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The paper analyses how gender, age, education level and field of education affect herding in the real
estate market. We use a dataset of residential real estate transactions from 2004–2012 in Estonia that
contains demographic and educational information on the individuals in it. We do not identify any
gender-based differences in herding but find a low to moderate degree of herding among very young
and older individuals. Individuals with a degree in economics tend to herd less than average.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Housing decisions are among the biggest financial decisions
hat individuals make during their lifetime and poor decisions can
ave clear financial consequences for the well-being of house-
olds. In a large number of cases, residential real estate is the
ominant asset in the household asset portfolio and may be
orth several times the net wealth of the owner (Flavin and Ya-
ashita, 2002) and the purchase of real estate is probably one of

he most significant decisions in an individual’s life (Bucchianeri
nd Minson, 2013). Investors in residential real estate markets
re rarely frequent players, which can indicate that there is a
ower level of sophistication in the market (Kinnard, 2003) that
an easily lead to investment mistakes.
Decisions about housing and investment in real estate played

n important role in the emergence of the last financial crisis.
eal estate prices surged at that time and positive media coverage
esulted in more people purchasing residential real estate either
or their own use or as an alternative investment. In a rising
arket, the success stories that are told make households think
ore optimistically about the housing market, which in turn
reates new positive stories and boosts prices (Hott, 2012). In
onsequence, any important financial decisions that are affected

∗ Correspondence to: Department of Finance, Aalto
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214-6350/© 2021 The Author(s). Published by Elsevier B.V. This is an open access a
by herding can have long-lasting effects. Before the financial
crisis of 2007, residential real estate was gaining wider public
acceptance as an asset class and was attracting more interest,
which makes it even more important to identify possible signs
of herding mentality and factors that affect herding in the real
estate market. In complex situations people may herd for the sake
of comfort because the probability of making a wrong decision
seems smaller if others are making the same decision (Wyman
et al., 2011).

With expectations about the rising inflationary pressure after
the COIVD-19 crisis due to monetary easing and relatively fast
recovery of the stock market, individuals start to seek investment
opportunities in residential real estate market that they are fa-
miliar with. After the COVID-19 crisis a temporary imbalance of
supply and demand in residential real estate market can occur
because of increased inflow of individual investor funds with
temporary halt in the construction activities during the crisis.
Such temporary imbalance can introduce a higher level of herding
in the housing market and more investors seeking investment
opportunities in the housing market highlights the importance of
understanding factors that can affect such behaviour.

Herding is defined as behaviour patterns that are correlated
across individuals, which can lead to systematic erroneous or sub-
optimal decision-making by entire populations (Devenow and
Welch, 1996). Herding has gained mostly attention in connection
with the stock market. Investors trade more often in the stock

market compared to making investment decisions in the real
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state market. Previous research shows that less experienced
nd less sophisticated investors are more likely to be affected
y behavioural mistakes in their investment decisions (Vaarmets
t al., 2019a), which can make individuals in the real estate
arket also vulnerable to similar behavioural biases than stock
arket investors.
Numerous studies1 have identified herding behaviour in the

tock market in developed and emerging markets. Herding be-
aviour has direct implication to the market information effi-
iency and asset pricing (Yao et al., 2014). Thus, we hypothesise
hat similar behavioural patterns exist in the real estate market.
he real estate market has emergent attributes such as ethnicity-
ased clustering of households (Wyman et al., 2011), which give
rounds for such an hypothesis. Previous research (Jiang and
erardo, 2018) shows that more skill (which implies possession
f higher cognitive abilities) makes investors herd less and results
n higher performance in the stock market. This leads to our
econd hypothesis that higher cognitive abilities can decrease
erding behaviour in the real estate market.
Most of the current literature on herding focuses on the stock

arket while the number of relevant works that consider the
eal estate market is still small. We contribute to the literature
y studying whether similar herding behaviour, which has been
dentified in the stock market, is present in the real estate market
s well. Especially in emerging markets, housing decisions affect
ore individuals than investment decisions in the stock market.
his emphasises the importance of studying herding behaviour in
he residential real estate market as well.

We also provide empirical analysis on how socio-demographic
actors and educational background along with cognitive abil-
ties affect the decisions of individuals in the residential real
state market. Thus, we contribute to the strand of household
inance literature that studies the effects of cognitive abilities
n household financial and investment decisions. Considering
ocio-economic as well as educational factors may help to bet-
er identify groups of individuals more vulnerable to herding
ehaviour in the real estate market. This in turn may help to
ropose more effective policy measures to reduce the negative ef-
ects of such behaviour and focus on prevention activities related
o more vulnerable groups.

