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ABSTRACT

Using the Funding Rate Arbitrage strategies of cryptocurrency Perpetual Futures markets brings many
of its limitations to light. When faced with market volatility, a static equal-weight solution is unable to adjust
immediately. On the other hand, Machine Learning approaches rely on forecasting Funding Rate values, which
are characterized by mean-reversion, and this makes it difficult to predict profitably. This research thus develops
an Event-Driven Portfolio Management Algorithm using Mean-Variance Optimization and compares it with three
baseline strategies: Static Equal-Weight, Ridge Regression, and XGBoost with Walk-Forward Validation.
Backtesting was done on actual data from Binance Futures for eight digital assets over a four-year period. Test
results show that our method achieves an annualized retumn of 10.97% with a Sharpe Ratio of 30.47, outpacing
Static by 22.4%, while both Machine Learing baselines fail to beat Static (Cohen's d less than 0.2). Our method
never lost in any single month (43 out of 43 months) with Max Drawdown of only 0.18%. Statistical significance
is confirmed through 8 methods, with Monte Carlo Bootstrap P (>0) equal to 99.63%. Sensitivity analysis confirms

robustness and the Breakeven Fee ranges from 5.4 to 7.3 bps at least twice the actual transaction fee.
Keywords: Event-Driven Portfolio, Funding Rate, Sharpe Ratio, XGBoost, Monte Carlo Bootstrap
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WamLasnagaud L innNIa28 Python 3.1 lag
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Validation (Bailey et al., 2015) lagutd Train
Window 6 10t 91niw Test 1 1iau 91Nt theu
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Walk-Forward Validation Process
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Month Index

I Train Window (6 months, ~540 data points)

B Test Window (1 month, ~90 data points)

Train:Test = 6:1 | 43 Rounds | No Look-Ahead Bias

Figure 1 Walk-Forward Validation: Train 6 months, Test 1 month, 43 rounds
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Softmax Weighting &1%31 ML

ML 1198030219 Features 4 nguIN
Funding Rate: Moving Averages (MA7, MA1g4,
MA21), Volatility (O7, O1a, O21), Trend (MA7 -
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EventHandler 1% Multi-Layer Filter 4 Tulu
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Table 1 Risk metrics used for strategy evaluation

Filter 11 O_market < 0.0015 2¢ Skip, Layer 3 -
Adaptive Interval 13132 82¥19013 Volatilty (149
>0.02 Aruatdu 96 Ty, na1d Anuarln 144
w30, 61 fwnards 216 7., Layer 4 - Weight
Deviation Filter w1n Z|W," — W;|< 0.07 a2 Skip
Funding Rate Spike @3793 U148 FR 118 gutin
60% 7N Moving Average 21 381:

[FR(t)— MAy,|

M| > 60 4)

Spike = 1 if

MINATEHANULETDS (Risk Metrics) LW e

2,
[

U3zl WA NLFLIVAINE a:ﬂaq‘nﬁmu% Bl

AT 4 o1 AILRAILA Table 1

Metric Formula Interpretation
Sharpe S=(Rp-Rf) / Op Return per total risk
Sortino So=(R_p—Rf) /] Od Return per downside risk
MDD max(Vp-Vt) / Vp Peak-to-trough loss
Calmar Rannual / MDD Return per drawdown

Note: R_p=mean return, Rf=risk-free rate(0), O p=std dev, 0 d=downside std dev

Sharpe Ratio k8% Sortino Ratio 147
NAROLLNUANUIBAINNLEES lae Sharpe Ratio
NPTV HUHIBNIANA VN Sortino Ratio
A ) = '
NI URNITANUNBHIUDIRT TIRNIEFUNIN
E\%’m%'uﬂatqu Funding Rate Arbitrageﬁ‘l:fﬂa\‘l‘qu
ﬁ'a'mﬁaamwm‘qumﬂﬂ’hmﬂuw”umumﬂﬁwvl,s
[ . o 6 v A
®I% Maximum Drawdown QQL%QﬂWiMLaaiWUﬂQQ

