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A Transfer Learning for Missing Value Imputation and Its
Relationship with Prediction Performance in Time Series Data
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Missing values incur the lack of data availability and/or inaccurate predictions in the problem of time series
prediction. We consider a transfer learning method for missing data imputation in time series data and test two
research hypothesis; the first hypothesis is that the high similarity between two time series, one containing
missing values and the other used for transfer learning, improves the imputation performance. Second, a better
imputation performance results in a better prediction accuracy. Empirical analysis reveals that the transfer
learning with high similarity in two time series improves the imputation performance. As known in the literature,
we found a positive correlation between imputation performance and prediction accuracy. However, the
correlation between imputation performance and prediction accuracy becomes insignificant when the time series
has low volatility and a short length of consecutive missing data. It means that a simple method for missing data
imputation is preferred to an expensive but effective method such as transfer learning if the time series is highly

stable and predictable.
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Aol g5 o] & AL wlol8 o] A5A] A & o 5 5] 2

AL dlolE o 25X tiA HH2 A EH FAH 71
(statistical method)Z} H|o|E] 7]%ke] 7] AIgH<5 7]W (machine
learning method) &2 T+ 4 gtk A A G ol H & A5
HAE Hg A5 71 TAF YHoE FA/ ARG,
7193t )8k (Expectation maximization; EM), A& Rt
(Linear Inperpolation), 1% 3]7|(Linear Regression; LR) &©]
Atk FAANPORE AZAE Aot S 2 A
"5""5 Bstal weetal 2R ol A 85t7] & FH ol
(Lin and Tsai, 2020). 7]Q7L Hggl /WS 2ASA7 28
HolHEZRH Hd $EF% A (maximum likelihood)E
Expectation T (E-step)$} Maximization THAl(M-step) & %k
Ao g FY3UA Fote YO E AZA fHXﬂ of &7
WO g A A UtHPark er al., 2005). EM 71 Loz 4
o] EA T A gk Rofel A& A
AZA7F 23 Hol B 9 A5 ALkl “LO} A& dgo
A g+ tH(Rahman and Islam, 2011). A% B7HHS FH 3t
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SE = i E2AQ FA A 7] o] th(Weisberg, 2005). THH & T
olE 9] 4§ g3 A& T3] 935+ least squares, ordi-
nary least squares, local least squares, sequential local least
square, iterated local least square 59 W& A3t STk
(Pati and Das, 2017). TA& 71\-& & &o] 1taat A o] gl
oy Aol =AY MEAe] & HolHY 4§ 9540
o §- GrolA] = T4 o] Q) th(Ramosaj et al., 2022).
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222 A sk B ol th(Huang ef al., 2017). JARA AT
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Table 2. Research Hypothesis

oG YMAH O S RY o] AT HolHY 2
AE 2 BHAT ol E7} 7AEE B4 S et 7HA
& 71902 3131 QItK(Chen et al., 2019). WEkA AZX] HA
A5 & AF Atole BAE £4317] 0] $A HolEg &
o] &3t AT ASAE TFIT AAL HolE 9 58 Al
g dolHY FALETF 2S3A tA A mAE §FS £
AetE Zlo] aste, (A7 1]€ o] &3t o] & AZE3t
EE gt}

AWt 0 2 AA Y HolE 9 HHA e WFAHL 54
5o vl-¢ F 23 @24 0]tkSchnaars, 1984). A AL HolE
ZRYP A5ol Holgrg s o] 8¢ ASA UA 45& AH
3 A4 849 1T |, AAE wlolH Y WA w
M A2 A Aol W7} dSe AR o34 £ 9l
(FF7H 1-1).

