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Multi-Horizon Realized Variance Forecasting across Asset
Classes with a Weighted Ensemble
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Abstract

This study designs and evaluates a machine learning system for multi-horizon RV forecasting across asset classes.
We organize 35 features from daily OHLCV and the VIX term structure into four groups (HAR-based, HF Proxy, IV
Surface, Alternative), and propose WEns, a weighted ensemble of Ridge regression and XGBoost, applied to 11 ETFs
spanning equities, bonds, and commodities. Forecasting horizons cover eight trading-day intervals: 1, 5, 22, 60, 90,
120, 180, and 252. Under identical feature sets and validation procedures, WEns achieves the best performance over
1-22 and 180-252 trading days and Ridge over 60 -120 trading days, ranking first in the eight horizons.
Reliability and interpretability are examined through feature importance consensus, statistical significance tests, and
robustness experiments on maturity mismatch, missing-value handling, and asset-specific indicator substitution.
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32 tlol8 iz

AZA= A Aa(Forward fill) o2 A2t

ol Hd A FEL PASRUA AAL A%
2 4ABD BE A4S Hase] 9 el
o 49 0 V1A A0l 98E 48T 3
[©)

W AFS ] BEADE olga) wT 43
A2 IR AAT 35 5L 29 5 0F A0
O I

@ﬂc} Ao 724 ASE BADG, A2
A A A3

T /‘]7}5’—7}'?37}'*7}7}
oA EE P dF
9 logHL)7F 00l Hoh ole Garman—Klass,
Parkinson, RogersSatchell 5 range 7|¥t 4TS &
AAo 2 slsF HEAZITE T8y B AFoA 4
2 AYY ELAO Y3 129 FFY AL
of dAHH, AL 27 7kt 7IEeE @
Yol AA k= HIFS A 45%01nE A
< AgAR Zo g AdHET
304 Az AR, AW Axs AAT 4
R2E 0782014 07952, F91 R+ 0.1239]
2% ’6}’5'5}03‘:} ol AW Aol A
A &Sk YetH, 23
A& AR Tt
Agl o HEstA

i

e iy
e
-

[N

2
iih)

—lNll_l
o — of J
ol

=
O;

el

k=

o P

o o
)

1

4

+ e
o qz

HU e
E

otk

re

o & Ho
ro

el

o> oL

it

A=)

rr

ithd

_I{NA

o g W ooff 2 Ho

I
glg
x
&2
e
)

33 Hlo[H He

v} RVE] #o]2
i—rﬂ /\]. ;<40§ A}
+ 34 AFolth o= VRPE A EMICE
qurﬂ 7:]_?_ 5}7] ;(6],] ](IV _ RV)Oﬂ J.?j—lﬂ v
AR} VIX AE A 7t FEHo] #AT 4 9o,
d35 oS AW #ge] 988s ] A3 A
Aol

2 A7 AF 71t e B AU Vel
AoJsly, h € {1, 5, 22, 60, 90, 120, 180, 252} &
AA3TE RVE AF4F 9] A t o] & &5 h A
d 77 [+, tthiel A AEE FUE AFY P
<+ dg3lste A
B AFoA Agste ¢ 71 2 AYE AR
2t AL Al7Y, a7k, A7E 7 AdEeE

Z7}= 24957 HAR 7|4 RV A4t
o A} E} ] /\17@7}-1%7}-*7} ﬂi— <7

S

23 Aol A ES o]gste] Y¥ RV
E FAAU9], 1WE RVS HE B 7HES
283 7IAEE dF 2EES AN bk Qlth4)
J8Y I dHolHe F5 Hl&o] 1, AH %
LA T HF2 ZFJOH Haixe A7 A5E
gHal7] ofHts AFF Acko] EAg. o
B A= Yahoo FinanceE %3 52 3 71
3 o9 71 2 AYF ABE ALSHEAE,

range 7|¥F FAHFES %L%O}OE] IHE HolE7} A
AR LA Skt ol
& H2 HolH dL‘éﬂr Ad 7FsA SHolA



