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Abstract

This bachelor thesis investigates two areas. First, we study the impact of
sociodemographic attributes on retail ivnestors following robo-advice in the
choices of ready-made portfolios of passive ETFs with unique risk levels by
employing a logistic regression model. Second, we investigate the impact of
sociodemographic attributes on retail investors’ trading volume adjustments in
periods of high expected market volatility as proxied by the VIX index, for
which we employ panel data regression methods over 18 consecutive months
during a relatively stable period from January 1st 2021 to the end of 2022. We
find, in agreement with reasearch on human financial advice, that women are
more likely than men to follow risk level recommended by a robo-advisor, while
being a man is associated with assuming more risk than recommended. Due
to model assumption issues, our results are rather inconclusive in whether men

tend to react differently to periods of high expected market volatility.
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Abstrakt

Tato bakalarska préace se zabyva dvéma oblastmi. Nejprve pomoci logistické re-
grese studujeme vliv sociodemografickych veli¢in na nasledovani rad finan¢nich
algoritmu pri vybéru hotovych portfélii pasivnich fondi obchodovanych na
burzach, takzvanych ETFs, které s sebou nesou rizné mnozstvi rizika. Daéle
pomoci panelové regrese zkoumame vlivy sociodemografickych veli¢in na zmény
v investi¢nich tocich v obdobich zvysené ocekavané trzni volatility, pro kterou
vyuzivame index VIX. Panelova data zkouméame v relativné stabilnim obdobi
od 1. cervna 2021 do konce roku 2022, tedy celkem 18 mésicti je zahrnuto
v analyze. Souhlasné s existujici literaturou zjistujeme, zZe Zeny maji veétsi
pravdépodobnost vybrat si portfolio s mensim nebo stejnym rizikem, nez jim
bylo doporuceno algoritmem, jez z dostupnych sociodemografickych informaci
vybere portfolio s nejvhodnéjsi mirou rizika. 7 diivod nesplnéni nékterych
predpokladii uzitych modeli, nejsme schopni vyloucit nulovou hypotézu neex-

istence rozdilu v investi¢nich reakcich muzu a Zen na obdobi o¢ekavané vysoké

volatility.
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Chapter 1
Introduction

With easier than ever access to technology and the internet, a great rise in
retail investment has been taking place in the last decade. More than that, the
Covid-19 pandemic has acted as a strong catalyst in the process, catapulting
retail investment to an all time high (Deloitte 2021). Becoming competitive to
its institutional counterpart in various financial metrics such as trade volume
and assets under management (Boston Consulting Group 2021), it is impor-

tant to study the determinants that drive the behavior of the everyday investor.

Nowadays, retail investors have many options in both the investment prod-
ucts they can choose from and the channels they can invest through. This sim-
ple fact leads to an interesting optimization puzzle, which has been troubling
researchers for decades ever since Markowitz (1952) fathered Modern Portfo-
lio Theory. Present and future investors, who make investment decisions, face
multiple constraints; be it wealth, access to information or time. Research,
which investigates decision making under uncertain outcomes, gave rise to the
field of behavioral economics, where the idea of heuristics, thought processes

that ought to overcome these constraints, takes central place.

Notable examples of specific heuristics employed by individuals include the
anchoring heuristic and availability heuristic. Anchoring heuristic essentially
means that, when making a guess or an estimate, individuals tend to start their
thinking process at a reference point and then adjust towards a final answer
or decision. Availability heuristic helps estimate event probabilities based on
easiness of imagination or recall of similar events that happened in individual’s

life recently or in the past (Kahneman et al. 1982).
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However, heuristics do not always lead to optimal outcomes, several be-
havioral biases have been identified, that may systematically divert individual
investors from reaching their best (not only) financial behavior. Take the two
mentioned heuristics. Sales oriented businesses may take advantage of anchor-
ing heuristic by offering multiple size variants of the same product and strate-
gically price them in a way that steers customers towards a specific option. Or,
in the case of availability heuristic, one may consider himself more competent
in a hazardous endeavour after experiencing positive outcomes despite the un-

derlying odds of success being totally random.

Most interestingly, biases and their extent are not influencing all retail in-
vestors equally, demographic attributes of each person may play a role. For
example, sex may influence one’s (mis)judgment of their trading ability, lead-
ing to overconfidence, as demonstrated by Barber & Odean (2001). Another
important variable which influences retail investors is their age. People of dif-
ferent ages may have different investment goals, risk preferences, investment
skills and susceptibility to various biases. Indeed, Korniotis & Kumar (2011)
show that older people tend to prefer more diversified portfolios, trade less and
could benefit more from holding passive index funds. More abstract attributes,
such as investor sophistication, proxied by (for example) income, are also im-
portant in explaining decision making and inclination to biases (Dhar & Zhu
2006).

While the already published studies are extremely relevant to the study
of sociodemographic attributes’ impact on investment decisions, most papers
investigating the issues at hand do so by focusing mainly on the most common
financial instruments such as stocks, bonds or retirement plans. Literature
investigating retail investor behavior involving historically more recent instru-
ments such as Exchange-Traded Funds (ETFs) or even ready-made portfolios
of ETFs, is scarce. A few examples include Bhattacharya et al. (2017) who
investigate how holding ETFs improves retail investors’ portfolio performance
and give a general description of ETFs holders as being younger and wealth-
ier compared to non-holders. D’Hondt et al. (2023) study the probability and
magnitude of trading passive ETFs based on sociodemographic attributes and
various bias proxies, they find that investors who trade passive ETFs are gen-

erally more sophisticated than those who do not, more likely to have higher
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education and longer investing horizons and be less prone to overconfidence and

home bias (the tendency to hold portfolios of predominantly domestic equities).

Furthermore, with the increasing shift of retail investors towards mobile
trading, their behavioral biases may express differently. Studies investigating
the two factors - biases and technology, have recently begun to emerge, suggest-
ing that investors using trading apps on their mobile phones are more prone
to adverse biases, for example see Kalda et al. (2021) or Cen (2021). An at-
tempt to foster a healthier relationship between retail investors and financial
markets has been made by implementing so called "robo-advisors', computer
algorithms that help retail investors make better informed decisions or go as far
as automatically diversify and rebalance their portfolios. Disposition effect; a
well documented bias that drives retail investors to ’sell winners early and ride
losers too long’, is an example of a bias that can be to some extent mitigated
by robo-advice (Back et al. 2023).

Nevertheless, robo-advisors often work similarly to human financial advi-
sors, offering advice that one may or may not act upon at will. The decision of
retail investors to abide by a financial advice is itself influenced by sociodemo-
graphic attributes. In following human advice, Reiter-Gavish et al. (2021) find
that wealthier people are more likely to act upon human financial advice, the
same holds for older people and women as opposed to men. To the best of our
knowledge, no one has yet documented the effect of sociodemographic variables

on retail investors following robo-advice in ready-made portfolio choices.

The objective of this thesis is therefore two-fold. First, we will investigate
the impact of market sentiment and sociodemographic atributes on retail invest-
ment flows. Specifically, we will study how variables such as age, sex, income
and others impact the timing and volume of investment done by retail investors
towards ready-made portfolios of ETFs, in connection to market sentiment rep-
resented by Volatility index (VIX), and how these may be linked to specific
biases. Second, we will investigate whether these and other variables have im-
pact on following robo-advice in portfolio choice, namely the amount of risk
assumed when selecting a ready-made portfolio after being (robo)recommended

a portfolio of a certain risk level.

The structure of the thesis is following: Chapter 2 conducts behavioral fi-
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nance literature review, Chapter 3 states hypotheses, Chapter 4 covers the data
and methodology, Chapter 5 presents results, Chapter 6 contains discussion and

chapter 7 concludes.



Chapter 2
Literature review

This chapter provides an overview of literature that has shaped the underlying
area of research. It is split into three sections: Section 2.1 provides a brief
historical introduction to the field of behavioral economics, section 2.2 gives
an overview of research on aggregate patterns of behavior of retail investors
towards financial markets and section 2.3 summarizes research on the relation-

ship between individual investor characteristics and behavior.

