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ABSTRACT

This study investigates and compares imputation methods for multivariate time series data to

identify the most effective approach. Using secondary data of stock price indices from eight industrial sectors
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in the Stock Exchange of Thailand, retrieved from the SETSMART database, the study covers 4,877 days
from January 1, 2004, to January 1, 2024. Missing data patterns were categorized into three types: random
missing, sequential missing, and block missing, with proportions set at 5%, 10%, 20%, 30%, 40%, and 50%.
The imputation methods were grouped into three categories: statistical methods (mean, median, LOCF,
NOCB, and linear interpolation), machine learning methods (EM, MICE, KNN, and random forest), and deep
learning methods (GP-VAE, USGAN, and SAITS). Performance was assessed using root mean squared error
(RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE). Results indicated that
linear interpolation was the most efficient method for missing proportions below 50% across all patterns,

while random forest was the most efficient method for a 50% missing data proportion.
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GP-VAE (34.767/ (38.002/ (31.693/ (28.803/ (35.549/ (39.921/
21.030/ 20.784/ 17.620/ 17.976/ 22.691/ 24.418/

10.498%) 9.065%) 8.511%) 9.835%) 11.983%) 11.909%)

USGAN (28.865/ (29.364/ (30.506/ (29.507/ (31.032/ (30.944/
20.338/ 21.381/ 21.660/ 21.195/ 22.092/ 22.160/

11.941%) 12.833%) 12.682%) 12.898%) 13.191%) 13.174%)

SAITS (16.088/ (14.425/ (16.843/ (19.499/ (25.220/ (19.084/
9.771/ 8.596/ 11.208/ 12.960/ 16.247/ 12.439/

5.507%) 4.806%) 6.494%) 7.276%) 8.654%) 6.647%)

vinewe: neluradunanstisr RMSE MAE uag MAPE auaau

915197 1 wui3Bnsldanganesedeyaganensunisgame (LOCF) deyaanaavdanisgame
(NOCB) n15UszanuA19191dUnss (Linear Interpolation) Lﬁauﬁ"lﬂﬂélﬁmﬁqm (KNN) uaztnds (Random Forest)
fuszansnmillndiAssiulunndadunisgame Tnefidsniiaoswesainnuanandoudidsaeslneiads
amnunaaedeudiysallasiade wazAdesavenuamandeuduysallasiadveglusziviinn luvasiinisldadgay
mefieisnmaiouidednis 3 38 weensldegamedieisananisgedian EM) funisldagamedaenis
NALVLUUUNY AR EaNIgnls (MICE) fiuszAvBamiidindt 5 38d1eiu uafiuszansamiunniinsldangey
meseAdsuazAsiseguiiUsEAnsaminiian JullewIeuifisunguiiiussavsamiiafian 5 Busnwuind
dndrunisagesesas 5 10 20 30 40 FBmsldrgamemienisussanaagiadunse (Linear Interpolation)
fuszavsnmgsiigalnefiinsniiaesvesaeuaaiaindeuideasdineiadesgdl 1.611 1.903 1.909 2.041 uag
2.149 pudrdy Tarmnueaaidouduysallneiadoegil 1.099 1.194 1.264 1326 way 1.386 mud1fy wasd

A1fegarauAaInAdouduysallaglade eyl 0.655 0.693 0.735 0.784 uaz 0.816 MmUY YuzNdadIy

kY

nsgaymensesay 50 msldranyvienieidUidu (Random Forest) fiusedninmasian lneia1snassves
AANuAIAAGeufidedlagady manueaaedeuduysalasndy warAfosazAnuaaamdeuduysailay

\Ageg 0.654 0.085 0.049 AWAIRU asnTaLanNsIUSEUTBUlaRIgUT 3
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RMSE of Random Pattern MAE of Random Pattern MAPE of Random Pattern
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Missing Rate Missing Rate Missing Rate
Imputation Methods
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—e— LOCF —— EM RF SAITS