A X A 4
MAAUWIII ez Calmar Ratio 1TaulgaNanaLN
N1 Drawdown LﬁmhmﬁmhNamammuéjmhﬂ”u
d' = 1 v gw q": [
mmmmgaq@mavlu NTTANTIANT 4 G1%
Tunw M ldrIuInlssidnlszans nmwuaina

q‘nﬂﬁ 2ENITALA
NMINAADUNIED A

NAFOLIZALTBLADN (N = 43 LAD WNAY
¥n Walk-Forward Training) W3uiig 6 € (m = 6)

@28 8 37 (1) Paired t-test (Montgomery & Runger,

2018) (2) Newey-West HAC (3) Monte Carlo
Bootstrap 10,000 58 U (Efron & Hastie, 2016)
(4) Wilcoxon Signed-Rank Test (5) Block Bootstrap
(6) Permutation Test 10,000 58U (7) Ledoit-Wolf
Sharpe Test (8) Cohen's d Effect Size W Tou

Bonferroni Correction (p_adj = p x m)

Ha

91 n Table 2 Event-Driven MVO 1%
NAABULNUFIFA 10.97% @81 las Sharpe Ratio
= 3047 goni Static (24.90) W AuAALTY +22.4%
Wzl Max Drawdown LW &9 0.18% §1n1 Static
(0.86%) f14 4.8 1Y Calmar Ratio §9719 61.51 Ll
AU Static (11.19) g9n31 55111 fenvaulade
ML #9 Ridge (9.64%) ez XGBoost (9.64%) 14
NAAAUUNWUNULYINNL Static (9.66%) Wzl fn

Sharpe @nianitas
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Table 2 Full period performance comparison (Oct 2021 - Oct 2025)

Strategy Return (%) Sharpe Sortino MDD (%) Calmar Rebalance
Static 9.66 24.90 25.10 0.86 11.19 0
Ridge 9.64 2475 25.12 0.89 10.84 43

XGBoost 9.64 24.76 25.16 0.89 10.89 43

Event-MVO 10.97 30.47 26.95 0.18 61.51 166

Annual Returns by Market Condition

14 Bl Static XGBoost
I Ridge W Event-MVO

Annual Return (%)

Year 1 Year 2 Year 3 Year 4
(Bear) (Recov.) (Bull) (Mixed)

Figure 2 Annual returns: 4-strategy comparison by market condition

Table 3 Year-by-year performance summary

Period Market S. Ret% E.Ret% S-E RetDiff S.Sharpe E.Sharpe S-E Sharpe Diff

Year 1 Bear 4.86 8.33 +3.47 12.19 24.85 +12.66
Year 2 Recov. 6.40 717 +0.77 36.52 37.19 +0.67
Year 3 Bull 14.68 13.67 -1.01 32.58 29.98 -2.6
Year 4 Mixed 8.35 8.96 +0.61 44.07 62.75 +18.68
Average - 8.57 9.53 +0.96 31.34 38.69 +7.35
91N Figure 2 WA Table 3 Event-Driven U32ANS N Year 3 (Bull Market) 1o fiuw
IAuasue 3910 4 T (75%) lag Year 1 (Bear (-1.01%) laud9inain Ridge waz XGBoost KA
Market) 1% Improvement §I&@ (+3.47%) L‘ﬁa\‘imﬂ Lmumﬁauﬁunnﬂ (@hoﬁ’u <0.01%) w8331 Non-

Volatilty §37i11% MVO Taassiiwinlad linear Model I3/ ldtwitanin Linear Model luv5unit
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Sharpe Ratio: Event-Driven vs Static

| HEE Static
s Event-MVO

w B w1 )]
o o o o

Sharpe Ratio

N
o

Year 1
(Bear)

Year 2
(Recov.)

+138.7

Year 3
(Bull)

Year 4
(Mixed)

Figure 3 Annual Sharpe Ratio comparison

Figure 3 L& Event-Driven Sharpe §9ni1
Static 1 3370 413 lag Year 1 (Bear) Ha71u
UANGNIFIFA +12.66 90 (+103.9%) ifiasanama
HunIugavinld Mvo 44 F3TUMENNANLA B
LA ¢ a1l 'ﬁl Funding Rate (ii’]vl.@i”ﬁ Year 4 (Mixed)
Usudysanniuouauaad +18.68 90 (+42.4%)
874 Year 3 (Bull) iudifieniichnin aasg 8.0%)