AZ2] 9 (missing value pattern)> A 23] A WHE

2}

Azt Hee AAHsE 2 240/ tHEmmanuel e al,
2021). AAIE HolB & YO st B AFoA A5&
FA $] A (missing location), 147211 A
22 A Do| 5 A2A 8L 1Est Yth(Yang et al.,
2022). whekA ol ASA] hA 453 #ET A7)
A le AFsked Ao 234 73 1eske Aol 223}
o [A77HE 12]9 M e A5 25X 24 (1A%
Aoy ot a3E HF3
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7h B E 7% ol & ol 8F 95 45 fAo] 7HsEt
€ e4stEs g [A77hd 1] B [E77H 1A S
ANAE dol8 o §4(F, WEA)d 2454 F3 whetA 2
22 WA gl Wst gS stk whetA A7t
A28 A% AAAXE WsH, A5 §3 5 AAE tﬂolﬂ
o SA ] mebA Ao WS} SleA dvRE Aol 2
3tH, o] & st [A77HE 2-1)% [A7HE 2218 M%}
At B =24 AFaa e d77HEE Lokt

Hypothesis 1

The higher the similarity between the time series containing missing values and the time series for transfer learning,
the better the missing value imputation performance.

Hypothesis 1-1

The high volatility in time series decreases the missing value imputation performance.

Hypothesis 1-2
YpOTesis decreases.

As the missing rate and the length of consecutive missing data increase, the missing value imputation performance

Hypothesis 2

There is a positive correlation between the missing value imputation performance and the prediction accuracy.

Hypothesis 2-1

The positive correlation between the missing value imputation performance and the prediction accuracy becomes
insignificant when the time series has high volatility.

Hypothesis 2-2

The positive correlation between the missing value imputation performance and the prediction accuracy becomes
insignificant when the missing rate of time series and the length of consecutive missing data increase.
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<Figure 1>¢] 04:[”4 Apol| A A A g v} o] B = A =
ANA L HlolB 9 AZX A% ASA] hA| AHE o] &3 A
Ag d5< 57 Oi 9% 23 7A3 "]Zl’ Aol w
2 cAd #AL T8 AA G Hole Y o 5 ZAA = #
ZA| Abol o] AZE A E Wb skl Rahe IE A B(ANN;
Artificial Neural Network)®] 371 3133} RNN(Recurrent
Neural Network) S &S 13 7|8 2o 2 A&t gtk
(Chen et al., 2021). 53], LSTM& RN-J%&%%%EWH
ANA L BlolE 9 g Zof ¢85 Hols 208 YA
(Tian et al., 2019). WehA £ = Lwi% TME o] &3}

Step 1: Imputation of missing time series data

of AZA A Z3 AALG 5E g BYE FA e, g5
Ao Brtete FALEE MR oE F33ta HA 9
LSTM 28 < 74383t

oA A2l A AR oL o] B Ao A BA 2 A
AE HolE 9 o] & A /fAo] obd ASA] thA A5
Z 4% Atold #AE EAstEH YTk LSTM AAE o=
RH A% HAste & A7 HHE HAUAT, 257
A AN M $5F A e T8 7S AR
1, LSTM Z3A WA 23] ad4ds AFsr] Hsto]
LSTMZ M 709 benchmark E@¢ Simple Moving

Average(SMA), Hull Moving Average(HMA), XGBooste] %
Aes Hlushe FAAE S FPAT 74 A5 oA
= O AAE HolEE 748 97 tolHE o] &3t
Holghg By & FAst, 49 4 Z3d YA A&
o gm Aol 7H8 A RS At AAE A

Fakgint.

3.2 o] 8553 A1 A2 lolEle] $AE

O AZA S 23t Yle AAE HolE & 4 Y
9] 5o ’\}%fﬂE 3% $d A 45< 7Idste ol
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_>.i
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(task) 2.2 GOttt EH)l D={F P(X)} o™, A7|M F
o} xe 47 BEA FT(feature space)d FEHA X={y,,
X ) EFE QUR B P(X)E X9 FHSGEE
(marginal probability dlstrlbutlon)oll‘% A9 T gd F
(label space) Y} &R f(z)Z FAED: 7={Y,f(z)
Aol gFo M e ZtZ:E 12 DS} &5 A T, DY I EE
=W D,(= Dy 8t B A T,(= Ty 7t FoIHE
Do} TEHE A2 A AHEst] & o Z g4 £,(«)

s
}

Step 2: Time series predictions

A model for
missing value
imputation

Generate missing

values

Predictionand
E— performance
measurement

Imputation of A model for time

series prediction

missing values

f f

Measure the Select training
Setoftime series [ similarity between [—* databasedonthe
time series similarity