2.1 Brief history of behavioral economics

During the 20th century, economics as a science has progressed dramatically.
Regarding the focus area of this thesis, the most important evolution came in
the 1970s, when Kahneman & Tversky (1979) joined forces to produce Prospect
theory, stepping aside from the classical economics theories of homo economi-
cus and perfect rationality. They have built upon the previous observations of
researchers such as Allais (1953), who has shown inconsistency in choices that
goes against the independence axiom of Expected utility theory, generating
evidence against perfect rationality. More specifically, Allais has shown that
choices are not always consistent in situations involving decision making under

uncertainty, counter to the assumptions of expected utility theory.

The work of Kahneman and Tversky is often regarded as the foundation
which gave birth to the relatively young field of behavioral economics. Notable
outcome of their Prospect theory, relevant for any investment behavior analysis

including this thesis, is the finding that in situations involving uncertainty, in-
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dividuals tend to be risk seeking in avoiding losses and risk averse in acquiring

gains.

With the rise of the new millennium, behavioral economics and its subset
of behavioral finance have provided a stark contrast to the Efficient market
hypothesis, suggesting that cognitive biases, sentiment and irrational behavior
can lead to systematic deviations of prices from fundamental values, such as
the ones the financial world has experienced during the dot-com bubble and

the 2008 financial crisis (Shiller 2000, Rizzi 2008).

These irrational influences are often significant and not fully mitigated by
rational investors’ counter-movements, as may be the claims of opponents of
behavioral economics. Furthermore, rational investors might even time the
irrational waves to get in ahead of the market and reap bigger rewards, con-
tributing to further drifts of prices away from fundamental values, as suggested
by De Long et al. (1990). For the safety of the markets as well as of the in-
dividual investors, it is important to continue the study of human behavioral
patterns in the domain of finance. Summary of contributions essential to this

thesis follows.

2.2 Aggregate patterns of behavior

The literature on retail investment is rich in topics of stocks and mutual funds.
The investment product that is sought by investors in our data set (see Chapter
4) is a ready-made portfolio of passive ETFs. However, the author finds it rea-
sonable to assume that literature investigating retail investor behavior towards
stocks and mutual funds would be, to some extent, also applicable in passive

index funds.

Regarding investor behavior, Sirri & Tufano (1998) found a link between
past performance of a mutual fund and subsequent flows (investments and
divestments of retail investors towards the specific fund). This link is not
symmetrical, though, funds with strong performance enjoy disproportionately
more inflows than poor performing funds suffer from outflows. Odean (2000)
provides further evidence for this relationship and explains it in terms of two

opposing forces rooted in behavioral economics. In the process of selecting
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a mutual fund to be bought, investors are swayed by the representativeness
heuristic, meaning they overemphasize the importance of past performance in
determining future outcomes. In contrast, when making a decision about sell-
ing their mutual funds, the disposition effect kicks in and results in holding

onto low performing funds for longer than optimal.

The disposition effect itself plays a significant role in behavioral finance,
linking back to the Prospect theory of Kahneman and Tversky, Barberis &
Xiong (2009) demonstrate that it is actually realized gains and losses that
drive the phenomena rather than annual gains and losses. This suggests that
investors derive utility at the time a given security is sold at a premium or a loss
compared to the original buying price, rather than continuously throughout a

year.

Grinblatt & Keloharju (2001) show that more sophisticated types of non-
retail investors, namely financial institutions, are less moved by past returns of
an asset when making a buy-sell decision. One of their findings is also that the
less sophisticated retail investors, namely households, are more likely to act as
contrarians, a behavior which is to some extent similar to trading under the

influence of the disposition effect.

On the topic of green funds, Bollen (2006) found that "socially responsible"
funds enjoy systematically lower volatility of flows compared to regular funds

(inflows that follow a strong performance are greater in SR funds than regular
funds).

2.3 Individual characteristics influencing decision

making

Barber & Odean (2001) show that sex plays a role in retail investment be-
havior. Their analysis of stock trading data revealed that men suffer from
"overconfidence" more frequently than women do. Overconfidence is a psycho-
logical bias that leads one to believe they are more competent in their judgment
than may actually be the case. In behavioral finance literature, it is often ob-
served through overtrading; behavior defined by an investor’s trade volume

being significantly larger than optimal that also goes against profit maximiza-
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tion. Gervais & Odean (2001) analyse overconfidence based on experience and
show that retail investors generally tend to be most overconfident at the begin-
ning of their investment journey and, depending on whether they experience

success (failure), they become more (less) overconfident.

There is, nevertheless, a much more general pattern at play. A plethora of
research has been showing consistently that women are on average more risk
averse than men. The best example is a meta-analysis conducted by Byrnes
et. al (1998), which also suggested that this difference is not age constant and

instead tends to reduce as people get older.

Contributing to the study of the disposition effect, Dhar & Zhu (2006) show
that there are individual differences in susceptibility to the phenomena among
retail investors. They demonstrate that various proxies for investor sophistica-
tion such as age, occupation and income, have statistically significant impact
on the presence of the disposition effect in investment decisions. On average,
older and wealthier investors as well as investors from more professional oc-
cupations, are less prone to the disposition effect, compared to the members
of the opposite groups. Grinblatt & Keloharju (2012) provide more evidence
to the influence of investor sophistication by linking IQ to better trading out-
comes, less vulnerability to disposition effect and more likelihood of engaging

in tax-driven selling, i.e. overselling in December.

Agnew et al. (2003) analysed the impact of demographic attributes on port-
folio allocations and trading activity in 401(k) accounts. Their study shows that
men trade more often than women and choose riskier assets. Same tendencies
are linked to individuals with higher salary. In their study, age is positively
correlated with trading frequency and, perhaps most interestingly for the scope
of this thesis, investors are shown to respond to market developments with a

one day lag, feedback trading may therefore be present.



Chapter 3
Hypotheses

This chapter states the hypotheses and links them to the underlying area of

research.

Hypothesis 1: Women are more likely to follow the recommendations of a

robo-advisor when choosing a portfolio.

The literature on whether retail investors actually follow received (human)
financial advice is relatively scarce. Nevertheless, Reiter-Gavish et al. (2021)
have studied the impact of sociodemographic factors on whether one does act
on professional financial advice or not. Their results show that women are more
likely to comply with financial advice, which is to some extent in line with the
observed tendency of women to be more risk averse than men confirmed by
Byrnes et al. (1998). Studying the drivers of complying with robo-advice is
hence an interesting extension to the existing literature by testing whether the

observed trends also apply to robo-advice.

Hypothesis 2: There is a significant difference between the sexes in ETFs

investment volume adjustments during periods of high market volatility.

VIX index is repeatedly used by researches to proxy for market sentiment
(Ding et al. 2021). Studies show that market sentiment and volatility as proxied
by VIX have significant effect on both following human financial advice and
subsequent investment decisions made by retail investors (e.g. Reiter-Gavish
et al. 2021). Our data set (see Chapter 4) comes from a brokerage which only

offers ready-made portfolios of passive ETFs and encourages passive periodic



3. Hypotheses 10

investing. Therefore, we ask whether different sociodemographic groups of
investors in our data set differ in their investment responses to high expected

market volatility proxied by VIX.



Chapter 4
Data and methodology

In the first part of this chapter, a detailed description of the data will be
provided. Section 4.1 gives a general description of the data, section 4.2 de-
scribes the variables available, section 4.3 covers summary statistics of the
variables and section 4.4 outlines aggregate trading patterns of the investors in
the dataset. The second part of the chapter will describe the statistics tools
used to analyse the data. Section 4.5 describes the methodology in detail.

4.1 Data set

The data comes from a Czech online based brokerage. The author is bound
by a non-disclosure agreement with the company and therefore cannot share
the data set. Retail investors, who chose to invest with the company, have
filled out a questionnaire regarding socio-demographic information, investment
goals, and undergone appropriateness and suitability assessments, as required
by MiFID II EU financial regulation. The process of portfolio choice by each
investor is the following: after an investor provides information about them-
selves, they are recommended a specific portfolio (by a robo-advisor) based on
their financial knowledge, experience, investment goals and background. They
are then able to choose any portfolio they like, but are explicitly warned when
choosing a portfolio that involves more risk than recommended. After choosing
a portfolio, they are prompted to make their initial investment, by which the

set up process is completed and they can continue to invest and divest at will.

The portfolios are on a scale, beginning with very low risk and historically

relatively mild performance on one side, and higher associated risk paired up
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with historically stronger performance of the underlying securities on the other
side. We will label these portfolios I 11,...,VII, based on how much risk and
potential reward they entail, I being the lowest risk and VII the highest. In
addition, each portfolio has its ESG twin, we will label these I-ESG,..., VII-
ESG. In total, 14 portfolios are offered. The difference in risk is mainly driven
by what ratio of the portfolio’s value is attributed to bonds ETFs versus stocks
based ETFs.

