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ABSTRACT 

 

 

Background 

In the ever-evolving financial markets, Initial Public Offerings (IPOs) remain one of the most 

significant yet uncertain investment opportunities. While they offer the potential for strong returns, 

IPOs are also known for their volatility and unpredictability, especially in the short term. Investors, 

particularly in emerging markets like India, often struggle to assess the true risk associated with 

newly listed companies due to limited trading history and market hype. This thesis aims to address 

that gap by developing a dual-framework approach to evaluate IPO risk—combining traditional 

financial assessment through the Altman Z-Score with forward-looking market modeling via 

Monte Carlo simulations. 

 

Methods 

The study uses a quantitative, correlational, and predictive research design, selecting a sample of 

ten Indian companies that went public in recent years. Each company‘s financial data was used to 

calculate the Altman Z-Score, a widely recognized metric for evaluating bankruptcy risk and 

financial health. Simultaneously, historical stock price data from the first 30 trading days post-IPO 

was analyzed using Monte Carlo simulations to model potential price behaviour and identify 

volatility patterns. Microsoft Excel served as the primary tool for data analysis, offering accessible 

yet effective methods to carry out the simulation and financial calculations. 

 

Results 

The results reveal that while most companies in the sample had strong Z-Scores, indicating sound 

financial health, their post-IPO stock performance did not always reflect this stability. Some firms 

with high Z-Scores experienced early price declines, while others with moderate financials 

performed unexpectedly well in the short term. Monte Carlo simulations provided a nuanced view 

of this behaviour, highlighting the potential price paths and capturing the uncertainty investors face 

during the early phase of public trading. In several cases, the simulation exposed a wide range 

between upper and lower confidence intervals, emphasizing market sensitivity and the influence of 

external factors beyond financial fundamentals. 
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Discussion and Conclusion 

The discussion highlights a crucial insight: financial metrics like the Altman Z-Score are helpful 

but not sufficient when used alone to predict short-term IPO performance. Market behaviour is 

shaped not only by a company‘s balance sheet but also by investor sentiment, timing, sector trends, 

and broader economic conditions. By combining Z-Score analysis with Monte Carlo simulations, 

this research presents a more holistic framework for evaluating risk, enabling investors to make 

more informed decisions. The dual-method approach fills a critical gap in IPO analysis, offering a 

balanced view that incorporates both structural and behavioral dimensions of market risk. 

 

In conclusion, this thesis provides a valuable contribution to investment research by proposing a 

practical, accessible, and insightful model for IPO risk assessment. It encourages investors, 

analysts, and financial advisors to adopt a more layered approach to evaluating IPOs—one that 

respects both the numbers and the market dynamics that influence them. The study also opens 

avenues for future research in expanding this model across different sectors, timeframes, and 

market conditions. 
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CHAPTER 1 

INTRODUCTION 

 

 Background 

Initial Public Offerings (IPOs) represent a critical stage in a company‘s growth, allowing 

businesses to raise capital by offering shares to the public for the first time. For investors, IPOs 

present both opportunities and risks. While some IPOs generate substantial returns, others fail to 

meet market expectations, leading to significant losses. The uncertainty surrounding IPO 

investments makes it essential to develop structured approaches to assess their risks and predict 

their potential performance. 

 

The primary focus of this study is to analyze the risks associated with IPOs by integrating financial 

health assessment, market behavior analysis, and predictive modeling. Traditionally, investors rely 

on financial metrics, historical market trends, and valuation ratios to evaluate companies before 

investing in IPOs. However, these methods often fail to capture the full range of risks, particularly 

those arising from market volatility, speculative trading, and unpredictable investor sentiment. To 

address this gap, this research combines multiple analytical approaches to develop a comprehensive 

IPO risk assessment framework. 

 

This study applies the Altman Z-Score, a widely used measure of financial stability, to assess 

whether a company‘s pre-IPO financial condition influences its stock performance after listing. In 

addition to financial stability analysis, the study employs Monte Carlo simulations to estimate the 

probability of different market scenarios, providing a probabilistic view of investment risks. 

Finally, technical analysis is incorporated to examine short-term price volatility and investor 

sentiment in the immediate post-IPO period. By integrating these methods, the study seeks to 

provide investors with a more data-driven, multi-dimensional approach to IPO risk evaluation. 

 

The research is particularly relevant to emerging markets, where IPO activity is growing rapidly, 

yet investor protection mechanisms are still evolving. The Indian IPO market serves as the primary 

case study due to its high level of retail investor participation and its unique regulatory landscape. 
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Findings from this research can offer valuable insights not only for Indian investors but also for 

those in other emerging markets with similar investment environments. 

 

 

 Problem statement 

Investing in Initial Public Offerings (IPOs) presents both opportunities and risks, as newly listed 

companies often lack a strong financial track record and experience high price volatility. 

Traditional investment approaches, such as fundamental analysis (which assesses financial health) 

and technical analysis (which tracks stock price movements), are often used in isolation, failing to 

provide a comprehensive risk assessment. Many investors rely on market hype or media coverage, 

leading to misjudged investment decisions and potential losses. 

 

A key challenge in IPO risk evaluation is the uncertainty of financial stability. While models like 

the Altman Z-Score predict bankruptcy risks for established firms, their effectiveness in assessing 

IPOs remains unclear, as many newly listed companies prioritize growth over profitability. 

Additionally, market volatility is high, with prices fluctuating due to speculation and demand 

imbalances. Technical indicators help track short-term price movements but do not fully capture 

broader financial risks. 

 

Given the unpredictable nature of IPOs, a probabilistic risk assessment approach is needed. Monte 

Carlo simulations can estimate possible price trajectories and extreme risks, offering a more data- 

driven way to evaluate IPO investments. However, existing research does not integrate financial, 

statistical, and technical indicators into a unified framework, leaving a gap in risk assessment 

strategies. 

 

This study aims to bridge that gap by developing a structured IPO risk assessment model that 

combines Altman Z-Scores for financial stability and Monte Carlo simulations for probabilistic 

risk forecasting,. By integrating these methods, the research seeks to provide investors, analysts, 

and policymakers with a comprehensive, objective approach to IPO risk evaluation, improving 

decision-making and market transparency. 
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 Purpose of the Study 

The primary purpose of this research is to explore how investors can better understand and evaluate 

the risks involved in Initial Public Offerings (IPOs), with a particular focus on companies listed in 

the Indian stock market. IPOs present a unique challenge to investors—they offer exciting 

opportunities for returns but also carry significant uncertainty due to the limited historical 

performance data available for newly listed firms. This research aims to bridge that gap by 

providing a structured, data-driven way to assess both the financial health of these companies and 

the potential volatility they may face after going public. 

 

To achieve this, the study combines two distinct analytical approaches: the Altman Z-Score, which 

measures a company‘s financial stability and risk of bankruptcy, and the Monte Carlo simulation, 

a statistical tool that models a range of possible outcomes for stock prices based on probability and 

historical trends. By integrating these two methods, the research seeks to develop a more complete 

picture of IPO risk—one that goes beyond surface-level analysis and incorporates both internal 

company performance and external market dynamics. 

 

Another key purpose of this research is to evaluate whether financial indicators like the Z-Score 

have any meaningful correlation with how a company‘s stock actually performs in the early days 

after listing. At the same time, the study also examines whether probabilistic forecasting tools like 

Monte Carlo simulations can be useful in predicting short-term price behaviour, especially when 

traditional models fall short. 

 

By doing so, the research not only addresses a practical concern for investors—how to assess risk 

more effectively—but also contributes to academic understanding by proposing a multi- 

dimensional framework for IPO evaluation. The goal is not just to identify which companies are 

financially sound, but also to understand how they are likely to behave in the volatile and often 

unpredictable landscape of public markets. 

 

In short, the purpose of this research is to provide investors, analysts, and policymakers with deeper 

insight into IPO risk, using a combination of financial metrics and market behaviour models. It 
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aims to support smarter investment decisions, improve risk forecasting, and ultimately contribute 

to a more informed and resilient investment environment. 

 

 Aims and Objectives 

The study is designed to examine the risks associated with Initial Public Offerings (IPOs) and 

develop a comprehensive framework for evaluating investment risks. By integrating financial 

analysis, predictive modeling, and technical indicators, the research aims to provide valuable 

insights into the factors influencing IPO performance. The following specific objectives guide the 

study: 

1. Assessing the Financial Stability of IPO Firms Using the Altman Z-Score 

One of the main goals of this research is to analyze the financial health of companies before 

they go public. The study applies the Altman Z-Score model to evaluate the likelihood of 

financial distress or stability among IPO firms. By examining key financial ratios such as 

working capital, retained earnings, and total assets, the research determines whether 

financially stronger firms perform better in the stock market after listing. This analysis helps 

investors and analysts gauge whether pre-IPO financial conditions have a significant impact 

on post-IPO stock price movements. 

2. Analyzing IPO Investment Risk Through Monte Carlo Simulations 

A second objective of the study is to use Monte Carlo simulations to quantify the risk 

associated with IPO investments. Since IPO stocks often experience volatility due to market 

speculation and limited trading history, this method enables the study to simulate thousands 

of potential price trajectories. By modeling different market conditions and price 

movements, the study provides probabilistic estimates of potential gains and losses. This 

helps investors better understand the range of possible outcomes and assess the likelihood 

of extreme price fluctuations. 

3. Developing a Multi-Dimensional Risk Assessment Framework for IPO Investments 

Rather than relying on a single metric, the study aims to build a multi-dimensional risk 

assessment model that integrates financial analysis, statistical simulations, and technical 

indicators. This framework allows investors to evaluate IPO risks from multiple 

perspectives, improving decision-making. The model provides a structured approach for 
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assessing whether an IPO is a high-risk or low-risk investment based on a combination of 

financial stability, historical price trends, and probability-based risk estimates. 

4. Providing Practical Insights for Investors, Analysts, and Policymakers 

Beyond academic contributions, the study aims to offer practical insights that can help 

different stakeholders in the financial market. Investors can use the findings to make better- 

informed decisions about IPOs, reducing their exposure to unnecessary risks. Financial 

analysts can apply the research methodology to refine their risk assessment models. 

Policymakers and regulators can use the insights to improve transparency in IPO 

disclosures and implement measures that promote market stability. 

5. Examining IPO Risk in the Context of the Indian Stock Market 

Given the unique characteristics of the Indian IPO market, such as high retail investor 

participation and evolving regulatory policies, the study aims to assess how risk assessment 

models apply in this setting. By focusing on India, the research explores whether traditional 

financial models like the Altman Z-Score and Monte Carlo Simulationd. This objective 

broadens the scope of financial risk analysis and highlights the importance of market- 

specific factors. 

The primary objective of this study is to develop a comprehensive framework for assessing investor 

risk in Initial Public Offerings (IPOs) by integrating financial stability metrics, market behavior 

analysis, and predictive modeling. Given the inherently uncertain nature of IPO investments, where 

companies transition from private to public ownership without a well-established trading history, 

it is crucial to evaluate potential risks systematically. This research aims to bridge the gap between 

traditional financial assessment tools and modern computational techniques to provide a more 

accurate and insightful approach to risk evaluation. 

 

A key focus of this study is to analyze the relationship between financial health and IPO 

performance. By applying the Altman Z-Score, the research examines whether pre-IPO financial 

conditions influence stock price movements and investor confidence post-listing. Understanding 

this relationship is essential for investors who need to determine whether a company‘s financial 

strength correlates with its market success after going public. 
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In addition, the study seeks to quantify investment risk by employing Monte Carlo simulations. 

These simulations generate multiple potential future scenarios for IPO stock prices, helping 

investors understand the range of possible outcomes and the likelihood of extreme losses or gains. 

The probabilistic nature of this analysis provides deeper insights into market uncertainties, 

allowing investors to make informed decisions based on risk probabilities rather than assumptions. 

 

Another objective of the study is to create a multi-dimensional risk assessment model that 

integrates financial metrics, statistical forecasting, and market behavior indicators. By combining 

these elements, the study offers a holistic approach to IPO risk assessment, moving beyond 

traditional single-factor evaluations. The framework developed in this research can be useful not 

only for individual investors but also for financial institutions, regulatory bodies, and analysts who 

seek to enhance their understanding of IPO market dynamics. 

 

Additionally, the study aims to contribute to the broader field of financial research by exploring 

the applicability of these risk assessment techniques in emerging markets, specifically in the Indian 

stock market. Given the unique characteristics of IPOs in India, such as high retail investor 

participation and regulatory influences, the study examines whether traditional financial models 

remain effective in these settings or require adaptations. 

 

Ultimately, this research aspires to enhance investor awareness and decision-making by providing 

a data-driven risk assessment framework that is both practical and academically rigorous. By 

integrating financial stability analysis, predictive simulations, and technical indicators, the study 

offers a structured approach to understanding and mitigating risks in IPO investments. 

 

 Significance of the Study 

The significance of this study lies in its contribution to understanding and managing the risks 

associated with investing in Initial Public Offerings (IPOs). Given the inherently unpredictable 

nature of IPO markets, the research provides a comprehensive risk assessment framework that 

combines financial stability analysis, predictive modeling, and technical indicators. This integrated 

approach offers multiple benefits for investors, analysts, policymakers, and researchers. 
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One of the most practical implications of this study is its utility for investors seeking to make 

informed decisions about IPO investments. By offering a structured risk assessment model that 

evaluates financial health through the Altman Z-Score and future price projections via Monte 

Carlo simulations, the study equips investors with a robust toolkit for evaluating potential 

investment opportunities. This empowers investors to identify high-risk IPOs, mitigate losses, and 

maximize returns, ultimately leading to better decision-making and more strategic allocation of 

capital. 

 

The study also contributes to the broader field of financial risk assessment by introducing a multi- 

dimensional model that integrates traditional financial metrics with modern computational 

techniques. This framework moves beyond conventional risk assessment methods by capturing a 

holistic view of IPO risks. The combination of different analytical approaches—such as financial 

ratios, probabilistic simulations, and technical indicators—addresses both short-term market 

behavior and long-term financial stability, offering a more comprehensive understanding of risk. 

 

A unique aspect of this research is its focus on the Indian IPO market, which is characterized by 

high retail investor participation and regulatory dynamics that differ from those of more developed 

markets. By analyzing IPOs in an emerging market context, the study provides insights that can be 

applied to similar economies around the world. This makes the research particularly valuable for 

emerging markets, where IPOs are often seen as a key avenue for economic growth and investment 

opportunities. 

 

The findings of this study can also inform policymakers and regulators seeking to promote 

transparency and stability in IPO markets. By identifying factors that influence IPO risks, the 

research can help regulators establish disclosure requirements, investor protection measures, and 

market oversight strategies aimed at reducing excessive speculation and promoting fair market 

practices. Ultimately, this contributes to a more stable financial environment that fosters long-term 

economic growth. 

