CEUR-WS.org/Vol-2104/paper_1l61l.pdf

I mplementation of Robo-Advisors Toolsfor Different
Risk Attitude I nvestment Decisions

Oleksii IvanoV, Oleksandr Snihovyj and Vitaliy Kobet0000-0002-4386-4103]

! Kherson State University, 27, 40 Universitetsk&sterson, 73000, Ukraine
si nk2385@mmai | . com snegovoy@ot mai | . com vkobet s@se. org. ua

Abstract. We researched: how to use Machine Learning initten€ial indus-
try on an example of Robo-Advisors; defined the désnctionality of Robo-
Advisor; an implementation of Robo-Advisors basedamalysis of the most
popular financial services such as Betterment, Eétvisor, Motif Investing,
Schwab Intelligent and Wealthfront. We comparedrthenctionality, formu-
lated a list of critical features and describedhigh-level architecture design of
a general robo-advisor tool. Using Markowitz mode prepared a proof of
concept of a robo-advisor application for investaith different attitudes to
risks. Results of our investigation proposed datacgssing automatization
from open sources of cryptocurrencies as the mmitnowadays.
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1 Introduction

Intelligent data analysis is one of the areas tfi@al intelligence, which solves the
problem of learning automatic systems without theiplicit programming, focuses
on developing algorithms that are self-learningeblasn the proposed data [1].

Financial corporations that need to adapt quicklyhe environment have realized
that it is more efficient to develop self-learnisgstems that manually improve exist-
ing systems as needed. It saves the resourceg abthpany and optimizes the pro-
cess of developing a financial software product.

However, according to a Bloomberg survey in 201 Naw York, only 16% of
firms have introduced Machine Learning into thewastment strategies and software
[2].

The purpose of this paper is to review the financial softwdhat uses Machine
Learning to consider the working principle and fotate the main functionality of
the regular Robo Advisor as software for managmgestment portfolios [2, 3], and
to implement a proof of concept of the robo adygsafgorithm.

The paper has the following structure: it consigtd main parts. Part 2 examines
the main ways of using data mining in the finansiattor, especially in the concept
of constant living income. Part 3 examines the fiemality and capabilities of exist-
ing tools and formulates a list of main featureartP includes experiment of robo-



advisor application for investors with differentitatdes to risks. The last part is the
conclusion, which summed up the results of thearese

2 MachineLearningrolein thefinancial industry

The ability of computer programs to learn and inmerahemselves has become a
conventional technology continuously growing iniatiustries. Large companies like
Google, Facebook, Amazon, use Machine Learning (kéL)mprove performance,
user experience, and data security. In the findmudstry, the following areas were
affected by ML [4]:

» Fraud Prevention;

* Risk Management;

» Customer Service;

« Virtual Assistant;

* Network Security;

« Algorithmic Trading;

* Investment Portfolio Management.

All of these areas combine such a process as f&tirgaAlso, they all carry a vast
array of data that can be combined to create alektaiew [4]. It is the primary
component of ML. Having an extensive multi-layeata where each layer affects
others the goal is to find a pattern and to forettzes next values, or based on found
values provide the most profitable solution. Algois not the only one advantage,
because the ML'’s knowledge base always increalsedater forecasts will be much
accurate than were in the beginninget’'s consider some examples of situations and
possible scenarios of using ML in FinTecHror example, Virtual Assistant (VA) is
an integral part of any high-quality product, esalbg financial software like online
banking. VA can save bank’s money and minimizedbst of real assistance. How-
ever, even it cannot resolve all issues and acthea¥first barrier” between the cus-
tomer and the real assistant who participates $& od VA's impossibility to resolve
the issue. So, what kind of issues the VA can $oler example, instruction about
how to open a deposit in a bank, help with clogsingaccount, actual offers. The main
“trump card” of the virtual assistant is not onlgsg access to all information in the
bank, and it is personalization to the customet atgo training on customer's actions.
In a case of regular money receipt to a customaat®unt and positive account bal-
ance after all withdrawals; well-trained VA can pose a profitable type of deposit.
Also if the bank has an assignment in partnershijp MasterCard (or any other
company), VA may offer to all owners of MasterCarards some unique bonus.
However, if the customer regularly rejects the sémauses in the past, VA can mark
such customer as not a part of the target audi@ndeof course he can find all infor-
mation about bonuses by himselfAnother excellent example of using intelligent
data analysis is algorithmic trading — a methoéxacuting a large order using a pro-
grammed algorithm based on trading instructionsiadllg, to succeed such software
should have a big dataset with all values evenethvasich affect the main one (for



example, goods prices, the costs of raw matetiadscosts for creating and sale) for
an extended period. Having so much informatioreton, the ML algorithm can fore-
cast numbers, and traders will know either theydriedbuy or to sell or to wait.