The data itself consists of 3 files, File 1 contains anonymized information
about each investor, File 2 consists of dates, volumes and currency codes of de-
posits of each user and File 3 contains complementary information about their
withdrawals. The covered period is between August 2019 and January 2023,
therefore it comprises three and a half years, or a total of 42 months worth of

investment data.

Two important distinctions separate this data set from most other data
sets used by other researchers. The first is that it incorporates information on
investors who have only started investing with the brokerage some time dur-
ing the period the data covers, therefore none of the investors have invested
with the company before the start of the period. Consequently, the number
of active investors during the period varies, beginning with the very first new
investor at the start of the period and concluding with 11,074 investors at the
end. Second, based on the product the brokerage offers, investors do not face
transaction costs in the form of fees for individual trades (changing portfolios,
investing into and divesting from specific portfolios). Instead, they face fixed
costs based on the aggregate value of their portfolio(s), irrelevant to the num-

ber of trades they make.

The pre-processed version of the data set includes information on 20,767
unique users, 11,074 of whom have made at least one deposit during the men-
tioned period and the rest have not finished the activation process with the
brokerage; they have either filled out some or all of the required information,
but have not made an initial or any other subsequent deposits within the time

span of the data set.

To clean the data set and for the subsequent analysis, R language has been

used together with tidyverse packages. Cleaning the data consisted mostly of
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removing false inputs, for example inputs with 1234567 as monthly income
and inputs with completely unrealistic amount of digits. No more than 20

inputs were impacted by removing their values due to mentioned reasons.

4.2 Variables

For each investor, the data set contains the following variables, detailed de-
scription of the categorical variables will be provided in the next paragraph.
Postal code (Czech identification number of a city or a town of their official
permanent residence), Nationality, Age, Sex, Estimated investment length (the
time period the investor expects to invest for at the time of creating their ac-
count, in years), Fstimated first investment volume (the amount they expect to
be their first deposit), Estimated reqular investment volume (the amount they
expect to deposit regularly after their first deposit), Monthly income, Monthly
expense, Investment goal (the motivation behind the investment), Source of in-
vestment (the source of money intended for investing with the company), Main
source of income (the source of their general income), Occupation, and finally,
the Recommended portfolio and Chosen portfolio (portfolios recommended by
a robo-advisor based on the provided information and the first portfolio the

client chose and deposited money into, respectively).

The Investment goal variable is a categorical variable of 5 levels: Short
term speculation, Medium-term investment, Retirement savings, For-offspring
savings and Other long-term goal. The Source of investment variable has 5
levels, Employment, Entrepreneurial activity, Pension, Sale of property and
Other. On a similar note, Main source of income is of 5 levels, Employment,
Self-employment, Pension, Real estate rental and Other. Occupation is chosen
out of a list of 46 most common areas of occupation such as Real estate, IT,
Military, Retail, Healthcare, Agriculture, Financial institutions, Scientific in-

stitutions and more.

The data were provided in a form of survey while creating an account with
the brokerage. This means that, considering the scale, it will necessarily contain
some faulty information entered due to human error or intentional falsehood,
this is one of the main limitations of the data set. Moreover, providing some of
the information was completely optional, meaning for some investors we may

have one or more variables with missing values, apart from Birth year, which



4. Data and methodology 14

we have for all 11,074 activated users who have made at least one deposit.

Out of the 11,074 participants, 10,484 have remained active at the end of
the time span and 590 have closed their accounts; withdrawing all of their in-
vestments. We denominate these groups "Active' and "Churn', respectively.
In the analysis, we will study the behavior of all 11,074 investors. When de-
scribing summary statistics, we will consider these two groups separately to

explicitly show if and how they differ.

4.3 Summary statistics

Table 4.1 displays summary statistics of the numerical variables of Active users.
Table 4.2 displays summary statistics of the numerical variables of the Churn

group. Table 4.3 shows categorical variables counts for both groups.

Table 4.1: Summary Statistics of numerical variables for the Active

group.

ACTIVE ‘ Min 1st Q. Median Mean 3rd Q. Max NAs
Age 18 27 32 34 39 92 0
Estimated investment length (years) 3 6 10 15.73 20 50 291

1000 10000 45706 50000 4800000 293
1000 1500 3151 3000 200000 295
27500 40000 49991 60000 2000000 303
12000 20000 23494 30000 400000 303

Estimated first investment volume
Estimated regular investment volume
Monthly income

Monthly expense

o O OO

Note: 10,484 observations. All monetary variables are in CZK.

Table 4.2: Summary Statistics of numerical variables for the Churn

group.
CHURN ‘ Min 1st Q. Median Mean 3rd Q. Max  NAs
Age 18 26 31 33 38 76 0
Estimated investment length (years) 3 5 10 14.05 20 50 62

Estimated first investment volume
Estimated regular investment volume
Monthly income

Monthly expense

1000 5000 44935 20000 1000000 63
1000 1000 2291 2500 20000 63
27000 37000 47150 55000 450000 66
10000 20000 22811 30000 200000 67

oo OO

Note: 590 observations. All monetary variables are in CZK.

Comparing the Active group with the Churn group, the numerical variables

are mostly similar, with the Active group containing more extreme outliers in
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the right tails of the respective distributions. The ratio of missing values to
the total number of members in the Churn group is about three times higher

compared to the Active group.
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Table 4.3: Summary statistics of categorical variables for Active and
Churn groups of retail investors.

‘ Total

| Active (10,484)

Churn (590)

Sex
Female
Male
NA

Nationality
Czech
Slovak
Other
NA

Investment goal
Short term speculation
Medium-term investment
Retirement savings
For-offspring savings
Other long-term goals
NA

Source of investment
Employment
Entrepreneurial activity
Pension
Sale of property
Other
NA

Main source of income
Employment
Self-employment
Pension
Real estate rental
Other
NA

Occupation
IT
Marketing
Healthcare
Retail
Inventory and logistics
Other
NA

2,695 (25.7%)
7,753 (74%)
36 (0.3%)

4,079 (38.9%)
20 (0.2%)
10 (0.1%)

6,375 (60.8%)

0
4,381 (41.8%)
2,667 (25.5%)
575 (5.5%)
2,560 (24.3%)
301 (2.9%)

7.170 (68.4%)
2,168 (20.7%)
90 (0.8%)
133 (1.3%)
610 (5.8%)
313 (3%)

6,954 (66.3%)
2,452 (23.4%)
133 (1.3%)
73 (0.7%)
561 (5.3%)
311 (3%)

2,008 (19.2%)
600 (5.7%)
496 (4.7%)
375 (3.6%)
201 (2.8%)
6,403 (61%)
311 (3%)

123 (20.9%)
463 (78.4%)
4 (0.7%)

213 (36.1%)
1 (0.2%)
0
376 (63.7%)

4 (0.7%)
223 (37.9%)
126 (21.4%)
39 (6.6%)

131 (22.1%)
67 (11.3%)

355 (60.2%)
111 (18.9%)
3 (0.5%)
9 (1.5%)
39 (6.6%)
73 (12.3%)

345 (58.3%)
126 (21.5%)
3 (0.5%)
3 (0.5%)
40 (6.9%)
73 (12.3%)

79 (13.7%)
28 (4.9%)
14 (2.3%)
25 (4.2%)
35 (5.9%)
339 (56.7%)
70 (12.3%)

Note: 11,074 observations.
groups are given in brackets.

Percentage values of the respective



4. Data and methodology 17

To inspect whether and how individuals in our data set differ from the av-
erage population, the following paragraphs will contrast demographic statistics
of investors from the aggregated group (Active and Churn) with demographic
averages of the Czech republic, which are gathered from official report of the
Cesky statisticky tiad (2021). The average age among the investors equaled
34 years, while the median age was 32. This is significantly lower than the
national average of 42.7 years. This could be due to the company’s platform
being solely online, attracting younger generations more. Only about 26% of
all investors were female, while 74% were male, this is similar to several data
sets of the studies mentioned in Chapter 2, for example, Dhar & Zhu (2006)
documented a ratio of 21% to 79% in their data set.