32 Weighted Ensembles &-8-3 ths oS 7|7t ths At
Azt ovk 99 7HE 2 AYE AR V)
W AEe U7 Fxg A4 s 2T 4
U= SAE 7HAH, old that =9& A& &
Zt} =g 9 $YES 2OFYER At
2 (DA P yfinanceol A Algste 4 F7F
(Adjusted close)E 97| o}t +48 F7he wWiEH
FAEY 895 Wgstug, 7 7k o A
2boll Aetsitty, WHH range 71¥F WEAH FAH A
Aol F8HA 2 dA AZFITFATVEE AL
55 ARSI

r,=In(P/P,_)) (D

o] Zf Hlg e HH|E QI 744 HZo}
range FAY FIFE F 4 domz I FIFS
Hrg gAainh 4 A3, 1178 ETF AA ol A]
Mg TR A 0.5% 23He HAA AL
F 159%F AASAL, iF I dFT W
logHL)= A8Y vl B 1278 A= =A o
Byttt I8y 2A8Y 28 IzdA B9 #5
A7y AAstE BlEE oF 45%0] EHEE, HiY
2ol w& Fz7b 71t 7]9F range T8 Foll HA&
ARkA ke AgA Ao A,

34 Hlolg 74

2 A7 HolEe o Ak o ARl 2

F 2. WEns Ridge TN =5
Talbe 2. List of WEns Ridge features

>,
r_Bt

M
a2

B\

35 mx M

IAE () HAR 7|9k oA AR #b (i) 998
7}4 range 7|8F WE4 FHFEHF proxy), (i) IV
717072 9 VRP SAIV surface), (iv) AHF 79
gok HolEE A 0% 152 Agan, % 35
N AHE L83 1V surface IFM= IV_VRP9}
IV VRP m227b E35=u, ol 37 AHAA
#Z8 VRV - IARV)ZA HZ RVS} E3A
ot A VRPE Ao WEA 9% 7145
HkgdEl e g o RV 922 Y3 92

B AR FE glo] #ovld 47

Category Variables

Description

Realized volatility

LogRV_lag(w), LogRV_Std(w), RV_Mom(w)

Lagged logRV; rolling std;
momentum  [w=1,5,10,22 (lag) / 5,22 (Std-Mom)]

Parkinson(w), GarmanKlass_22,

Range estimators RogersSatchell 22

Range-based vol estimators (H-L / OHLC)
[w=5,22 (Pk only)]

Retums & intraday Overnight_Vol, Overnight_Ret

Ret_lag1, Ret_abs_lag!, Range_Close_Ratio,

Prev-day return / abs return; (H-L)/C;
overnight vol-return

VIX levels & dynamics IV VIX stdB

IV_VIXOD/AM/3M), IV_VIX_chg, IV_VIX_ma5,

log VIX levels (9D/1M/3M); daily change;
5d MA; 5d rolling std

VIX term structure

[V_VIX_TermSlope, IV_VIX_ShortSlope

VIX3M — VIX; VIX - VIX9D

Variance risk premium | IV_VRP, IV_VRP_ma22

VIX?/100 - RV_SPY; 22d MA

Market context SPY_LogRV, Corr_SPY

SPY log-RV; 22d rolling corr with SPY

Alternative data

Order_Imb, Kyle_Lambda

Amihud, Vol_Ratio, Vol_Surprise, PV_Corr,

liquidity; vol ratio; vol z-score; price-vol corr;
order imbalance; price impact
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Table 3. Model group

Group Model
Benchmark HAR-3
Linear Ridge, Lasso, ElasticNet
Tree Random Fprest,
XGBoost, LightGBM
MLP, BILSTM-A
Neural network (Bi-LSTM + Temporal Attention)
Ensemble WEns (Ridge + XGBoost)
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Table 5. Symbol and definition

