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Abstract
In traditional finance, it is presumed that investors are rational, but behavioral finance 

totally contradicts the idea that investors are rational. In reality, investors are emotional, which 
influences investment choices, including sentiments, peer pressure, and informational noise. 
Investors’ decisions are affected by many biases that cause investors to act illogically, which 
often results in noise trading. With the evolution of modern finance, Artificial Intelligence 
(AI) and Behavioral Finance have gained significant attention, resulting increased in the trend 
of robo-advisors. Robo-advisors assist investors in making decisions by providing algorithm-
driven, emotion-free investment recommendations, which are emerging as a potential 
buffer against such biases. However, very few studies portray robo-advisory platforms as 
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moderators among behavioral biases. Therefore, to address this gap, data was collected 
from 393 investors with the help of Google Forms using purposive sampling technique. 
Structural Equation Modelling (SEM) using Analysis of Moment Structures 22 (AMOS 22) 
was employed for data analysis. Findings revealed that Fear of Missing Out (FOMO) and 
herding bias significantly influence investors’ Investment Decision-Making (IDM), while 
robo-advisory platforms are insufficient to eliminate these biases.
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1. Introduction 
Indeed, artificial intelligence (AI) is revolutionizing numerous industries, 

and it has a notable effect on wealth management [1]. With the emergence of AI 
technology, financial services have become more convenient and efficient [2]. 
The accelerated digitization of financial services has, in turn, enabled the 
integration of AI-powered instruments, known as „robo-advisors‟. These 
advisory services are online investment frameworks that utilize machine 
learning and AI to provide portfolio advisory services and personalized financial 
advice. However, robo-advisors facilitate Investment Decision Making (IDM) 
by delivering automated, algorithm-driven financial advice [3].  There are many 
biases that influence decision making of investors, which cause irrational 
behavior, resulting in suboptimal investment choices and increased market 
volatility [4]. Whereas two of the most prevalent biases, i.e., herd mentality and 
Fear of Missing Out (FOMO), influence investors' actions during the IDM 
process. Irrational market fluctuations are often amplified by both of these 
biases. The tendency of investors to imitate group behavior instead of making 
their own decisions is known as "herding" [5], [6]. 

Herd behavior is often observed in the financial market, where a significant 
degree of ambiguity exists, and individuals believe that others possess superior 
information [7]. Therefore, this behavior plays a critical role in financial market 
behavior, which leads to significant deviations in asset pricing. Moreover, this 
bias has been linked to FOMO in the investment context [8]. FOMO reflects a 
sense of anxiety in which individuals feel fear of missing opportunities that 
others are perceived to be experiencing [9]. Further, this bias has been linked to 
the formation of price bubbles in the market. 

  Various strategies have been used to mitigate biases & to improve the 
functioning of the market, which include financial literacy and reducing 
information asymmetry [10]. Robo advisors are also one of the most prominent 
strategies, which is an online platform that reduces biases improve the decision-
making of investors through its algorithm mechanism [11]. 

2. Review of literature 
Previous studies suggest that social media significantly multiplies herding 

tendencies through influencer credibility [12], where the bias significantly 



DECODING INVESTOR PSYCHOLOGY� 867

influences Generation Z (Gen Z) investors‟ IDM [13] and also affects 
cryptocurrency investors‟ purchasing behavior [14]. Contrary to the view, 
certain prior studies have found no significant relationship between this bias and 
investors‟ decision-making [15], [16]. Closely aligned to herding behavior, prior 
studies demonstrated that FOMO significantly influences investor behavior in 
financial markets [8], [17] and is also associated with increased stress and 
suboptimal decision-making among investors [18]. Further, social media 
increases FOMO and reinforces crowd-following behavior, which can lead to 
asset bubbles and market instability, especially among younger investors [19]. 