 

From an academic perspective, this dissertation advances the understanding of IPO risk assessment 

by exploring the interplay between financial health, market volatility, and investor behavior. The 



Internal 

8 

 

 

study bridges the gap between traditional financial analysis and modern computational approaches, 

providing a foundation for future research in financial risk management. Additionally, the research 

introduces innovative ways to integrate multiple analytical methods, setting a precedent for further 

studies on complex financial phenomena. 

 

In periods of market uncertainty, such as economic downturns, geopolitical crises, or global 

financial shocks, IPOs often become riskier investments. This study‘s comprehensive approach to 

risk assessment is especially relevant during such times, as it offers a data-driven methodology to 

evaluate and manage investment risks. By quantifying potential losses and identifying key risk 

factors, the research helps stakeholders make informed decisions, even in volatile and uncertain 

market environments. 

 

By promoting better risk management practices, this study indirectly supports long-term financial 

stability in the IPO market. A more informed investor base and improved risk assessment methods 

can help prevent market bubbles, reduce the likelihood of large-scale losses, and encourage 

sustainable investment practices. This aligns with the broader goal of promoting a healthy financial 

ecosystem that benefits all market participants. 

 

Finally, the research significance lies in its ability to bridge the gap between financial theory and 

practical application. While the study is grounded in established financial theories and risk 

assessment models, it also provides practical tools and techniques that can be directly applied in 

real-world investment contexts. This ensures that the research is not only academically valuable 

but also relevant to practitioners in the field of finance and investment. 

 

The significance of this study extends beyond academic contributions to practical applications in 

investment decision-making, financial risk assessment, and market stability. By developing an 

integrated risk assessment framework for IPOs, the research provides valuable insights for 

investors, policymakers, analysts, and researchers. It offers a data-driven approach to 

understanding the complex dynamics of IPO risks, ultimately promoting more informed investment 

practices and contributing to the long-term stability of financial markets. 
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 Research Questions 

The research questions for this dissertation are designed to explore the relationship between 

financial metrics, market performance, and investor risks in the context of IPOs. These questions 

aim to address gaps in understanding how investors perceive and manage risk in volatile and 

uncertain IPO environments, particularly in the Indian stock market. 

 How do Altman Z-Scores correlate with the post-IPO performance of companies? This 

question seeks to understand whether financial health, as measured by Altman Z-Scores, 

can reliably predict the success or failure of IPOs. It focuses on linking financial stability 

to market outcomes, such as price trends and volatility. 

 Can Monte Carlo simulations provide an accurate probabilistic estimate of investment risk 

in IPOs? This question examines the use of probabilistic modeling to forecast potential 

outcomes for IPOs under various market scenarios, allowing for a deeper understanding of 

risk distribution and extreme cases. 

 How do internal financial metrics and external market conditions jointly influence investor 

risk in IPOs? This question aims to integrate financial stability, and market conditions into 

a comprehensive risk framework, offering insights into their combined impact on investor 

behavior. 

By addressing these questions, the dissertation seeks to provide a multi-faceted understanding of 

risk assessment in IPOs, combining theoretical insights with practical applications. These inquiries 

aim to develop a reliable and actionable risk assessment framework that bridges the gap between 

financial analysis and market behavior. 
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CHAPTER 2 

LITERATURE REVIEW 

 

 Introduction 

The field of Initial Public Offerings (IPOs) has long captured the interest of scholars and investors 

alike, largely due to the unique complexities and high-stakes decisions involved. At its core, the 

process of taking a company public presents a rich intersection between established financial 

theories and the unpredictable behavior of investors. Understanding how IPOs are priced, how 

investors respond to new market opportunities, and what factors drive market outcomes is crucial 

not just for academic inquiry but also for real-world financial planning and policy-making. As the 

financial world evolves and becomes more interconnected, the dynamics of IPO investments 

become even more significant, influencing everything from capital market development to the 

broader economic landscape. 

 

Over the years, research has highlighted two main perspectives when examining IPOs: the 

traditional, rational approach and the behavioral finance perspective. The rational finance view is 

anchored in the concept of market efficiency, where investors are seen as logical actors who make 

decisions based on all available information. In contrast, the behavioral finance perspective 

emphasizes human psychology, revealing how biases, emotions, and social influences often lead 

to irrational investment decisions. This dichotomy has sparked significant academic debate, with 

some researchers arguing for a purely data-driven approach while others advocate for the inclusion 

of behavioral insights to better understand market behavior. 

 

The structure of this literature review is designed to navigate these contrasting viewpoints 

systematically. It will begin by examining key theories of rational finance, including the efficient 

market hypothesis and models that prioritize financial metrics like earnings, risk disclosures, and 

company fundamentals. From there, the review will shift to explore the growing body of research 

in behavioral finance, focusing on cognitive biases, investor sentiment, and how social dynamics 

influence decision-making. Each section will not only discuss the strengths and limitations of these 

perspectives but also highlight areas of agreement, disagreement, and ongoing debates within the 

academic community. 
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The specific focus of this literature review is to explore how the interplay between rational and 

behavioral finance theories shapes IPO outcomes. By analyzing both perspectives, the aim is to 

provide a comprehensive understanding of the factors that influence investment behavior, 

particularly in the context of IPO pricing and performance. This exploration is crucial for 

identifying gaps in the existing research and for understanding how traditional financial strategies 

can be enhanced—or, in some cases, undermined—by human behavior. 

 

 Investor Attitudes Toward Risk and IPO Investments 

The relationship between investor sentiment and the performance of Initial Public Offerings (IPOs) 

has intrigued researchers for decades. This evolving narrative highlights the complex interaction 

between behavioural finance and traditional financial models, offering insights into how sentiment- 

driven market dynamics influence IPO pricing and long-term outcomes. Early studies laid the 

groundwork by identifying key drivers of IPO under-pricing and long-term performance, while 

more recent research has challenged established paradigms, suggesting that modern market 

dynamics may alter traditional patterns. A deeper exploration of these changes reveals how 

technological advancements, increased retail participation, and sentiment-driven decision-making 

continue to reshape the IPO landscape. 

 

The journey into understanding the impact of investor sentiment on IPOs began with the 

foundational work of Ritter (1991) and Loughran and Ritter (1995). These seminal studies 

identified the phenomenon of IPO under-pricing, where newly listed companies often experience 

significant price surges during their initial trading phase, followed by long-term underperformance. 

Ritter (1991) explored the systematic under-pricing of IPOs, suggesting that irrational exuberance 

and speculative behaviour often inflate prices beyond intrinsic values. Loughran and Ritter (1995) 

expanded on this narrative by demonstrating that companies that benefited from initial price surges 

tended to underperform over the long run, as market corrections eventually brought prices closer 

to their fundamental values. 

 

These early studies laid the foundation for understanding the role of sentiment-driven pricing 

anomalies, providing a framework for analysing how investor enthusiasm and speculative trading 
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drive IPO valuations in the short term while contributing to eventual corrections and long-term 

underperformance. 

 

Pagano, Panetta, and Zingales (1998) introduced a critical dimension to the study of IPOs by 

examining how market-specific factors and institutional frameworks influence IPO outcomes. 

Their research highlighted that IPO performance varies significantly across regions, suggesting 

that emerging markets often exhibit patterns distinct from those observed in developed economies. 

They emphasized that factors such as government policies, regulatory environments, and 

macroeconomic conditions play a vital role in shaping IPO trajectories, underscoring the need for 

region-specific models to account for these variations. 

 

This study marked a pivotal moment by acknowledging that investor sentiment and market 

behaviour are not universally predictable and that local economic and regulatory dynamics can 

shape IPO outcomes in unique ways. 

 

The next significant development in understanding sentiment-driven IPOs came with Shiller‘s 

(2000) groundbreaking work on irrational exuberance. Shiller introduced the concept that 

emotional biases and herd behaviour can drive asset prices beyond their intrinsic values, leading to 

speculative bubbles and subsequent corrections. His work provided a psychological framework for 

understanding the volatility seen in IPOs, where heightened optimism and investor enthusiasm 

often lead to inflated prices that eventually revert to more sustainable levels. 

Shiller‘s insights added a behavioural dimension to the study of IPOs, highlighting how cognitive 

biases and emotional responses influence market outcomes, setting the stage for future explorations 

of sentiment-driven price anomalies. 

 

Building on Shiller‘s work, Barberis and Thaler (2003) delved deeper into the behavioural biases 

that distort market outcomes. Their research identified key biases such as overconfidence and loss 

aversion, which contribute to price distortions and exacerbate market inefficiencies. They argued 

that these biases often lead to mispricing and volatility, as investors overestimate their knowledge 

or hold onto losing investments longer than rational analysis would dictate. 
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Their findings reinforced the notion that investor sentiment and psychological factors can 

significantly influence IPO pricing, challenging the classical assumption that markets are purely 

driven by rational analysis. 

 

Aggarwal, Krigman, and Womack (2002) contributed to the growing body of research by 

examining the role of speculative trading and lock-up expiration selling in driving short-term IPO 

volatility. Their findings revealed that while speculative enthusiasm can inflate IPO prices in the 

short term, this does not necessarily translate into long-term underperformance. The authors 

emphasized that speculative trading patterns often lead to temporary price distortions, but the long- 

term outcomes are influenced by a combination of market fundamentals and sentiment-driven 

momentum. This research introduced an important distinction between short-term speculative 

behaviour and long-term price corrections, further complicating the narrative around sentiment- 

driven IPOs. 

 

As financial models became more sophisticated, Glasserman (2003) introduced the use of Monte 

Carlo simulations to assess the probabilistic outcomes of IPO pricing under varying market 

conditions. His work demonstrated how multiple price trajectories could be simulated to capture 

the range of possible outcomes, offering a deeper understanding of IPO volatility. Hull (2017) 

further emphasized the importance of probabilistic models to account for extreme market 

conditions and potential price corrections, highlighting how Monte Carlo simulations could 

complement behavioral insights to develop more accurate predictive frameworks. These 

advancements provided a quantitative approach to assessing IPO risks and potential returns, 

bridging the gap between traditional financial models and behavioral finance. 

 

Expanding on the role of sectoral variations, Purnanandam and Swaminathan (2004) explored how 

industry-specific factors and macroeconomic conditions affect IPO performance. Their research 

suggested that investor sentiment and market enthusiasm may be more resilient in sectors with high 

growth potential, such as technology and emerging industries. They argued that while sentiment- 

driven IPOs in these sectors may not follow the traditional pattern of long-term underperformance, 

companies in more mature industries were more likely to experience price corrections over time. 
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This study highlighted the importance of considering sector-specific dynamics when analysing IPO 

outcomes, emphasizing that investor sentiment can behave differently depending on the industry 

and market conditions. 

 

Ljungqvist (2007) marked a turning point by exploring how technological advancements and 

increased access to financial information have reshaped investor behaviour in modern markets. He 

argued that algorithmic trading, social media influence, and democratization of financial 

information have empowered retail investors to act on sentiment with greater speed and efficiency, 

altering price movements and performance trajectories. His findings suggested that traditional 

models predicting long-term underperformance in sentiment-driven IPOs may no longer hold true 

in an era of rapid information dissemination and high-frequency trading. 

Ljungqvist‘s research raised critical questions about whether modern market dynamics had 

fundamentally altered the relationship between sentiment and long-term performance, signaling a 

shift that required updated analytical frameworks. 

 

The focus then shifted to emerging markets, where Khurshed (2011) and Ghosh (2005) explored 

the unique dynamics of retail investor participation and sentiment-driven momentum in shaping 

IPO outcomes. Their studies highlighted that in markets like India, retail investors play a more 

prominent role in driving price movements, often responding to social norms, government policies, 

and media narratives. Their findings underscored that sentiment-driven momentum could lead to 

prolonged price surges in these markets, challenging the applicability of Western models of IPO 

underperformance. These studies reinforced the need for region-specific models that account for 

local investor behaviour and regulatory frameworks, emphasizing the importance of contextual 

factors in shaping IPO performance. 

 

Ibrahim and Benli (2022) introduced a paradigm-shifting perspective by challenging the long-held 

belief that sentiment-driven IPOs inevitably underperform in the long run. Their study uncovered 

a strong correlation between bullish sentiment and market-adjusted initial returns (MAIRs), 

aligning with earlier research on IPO under-pricing. However, their findings diverged from 

conventional assumptions by providing compelling evidence that modern markets may no longer 

exhibit the predictable pattern of long-term underperformance in sentiment-driven IPOs. 
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They argued that changing market dynamics, increased retail participation, and the democratization 

of financial information have altered investor behaviour, making it imperative for future research 

to adapt analytical frameworks to account for these evolving patterns. 

 

The evolution of research on investor sentiment and IPO performance reflects a shift from classical 

theories predicting long-term underperformance to modern frameworks that acknowledge the 

complexities of evolving market dynamics. Early studies by Ritter (1991) and Loughran and Ritter 

(1995) established the foundation for understanding IPO under-pricing and sentiment-driven 

anomalies, while subsequent research by Shiller (2000), Barberis and Thaler (2003), and 

Purnanandam and Swaminathan (2004) deepened the exploration of behavioral biases and sectoral 

variations. More recent contributions by Ljungqvist (2007) and Ibrahim and Benli (2022) have 

highlighted how technological advancements and retail participation have reshaped market 

dynamics, challenging conventional assumptions about long-term performance. 

 

As financial markets continue to evolve, it is imperative that future research integrates probabilistic 

models, behavioral insights, and financial fundamentals to develop multi-dimensional frameworks 

capable of capturing the full spectrum of investor behaviour and market dynamics. 

 

 Subjective Norms and Social Influence on IPO Investment Decisions 

In the dynamic and ever-evolving landscape of Initial Public Offerings (IPOs), the influence of 

social norms, peer pressure, and financial decision-making weaves a compelling narrative that has 

captivated the attention of scholars and investors alike. As markets evolve and technology reshapes 

how information is disseminated, the social dynamics that guide investment behaviour have 

become increasingly intricate. Over the years, researchers have explored various dimensions of 

these influences, uncovering the delicate balance between emotional, socially driven actions and 

rational financial analysis. From peer influence in local communities to the global impact of 

cultural norms, these narrative traces the evolution of social factors in IPO decision-making, 

offering insights into how they shape investment outcomes. 

 

The journey begins with the seminal work of Loughran and Ritter (1995), who explored the 

phenomenon of herd behaviour and its impact on IPO pricing. Their research revealed how investor 
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enthusiasm and fear of missing out (FOMO) often lead to inflated valuations beyond intrinsic 

levels. This self-reinforcing cycle, where initial investor enthusiasm attracts more participants, 

ultimately amplifies price increases and distorts market efficiency. Loughran and Ritter laid the 

groundwork for understanding how social validation and peer influence drive herd behaviour, 

creating an environment where speculative trading patterns shape IPO performance. 