The median monthly income was 40,000 CZK, while the mean was 50,626
CZK per month. These are greater than the average (41,265 CZK) and median
(34,741 CZK) gross monthly income of the general Czech population. It should
be noted here that the main source of income for the investors in our data set
is not strictly employment, which is the baseline of the provided statistic of the
general population. If we consider only those employed, the median does not
change, while the mean decreases to 46,409 CZK, a number closer to that of

the general population, but still quite larger.

66% (7299) of investors have claimed to be employees, 23.3% (2578) self-
employed and 1.2% (136) pensioners. Therefore, the ratio of self-employed
individuals is higher than in the (working) Czech population (13.6%, against
76.1% employed).

The distributions of portfolio recommendations and selections are influenced
by the following technicalities. Each investor is recommended at most one
standard portfolio (ESG portfolios were not included in the recommendation
process) and they can choose several portfolios at will. Therefore, the sum of
all selected portfolios will necessarily be higher than or equal to the sum of
recommended portfolios. Out of the 11,074 users, we lack selected portfolio
information for 590 (100%) from the Churn group and 94 (1%) from the Active
group. The remaining 10,390 users have selected in total 12,375 portfolios.
The exact distributions are in Figure 4.1 (Recommended portfolios), Figure
4.2 (Selected standard portfolios) and Figure 4.3 (Selected ESG portfolios).
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Figure 4.1: Regular portfolios recommended to all investors by a robo-
advisor.

Recommended portfolios
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Count
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Portfolio

Note: 11,074 observations. Portfolios range from I (lowest
risk and associated possibility of reward), to VII (highest
implicit risk and historically stronger performance).

In the recommended portfolios distribution, we can immediately see that the
robo-advisor has produced two groupings. One is a straight peak at portfolio

III, and the other is a more normally looking distribution around portfolios

IV-VIIL

Figure 4.2: Regular portfolios selected by Active group investors.

Selected portfolios
3000

2000

Count
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| | Il I W
Portfolio
Note: 10,484 observations, all Churn group investors have
missing values. Portfolios range from I (lowest risk and

associated possibility of reward), to VII (highest implicit
risk and historically stronger performance).
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The selected portfolios reveal that investors, on average, decided for a port-
folio with more risk than recommended. Portfolio /11, which was recommended
to 4373 investors, has been picked by only 1253, less than a third. Most users
selected portfolios V, VI and VIIL

Figure 4.3: ESG portfolios selected by Active group investors.

Selected ESG portfolios

300

200

Count

1

ESG  I-ESG  IESG  IV-ESG V-ESG  VIESG VI-ESG
Portfalio

Note: Portfolios range from I-ESG (lowest risk and asso-
ciated possibility of reward), to VII-ESG (highest implicit
risk and historically stronger performance).

In the ESG realm, the preference of a more risky portfolio with higher po-
tential rewards was even more pronounced than among the standard portfolios,
with the most popular portfolio being VII-ESG.

4.4 Trading patterns

Table 4.4 shows the summary statistics for the trading records of all 11,074
investors. In total, the investors made 100,909 deposits and 5,696 withdrawals.
Interestingly, the ratio of deposits made by men and women is very similar
to the ratio of men to women in the dataset. Men made altogether 78 980
deposits and 4,296 withdrawals, while women made 21,688 deposits against
1,069 withdrawals. This goes against the observed tendency for men to have
disproportionately more trades than women and likely stems from the invest-
ment product being intended for passive regular investing over time rather than

active trading.
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Table 4.4: Summary statistics of deposits and withdrawals for all in-

vestors.
‘ Min 1st Q. Median Mean 3rd Q. Max
Women ‘
Amount of deposits 1 2 4 7.7 11 145
Amount of withdrawals | 0 0 0 0.4 0 25
Trades per 30 days 0.02 0.17 0.46 0.62 0.96 11.32
Men ‘
Amount of deposits 1 2 5 9.6 13 242
Amount of withdrawals | 0 0 0 0.52 1 28
Trades per 30 days 0.02 0.19 0.52 0.70 1.03 1942

Note: 11,074 observations, both Active and Churn group are included.

4.5 Methodology

This section will describe the methodology used to test the hypotheses stated in
Chapter 3. It is split into two subsections, Subsection 4.5.1 will cover methodol-
ogy for testing the first hypothesis and subsection 4.5.2 will go over the method-
ology for the second hypothesis.

4.5.1 Hypothesis 1

To test Hypothesis 1, the impact of sex on the likelihood of following robo-
advice, we transformed the chosen portfolios and recommended portfolios to
numerical values from 1 to 7 based on implicit risk level, following the logic
of the roman numerals denoting the underlying portfolios (see section 4.2). If
a person chose more portfolios, we calculated the average portfolio by taking
the mean of the levels of all chosen portfolios. We did not make any distinc-
tions between the same levels of ESG portfolios and their standard portfolio
equivalents, i.e. portfolio VI has the same risk level as portfolio VI-ESG, that
is 6. We then compared the risk levels recommended and chosen to create a
binary variable Risky, taking value 1 if the risk level chosen is greater than

recommended and 0 if less than or equal to recommended.

To test the hypothesis, we have opted for a logistic regression. Logit and
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probit models are frequently used in retail investment research to examine
the effects of sociodemographic attributes on binary dependent variables (e.g.
Bhattacharya et al. 2017, Bailey et al. 2011, Korniotis & Kumar 2011, Reiter-

Gavish et al. 2021). Our logistic regression equation is following:

log ( P(Risky, = 1)

1 — P(Risky, = 1)) = By + B1 x Age, + P2 x InvLen;

+ B3 X Sex; + B4 X log(Income;)
+ 5 x log(Expense;)

where Risky is a binary variable taking values 1 if a person’s selected port-
folio (or the mean of chosen porftolios) risk level is greater than that recom-
mended to them by the robo-advisor. Sez is a binary variable, 1 for men, 0 for
women. Variables Income and Ezpense are the individual’s monthly income
and expense, respectively, log transformed to account for right skews in their
distributions. Income and Fxpense assumed null values, hence before going
forward with the log transformation, we have added 1 to all observations, e.g.
log(Income; + 1) for all i. Variable InvLen is the estimated (by the investor)
investment length in years that the individual expects to invest for at the time
of creating their account, we have capped this variable so that in total with
the investor’s age, they may only expect to invest until they are 85 years old,
about 5 years above the current life expectancy at birth in Czechia. The rea-
son to introduce the cap was the existence of unrealistic combinations of Age
and InvLen, where some (older) individuals entered up to 50 years as their

estimated investment length.

Fxpense, although theoretically highly correlated with Income, is an infre-
quent regressor in the literature and may hold valuable information about a
person’s risk preference. Similarly, a person may adjust his risk preferences
based on the horizon they plan to invest for, hence the inclusion of their esti-

mated investment length InvLen.

After removing observations with missing values for any of the variables in
the regression, the remaining number of observations equaled 10,040, which is

well satisfactory for our method of choice. We could not calculate the risk level
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for the churn group due to the missingness of the chosen portfolio data for all

of its members, the implications and possible bias will be discussed in Chapter
6.

Logistic regression

Logistic regression is a regression method that transforms the regression equa-
tion such that the output is a probability between 0 and 1. It makes use of the

logit link function In (%), where

1
) - 1+ e—(BotB1X1+B82X2+P5X3)’

P(Y =1

in which P(Y = 1) is the probability that the dependent variable takes value
1 (in our model the probability of a person choosing riskier than recommended
portfolio), [y is the intercept and (; and X;, i > 0 are the coefficient and
variable ¢. The logit function is hence the natural logarithm of the odds of the
dependent variable, set equal to the regular expression of the linear regression

equation.

P
In (1_]3) = Bo + 51 X1 + B2 Xo + B3X5.

Therefore, the interpretation of the coefficients is not as straightforward as
in the case of regular linear regression. Each single unit increase in the ex-
planatory variable ¢ now changes the log odds of the outcome by its respective
coefficient ;. Further, log odds can be transformed to odds ratios by simply

exponentiating the coefficient j3;, e .

Naturally, if the odds ratio equals 1, the variable ¢ has no impact on the
odds of the outcome. Odds ratio greater than one implies positive effect of
the variable on the odds of the outcome and vice-versa. Specifically, a one-unit
change in X;, say one-unit increase, leads to the increase in odds of the outcome

occuring by e’ times.
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Model assumptions

In this subsection, we will conduct tests and discuss whether the assumptions
required for logistic regression are satisfied. All tests have been conducted us-

ing R language.