Robo-advisors and other automated investment systems can help investors 
to overcome these biases while making investment decisions [9] by providing 
online services that handle investors' money without the need for human 
involvement [9]. Similar to human advisors, robo-advisors make suggestions 
that meet investors' requirements, which offer users advisory services, gather 
data about their investing goals, risk tolerance, return expectations, and loss 
tolerance, etc. By offering customized investment plans, a robo-advisor supports 
investors in overcoming herding bias, which helps them make more informed 
decisions rather than chasing market trends, resulting in sustained wealth 
accumulation [20]. Additionally, algorithm-based technology can perform 
complex computations, making this service cost-effective and enhancing 
information discovery. Robo-advisors prevent excessive trading by providing 
AI-based nudges [21]. 

3. Research Gap 
Earlier research examined the application of robo-advisors in the 

investment sector, but the evidence regarding their influence on social and 
emotional biases is limited. Addressing this gap, the present study seeks to 
examine investor psychology by analyzing the extent to which a robo-advisor 
can mitigate behavioral biases in IDM. 

4. Objectives 
To examine the impact of herding bias, FOMO, & robo-advisors on IDM 

of individual investors, and further to know how robo-advisors moderate the 
relationship between the biases and individual investors‟ IDM. 

5. Limitations of the study 
The present study contains some shortcomings, despite its contribution. 

First, the study merely focused on two biases only; many other biases are also 
influential in IDM. Second, the study is restricted to Delhi & National Capital 
Region (NCR) region investors, which may also restrict the generalisation of the 
findings.  

6. Methodology 
Research Design 

To gain insights into behavioral patterns of the investors current study 
employs quantitative analysis by using a descriptive research design. 
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Data Collection Method 
The current study employs primary data to address the research questions 

for which a structured, closed-ended questionnaire was created and distributed 
to each participant via Google Form. The questionnaire was structured into two 
distinct sections. „Section A‟ includes respondents' demographics, & „Section B‟ 
consists of various constructs included in the study. 

Sampling Design 
A sample size of 393 individual investors from Delhi NCR was taken. This 

region was specifically targeted because it represents one of India‟s most 
prominent investment hubs, with a diversity of investor groups. A purposive 
sampling technique was used to collect data. Cochran‟s formula was used to 
determine the sample size [22]. The actual number of responses (393) exceeded 
the suggested sample size (384). 

Instrument Development  
This study took two independent variables, namely herding bias and 

FOMO, one dependent variable, namely IDM, and a robo-advisor as a 
moderating variable. For assessing herding bias, sub-constructs relating to 
information characteristics, namely argument quality and source credibility [23], 
and statements related to FOMO were calculated using a well-developed scale 
[24]. The dependent variable was measured using five items, where “dependent 
decision-making style” was used as a representative for calculating the IDM 
construct [25]. The moderating role of robo-advisors was operationalized using 
a scale [2] to maintain consistency with previous empirical research in the field 
of digital financial advice. The conceptual relationships among the study 
variables are shown in Figure 1. 

Conceptual Framework 
 

 
Source: Constructed by authors 

Figure 1 
Conceptual model 

Hypotheses 
H1: Herding bias significantly influences individual investors' IDM. 
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H2: FOMO significantly influences individual investors' IDM. 
H3: Robo-advisory significantly influences individual investors' IDM. 
H4: Robo-advisor significantly moderates the relationship between herding 

bias and individual investors‟ IDM.   
H5: Robo-advisor significantly moderates the relationship between FOMO 

and individual investors‟ IDM.   

7. Data Analysis  
The influence of three psychological factors (herding bias, FOMO, and 

robo-advisory) on IDM is examined using Structural Equation Modelling.  Each 
latent construct is connected to its observed variables, and error terms are 
attached to each observed variable. 
 

