i inrange(self. count) :

recall = recall score(self.target, self.pred[i])

prec = precision_score(self. target, self. pred[i])
roc = roc_auc_score(self. target, self. prob[i])
f1=f1 score(self.target, self.pred[i])
recall = round(recall, 4)
prec = round(prec, 4)
roc = round(roc, 4)
f1 = round(f1,4)
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| Name

-
|
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13,357882022857666 | ©.2281808853149414 |
|
|
|
|
he

©.3833346296157319 8.5 8.4554746720037131

+
|
+
Baseline 1.8 | z
©.7125404801295364 | ©.7523319374893886 | 8.655581779465464
| @
|
|
|
+

5
|

+

| |

| DecisionTree | ©.6870552998155673

| Nature Bayes | 2.6357098409080686 | 8.44785664188509526 3.2621102333068848 |
| | | 42.869367361068726 |
| | 504.7433650493622 |
| | 97.34777665138245 |

0

.7809588187185153 | 8.5254995956134126 | 2.7879057693481445
0.8071067810687241 | ©.6385834224198392 | 42.54558038711543

9.9@56128865778573 | ©.8866827385813773 | 499.4749312400813
a

.9826889397813936 | 8.8261127343429771 | 96.45919489860535

| Logic Regression | ©.70311585627101188 | ©.5849008357240864
Random Forest ©.920210373213777 | ©.7180908557713263
XGBoost 5871183214816

2.9196855647688593 | 9.717
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Water Temperature
Conductivity
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Lead
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Sulfate

Total Dissolved Solids
Chlorine
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Nitrate
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Manganese

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
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feat importances = pd. Series(model. feature importances , index = X.columns)
feat importances.nlargest(25).plot(kind = 'barh')
print(X. columns)

i IR PSR AT LAAT B M f e A9 4 IE L 2 A A KR A (L R L R
pH UK AR Bk E R TR

TV A Ak BN Y-85 £ R 8

I R B A4 Ak BE T %

Qfap R AR 2R AL AL 73 L S 50
THEH W AL LBk
UIREPOSEE AL RN AR N

[ B O N N

TR KK ZF

(o]
(9]

o ®