3571 9|3 A METes wakEol Yk A Symbol Definition
i e e L Rl RV () Forward RV of asset i,
< Wl it h trading days ahead (annualized)
) Implied variance proxy,
_ I 1V, 2
¥ 4 2YY sto|mu2iole] B e (VIX,/100)
Table 4. Hyperparameter search space by model VRP. () Variance risk premium,
Model Hyperparameter SearchSpace o IV} = RV, (h)
Ridge a {0.01,0.1,1,10,100,1000} h Forecast horizon (trading days),
n_estimators {100,300} h € {15,22,60,90,120,180,252}
XGBoost max_depth {35} i Asset index (i1, 11 ETFs)
learning_rate 00501 t Time index (trading day)
BILSTM-A hiddenunits (32,64 7, Daily log return, In(2, ;)
dropout 01,03 R-squared pooled and median R-squared
WEns pW {0.4,0.5,0.6,0.7,0.8,0.9}
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3}tk NaiveRV, GARCH, IV-only ®#lo]2g}el &dl
< A FAgo] Aol LE oy 83 3
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7FeAe SR
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/K-] LtSL

1, 5, 22, 180, 252AH9Y T
90, 120AY FollA = R1dge7} A1l
Ak 870 4S5 7IZE F 6704 WEns X+ Ridge

7} 1918 AA s
1~2AHY FlAE WEns(22d: 0.8044)9}
Ridge(22d:  0.8026)7F ¥ 12918 7IS3Ith

60~120A Y TZFl A= Ridge7} 0.757~0.788 ol
A 195 fA8190H, 180252A8Y FA =

WEns7} 0.717~0.7592 “¢$] 2$] oJUlE FAI5H
42 WEns M=
2AHY AZAA WEnst 7HEA pw=0.8E

Ridge®} XGBoostE ZAgtstal 3570 WAE Ak d
2 =9 A&ty YR A5 7w s JtsAE Al
WEns 0.118

Ridge{ 0.117
ENet 0.117
LASSO 0.117
RF 0.116
XGBoost 0.111
LightGBM 0.104
HAR-3 0.110
MLP 0.075

BiLSTM-A 0.072

1d 5d 22d

60d

dsls 722, 3 R = 08044, Median R? =
0.2469, RMSE = 045912 7] 58%{Th. Ridge®l &%
R2E 0.8026, ElasticNet2 0.8009% A =g R% 2
A% Aol2 HYon mE 71 3jo|= EAHOZ
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3 RV} 47F 053613 056442, 357 A A
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nl,J ol
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Cross-sectional contribution 1]
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Fig. 2. WEns Pooled R? vs R% Within by horizon
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R A8 AAD g2dow ods)
A BEe AAR T AN

R2 Withine 3 6 $7 A TYg 3570 TA, Y A R A4S
A3, BYF A5HAE RS Ags] BE B
E 6. WEns Pooled R? vs R* Within H|1l a8 2AEA vlwd A3dE nAYY 71 7E
Table 6. WEns Pooled R? vs R*_Within decomposition o ¥ 8o AT
day PooledR? | R2_Within P-w
1d 0.1176 0.0337 +0.084 B 8 20Aalel 7|7 oEs M BT
5d 0.6311 0.2689 +0.362 e i ,
24 08044 03831 10421 Table 8. 22day model performance comparison
60d 0.7877 0.1664 +0.621 Model Pooled R? | Median R? RMSE
90d 0.7558 -0.074 +0.830 HAR-3 0.7659 0.1702 0.5023
120d 0.7571 -0.166 +0.923 Ridge 0.8026 0.2583 0.4612
180d 0.7592 -0.245 +1.004 ENet 0.8009 0.2619 0.4632
252d 0.7178 -0.849 +1.567 LASSO 0.7973 0.2420 04674
RF 0.7775 0.1659 0.4896
=ol M2 XGBoost 0.7773 0.1378 0.4899
43 27 R LightGBM 0.7697 0.1255 0.4982
BILSTM-A 0.5361 -0.5286 0.7003
002 o)A 7|7l FY R} S4E AdE= MLP 0.5644 05295 0.6852
e A 2 oA AUPT T 6olA Wens | Do | 0249 ] 049
3Rl 5, AA(TLT 0.123, IEF 0.152, AGG 0.159)3
22d ¥ R J|¥SEZ WEns(0.8044) >

SLV(0.003)2] 22d R27} F2(SPY 0.569, QQQ 0.454)
e A3 o} @ 29 wdo] T4 RE &
T ko g Fojydn

2AHL 7I1ZF WEns®| AbE R2E & 790 AA|
sttt 4 Akl A= SPY(0.569), QQQ(0.454),
EFA(0415)7F AthA o2 H& o288 Heon,
AAA F USO0.38)= U453 +F& Yehdt
HkA JATLT 0.123, IEF 0.152, AGG 0.159)3%
SLV(0.003)& #< RE H3ith

¥ 7. 2H8 Y WEns ARk R?
Table 7. 22day WEns Per-Asset R?

