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Algorithm 1: Risk Parity asset allocation

Input: covariance matrix
Output: weight

float sigma, variance, RC_diffs, asset_count
matrix wight, covariance_matrix, mrc, rc

Function RC(weight, covariance matrix):
variance = weight T (@ covariance_matrix (@ weight
sigma = +/variance
mrc = 1/sigma X (covariance_matrix (@ weight)
rc = weight X mrc
rc=rc/ sumn(rc)
retun rc

Init weight = array 1/len(asset_count)
float tolerance = 1e-20

While RC_diffs < tolerance do
constraints = [sum(weight) = 1 and weight > 0]
mat_RC = flattening(R.C(weight)-RC(weight). T)
minimize RC_diffs = ¥, \/mat_RC?

(Figure 1) Risk parity algorithm
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Step 2 ‘ XGBoost Training & prediction ‘
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Calculate allocation weight ‘

¥

Step 4 ‘ Back testing & Compare benchmark ‘

Step 3 ‘

(Figure 2) XGB-RP's structure and process
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(Table 2) XGBoost model parameter settings

- ~ Category Parameter Value
157 & 7144 ARE PSS Y WsE
o o = . _ _ booster gbtree
~ silent one
Ak 71eH AL F WS, BB, A parameter
_ - nthread default
HHE ARES 9Y WsE 8
eta(learning_rate) 0.1
Booster
— max_depth 2
3.2 XGBoost I}2{0|E| MA parameter —
subsample 0.8
E 189l XGBoost= o] 9] ‘xgboost’ T Leamning task o .
) _ o arameter objective reg:linear
oluglE &8t TASIAT <Table 2>% P
(Table 1) Input and output variables
No. Variable name Description
1 Close Close price
2 Volume Trading volume
3 Amount Trading amount
4 Foreign_rate Foreign ownership ratio
5 Foreign_shares Number of shares held by foreigners
6 Rate Rate of return
7 STD Standard deviation
8 TR True range
9 NATR Normalized Average True Range
Input
10 MAS Sday Moving average
11 MALS 15day Moving average
12 MA30 30day Moving average
13 Upper_band Top line of Bollinger band (time period = 20, std = 2)
14 Middle_band Middle line of Bollinger band (time period = 20, std = 2)
15 Lower_bnad Bottom line of Bollinger band (time period = 20, std = 2)
16 Band_width Interval size of Bollinger band of top and bottom
17 Momentum Return of 10days
18 OBV On Balance Volume
19 Output Target STD Standard deviation over the next 20days
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Cumulative Results
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(Figure 3) Structure of Moving window
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cov(a,b) = p(a,b) X 5a X &b

cov(a,b): covariance between asset A and B
pla,b)

O,'; : predicted standard deviation of asset A

. correlation between asset A and B

t;b : predicted standard deviation of asset B
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- . AFe oA =A@ Ay Avle] B4 uE
o101 p(A41,4,) - 010, p(41,4,) .. Holsl Al & & Bl 2=
— . .. . of g A Zulsts WAoo R FAE HF 2l
7,01 p(4,.4,) -+ 0,0, p(4,.4,) A 7IZAA] ks Algste] HEAos i
TFIES &Y. <Figure 5> 4HEE A
AEA w20 gaamaes 34 77k H| o g3o] 7|8 AoS AvjiEste A8 &
FEA YL B v FA T 2y VIE FERAS
]ﬂ— XGB'RPJE' D]EH J:IZ_‘X]' A ];9!'% G:“ .%.*5‘]—0:] ‘%‘Xél ple of asset allocation back-testing
s 1.0 )= = = weight of Investment Inventory
}\];é,ﬂ]' J—%X}‘ /\]% = %%o}ﬂ] t7’<_|<1 j’]ag %oi Period | Asset A AssetB  Asset C Beginning inventory | Ending Inventory
e s L R TR B I D B R I s o
el lsE] 4 B L e
<Risk Parity> (Figure 5) Example of asset allocation process
ing1  Rebalancing 2 Rebalancing 3 ing 4
1 1 |
1 1 1 1 °
o Z] o E 7 7} ()
N AN e Z1HA S AFA 713 XGBoost®]
Covariance matrix _z"-_ 7] Z_].':‘l]' %%l(—s—]_;ﬂ El'-%] 20°éi }gxoq.sl_oq
N R e . 2007.02.23.5-E] 2019.08.19.7h4] % 1543] 28
] l l l How Akl WEHAES z8skdh
1 1 1 1
\.____-/ '\-.___./

Pre-cov

(Figure 4) Asset allocation diagram
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(Figure 6) Prediction and real volatility(Energy)

ANIA AF ol9] 97 PFlA HAl Hls=3 4
I}= YEp A

<Figure 7>& g2z 2| eko] Atz Hlw
E 98l B+ AFE 23 (Root Mean Square
Error, RMSE)E YERH T =0t} <Figure 7>
ol XGB-RP= | SA|9F A=A 7ke] RMSE 4%
<, gz E s AA FAHX Y AS5A] 7H
RMSE #& 283t v 2j8els] 7)3tvict
= X]—{‘_l-ﬂﬁl‘i— 28-S vlwal Tk T3 <Figure 7>
21070 ¥ F HEH 0= oA JF RMSE
Hl 2 ,ﬁ:_ﬂrTE: YERH AT

EOE_I

Eneray
Energy

—— KGB-RP
—  Risk-parity
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'*w r"*J Lo
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(Figure 7) RMSE of XGB-RP and Risk parity(Energy)

