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Key words: This article examines the smartphone-loved human
Overconfidence behavior and the development of psychological biases
Herd behavior leading to irrational investment decision-making. We use a
Social Media Addiction survey among a sample of 95 equity investors in the

Investment Decision

Colombo Stock Exchange and analyze the results using the
Partial Least Squares- Structural Equation Modelling
approach. We confirm the existence of herd behavior and
overconfidence bias which are triggered by smartphone
addiction. Investment decisions are strongly influenced by
overconfidence while overconfident investors show an
ability to mediate the influence of herding. The findings
indicate the risk of smartphone and social media addiction,
a silent disease driving mispricing in equity markets.

1. Introduction

The literature explains investor behavior

consequences including stress, performance,
satisfaction with life (Samaha & Hawi, 2016), and
family and personal conflicts (Mahapatra, 2019). It

(Deene, 2013) through psychological principles of
decision-making (Bondt et al., 2008) showing the
impact of behavioral preferences over rationality.
The existence of biases within investors, for
instance, losses hurt more than gains (Kahneman
and Tversky, 1979), self-attribution and
overconfidence (Atmaningrum et al., 2021),
opaque assets are more influenced by market
sentiment (Gunathilaka et al., 2019) directs further
research on market mispricing, especially in the
current era of internet and smartphone addiction
(Michela et al., 2022). The abuse of digital devices
affects individuals’ social life and well-being, and
addiction is positively related to mood regulation.
It triggers the practice of making mental shortcuts
rather than being analytical. Addiction shows many

exposes to the over-attachment risks like loss of
concentration, and technostress thus the decision-
making is affected as it helps develop biases in the
individual. Accordingly, they tend to follow the
crowd (Lakonishok et al., 1992; Scharfstein and
Stein, 1990) and become overconfident attributing
past success to their own skills and failure to bad
luck, the self-attribution. Overconfidence is a
cognitive bias which is related to the self-
attribution where an individual attributes his
success to own talent and ability blaming ‘bad
lTuck’ for his past failure. One outcome of this self-
deception is the tendency (Trivers, 1991) that one
will utilize perceived superior ability and trade in
equity markets (Odean, 1998) underestimating the
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associated risks. However, rational decision theory
emphasizes that individuals follow specific logical
procedures to resolve problems (Lindblom, 2005)
which is contradictory to the common evidence
that displays irrational thinking (Atmaningrum et
al., 2021), herding, and overconfidence.

Increasing tendency towards mobile phone
use (Karadag et al., 2015a) and preferring virtual
environments to real life has resulted in an
addiction. The desire to access vast amounts of
content via the internet (Hawi, 2012) shows an
addiction to social media. Smartphones enable
sharing of experiences, images, and information
(Ariza et al., 2021) thus one might become
overconfident in decision-making. Based thereon,
we position our interest in exploring the impact of
Smartphone addiction on investor decision
making. In this context, Smartphone addiction is
considered reflective of social media addiction
because we examine respondents’ social media
practice through smartphones. Thus, our objective
of this paper is to examine the relationship between
social media and Smartphone addictions and
investors’ decision-making behavior. First, we
examine empirically whether herding and
overconfidence biases exist in the Colombo stock
market. Then we investigate the interrelationship
between smartphone addition, herding,
overconfidence, and decision-making. Findings
may help investors to minimize the negative impact
of phone usage and behavioral biases and may help
the investor to make judgments accordingly.

2. Related Literature

Internet users spend several of hours online
each day (Young, 2017) and many use smartphones
creating new troubles in real life (Karadag et al.,
2015) including addictions to internet and gaming.
Furthermore, social media life almost has become
an addiction (Karaiskos et al., 2010; Turel &
Serenko, 2012) the most used are Facebook
(Karadag et al., 2015b) and Twitter (Andreassen et
al., 2012) for social sharing. Nevertheless, the habit
of surfing social media and smartphones affection
has triggered a wide evolution in information
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structure and accessibility (Atmaningrum et al.,
2021) with a remarkable role in the investment
markets through social influences. Facebook is
motivated by social interaction (Karadag et al.,
2015b) but potentially damages interpersonal
relationships because it interferes in them
(Atmaningrum et al., 2021). Social interaction may
develop herding as they tend to collect responses
and sharing experiences of similar people. Herding
is a behavioral pattern that is interconnected with
individuals (Devenow & Welch, 1996) and usually
results from day-today life habits to imitate the
actions of others not because others’ decisions are
optimal but because people avoid extra efforts.
Evidence suggest that the investors often follow the
crowd (Lakonishok et al., 1992; Scharfstein and
Stein, 1990; Campbell, 2004) and that investors are
more inclined towards herding behavior during
volatile market conditions. Moreover, institutional
investors herd more than individual investors
(Dennis and Strickland, 2002) and stock prices are
more influenced by institutional investors
(Nofsinger & Sias, 1999) than herding by
individuals. Lee et al. (2004) find the contrary,
where individual investors are more prone to herd
behavior in comparison to institutional,
consequently a positive impact on investors
decision making (Kengatharan & Kengatharan,
2014) is expected. Findings of Lim (2012)
however, is inconsistent with the previous studies
where they find herding has no impact on
investors’ decision making. Studies that highlight
the influence of smartphones in professionals
(Atmaningrum et al., 2021) in promoting
socialization also motivates the present study of
exploring the social influence in the investment
market.