Furthermore, we add to the literature by using a unique
ataset containing detailed information on educational charac-
eristics of the individuals involved in real estate transactions.
uch detailed data is only available in a very limited number of
ountries. Our conclusions help to shed light on how education
nd cognitive abilities affect herding in the real estate market and
onsider the time dynamics of herding during different phases of
n economic cycle.
We use a unique dataset from Estonia that contains all the

eal estate transactions for the period 2004–2012. This period
overs the full business cycle including the rapid rise in real estate
rices up to 2008, the subsequent steep drop in prices, and the
tabilisation and moderate rise that started in 2010. We focus on
esidential housing transactions in Tallinn, the capital of Estonia,
hich is the most liquid segment of the real estate market in
stonia. Transactions in that segment include both purchases for
he buyer’s own housing needs and real estate investments by
ndividuals. We are not able to distinguish the two.

Our real estate transaction dataset contains demographic in-
ormation about the buyers and sellers along with unique and
etailed educational data containing information about their field
f studies and degrees awarded. We also possess detailed in-
ormation about high school exam results in various subjects

1 For example (Nofsinger and Sias, 1999; Sias, 2004; Indars et al., 2019; Yang
nd Chen, 2015).
2

of younger market participants. This information lets us analyse
herding in terms of gender, age, level and type of education, field
of studies and academic abilities.

The existing literature has, to our knowledge, not focused on
socioeconomic factors that affect herding in the real estate mar-
ket and is still in search of the possible root causes of it. Looking
at the possible findings based on the stock market, we can see
that there are a multitude of internal (characteristics of a person)
and external causes (behaviour of other market participants) for
the emergence of herding behaviour. We can further see that
herding behaviour can be linked to times of greater market stress.
Price movements and purchasing behaviour in our sample are
very similar to those in most countries where individuals play an
important role in buying and selling in the residential real estate
market.

We use the method of Frey et al. (2014) (hereinafter FHW) to
analyse the herding behaviour of various investor groups. We use
logistic and negative binomial regression methods to determine
whether herd-like behaviour can be detected and assess whether
the odds of an investor group making a transaction are influenced
by the number of transactions made by other investor groups in
the same timeframe. The negative binomial regression is used to
determine whether the number of transactions at a certain time
is influenced by different investor groups.

The rest of the article is structured as follows. Section 2 pro-
vides an overview of the literature about the causes and roots of
herding behaviour. We provide detailed information on the data
and methodology in Section 3 and present the results in Section 4.
We discuss the findings in Section 5 and end with a conclusion
in Section 6.

2. Overview of the factors influencing herding behaviour

Cote and Sanders (1997) define herding as altering one’s pri-
vate beliefs to correspond more with the publicly expressed
beliefs of others. It is also defined as imitative behaviour that
leads to correlated patterns of action (Gleason et al., 2004; Hir-
shleifer and Hong Teoh, 2003) that are irrational, exuberant and
unjustified by fundamental values (Babalos et al., 2015). Herd-
ing behaviour has roots in the availability heuristic identified
by Tversky and Kahneman (1974), in which the likelihood of a
recent event being repeated is overestimated, fuelling a positive
feedback chain and driving the market further away from the
balance that fundamental values are meant to create.

Numerous previous studies have linked variables such as age,
gender and education to overconfidence and the ability and will-
ingness to take risks. Other research shows that people tend to
underestimate the odds of negative outcomes and overestimate
the odds of positive ones (Weinstein, 1980). Bhandari and Deaves
(2006) show that women are less overconfident than men be-
cause they are less certain in their decisions, which is in line
with the results of Barber and Odean (2001). Bhandari and Deaves
(2006) also find that formally educated people are more overcon-
fident because they perceive themselves as knowing more than
they actually do, and that people close to retirement tend to be
more overconfident. Studies on risk tolerance and risk aversion
show that women are less risk tolerant than men, younger people
are more risk tolerant than older people, wealth has a negative
effect on the willingness to take risks, and income and education
have a positive effect on risk-taking (Halek and Eisenhauer, 2001;
Hawley and Fujii, 1993; Sung and Hanna, 1996).

Herding tends to occur in many stock markets and investor
segments all over the world (Nofsinger and Sias, 1999; Sias,
2004; Welch, 2000), there is evidence of it in various emerging
markets (Indars et al., 2019; Yang and Chen, 2015), and it has a
higher probability of emerging in countries with lower levels of
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ophistication among investors and higher perceived masculin-
ty (Chang and Lin, 2015). Chang and Lin (2015) also find that
ehavioural pitfalls influence herding more than cultural factors
o, and they confirm that excessive optimism leads to increased
erding tendencies. Diaz III and Hansz (1997) and Kim and Wei
2002) come to a similar conclusion that when investors act in
geographically unfamiliar market, they tend to herd more than

ocal investors.
Babalos et al. (2015) find herding behaviour to have been

ore prevalent in US REITs during the crash, and several studies
Gleason et al., 2004; Philippas et al., 2013) argue that herding
ay amplify negative effects in the market. Gleason et al. (2004)

ind that varying levels of sophistication among investors and the
olume of information available can cause herding, especially at
imes when uncertainty increases because it will be safest to act
ogether with the herd during those times.