JUN 3 wanensiSeuliisulseansnwisnisldaagme suuuudy

M1399 2 UseanSamveanisldaaymeguiuudasmisaiau

Bnsldenagyme AR
5% 10% 20% 30% 40% 50%
Mean (84.726/ (97.637/ (93.157/ (93.055/ (98.211/ (94.91/
63.54/ 71.935/ 68.051/ 69.06/ 73.966/ 70.777/
42.39%) 46.025%) 50.681%) 48.449%) 49.377%) 49.021%)
Median (86.486/ (97.926/ (97.654/ (94.897/ (98.053/ (96.987/
62.629/ 70.272/ 68.413/ 68.044/ 72.722/ 70.355/
45.152%) 48.694%) 55.565%) 51.631%) 52.458%) 52.913%)
LOCF (6.046/ (6.071/ (6.115/ (6.494/ (7.307/ (7.572/
4.047/ 3971/ 4.043/ 4.362/ 4.590/ 4.943/
2.437%) 2.174%) 2.459%) 2.557%) 2.575%) 2.878%)
NOCB (6.970/ (5.628/ (6.442/ (7.048/ (7.343/ (8.127/
4.429/ 3.794/ 4.215/ 4.464/ 4.775/ 5.073/
2.527%) 2.110%) 2.603%) 2.582%) 2.707%) 2.954%)
Linear Interpolation (3.855/ (4.070/ (3.798/ (4.125/ (4.381/ (4.408/
2.595/ 2.491/ 2.553/ 2.756/ 2.885/ 2.955/
1.472%) 1.338%) 1.561%) 1.600%) 1.644%) 1.737%)
EM (23.779/ (27.752/ (25.845/ (29.339/ (28.419/ (27.617/
16.68/ 19.268/ 17.746/ 19.878/ 19.551/ 18.631/
9.670%) 11.365%) 11.608%) 12.373%) 11.827%) 11.244%)
MICE (19.578/ (23.508/ (23.431/ (25.96/ (25.422/ (25.618/
13.197/ 15.387/ 14.954/ 16.698/ 16.379/ 16.257/
7.003%) 8.011%) 8.611%) 9.316%) 8.779%) 8.911%)
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M139% 2 UsednSamuesnisldragymesuwuutiwmuaau (se)

Wnsldenagme AR
5% 10% 20% 30% 40% 50%
KNN (4.370/ (5.627/ (5.44/ (5.312/ (5.806/ (6.254/
2917/ 3.342/ 3.148/ 3.426/ 3.739/ 3.858/
1.674%) 1.771%) 1.868%) 1.935%) 2.069%) 2.213%)
Random Forest (5.765/ (5.796/ (6.887/ (5.993/ (6.956/ (1.507/
3.323/ 3.432/ 3.552/ 3.654/ 3.995/ 0.193/
1.785%) 1.834%) 2.049%) 2.060%) 2.202%) 0.098%)
GP-VAE (51.695/ (42.083/ (31.975/ (36.890/ (31.484/ (44.422/
37.119/ 24.880/ 17.797/ 20.916/ 20.264/ 26.862/
19.707%) 11.480%) 9.244%) 9.578%) 10.081%) 13.086%)
USGAN (28.792/ (30.229/ (30.468/ (31.677/ (32.434/ (32.383/
20.901/ 21.253/ 21.421/ 22.947/ 23.422/ 23.344/
12.267%) 12.139%) 13.063%) 13.723%) 13.576%) 13.834%)
SAITS (19.256/ (22.655/ (19.686/ (22.856/ (18.684/ (23.276/
11.250/ 12.758/ 11.882/ 15.497/ 12.579/ 13.843/
6.129%) 6.598%) 7.071%) 8.949%) 7.024%) 7.622%)

vinewe: neluradunanstiern RMSE MAE uag MAPE auaiau

937 2 ansnasuldludnvasfortunsed 1 fadetsuiisunduiiiivssviamiiadian 5 33
usnwuIidndruntsgymeiesar 5 10 20 30 40 33nsldrrgamefienisussnaigIadunss (Linear
Interpolation) fiUszavsnmgsiigelnesinsnilaesesmuaanndeuiidiaedasiaduegil 3.855 4.070 3.798
4.125 uay 4.381 audidu fdnnuaainedeuduysallasiadeogil 2595 2491 2.553 2.756 uay 2.885
muadiy uaziirnfevazanunanndeuduysallneiadeegil 1.472 1338 1.561 1.600 uaz 1.644 mud1sy

Yugdndumsgmeniesar 50 nsldenanmerieTUigu (Random Forest) dUszanSnngeiian lnediAsn