 

Building upon the foundation laid by Loughran and Ritter, Shiller (2000) introduced the concept 

of irrational exuberance, where emotional biases drive prices beyond intrinsic values, only for these 

prices to later correct. Shiller‘s research emphasized the volatility inherent in IPOs, where investor 

sentiment, rather than fundamental analysis, often dictates market outcomes. His work highlighted 

how herd behaviour and emotional impulses can distort market rationality, setting the stage for 

future explorations into socially driven investment patterns. 

 

Fast forward to Meluzín et al. (2021), whose research explored the power of rumors and social 

narratives in influencing IPO activity, particularly in emerging markets. Their study revealed the 

dual nature of social influence, where both positive and negative sentiments dictate market trends, 

leading to periods of heightened IPO activity or market stagnation. In emerging markets, where 

local traditions and cultural norms significantly influence investor confidence, understanding the 

role of social sentiment becomes critical for predicting market movements. Meluzín et al. 

emphasized the importance of region-specific models to account for the unique interplay between 

social narratives and economic conditions in shaping IPO outcomes. 

 

Kanagaretnam et al. (2022) added another critical layer to this narrative by exploring the role of 

societal trust in shaping IPO investment decisions. Their research revealed that in high-trust 

societies, individuals are more likely to conform to social expectations, which can significantly 

impact market behaviour. Trust, in this context, can either stabilize or destabilize markets, 

depending on how it interacts with regulatory frameworks and institutional safeguards. While 

societal trust can enhance market efficiency by fostering transparency, excessive trust may lead to 

complacency and overvaluation, highlighting the nuanced relationship between trust and market 

stability. 
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As digital platforms emerged as powerful forces in shaping financial markets, Mehta et al. (2022) 

examined how social media platforms like Twitter influence IPO sentiment, using the case of the 

Paytm IPO as a compelling example. Their research highlighted how social media narratives create 

echo chambers, where positive or negative opinions about a company spread rapidly, shaping 

investor perceptions and fueling market trends. This phenomenon demonstrates how digitally 

driven sentiment cycles can overshadow careful financial analysis, leading to emotionally charged 

decisions rather than rational, data-driven ones. The findings underscored the growing influence of 

social media on IPO outcomes, where online discourse and public perception wield immense power 

in shaping market dynamics. While some scholars view these digital narratives as valuable 

indicators of IPO success, others caution that an over-reliance on social sentiment may cloud 

judgment and fuel speculative bubbles. 

 

The influence of social validation extends beyond traditional investors, shaping the behaviour of a 

new generation of market participants. Elango and Ajah (2023) explored how Gen Z investors in 

India navigate financial decisions, often seeking validation from family and friends before 

committing to investments. Their research highlighted how peer influence and social approval 

remain dominant factors in shaping the investment attitudes of younger investors. As Gen Z 

becomes a dominant force in financial markets, understanding how they balance social pressures 

with financial reasoning becomes increasingly important. Elango and Ajah‘s findings sparked a 

debate among scholars about whether financial literacy can mitigate the effects of social influence 

on Gen Z investors. While some researchers argue that education and awareness can empower 

young investors to make independent and rational decisions, others caution that peer dynamics and 

social validation may continue to exert a strong pull regardless of education levels. 

 

The role of personal connections in shaping trading behaviour takes center stage in the work of 

Selvapandian et al. (2023), who examined how family and friends influence investment intentions. 

Their research revealed that close personal relationships often take precedence over financial logic, 

with investors seeking the approval of trusted connections before making decisions. This social 

validation can overshadow sound financial judgment, leading to emotionally driven decisions that 

may diverge from rational analysis. 
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While social influence can offer valuable insights and stability, it can also introduce irrational 

decision-making and potential mispricing, highlighting the double-edged nature of peer validation 

in investment behaviour. 

 

Expanding the discussion to the global stage, Chen et al. (2022) investigated how cultural norms, 

and societal values influence global IPO under-pricing. Their research found that firms operating 

in high-secrecy cultures tend to experience larger initial returns, reflecting how individualism, 

uncertainty avoidance, and societal secrecy can shape investor expectations. This study emphasized 

that financial behaviour is not solely driven by numbers but also by deeply ingrained cultural 

values, calling for a more contextual understanding of IPO dynamics. As globalization blurs 

national boundaries, recognizing these cultural nuances becomes essential for designing effective 

financial models that capture the full spectrum of investor behaviour. 

 

Bringing social capital and sponsor influence into focus, Lin (2023) explored how sponsor 

representatives and their social experiences shape IPO outcomes. This research revealed that well- 

connected sponsors can reduce information asymmetry and enhance market confidence, ultimately 

influencing IPO pricing and post-listing performance. In this context, social capital becomes a key 

driver of IPO success, where trusted relationships and strong networks create a sense of stability 

and transparency. 

 

However, while sponsor networks can enhance IPO outcomes, there remains ongoing debate about 

how much weight these social connections should carry compared to traditional financial analysis. 

Critics caution that an overemphasis on social relationships may distort market efficiency and 

introduce biases that undermine rational decision-making. 

 

The evolution of research on social norms, peer influence, and financial decision-making in IPOs 

reflects a complex interplay between emotional drivers and rational analysis. Early studies by 

Loughran and Ritter (1995) and Shiller (2000) laid the foundation for understanding herd behaviour 

and irrational exuberance, while Meluzín et al. (2021) and Kanagaretnam et al. (2022) introduced 

the importance of regional variations and societal trust in shaping IPO performance. The digital 

age ushered in new dimensions of social media influence, as highlighted by Mehta et al. (2022), 
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while the behaviors of Gen Z investors and the role of sponsor networks were explored by Elango 

and Ajah (2023) and Lin (2023), respectively. 

 

As financial markets continue to evolve and digital platforms reshape investor sentiment, 

understanding the delicate balance between social influence and financial rigor becomes more 

critical than ever. Future research must delve deeper into these evolving dynamics, bridging the 

gap between traditional financial models and the realities of social-driven investing, offering a 

more comprehensive understanding of modern IPO markets. 

 Behavioural Intentions and Actual Investment Behaviour in IPOs 

In the dynamic and unpredictable world of Initial Public Offerings (IPOs), understanding the 

motivations behind investor behaviour has captivated the attention of scholars worldwide. 

Traditional financial models have historically portrayed investors as rational actors, making 

decisions based on available information and quantitative data. However, a deeper dive into 

contemporary research reveals a far more intricate narrative—one where cognitive biases, 

emotional impulses, and social influences converge to shape investor behaviour, creating a delicate 

balance between intention and action. 

 

The narrative begins with Bikhchandani and Sharma (2001), who explored the phenomenon of 

herd behaviour and its impact on IPO valuations. Their seminal research highlights how even 

informed investors equipped with detailed financial analyses often succumb to collective 

momentum, driven by a fear of missing out (FOMO) and confirmation bias. Their work introduces 

the concept of "collective irrationality," where IPO prices surge beyond sustainable levels, creating 

speculative bubbles that eventually burst. Bikhchandani and Sharma provide a compelling account 

of how psychological biases distort market dynamics, laying the foundation for understanding the 

macro-level effects of social influences on IPO investments. 

 

Fast forward to Shaddady and Alsaggaf (2020), who shift the focus to Saudi Arabia‘s financial 

landscape, where they investigate the intention-behaviour gap in IPO investments. Their research 

highlights how overconfidence and herd behaviour create a disconnect between stated intentions 

and actual actions. Through an examination of the high-profile Aramco IPO, they demonstrate how 
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collective irrationality can overshadow traditional financial indicators, underscoring the limitations 

of rational financial models in explaining investor behaviour in emerging markets. The findings 

reveal that psychological biases often drive investor decisions, challenging the assumption that 

market participants consistently act rationally. 

 

In India, Soni and Desai (2021) delve into the complexities of IPO investment decisions in Gujarat, 

challenging the notion of rational decision-making by highlighting the role of cognitive shortcuts 

and emotional impulses. Their research uses Structural Equation Modeling (SEM) to explore how 

proximity to relevant information and government incentives shapes investment behaviour. 

Interestingly, even when investors have company-specific information, geographical proximity 

often mediates their choices, leading them to favor local companies. This finding underscores the 

nuanced and sometimes irrational nature of investment decisions, emphasizing the importance of 

local contextual factors in evaluating IPO behaviour. 

 

Shifting focus to secondary markets, Wibowo (2021) explores how retail investors behave after 

IPO listings, where irrational price surges and speculative impulses often drive post-IPO volatility. 

His research reveals that despite access to financial information, herding behaviour and speculative 

sentiment frequently override rational decision-making, undermining market efficiency. Wibowo‘s 

findings emphasize the importance of conservative accounting practices to mitigate speculative 

excesses and restore stability in post-IPO trading. 

 

In the context of telecommunications companies in Indonesia, Fauzi et al. (2021) apply the Altman 

Z-Score and other financial models to assess financial sustainability between 2014 and 2019. Their 

research evaluates the predictive power of various bankruptcy models, ultimately concluding that 

the Altman Z-Score remains the most reliable tool for predicting financial distress. This study 

reinforces the importance of using quantitative models to assess company viability, offering a 

rational framework for evaluating financial health before and after an IPO. The findings highlight 

the potential for integrating financial metrics with behavioral insights to enhance investment 

outcomes. 
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Engelen et al. (2020) introduce Signaling Theory to explain how firm characteristics and high- 

profile endorsements influence investor decisions. Their research uncovers a paradox where high 

initial returns attract investors but may also signal long-term risks. Despite endorsements from 

underwriters and influential stakeholders, investor behaviour remains susceptible to emotional 

biases such as overconfidence and fear of loss. These findings underscore the need for nuanced 

models that account for the duality of short-term appeal and long-term uncertainties in IPO 

investments. 

 

Building upon the discussion of investor education, Tyagi (2022) investigates how financial 

literacy, knowledge, and awareness shape investment decisions in Indian markets. The study 

identifies a strong correlation between financial literacy and investment intentions, demonstrating 

that informed investors are better equipped to make prudent decisions. However, Tyagi highlights 

a notable gap in the literature regarding the relative importance of financial metrics versus financial 

attitudes, suggesting that both play an essential role in shaping IPO decisions. The findings 

advocate for greater financial education to empower investors and foster responsible investment 

behaviour. 

 

Turning to China‘s STAR Market, Ma et al. (2022) investigate the persistent puzzle of IPO under- 

pricing despite regulatory reforms aimed at enhancing pricing efficiency. Using a Two-tier 

Stochastic Frontier Model, they reveal that secondary market participants exert greater influence 

on IPO pricing than primary market conditions. Their findings suggest that waves of speculative 

optimism and excessive trading activity contribute to IPO under-pricing, emphasizing the enduring 

power of psychological biases in shaping investor behaviour, even in highly regulated 

environments. 

 

Srour (2021) examines the predictive power of the Altman Z-Score in assessing financial distress 

in companies listed on the Egyptian stock market between 2016 and 2020. By analyzing data from 

multiple companies, Srour concludes that the Z-Score is a reliable model for identifying financial 

instability and potential bankruptcy. The study underscores the importance of using quantitative 

models to gauge financial health before an IPO, enhancing investor confidence and mitigating 

perceived risks. 
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Returning to India, Kaur et al. (2023) investigate why, despite expressing strong enthusiasm for 

IPO investments, many investors fail to translate their intentions into tangible returns. Their study 

highlights how psychological factors like risk tolerance and perceived credibility of companies 

shape investment behaviour. They reveal that risk tolerance remains volatile, influenced by 

personal experiences and social validation, underscoring the need to bridge the intention-action 

gap by addressing individual investor psychology and external socio-economic contexts. 

 

Finally, Savaliya (2024) explores how financial literacy can mitigate the intention-behaviour gap 

in IPO investments. His research highlights how psychological biases such as risk aversion and 

overconfidence contribute to discrepancies between stated investment intentions and actual actions. 

While financial literacy can empower investors to make rational decisions, socio-economic 

variables such as income levels and market exposure continue to shape investor behaviour 

unpredictably. Savaliya calls for a balanced approach that integrates financial education with socio- 

economic awareness to foster rational investment outcomes. 

 

The evolving research on IPO investment behaviour paints a comprehensive picture of how 

cognitive biases, emotional impulses, and social influences intersect with financial metrics and 

market dynamics. Beginning with Bikhchandani and Sharma (2001), who highlighted the dangers 

of herd behaviour and collective irrationality, and culminating with Savaliya (2024), who advocates 

for financial literacy to mitigate emotional biases, these studies unravel the complexities that shape 

IPO investment decisions. 

 

As financial markets continue to evolve and integrate digital platforms, understanding the delicate 

balance between social influence and financial analysis becomes increasingly essential. Future 

research must build on these insights, bridging the gap between traditional financial models and 

the ever-changing realities of human-driven investing. This journey underscores the need for multi- 

dimensional frameworks that account for both rational and emotional factors, offering a more 

comprehensive understanding of IPO market behaviour. 
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 Correlations Between Financial Metrics and Investor Intentions 

In the ever-evolving world of financial markets, understanding what drives investment behaviour 

remains an intricate puzzle. For decades, scholars have sought to uncover the underlying forces 

that shape investor decisions, moving beyond traditional financial models that assume rationality. 

However, recent research highlights a far more complex narrative—one where cognitive biases, 

emotional impulses, financial literacy, and socio-economic variables play a significant role, 

especially among young and inexperienced investors. This exploration weaves together the insights 

of leading scholars, painting a compelling picture of how psychological, digital, and financial 

factors influence investor intentions across diverse regions and contexts. 

 

The narrative begins with Samsuri et al. (2019), who explore the intricate relationship between 

financial literacy, risk tolerance, and investment intentions in Malaysia. Their research highlights 

how individuals with higher levels of financial literacy are better equipped to interpret complex 

financial metrics, leading to greater confidence and more frequent investment activity. The study 

identifies key financial indicators such as earnings, debt ratios, and valuation figures as pivotal in 

shaping investor decisions. However, a notable tension emerges—while many scholars argue that 

these indicators play a significant role, others contend that emotional responses and risk perceptions 

often overshadow pure financial analysis. 

 

Drawing parallels with Servon and Kaestner (2008), who emphasize that financial knowledge is a 

cornerstone of informed investment behaviour, Samsuri et al. (2019) reinforce the idea that 

financial literacy is positively correlated with a greater willingness to take risks. However, their 

findings raise intriguing questions about the emotional dimensions of investment behaviour, 

suggesting that financial literacy alone may not suffice—investors must also develop emotional 

intelligence to navigate the highs and lows of market volatility. 

 

Shifting focus to Egypt, Sobaih and Elshaer (2023) apply the Theory of Planned Behaviour (TPB) 

to analyze how financial literacy influences risky investment intentions among university students. 