Studies on herding in the real estate market are more focused
n return dispersions. Zhou and Anderson (2013) analyse herding
ehaviour in the US equity REIT market and find that herding is
symmetric and more likely to be present in the high quantiles
f return dispersion.

. Data and methodology

.1. Data

We use a dataset from the official land register of Estonia that
ncludes all real estate transactions from 2004–2012. The data are
nonymised and processed to remove transactions that are not
elevant to the study. We use only transactions for residential
eal estate in Tallinn, the capital of Estonia. This is the most
iquid segment in the real estate market and makes up a large
roportion of all the real estate transactions in Estonia. This is
he segment of the market where herding can be measured most
ccurately, and it enables us to use a more homogeneous sample.
We also remove transactions between two commercial parties

r transactions where there are multiple parties associated with
oth sides of the transaction, as relevant variables like gender
r education cannot be correctly assessed in these cases. Data
re analysed from the perspective of the buyer, which means
hat we focus on the herding behaviour considering the purchase
ransactions and do not focus on potential herding of the sellers.
he reason for focusing on the purchase transactions is the larger
conomic implications of such transactions on the well-being and
nvestment portfolio of individuals. Our data shows that selling
ransactions by individuals are generally either closely followed
r preceded by purchase transactions by the same individual,
mplying that the selling transaction is usually one leg of a trans-
ction involving the acquisition of a new home. By comparing
he time series of transactions in our data set with an external
ata source about the number of foreclosures and bankruptcies of
ndividuals, we do not see a large enough number of transactions
and thus herding) which may be caused by financial distress in
ur sample even during the financial crisis of 2009. The absence
f connection may be affected by the legislation in Estonia which
oes not enable the owner of the property to get rid of his
ebt obligations during the foreclosure procedure when the asset
rice is below the outstanding mortgage loan amount which can
appen during times of market distress.
The original division of transactions between different buyer

nd seller types can be seen in Table 1. Our analysis uses 116,971
ransactions, in which demographic variables can be identified for
3,472 purchase transactions and 73,335 selling transactions.
Our educational dataset contains information from the Es-

onian Ministry of Education and Science. The dataset includes
nformation about the level and field of education of each indi-
idual and the results of the final high school exams. We use the
 a

3

results of final high school exams to measure the academic abili-
ties of the individuals in our sample. Those exams are designed to
be at the same level of difficulty for all high school leavers across
all years.

3.2. Methodology

One of the first basic models for detecting herding behaviour is
the measure (hereafter LSV) proposed by Lakonishok et al. (1992)
for the stock market. Numerous studies of the stock market use
the LSV measure.2 The most recent model based on the LSV model
is the measure proposed by Frey et al. (2014), who propose an
improved version of the LSV called the FHW measure. The FHW
measure is statistically less biased and more consistent than the
LSV measure, especially as the number of observations increases
and has been preferred to the LSV measure (Arouri et al., 2013;
Merli and Roger, 2013). Bellando (2012) suggest that the real
herding values are bounded by the LSV as a minimum value and
the FHW as a maximum because the biases of the methods are in
opposite directions, and they also point out that the FHW method
is biased when the expected probability of buying does not equal
the expected probability of selling.

The FHW measure of Frey et al. (2014) is calculated using
the second moment, which is also known as the measure for
dispersion. The herding measure for class a (i.e. investor group
by age, gender, education etc.) at time T is calculated with the
following equation (1):

FHW (Ta) =
1
T

T∑
ta=1

(
bta − π̂ tnta

)2
− ntaπ̂ t (1 − π̂ t )

nta(nta − 1)
, (1)

here T is the total number of periods, π̂ t is the estimate for
he probability of purchases at time t, nta is the number of trans-
ctions at time t in class a, and the numerator is the empirical
ariance minus the expected variance of a binomial distribution
ith parameters nta and π̂ t . bta is the total number of purchases
t time t in class a. From the formula above, if π̂ t

= 0.5, the
ighest value for the measure is 0.25, when bta approaches nta or

zero. The square root of the FHW(Ta) measure is comparable to
the LSV measure.

The other basic concept that explores the existence of herding
is based on monitoring movements in asset return dispersions in
response to market activity. Christie and Huang (1995) propose
a cross section standard deviation (CSSD) measure that follows
the logic that when herding is happening, the price dispersions of
individual stocks will be reduced because the market participants
are all acting in similar fashion. The CSSD measure is extended
by Chang et al. (2000), who propose using the cross-sectional
absolute deviation (CSAD) of returns.3 A similar concept is further
developed by Hwang and Salmon (2004) to account for the effects
of changes in time series volatility, which can be confused for
cross-sectional variance.

The data available for this study do not contain transaction
price data because of privacy restrictions, but they do contain
information about transaction counterparties and the time of the
transaction. This means we cannot use any methods based on
cross section standard deviation (including CSSF and CSAD) and
thus we are restricted to using the FHW method because it does
not require any transaction price data.