Asset Class R?
SPY Equity 0.569
QQQ Equity 0.454
EFA Equity 0415
EEM Equity 0274
WM Equity 0.185
AGG Bond 0.159

IEF Bond 0.152
TLT Bond 0.123

USO Commodity 0.381
GLD Commodity 0.093
SLV Commodity 0.003

Ridge(0.8026) > ENet(0.8009) > LASSO(0.7973) <=2
2 A AF Age] 49 4918 AAsgon, E

gl 7y ==l RF(0.7775), XGBoost(0.7773),
LightGBM(0.7697)°] 5195 712359,
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RogersSatchell 22, LogRV lagl, Parkinson_5,
GarmanKlass 22, Range Close Ratio7} 91H-& *HA|
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Table 10. WEns 22day feature group removal experiment

3571 A A EAM A 9fstoit. Removed | e | Fuire | WO AR?
group Group
i IVSurface 10 08036 | 0.7872 | +0.0164
9. Ridge 227{2he =% 28 M2 dH HFProxy 7 | 08036 | 07883 | +00153
Table 9. Ridge 22day feature group subset experiment Alternative 6 08036 | 08020 | +0.0016
Ridge_22day | Feature | PooledR® MedianR?

- HAR | g 8;;713 888?; WEns 7]20.2, 8 R7} 0.8036¢1 AEiolA IV
angeonly ) ) . =n < 3
\VSurfaceonly | 10 02101 07032 Surface Mo} S 7= 1001642 7HE 3
HAR+Range ) 0.7899 02127 11, HF Proxy+ +0.0153, Alternative Datax= +0.0016

Full 3 0.8026 02583 o9tk
(22d, avg. of 7 methods)
IV_VIX 4 11.86
IV_VRP_ma22 1171
Parkinson_5 9.14
LogRV_lagl 914
LogRV_lag22 1.57
Garch_Daily 6.71

GarmanKlass_22
Parkinson_22
Garch_Weekly

RogersSatchell_22 257

4.43
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Fig. 4. 22day feature importance consensus Top-10
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Table 11. Kendall's W by Forecast Horizon

Horizon KendallW p-value
1d 0.666 <0.001
5d 0.758 <0.001
22d 0.822 <0.001
60d 0.807 <0.001
90d 0.808 <0.001
120d 0.774 <0.001
180d 0.781 <0.001
252d 0.766 <0.001
ot olfd A 34 FLEE HAFE
Aolw, A FAe A EHE AR enlshe

18 5E 20102024 VIX 478 AA9E e
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Fig. 5. VIX time series with quantile regime shading (2010 - 2024)
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Parkinson 59} LogRV lagle] HE o]t} 5~22¢
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Table 12. 22day Pooled R? by VIX Regime

VIX HAR-3 WEns AR?

VIX buttom 50% 0.739 0.781 +0.042
VIX 50790% 0.698 0.722 +0.024
VIX top 10% 0.602 0.765 +0.163

VIX 891 50% T2HelA= Re7F 0739914 0781
2, VIX 50~90% T3IelAE 0698014 07222 4
239tk g VIX A 10% FHAE 0.6029)
A 07652 A Eo] 7b¢ ZA Uehgth VIX A
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NaiveRV = 0.7139, GARCH(1,1) = 0.6895, IV-only =
02094, AI¢H =¥ WEnsE 3 R 0.804F EE
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[22] A3} WEns vs NaiveRVS] DM S F-& -8.698,
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Table 13. Diebold - Mariano test results: WEns vs.
baselines (BH multiple comparison adjustment)

Horizon HAR-3 | NaiveRV | GARCH | IV-only
1d 2.525 32.321 21.037 16.596
5d 8.493 21.738 11.290 38.664