Figure 1. Research Framework
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Table 4. Numerical Analysis Procedure

ZE(O 73)% 25A AAQN F3)o 2ol uhehA

F 1209 2% 78E APAAM LT d & 51, 2F
B9l 30%°]a EF 23 B 59 25 4 § *3’“ dae o
w3 20 7P WA 40709 8 R A A AAE H ol
B oA SE dolHE & ) AT °l AR AAE
HolHE oz 44 43 24( JJréZi] 2AA)

of et A= MES o= A 7%* AEol e 2

HE T 02 FAT 7 0] <Figure 4>°] T}, <Figure 4> A 3}
FHAEZ AN EF AL W) FANZ AAF A S
< 9fm gt

34 A AR AR

AN ANG AF7HE S AFsh7] A #2 AP A
A= <Table 4> 2t} F 40749 AAIE HolE F 3 A&

EX EolER o] g0 2N 7 A9 21 HE F 403]9
WA HHE AH S 2859 LSTM 289 A5 S RMSES
o] &3tHom, 4039 2 AF Ao w2 RMSE #tE<
o2 A 94 A% A Th<Table 5>).

Research
Hypothesis

Test Procedure

Hypothesis 1 | ®

e Select one of 40 time series data as a target and generate missing values according to the type of missing values
® Measure the similarity between the target and the other 39 time series

Select source data according to the similarity(Short, Long, Random) and train the LSTM model

® Impute missing values in target data using the LSTM model

® Repeat the above procedure for 40 time series data and evaluate imputation performance

Hypothesis 2

prediction accuracy.

o Select one of 40 time series data as a target and generate missing value according to the type of missing value
® Measure the similarity between the target and the other 39 time series

e Impute missing values in target data using the LSTM model that is trained with source data of a high similarity
® Train another LSTM model for prediction with the time series containing imputed data, and then evaluate its

® Repeat the above procedure for 40 time series data and evaluate prediction performance.
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Table 5. Statistical Test Method

R h
eseare Statistical Validation Method

Hypothesis

e Evaluation of imputation performance with respect to the similarity in time series(Short, Long, Random).

Hypothesis 1 . . . o
» o ANOVA test for the differences in mean RMSE with respect to the similarity

o t-test for the difference in average RMSE between groups of time series data by the coefficient of variation
of 0.6.
Hypothesis 1-2 | ® ANOVA test for differences in mean RMSE with respect to the type of missing values

Hypothesis 1-1

Hypothesis 2 e Correlation analysis between the imputation performance and the prediction performance

. e Correlation analysis between the imputation and prediction performance for each set of times series classified
Hypothesis 2-1 - .
by a coefficient of variation of 0.6

. o Correlation analysis between the imputation and prediction performance for each set of time series classified
Hypothesis 2-2

by the type of missing values

4.3 28 A AZA £32 PHOE OGS BB AZ UAE 59
sy, A2A dA 45e 25 34 29 Batel o
A2 oA 29 5% AZA UA gt A4 %) Aol A /A AFMAE,

MSE, RMSE)& Z4 3t v a3t 4Tt

= %E’ﬁ:"ﬂﬁ = AAD Holg o ASA] 4 & 93 Hols <Figure 6>} <Figure 7> A A€ HoJE 9] 25 7EE=
F 712 RYO R LSTM 48 EFS AL ATh A77Hd S 40719 2% go]HE gato g 233 RMSEY] HFS e
AR o) DA LSTM A2 34 299 A4 W3 @ g zolth. AAD HolHe A2 X (A%, £3h9 A
7] S5t SMA, HMA, XGBoost 5 Al 7H9] 4 283 22 Z u]8(10%~60%)0] T2 12744 27 EFoA fA 57} =
A A s Bkl 3384 AR AT HolE Y o AAY Flo]E| (&2 HoE)E o] 451 848 LSTM E
Continuous missing
Missing Rate
W 10%
3 =
.% 40“:
’:‘;U‘j\ M 50%
8 60%
E 0.50
£ Avg.: 0.5
E o q 381
= Avg.:0.4528
0.40
0.35 Avg.:0.3888
SMA HMA XGB LSTM_short
Figure 6. Imputation Performance of Benchmark Models(Continuous Missing)
Mixed type missing
Missing Rate
W 10%
*+ 0.60 20%
g 30%
8 40%
£ 055 W 50%
| 60%
E 0.50
g
= 045
3 0.40 Jyyﬂ/ﬁg@
Avg. :0.40568
0.35 Avg.:0.37828
SMA HMA XGB LSTM_short