However, constant living income (CLI) can be thestnoommon usage of ML in
the financial industry. It is a type of income thimtes not depend on daily activities.
(e.g., investment, ownership or deposits). CLI corad all ML areas used in finan-
cial industry. ML can automate the process of ggt€LI through offering new types
of income, different forecasts, and metrics) arid finocess will be improved contin-
uously.

3 Robo-Advisorsasfinancial software

A good example of financial software for making gige income and managing a
financial investment portfolio is Robo Advisor (RAYow, this software is common,
but until 2008, this term did not even exist [2, 3]

RA is a set of algorithms, which calibrates investinportfolio based on custom-
er's goals and risks. The customer enters his ggal, current income and financial
assets. For example, 30 years old man with a saf#$20 000 per year has accumu-
lated $100 000, and he wants to retire at the 8§ avith $10 000 000 savings. The
system begins to offer the expansion of investnbetiveen classes of assets and fi-
nancial instruments to achieve customer’'s goalsoAlt calibrates the expansion
based on changes to the customer’s goals and ne&réieges in real time. So, Robo-
Advisor always tries to find what is most closedyated to the goals of the client [5,
6].

Unfortunately, RAs algorithms are unknown to thélmubecause they are a com-
mercial secret. However, there are few techniqueat they can use [7].

Firstly, it can be Modern Portfolio Theory (MTP) astheory of optimizing or
maximizing expected return by risk-averse invesb@sed on a given level of market
risk. The algorithm of portfolio construction coulde MTP if the customer is a risk-
averse person [4]:

E(Ry) = ZiwiE(R)), @

whereR,, is a return of the portfolidg; is a return on asset and is the weighting of
a component asséfthat is the proportion of asset “i” in the pofif.

Also, RAs can use Fisher equation to show the custs real interest rate under
inflation [8]:

i=r+m, 2

wherer is the real interest ratéjs the nominal interest rate ands the inflation rate.

However, the Black-Litterman model also can helppdimize the portfolio, and
also can be used in RAs [3]. E. g. Betterment amdNtfront use this model to pre-
dict the expected rates of return, but Schwab ligegit uses completely different
approach [9].



E[R] = [(r2) ' + PTQ 1P (rE) Mt + PTQ1Q], 3)

wheret is a scaling factor is a yield covariance matrix of instrument X N ma-
trix). P is the is the assets identifying matrix that is flubject of investor’'s forecasts
(K x N matrix). 2 is a diagonal covariance matrix of standard faseearors that is
reflecting forecasts uncertainti( (x K matrix). Il is the expected equilibrium return
vector (V X 1 vector-column)g is the forecast’s vectok(x 1 vector-column)X is
investor’'s forecasts number andis the assets number in the portfolio. Of course,
there might be completely different formulas, esglgcbecause of using them with
ML. There are many of RAs, but only 5 of them weh®sen, as the most popular, to
review and to define the main functionality. Belltke comparison of some features
is shown in the following table 1.

Table 1. Ras features comparison

Feature Betterment  FutureAdvi- Motif In- Schwab | Wealthfront
sor vesting Inteli-
gent
The user car + + + + +
create  own
account.
Two-factor + (sms - - - -
authentica- only)
tion
Portfolio + + - + +
rebalancing
Advice + (Human)| + (Automat-| + (Auto- + (Hu- + (Auto-
ed) mated) ma) mated)
Customer + + + + +
Service
Mutual funds + + - - +
Fees Digital - | 0.50%l/year | $9.95/trade  0.28%j; 0.25%, but
0.25%/year $900 first
; Premium quarterly | $10,000 is
- cap free
0.40%/year
Retirement + + + + +
Planning
Automated + + + + +
Investments

Betterment is the one of the oldest RA (dashboardes is shown in the following
fig.2). The company has developed reliable softwaréelp novice investors. The
user should set how much they plans to invest iff6s (Exchange Trade Fund, the
investment fund), and how much into ETFs bonds.r&ti& no minimum deposit to
open an account. One commission is charged inahger of 0.15% to 0.35% based
on the balance of the account. RA has easy-toame which help investors decide



on the distribution of stocks, bonds and otherrfaial instruments as cryptocurren-
cies [7, 10].
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Fig. 1. Betterment dashboard screen [11].