Table 1 
Model Fit Summary: Chi-Square Statistics 

Model 

Number 
of 

Parameter
s (NPAR) 

Minimum 
Discrepancy 

(Chi-
Square) 
Statistic 
(CMIN) 

Degrees 
of 

Freedom 
(DF) 

P CMIN/DF 

Default 
model 75 815.439 331 .000 2.464 

Saturated 
model 406 .000 0   
Independence 
model 28 6430.080 378 .000 17.011 

Source: Output from primary data 
 

Table 2 
Model Fit Indices 

Model 

Goodness 
of Fit 
Index 
(GFI) 

Comparative 
Fit Index (CFI) 

Normed 
Fit Index 

(NFI) 

Root Mean Square 
Error of 

Approximation 
(RMSEA) 

Default Model 0.871 0.920 0.873 0.061 
Source: Output from primary data 

 
Table 1 and Table 2 demonstrate an acceptable fit to the data where χ² 

(331) = 815.439, p < .001; CMIN/DF = 2.464; GFI = 0.871; CFI = 0.920; NFI = 
0.873; RMSEA = 0.061. While the GFI was slightly below the recommended 
threshold of 0.90, all other indices were within acceptable limits, suggesting that 
the model offers a satisfactory explanation of the observed data. 
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Source: Author‟s own compilation 

Figure 2 
Structural model assessment 

 
Figure 2 presents the structural model assessment stating the relationships 

among Robo-Advisory, Herding Bias, FOMO, and IDM, along with the 
moderating effects. 

Table 3 
Regression Weights and Results of Hypothesis Testing 

S.No. Predictor → Outcome Estimate (β) p-value Decision 
H1 Herding bias → IDM 0.103 0.042 Accepted 
H2 FOMO → IDM 0.813 0.000 Accepted 
H3 Robo advisory→ IDM -0.084 0.058 Rejected 
H4 Roboherd→ IDM 0.26 0.272 Rejected 
H5 Robofomo→ IDM -0.73 0.002 Rejected 

Source: Output from primary data 
 
Table 3 shows that H1 is supported, showing that herding bias positively 

and significantly impacts individual investors' IDM (β=0.103, p=0.042). H2 is 
also accepted, showing a strong, significant, and positive impact of FOMO on 
IDM of individual investors (β=0.813, p=0.001). In contrast, H3 is rejected, 
where robo-advisory showed no significant impact on IDM of individual 
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investors (β=−0.084, p=0.058). Furthermore, H4 and H5 are also rejected 
(β=0.26, p=0.272; β=−0.73, p=0.002), which shows that the robo advisor as a 
moderator does not help mitigate these biases. 

8. Discussion  
From this study, it is clearly observed that individual investors' IDM is 

majorly influenced by behavioral bias, which is also supported by a previous 
study. Indeed, FOMO has emerged as a dominant driver in taking impulsive 
decisions, where investors are notably being influenced by emotional triggers 
(peer comparison and market trend). Moreover, herding bias also significantly 
impacts IDM, which indicates that group behavior influences each other, which 
is supported by the previous study [7].  

Conversely, robo-advisory showed no significant impact on individual 
investors' investment decisions because investors have limited reliance on robo-
advisory platforms due to a lack of trust and novelty. Therefore, the algorithm-
based robo-advisors are not sufficient to address these social biases among 
decision makers; Indeed, this study contributes to the literature that technology 
offers various benefits, but its effectiveness in reducing these biases is limited.  

Overall, the results demonstrate that biases have a significant impact on 
investors' IDM; conversely, it also challenges the idea that robo advisor helps in 
mitigating these biases. 

9. Conclusion, implications, and recommendations  
The present study has contributed to the potential areas where there is a 

need to refine the robo advisory model to better mitigate the behavioral bias and 
enhance rational decision-making. Though investors should not substitute the 
robo-advisor for critical judgment, but investors should use the robo-advisors as 
a complementary tool that provides structured advice, and they need to remain 
aware of their own behavioral biases so that they can take more balanced, 
informed, or rational decisions. Additionally, financial advisors can improve the 
robo-advisor model that integrates behavioral nudges, educational content, and 
personalized features. Further, regulators can help investors by maintaining 
cybersecurity standards, which can help investors make wise decisions. Future 
studies may include other biases and broaden the geographical and cultural 
context to improve generalizability. 
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