Figure 7. Imputation Performance of Benchmark Models(Mixed Type Missing)
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Y(LSTM _short; LSTM model with short distance)2] 2Z3] & Table 6. Source Data Similarity and Missing Value
A %ol 7H Sttt HhE %"]’Eﬂ Mg R A Imputation Error(Mean RMSE)
HloTE & ol &ahef Aol fﬂ-ﬁ% T 3 -HLSTM model with Source Data Similarity Level
long distance), B& A 2794 7éfn‘7‘] A Aol 7+ Missing Value Type (Euclidean Distanyce)
g A& Felsk ]—E Al 7HA A% A E(MAE, MSE, Missine | Missi High Rand L
g issing ig andom ow
RMSE) 5 A T5E 234 YEYH. Location Rate (Short) | (Random) (Long)
o)l £ AF AFZ 7uto g B =Ro|AE dF71A Continuous | 10% | 0.3923 |  0.6094 6.1310
< AT A 712 Holgg BP0 LSTMS o] 83 £ Continuous | 20% | 0.3964 |  0.6659 5.7097
Mg AetAnt HFH o2 B AT AFEALSTMEY Continuous | 30% | 0.3884 0.7359 5.7376
o 74L& &3 2ok t A9 & A3t Hete] Y Continuous | 40% | 03769 |  0.7688 6.0450
dlo]H & t-85-H t-1 A - 7kA 2] E(month), &Y (weekday), T Continuous | 50% | 0.3948 0.7421 6.0301
U734 A4 (incoming call count)e AH43FTH E3 oY= Continuous | 60% | 0.3843 |  0.7201 6.0675
(Hidden layer)2 470 = =2 FA3}9 21, adam optimizer, Mix 10% | 0.3774 0.6465 1.9559
£ 241825 (Huber loss function) £ 2.8-& 74814} Mix 20% | 03766 |  0.6421 1.9605
Mix 30% | 03734 | 0.6411 1.9310
Mix 40% | 03831 0.6506 1.9086
42 AR dlolE o] FARE S ASA] T A5 AL Mix 50% | 03772 | 0.6498 19337
A WA AT AZA S T9E= A4 D gol Mix 60% | 03819 |  0.6568 1.9685
o} Aol gt ol A& A A E vlo]H (&2 vlo]H) Abol 9]
AEgt AZA) g4 Ao ARALS AZ3 T} <Table 6> Table 7. Variability and Missing Value Imputation Errors
AZ 43 B2 FAS 2 A=X) g3 A 5(HF RMSE) (RMSE) in Time Series Data
= UEhd Aot WA, AR E&(F, F23EE A Missing Value Type | Coefficient
7} @S’%) AL HolHE 853 LSTM 23 & o] &3t 2 Missing | Missing |of Variation Mean RMSE T-Test
2215 43 A3 HF RMSEZ} 7H wekom Hig) 2 8t Location Rate (CV) (p-value)
Fol AR AAY HolE e AR e B 52 54 , \ <06 | 03252
Q7} HAFAD o9} e @J/]-“ AZz3 983 2749 Continuous | 10% > 0.6 04929 0.0057
°f B FLsl Ao, A5 FHUZ ANOVA 4 Continuous | 20% <06 0.3079 0.0008
< A3 3 RMSEY #o] 7} Eﬁﬂﬁii o ghs g4lst > 06 0.5290
Aok mebd ASAE Zgske AAD dolEst Aol L, | <06 | 0208 |
< A AA G dolE(h2 HolH)Y FAET 5255 4 > 0.6 0.5310
23 oA %so) AR Aoleht D771 1)0] BT Continuous | 40% |01 0280 14600,
stolat gt > 0.6 0.5177
M FAETE 2 A Fﬂ oJHZ 353 LSTM =H Continuous | 50% <06 0.3083 0.0001
(LSTM short)®] 22X 48% HF RMSES] ol tjat > 06 | 05245
ANOVA &4 A3} p-value=0. 9999 2 54 & £-9] 4 & 8018t Continuous | 60% i 82 gigjj 0.0004
F AT MSE(p-value= 0.7597)2F MAE(p-value= 0.9999)011 . 0’ S 0'2893
3 598 AT npi7bA o At debyit & A2 Mix 10% . 0'6 0'50% 0.0001
G50 HebA A 7HA 19] Aol Aol7) 98 AL i <06 | 02908
(27714 120 A R3kA sttt Mix 1 20% 2 s0ss | 000!
AAE dolE 9 MEgel weba (A7 119 A A 206 0.2901
o] = oq])g@- [01 :rLy})a 1-11% o @ig—}%q_ <Table 7>& 7&% Mix 30% > 06 04982 0.0002
A FHEE EX AAE dole "EATd BE 242X <06 0.2933
F74 290 7 RMSE 2ol & vl e Asjolth. £7) 47 M T s | MM
A Holgtg S &8 AEA FH Ao 53X AAE ‘ <06 0.2900
oE e MEH ZNFE FAF, 74 23 F/h3E A Mix 3% e osost | 0
< Q}E‘}S&E‘r. [A77H 179 tgk A5 AFE <Table 8>l Mix 0% <06 0.2955 0.0001
QoFa T > 0.6 0.5115
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Table 8. Test Results - Research Hypothesis 1