Their study offers a nuanced understanding of how financial knowledge affects attitudes, subjective 

norms (SNs), and perceived behavioral control (PBC). Interestingly, while SNs and PBC exhibit a 
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strong positive effect on risky investment intentions, personal attitudes do not—a finding that 

challenges traditional assumptions in behavioral finance. 

 

Aligning with previous research by Alleyne and Broome (2011), which underscores the importance 

of financial literacy for responsible investment behaviour, Sobaih and Elshaer (2023) highlight 

critical questions about the role of risk-taking behaviour as a potential moderating factor. Their 

findings suggest that attitudes toward risk may not always predict actual investment behaviour, 

introducing a layer of complexity that necessitates further exploration into the psychological and 

social factors that shape investment decisions. 

 

Returning to India, Tyagi (2022) broadens the narrative by examining the relationship between 

financial literacy, awareness, and attitudes toward investment decisions. His research highlights a 

strong correlation between financial literacy and investment intentions, demonstrating that 

informed investors are more likely to make prudent and responsible investment choices. However, 

the study sparks a lively debate about the relative importance of financial metrics versus financial 

attitudes in shaping investment behaviour. 

 

While some scholars argue that financial attitudes exert the greatest influence, others maintain that 

objective indicators such as earnings and debt ratios play a more predictive role. Tyagi (2022) 

emphasizes that while financial attitudes matter, their impact may be secondary to financial 

knowledge and awareness. His findings call for a comprehensive approach that integrates financial 

literacy, emotional intelligence, and socio-economic awareness to bridge the intention-behaviour 

gap. Moreover, the study highlights a critical gap in understanding how behavioral biases and 

socio-economic variables interact with financial literacy, emphasizing the need for further research 

to develop a more holistic understanding of investor behaviour. 

 

The narrative then moves to Chavan and Bapat (2024), who explore the intricate relationship 

between cognitive biases, self-esteem, and investment intentions among young investors in India. 

Their research highlights that investment decisions are often far from purely rational and are instead 

deeply influenced by cognitive biases such as the anchoring effect, disposition effect, and herding 

effect. 
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Chavan and Bapat (2024) illustrate how the anchoring effect skews rational decision-making by 

prompting investors to anchor their judgment to a stock‘s opening price, leading to distorted 

valuations in future decisions. The disposition effect further complicates matters by encouraging 

investors to sell winning stocks too early while holding on to losing stocks for too long, driven by 

a reluctance to admit losses. Additionally, the herding effect leads investors to follow the crowd 

rather than relying on their own analyses, fostering a false sense of security and contributing to 

irrational market trends. 

 

By employing Structural Equation Modeling (SEM), Chavan and Bapat (2024) quantify these 

insights, revealing that these psychological biases significantly shape investment intentions. Their 

findings underscore the urgent need for tailored financial literacy programs that address these 

cognitive distortions, empowering young investors to make informed and rational decisions. 

 

Shifting the focus to Indonesia, Karundeng et al. (2024) investigate how financial literacy and 

digital awareness converge to influence investment intentions. Their research highlights the 

mediating role of financial literacy, demonstrating that individuals with a strong grasp of financial 

concepts are more likely to engage in investment activities. In an era where financial markets are 

increasingly digitized, digital awareness becomes essential for interpreting market trends and 

making timely decisions. 

 

However, their study also reveals an ongoing debate regarding which financial indicators exert the 

greatest influence on investor behaviour. While some researchers emphasize the importance of 

earnings and valuation metrics, others argue that debt ratios do not hold the same predictive power. 

This divergence underscores a critical gap in understanding, pointing to the need for further 

exploration to identify the most significant financial indicators driving investment behaviour. 

Karundeng et al. (2024) advocate for the development of adaptive financial education programs 

that equip investors with the knowledge and digital skills necessary to thrive in dynamic financial 

environments. 
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The narrative concludes with Kalyani and Annamalai (2024), who examine how financial metrics 

influence investor intentions by categorizing data into internal metrics (such as cash flow and 

balance sheets) and external factors (such as broader market trends). Their study uncovers a 

fascinating insight—while 68% of investors prioritize market conditions over detailed financial 

ratio analysis, a significant proportion (74%) focus on company growth metrics rather than 

traditional financial ratios like earnings per share (EPS) and debt-to-equity ratio. 

Interestingly, while EPS, price-to-earnings (PE) ratio, and debt-to-equity ratio emerge as preferred 

metrics, only 42% of investors rely on them as primary decision-making tools. This discrepancy 

highlights a potential gap in understanding the value of comprehensive financial analysis, 

suggesting that many investors may overlook critical financial ratios in favor of simplified growth 

metrics. Kalyani and Annamalai (2024) raise critical questions about why these traditional 

indicators are often neglected, calling for future research to investigate the underlying reasons 

behind these investment patterns and their broader implications for market efficiency. 

 

Together, these studies paint a comprehensive and multifaceted picture of the factors that shape 

investment behaviour. From the cognitive biases influencing young Indian investors to the digital 

awareness and financial literacy shaping Indonesian and Malaysian markets, and from the 

psychological underpinnings of risky investment intentions in Egypt to the role of financial 

knowledge and metrics in India, this exploration reveals a world where rational analysis, emotional 

impulses, and socio-economic influences intersect to shape investor decisions. 

 

Despite significant advancements in understanding investment behaviour, unanswered questions 

and unresolved tensions remain. As financial markets continue to evolve and integrate digital 

platforms, embracing a holistic approach that integrates financial literacy, digital awareness, 

emotional intelligence, and behavioral insights will be essential for empowering investors and 

enhancing market efficiency. Future research must delve deeper into these intricate relationships, 

paving the way for more informed and rational investment decisions in an increasingly digitally 

connected world. 
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 Tensions Between Rational and Behavioural Finance in IPO Investments 

The landscape of Initial Public Offerings (IPOs) has long been studied through the lens of rational 

finance theories, where markets are assumed to process all available information efficiently, 

resulting in stock prices that reflect intrinsic values. However, over time, behavioral finance has 

challenged this assumption by revealing how psychological biases, cognitive distortions, and herd 

behaviour often shape investor decisions, leading to persistent anomalies in market behaviour. As 

research in this field has progressed, scholars have explored how traditional financial models and 

behavioral insights intersect, gradually revealing the complexity of IPO investment behaviour. This 

narrative traces the chronological evolution of academic discourse, highlighting pivotal studies that 

have contributed to our understanding of how rational and emotional forces shape IPO outcomes. 

 

The journey begins with the foundational work of Bikhchandani and Sharma (2001), who 

introduced the concept of herd behaviour in financial markets. Their research highlighted how even 

the most informed investors often abandon independent analysis to follow the actions of others, 

driven by the fear of missing out or the perceived wisdom of the crowd. In IPO contexts, this 

behaviour frequently leads to irrational price surges driven by speculation rather than intrinsic 

value. Bikhchandani and Sharma‘s pioneering work laid the groundwork for understanding the 

psychological dynamics that drive IPO under-pricing and post-listing volatility, emphasizing the 

need to consider social influences when analyzing investor behaviour. 

 

Almost a decade later, Servon and Kaestner (2008) emphasized the critical role of financial literacy 

in mitigating the effects of cognitive biases on investment decisions. Their research suggested that 

individuals with a better understanding of financial concepts were more likely to make informed 

and rational investment choices, highlighting the potential of financial education to reduce the 

impact of emotional impulses on IPO behaviour. This study set the stage for future research on 

how financial literacy could bridge the gap between rational expectations and behavioral 

tendencies. 

 

Fast forward to 2020, Sharma et al. (2020) explored persistent inefficiencies in IPO pricing, despite 

the assumption of efficient markets. Their study revealed that 66.74% of IPOs were underpriced, 

creating opportunities for retail investors to capitalize on initial gains. However, instead of 



Internal 

28 

 

 

leveraging these opportunities, retail investors often relied on institutional cues and incomplete 

information, making them susceptible to herd behaviour and overconfidence. This research 

reinforced the idea that psychological biases continue to challenge the predictions of rational 

financial models, highlighting the enduring tension between rational analysis and emotional 

impulses. 

 

Also in 2020, P H and Rishad turned their attention to emerging markets, particularly in India, 

where investor psychology plays an outsized role in IPO outcomes. Their findings revealed that 

herd behaviour and overconfidence frequently drive prices away from intrinsic values, creating 

speculative bubbles. In speculative environments, where sentiment outweighs fundamentals, 

market behaviour becomes less predictable. Their study called for a balanced approach that 

incorporates financial analysis and behavioral insights to address the complexities of emerging 

markets. 

 

In the same year, Sandhu and Guhathakurta (2020) analyzed the contrasting strategies of 

institutional and retail investors. Their research revealed that institutional investors often rely on 

data-driven analysis to determine IPO valuations, whereas retail investors frequently succumb to 

herd behaviour and framing effects, leading to irrational pricing patterns. This dichotomy 

underscored the ongoing clash between rational finance and behavioral finance and highlighted the 

impact of investor heterogeneity on market efficiency. 

 

Also contributing in 2020, Manu and Saini (2020) explored IPO under-pricing and overpricing 

through the lens of behavioral finance. Their findings emphasized how lead manager reputation 

and broader market conditions often exerted an outsized influence on IPO outcomes. Psychological 

biases such as overconfidence and herd behaviour played a significant role in shaping investor 

sentiment, challenging the assumption that markets always incorporate information efficiently. 

 

Natesh (2020) added depth to this discourse by highlighting the tension between market efficiency 

and behavioral finance. His research demonstrated how psychological forces such as FOMO (fear 

of missing out) and overconfidence drive investors toward IPOs, inflating prices beyond rational 
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expectations. This study underscored the need to integrate emotional insights into traditional 

financial models to capture the full complexity of IPO behaviour. 

 

In 2021, Gupta et al. examined the paradox of risk disclosures in IPO offerings. While traditional 

finance suggests that providing detailed risk information should lead to better investment decisions, 

their findings showed that investors often ignored such disclosures, succumbing instead to 

cognitive biases like over-optimism and herd mentality. This highlighted the limitations of rational 

financial models in predicting actual investor behaviour. 

 

Udasi et al. (2021) explored the inherent conflicts of interest in IPO pricing, where issuers aim to 

maximize capital while underwriters prioritize securing investor interest. This tug-of-war often led 

to under-pricing and further distortions in market pricing. Their study highlighted that these 

conflicts exacerbate the clash between rational expectations and emotional tendencies in IPO 

markets. 

 

Babu and Dsouza (2021) provided further insights into the complexities of information asymmetry 

and agency problems in IPO pricing. Despite regulatory safeguards, behavioral anomalies 

continued to shape market outcomes, revealing that rational models often struggle to account for 

the impact of emotional and psychological influences on investor behaviour. 

 

Also in 2021, Nikbakht et al. explored the impact of regulatory changes in India on IPO pricing, 

focusing on companies with high R&D expenditures. Their research showed that despite regulatory 

oversight, pre-IPO earnings management persisted due to psychological biases and market 

sentiment, challenging the notion that regulatory frameworks alone can correct market 

inefficiencies. 

Subba (2022) examined the impact of anchor investments—institutional entities that commit to 

purchasing shares before an IPO—on price stability. Contrary to expectations, Subba‘s research 

revealed that these anchor investments did not significantly influence IPO listing prices, suggesting 

that behavioral biases such as herd behaviour and overconfidence continued to drive post-issue 

performance, despite the presence of reputed institutional investors. 
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Tyagi (2022) broadened the discussion by exploring how financial literacy and awareness influence 

investment intentions. His research demonstrated that financially literate investors are better 

equipped to make prudent investment decisions, yet cognitive biases such as confirmation bias and 

anchoring often limit their ability to act on rational analysis. This study highlighted the need for 

financial education programs to counteract emotional tendencies. 

 

Also in 2022, Navyatha (2022) examined how financial metrics such as Net Asset Value (NAV) 

and Return on Assets (ROA) shape investor decisions. While these metrics serve as essential tools 

for rational analysis, cognitive biases frequently disrupted expected outcomes. The findings 

underscored the need to account for emotionally driven actions that often overshadow objective 

financial analysis. 

 

Most recently, Ali and Masood (2024) explored the rising influence of social media and brand hype 

on IPO investment decisions. Their research highlighted how investor enthusiasm, fueled by social 

narratives, often eclipsed financial fundamentals, leading to irrational decision-making. Their 

findings emphasized the growing importance of incorporating behavioral insights into investment 

models to account for the evolving influence of digital platforms on investor sentiment. 

 

In 2024, Karundeng et al. added another layer to the narrative by investigating how financial 

literacy and digital awareness collectively shape investment intentions. Their findings revealed that 

individuals with a strong understanding of financial concepts and digital trends were more likely 

to engage in prudent investment practices. However, they also highlighted that emotional biases 

continued to play a role, despite increased awareness and literacy. 

 

Together, these studies reveal a chronological evolution in understanding IPO behaviour, where 

rational models and behavioral insights intersect to shape market outcomes. The persistent tension 

between market efficiency and psychological biases underscores the complexity of IPO 

investments, highlighting the need for integrated models that blend financial data with emotional 

insights. As the financial landscape continues to evolve, bridging this gap will be essential for 

developing more accurate models and fostering informed investor behaviour in future IPO 

environments. 
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 Correlation of Altman Z-Score 

The Altman Z-Score has long been a cornerstone for predicting financial distress and assessing the 

financial health of companies, playing a pivotal role in shaping investment decisions during Initial 

Public Offerings (IPOs). As the financial landscape evolves, researchers have explored how the Z- 

Score intersects with various economic, institutional, and psychological factors to predict IPO 

success, uncovering gaps in understanding the influence of both traditional financial indicators and 

behavioral influences on market dynamics. Over the years, scholars have refined their approaches 

to measuring the impact of the Altman Z-Score, incorporating machine learning models, cross- 

market comparisons, and behavioral insights to paint a more comprehensive picture of IPO 

performance. This journey begins with the foundational work of researchers who sought to quantify 

financial risk and culminates in contemporary studies that merge traditional finance with AI-driven 

predictions and global perspectives. 

 

The narrative begins with Ahmad-Zaluki and Badru (2021), who investigated the impact of IPO 

proceeds allocation on initial returns in the Malaysian market from 2005 to 2015. Their research 

used Ordinary Least Squares (OLS) and Quantile Regression (QR) methods to analyze how 

investors responded to disclosures about the intended use of IPO proceeds—whether for growth, 

debt repayment, or working capital. They highlighted that companies allocating funds toward 

growth opportunities, such as capital expenditure, tend to experience higher initial returns, driven 

by increased investor confidence in the firm‘s future potential. Conversely, firms that earmark 

proceeds for debt repayment witnessed lower returns, as this signaled potential instability or past 

financial mismanagement. 