The several of behavioral biases including
overconfidence (Daniel et al, 1998) links
investment decision-making (Rahman & Gan,
2020) to irrationality in markets despite the
explanations of the utility theory. The expected
utility theory proposes that investors behave
rationally by judging all the alternatives on the

basis of their utility and the associated risks. Self-



attribution is a static and dynamic bias (Hirshleifer,
2001) and it makes the individual lean to be
overconfident rather than converge on an accurate
self-assessment. Ample evidence is available that
suggests people are overconfident (Mushinada et
al., 2019) in equity trading. Smartphone diffusion
has significantly changed our lives (Mason et al.,
2022), however, countries like Germany show less
use of mobile phones (Olson et al., 2022) while a
higher level of addiction is seen in Asian countries.
Investors systematically misprocess publicly
available information and overweight their private
information (Daniel et al., 1998) which develops
overconfidence, consequently they overreact
(Odean, 1999) to the market information.
Overconfidence may affect both positively (Lim,
2012; Javed et al, 2017) and negatively
(Kengatharan & Kengatharan, 2014) to investor
decision-making. Investors’ gender (Barber and
Odean, 2001; Grinblatt and Keloharju, 2009;
Statman et al., 2006) and experience (Zaidi &
Tauni, 2012) could affect overconfidence. The
impact is more in the case of male investors, they
get involved in excessive trading in periods of
overconfidence.

Herding is decreasing with own experience
(Menkhoff et al., 2006) and the herding degree and
confidence degree are highly related when there is
a clear market trend (Zhang et al., 2020). The
evidence, in sum, could indicate a potential impact
of smartphones addiction on investment decisions
through herding among individuals. Hence, we
formulate the following hypotheses testable.

Hi: Social Media Addiction (SMA)

contributes to herding and overconfidence
among investors.

H,: Herding develops overconfidence and
affects investor decision making.

Hs: Overconfidence affects investor decision
making.

Hence, we hypothesize that SMA finally
shows a significant impact to investor decision
making. It may support the evidence that the
subjective knowledge is more important than
objective knowledge in formation of financial
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knowledge (Atmaningrum et al., 2021) and that
financial knowledge affects the intention to invest.

3. Materials and Methods
3.1 Sample

We collected a sample of 119 responses
through a google form, among the volunteered
participants of those having equity investments in
the Colombo Stock Exchange (CSE). Of them, 24
were eliminated owing to the passive investing
cicriteria and missing answers. The survey was
administered  during June -October 2022
circulating among the investors using the networks
and groups of the investor community. The
respondents are mostly professionals and others
include graduates, or postgraduate degree holders.
The respondents included 21 self-business owners
and, the rest (about 78%) are from the professional,
public sector, and privet sector employers. Of all
the respondents, approximately 62% were small-
scale investors (Table 1).

Using a filter, the form was opened for
respondents if he/she had investments and trading
experience in CSE. The survey instrument includes
items that reflect SMA, investor’ overconfidence
(OC), herd behavior (HB), and investment
decision(ID). The questionnaire included 7-point
scale (strongly agree [SA] to strongly disagree
[SDA]) statements that reflected three (3) of the
constructs: Over Confidance (OC), Herding
behavior (HB) and Investment Decision (ID).
Measurement of other construct, SMA, follows a
5-point scale. Figure 1 explains the Partial Least
Squares — Structural Equation Modeling (PLS-
SEM) with the four (4) constructs. Overconfidence
is measured with four statements representing
respondent’s confidence about own ability than
others, timing ability in the market, own skills to
win, and predictability of future. Additionally, two
items to reflect self-attribution, i.e., reference to the
luck and past success, are included in measuring
the overconfidence. Herd behavior is measured
using six statements showing (1) respondents’
belief about trading pattern of other investors,



others stock selection decisions, (2) dependence on
consultations and recommendations, family and
friends’ opinion, (3) decisions bias based on others
response for market changes and trading volumes.
These two constructs are well documented and the
items have been adopted from the studies including
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overconfidence. It follows a two-step analytical
procedure approach (Anderson & Gerbing, 1988).
Structural Equation Modeling that constructs a path
linking stages of social media and investers biases
and investment decision are represented by a set of
structural equations explained in Figure 1. The

Table 1
Descriptive Profile
Gender Civil Status Age Education Employment Scale

Male 59 Single 20 Below29 30 School 8  Belf 21 Small 60

Female 36 Married 66 30-39 29 Degree 28  Private 48 Moderate 29
40-49 22 Masters 25 Public 16 Mod—Large 5
Above 50 14 Profesional 34 Profesional 10 Giant 1

Total 95 95 95 95 95 95

Table 1 reports descriptive profile of the sample of 95 respondents. Scale: the self descriptin by the investor as the

size of the assets held: Small investor to a giant.