The FHW methodology enables us to calculate a measure of
herding per group (e.g. a group based on age, gender or edu-
cation) and thus we can mainly compare herding of a group to

2 See for example Kremer and Nautz (2013) and Wermers (1999).
3 Used in studies by Babalos et al. (2015), Chang and Lin (2015) and Zhou
nd Anderson (2013).
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Table 1
Number of transactions by buyer and seller type.
Seller/Buyer One individual Multiple

individuals
One
commercial
party

Multiple
buyers, at least
one commercial

One individual 49 836 17 920 5 121 458
Multiple individuals 6 785 4 769 716 195
One commercial party 36 478 9 712 14 287 735
Multiple sellers, at least one commercial 373 331 372 1 741

The table reports the number of residential real estate transactions by buyer and seller. Transactions where the seller and the buyer are the
same person have been removed.
ther groups. We test the significance of the difference between
he FHW measures using various parametric and non-parametric
ests based on the normality of the measure’s conditional distri-
ution. Since the number of observations per group in the FHW
tatistics is 36 quarters, we use the Shapiro–Wilk test to find
ut whether the distribution of the FHW variable is significantly
ifferent from a normal distribution. If the assumptions for a
-test or one-way ANOVA are met, then we use those meth-
ds. If the assumptions for parametric tests are not met, then
e use a non-parametric alternative such as the Wilcoxon rank
um or the Kruskal–Wallis test. If a variable contains more than
wo groups such as age, then the pairwise comparison following
NOVA is conducted using the Tukey method; and following the
ruskal–Wallis test, a Dunn test is performed.
As a robustness check, we also test for herd-like behaviour

sing logistic regression to assess whether an investor group’s
dds of making a transaction are influenced by the number of
ransactions made by other investor groups in the same time-
rame. This approach follows the logic of Fehr et al. (2002) who
ind that if a sufficient number of people in a population have
certain motive, then that will make other individuals adopt

hat same motive. For that purpose we create new variables that
easure the number of transactions made by certain types of
uyer and seller in the same quarter that each transaction takes
lace. We use the negative binomial regression as described by
ilbe (2011) to determine whether the number of transactions
µ) at a given time (t) is influenced by different investor groups
x). The negative binomial regression model is used for each
ariable (i) separately such as:

i = exp(ln(ti) + β1x1i + β2x2i + · · · + βk1xki) (2)

We use dummy variables (e.g. construct dummy variables based
on variables such as gender, age, education etc.) to group in-
vestors. Our main findings are based on the FHW methodol-
ogy and we present negative binomial regression results as a
robustness check.

4. Results

4.1. Descriptive statistics

We call our main dataset ‘Dataset 1’. As a robustness check,
we also construct an additional dataset called ‘Dataset 2’ that is a
subset of Dataset 1 and only consists of transactions between two
non-commercial parties. Dataset 2 can be considered a sample
of aftermarket transactions as it does not contain new residen-
tial developments which always have a real estate developer
(a corporation) as the selling counterparty. Our main dataset
(i.e. Dataset 1) also includes new residential developments.

Dataset 1 contains 116,971 transactions with 88,308 differ-
ent properties and Dataset 2 contains 49,836 transactions with
41,080 different properties. In 2004–2012 26.1% of the properties
in Dataset 1 were sold more than once. The average number of
transactions for each distinct buyer in 2004–2012 is 1.24 in the

main dataset.

4

The division of transactions between genders for both datasets
is shown in Fig. 1 and the results are similar for men and women.
The division of transactions between genders has been quite sta-
ble over time. Interestingly the proportion of mixed type buyers,
categorised as other, increased steadily in time from 16% in 2004
to 27% in 2012. We can see a steady decline in the number of
transactions being made by all buyers.

Fig. 1 shows that a larger number of transactions, 24.3% in
Dataset 1 and 31.0% in Dataset 2, were made when the buyer
was between 26 and 35 years of age, which is to be expected
since most people buy their first homes at that age. The average
number of transactions per buyer in different age groups has not
changed significantly over time and is similar across age groups.

We also have data about: the level of education as no uni-
versity degree, bachelor’s degree, master’s degree or higher; the
type of education as economics, IT, real science or other; and
exam results as grade quartiles for maths, mother tongue and
English. In the main dataset, 36.6% of transactions that have
information about the buyer’s education were made by a buyer
who did not have a university degree, 48.1% by a buyer who had
a bachelor’s degree, and 15.4% by a buyer who had a master’s
degree or higher. From the transactions that have information
about the buyer’s education type, we show results for individuals
with education in business and economics, which is 29.9% of
our sample; IT, which is 7.4%; and real science, which is 1.0%.
The remaining individuals were classified under ‘other type of
education’ as individuals in our sample are graduates of over
1500 differently named study programmes altogether. The results
for all other educational groups are not significantly different
from those for the ‘other’ category or represent only a very small
proportion of the sample. We show the results for individuals
with education in business and economics, IT, and real sciences
because previous research has found slightly different investment
behaviour for these groups (Christiansen et al., 2007; Talpsepp
et al., 2020; Vaarmets et al., 2019b). The division is relatively
similar in Dataset 2. Over 73% of all transactions associated with
the data for education level and type were made by buyers and
sellers who were under the age of 36.