FutureAdvisor (dashboard screen is shown in thievahg fig. 2) is the RA that
works with Fidelity, an American holding companyeoof the largest asset manage-
ment companies in the world, and TD AmeritradeAamerican company that set up
an electronic trading platform. This RA offers diakle investment evaluation tool.
Users can associate existing investment accouthieiisystem for free. It assesses the
investments feasibility based on productivity, dsiication, commissions, and taxes.

Also, this product may provide guidance on changiginvestor’s assets distribution
[12].
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Fig. 2. FutureAdvisor dashboard screen [13].

Motif Investing is a product for active traders wiiallows users to create stock
baskets and ETFs (dashboard screen is shown foltbeing fig. 3). After the creat-
ing, the user can buy up to 30 stocks of ETFs @@%. Investors can create their
baskets; invest money in other ones which weretetdehy the service itself or in
those created by other users [14, 15].
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S~ 37.65 10.35(0.94%) R Wahi
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Fig. 3. Motif Investing dashboard screen [16].

Schwab Intelligent is one of the best RA accordmdlerdWallet's review [17] at
the beginning of 2018. It offers advisory servicghwautomated portfolio manage-
ment and unlimited access to certified financianplers including personal financial
guidance (dashboard screen is shown in the follpWiig. 4). However, generated



portfolios have high allocation in cash (means @ pha customer’'s money remains
not invested permanently) and investors must beadatle with it.

Expenses Goalo Setup Gout Yot 9200000

Adpning your gosl 10 $180 784 would put you back on m
target without requinng ofher acton

At Risk

Gout
$200,000

$180,284

$50,000

Changng your monthly contrbaion 10 52,150 will get you back Making & one Seme contritution of $14,400 wil get you back on
on target target

Manage Contributions Manage Contributions

Fig. 4. Schwab Intelligent Portfolios dashboard [18].

Wealthfront (dashboard is shown in the following. fb) is a crucial force in the
online advisor industry what offers one of the magiust tax-optimization services
available with no human advice offering at all ifgtrobo-advisor as the opposite to
the Betterment) [19].

Open New Account  Invite a Friend  Katherine ~

MyPath  Accounts~ Documents  Transactions  Transfer Funds ~

$545’56o $3,532,479 [ Deposit Cash ] l Transfer or Rollover
Het e ' oo ' Wealthfront Digest Year-to-date ~
®/—’\/\ 15
- $69.30
Goals

Fig. 5. Wealthfront dashboard [20].

Based on the selected RAs the following functiggatan be defined as the basic
[10, 12, 15]:



» Account creation and goals setup;

» Personal data analysis;

» Recommendations for investing and distributing &sse

» Communications between users for mutual investments
» Active trading and investing in ETFs, stocks, bgnds

» User's data protection;

» Portfolio rebalancing;

» Retirement planning.

As described above the basic functionality is gsitiable for ML due to their perfect
matching to the areas of usage. RAs even shoulddeall possible ML use cases for
Financial Industry. This fact makes RA one of thestdifficult systems from devel-

opment perspective. Based on the described furatiiprmve can define the high-level

architecture design for a general RA in the follogvfig. 6.
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Fig. 6. High-level architecture design for a general RA.

Data Source is either stocks data, cryptocurrersigsstics etc. (means it is what
RA will use to build investment plan). Parser madwhould do ETL (Extract-
Transfor-Load) work and process valid and appropritata to the Parse Data or run
Clean Up module to remove invalid records. Investinilan Module will build and
keep updated users investments plans. Calculatamula will do all required calcu-
lations for the Investment Plan Module. Securityddle is a hub between the In-
vestment Plan Module, Front-end module and Usetsa Bimrage. It is necessary to
keep users data safe and visible only to them.tFgod module is a Ul (user inter-



face) of RA application (web and/or mobile clientlsers Data is a storage of person-
al users data and their investments plans.