Research Hypothesis Description Result
) The higher the similarity between the time series containing missing values and the

Hypothesis 1 . . . o . . True
time series for transfer learning, the better the missing value imputation performance.

Hypothesis 1-1 The high volatility in time series decreases the missing value imputation performance. True
) As the missing rate and the length of consecutive missing data increase, the missing

Hypothesis 1-2 False

value imputation performance decreases.

42727 o 5 3hel 3 2] 4 TP

F A 7N s ASA tA s AAE d3

Table 9. Correlation Analysis between Imputation Performance and Prediction Performance(RMSE)

Hyol JBES A3
AAG o2 452 e

Missing Value Type Coefficient Of Variation Pearson Correlation Correlation Analysis
Missing Location | Missing Location (CV) Coefficient (p-value)
All Data 0.4255 0.0062
Continuous 10% < 0.6 0.2240 0.2927
> 0.6 0.2735 0.3054
All Data 0.5226 0.0005
Continuous 20% < 0.6 0.4506 0.0271
> 0.6 0.2670 0.3174
All Data 0.5853 0.0001
Continuous 30% < 0.6 0.4586 0.0242
> 0.6 0.4160 0.1090
All Data 0.6697 0.0000
Continuous 40% < 0.6 0.3837 0.0641
> 0.6 0.6552 0.0059
All Data 0.5135 0.0007
Continuous 50% < 0.6 0.4003 0.0526
> 0.6 0.6263 0.0094
All Data 0.6854 0.0000
Continuous 60% < 0.6 0.5599 0.0044
> 0.6 0.6943 0.0028
All Data 0.5913 0.0001
Mix 10% < 0.6 0.1158 0.5899
> 0.6 0.5405 0.0307
All Data 0.5993 0.0000
Mix 20% < 0.6 0.5707 0.0036
> 0.6 0.3656 0.1638
All Data 0.6442 0.0000
Mix 30% < 0.6 0.4221 0.0399
> 0.6 0.5962 0.0148
All Data 0.5629 0.0002
Mix 40% < 0.6 0.4232 0.0394
> 0.6 0.5106 0.0433
All Data 0.6600 0.0000
Mix 50% < 0.6 0.5291 0.0078
> 0.6 0.5975 0.0145
All Data 0.5932 0.0001
Mix 60% < 0.6 0.5643 0.0041
> 0.6 0.4856 0.0565
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Table 10. Test Results - Research Hypothesis 2
Research Hypothesis Description Result
. There is a positive correlation between the missing value imputation performance
Hypothesis 2 o True
and the prediction accuracy.
. The positive correlation between the missing value imputation performance and the
Hypothesis 2-1 . e . . . s True
prediction accuracy becomes insignificant when the time series has high volatility.
The positive correlation between the missing value imputation performance and the
Hypothesis 2-2 prediction accuracy becomes insignificant when the missing rate of time series and False
the length of consecutive missing data increase.
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<HE>
Table A-1. Data Dictionary of NYC 311 Service Requests
Column Name Description Example