<Figure 7>2] A3 9] BTN = vl
e AT v sie A3E Austd 4
2 vlwst7] 98} XGB-RP9} €] =92 E] 2]
¥ A 712+ RMSES] H# o2 Hlwslith

<Table 3>= F 29| RMSE <& 4FH
= nlugk Adoln I Ee AT
0.0042782] 4 3 8l3 XGB-RP=
0.0037852] 34 <3} Ax=Z vehich P73
o7 B Ao A<k XGB-RP7} AEA W
28] glz=Asfelgol Hlgf e 4 eaE
Epflo2a Bk PgAQl AE RES
dEsh o

2

i

(Table 3) RMSE comparison of total sector

Sector XGB-RP Risk parity
Energy 0.004902 0.005043
Finance 0.003405 0.004030
IT 0.003515 0.003895
Industrial 0.004061 0.004911
Material 0.003819 0.004414
Telecos 0.003122 0.003670
Utility 0.004742 0.004730
Consumer 0.002995 0.003471
Health_care 0.004526 0.005314
Staple 0.002765 0.003298
Average 0.003785 0.004278

<Table 3>9} <Figure 8>° 2 H|w EA3t A3}

= 107 AdF & FEeE 45 AT o7l “Q
T BTN 7129 daadE Ry 24 &

A7y AaE e e o F 23E F
3 & AFolAM AT Yol 4 eAE =9
o FaA0] ee SHEAL Utk HZ 5 At
o2 2ol Qo 4 A5 & HEAY =

& AAso.
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(Figure 8) RMSE comparison of total sector

SO o FE U A MNAE FRIE]
A8 Aakel i We)| ~BS W EA T} <Figure
9> XGB-RP9} ]2 2lE] 2& 9| +32]<=9)
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A7t P2 E g 7ve 2 AAIE 7] u
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18 4 == Risk parity
16 4
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12 /{W
1a w.
0.8_ T T T T T T T T
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(Table 4) Result of asset allocation models

XGB-RP Risk parity
return, 45.748% 40.400%
ulo 0.079 0.073
Hp 0.337% 0.312%
o, 4.283% 4.278%
return, : cumulative yield of portfolio

p/o : risk-adjusted return
w, : average of return (expected return)

o, : standard deviation of portfolio (risk)
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Abstract

A Study on Risk Parity Asset Allocation Model
with XGBoost

Younghoon Kim*:HeungSik Choi**:SunWoong Kim***

Artificial intelligences are changing world. Financial market is also not an exception. Robo-Advisor
is actively being developed, making up the weakness of traditional asset allocation methods and replacing
the parts that are difficult for the traditional methods. It makes automated investment decisions with
artificial intelligence algorithms and is used with various asset allocation models such as mean-variance
model, Black-Litterman model and risk parity model. Risk parity model is a typical risk-based asset
allocation model which is focused on the volatility of assets. It avoids investment risk structurally. So it
has stability in the management of large size fund and it has been widely used in financial field. XGBoost
model is a parallel tree-boosting method. It is an optimized gradient boosting model designed to be highly
efficient and flexible. It not only makes billions of examples in limited memory environments but is also
very fast to learn compared to traditional boosting methods. It is frequently used in various fields of data
analysis and has a lot of advantages. So in this study, we propose a new asset allocation model that
combines risk parity model and XGBoost machine learning model. This model uses XGBoost to predict
the risk of assets and applies the predictive risk to the process of covariance estimation. There are estimated
errors between the estimation period and the actual investment period because the optimized asset allocation
model estimates the proportion of investments based on historical data. these estimated errors adversely
affect the optimized portfolio performance. This study aims to improve the stability and portfolio
performance of the model by predicting the volatility of the next investment period and reducing estimated
errors of optimized asset allocation model. As a result, it narrows the gap between theory and practice and
proposes a more advanced asset allocation model.

In this study, we used the Korean stock market price data for a total of 17 years from 2003 to 2019
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Graduate School of Business IT, Kookmin University
77 Jeongneung-ro, Seongbuk-gu, Seoul 136-702, Korea
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for the empirical test of the suggested model. The data sets are specifically composed of energy, finance,
IT, industrial, material, telecommunication, utility, consumer, health care and staple sectors. We
accumulated the value of prediction using moving-window method by 1,000 in-sample and 20
out-of-sample, so we produced a total of 154 rebalancing back-testing results. We analyzed portfolio
performance in terms of cumulative rate of return and got a lot of sample data because of long period
results. Comparing with traditional risk parity model, this experiment recorded improvements in both
cumulative yield and reduction of estimated errors. The total cumulative return is 45.748%, about 5% higher
than that of risk parity model and also the estimated errors are reduced in 9 out of 10 industry sectors.
The reduction of estimated errors increases stability of the model and makes it easy to apply in practical
investment. The results of the experiment showed improvement of portfolio performance by reducing the
estimated errors of the optimized asset allocation model.

Many financial models and asset allocation models are limited in practical investment because of the
most fundamental question of whether the past characteristics of assets will continue into the future in the
changing financial market. However, this study not only takes advantage of traditional asset allocation
models, but also supplements the limitations of traditional methods and increases stability by predicting the
risks of assets with the latest algorithm. There are various studies on parametric estimation methods to
reduce the estimated errors in the portfolio optimization. We also suggested a new method to reduce
estimated errors in optimized asset allocation model using machine learning. So this study is meaningful
in that it proposes an advanced artificial intelligence asset allocation model for the fast-developing financial

markets.

Key Words : asset allocation model, risk parity, portfolio optimization, XGBoost, estimated errors
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