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[Abstract]

Many researchers make efforts to evaluate water quality using various models. Such models require a
dataset without missing values, but in real world, most datasets include missing values for various
reasons. Simple deletion of samples having missing value(s) could distort distribution of the underlying
data and pose a significant risk of biasing the model’s inference when the missing mechanism is not
MCAR. In this study, to explore the most appropriate technique for handing missing values in water
quality data, several imputation techniques were experimented based on existing KNN and MICE
imputation with/without the generative neural network model, Autoencoder(AE) and Denoising
Autoencoder(DAE). The results shows that KNN and MICE combined imputation without generative
networks provides the closest estimated values to the true values. When evaluating binary classification
models based on support vector machine and ensemble algorithms after applying the combined
imputation technique to the observed water quality dataset with missing values, it shows better
performance in terms of Accuracy, Fl score, RoC-AuC score and MCC compared to those evaluated

after deleting samples having missing values.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Water Quality Prediction
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1.2 Imputation Techniques
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Fig. 1. AE and DAE Overview
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III. The Proposed Scheme
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1. Experimental Setup
1.1 Dataset
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1.2 Experimental Imputation Techniques
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Table 1. Water Quality Dataset
VaTr;.;ZIe Columns Description N(Ilrsast;n)g Type
pH A measure of how acidic/basic water is (1 ~ 14) 491 (14.98%)
Hardness Capacity of water to precipitate soap in mg/L 0
Solids Total dissolved solids in ppm 0
Independent Chloramines Amount of Chloraminfes in pprTw 0 Numerical
variable Sulfate Amount of Sulfates dissolved in mg/L 781 (23.84%) (float)
Conductivity Electrical conductivity of water in pS/cm 0
Organic_carbon Amount of organic carbon in ppm 0
Trihalomethanes | Amount of Trihalomethanes in pg/L 162 (4.95%)
Turbidity Measure of light emiting property of water in NTU 0
Dependent . Indicates if water is safe for human consumption. .
variable Potability Potable -1 and Not potable -0 0 Categorical
Total number of samples having any missing value at least one feature variable 1,265 (38.6%) -

Case 1: KNN Imputation

Case 2: MICE Imputation(based on lightGBM)
Case 3: Combined Imputation(mean of Case 1 and 2)
Case 4: KNN + AE Imputation

Case 5: MICE + AE Imputation

Case 6: Combine + AE Imputation

Case 7: KNN + DAE Imputation

Case 8: MICE + DAE Imputation

Case 9: Combined + DAE Imputation
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1.3 Experiment for Imputation Techniques
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1.4 Evaluation Metrics for Imputation Techniques
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1.5 Experiment for Binary Classification Models
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1.6 Evaluation Metrics for Classification Models
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2 ANY XE=z AAsHYLt ROC_AUC score?t Fl
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2. Results of Imputation Experiment
Case 1 ~ Case 99] Al&S 9|3 28|15 HlojejAe] &
H 37|= Table 31+ Ztct

Table 3. Sample size for imputation experiment

missing ms_ds N_df T_df M_df
rate
10% 1811 200 200
20% 2011 1623 388 388
30% 1406 605 605

Table 304 "ms_ds’+ &= Clo|EAloX A5 S
ngols BEE 2% ASH dolgMoln, M_df:
ms_dsol|A] Jo|& F71E AEZE E3sHe Hlo[HAle]
37]o|ct. T_df= M_dfe} 7|[EX8 oz X9t M_dfof] 2
02 mAIE Mol AZX|S 7IX|1L Q= Hlo]EAlo|ch
N_df ms_dsollq] 254HS Shte Z3SHA] ¢he do]
EIMlC 2], AES} DAE 29 3k5-2 9ol AMRH 3%
tlo]gjAllo]c}. Case 1 ~ Case 99] Tjx] 7|HS A& 54
M_dfo] A-8sto] A/det A5k thA] ClolEA(I_df)z} A
ZX| Ho|BAN(T_df) 71] Bt QA= Table 49F Ztt.

Table 4. Imputation Errors

Case Mean of 3 missingness cases
ID MSE RMSE MAE
Case 1 1.13e+06 1057.18 91.87
Case 2 1.86e+06 1364.43 120.08
Case 3 1.15e+06 1062.3 94.37
Case 4 2.47e+06 1556.37 136.8
Case 5 2.55e+06 1591.37 140.85
Case 6 2.36e+06 1523.80 134.38
Case 7 2.54e+06 1573.45 138.73
Case 8 2.63e+06 1610.84 142.63
Case 9 2.44e+06 1543.79 136.39
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AER 7P A2 QAR BRIl OiA] 7% Case 191
KNN Imputationo]|9jot, & Wz Zhe 0X}= HOl
7188 Case 391 Combined Imputation©]%t}. Case 1
1} Case 32 AQIg YHA] 7[HsolM= o] & 74
Zutof] vlsl v]wA Z £ AP} R0}, 24 Ho]
Aol A&ZF hx] 7|glo 2= KNN Imputationo]ut
KNNit MICE Imputation ZA¥e] H4oz FAsSH
Combined Imputationo] AAst 7oz Hirt,