Unique Key

Unique identifier of a Service Request (SR) in the open data
set

56757534

Created Date

Date SR was created

02/08/2023 10:26:11 AM

Closed Date

Date SR was closed by responding agency

02/08/2023 01:48:52 PM

Agency

Acronym of responding City Government Agency

NYPD

Agency Name

Full Agency name of responding City Government Agency

New York City Police Department

Complaint Type

This is the fist level of a hierarchy identifying the topic of
the incident or condition. Complaint Type may have a
corresponding Descriptor (below) or may stand alone.

Noise - Residential

This is associated to the Complaint Type, and provides further
detail on the incident or condition. Descriptor values are

Descriptor dependent on the Complaint Type, and are not always Loud Music/Party
required in SR.

Status Status of SR submitted Closed
Date when responding agency is expected to update the SR.

Due Date This is based on the Complaint Type and internal Service [02/09/2023 12:00:00 AM

Level Agreements (SLAs).

Resolution Action Updated Date

Date when responding agency last updated the SR.

02/08/2023 01:48:56 PM

Resolution Description

Describes the last action taken on the SR by the responding
agency. May describe next or future steps.

The Police Department responded and
upon arrival those responsible for the
condition were gone.

Location Type

Describes the type of location used in the address information

Residential Building/House

Incident Zip Incident location zip code, provided by geo validation. 11429
Incident Address House number of incident address provided by submitter. {217-32 100 AVENUE
Street Name Street name of incident address provided by the submitter| 100 AVENUE
Cross Street 1 First Cross street based on the geo validated incident location|217 STREET
Second Cross Street based on the geo validated incident
Cross Street 2 ) 99 AVENUE
location
. First intersecting street based on geo validated incident
Intersection Street 1 . 217 STREET
location
. Second intersecting street based on geo validated incident
Intersection Street 2 . 99 AVENUE
location
Address Type Type of incident location information available. ADDRESS

City

City of the incident location provided by geovalidation.

QUEENS VILLAGE

Landmark

If the incident location is identified as a Landmark the name
of the landmark will display here

100 AVENUE

Facility Type

If available, this field describes the type of city facility
associated to the SR

DSNY Garage

Community Board Provided by geovalidation. 13 QUEENS
Borough Block and Lot, provided by geovalidation. Parcel
BBL number to identify the location of location of buildings and [4107610020

properties in NYC.
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Column Name Description Example
Borough Provided by the submitter and confirmed by geovalidation. | QUEENS
X Coordinate (State Plane) Geo validated, X coordinate of the incident location. 1,056,150
Y Coordinate (State Plane) Geo validated, Y coordinate of the incident location. 200,029
0 Data Ch LT Indicates how the SR was submitted to 311. i.e. By Phone, ONLINE
pen_tiata_t-hannel_type Online, Mobile, Other or Unknown.
Latitude Geo based Lat of the incident location 40.71541797382096
-73.740635739316
Longitude Geo based Long of the incident location 3
o L (40.71541797382096,
Combinat f th based lat & 1 f th dent
Location om'ma ion of the geo based la ong of the inciden 737406357393 16
location
13)
. If the incident location is a Parks Dept facility, the Name .
Park Facility Name . ; Unspecified
of the facility will appear here
Park Borough The borough of incident if it is a Parks Dept facility QUEENS

Vehicle Type

If the incident is a taxi, this field describes the type of TLC
vehicle.

Ambulette / Paratransit

Taxi Company Borough

If the incident is identified as a taxi, this field will display
the borough of the taxi company.