A key takeaway from this study is the correlation between Altman Z-Score and IPO success, as 

companies with a higher Z-Score demonstrated financial stability, enhancing investor confidence 

and resulting in higher demand for shares. Their research underscored the need for transparent 

financial disclosures and emphasized that integrating financial fundamentals like the Z-Score with 

behavioral insights could improve IPO outcomes in emerging markets. 

 

In the same year, Fauzi et al. (2021) contributed to this evolving discourse by comparing the 

Altman Z-Score with other bankruptcy models, including Springate, Zmijewski, and Grover 
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models, to assess the financial sustainability of Indonesian telecommunications companies from 

2014 to 2019. Their research, which applied a purposive sampling method to select four major 

companies—PT. Telkom, PT. Indosat, PT. XL Axiata, and PT. Smartfren—aimed to identify the 

most accurate predictor of potential bankruptcy. 

 

Findings from the study revealed that only PT. Telkom consistently maintained a healthy financial 

state, while the other companies frequently fell into the "unhealthy" zone according to Altman‘s 

and Springate's assessments. Interestingly, models like Zmijewski and Grover produced 

inconsistent results, reinforcing the superiority of the Altman Z-Score in predicting financial 

distress across diverse sectors. For IPO investors, this study highlighted the importance of 

evaluating a company‘s financial stability before making investment decisions, as companies with 

higher Z-Scores indicated lower bankruptcy risk, thereby increasing investor confidence and 

demand during IPOs. 

 

Further expanding on the Z-Score‘s predictive potential, Srour (2021) examined its application in 

predicting financial distress in companies listed on the Egyptian stock market from 2016 to 2020. 

Using quantitative methodologies and secondary data analysis, the study assessed the effectiveness 

of the Altman Z-Score model in differentiating distressed firms from stable ones. 

 

The research identified a gap in applying the Altman Z-Score in Egypt's market context, noting 

that regional studies on the model‘s predictive accuracy were scarce. Srour‘s findings demonstrated 

that the Z-Score reliably predicted financial instability and highlighted its utility as a decision- 

making tool for IPO investors. By evaluating a firm‘s pre-IPO financial health, the Z-Score served 

as a critical metric for investor confidence—a high Z-Score indicated reduced financial risk, 

enhancing demand for the offering, while a low score signaled higher risk, prompting investors to 

exercise caution. 

 

The narrative continues with Sareen and Sharma (2022), who explored the application of the 

Altman Z-Score in predicting financial distress and stock price movements within India‘s 

automotive sector from 2001 to 2020. Their study segmented data into four distinct periods to 
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capture the effects of economic policy changes, such as the financial crisis and the Goods and 

Services Tax (GST) regime. 

 

Employing descriptive statistics, econometric growth curves, and panel data analysis, their findings 

confirmed that the Z-Score effectively predicted financial distress during different economic 

phases. However, the study revealed variations among individual companies, with factors like 

market value-to-total liabilities (MV/TL) and earnings before interest, taxes, depreciation, and 

amortization (EBITDA) ratios significantly influencing stock prices. From an IPO investor‘s 

perspective, this research highlighted the importance of considering both financial fundamentals 

and behavioral dynamics, as market sentiment and herd behaviour often influence investment 

decisions beyond objective financial analysis. 

 

Wu et al. (2022) marked a turning point by integrating machine learning techniques with traditional 

financial models, enhancing the predictive power of the Altman Z-Score. Their study focused on 

the Chinese A-share market and introduced a hybrid model that combined the Z-Score with 

Multilayer Perceptron Artificial Neural Networks (MLP-ANN) to improve the accuracy of 

corporate health forecasts. 

 

The hybrid model, which used five critical financial ratios from the Z-Score as input for the neural 

network, outperformed both standalone models. While the Z-Score alone achieved an accuracy of 

86.54%, the hybrid model boosted the classification accuracy to an impressive 99.40%, offering a 

more reliable framework for predicting financial distress. For IPO investors, this advancement 

provided a nuanced, data-driven approach to assessing a company‘s stability, integrating 

quantitative analysis with artificial intelligence to deliver more accurate financial forecasts. 

More recently, Octaviani et al. (2024) examined how financial distress factors, as measured by the 

Altman Z-Score, influenced stock prices in Indonesia‘s metal sub-sector manufacturing companies 

listed on the Indonesia Stock Exchange between 2016 and 2020. Their study analyzed five specific 

financial ratios: 

 Working Capital to Total Assets (WCTA) 

 Retained Earnings to Total Assets (RETA) 
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 Earnings Before Interest and Taxes to Total Assets (EBITTA) 

 Market Value of Equity to Book Value of Liabilities (MVEBVL) 

 Sales to Total Assets (STA) 

 

Using multiple linear regression models with SPSS, the findings revealed that WCTA and 

MVEBVL had the most significant influence on stock prices, whereas ratios such as RETA, 

EBITTA, and STA demonstrated minimal impact. For IPO investors, this research emphasized that 

companies with stronger working capital ratios and market equity relative to liabilities tend to 

attract higher stock valuations post-IPO, reinforcing the importance of incorporating the Z-Score 

in IPO analyses to predict post-listing performance. 

 

Lastly, Han et al. (2024) took a global perspective, exploring the relationship between IPOs and 

financial distress risks by analyzing data from 54 countries spanning 1984 to 2022. Using 

difference-in-differences (DiD) regression, complemented by propensity score matching and 

Heckman two-stage analysis, their study assessed the impact of institutional environments on 

mitigating financial distress post-IPO. 

 

Their findings revealed that IPOs often increase financial distress risks due to reduced operational 

profitability and heightened scrutiny. However, a robust institutional environment was found to 

mitigate these risks, emphasizing the role of governance structures in maintaining post-IPO 

financial stability. For IPO investors, the Altman Z-Score emerged as a key metric to assess both 

pre-IPO and post-IPO financial health, reflecting how a firm‘s financial stability evolves in 

response to market pressures and regulatory frameworks. 

 

The evolution of research on Altman Z-Score and IPO performance highlights an ongoing narrative 

where traditional financial models and modern innovations intersect to shape investment decisions. 

Over the years, scholars have explored how the Z-Score interacts with IPO dynamics, financial 

disclosures, institutional environments, and machine learning models, revealing a complex 

relationship where rational analysis and behavioral insights jointly influence market outcomes. As 

IPO markets become more sophisticated, integrating financial fundamentals, artificial intelligence, 
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and behavioral perspectives will be essential for improving predictive accuracy and ensuring 

informed decision-making among investors. 

 

 Research Gap 

The evaluation of Initial Public Offerings (IPOs) has been a central focus of financial research for 

several decades, with scholars attempting to predict IPO performance using various models, 

including financial ratios, market sentiment analysis, and econometric techniques. However, 

despite the extensive research available, there remain critical gaps that limit the accuracy and 

applicability of these models, particularly in the context of emerging markets like India. 

 

1. Over-reliance  on  Financial  Metrics  Without  Capturing  Market  Volatility 

Much of the existing literature on IPO performance has emphasized financial indicators such as 

profitability, leverage, and liquidity to assess a company‘s post-IPO stability. The Altman Z-Score 

(Altman, 1968) remains one of the most prominent models for predicting the likelihood of financial 

distress and has been widely adopted to evaluate a company‘s internal financial health. However, 

despite its predictive power, the Z-Score does not adequately capture market volatility and external 

behavioral factors that often influence stock performance in the early days following an IPO (Ritter, 

1991; Loughran & Ritter, 1995). IPOs are highly susceptible to speculative trading, herd behaviour, 

and short-term investor sentiment, which are not accounted for in traditional financial models. 

 

2. Limited Application of Monte Carlo Simulations in IPO Risk Assessment 

Monte Carlo simulations, widely applied in derivative pricing and risk management (Glasserman, 

2003), have seen limited application in IPO evaluation. Given the inherent uncertainty and 

volatility associated with newly listed companies, probabilistic models such as Monte Carlo 

simulations could provide more comprehensive insights into possible price paths. Despite this 

potential, most studies on IPO performance overlook the use of simulations in predicting short- 

term price fluctuations, thereby leaving a critical gap in understanding price volatility and downside 

risks for IPO investors (Brandt, 2010; Hull, 2017). 

 

3. Lack  of  Integrated  Approaches  Combining  Financial  and  Market  Models 

Most prior research has focused on either financial stability or market behaviour, but rarely do 



Internal 

36 

 

 

studies integrate these two perspectives into a unified framework. Models such as the Altman Z- 

Score excel in measuring internal financial health, while market-based models capture the price 

volatility and investor sentiment that influence short-term post-IPO performance. However, few 

studies have attempted to combine these approaches to create a more nuanced and holistic 

framework for evaluating IPO risk (Purnanandam & Swaminathan, 2004; Pagano, Panetta, & 

Zingales, 1998). This gap highlights the need for integrated models that assess risk across multiple 

dimensions to offer more accurate predictions. 

 

4. Scarcity   of   IPO   Studies   in   Emerging   Markets   Like   India 

Most of the research on IPO performance and risk assessment is derived from data in developed 

markets, particularly the United States and Europe (Ritter & Welch, 2002; Ljungqvist, 2007). 

However, emerging markets like India operate under different economic, regulatory, and market 

conditions that shape IPO behaviour in unique ways. Despite the rapid growth in India‘s capital 

markets and the increasing number of IPOs in recent years, relatively few studies have focused on 

Indian IPOs and their associated risks (Khurshed, 2011; Ghosh, 2005). This gap presents an 

opportunity for region-specific research that takes into account the distinct characteristics of India‘s 

financial ecosystem. 

 

5. Insufficient  Focus  on  Short-Term  Post-IPO  Performance  Dynamics 

While a substantial portion of IPO literature focuses on long-term performance, relatively little 

attention has been paid to the critical short-term post-listing period, where most of the price 

volatility and market adjustment occurs. Studies by Ritter (1991) and Loughran and Ritter (1995) 

have highlighted the phenomenon of IPO underperformance over the long term, but short-term 

price movements remain underexplored. This short-term period is marked by heightened volatility, 

often driven by speculative trading, media coverage, and changing investor sentiment (Aggarwal, 

Krigman, & Womack, 2002). As such, a gap persists in understanding the drivers of early post- 

IPO performance, which can have a profound impact on investor outcomes. 

 

Addressing the Gap 

This research seeks to address these gaps by combining Altman Z-Score analysis with Monte Carlo 

simulations to create a more comprehensive framework for evaluating IPO risk. By integrating 
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financial stability indicators with probabilistic models that simulate market behaviour, the study 

aims to offer a multi-dimensional risk assessment that captures both internal financial health and 

external market volatility. Additionally, by focusing on Indian IPOs, the research provides valuable 

region-specific insights that address the lack of localized studies in the current literature. 

 

In conclusion, this study fills a critical void by proposing a holistic and dynamic approach to IPO 

risk assessment that accounts for the complexities of modern financial markets. The integration of 

traditional financial models with probabilistic simulations offers a richer and more realistic 

framework that can guide investors, financial analysts, and policymakers in making informed 

decisions in the context of IPO investing. 

 Summary 

The literature review conducted for this thesis provided a comprehensive exploration of the key 

theories, models, and empirical studies relevant to understanding and evaluating investor risk in 

Initial Public Offerings (IPOs). It highlighted the complexity of IPO performance and emphasized 

the need for a multi-dimensional approach that integrates both financial stability indicators and 

market-based risk models. 

 

The review began by examining the Altman Z-Score (Altman, 1968), one of the most widely used 

financial models for assessing a company‘s likelihood of bankruptcy. Studies have consistently 

shown that the Z-Score is effective in predicting corporate distress and insolvency, making it a 

valuable tool for evaluating the financial health of newly listed companies. However, while the Z- 

Score provides a solid measure of a firm‘s internal financial stability, the literature also identified 

its limitations when applied to IPOs. Many scholars, including Ritter (1991) and Loughran and 

Ritter (1995), pointed out that financial metrics alone cannot fully account for the volatility and 

price fluctuations that newly listed stocks experience in their early trading days. 

 

To address this limitation, the review explored the application of Monte Carlo simulations in 

financial analysis. Monte Carlo simulations, widely used in risk management and derivatives 

pricing (Glasserman, 2003), allow for the modeling of a range of possible outcomes by simulating 

numerous scenarios based on historical data and market trends. Despite their proven effectiveness 

in other areas of finance, Monte Carlo simulations have been underutilized in IPO risk analysis. 
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The literature suggests that incorporating simulation-based techniques can enhance the accuracy of 

risk assessment by capturing market uncertainty and price volatility that traditional financial 

models often overlook. 

 

Another critical theme that emerged from the literature was the influence of market sentiment and 

behavioral factors on IPO performance. Behavioural finance theories, such as those proposed by 

Shiller (2000) and Barberis and Thaler (2003), emphasize that investor emotions, speculative 

behaviour, and market hype can lead to price anomalies that deviate from a company‘s intrinsic 

value. These insights support the argument that financial models need to be supplemented with 

tools that account for investor psychology and market dynamics to provide a more realistic view 

of IPO performance. 

 

The review also highlighted the gap in IPO research within emerging markets, particularly in India. 

Most existing studies on IPO performance and risk assessment are based on data from developed 

markets, primarily the United States and Europe. As noted by Khurshed (2011) and Ghosh (2005), 

emerging markets such as India present unique challenges due to different regulatory 

environments, market maturity, and investor behaviour. This gap underscores the importance of 

conducting region-specific studies that take into account the distinctive features of India‘s capital 

markets. 

 

Furthermore, the literature pointed out a lack of integrated approaches that combine financial health 

indicators and market behaviour models to assess IPO risk. While models like the Z-Score provide 

insights into a company‘s financial stability, and simulations capture price volatility, few studies 

have attempted to merge these approaches into a cohesive framework. Purnanandam and 

Swaminathan (2004) suggested that combining these methodologies could offer a more nuanced 

and comprehensive evaluation of IPO risk, a perspective that this research seeks to incorporate. 

 

In addition, the review identified the shortcomings of focusing solely on long-term IPO 

performance. Much of the existing literature has emphasized the underperformance of IPOs over 

longer time horizons, often neglecting the critical early post-IPO period, where most volatility and 

price adjustments occur. As highlighted by Aggarwal, Krigman, and Womack (2002), this short- 
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term period is marked by significant price discovery, speculative trading, and market adjustments, 

all of which are crucial for understanding investor risk. 

 

In summary, the literature review underscores the need for a multi-faceted approach to evaluating 

IPO risk—one that incorporates both internal financial stability and external market volatility. 

While the Altman Z-Score remains a reliable tool for assessing financial strength, its limitations in 

capturing short-term market behaviour make it necessary to incorporate complementary models 

like Monte Carlo simulations. Moreover, the influence of investor psychology, market sentiment, 

and region-specific dynamics adds further complexity to IPO analysis, highlighting the importance 

of contextualizing risk assessment models to suit local market conditions. 