3. Experiment Results of Classification Model

A= A 71HE 1] B5 2@(RandomForest,
SVC, lightGBM, GradientBoosting)59] Hd A2 &
2 Aast 71 Table 59} Zth Table 6& True
Positive@t True Negative?] #A-S 2% vajst= A&
QI MCCE 71502 RHlid AR A2] 7|%d] o2 o
/452 8|St Zo]1l, Table 72 True Positive 274
9] Precisioni} Recall A5-S ZAlof| 123{3}= x5,
F1 score 7]&9] v|wo|H, Fig. 2+= Table 59] Aut=
AZeYet Zolct,

Table 5. Mean Performances

IV. Conclusions

FHS APo]9] Rdol HY gl IHY A& ¥
2 ?**54049'31 3,276719] mE & 38.6%°] sidst=
L265e| 2] 530l EAPlE 34 dolEe )
vro g AFS A2fshy] gk A 4
S SstuAl Pixle] A Casel A
S e P
B} Ajole] Q1S HSIAT. Ee A Case 8
W= UAIRE HolEMES 80:2002 77} oh5-8at H5-&
dlolEAloz Rast 9, 47FK|9] 7|7 lsks 2o &
Hloleiilz stsAIZT. ole, 1458 HlojEjilE o]t
A Case'B2 4719 524 4d5 Bat= vl
A A}, 97H] Ad 71%(Case) &
Wt 7P AR gk sl U=RlE E7l et Ao
A= KNN(Case 1) = KNN¥+ MICE 7oz ABA=
Ho]g9] 7S =45t Combined Imputation(Case 3)<
q830e nf Aazhate] oAbt b Agih 12w, Al
 7]9Ee A oA ol&sto] a7txle] 7|Als
ANEF T3 JEDDS SAGATIR, S50l ALE
SHA] %2 A% HlolEile = o552 B7Iste], 1 3§
= vt AufoA= 19 A o AR 2F

m\)

Case | acc RO i Mcc | Combined Imputation & &3t 497 714 043t 4
1D AUC Score
0 0.612 0.667 0.507 0.250 =2 wyrt
1 0.604 0.658 0.452 0.231 6’}'175] T l 7 T l 72_ H =2 V E[ﬂ]o
2 0.582 0.626 0.422 0.180 oY able 640 able 5 R S E 2l
3 0.638 0.690 0.521 0.305 F4500X AEE AAlsIL @l"i%‘e &530d Case
4 0.588 0.635 0.417 0.195 09] 727} Case 39 vJ5, MCC9} F1 scoreofd] &=
5 0.586 0.630 0.423 0.188 el F ol vlat, o oW =3
6 0587 0.633 0416 0.192 O =A (MCC: 0.31 vs 0.292, F1 score: 0.62 vs 0.605)
7 0.601 0.630 0.447 0.228 UehtoLl o]= Case 0o B85 EJAE glo]gjxle] 3.
8 0.590 0.625 0.435 0.199 e e &
9 0.598 0.627 0.448 0218 71(4037)7} Case 30 A8=H HAE Ho|gAle] F7]

Table 6. MCC of Classification Models
Model Case 0 Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9
SvC 0.310 0.225 0.159 0.292 0.232 0.213 0.213 0.216 0.223 0.216
RFC 0.285 0.244 0.177 0.341 0.240 0.211 0.218 0.294 0.239 0.259
LGBM 0.212 0.241 0.200 0.270 0.170 0.167 0.170 0.179 0.134 0.175
GNB 0.193 0.214 0.185 0.316 0.136 0.162 0.168 0.224 0.198 0.223
mean 0.250 0.231 0.180 0.305 0.195 0.188 0.192 0.228 0.199 0.218
Table 7. F1 scores of Classification Models

Model Case 0 Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9
SvC 0.620 0.556 0.530 0.605 0.548 0.538 0.536 0.540 0.542 0.539
RFC 0.447 0.365 0.324 0.495 0.361 0.366 0.341 0.420 0.394 0.397
LGBM 0.553 0.561 0.530 0.568 0.502 0.495 0.496 0.508 0.492 0.516
GNB 0.410 0.326 0.303 0.414 0.255 0.293 0.290 0.320 0.313 0.341
mean 0.507 0.452 0.422 0.521 0.417 0.423 0.416 0.447 0.435 0.448
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Mean Performances per Missing Value Handling Technique
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Table 8. Mean Effect of Combined Imputation

Perform. Deletion Combined Effect
Metric (Case 0) (Case 3)

Accuracy 0.612 0.638 0.0261

ROC_AUC 0.667 0.690 0.0231

F1 score 0.507 0.521 0.0141
MCC 0.25 0.305 0.055 1
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