BRONX

Taxi Pick Up Location

If the incident is identified as a taxi, this field displays the
taxi pick up location

ISLAND CITY), NY, 11101

41-11 10 STREET, QUEENS (LONG

Bridge Highway Name

If the incident is identified as a Bridge/Highway, the name
will be displayed here.

Bridge Highway Direction

If the incident is identified as a Bridge/Highway, the direction
where the issue took place would be displayed here.

1 Local Uptown & The Bronx

If the incident location was Bridge/Highway this column

Grove St & W 4 St to Uptown & The

Road Ramp differentiates if the issue was on the Road or the Ramp. |Bronx

. . Additional information on the section of the Bridge/Highway
Bridge Highway Segment . Entrance

where the incident took place.
Table A-2. Missing Value Imputation Error
Missing Value Imputation Error
Missing Value Type
Mean MAE Mean MSE Mean RMSE

S e N R S A A R T I
Continuous | 10% |0.5270|0.3966 | 0.3607 [0.3190| 0.5191 |6.0831|48.9972 |30.9083 | 30.1422 | 18.7402| 62.9862 |2265.0754|0.6156|0.4795[0.4555/0.3923 | 0.6094 | 6.1310
Continuous | 20% |0.4670 | 0.3853 | 0.4359 [0.3190| 0.5747 |5.6494|49.4760 | 38.0272 | 52.4914 |24.6409| 77.0065 |1980.1895|0.5584|0.4699 0.53340.3964| 0.6659 | 5.7097
Continuous | 30% |0.4187|0.3677(0.4235 [0.3157| 0.6462 |5.6875|46.2358 | 38.4879 | 50.6809 |24.1416| 83.1748 |2002.5660/0.5021|0.4466 [0.5136|0.3884| 0.7359 | 5.7376
Continuous | 40% |0.40100.3529{0.3882 [0.3068 | 0.6832 |6.0012|40.6910 | 33.8833 |42.3271|21.3262| 79.8226 |2226.85490.4802|0.42940.4727/0.3769 | 0.7688 | 6.0450
Continuous | 50% |0.4412]0.3718{0.3836 [0.3232| 0.6560 |5.9823|47.8410 |35.7549 |41.0901 |21.8084| 79.9655 |2216.2513|0.5204|0.4476 [0.4659|0.3948 | 0.7421 | 6.0301
Continuous | 60% |0.4761|0.3707{0.4146 [0.3170| 0.6371 |6.0224|57.1638 | 34.4309 | 46.8904 [20.1617| 76.6043 |2243.4646|0.5519(0.4437[0.4950|0.3843 | 0.7201 | 6.0675

Mix 10% | 0330403671 | 03660 |0.3074| 0.5635 |1.7041|25.8331|32.8153 |35.5909 [17.3746| 75.4582 | 526.3943 [0.4055 0.4463 |0.4448(0.3774| 0.6465 | 1.9559

Mix 20% |0.3205|0.3508|0.3853(0.3086 | 0.5644 |1.7757|24.4747 | 28.9800 | 36.5630 | 16.6965| 69.5694 | 545.4120 |0.39280.4246 [0.4583|0.3766 | 0.6421 | 1.9605

Mix 30% |0.3226 |0.3517]0.3934{0.3078| 0.5645 [1.772124.3941 |29.6884 | 38.1594 | 16.6641| 70.1082 | 538.6101 0.3915(0.42280.4629|0.3734| 0.6411 | 19310

Mix 40% |0.3338|0.3557|0.4047(0.3143| 0.5702 |1.7515|28.8496 | 32.6216 | 42.724320.0073 | 72.5802 | 533.0410 |0.4083 |0.4304 0.4768|0.3831| 0.6506 | 1.9086

Mix 50% |0.3389|0.3509(0.4019{0.3109| 0.5715 [1.7861|30.1928 |31.2089 |42.0210|19.2481| 72.9010 | 547.9158 |0.4116{0.42280.4716|0.3772| 0.6498 | 1.9337