The overall division of transactions between subject grade
quartiles is similar in both datasets and between different sub-
jects, as 20.3%–21.8% of the transactions were made by buyers
who had a subject grade in the lowest quartile (quartile 1), 22.4%–
24.0% were made by buyers who had a subject grade in the
second lowest quartile (quartile 2), 25.3%–27.0% were made by
buyers who had a subject grade in the second highest quartile
(quartile 3), and 28.2%–30.6% of transactions were made by buy-
ers who had a subject grade that was in the highest quartile
(quartile 4). Over 97.5% of all transactions associated with the
grade quartile data were made by buyers and sellers who were
under 36 years old.

We use the FHW measure only for transactions where at
least one counterparty is an individual (we pool transactions
into groups by socioeconomic or educational characteristics of

individuals), and we use quarters (i.e. three months) as a time
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Fig. 1. The figure presents the number of transactions by gender and age. Dataset 1 contains transactions where at least one side, either buy or sell, of the transaction
is made by one individual, while Dataset 2 is a subset of Dataset 1 where both sides of the transaction are private individuals. The group ‘other’ denotes transactions
where one side includes multiple sellers or buyers, or commercial sellers or buyers like real estate developers. The group ‘age undetermined’ denotes the transactions
where the age of the buyer could not be determined correctly. The percentages next to the columns denote the proportion of the group’s transactions in the total
number of transactions in Dataset 1 and the total number of transactions of the age group in the same dataset is shown before the percentages.
measure for it. This gives us 36 FHWmeasures for the whole sam-
ple period, covering four quarters each year. The FHW measures
are then aggregated to give mean scores. The estimate for the
probability of purchases at time t is π̂ t

= 0.5 for all variables. We
est the significance of the difference between the FHW measures
sing various parametric and non-parametric tests for either the
ean or the distribution of the group specific FHW measure

ound from the measures of conditional distribution normality.
The FHW measure for male buyers in Dataset 1 is 0.004 and

hat for female buyers is 0.005, so we can conclude that the FHW
easure does not indicate the presence of herding by gender.4
e construct two logistic regression models where the depen-
ent variable is the gender of the buyer and the independent
ariables include the number of transactions by female, male
r other sellers and buyers in the same quarter. Although the
ndependent variables are statistically significant, the effects are
arginal considering the likely shifts in the number of trans-
ctions by each investor group in a quarter. Given this, we can
onclude that the model does not suggest herding by gender.

4 Since the FHW measures associated with gender are not normally dis-
ributed, we use the Wilcoxon ran-sum test, which shows that the mean ranks
f the FHW measures based on gender are not significantly different (p = 0.946).
5

We use a specification for the negative binomial regression
models in which the dependent variable shows the number of
transactions, and the independent variables are dummy variables
for male buyers, other buyers, male sellers, and other sellers. The
model (see Table 2) shows that the rate of transactions is lower
when either the buyer or seller is male than when they are female
since the incident rate ratio (IRR) is below 1.

The results of the analysis by age (see Table 3) show that the
FHW statistic indicates moderate to strong herding in the lowest
age group in both Dataset 1 and Dataset 2. The FHW statistic
indicates low to no herding in the other age groups in either
dataset. We use the Kruskal–Wallis rank test, which indicates that
the mean ranks in at least one group in a dataset are statistically
significantly different from those of another. A Dunn test shows
that the only pairs of age groups that do not differ significantly
in mean ranks are the age group pairs 36–45 and 46–55, and
25–35 and ≥56 in Dataset 1. In Dataset 2, the Dunn test shows
significant differences in mean ranks in all pairs of age groups
except the pair 36–45 and 46–55.

The negative binomial regression models for age, where the
dependent variable is the number of transactions and the inde-
pendent variables are the age groups of the buyers and sellers,
are statistically significant in both datasets (p<0.001). The results
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able 2
egative binomial regression model for the number of transactions in time by
ender.
Independent variable: Dataset 1 Dataset 2

IRR z-value IRR z-value

Base value: Buyer is female
Buyer is male 0.748*** −6.49 0.676*** −9.00
Buyer is other 0.834*** −3.50 – –

Base value: Seller is female
Seller is male 0.798*** −5.06 0.763*** −6.20
Seller is other 1.610*** 9.16 – –

***significant at the 1% level; **significant at the 5% level; *significant at the 10%
level.
The table reports incident rate ratio (IRR) and z-values from negative binomial
regression for the number of transactions (dependent variable) in Dataset 1 and
Dataset 2 by gender. Transactions were aggregated by quarter year, buyer’s
gender and seller’s gender. The independent variables are given in the first
column.