931N Funding Rate 1 uuinainane

Table 4 Monthly descriptive statistics

vl#iadsTIa Event Sharpe Lyinriy 38.69
§9n11 Static Equal Weight F9lnade g W&
31.34 Aadu +23.5% e'ﬁaﬂ%’uﬂ;amnnd'l Return
(+11.2%) 15489970 MVO FaugadaIunyonms
AR UHANBULNULAZAAANURUNINAIN 0.626%
AR 0.520% (aAad 16.9%) FaAARBINURANMNT
Diversification ¥a3 Markowitz (1952)

Metric Static Ridge XGBoost Event
Mean (%) 0.650 0.649 0.649 0.720
Std Dev (%) 0.626 0.631 0.630 0.520
Min (%) - 0.502 -0.523 -0.519 0.115
Max (%) 3.346 3.361 3.361 3.338
Pos. Months 39/43 39/43 39/43 43/43
Best Count 7143 4/43 5/43 27/43
Monthly Best Strategy (n=43)
Ridge
4/43)
XGBoost
(5/43)
11.6%
Static
Event-MVO (7143)

(27/43)

Figure 4 Monthly best strategy distribution (n = 43)
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Monthly Performance (n = 43)

Monthly Performance (31%2% 43 L@l at)
1o Table 4 uaz Figure 4 L8a431 Event-Driven 'l
\nEINANUTIBIAaY (4343 L 100% Positive
Months) ¥ sz 7l Static, Ridge W8 XGBoost i 4
\@ auﬁ'm@nu (90.7%) ﬂ"]éi']qmaa Event #9111
1IN (+0.115%) Uiy Static Asngaie -0.502%
%ummimmmﬁauﬁNa@ammm‘%wﬁq@ Event-
Driven figisanansasnmuait laduuanld ang
AN MVO aaiwiinin el Funding Rate 61
wiofaau 320U Max Weight 40% 7i1asiums

o a a A a
neana sy lamiognisanniinly

ANWANHWBEIW Event-Driven d Monthly
Std Dev 189 0.520% §1n31 Static (0.626%) Aa
\Juaass 16.9% iunansanain Event-Driven T
wammmumﬁyqaﬂ'jw (0.720% uuny 0.650%
AaLfian) SruamuHEAIUTENIN §19S Monthly
Win Rate ¥i11% Event-Driven 1% na d nEAlw
HAABLUNUFIFA lUTaUIGauis 27 10 43 1haw
(62.8%) LN Static (7 Laaw) XGBoost (5 Laal)
L8 Ridge (4 16iow) #91nA31 ML N9F09TI00M
TUREd 9 Wian (20.9%) Teiasnin Event-Driven
WNE9aL@ 304 3 1110 BuguINMI¥inme Funding
Rate @28 ML laiaansaassanylaidSouinila

3% Optimization 'l&"

Cumulative Portfolio Growth
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wn -
D 130 - Event-MVVO
o
o
e
—
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(0]
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(]
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30 40
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Figure 5 Cumulative portfolio growth: Event-MVO vs Static

Bootstrap Distribution (10,000 iter)
P(>0) = 99.63%

15.0

12.5 A

10.0 H

7.5 4

Density

5.0

2.5 1

0.0

m= | Ho: u=0
= Mean=0.070%
95% CI

—0.05 0.00

T
0.05

T T
0.10 0.15

Mean Monthly Improvement (%)

Figure 6 Bootstrap distribution of mean monthly improvement (10,000 iterations)



133N maasuazina lulad yniInenaensasmans 19 14 ayun 2 2569 108

Table 5 Statistical tests: Event vs Static (n=43, Bonferroni m=6)

Test Statistic Raw p Bonf. p Result
t-test t =2.483 0.0171 0.1027 V' Raw
Wilcoxon W = 669 0.0086 0.0515 V' Raw
Permutation 10K iter 0.0126 0.0756 V' Raw
MC Bootstrap P(>0) 99.63% - V' >95%
Block Boot P(>0) 92.13% - Borderline
Newey-West t=1.588 0.1198 0.7187 NS
Cohen's d 0.379 - - Small
HANIMNAFDUNIFD G