Logistic regression has 6 essential assumptions that need to be met. The
first one is that the dependent variable is binary, which is satisfied in our case
given the specification of Risky. The second assumption is independence of
observations, this is also satisfied as we are observing unique individuals and
we have no base to expect that one has any influence on the decisions and
characteristics of the others. The third assumption and the first one we should
validate by a test is the assumption of no perfect multicollinearity between
the explanatory variables. A way to detect multicollinearity is to calculate the
variance inflation factor (VIF). VIF is essentially a calculation involving the R?

of a regression of an explanatory variable ¢ on all other explanatory variables,

1

IF=—
VIE =15

In general, VIF values above 5 are considered indicators of strong presence
of multicollinearity (Daoud 2017). The VIF test was conducted using vif func-

tion from R’s car package, table 4.5 shows the results of the test.

Table 4.5: Variance Inflation Factor (VIF) for each explanatory vari-
able in the logistic regression model.

Explanatory variable ‘ VIF

Age 1.06186
Sex 1.018326
InvLen 1.036143
log(Income) 2.700516
log(Expense) 2.706253

Note: Generally, VIF values above 5 are considered
concerning levels, suggesting multicollinearity.

As expected, a cause of concern comes from the logs of the variables Income
and Ezxpense. Despite, their VIF values are not too large and significantly

concerning. As a result, this test suggests that the assumption of no perfect
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multicollinearity is satisfied.

The fourth assumption is the assumption of linearity between the inde-
pendent variable and the log odds of the dependent variable. To test this
assumption, we have decided for a formal test using the Box-Tidwell method
and an informal test by plotting each continuous independent variable (that
is all variables except the binary Sex variable) against the predicted log odds
and adding a locally weighted scatterplot smoothing (Lowess) line. The Box-
Tidwell test requires all variables to be positive, therefore we added one unit
(+1) to the log transformed variables Income and Expense, only to perform
the test. Table 4.6 and Figure 4.4 show the outputs of these tests.

Table 4.6: Results of Box-Tidwell test for non-linearity between in-
dependent variables and log odds

Explanatory variable | MLE of lambda | P-value

Age 0.74388 0.2762256
InvLen -2.01831 0.0006377 ***
log(Income) 6.15377 0.2326151
log(Expense) -0.92598 0.0017521 ***

Significance codes: * for 10%, ** for 5%, *** for 1%.

Two of the variables tested show significant P-values, indicating non-linearity
and consequently suggest a different transformation may be more optimal. The
MLE of lambda statistic quantifies what (power) transformations of the asso-
ciated variable may be more suitable to achieve linearity, e.g. for a better fit,
we could consider transforming log(Expense) to the power of —1. However,
implementing the transformations suggested by the Box-Tidwell test may not
always be plausible due to changes in interpretation. Following is Figure 4.4

showing why a transformation may not be necessary.
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Figure 4.4: Scatterplots of independent variables against predicted
log odds with Lowess lines.
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Note: All included variables have retained the adjustments done before per-
foming the Box-Tidwell test.

Despite the results of the Box-Tidwell test, the scatterplots and the fitted
Lowess lines resemble a relatively linear relationship, with minor deviations
at the beginning and in the middle of the respective distributions. Therefore,
despite the statistically significant presence of non-linearity, the amount in the
whole data may not be strong enough for us to conclude that the fourth as-
sumption is fully invalidated. Based on the results of the visual inspection,
we decided to consider the fourth assumption to be satisfied, as the Lowess
lines are rather linear in nature. Possible implications of the contra-indicative
results of the Box-Tidwell test will be discussed in Chapter 6.

Fifth assumption is that there are no extreme outliers in the data. This
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assumption can be checked multiple ways, we have opted for the most common

one - calculating Cook’s distance for each observation in the data set.

Figure 4.5: Cook’s distance values for each observation in the logistic
regression model

Cook's distance

0.004 0.005
|

0.003
|

Cook's distance

0.002

0.001
|

0.000
|

| I | I | |
0 2000 4000 6000 8000 10000

Observation index

The interpretation of Cook’s distances varies. Some suggest a general
threshold of 1, where any observation crossing this level is considered an out-
lier. This is the case with Weisberg (2005), who also recommends to remove
influential observations and run the analysis again to examine how obtained
coefficients have changed. Others recommend a threshold weighted by the total
number of observations n, for example 4/n-k-1, where k is the number of inde-
pendent variables (Fox 2002). For our purposes, due to the scale of the data
set, since each observation may have relatively less impact on the final outcome,
it is more appropriate to use the latter and set a threshold based on the num-
ber of observations. For simplicity, we will set the threshold to 4/n. Since we
have 10,040 observations, the threshold equals 4/10040 = 0.00039841. Despite
the highest Cook’s distance in the dataset being only 0.0052 (rounded to the
fourth decimal place), in total, 371 observations have surpassed the calculated

threshold. Figure 4.6 displays differences in distributions of the explanatory
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variables between the group of outliers versus non-outliers (as delimited by the
threshold).
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Figure 4.6: Explanatory variables distributions, outliers versus non-
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Not surprisingly, the outliers are mostly observations from the tails of the
aggregate distributions. For Age, it is often people younger than 20 or older
than 60 that fall into the outlier group. The InvLen outliers are driven by
people who expect to invest for 50 years. For Log(Income), it is investors who

have reported no monthly income and similarly for Log(Ezpense).

Outliers can be dealt with either by adjusting the data (removing the obser-
vations or replacing them with mean or median) or adjusting models, however,
we believe most of the outliers in our data set carry important information
about the real distributions. There is no reason to believe that Age or InvLen
are wrong data entries and discard all older people or younger people who ex-
pect to invest for a long time. On the same note, we cannot discern whether a
person really does have no monthly income, although improbable, or is living

off saved funds.

To address the impact of outliers, we will run the logistic regression twice,
once with all observations and second time without the outliers, to compare

how the obtained coeffiecients and other statistics change.

4.5.2 Hypothesis 2

To test Hypothesis 2, specifically whether there is a difference between the sexes
in investment volume adjustments during periods of high market volatility, we
have decided for panel data regression. Due to the relatively low frequency
of trades per month (less than 1 on average, see Table 4.4) for both men and
women, we have aggregated deposit and withdrawal volumes data into monthly
Total volume;;, measuring the total sum of all flows investor ¢ has conducted

in a given month ¢.

One crucical obstacle in running panel data regression on our data set is that
the number of investors is not constant throughout the 42 months. Figure 4.7
displays the evolution in number of active investors. The challenge is therefore
in the choice between the number of periods ¢ and investors ¢ we run the

regression on.
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Figure 4.7: Number of active investors in the data set
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Note: The sample period is from August 2019 to January 2023
through which the total number of users reached 11,074, 590 of
whom have closed their accounts some time during the period.

Notably, the most appealing subset of the sample period is right near the
end of Q2 2021, when the number of investors crosses 3000, this subset would
allow us to retain up to 22 periods, depending on the exact cutoff time, while

allowing for a decent sample size.

Nevertheless, the decision should be contrasted with the levels of the VIX
index, which is the essential variable to the analysis. VIX is a market index
made available by the Chicago Board of Options Exchange (CBOE), it is cal-
culated continually from S&P 500 options and aims to predict the expected
volatility of the S&P 500 index in the next 30 days (Chicago Board Options
Exchange 2019). It is considered a good representative of the market sentiment
in regards to expected volatility (Ding et al. 2021). Figure 4.8 highlights VIX

values throughout the full sample period.
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Figure 4.8: VIX levels in the full sample period
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Note: The figure displays VIX close values for specific days of the
sample period. Data was collected from the Chicago Board Options
Exchange who maintain the index.

Unfortunately, during the height of the Covid-19 pandemic, where VIX
peaked (March 2020), only about 200 investors were active, a sample not large
enough for the type of analysis we want to conduct. At the suggested cutoff
point in Q2 2021, the VIX levels were already returning to those before the

pandemic, a manifestation of its tendency for mean-reversion (Nielsen & Pos-
selt 2021).