Table 3
FHW measures by gender, age, education and exam results.
Variable: Dataset 1 Dataset 2

Mean
FHW

Std.
Dev.

Mean
FHW

Std.
Dev.

Male 0.004 0.003 0.000 0.001
Female 0.005 0.003 0.000 0.001
Age group <= 25 0.125 *** 0.016 0.123 *** 0.022
Age group 25–35 0.028 *** 0.011 0.017 * 0.012
Age group 36–45 0.007 0.008 0.001 0.002
Age group 46–55 0.004 0.007 0.000 0.001
Age group >= 56 0.019 0.015 0.042 *** 0.008

Highest university degree:
No degree 0.044 *** 0.013 0.039 *** 0.011
Bachelor’s degree 0.039 *** 0.013 0.027 ** 0.011
Master’s degree 0.046 *** 0.018 0.024 0.019

Degree in:
Business or economy 0.033 ** 0.015 0.017 0.014
IT 0.074 ** 0.038 0.061 * 0.045
Real science 0.097 0.115 0.100 0.134
Other 0.042 *** 0.013 0.028 ** 0.011

Maths result in:
Quartile 1 0.069 ** 0.038 0.055 * 0.038
Quartile 2 0.089 ** 0.036 0.076 ** 0.041
Quartile 3 0.101 *** 0.035 0.085 ** 0.041
Quartile 4 0.116 *** 0.032 0.097 ** 0.039

Mother tongue result in:
Quartile 1 0.054 ** 0.030 0.039 * 0.028
Quartile 2 0.062 ** 0.037 0.046 ** 0.04
Quartile 3 0.064 ** 0.034 0.049 ** 0.029
Quartile 4 0.08 ** 0.041 0.06 ** 0.035

English result in:
Quartile 1 0.081 *** 0.023 0.069 ** 0.027
Quartile 2 0.085 ** 0.034 0.075 ** 0.033
Quartile 3 0.09 *** 0.026 0.07 ** 0.029
Quartile 4 0.097 *** 0.032 0.081 ** 0.034

***significant at the 1% level; **significant at the 5% level; *significant at the 10%
level
The table presents the mean FHW values for 2004–2012 by gender, age group,
highest degree awarded, field of studies, and exam result quartile (quartile 1
denotes the lowest and quartile 4 the highest exam results). The table also
presents the standard deviations of the FHW measures.

(see Table 4) show that the rate of transactions is statistically
significantly lower in the first age group, in which the participants
are younger than 26, since all the IRR values are above 1. The
results confirm those from the FHW metric and show that the
number of real estate purchases by the youngest individuals tends
to be affected the most by the purchases of their peers.

The yearly average FHW statistics (see Fig. 2) show that the
erding measure in the youngest age group, where the buyer’s
6

Table 4
Negative binomial regression model for the number of transactions by age group
Independent variables Dataset 1 Dataset 2

IRR z-value IRR z-value

Base value-Buyer is less than 26 years old
Buyer’s age is 26–35 2.177*** 13.52 1.933*** 14.01
Buyer’s age is 36–45 1.315*** 4.71 1.078* 1.55
Buyer’s age is 46–55 2.586* 1.62 0.913** −1.89
Buyer is older than 55 1.176*** 2.76 0.891*** −2.36
Buyer’s age not determined 3.056*** 18.71 – –

Base value-Seller is less than 26 years old
Seller’s age is 26–35 6.626*** 29.11 6.398*** 35.55
Seller’s age is 36–45 6.141*** 27.91 5.954*** 34.06
Seller’s age is 46–55 5.818*** 27.06 5.585*** 32.83
Seller is older than 55 14.895*** 41.61 15.753*** 53.02
Seller’s age not determined 14.820*** 45.19 0.161** −1.69
Constant 5.960*** 29.10 6.980*** 37.99

***significant at the 1% level; **significant at the 5% level; *significant at the 10%
level
The table presents the incident rate ratio (IRR) and z-values from the negative
binomial regressions for the number of transactions (dependent variable) in
Dataset 1 and Dataset 2 by age group. Transactions were aggregated by quarter
year, buyer’s age group and seller’s age group. The independent variables are
given in the first column.

age is less than 26, increased slightly in 2008. The age groups 36–
45 and 46–55 show little to no variation across the years in either
dataset.

The FHW measures relative to the level and type of education
are shown in Table 3. We do not find statistically different herding
between investors grouped by their level of education in Dataset
1. The herding measures in Dataset 2 are lower than those in
Dataset 1, but they show that people with no university degree
herd more than people with a university degree.5 The latter is
statistically significant when considering only the dataset that
does not contain new real estate developments and thus consists
mostly of the aftermarket transactions. Given that individuals
without a university degree have lower income than individuals
with higher degrees, it can be expected that such individuals have
limited access to real estate with higher prices and thus their
herding does not appear that clearly in our main dataset. The
FHW measures for different types of education are not statisti-
cally different from each other, though individuals with education
in economics have lower levels of herding than individuals with
education in IT or real sciences.6

The yearly average FHW measures for the highest degree
awarded are shown in Fig. 3. A significant rise in the FHW mea-
sure can be seen from 2007 to 2009 for buyers who had a master’s
degree or higher. Overall, the herding measures have remained
relatively low in all the education categories for the level of
education. The yearly average FHW measures for different types
of degree are shown in Fig. 3. A slight jump in the FHW statistic
can be seen from 2008 to 2009 in the group that had a degree in
an IT field.