Cumulative Portfolio Growth

Figure 5 W&A41AL7AWI1 Event-Driven (14

\D8) wenaanan Static (FWINEH) AIUATIIUIN
' ' ' A A X Aa
LazTadINNvsdatbadnnan 43 Llaaw NWNR
WA INNLE T LRAINAABLUNUE WA NN FZRY

A o . Y

(Compound Effect) Gi9818i431 Event-Driven T
dndnadsaiane il esiisaalatianm

4, &
RN

Table 6 ML vs Static: Effect size analysis

NANAFaLNIIRDG 97N Table 5 LA Figure
6 Raw p-value H1% 0.05310 4375 (ttest 0.017,
Wilcoxon 0.009, Permutation 0.013, MC Bootstrap
99.63%) Bootstrap 95% Cl = [0.016%, 0.125%] L4
39467 0 88 w31 Improvement LT uuInaT 9
Bonferroni Correction (x6) il p-value agjﬁ 0.050.10
G'fi J Conservative #1351 Correlated Comparisons
Cohen's d = 0.379 (Small Effect) FOAAR8INU Efficient

Market 71 Alpha JUWALRNLARILEND

Comparison Mean Diff% t-test p d Effect
Ridge vs Static - 0.001 0.340 -0.15 Negligible
XGBoost vs Static - 0.001 0.403 -0.13 Negligible
Event vs Static +0.070 0.017 0.38 Small
Table 7 Sensitivity analysis summary
Parameter Range Return% Sharpe Wins All
spike_threshold 40-80% 10.90-10.99 30.0-31.0 Yes
lookback_window 60-120 periods 10.92-10.99 29.8-31.0 Yes

min_interval

96-240 hrs

10.97 30.47 Yes
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Table 6 L&A 331 Machine Learning (ML)
¥4 Ridge (d = - 0.15) Wa= XGBoost (d = - 0.30)
{l Effect Size 321 Negligible (< 0.2) iiaufiauriu
Static WaftEuiwin MY Funding Rate sie)
ML lia$9 Alpha 3912zl Linear 338 Non-linear
Model a3 L@ lun19a359nL14 Event-Driven
MVO (d = 0.38, Small) 71 l3ilé¥ue navlduad
andnedvlnpsan
Sensitivity LLaz Breakeven Analysis

Table 7 L& @3 Event-Driven 7% ¢ nn
Baseline lu“qﬂ Parameter Setting (Wins All \Winnu
Yes) Retun afluti19uay 10.90-10.99% uaz
Sharpe 29.8-31.0 Wumstiugwinuaans i 'laiia
91N Parameter Overfitting LA NIIINAANNITV DI
Event-Driven MVO lat/ii@1 Breakeven Fee aglj"ﬁl
5.4 bps (Lﬂmsﬁ Sharpe Ratio) %I 7.3 bps (I,T’n,'lflﬁlfif
Return) sﬁdﬂgdaadﬁ’]gdﬂ’ﬁ’]ﬁ’]ﬁi'ﬁmﬁﬂmﬁﬂl8\1
Binance (2.5 bps) 889188 2 1¥iN WRAIIN Safety

Margin tNeawe

a '
21900
A XA a o A a
IR nNIBRAaNAANITINY
U52ANTAT1W Sharpe Ratio H1uaana3Nu Event-
. v &AM o 4, add
Driven WaaWS Hug i35 Lauanssaidinane
881ITALAU lag Sharpe Ratio LW331N 24.90
. IS Aa ) A a
(Static) 1111 30.47 AaLTw +22.4% TILNAIINANT
BIITUFDINTWNTONN Y AIULINABNITLNY
NAAAULNWLRREIIULABKINN 0.650% b1 1
0.720% WABNIIIAFIIHIRGN U SIRUNITWE NG
Funding Rate &3 @18 Mean-Variance Optimization
(Markowitz, 1952) @1wN&adifan17aa Monthly
Volatility 370 0.626% 11488 0.520% (8084 16.9%)
611 Covariance Matrix NTNI2I3NUAINNLR 89
A A A A o eda . o
wan s sia@unawdil Correlation gawia

o

it

A1 Sharpe Ratio Ng4f14 3047 8139
a ad a o & o ' &
Aadn@lafisununagninsasmuna latnslsh