Mix 60% |0.3504 |0.3506|0.4055(0.3139| 0.5779 |1.8217|32.0117 | 32.4384 |42.9395(20.1691| 75.7637 | 568.7071 |0.4244|0.4235[0.4763|0.3819| 0.6568 | 1.9685
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Table A-3. ANOVA Analysis of The Performance of All Imputation Models

Missing Value Type MAE MSE RMSE
Missing Location | Missing Rate f statistic p-value f statistic p-value f statistic p-value
Continuous 10% 25.0128 0.0000 27.9872 0.0000 24.6027 0.0000
Continuous 20% 22.0974 0.0000 22.9941 0.0000 21.7716 0.0000
Continuous 30% 23.7743 0.0000 26.2377 0.0000 23.4046 0.0000
Continuous 40% 22.0914 0.0000 22.4340 0.0000 21.8136 0.0000
Continuous 50% 22.0374 0.0000 22.5229 0.0000 21.7844 0.0000
Continuous 60% 22.1086 0.0000 22,7179 0.0000 21.8610 0.0000
Mix 10% 8.3445 0.0000 7.8059 0.0000 10.1019 0.0000
Mix 20% 9.1461 0.0000 8.5481 0.0000 10.2299 0.0000
Mix 30% 9.0346 0.0000 8.1920 0.0000 9.8833 0.0000
Mix 40% 8.6878 0.0000 7.8567 0.0000 9.4778 0.0000
Mix 50% 9.0789 0.0000 8.3295 0.0000 9.7860 0.0000
Mix 60% 9.4543 0.0000 8.9945 0.0000 10.1367 0.0000

Table A-4. Variability and Missing Value Imputation Errors(MSE) in Time Series Data

Missing Value Type Coefficient of Variation T-Test
Mean MSE
Missing Location Missing Rate (CV) (p-value)
< 0.6 18.1018
Continuous 10% 0.7370
> 0.6 19.6978
< 0.6 14.9084
Continuous 20% 0.0372
> 0.6 39.2397
< 0.6 12.9343
Continuous 30% 0.0024
> 0.6 40.9524
< 0.6 12.0839
Continuous 40% 0.0013
> 0.6 35.1896
< 0.6 14.6538
Continuous 50% 0.0022
> 0.6 32.5402
< 0.6 14.2451
Continuous 60% 0.0025
> 0.6 29.0366
< 0.6 12.5882
Mix 10% 0.0037
> 0.6 24.5543
< 0.6 12.6337
Mix 20% 0.0023
> 0.6 22.7906
< 0.6 12.6452
Mix 30% 0.0023
> 0.6 22.6924
< 0.6 12.9439
Mix 40% 0.0016
> 0.6 30.6024
< 0.6 12.6530
Mix 50% 0.0007
> 0.6 29.1408
< 0.6 13.3467
Mix 60% 0.0004
> 0.6 30.4029
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Table A-5. Variability and Missing Value Imputation Errors(MAE) in Time Series Data

Missing Value Type Coefficient of Variation M MAE T-Test
ean
Missing Location Missing Rate (CV) (p-value)
. < 0.6 0.2630
Continuous 10% 0.0071
> 0.6 0.4030
) < 0.6 0.2530
Continuous 20% 0.0010
> 0.6 0.4180
. < 0.6 0.2421
Continuous 30% 0.0001
> 0.6 0.4260
. < 0.6 0.2331
Continuous 40% 0.0003
> 0.6 0.4173
. < 0.6 0.2553
Continuous 50% 0.0006
> 0.6 0.4251
. < 0.6 0.2539
Continuous 60% 0.0013
> 0.6 0.4116
) < 0.6 0.2395
Mix 10% 0.0004
> 0.6 0.4094
. < 0.6 0.2406
Mix 20% 0.0005
> 0.6 0.4104
. < 0.6 0.2411
Mix 30% 0.0006
> 0.6 0.4079
. < 0.6 0.2442
Mix 40% 0.0003
> 0.6 0.4193
. < 0.6 0.2418
Mix 50% 0.0004
> 0.6 0.4146
. < 0.6 0.2449
Mix 60% 0.0003
> 0.6 0.4175
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