4 Robo-Advisor in Action: Experimental Results

The purpose of an investor is to increase its ahffirough the formation of a set of
financial instruments (investment portfolio) [212]2Portfolio value is formed as the
total value of all components of financial instrurte If the value of the portfolio is

P, then through the time intervathe profitability of the portfolio will b(EP%. Let's

x; is a share of capital spent on the purchase wfaadial instrument; d; is a return
of the financial instrument per 1 invested dollBinen the return on investment port-

folio will be:
d, = Z d; )
i=1
The profitability and risk of the investment potifois measured by the mathemat-
ical expectatiom,, and the variance = r,, respectively, where:

n

mp=x1-E(d1)+...+xn-E(dn)=in-mi (5)

i=1

n

n
i=1j=1

wherevj; is the covariance of financial instruments. Sitice returns of financial

instruments are random, then the return of thefg@artis also a random variable.
Consider the initial data of quotations of the tmost popular cryptocurrencies

(https://finance.yahoo.com/cryptocurrencies) (tébte

Table 2. A fragment of quotation data of cryptocurrencieisgs (in the US dollars) (from
26.01.2018 to 19.02.2018)

Day Bitcoin Etherium
26.01.2018 11459,71 1109,09
27.01.2018 11767,74 1231,58
28.01.2018 11233,95 1169,96
29.01.2018 10107,26 1063,75
30.01.2018 10226,86 1111,31
31.01.2018 9114,72 1026,19
01.02.2018 8870,82 917,47
02.02.2018 9251,27 970,87
03.02.2018 8218,05 827,59
04.02.2018 6937,08 695,08




05.02.2018 7701,25 758,01

06.02.2018 7592,72 751,81

r_
Determine the returns of financial instruments gshre formuIaPp—P (table 3).

Table 3. A Fragment of return on cryptocurrencies (coeints) (from 26.01.2018 till

19.02.2018)

Day Bitcoin Etherium
26.01.2018 0,032016 0,057707
27.01.2018 0,026879 0,110442
28.01.2018 -0,04536 -0,05003
29.01.2018 -0,10029 -0,09078
30.01.2018 0,011833 0,04471
31.01.2018 -0,10875 -0,07659
01.02.2018 -0,02676 -0,10595
02.02.2018 0,042888 0,058204
03.02.2018 -0,11168 -0,14758
04.02.2018 -0,15587 -0,16012
05.02.2018 0,110157 0,090536
06.02.2018 -0,01409 -0,00818

The average rate of return for Bitcoin and Etherudual correspondingly
d, = 0.0033, d; = —0.0038. The average rate of return for bitcoin and etimeru
equal correspondingly; = 0.0033,d; = —0.0038.

n
T'p= in'xj'vij%mln,
i=1 j=

1 in'di=mp, (7)

i=1
n

i=1

n
1

l,xi > 0.

-~

The initial distribution of the financial instrumsnwill be set at the levet; =
x, = 0.5. The objective function in Markowitz model (7) the quadratic form
r, = XTVX, whereXT is the transposed matri¥, is the covariance matrix calculated
according to the data of table 3:

_ (0.00545 0.00499)

(8)
0.00499 0.00576

Adverse risk investor can achieve a certain le¥aketurn under minimal risk (7)
88% of the funds he/she needs to invest in Biteoith 12% in Etherium.

If investors are risk seeking and strive to maxantieir returns under acceptable
risk level (9), then all 100% of their investmenté they have to invest in Bitcoin.



rp:zzxi'x]"vij' ©)

Over the time of investment portfolio formation ngirobo-advisor, these findings
for each investor will significantly depend on theailability of alternative financial
instruments and the volatility of their rates.

5 Conclusion

Machine Learning shows new ways how to developowariareas of the financial
industry. It also can give a new life to old towlkich help companies and individuals
to invest, to trade and more using Robo AdvisokerEf it is not a young idea, it is
still developing the financial industry. For exampit can: use personal data to pre-
vent fraud (such as accounts duplicates, or a pesxgement for investing); does
investment and asset allocation guidelines whichaesdeal task for ML because of a
significant amount of data to process and analpespite the fact that RAs are often
criticized [23] they make investments easier araliole new tools that can radically
change an investment landscape. We implementeaaf pf concept of the robo-
advisor application for investment portfolio fornget with financial instruments un-
der adverse risk attitude and risk-seeking behafiamvestors.
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