mwmﬁaa@ﬂﬁaaﬁumsumama:maq‘nﬁ Delta-

Neutral Funding Rate Arbitrage ﬁﬁmwﬁumu@%w
41N (Monthly Std Dev LA 89 0.520%) n&a12f 8
NAAALLNWUNAINAN Funding Rate Adunnifiay
anaa hilgannisiisdlsfanisnanvialag
DATIRIBNAABLUN UG amwm?}mgmm
5ﬂ1ﬂm:LﬂW’]:“lladﬂailqﬂ‘Eﬂi‘:Lﬂﬂﬁ 39 He etal.
(2022) 7157w Sharpe Ratio 71 galuansaduin
il’mﬂaﬂq“nTE Arbitrage U Perpetual Futures U84

Binance

#1114 Downside Risk Event-Driven 1 Max
Drawdown 189 0.18% 61n31 Static (0.86%) 19
4.8 L¥11 Calmar Ratio §9f19 61.51 LiUNL Static
(11.19) §9n91 5.5 111 Lm:"l,;imﬂm@]nmﬁmﬁau
(43/43 17T 100%) Vouetl Static 10N 4 LaBw
mm@;‘ﬁ'ﬂnﬂ 84 Downside laasnnaantasnysn
Event-Driven ﬁ@auauaa@iamqmitﬁﬁd (Spike
Detection) '1i 1% Fixed Schedule 73U Adaptive
Interval MSUANNATA Volatility &z Max Weight
40% ‘ﬁ‘ﬂ 89N % Concentration Risk %8N31N ‘f':
amanstladnnudonloadonaia (Hanif et al,
2023)

naswEsnagonitefiinanlede ML 1
Ridge LLae XGBoost b &8N TUY Equal
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d %a8n31 0.2) Feature Importance 311 XGBoost
LRA931 current_fr Y Importance fI79 (Uszunm
Ya81az 30) LXA93I1 Funding Rate Janimue Mean-
Reverting enndamvinmeasneiininls seansad
nu Ilgbal et al (2024) sz Efficient Market
Hypothesis (Fama, 1970) 1% ayaluafialisnanin
Muwigawaa laag19i%us1An wae Noise-to-
Signal Ratio qﬂu Financial Data (Bouri et al., 2020)
Ha#331n13 Optimize HWINWETAMUUWINIS
Event-Driven MVO ddse&nTniwiniianinnisg

e ML TuuSun Funding Rate
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#1%3u1321@ % Bonferroni Correction 111
14 p-value 2849 t-test a%iﬁl 0.1027 waz Wilcoxon ag]
7 0.0515 @9l wLN 9T 0.05 8E19T AL
Lﬁ 83310 6 Comparisons § Correlation N'%
Bonferroni 39813 Conservative iy atnglsn
anulug11uas MC Bootstrap P(>0) tvinnl 99.63%
F910u Non-Parametric 'l ¢a Adjust £ %8 W
Practical Significance Sensitivity Analysis L & @ 3
Event-Driven TuzvIn Parameter Setting 6%{Jl,‘ij‘tl,ﬂ’h?
e Robustness 1843:UU wazri1lidn
Breakeven Fee aglj'“ﬁ" 5.4 f14 7.3 bps gIn1in
ANBITNLHEINRTIVBY Binance (2.5 bps) atnas 2

Wi U&A9313 Safety Margin tNeWa

Ta3neuasnuIde leud (1) Ansianie
Binance 131324 Bybit, OKX (2) 311a 8 AuNIwe
(3) lds7% Slippage 2549 (4) ML 1Fianne
Ridge/XGBoost 14573 LsT™ (Garcia-Medina &
Aguayo-Moreno, 2024), Reinforcement Learning
(Zhang et al., 2020) TaLEWOUUEEINTLABIAG
1w m‘JL‘ﬁI&I Deep Learning Baseline n13u818
FUNTWIUAZAANA MINAUWTZUY Reak-Time LA

mﬂ’ﬁ Holm-Bonferroni Ltnih Standard Bonferroni
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  s u b j e c t   t o :   Σ   w  i =   1 ,       0   ≤   w  i ≤ 0 . 40


    w  i =   e x p  (     s  i  T )   Σ  j  exp ⁡   (     s  j  T ) ,       T   =   1 . 0


  Σ  |   W  i ∗ −     W  i |
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