From the figure, especially after Q1 2021, one can notice a long-term, rather
stable evolution disrupted by peaks relatively high in magnitude, but short in
duration. Since we have aggregated our flows data into total monthly volumes,
we needed to transform the information in daily VIX data to fit our monthly
panel structure. Due to the short durations of the peaks, the information they
carry may be lost if we simply average the days to get monthly data. Instead,
we wanted to preserve the significance of the peaks and opted for a dummy
variable Volatile; that equals one if VIX crosses a certain threshold in the

given month and 0 otherwise.

The threshold value itself is worthy of discussion, the aim is to set it so that
only peak levels of VIX cross it, while the general trend remains below. After

careful data examination, we chose 30 to be the delimiting value. Figure 4.9
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explicitly shows the chosen threshold over the data from Figure 4.8

Figure 4.9: VIX threshold
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Note: The figure displays VIX close values for specific days of the
sample period. Data was collected from the Chicago Board Options
Exchange who maintain the index. The horizontal red line refers
to the chosen threshold of 30. The vertical black line refers to the
chosen cut-off point (June 1st, 2021) for subsetting active investors
who have set up accounts before then.

We have chosen the first of June 2021 as the point at which we start
analysing all active investors and their investment decision over the rest of
the period, resulting in total of 18 time periods (January 2023 was discarded
due to lack of data for most of the month). The final data set is a balanced
panel of 2828 investors who have made their initial deposits at latest in May
(to omit the impact of the first initial deposit) and for whom we have all the

data to specify the following preliminary model:

Total volume; =Py + 1 X Sex; + B2 x Age; + B3 x InvLen,;
B4 X log(Income;) + Bs x Volatile; + g x Volatile,4
+ (7 x Sex; - Volatile, + s x Sex; - Volatile,_y + u;,

where Total _wvolume;; is the total flows (positive or negative) a given in-

vestor ¢ makes in month ¢, Sex; is the sex of investor 7, 1 for males and 0 for
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females and Volatile; specifies, whether VIX has breached the threshold level
of 30 in the month ¢t. We have decided to include the first lag of the dependent
variable as well as the first lag of Volatile to account for a possible delay in
investor reaction to the heightened volatility. Finally, the interaction term be-
tween Sex and Volatile (and its first lag) are the variables of interest, we want

to see whether their coefficient is statistically significant.

Model assumptions

Just as for the first hypothesis, this subsection will cover the assumptions
required for panel data analysis. We have a balanced panel data set with
N = 2828 and T" = 18. To achieve the same amount of periods for all in-
vestors, we had to drop all those from the churn group, in total 125. The
first assumption is the assumption of linearity between the dependent variable
and the independent variables, this can be observed visually by inspecting the
residuals. Figures 4.10 displays the residuals, while Figure 4.11 is a "zoom-in"

to provide more detail.

Figure 4.10: Residual plot of random effects model
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Note: Residual plot of random effects model for
visual inspection of linearity.
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Figure 4.11: Residual plot of random effects model, zoomed
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Note: Zoomed residual plot of random effects
model for visual inspection of linearity.

Given the inspection, there is no base to suggest non-linearity, however, the
first plot sheds light on the presence of outliers which should be addressed by

further examination.

The second assumption is the assumption of zero correlation between the
independent variables and individual-specific effects. This assumption is usu-
ally investigated using Hausman test to decide between random effects and
fixed effects model (Hausman 1978). We have conducted Hausman test using
R function phtest from plm package. The null hypothesis of the Hausman
test is that there is no correlation between the individual-specific effects in the
errors and explanatory variables in the model. The result of the Hausman test
we conducted bore a P-value of almost 1, meaning we fail to reject the null

hypothesis and cannot therefore say that the fixed effects model is a better fit.

The third assumption is the assumption of no perfect multicollinearity (sim-
ilarly to the logistic model regression). We have again used Variance Inflation
Factor to assess the collinearity between the independent variables. Table 4.7

displays their VIF values.
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Table 4.7: Variance Inflation Factor (VIF) for each explanatory vari-
able in the random effects model.

Explanatory variable ‘ VIF

Sex 2.316229
Age 1.072968
InvLen 1.049024
Income 1.047758
Volatile 5.860315
lag(Volatile) 5.860315
Sex*Volatile 7.306744
Sex*lag(Volatile) 7.306744

Note: Generally, VIF values above 5 are considered
concerning levels, suggesting multicollinearity.

In our random effects model, the VIF values breach the threshold of 5.
However, our primary variables (except Volatile) remain well-behaved, the
only case for collinearity comes from the lags and interaction terms, but this
is natural given the fact that they are generated from the primary variables.
Calculating the VIF values without the presence of lags and interaction terms
results in near perfect non-collinearity levels (close to 1 in VIF value) in the

primary variables. Therefore, we consider the third assumption met.

The fourth assumption is the assumption of homoskedasticity. This can be
tested using Wald test for groupwise heteroskedasticity (Greene 2008). From
running the test, we have obtained a P-value <0.0001, suggesting presence of
groupwise heteroskedasticity. We therefore consider this assumption violated

and will continue by using robust standard errors to account for the presence.

Assumption number 5 is no autocorrelation in the residuals. This assump-
tion can be tested using the Woolridge test, its null hypothesis being no first-
order serial autocorrelation in idiosyncratic errors (Wooldridge 2010). We con-
ducted the test and received a P-value <0.0001, strongly suggesting the pres-
ence of first-order autocorrelation. To provide at least some remedy, we will
include lags of the dependent variable in the model, however this results in the
Hausman test result becoming statistically significant and suggests we should

switch to fixed effects model, which we will do and in addition also incorporate
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some lags of the dependent variable.

The sixth assumption is normality of errors. We can test this assumption
both by visual inspection and the formal Shapiro-Wilk test (Shapiro & Wilk
1965). Figure 4.12 displays the Q-Q plot. For normality to hold, the points
should follow the line well along the quantiles, which they do not, suggesting
this assumption is violated. This is confirmed by the Shapiro-Wilk’s test P-
value of <0.0001.

Figure 4.12: Q-Q plot for normality of errors in random effects model
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Before testing Hypothesis 1, we have met some assumptions of logistic re-
gression fully and some remain open to interpretation and therefore hold im-
plications to our model specification. Specifically, the assumption of linearity
between the variables InvLen & Log(Fxpense) and the log odds has been
shown to not hold using the formal Box-Tidwell test, but visual inspection
suggested the issue does not necessarily prevent us from conducting the anal-
ysis. The data contains outliers, detected using Cook’s distance. The possible
impact of any single one of them is not large, though, and most of them seem
to hold valuable information and therefore should not be removed. For com-
parison, we will conduct the test twice, once with the full data set and second

time without outliers.

Regarding Hypothesis 2, some of the assumptions were met, unfortunately
others, namely those concerning residuals, were not. In detail, the assumption
of homoskedasticity was ruled out by Wald test, the assumption of no autocor-

relation in the residuals was rejected by Woolridge test and the assumption of
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normality of errors was shown not to hold by using both visual inspection and
Shapiro-Wilk test. We will calculate robust standard errors using the vcovHC
function in R’s plm package, which should correct for heteroskedasticity and

we will conduct both random effects and fixed effects estimation.



Chapter 5
Results

In this chapter results of the tests described in Chapter 4 will be presented.
Section 5.1 covers the results of Hypothesis 1 testing while Section 5.2 reports

on findings regarding the test of Hypothesis 2.

5.1 Results of logistic regression

Table 5.1 presents classification metrics measuring model fit.

Table 5.1: Classification metrics, All Observations model and With-
out Outliers model

Metric All Observations Without Outliers
Accuracy 0.6154 (0.6058, 0.6250) 0.6278 (0.6181, 0.6374)
Kappa 0.0588 0.0853
McNemar’s Test P-Value <0.0001 <0.0001
Sensitivity (Recall for ‘0) 0.1378 0.1976
Specificity (Recall for 17) 0.9130 0.8771
Positive Predictive Value 0.4967 0.4825
Negative Predictive Value 0.6296 0.6535
Prevalence 0.3836 0.3669
Detection Rate 0.0529 0.0725
Detection Prevalence 0.10647 0.1503
Balanced Accuracy 0.5254 0.5374

N 10,040 9,669

Note: The cut-off line for classifying 'Risky’ as 1 (the positive class) based on the
predicted probabilities was set to 50%. N refers to the number of observations used.