 

This review has laid a solid foundation for the subsequent analysis in this thesis, demonstrating 

that a dual-framework approach—combining financial and market-based models—offers a more 

accurate and holistic understanding of IPO risk. By addressing the gaps identified in existing 

research, this study aims to provide investors, analysts, and policymakers with a more reliable 

framework for evaluating IPO performance and making informed investment decisions. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

 

 Introduction 

This study adopts a quantitative research design to analyze IPO risks by integrating financial 

stability assessment, predictive modeling, and technical analysis. Altman Z-Scores measure 

financial health, while Monte Carlo simulations estimate potential stock price fluctuations. Data 

from IPOs listed in the Indian stock market (2015-2023) is collected from financial databases and 

stock exchanges. Statistical techniques like correlation and regression analysis examine 

relationships between financial stability, market behavior, and investment risk. 

 

 Population and Study Sample 

The population and sample section is a critical component of this dissertation as it defines the scope 

and context of the study. The dissertation investigates the relationship between financial metrics, 

market dynamics, and investor risks, with a specific focus on companies undergoing Initial Public 

Offerings (IPOs). To ensure the research is both relevant and rigorous, the population and sample 

have been carefully identified and defined, reflecting the objectives of the study. 

 

The population for this study consists of all companies that have conducted IPOs within a defined 

time frame in the Indian stock market. India was chosen due to its dynamic IPO environment, 

characterized by increasing retail investor participation and diverse market conditions. The focus 

on the Indian market allows for the examination of unique market characteristics, such as high 

initial price volatility, speculative trading, and regulatory influences. By selecting IPOs from this 

region, the research aims to provide insights that are particularly relevant to emerging economies. 

The timeframe for the study spans from 2015 to 2023, covering IPOs over an eight-year period. 

This period was selected to capture market trends and cycles, including periods of market growth 

and downturns, which are critical for understanding the varied risks associated with IPOs. By 

including IPOs from different sectors, industries, and market capitalizations, the population 

encompasses a diverse range of companies, reflecting the complexities and nuances of the IPO 

landscape. 
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Given the size and heterogeneity of the population, a sample is selected to ensure manageability 

while maintaining the representativeness of the findings. The sample comprises a subset of IPOs 

conducted in the Indian market during the defined timeframe, chosen based on specific inclusion 

and exclusion criteria to ensure consistency and reliability of the data. 

The inclusion criteria for the sample selection include: 

 Availability of Financial Data: Companies must have publicly disclosed financial data, 

including pre-IPO financial statements, necessary for calculating Altman Z-Scores. 

 Market Performance Data: Post-IPO price action data must be available for analysis, 

including opening and closing prices, trading volume, and price volatility for at least six 

months post-listing. 

 Sectoral Representation: The sample includes IPOs from various sectors to capture 

differences in risk and performance across industries. 

 Market Capitalization: Both large-cap and small-cap IPOs are included to reflect diverse 

investor behavior and risk profiles. 

Exclusion criteria ensure that companies lacking sufficient data or those subject to unusual 

circumstances, such as mergers or regulatory interventions shortly after listing, are omitted from 

the sample. This ensures the integrity and comparability of the findings. 

 

 Sample Size 

The size of the sample is determined based on statistical considerations, balancing the need for 

representativeness with the practical constraints of data collection and analysis. The target sample 

size includes approximately 10 IPOs conducted in the Indian stock market during the selected 

timeframe. This range allows for robust statistical analysis while accommodating the diversity of 

the IPO landscape. 

 

 Sources of Data 

Data for the selected sample is collected from reliable and publicly available sources, including: 

 Stock Exchanges: Data from the Bombay Stock Exchange (BSE) and National Stock 

Exchange (NSE) provide information on IPO listings, price action, and trading volumes. 
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 Regulatory Filings: Documents filed with the Securities and Exchange Board of India 

(SEBI), such as prospectuses and financial disclosures, offer insights into the financial 

health of IPO firms. 

 Financial Databases: Platforms like Bloomberg, Reuters, and CapitalIQ are used to access 

historical data on market performance and financial metrics. 

 Secondary Sources: Reports and analyses from financial institutions, market research firms, 

and academic studies supplement the data collection process. 

 

 Altman Z-Score 

The Altman Z-Score is a financial model used to assess a company‘s financial health and predict 

the likelihood of bankruptcy. It combines key financial ratios into a single score, providing a 

quantitative measure of the firm's stability. In this study, the Altman Z-Score is applied to pre-IPO 

financial data to evaluate the financial health of companies before they enter the public market. 

This score is particularly important in understanding whether financially unstable companies are 

likely to pose higher risks for investors post-IPO. 

 

3.5.1 Calculation of Altman Z-Score 

 

The Z-Score is calculated using the following formula for publicly traded companies: 

 

 

Each component of this formula represents a different aspect of a firm‘s financial stability, such as 

liquidity, profitability, and solvency. These inputs are calculated using financial data obtained from 

IPO prospectuses and public financial reports. 

 

3.5.1.1 Implementation Process 

The Z-Score computation involves several steps: 
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 Data Collection: Financial data, including working capital, total assets, retained earnings, 

EBIT, and market value of equity, is collected for each company in the study. 

 Ratio Calculation: Each ratio in the formula is computed using Excel 

 Score Computation: The weighted formula is applied to compute the Z-Score for each 

company. Companies are then categorized based on their scores: 

 Z > 2.99: Financially stable (low risk) 

 1.81 ≤ Z ≤ 2.99: Grey zone (moderate risk) 

 Z < 1.81: Financial distress (high risk) 

 

The Z-Score provides a critical foundation for understanding financial stability. For instance, firms 

with low Z-Scores are flagged as high-risk investments, allowing further analysis of their post-IPO 

performance. The scores are also correlated with market dynamics, such as price volatility and 

subscription levels, to examine how financial health influences investor decisions. 

 

 Monte Carlo Simulations 

Monte Carlo simulations are a predictive modeling technique that uses random sampling to project 

a range of potential outcomes under varying conditions. This method is especially useful in the 

context of IPOs, where uncertainty and volatility dominate. Monte Carlo simulations allow the 

study to model multiple scenarios for stock price movements, capturing both expected and extreme 

market behaviors. 

 

3.6.1 Principles of Monte Carlo Simulations 

Monte Carlo simulations involve the generation of thousands of possible outcomes by randomizing 

key input variables, such as historical volatility, price trends, and macroeconomic indicators. These 

simulations produce a probability distribution of outcomes, offering insights into the likelihood of 

specific events, such as price corrections or overperformance. 

Implementation Process 

 Data Preparation: Historical price data for similar IPOs is collected to estimate parameters 

such as mean returns and standard deviation. These parameters form the basis of the 

simulation. 
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 Simulation Setup: Using Excel, random values are drawn from a normal distribution to 

simulate future price movements. The simulation incorporates variables like drift (expected 

return) and volatility. 

 Execution of Simulations: Thousands of iterations are performed, each representing a 

potential price trajectory. For example, a single simulation might project the daily price of 

an IPO stock over six months. 

 Results Analysis: The simulation outputs a range of outcomes, which are analyzed to 

estimate risk metrics such as Value at Risk (VaR) and Conditional Value at Risk (CVaR). 

These metrics quantify the likelihood of extreme losses or gains. 

 

3.6.2 Visualization of Results 

Probability density plots and cumulative distribution graphs are generated to represent the 

outcomes of the simulations. These visualizations help stakeholders understand the range of 

potential risks and rewards associated with IPO investments. 

 

3.6.3 Insights from Monte Carlo Simulations 

Monte Carlo simulations provide a probabilistic view of IPO risks, enabling a deeper understanding 

of uncertainties. For instance, the results can identify the likelihood of significant price drops under 

adverse market conditions, helping investors prepare for worst-case scenarios. The simulations also 

complement the Z-Score analysis by adding a dynamic layer of risk assessment. 

 

 Data Analysis Strategies 

The analysis phase of this dissertation uses a combination of descriptive analysis, correlation 

analysis, Monte Carlo simulation, and technical analysis to explore IPO risks and investment 

behavior. Each of these methods plays a distinct role in uncovering insights about financial 

stability, market behavior, and risk patterns. These approaches provide a holistic framework for 

understanding the interplay between financial metrics, price volatility, and investor decision- 

making. 
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3.7.1 Approach to Data Analysis 

The analysis employs a mixed-methods approach, integrating qualitative and quantitative findings. 

This combination enables a more holistic understanding of the research problem, as qualitative data 

provides depth and context, while quantitative data offers measurable and generalizable insights. 

 

3.7.2 Descriptive Analysis 

Descriptive analysis serves as the foundation of this study by summarizing the dataset and offering 

an initial understanding of key variables. The primary goal of this step is to present the basic 

characteristics of the financial and market data in a structured and interpretable format. 

 

3.7.2.1 Purpose of Descriptive Analysis 

Descriptive analysis helps identify trends, outliers, and distributions in the data. By calculating 

measures such as the mean, median, standard deviation, variance, and percentiles, the analysis 

provides a snapshot of the financial health of IPO firms and their market behavior post-listing. For 

instance, it helps determine: 

 The average Altman Z-Score across all IPOs in the sample. 

 The typical range of price volatility within the first six months after listing. 

 Variations in trading volume and price performance across different sectors. 

 

3.7.2.2 Process and Insights 

Using tools like Excel, descriptive statistics are computed for key variables: 

 Financial Metrics: Variables like working capital, EBIT, and total assets are analyzed to 

understand the financial stability of firms. 

 Market Metrics: Metrics such as daily price changes, trading volumes, and volatility 

provide insights into post-IPO market behavior. 

By providing an overview of the dataset, descriptive analysis lays the groundwork for more 

advanced techniques like correlation and regression analysis. 

 

3.7.3 Correlation Analysis 
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Correlation analysis explores relationships between key variables, examining how one variable 

influences or is associated with another. This method is particularly valuable for investigating the 

interplay between financial stability, price trends, and market behavior. 

 

3.7.3.1 Purpose of Correlation Analysis 

The primary objective is to measure the strength and direction of relationships between variables, 

such as: 

 The relationship between Altman Z-Scores and post-IPO price volatility. 

 The correlation between market capitalization and price performance over time. 

 

3.7.3.2 Process 

Using statistical tools like Pearson‘s correlation coefficient (r), correlation analysis quantifies these 

relationships. The value of r ranges from -1 to +1: 

 r=+1: Perfect positive correlation (as one variable increases, the other increases). 

 r=−1: Perfect negative correlation (as one variable increases, the other decreases). 

 r=0: No correlation. 

 

3.7.3.3 Insights 

The analysis reveals significant patterns in the data. For instance: 

 A strong positive correlation between Altman Z-Scores and long-term stock performance 

may validate the use of financial stability metrics for risk assessment. 

 Weak or no correlation between certain variables may indicate that other factors (e.g., 

macroeconomic conditions) play a larger role. 

 

3.7.4 Monte Carlo Simulation Analysis 

Monte Carlo simulations are employed to model the uncertainty and variability of IPO performance 

under different scenarios. This technique uses repeated random sampling to generate a range of 

potential outcomes, providing probabilistic insights into risks and rewards. 
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3.7.4.1 Purpose of Monte Carlo Simulations 

Monte Carlo simulations aim to: 

 Estimate the range of possible price trajectories for IPO stocks. 

 Quantify the likelihood of extreme outcomes, such as significant losses or gains. 

 Provide a probabilistic understanding of risks under varying market conditions. 

 

3.7.4.2 Process 

 Input Variables: Historical price data, volatility, and expected returns serve as the inputs 

for the simulations. These parameters are derived from descriptive analysis. 

 Simulation Model: Using Excel thousands of iterations are run. Each iteration represents a 

potential future price trajectory based on random variations in the input variables. 

 Probability Distributions: The outputs are aggregated into probability distributions, 

illustrating the likelihood of different price outcomes. 

 

3.7.4.3 Visualization and Interpretation 

The results are visualized using: 

 Probability Density Plots: These show the most likely price outcomes and highlight areas 

of extreme risk. 

 Cumulative Distribution Functions (CDFs): These illustrate the probability of prices falling 

below a certain threshold. 

For example, Monte Carlo simulations may reveal that 10% of IPOs in the sample have a 20% 

probability of losing more than half their value within six months. Such insights help investors 

assess the risks associated with specific IPOs or market conditions. 

 

3.7.5 Integration of Analytical Methods 

The integration of these four methods—descriptive analysis, correlation analysis, Monte Carlo 

simulations, and technical analysis—ensures a comprehensive understanding of IPO risks. Each 

method addresses a specific aspect of the research objectives: 

 Descriptive analysis provides an overview of the data, laying the groundwork for more 

advanced techniques. 



Internal 

48 

 

 

 Correlation analysis uncovers relationships between financial stability, market behavior, 

and risk. 

 Monte Carlo simulations offer a probabilistic perspective on future uncertainties. 

 Technical analysis captures short-term market trends and investor sentiment. 

By combining these approaches, the dissertation creates a robust framework for analyzing the 

complex interplay of factors influencing IPO performance and investor behavior. This multi- 

faceted approach not only strengthens the validity of the findings but also provides actionable 

insights for investors and policymakers seeking to navigate the volatile IPO market. 

 

3.7.6 Addressing Challenges 

Every research study encounters challenges, and this study on IPO risk assessment is no exception. 

One of the primary challenges is the availability and reliability of financial data for newly listed 

companies. Since IPO firms often have limited historical data, the study relies on publicly available 

financial statements, stock exchange records, and regulatory filings to ensure accuracy. Data 

inconsistencies and missing values are addressed using statistical techniques such as data 

imputation and cross-verification from multiple sources. 

 

Another challenge is the uncertainty of market behavior, as IPO stocks often experience 

unpredictable price movements driven by speculation and investor sentiment. To mitigate this, the 

study integrates Monte Carlo simulations, which generate thousands of possible price trajectories, 

providing a probabilistic view of risk rather than relying on past trends alone. Additionally, 

Bollinger Bands are used to track short-term price fluctuations and identify market trends, 

improving the assessment of post-IPO volatility. 

 

The study also acknowledges the limitations of financial models like the Altman Z-Score, which 

was originally designed for bankruptcy prediction in established firms. To address this, the research 

examines whether the Z-Score remains relevant for IPO firms and combines it with other indicators 

to develop a multi-dimensional risk assessment model. 
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Lastly, the study recognizes that external factors, such as economic downturns or regulatory 

changes, can impact IPO performance but may not be fully captured in financial models. While 

macroeconomic indicators are not explicitly included in this research, future studies can expand 

the framework by incorporating these broader influences for a more comprehensive analysis. 

 

By combining financial, statistical, and technical approaches, this study overcomes key challenges 

and provides a structured, data-driven framework for evaluating IPO risks, improving investment 

decision-making for both institutional and retail investors. 