The FHW measures for exam results increase from the first
quartile to the fourth quartile, indicating that herding increases
for home buyers with higher intelligence.7 Given that we do
not have enough information about the selling transactions of

5 We find a statistically significant result for the Kruskal–Wallis rank test
nd after that the Dunn test in Dataset 2 shows that the mean ranks of FHW
tatistics from the group with no university degree differ significantly from those
f the other degree groups.
6 The Dunn test showed that there was no one type of education group that
as statistically significantly different from all other groups.
7 A one-way ANOVA and additional Tukey tests show that the lowest and
ighest quartile FHW scores are statistically different in maths in both datasets
nd in native language in Dataset 1.
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Fig. 2. The figure presents yearly average FHW measure for different age groups. The FHW statistic values indicate the strength of herding in a particular year with
higher values indicating higher level of herding. The theoretical maximum value for the FHW measure in our study is 0.25.
Fig. 3. The figure presents yearly average FHW measure by the type of education. The FHW measures are calculated for groups with different degrees and type of
degrees. The FHW statistic values indicate the strength of herding in a particular year with higher values indicating higher level of herding. The theoretical maximum
value for the FHW measure in our study is 0.25.
the group of young individuals for whom we have exam data
available, we cannot draw any very strong conclusions in this
segment. Neither do we have any data on income, which may be
higher for academically more capable individuals and could mean
that herding is more prevalent among individuals with higher
income. We see a decline (see Fig. 4) in the yearly average FWH
measure for all exam groups, though it is larger for the maths
and mother tongue exams than for the English language exam.
The yearly average FWH measures increased in 2009 when real
estate prices bottomed out.

We run logistic regression models for each exam, where the
ependent variable denotes whether the buyer has an exam
esult in the highest quartile rather than in the lowest quartile
nd the independent variables are the number of transactions
7

made by buyers and sellers in 1) the lowest grade quartile and
2) the highest grade quartile for the exam. The results for the
three exams are very similar. There is no within-group influence
from the number of sellers but the number of buyers in the same
group does influence the probability of the buyer being in that
group, which indicates herding. We find that with an additional
15 transactions in a quarter, the probability of the buyer being in
the same group increases by a maximum of 5% if other variables
are kept at their mean values.

5. Discussion

Purchasing a new home or investing in real estate can have
clear financial consequences for individuals. Previous research
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Fig. 4. The figure presents yearly average FHW measure for final exam grade quartiles for the following exams: maths (upper pane), mother tongue (middle pane),
and English language (lower pane). The FHW measures are calculated for groups belonging to quartiles based on exam results. 1st quartile indicates the lowest
grades and 4th quartile the highest grades. The FHW statistic values indicate the strength of herding in a particular year with higher values indicating higher level
of herding. The theoretical maximum value for the FHW measure in our study is 0.25.
h

has identified a higher level of herding especially during times
of rapid price changes in the market. Although herding can lead
to sub-optimal financial decisions, an important aspect is also the
timing of herding. For example, housing purchases during or after
the crisis may be associated with favourable prices but purchases
during the booming market phase can have clear negative effects
on the household finances. Our results help to shield some light
also on the dynamics of herding during different phases of the
economic cycle.

Our dataset reveals a surprising fact that women make more
ransactions than men. This is contrary to the findings about
he stock market. Although previous literature has shown that
omen tend to herd more than men, our results do not show a
endency for either gender to herd more than the other in the real
state market. Indeed, the FHW statistic is almost zero for both
enders. However, the yearly average FHW statistics by gender
how that this statistic has declined considerably over time. This
s especially clear in Dataset 1, which includes newly constructed
omes (sold by real estate developers).
The FHW statistic for age groups indicates moderate herding in

he youngest age group, where the buyers and sellers are 25 years
ld or younger. Low but similar measures of herding are found in
he 25–35 and over 55 age groups. We do not find herding in
he 36–45 and 46–55 age groups. It can be expected that young
eople are among the most active participants in the residential
 i

8

real estate market as they are making their first home purchases.8
Older age groups might be, on the other hand, changing their
homes after children have grown up.