'
a

fiaosvesnnunanadountdaedagaie AruaaIandeuduysallasiade wavaA15osas AINAIIAAG DY

duysallagwadeag? 1.507 0.193 0.098 mud1Ay ansnsauanin1siSeudieulansui 4

RMSE of Sequential Pattern MAE of Sequential Pattern MAPE of Sequential Pattern
100 -
| 704 T
o 50 1
80 - 601
404
50 1
60 4
401 301
40 - 30
20
20
201 101
104
- W g — ——
01 - 01 | of
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Missing Rate Missing Rate Missing Rate
Imputation Methods
—e— Mean —e— NOCB MICE —e— GP-VAE
Median —— 1 —o— KNN —&— USGAN
—e— LOCF —— EM RF SAITS

JUN 4 uansn1silSeuiisuyseansanisnisldangame sunuudismaau
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M99 3 UszAnsnmweansldengayvnesuuuuuden
Wnsldenagme AR
5% 10% 20% 30% 40% 50%
Mean (103.194/ (99.862/ (90.759/ (86.241/ (93.656/ (95.126/
77.480/ 75.805/ 66.038/ 62.474/ 69.332/ 70.919/
41.784%) 52.526%) 42.441%) 39.456%) 46.584%) 51.002%)
Median (97.962/ (101.358/ (92.035/ (88.655/ (94.217/ (97.816/
72.086/ 75.559/ 64.971/ 61.704/ 68.137/ 70.550/
42.135%) 56.615%) 45.527%) 42.725%) 49.497%) 54.690%)
LOCF (5.329/ (5.314/ (6.370/ (7.425/ (6.650/ (7.914/
3.867/ 3.642/ 4.211/ 5.076/ 4.417/ 4.931/
1.957%) 2.307%) 2.455%) 2.845%) 2.526%) 2.846%)
NOCB (a.710/ (6.567/ (6.730/ (6.533/ (6.603/ (7.905/
3.320/ 4.121/ 4.567/ 4.576/ 4.498/ 5.091/
1.637%) 2.385%) 2.671%) 2.640%) 2.673%) 2.953%)
Linear Interpolation (3.392/ (3.601/ (3.772/ (4.479/ (4.154/ (4.732/
2.364/ 2.322/ 2.7119/ 3.105/ 2.862/ 3.003/
1.194%) 1.359%) 1.588%) 1.755%) 1.647%) 1.725%)
EM (33.499/ (27.970/ (30.191/ (30.047/ (30.212/ (29.406/
22.998/ 19.634/ 20.984/ 20.848/ 20.358/ 20.350/
11.690%) 12.489%) 11.936%) 11.699%) 11.961%) 12.432%)
MICE (29.585/ (24.468/ (27.367/ (27.731/ (28.008/ (26.399/
19.881/ 16.283/ 18.211/ 18.458/ 18.175/ 17.481/
9.680%) 9.657%) 9.787%) 9.847%) 10.052%) 10.093%)
KNN (4.757/ (5.852/ (5.970/ (6.061/ (7.443/ (6.798/
3.230/ 3.563/ 3.567/ 3.890/ 4.143/ 3.902/
1.559%) 2.054%) 1.960%) 2.137%) 2.300%) 2.199%)
Random Forest (19.401/ (15.891/ (11.335/ (11.818/ (10.367/ (4.252/
7.938/ 5.521/ 4.964/ 5.766/ 5.016/ 0.302/
3.095%) 3.696%) 2.822%) 3.024%) 2.631%) 0.120%)
GP-VAE (55.355/ (37.794/ (49.647/ (33.125/ (53.442/ (59.633/
39.651/ 25727/ 33.181/ 22.719/ 34.903/ 37.517/
17.468%) 12.917%) 15.257%) 12.567%) 16.505%) 18.546%)
USGAN (155.143/ (126.316/ (142.091/ (133.848/ (135.064/ (125.470/
137.239/ 109.873/ 123.875/ 120.046/ 118.318/ 108.807/
67.067%) 64.275%) 68.540%) 67.591%) 67.275%) 62.521%)
SAITS (35.792/ (24.242/ (26.436/ (30.797/ (30.451/ (24.366/
22,577/ 15.539/ 16.721/ 20.042/ 18.747/ 15.992/
9.226%) 8.747%) 8.882%) 10.265%) 9.868%) 8.817%)

vnewe: neluradunanstierl RMSE MAE uag MAPE aua iy
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q

i o
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ladsgui 5
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