 Rationale for Selecting the Proposed Company Stocks 

The selection of the companies for this thesis was a deliberate and methodical process aimed at 

ensuring that the research captured a diverse and representative sample of Initial Public Offerings 

(IPOs) in the Indian stock market. Given the complexity and volatility inherent in IPOs, it was 

essential to choose companies that not only varied across industries and market capitalizations but 

also reflected different levels of financial stability and post-IPO price performance. This diversity 

was crucial in ensuring that the findings of the study could be generalized across multiple sectors 

and market conditions, making the research more robust and applicable to real-world investment 

scenarios. 

 

 Diversity Across Industries and Sectors 

A key criterion for selecting the companies was to ensure sectoral diversity to capture the 

different market dynamics that influence IPO performance. The companies chosen for this 

study come from a wide range of industries, including technology, manufacturing, 

engineering, consumer goods, and defense. This variety allows for an analysis of how 

companies in different sectors experience varying levels of volatility and investor sentiment 

post-IPO. 

 

For instance, Polycab India Ltd, a leading manufacturer of cables and wires, operates in the 

industrial and infrastructure sector, where IPO performance may be influenced by 

macroeconomic factors, government policies, and sectoral growth trends. Dixon 

Technologies (India) Ltd, operating in the technology and electronics sector, represents a 
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high-growth industry where innovation and technological advancements can drive investor 

enthusiasm. Similarly, companies such as Bharat Dynamics Ltd and Mishra Dhatu Nigam 

Ltd (MIDHANI) represent the defense sector, where government contracts, geopolitical 

factors, and policy decisions can significantly impact stock performance. 

 

By incorporating companies from diverse sectors, the study ensures that sector-specific risk 

factors and investor behaviour are considered, providing a more holistic understanding of 

IPO risks. 

 

 Variation in Financial Health and Altman Z-Scores 

Another critical factor in selecting the proposed companies was their financial health and 

stability, as measured by the Altman Z-Score. The Z-Score, which evaluates a company‘s 

financial strength and likelihood of bankruptcy, was used as one of the core models in this 

research. To assess the reliability and predictive power of the Z-Score in an IPO context, it 

was essential to include companies with varying levels of financial stability. 

 

The selected companies exhibited different ranges of Z-Scores, allowing the study to 

explore how companies with high, moderate, and low financial stability performed after 

going public. For example, companies with strong Z-Scores, such as Amber Enterprises 

India Ltd and Dixon Technologies (India) Ltd, demonstrated solid financial fundamentals 

prior to their listing. In contrast, companies with relatively lower Z-Scores provided an 

opportunity to evaluate how financially weaker firms fared in terms of stock price volatility 

and post-IPO performance. 

 

By analyzing companies with diverse Z-Scores, the study was able to examine the 

correlation between financial stability and post-IPO performance, addressing one of the 

core research questions. 

 

 Post-IPO Price Volatility and Monte Carlo Simulation Analysis 
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The selection of companies also took into account the need to assess post-IPO price 

behaviour using Monte Carlo simulations. Monte Carlo simulations are particularly useful 

for modeling price movements and assessing potential volatility in the early trading period. 

To effectively apply this method, the companies chosen had to exhibit sufficient trading 

activity and liquidity during their initial listing period. 

 

Companies such as Varroc Engineering Ltd and Hindustan Aeronautics Ltd (HAL) were 

included because they demonstrated significant price fluctuations within the first 30 days 

of listing, making them ideal candidates for simulating multiple price trajectories. This 

variability allowed the Monte Carlo model to capture realistic ranges of possible outcomes, 

providing a probabilistic view of potential stock price movements under different market 

scenarios. 

 

By selecting companies with varied levels of post-IPO volatility, the study was able to test 

the effectiveness of Monte Carlo simulations in modelling short-term market risk, thereby 

enriching the overall analysis. 

 

 Representation of Both Large-Cap and Mid-Cap IPOs 

Another important consideration was to include companies of different market 

capitalizations, as IPO behaviour can vary significantly based on the size of the company 

and investor perception. Large-cap companies tend to attract institutional investors and 

experience more stable trading patterns, while mid-cap and small-cap companies are often 

subject to greater speculation and volatility. 

 

The chosen companies reflected this diversity, with firms like Bharat Dynamics Ltd 

representing larger, government-backed entities, while Astron Paper & Board Mill Ltd and 

Sandhar Technologies Ltd were included to capture the experience of smaller companies 

entering the public market. This mix allowed the study to explore how market capitalization 

influences investor behaviour, price stability, and post-IPO risk dynamics. 
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 Consideration of IPO Year and Market Conditions 

To account for the influence of macroeconomic factors and market conditions at the time 

of the IPO, the selected companies were drawn from different listing years. Since market 

sentiment, economic growth, and investor confidence fluctuate over time, examining IPOs 

launched under different conditions provided greater variability and depth to the analysis. 

 

For instance, Hindustan Aeronautics Ltd and Mishra Dhatu Nigam Ltd (MIDHANI) were 

listed during periods of heightened government focus on defense and infrastructure, 

whereas Polycab India Ltd and Amber Enterprises India Ltd went public in a more stable 

market environment with strong investor sentiment toward industrial and consumer sectors. 

This temporal diversity ensured that the study could account for varying market conditions 

and assess how these external factors impacted IPO performance. 

 

 Inclusion of Companies with Strategic Importance and Public Interest 

Lastly, the inclusion of companies with strategic importance and high public interest was a 

deliberate choice to ensure that the study had relevance not just for financial analysts and 

investors, but also for policymakers and regulators. Companies like Bharat Dynamics Ltd 

and Hindustan Aeronautics Ltd play a critical role in India‘s defense and aerospace 

industries, making their IPOs significant from a national and strategic perspective. 

 

Analyzing such companies added depth and societal relevance to the research, providing 

insights that extend beyond financial outcomes to include broader economic and policy 

implications. 

 

In conclusion, the selection of the proposed company stocks was guided by a rigorous and strategic 

framework that aimed to capture the multifaceted nature of IPO risk. By ensuring diversity across 

industries, financial stability, price volatility, market capitalization, and time periods, the study was 

able to build a robust and representative dataset that enhanced the validity and applicability of its 

findings. This careful selection process enabled the research to deliver a comprehensive, nuanced, 
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and practical understanding of IPO risk in the Indian context, addressing key gaps in the existing 

literature and offering valuable insights for investors, analysts, and policymakers. 

 

 Summary 

This chapter outlined the overall research approach used to investigate investor risk in the context 

of Initial Public Offerings (IPOs), with a specific focus on companies listed in the Indian stock 

market. The research was designed to blend both traditional financial analysis and modern 

statistical modeling to provide a more comprehensive understanding of risk faced by investors 

during the early phase of a company‘s public listing. 

 

A quantitative, correlational, and predictive design was adopted for this study, allowing for a 

structured examination of the relationship between financial health indicators—specifically the 

Altman Z-Score—and stock price behaviour as projected through Monte Carlo simulations. These 

methods were selected because they each offer distinct insights: the Z-Score evaluates the internal 

financial strength of a company, while Monte Carlo simulations help estimate the likelihood of 

different stock price movements, capturing short-term market volatility. 

 

Data was collected from a carefully chosen sample of Indian companies that launched IPOs in 

recent years. For each company, financial data was gathered to compute the Altman Z-Score, while 

stock price information was used to run Monte Carlo simulations covering the first 30 days after 

the IPO. Together, these tools allowed the research to explore how well internal financial stability 

aligns with or diverges from external market behaviour. 

 

The methodology also involved defining the research questions, selecting a suitable sample, and 

detailing how data was gathered and analyzed. The chapter described the operationalization of the 

theoretical constructs, explaining how financial health and investment risk were measured and 

interpreted. It also discussed the use of Excel as the primary tool for running simulations and 

calculations, ensuring that the approach remained accessible and practical. 

 

Overall, this chapter laid the foundation for the analysis that follows, offering a clear and systematic 

explanation of how the research was conducted. By combining established financial models with 
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simulation-based forecasting, the study aimed to capture both the structural and behavioral 

dimensions of IPO risk, setting the stage for meaningful results and interpretations in the chapters 

to come. 
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CHAPTER 4 

ANALYSIS 

 

 Introduction 

This chapter presents the results derived from the application of two independent but 

complementary risk assessment tools: the Altman Z-Score and Monte Carlo Simulation, applied to 

a selected group of IPO-listed companies. The aim is to evaluate and compare financial stability 

and market-based risk for each company, helping to build a more complete understanding of 

investment risk post-IPO. 

 

The Altman Z-Score was calculated using one full year of post-IPO financial data to assess the 

overall financial health and bankruptcy risk of each company. On the other hand, Monte Carlo 

Simulations were performed using stock price data from the first month of trading to project short- 

term market volatility and potential price fluctuations. Both methods provide distinct 

perspectives—one rooted in financial fundamentals and the other based on market behaviour. 

 

This chapter outlines the individual results for each company, summarizing the findings from both 

models. It explores whether there is any observable relationship between financial stability and 

price behaviour, and whether these tools offer consistent or contrasting insights. The companies 

are analyzed individually and then comparatively to identify patterns, discrepancies, or unique 

cases. 

 

Ultimately, the purpose of this chapter is not only to report the numerical outputs of both models 

but also to begin interpreting what these results reveal about IPO risk from both a financial and 

market perspective. The next sections will present these findings in a structured format, followed 

by discussions on observed trends and implications. 

 

 Results 

This section presents a detailed analysis of Manufacturing stocks using two different yet 

complementary methods: the Altman Z-Score and a Monte Carlo Simulation of the company‘s 

stock price for the first 30 trading days after its IPO. Together, these tools provide a well-rounded 
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view of the company‘s financial health and market risk behaviour, helping to understand whether 

strong fundamentals translate into short-term market stability. 

 

4.2.1 Polycab India 

This section presents a detailed analysis of Polycab India Ltd using two different yet 

complementary methods: the Altman Z-Score and a Monte Carlo Simulation of the company‘s 

stock price for the first 30 trading days after its IPO. Together, these tools provide a well-rounded 

view of the company‘s financial health and market risk behaviour, helping to understand whether 

strong fundamentals translate into short-term market stability. 

 

4.2.1.1 Altman Z-Score Calculation 

 

The Altman Z-Score is a predictive model used to evaluate the likelihood of a company facing 

financial distress. It uses five key financial ratios derived from a company‘s financial statements. 

Here's the calculation for Polycab using the available data: 

 
Table 4.2.1: Polycab India Financial Statement 

 

Metric Value (₹ Cr) 

Working Capital (WC) ₹2,398 

Retained Earnings (RE) ₹3,200 (approx.) 

EBIT ₹1,095 

Total Assets (TA) ₹6,224 

Total Liabilities (TL) ₹2,264 

Market Value of Equity (MVE) ₹15,500 

Sales ₹8,830 

 

 

Z-Score Formula for Public Manufacturing Companies: 

 

Z = 1.2 × 
WC 

+ 1.4 × 
TA 

RE 
+ 3.3 × 

TA 

EBIT 

TA 

 
+ 0.6 × 

MVE 

TL 

 
+ 1.0 × 

Sales 

TA 
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 
WC 

= 
2398 

≈ 0.3852
TA 6224 

 
RE 

= 
3200 

≈ 0.5141
TA 6224 

 
EBIT 

= 
1095 

≈ 0.1759
TA 6224 

 
MVE 

= 
15500 

≈ 6.846
TL 2264 

 
Sales 

= 
8830 

≈ 1.4181
TA 6224 

 
Z = (1.2 × 0.3852) + (1.4 × 0.5141) + (3.3 × 0.1759) + (0.6 × 6.846) + (1.0 × 1.4181) 

Z = 0.4622 + 0.7197 + 0.5804 + 4.1076 + 1.4181 = 7.29 

 
 Since the score is well above 2.99, Polycab is classified in the “Safe Zone”, indicating

very low financial risk or bankruptcy probability. 

 The company demonstrates strong liquidity, profitability, and market value, reflecting 

a healthy balance sheet in its first year post-IPO.

 

4.2.1.2 Monte Carlo Simulation 

In contrast to this long-term financial assessment, the Monte Carlo Simulation was conducted to 

evaluate Polycab‘s short-term market behaviour using the first 30 days of post-IPO trading data. 

This simulation generated thousands of possible stock price trajectories, based on historical price 

volatility and return patterns. The findings revealed a consistent decline in average projected stock 

prices, from around ₹597.28 on Day 1 to approximately ₹533.96 by Day 30. This downward trend 

points to potential weakness or cooling in investor sentiment during the early post-listing period. 

 

Moreover, the Monte Carlo simulation‘s 95% confidence interval presents a broad range—from a 

lower bound of ₹450.62 to an upper bound of ₹620.24—indicating moderate to high short-term 

volatility. Such a wide range suggests that while significant upside potential remains, there is also 

a considerable chance of downside movement, which could be influenced by market speculation, 

broader economic conditions, or initial mispricing at the time of the IPO. 
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Figure 4.2.1: Monte Carlo Data for PolyCab India 

When comparing the outputs from both models, it becomes evident that there is no direct 

correlation between Polycab‘s strong financial standing and its expected short-term market 

performance. The company demonstrates excellent fundamentals with minimal financial risk, as 

highlighted by the Z-Score. However, the projected stock price behaviour, as indicated by the 

Monte Carlo simulation, suggests that the stock could still experience a short-term decline or 

instability. This disconnection highlights an important insight: financial strength does not always 

guarantee immediate market success, especially in the IPO context where investor psychology, 

liquidity, and market timing can have a significant impact. 
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Figure 4.2.2: Monte Carlo Simulation of Polycab Stock Price for next 30 days 

This contrast between the two models shows that each tool assesses a different form of risk. The 

Altman Z-Score is focused on internal financial metrics, offering a clear view of the company‘s 

long-term viability. On the other hand, the Monte Carlo Simulation reflects external market 

dynamics, accounting for short-term investor behaviour and price volatility. For investors, this 

means that a company may appear fundamentally sound, but still pose short-term trading risks. 

 

In the case of Polycab, the dual analysis provides valuable insights for different types of investors. 

Long-term investors can take confidence in the company‘s financial resilience and overall stability, 

while short-term traders may need to be cautious of potential price corrections or heightened 

volatility in the immediate weeks following the IPO. This distinction underscores the importance 

of combining both financial and market-based analysis in evaluating IPO investments. 

 
Table 4.2.2: Polycab India Metrics Comparision 

 

Metric Value Interpretation 

Altman Z-Score 7.29 Extremely healthy financial status 
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Monte Carlo Trend Price falls from ₹597 to ₹534 Short-term market weakness predicted 

Volatility Band ₹450 – ₹620 (95% confidence) Moderate to high volatility 

 

In conclusion, Polycab India Ltd serves as a strong example of why relying on a single method to 

assess IPO risk may not offer a complete picture. While its Altman Z-Score reflects excellent 

financial health, the Monte Carlo Simulation warns of short-term price uncertainty. Together, these 

tools provide a more holistic assessment of risk, enabling investors to make decisions that are better 

aligned with their time horizon, risk appetite, and investment strategy. This integrated approach, 

applied across multiple companies, can enhance the overall understanding of IPO performance and 

investor behaviour in the dynamic stock market environment. 