It is possible that our results of seeing herding for some age
groups are influenced by a certain phase in a person’s life cycle.
However, since we measure herding on quarterly basis, it would
be highly unlikely that life cycle effects alone would explain
herding in our sample as it would require a large number of
(age) group members to be in the same life cycle phase in exactly
the same quarter. We cannot rule out behavioural factors for the
same age groups. For example Chang and Lin (2015) claim that
overconfidence can explain herding and the results of Barber and
Odean (2001) show that overconfidence is a factor influencing
especially young investors in the stock market and Bhandari and
Deaves (2006) argue that people close to retirement tend to be
more overconfident.

Another possible explanation for getting potentially false pos-
itive herding measures would be the cyclicality of the housing
market. One could argue that completion of large and popular
developments might introduce higher buying activity right after
completion. However, the new real estate developments only

8 Estonians prefer home ownership as according to Eurostat only 18.3% of
ouseholds are tenants in Estonia, which is clearly lower than the 30.8% average
n the EU.
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orm a small proportion (about 10%) of total transactions and
ompletion of larger residential developments is almost always
istributed into a number of phases which are sold to the market
t different times. The number of real state transactions and
verall activity in the housing market is positively correlated to
he phase of an economic cycle and not related to our herding
easures. We are unable to take into account any building or
istrict based heterogeneities that may also have some effect on
erding (e.g. temporally increased supply in a popular district
r block) because that would result in a too small sample size
nd would not allow us to obtain statistically significant herding
easures.
When looking at the dynamics of herding for the youngest age

roup, we see the highest herding measures at the end of 2007
nd in 2008. Considering the real estate prices which peaked in
he second half of 2007 and bottomed in 2010, higher level of
erding around 2008 cannot be associated with favourable home
rices for the buyers.
We also study how education affects herding. Previous re-

earch on herding and its connection to the education (or so-
histication) of investors shows that herding behaviour tends to
merge more among less sophisticated individuals. Our results
how relatively low FHW statistics for all groups, which indicates
low degree of herding. However, we find that individuals with-
ut a university degree herd more, which is in line with what
ould be expected from the previous literature. Dynamics of
erding shows that the herding measure was relatively higher for
he group with a master’s or doctoral degree in 2009 compared
o previous periods. Considering that the residential real estate
arket bottomed soon after, this time of purchasing a home can
e considered a good financial decision in retrospect.
Results for the type of education show that the FHW mea-

ures were considerably lower for individuals with a degree in
conomics or business than for those with a degree in IT or real
cience. As the group of individuals with a degree in economics
r business is clearly larger than other groups, the lower level of
erding may be caused by greater diversity within that group. It
an be also expected that the level of overall financial literacy
ay be higher for individuals with a training in economics or
usiness compared to other subjects. This could lead to more de-
iberate financial decisions regarding housing purchases. Looking
t the herding measures over time reveals that herding increased
or almost all groups from 2008 to 2009. This is in line with the
indings of Babalos et al. (2015) for the US REITs in 2004–2013
nd can be connected with seeing more herding in more stressed
imes.

We see a slight increase in the herding measures when the
xam results of the groups are compared, moving from the lowest
uartile to the highest. We do not have data about the sell side
or that subset, because individuals who have taken the exams
re young and are mostly buying, not selling. Although seeing
igher herding for expectedly smarter individuals might be sur-
rising, the dynamics of herding reveal that herding measures
re relatively higher during periods of distressed housing prices,
hich might not be a bad time to purchase a home. However,
he number of transactions is still relatively small for groups for
hom we exam data available. This does not enable us to make
ery strong conclusions based on exam results.
The implications of our results reveal that the highest level of

erding can be seen among the youngest individuals. This may be
roblematic as this can lead to unwise decisions during booming
eal estate markets, which can have profound negative long-term
ffects for a young household. The main policy implications of
ur research include a suggestion for mortgagees to consider
elatively young age to be an additional risk factor especially
uring booming market phases when vulnerability to herding
ay have the most negative consequences.
9

6. Conclusion

The aim of this study is to shed light on herding behaviour in
the real estate market and to show how factors such as gender,
age and education affect herding in the residential housing mar-
ket. We use a unique data set that includes detailed information
about real estate transactions and data on educational variables
including the level and type of education and the results of high
school final exams.

We do not find gender-based herding in the real estate trans-
actions. However, our results show indications of moderate herd-
ing among people under the age of 26 and low to moderate
herding among people who are older than 55. Our results show
that individuals without a university degree have slightly higher
probability of herding, but only in the housing aftermarket. Indi-
viduals with a degree in economics tend to herd less than people
with other degrees which can indicate that higher financial lit-
eracy can reduce herding in the real estate market. We do not
find support for the hypothesis that higher education or cognitive
abilities lead to a lower level of herding and only find slightly
higher level of herding in the housing aftermarket for individuals
without a university degree. On the contrary, our results based
on the dynamics of herding indicate that there may exist periods
when more educated or sophisticated individuals are more likely
to herd than other individuals. We observe such periods during
times when prices are distressed. Herding during such periods
may not always include negative financial consequences contrary
to the youngest age group who showed the highest herding
behaviour during and right after a booming market.
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