22d 5.395 8.698 12.136 39.456
60d 0.159 0.101 10.983 28.160
90d -1.885 -0.121 7.643 22.816
120d -0.717 1.409 8.191 20.683
180d 1.092 3.499 7.284 17.977
252d 0.654 3.570 6.957 12.915

IV-only 229 RV dF 452 R = 02004,
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Table 14. LASSO-HAR vs LASSO Pooled R* by horizon

LASSO | HAR- | LASS WEns A(35-
-HAR 3 0(35) LH)

1d | 01160 | 01097 | 0.1173 | 0.1176 | +0.001
50 | 05660 | 05819 | 06216 | 06311 | +0.055
22d | 07292 | 07659 | 0.7973 | 0.8044 | +0.068
60d | 07534 | 07860 | 0.7705 | 0.7877 | +0.017
90d | 06931 | 07835 | 0.7491 | 0.7558 | +0.056
120d | 06073 | 07700 | 0.7442 | 0.7571 | +0.137
180d | 06150 | 07390 | 0.7219 | 0.7592 | +0.107
252d | 06070 | 06906 | 0.6826 | 0.7178 | +0.076
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+0.001(1d)ol A +0.137(120d) B ¢oll EE3Ich 22d
71% A= 4006801, 90d o A7) T A
A=} 0.056~0.1372 S, Eizal
LASSO-HAR(22d: 0.729)= Ridge 7]1¥F HAR-3(22d:
0.766)ETt 1d 7t ALde A 7|zhelA e 4
g HYnh

49 2Ud 43

WEns =l disl) =34 g5 22 434,
alpha F17%, 5-fold AAIE wAZF, tlolH %
B| 2~E, permutation importance, DM 78 A= A
oz Jd#AH JyHS =Yk Commodity IV T
A(GVZ/IOVX) AgoA+= £ GLDYE= GVZ,
USOoll= OVXE wAlstgl= W A Ed RV}

0782014 0.774Z 0.008p shstHich =g+ 73k 7
ol A HIAFA, A7148, ARCH E37} #E
Ko, HAC 719 AA 2 Eg HEXEAS E3
A vlae 92 JFeAS s,

ShH B = 308 ] gAS HeE gk
LAl A&t
Vel w7)st o %
01 252713}1

ol e A}E FTFIW ted 2o 3A,
WEns& 22d 71 Pooled R* 0.80442 87| <= 7]
FF A Hn Bse VIS EA,
1~22d9ll = HAR+Range(8#) Zg©] Pooled R
078995 =4t HA 34(0.8026) THHI 0.013p
Zpolol IR, 60d o]’Fell A= IV_VRP ma227}
A F8E Top-59 AUste] A7] dSoA v 4
Hol 77t ARE ERISAT AlA, 22d V&
WEns(0.8044), Ridge(0.8026), ENet(0.8009),
LASSO(0.7973)7F 14918  AXZ  HiE
BiLSTM-A(0.5361)2} MLP(0.5644)= H3t2 19
tiH] 0268p, 0244p SSkTh UAl WEnsE
NaiveRV-GARCH(1,1)-IV-only tH®] 22d Pooled R*E
ZkzE +0.090p - +0.115p - +0.595p AE3HH(p <
0.001) SAHCE Fo3t 95 HYTh tAlA,
LASSO(353 #])= LASSO-HAR(3¥A]) thu] 87} 7]
b AR s, AR 22d +0.068p, 120d
+0.137po] T},

B oAt FIU A2 5 A 9d 4
% ARG WEY ARTOR T4 AL A
g T 0F AL ABRIRY) AF =
922 AL

J[N'
‘é



Journal of KIIT. Vol 24, No. 8, pp. 27-43, Aug. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 41

(a) Input Data (b) Feature Engineering (p = 35)

(c) Per-Class Estimation (split by asset class)

(d) Output and Evaluation
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F‘-b[ Global StandardScaler (fit on train set)

XGBoost Per-Class (weight: 1 - p_w)

; Market Benchmark P l
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XGBoost

DM test: p <0.01
VIX regime stable
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Fig. 6. Overall workflow of the WEns model
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