Raut et al. (2020). Investment decision making
style is measured through five statements that
cover investment objectives, risk tolerance,
experience, and time horizon.

It follows the approaches of Atmaningrum
et al. (2021), Mushinada and Veluri (2019). SMA
is measured using the scale adopted from Mason et
al. (2022) that include six statements representing
the level of smartphone usage. The items have been
included in the appendix.

In view of the directional effects
hypothesized and formed, we employ PLS-SEM in
the current study. For instance, an overconfident

investor is not expected to go with the herd, while

image was created through SmartPLS 4.08 version.

4. Results and Discussion
4.1 Measurement Model

The measurement model was examined in
terms of construct reliability, convergent validity,
and discriminant validity. Table 3 shows the
statistics of convergent validity of the constructs
observed by the measurement model. Each of these
items is described in the Appendix. Factor
loadings, Cronbach’s Alpha (CrA), RhoA,
Composite Reliability (CR), and Average Variance
Extracted (AVE) are presented in Table 3. CrA
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Figure 1. Structural model
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Table 2
Mesurement Model Asgesment : Validity of the Construect
Item Outer Lording  VIF CrA  RhoA CR AVE HTMT
HB ocC SMA
ID D4 0.772 1.046 0.711 0.734 0.796 0.629 0419 0.714 0.536
ID1 0.884 1.158
1D2 0.810 1.233
1ID3 0.632 1.184
ID5 0.876 1.034
HB HB1 0.782 1.704 0.722 0.784 0.781 0.587 0.484 0.602
HB2 0.721 1.805
HB3 0.758 1.252
HB4 0.813 1.376
HBS 0.705 1.282
HB6 0.730 1.231
ocC 0C1 0.730 2.237 0.815 0.817 0.865 0.517 0.345
ocC2 0.677 1.600
0C3 0.735 1.657
oc4 0.680 1.549
OCs 0.745 1.547
0Ce6 0.744 2.262
SMA  SMAI 0.839 2.055 0.786 0.875 0.857 0.561
SMAZ2 0.883 2172
SMA3 0.819 2.250
SMA4 0.696 1.582
SMAS 0.680 1.055

Table 2 shows the mean score for the observed items. item loadings, and validity statistics. VIF=Variance Inflation.
AVE=Average Variance Extracted; CrA=Cronbach’s Alpha; RhoA; CR =Composite Reliability; . HB= Herding;

OC=0verconfidence; ID= Investment Decision; SMA= Social Media Addiction;

ratio of correlations.

values for all constructs are above the standard
value of 0.7 indicating internal consistency (Hair et
al., 2020). The factor loadings of items are closer
or greater than the 0.70 thresholds (Hair et al.,
2020). Values reported for Variance Inflation
Factor (VIF) are less than two for all HB and ID
items. However, OC and SMA items with VIF less
than 3 indicating moderate correlations.
Additionally, we observe that the convergent
validity of all variables had been established as the
CR values fall above 0.7 (Hair et al., 2020; Liu &
Wang, 2016). Moreover, AVE is greater than 0.50
for the same constructs indicating the convergent
validity (Hair et al., 2020) of the model
estimations.  Heterotrait-Monotrait ratio of
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HTMT=Heterotrait-Monotrait

correlations (HTMT) method is more reliable in
assessing the discriminant validity (Ghasemy et al.,
2020). The values reported above show that these
are independent constrcuts and the model shows an
acceptable discriminant validity.