Visibly, both models have low sensitivity with the chosen classification

threshold of 0.5. The balanced accuracy is only marginally better than a fair
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coin flip, with the model Without Outliers having a slight edge at identifying
risky investors. Table 5.2 shows the odds ratios (calculated from the coefficient
estimates) with their respective 95% confidence intervals. The McFadden’s
and Nagelkerke’s pseudo R? are small, but in similar range for logit (or probit)
models utilized in existing research (see for example Bhattacharya et al. 2017,
Bailey et al. 2011).

Table 5.2: Logistic regression results

Dependent variable: Risky

All Observations

Without Outliers

Age 0.974** (0.970, 0.978)  0.961*** (0.956, 0.966)
Sex 1.658*** (1.561, 1.754)  1.874*** (1.771, 1.977)
Log(Income) 0.921*** (0.877, 0.965) 0.959 (0.864, 1.053)
Log(Expense) 1.017 (0.974, 1.061) 1.070 (0.978, 1.162)
InvLen 0.979** (0.975, 0.983)  0.967** (0.963, 0.971)
Constant 2.881*** (2.568, 3.194)  1.824™** (1.391, 2.257)
N 10,040 9,669

Log Likelihood -6,507.49 -6,069.76
Akaike Inf. Crit. 13,026.98 12,151.52
McFadden’s R? 0.027 0.045
Nagelkerke’s R? 0.047 0.078

Note: Results are reported as odds ratios, 95% confidence intervals are in
brackets. Sex is a binary variable equal to ’0’ for women and ’1’ for men.
*n < 0.1; **p < 0.05; ***p < 0.01

Age, Sex, Log(Income) and InvLen have statistically significant coefficient
estimates at the 1% level, while Log( Expense) is insignificant. The odds ratios
show how the probability of Risky taking value 1 changes given one unit in-
crease in the dependent variable. Our results suggest that as people get older,
the likelihood that they will choose a riskier than recommended portfolio de-
creases, the same goes for having longer investment horizon. While the InvLen
result may seem contra-intuitive, given the odds ratios of Age and their possi-
ble relationship, it may simply be the case that people who are 'in the game’
for a shorter horizon may have a larger propensity towards risk, this result
goes against the findings of Veld-Merkoulova (2011), who finds the opposite
(and more intuitive) relationship between self-reported expected investment

horizon and assumed portfolio risk. This finding requires more investigation,
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however, it is beyond the scope of this thesis. Being a man is associated with
a 65.8% larger probability of picking a riskier than recommended portfolio.
Log(Income)loses its statistical significance with the removal of outliers. How-
ever, as noted in the previous chapter, each individual outlier has almost no
effect on the result of the regression, only their summed influence impacts the
model significantly. The threshold for calculating Cook’s distance is sensitive to
the amount of observations, the outliers identified seem as plausible represen-
tations of the population, however the P-value of the Log(Income) coefficient
equals 0.38 in the Without Outliers model, implying a a strong shift towards

small significance.

Our findings about following robo-advice are therefore in line with the re-
search on following human financial advice, e.g. Reiter-Gavish et al. (2021)
show positive effect of age, sex (female) and the log of wealth on adhering to

received advice.

5.2 Results of panel data regression

In chapter 4, we tested the most important assumptions of the estimations and
stated that assumptions of homoskedasticity, no serial autocorrelation in errors
and normality of errors are all violated. While these violations do not bias the
coefficients, they have negative influence on our ability to correctly calculate
standard errors. To redeem, tables 5.3 and 5.4 show results of random effects
and fixed effects estimations, respectively, with robust standard errors. To re-
mind, Sex is a binary variable, 1 for males and 0 for females. Volatile is a
binary variable equatl to 1 if the given callendar month experienced VIX levels

greater than 30 and 0 otherwise.

In the random effects model, Sex, InvLen, Income, lag(Volatile) and
Sex x Volatile are all statistically significant. Sex, InvLen and Income are
positive, indicating that men, people with longer investment horizons and indi-
viduals with greater income are all expected to deposit more each month than
members of the opposite groups. On the other hand, in a month subsequent to
that which experienced high volatility (VX > 30), individuals are expected
to decrease their deposits by 2,400 CZK. Inside the same month where VIX
crosses the level of 30, men are expected to decrease their volume by 2,600

CZK more than women. Meanwhile, in the fixed effects model, which differ-
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ences the individual specifics away, the third lag of T'otal volume, the first lag
of Volatile and the interaction term Sex x Volatile are all statistically signif-
icant. Similarly to the random effects model, in a month subsequent to the
one experiencing a VIX peak above 30, investors are expected to decrease their
volume by 1,991 CZK, while men decrease their volume by 2,738 CZK more

than women inside the same month where the peak occurs.

Both models achieve a very low R? but as is the case with the logistic

regression model, this is quite usual for behavioral finance panel data analysis.
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Table 5.3: Random effects estimation
Dependent variable:
Total volume
Sex 1,758.869**
(792.761)
Age 29.163
(24.195)
InvLen 43.087**
(18.361)
Income 0.018***
(0.004)
Volatile 466.784
(1,087.377)
lag(Volatile) —2,404.531**
(1,087.377)
Sex*Volatile —2,595.508**
(1,252.939)
Sex*lag(Volatile) —485.472
(1,252.939)
Constant 454.197
(1,131.493)
Observations 50,904
R? 0.002
Adjusted R? 0.002

F Statistic

113.459** (df=8)

Note: Monetary variables are in CZK.

*p<0.1; *p<0.05; **p<0.01
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Table 5.4: Fixed effects estimation

Dependent variable:

Total volume

lag(Total volume, 1) 0.025
(0.054)
lag(Total volume, 2) 0.040
(0.034)
lag(Total _volume, 3) —0.030***
(0.011)
Volatile 863.887
(786.157)
lag(Volatile) —1,991.408**
(809.754)
Sex*Volatile —2,738.604***
(1,034.029)
Sex*lag(Volatile) —465.000
(963.481)
Observations 45,248
R? 0.004
Adjusted R? —0.062
F Statistic 26.731%* (df = 7; 42413)

Note: Monetary variables are in CZK.  *p<0.1; **p<0.05; **p<0.01

The interaction term SexVolatile is significant at 5% level in both models,
suggesting that men in our data set do react in volatile months more severely
than women do. Based on these results, we would be able to reject the null hy-
pothesis of no difference in adjustments between the sexes in callendar months

experiencing high expected volatility (VIX>30).

While these results have significant coefficients in the variables of interest

for our hypotheses, they retain problematic attributes that distort our ability
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to draw conclusions. These attributes will be summarized in the following

chapter.



Chapter 6
Discussion

This chapter will include robustness checks of our results, it will follow the
same structure as previously, starting with the logistic regression robustness
check and following with panel data regressions robustness checks. The end of

the chapter contains section about limitations.

To validate the calculated coefficients of the logistic regression (previously
reported as odds ratios in the results chapter), we will perform bootstrapping,.
Bootstrapping is essentially resampling the original sample with replacement
and running the regression with the original model specifications, repeated
many times over. We have opted for 1000 iterations of the process and Table

6.1 reports the obtained 95% confidence intervals of the coefficients.

Table 6.1: Bootstrapping results for logistic regression

95% Confidence intervals

All Observations Without Outliers

Age (-0.0311, -0.0221)  (-0.0443, -0.0349)
Sex (0.4091, 0.6047)  (0.5340, 0.7271)
Log(Income) (-0.1264, -0.0371)  (-0.1305, 0.0529)
Log(Expense) (-0.0267, 0.0638)  (-0.0202, 0.1513)
InvLen (-0.0248, -0.0173)  (-0.0372, -0.0293)
Constant (0.744, 1.366) (0.1592, 1.0131)

Note: Bootstrapping-derived 95% CIs based on 1000 iterations of resampling
and running the logistic regression specified in Chapter 4. As opposed to results
in Chapter 5, we decided to report these results as regular coefficients instead of
odds ratios to better capture which intervals contain 0. Sex is a binary variable
equal to ’0’ for women and 1’ for men.
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Just as in the original sample, the only coefficients which include 0 in their
95% confidence intervals are Log(FExzpense)for the All Observations model and
Log(Expense) with Log(Income), suggesting some robustness to the coeffi-

cient results reported in the previous chapter.

Regarding our panel data regressions, we have explicitly stated in Chapter 4
the presence of outliers based on visual inspection of residual plots. We should
therefore investigate their impact on the results presented in Chapter 5. To do
so, we calculated the Cook’s distance using the random effects model formula
on the panel, but using standard linear regression function, disregarding the
panel structure. This has resulted in identifying 470 (<1%) observations being
flagged by using the same method as in the case of the logistic regression, e.g.
all observations with Cook’s value greater than 4/N, where N is the number

of observations. Figure 6.1 displays the plot of calculated Cook’s distances.

Figure 6.1: Cook’s distance values for each observation in the panel
data set
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We will now execute the two regressions again with robust standard errors
and without the outliers to see the impact on the resulting statistics, mind

that removing problematic rows will lead us to an unbalanced panel. Tables
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6.2 and 6.3 report random and fixed model estimations respectively, without

the outliers flagged in the previous step.

Table 6.2: Random effects estimation, removed outliers

Dependent variable:

Total volume

Sex 1,628.727*
(676.569)
Age 30.005
(33.810)
InvLen 43.473%*
(15.878)
Income 0.018**
(0.007)
Volatile 487.556
(792.192)
lag(Volatile) —2,446.695**
(785.245)
Sex*Volatile —2,506.296***
(942.134)
Sex*lag(Volatile) —128.442
(942.912)
Constant 422.689
(1,156.685)
Observations 50,173
R? 0.002
Adjusted R? 0.002

I Statistic

116.978" (df = 8; 50164)

Note: Monetary variables are in CZK.

“p<0.1; *p<0.05; **p<0.01
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Table 6.3: Fixed effects estimation, removed outliers

Dependent variable:

Total volume

lag(Total volume, 1) —0.050***
(0.019)
lag(Total volume, 2) 0.017
(0.041)
lag(Total _volume, 3) —0.026**
(0.012)
Volatile 987.590
(813.754)
lag(Volatile, 1) —2,110.349**
(801.417)
Sex*Volatile —2,416.375**
(958.040)
Sex*lag(Volatile, 1) —210.454
(951.049)
Observations 44,076
R? 0.006
Adjusted R? —0.062
F Statistic 35.880* (df = 7; 41241)

Note: Monetary variables are in CZK. *p<0.1; *p<0.05; **p<0.01

The practical difference in the random effects model without outliers is
almost non-existent, lag(Volatile), Sex x Volatile and InvLen are now statis-
tically significant at the 1% level, but without great impact to their coefficients
magnitude. For the fixed effects estimation, the first lag of Total,olume be-
comes greatly significant (at 1% level) from no significance at all, suggesting
the outliers had great impact. Sex % Volatile increases in magnitude, while
lag(Volatile) decreases. Therefore, the outliers had zero to no impact on the
random effects specification and significant impact on some of the variables in
the fixed effects model.
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6.1 Limitations

In Chapter 4, we have formally shown that the assumption of linearity be-
tween the independent variables and log odds is violated using the Box-Tidwell
test. After visual inspection, we have decided to continue with the analysis.
However, the assumption is crucial to the interpretation of the results. If the
violation is indeed significant, it may lead to incorrectly reported relationships
between the dependent variables and the log odds as well as incorrect P-values.
Also our bootstrapping results would be invalidated as they use the same spec-

ification of the regression equation.

Furthermore, we have realized our binary dependent variable to not be well
defined, the issue being the inability of investors with the highest-risk portfolio
being recommended to select even riskier portfolio. Table 6.4 displays results
of running the logistic regression without the mentioned problematic class of
investors. In total, 1441 observations were removed from the full data set

reported in Chapter 5.

Table 6.4: Logistic regression results without mis-specified class

Dependent variable:

Risky
Age 0.979** (0.974, 0.983)
Sex 1.906™* (1.807, 2.005)
Log(Income) 0.968 (0.923, 1.012)
Log(Expense) 0.991 (0.946, 1.035)
InvLen 0.992** (0.988, 0.995)
Constant 1.809*** (1.485, 2.133)
N 8,639
Log Likelihood -5,805.480
Akaike Inf. Crit. 11,622.960

Note: Results are reported as odds ratios; 95% confidence intervals are in
brackets. *p < 0.1; **p < 0.05; ***p < 0.01

From the table, one can observe that the relationships in the significant
variables have equal directions as in the All Observations and Without Out-
liers models. The Log(Income) becomes insignificant, similarly as in the case
of removing outliers. InwvLen, despite being significant, now has very little

practical impact (compared to other variables) on the likelihood of choosing a
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riskier-than-recommended portfolio.

For the panel data regressions, we did not satisfy homoskedasticity assump-
tion, no autocorrelation in the residuals assumption and the normality of errors
assumption. We have run the regression using robust standard errors to ac-
count for heteroskedasticity. However, the presence of autocorrelation may lead
the coefficients to be biased and the standard errors to be unreliable together
with the P-values. This suggests we may have derived some information from

the analysis, but the results of hypothesis testing are inconclusive.



Chapter 7
Conclusion

We have investigated the impacts of sociodemographic attributes on compli-
ance with robo-advice in choosing ready-made portfolios of ETFs that vary in
risk. Each investor was recommended a specific portfolio based on suggested
risk level determined by an algorithm, we then studied whether specific vari-
ables such as sex, age, estimated investment horizon and the natural logarithms
of income and expense play a role in the decision of an individual to select a

riskier-than-recommended portfolio.

In following financial advice, the literature is scarce. A recent study con-
ducted by Reiter-Gavish et al. (2021) found that, on average, older, wealthier
people and women are more likely to comply with financial advice received from
a human financial advisor. To our best knowledge, the relationship between
robo-advice and retail investor advice compliance is not well-established, par-
ticularly in the realm of modern investment products such as ETFs and much
less in ready-made portfolios of ETFs. We use logistic regression model to esti-
mate coefficients of the mentioned variables and find that, in compliance with
Reiter-Gavish et al. (2021), older, wealthier (as proxied by income) people and
women in particular are more likely to comply with robo-advice in selecting
a ready-made portfolio of ETFs that carries less or equal risk to that recom-

mended by the algorithm.

However, we show that linearity between the independent variable and the
log odds does not hold using Box-Tidwell test, which may bias and invalidate
our results. Based on visual inspection of the regressors against predicted log

odds, resembling a linear realtionship, we have decided to proceed with the
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analysis. Furthermore, using Cook’s distance, about 3% of the data set was
determined to be outliers, we have conducted the test again without the outliers
and this resulted in the coefficient of Log(Income) to become statistically in-
significant. Other coefficients remain significant with minor differences in their
magnitude, except for the sex variable. Including outliers in the data set lead
to men having a 65.8% greater odds of selecting a riskier-than-recommended
portfolio compared to women and excluding the outliers increased the statistic
to 87.4%.

Contrary to relationship between investment horizon and risk preference
documented by Veld-Merkoulova (2011), we report a slight (but statistically sig-
nificant) positive relationship between the estimated investment horizon (self-
reported by the investors) and the probability of selecting a portfolio of at most
the recommended risk level. This is not very intuitive, as one would expect
investors who plan to invest for (possibly) decades to be less sensitive to short
term risks. One possible explanation would be a specific risk profile affecting
most of the investors in our data set. Majority of investors in our data set live
in the Czech republic, a country with a very recent introduction (thanks to the
socialist regime ending in 1993) to financial markets compared to other more
established western states. Veld-Merkoulova (2011) documents the relationship
in Dutch households.

To quantify the impact of market sentiment on retail investors’ flows ad-
justments in connection to sociodemographic variables, we have estimated fixed
effects and random effects models. Our results of random effects show negative
relationship between total volume of flows in a given month and a dummy vari-
able equal to one if the preceding month experience VIX levels greater than 30.
Importantly, being male was negatively associated with flows inside the same
month where VIX crossed the threshold of 30, suggesting men react more to
expected volatility than women do. The fixed effects estimation supported the

stated relationships.

These results are somewhat in line with the observed tendency of men to
perform more transactions than women in general and being prone to overcon-
fidence in their trading ability Barber & Odean (2001). In our random effects
model, being a man is also associated with greater monthly volume (deposits

into investment account) of 1,759 Czech Koruna.
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Nevertheless, we have shown the assumptions of homoskedasticity, no au-
tocorrelation in the residuals and normality of residuals to not hold. We have
opted for robust standard errors, but we have not fully remedied autocorrela-
tion and this would mean our coefficients might be biased. Our results therefore
remain inconclusive as to whether men do adjust their trading patterns differ-

ently than women in times of high expected market volatility.
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