4.2 Structural Model

We examine the significance of our
directional hypotheses using one-tailed bias-
corrected and accelerated Bootstrap procedure
based on a bootstrap subsample of 5,000 (Hair et
al., 2017). Figure 1 depicts the structural model
including coefficients and (p-values).
Additionally, we report statistics in the Table 3,



where the direct results are presented with the
decision on each hypotheses. Accordingly, we find
no influence of SMA on overconfidence (with the
presence of a zero confidence interval as reported)
but herding. All the VIF values are below 1.39
indicating that a muticolinearity issue does not
persist. Supporting the hypothesis 1, the model
confirms the influence of SMA on herd behavior.
Similarly, herd behavior develops overconfidence

bias while the overconfidence impacts investor
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possitive relationships between constructs. These
results confirm our hypotheses that the smartphone
has a significant influence over herd behavior.
However, SMA does not lead to
overconfidence, it indicates that the investor’s
overconfidece level is not directly affected by the
degree of social media addiction itself. Instead, it
quietly explains that the smartphone and social
media can create herding as they share similar
information, news and the ideas among the similar

an

Table 3
Direct Results

Conf. Intervals
Path Coeff. SD P-value SN 5% 05% VIF R F?
HB ->1D 0.181 0.107 0.045 S 0.025 0.373 1.255 0.284 0.044
HB -> 0C 0.402 0.109 0.000 S 0.244 0.585 1.396 0.146
oCc-=1D 0.528 0.094 0.000 5 0.375 0.681 1.255 0.399 0.370
SMA ->HB  0.533 0.080 0.000 5 0.416 0.670 1.000 0.396
SMA -=0C  0.092 0.116 0.213 N -0.103 0.277 1.396 0.209 0.008

Table 3 reports results for direct relationships. HB= Herding; OC=Overconfidence; ID= Investment Decision,;
SMA= Social Media Addiction; SD= standard deviation; 8/N= supported or not; VIF =Variance Inflation Factor

Table 4
Mediation Analysis
Conflntervals (Bias Total
Corrected) Effect
Path Coeft. SD T- stat 5% 95% VAF  Results
HB -=1D 0.212 0.072 2.957 0.117 0.345 0.013 0.42 Partial
SMA-> 0214  0.064 3.341 0.131 0.336 0.015 0.23 Partial
0C

Table 4 reports indirect results, that 1s, Coeff, Standard deviation(SD); HB= Hearding

behavior;OC=0ver

Confidents ; ID= Investment Decision; SMA= Social Media Addiction; VAF=Variance Accounted For

decision making. It suggests that herd behavior
influences the investor decision with a direct
impact, while overconfidence partially mediates
the role of herding. We find partial relationships in
the indirect analysis as reported in the Table 4.
Our analysis on the mediating roles of
gender, education, size of the investment portfolio,
or occupation did not produce meaningful results.
Hence, we have reasonable evidence that the
demographics do not make any difference in terms
of social media addiction, its impact on herding,
overconfidence, and decision making. We find all
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crowd. Moreover, herding strongly develops
overconfidence, indicating that the investor has a
strong attachment to the opinion of the herd to
which they belong. However, the impact on
herding on decision making is marginal, i.e.,
significant with a p-value of 0.045.

The results reveal that overconfidence
the investor decisions significantly.
Accordingly, they are self aligned and it develops
an overconfidence within and among the herd.
Investor might be overconfident when they feel
that their thinking are aligned with society. The

impact



information comes through social media
confirming that a group of people flies together
may develop overconfidence in an investor who

assume that he/she is belonging to the same herd.

4.3 Limitations and Future Research

The peresent study offers the conclusions
with few of the limitations. Fisrt, it uses a limited
sample, an extended sample may provide more
strong evidence to the effects of SEM. Second,
increased sub-samples and application of further
constructs that reflect smartphone snubbing may
produce better results.

5. Conclusion

This article examined the smartphones and
social media usage and its impact on investor
behavior decisions. Addictions are complex
deceasses that disrupt the functions of the brain
including the responsibility for learning, judgment
and memory. We find that the SMA significantly
influence herd behavior. Being in the herd, an
overconfidence is developped in the investor. The
disease may make the assets mispriced as the social
influence is affecting psychological bias. Investor
decision making is significantly affected by the
overconfidence bias.

The study brings several insights for the
discussion of investor behavior. It confirms the
existance of herding and overconfidence
Colombo stock market. Additionally, in periods of
herding become more pertinent, overconfidence
develops as a consequence of smartphone
addiction. Moreover, the impact of herding on
investor decision making is partialy mediated by
overconfidence. The evidence draws attention of
investor community as the decisions may be bias
due to smartphone glued life in the era we pass
through.

n
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Appendix

D . In most cases my investment decisions support my investment OBJECTIVES
. My reactions towards losses are NORMAL.

. Usually, I get my expected RETURN on my investments

R R

o

. I am ready to bear risks of my investment decisions
5. My investment holding periods are spread over LONG time

SMA 1. I check my smartphone for social media [Twitter, Facebook] accounts even if I have some
other work.
. I check my social media accounts whenever possible.

[&]

. I share what I did, what is going on with life, and similar things in social media.
. I follow activities, events, popular videos, and trend topics in social media.
. I check over the accounts of the people I know in social media.

(o B T - P

. I check over anybody's account in social media
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