 

4.2.2 Dixon Tech 

This section presents a detailed analysis of Dixon Tech using two different yet complementary 

methods: the Altman Z-Score and a Monte Carlo Simulation of the company‘s stock price for the 

first 30 trading days after its IPO. 

 

4.2.2.1 Altman Z-Score Analysis for Dixon Technologies 

 

The Altman Z-Score is a widely used financial model that predicts the likelihood of a firm facing 

financial distress. It uses five financial ratios derived from balance sheet and income statement 

data. 

 
Table 4.2.3: Dixon Tech Financial Statement 

 

Financial Metric Value (₹ Cr) 

Working Capital (WC) ₹200 

Retained Earnings (RE) ₹150 

EBIT ₹85.6 

Total Assets (TA) ₹1,000 

Total Liabilities (TL) ₹600 

Market Value of Equity (MVE) ₹2,500 

Sales ₹2,457.5 
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Z = 1.2 × 
WC 

+ 1.4 × 
TA 

RE 
+ 3.3 × 

TA 

EBIT 

TA 
+ 0.6 × 

MVE 

TL 
+ 1.0 × 

Sales 

TA 
 

 
WC 

= 
200

 = 0.2 
TA 1000 

 
RE 

= 
150

 = 0.15 
TA 1000 

 
EBIT 

= 
85.6 

= 0.0856
TA 1000 

 
MVE 

= 
2500 

≈ 4.1667
TL 600 

 
Sales 

= 
2457.5 

= 2.4575
TA 1000 

 
Z = 1.2(0.2) + 1.4(0.15) + 3.3(0.0856) + 0.6(4.1667) + 1.0(2.4575) 

Z = 0.24 + 0.21 + 0.2825 + 2.5 + 2.4575 = 5.69 

 
With a Z-Score of 5.69, Dixon Technologies falls firmly in the Safe Zone. This suggests strong 

financial health, with low risk of bankruptcy. Let‘s break down what each component tells us: 

 

 A (0.20): Decent liquidity, as working capital covers 20% of total assets.

 B (0.15): Moderate retained earnings, indicating some historical profitability reinvested 

into the company.

 C (0.0856): EBIT is 8.56% of assets, showing reasonable operational efficiency.

 D (4.1667): A high market value relative to liabilities reflects strong investor confidence 

and a robust equity buffer.

 E (2.4575): High asset turnover (sales 2.46 times assets) indicates efficient use of assets 

to generate revenue.

 

This Z-Score paints Dixon Tech as a financially stable company, likely benefiting from its 

position as a leading electronic manufacturing services (EMS) provider in India. 

 

With a Z-Score of 5.69, Dixon Technologies falls well within the ―Safe Zone‖, meaning the 

company exhibits strong financial health. It shows no immediate signs of bankruptcy risk and 
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appears to be operating with solid profitability, retained earnings, and liquidity. The company‘s 

strong market valuation further reinforces investor confidence in its fundamentals. 

 

4.2.2.2 Monte Carlo Simulation Analysis 
 

Figure 4.2.3: Monte Carlo Simulation of Dixon Technology Stock Price for the next 30 days 

Key Observations: 

 

 Average Price Path: Starts at ₹532.41 on Day 1 and declines to ₹454.55 by Day 30, a 

~14.6% drop. 

 Lower 95% CI: Ranges from ₹515.46 (Day 1) to ₹378.24 (Day 30), indicating a potential 

29% drop from the starting average. 

 Upper 95% CI: Starts at ₹551.16 (Day 1), peaks at ₹562.23 (Day 8), and ends at ₹541.02 

(Day 30), suggesting a modest 1.6% upside. 

 Volatility: The CI spread widens over time (e.g., ₹35.70 on Day 1 to ₹162.78 on Day 30), 

reflecting increasing uncertainty. 
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Figure 4.2.4: Monte Carlo Data for Dixon Tech 

Assumptions Implied 

 

 Starting Price: Likely around ₹532 (Day 1 average), lower than Dixon‘s IPO listing price 

of ₹1,766 (adjusted for a 1:10 stock split in 2021, equating to ~₹176.60 pre-split, 

suggesting simulation context). 

 Daily Return: Negative trend (avg. decrease of ~0.53% per day), suggesting a bearish 

post-IPO outlook. 

 Volatility: Widening CIs imply daily volatility of ~2-3% by Day 30 (estimated from the 

range). 

 

Analysis 

 

 Bearish Trend: The average price falling from ₹532 to ₹455 indicates a significant post- 

IPO correction, possibly due to profit-taking or market reassessment. 

 Risk vs. Reward: The lower CI dropping to ₹378 suggests a 29% downside risk, while 

the upper CI at ₹541 limits upside to 1.6%, favoring downside risk. 

 Post-IPO Behavior: The decline contrasts with Dixon‘s actual listing at ₹1,766 

(September 18, 2017), suggesting the simulation may reflect a post-split or adjusted 

starting point. 
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4.2.2.3 Detailed Stock Analysis 

 

 Revenue (₹2,457.5 crore): Strong sales reflect Dixon‘s scale in EMS, serving consumer 

electronics and mobile phones. 

 EBIT (₹85.6 crore): Operating margin of 3.5% (85.6 / 2,457.5) is modest, typical for 

EMS with thin margins. 

 Net Profit (₹50.6 crore): Net margin of 2.1% shows profitability despite debt (liabilities 

at 60% of assets). 

 Market Cap (₹2,500 crore): P/E ratio of 49.4 (2,500 / 50.6) suggests a growth stock with 

high expectations. 

 

Valuation Metrics 

 

 P/E Ratio: 49.4 is high, reflecting market optimism about future growth (e.g., mobile 

phone EMS expansion). 

 P/B Ratio: Book value = Assets - Liabilities = 1,000 - 600 = ₹400 crore. P/B = 2,500 / 

400 = 6.25, indicating a significant premium. 

 Asset Efficiency: Sales/Total Assets = 2.46 shows excellent utilization, a strength for 

manufacturing. 

 

Market Position 

 

Dixon Technologies, founded in 1993, is a leader in India‘s EMS sector, producing LED TVs, 

lighting, and mobile phones for brands like Panasonic and Xiaomi. Its IPO (September 6-8, 2017) 

raised funds for expansion and debt reduction, capitalizing on India‘s electronics boom. 

 

Risks 

 

 Thin Margins: Low EBIT and net margins expose it to cost pressures. 

 Leverage: Liabilities at 60% of assets suggest moderate debt risk, though mitigated by 

the Z-Score. 

 Post-IPO Volatility: The simulation‘s downward trend and wide CIs reflect uncertainty, 

possibly from market sentiment or competition. 
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4.2.2.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (5.69) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo): 

o A Z-Score of 5.69 indicates very low bankruptcy risk, supporting investor 

confidence. Yet, the Monte Carlo‘s 14.6% decline (₹532 to ₹455) suggests market 

dynamics (e.g., post-IPO correction) override this stability short-term. 

o The high D component (4.1667) aligns with the upper CI reaching ₹541, reflecting 

strong market perception of equity value despite the bearish average. 

 Volatility Connection: 

o The Z-Score‘s strength (e.g., high E and D) contrasts with the simulation‘s 

widening CIs (₹162.78 by Day 30). This indicates that while Dixon is 

fundamentally robust, market volatility (e.g., speculative trading) drives price 

uncertainty post-IPO. 

o The lower CI dropping to ₹378 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2017 

price data (adjusted for the 2021 split), we could correlate volatility with Z-Score 

components (e.g., leverage affecting downside). 

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status limits extreme downside (e.g., 

lower CI at ₹378 is above distress levels), but the decline suggests market perception 

diverges from financial health initially. 

 

Practical Implication 
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 Stability vs. Market Sentiment: The Z-Score (5.69) supports Dixon‘s long-term 

viability, consistent with the upper CI‘s stability (₹541). The average drop reflects a 

typical post-IPO correction, not financial weakness. 

 Risk Profile: The high Z-Score tempers the lower CI‘s decline, ensuring it doesn‘t signal 

bankruptcy, while the upper CI‘s modest growth aligns with the D component‘s market 

confidence. 

 

Dixon Technologies is a financially robust EMS firm with a Z-Score of 5.69, modest margins 

(3.5% EBIT, 2.1% net), and a P/E of 49.4. The Monte Carlo simulation forecasts a 14.6% decline 

(₹532 to ₹455) over 30 days post-IPO, with a 29% downside risk (₹378) and 1.6% upside 

potential (₹541), reflecting a post-IPO correction. At 5.69, Dixon is in the Safe Zone, driven by 

efficiency and a strong equity base. The Z-Score‘s stability supports the simulation‘s upper CI, 

but the average decline highlights market-driven volatility (e.g., profit-taking) not captured by 

financial health. The wide CIs suggest speculative influences beyond the Z-Score‘s scope. 

 

4.2.3 SIS Limited 

The evaluation of SIS Limited through the combined lens of financial stability and market 

behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.3.1 Altman Z-Score Calculation and Analysis 

Table 4.2.4: SIS Limited Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹500 

Retained Earnings (RE) ₹400 

EBIT ₹220 

Total Assets (TA) ₹2500 

Total Liabilities (TL) ₹1500 

Market Value of Equity (MVE) ₹4000 

Sales ₹5,862 
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Z = 1.2 × 
WC 

+ 1.4 × 
TA 

RE 
+ 3.3 × 

TA 

EBIT 

TA 
+ 0.6 × 

MVE 

TL 
+ 1.0 × 

Sales 

TA 

 
Z = 1.2(0.20) + 1.4(0.16) + 3.3(0.088) + 0.6(2.6667) + 1.0(2.3448) 

= 0.24 + 0.224 + 0.2904 + 1.60 + 2.3448 

= 4.6992 

 

With a Z-Score of 4.70, SIS Limited is in the Safe Zone, indicating strong financial stability and 

a low likelihood of bankruptcy. Let‘s break down the components: 

 

 A (0.20): Solid liquidity, with working capital covering 20% of assets. 

 B (0.16): Decent retained earnings, showing a history of profitability reinvested into the 

business. 

 C (0.088): EBIT at 8.8% of assets reflects good operational efficiency. 

 D (2.6667): A strong equity-to-liability ratio suggests market confidence and a healthy 

capital structure. 

 E (2.3448): High asset turnover indicates efficient revenue generation from assets. 

 

SIS Limited‘s Z-Score suggests it‘s a financially robust company, likely benefiting from its 

position in the security and facility management services sector. 

 

4.2.3.2 Monte Carlo Simulation Analysis 

When we evaluate SIS's stock performance using a Monte Carlo simulation over the first 30 trading 

days post-IPO, a slightly different narrative emerges. The average stock price shows a steady 

upward trend, rising from ₹788.89 on Day 1 to approximately ₹819.25 on Day 30. The consistent, 

albeit gradual, increase suggests moderate positive investor sentiment. Yet, the 95% confidence 

intervals are notably wide, with the upper bound reaching nearly ₹990 and the lower bound dipping 

as low as ₹667.56 by Day 30. This spread reflects moderate volatility and potential uncertainty, 

indicating that while the stock trended upward, it did so within a range of fluctuating investor 

expectations. 
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Figure 4.2.5: Monte Carlo Data for SIS Limited 

 

 

Figure 4.2.6: Monte Carlo Simulation of SIS Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹788.89 on Day 1 and rises to ₹819.25 by Day 30, a ~3.8% 

increase. 
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 Lower 95% CI: Ranges from ₹761.21 (Day 1) to ₹667.56 (Day 30), indicating a potential 

15.4% drop from the starting average. 

 Upper 95% CI: Increases from ₹816.70 (Day 1) to ₹990.47 (Day 30), suggesting a 

possible 25.5% upside. 

 Volatility: The CI spread widens over time (e.g., ₹55.49 on Day 1 to ₹322.91 on Day 30), 

reflecting increasing uncertainty. 

 

Assumptions Implied 

 

 Starting Price: Likely around ₹788 (Day 1 average), close to SIS‘s IPO listing price of 

₹815 (issued at ₹815, listed at a slight premium). 

 Daily Return: Positive trend (avg. increase of ~0.13% per day), suggesting a mildly 

bullish post-IPO outlook. 

 Volatility: Widening CIs imply daily volatility of ~2-3% by Day 30 (estimated from the 

range). 

 

Analysis 

 

 Mild Bullish Trend: The average price rising from ₹788 to ₹819 indicates modest post- 

IPO growth, possibly reflecting steady demand for a service-based stock. 

 Risk vs. Reward: The upper CI reaching ₹990 suggests a 25.5% gain, while the lower CI 

at ₹667 limits downside risk to 15.4%, favoring upside potential. 

 Post-IPO Behavior: The gradual rise aligns with SIS‘s listing at ₹815 (August 10, 2017), 

suggesting a stable, slightly positive market reception. 

 

4.2.3.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹5,862 crore): Strong sales reflect SIS‘s scale in security and facility 

management services. 

 EBIT (₹220 crore): Operating margin of 3.75% (220 / 5,862) is modest, typical for a 

labor-intensive sector. 
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 Net Profit (₹120 crore): Net margin of 2% shows profitability despite debt (liabilities at 

60% of assets). 

 Market Cap (₹4,000 crore): P/E ratio of 33.3 (4,000 / 120) suggests a growth stock with 

moderate expectations. 

 

Valuation Metrics 

 

 P/E Ratio: 33.3 reflects optimism about future earnings growth, reasonable for a service 

firm. 

 P/B Ratio: Book value = Assets - Liabilities = 2,500 - 1,500 = ₹1,000 crore. P/B = 4,000 / 

1,000 = 4.0, indicating a premium valuation. 

 Asset Efficiency: Sales/Total Assets = 2.34 shows high efficiency, a strength for an asset- 

light business. 

 

Market Position 

 

SIS Limited, founded in 1985, is India‘s leading provider of security (manned guarding, 

electronic security) and facility management services, serving clients like TCS and Reliance. Its 

IPO (July 31-August 2, 2017) raised funds for growth and acquisitions (e.g., Dusters Total 

Solutions), leveraging its dual presence in India and Australia. 

 

Risks 

 

 Margin Pressure: Low EBIT and net margins expose it to wage inflation or competition. 

 Leverage: Liabilities at 60% of assets suggest moderate debt risk, though mitigated by 

the Z-Score. 

 Post-IPO Volatility: The simulation‘s mild trend and widening CIs reflect cautious 

optimism with some uncertainty. 
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4.2.3.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (4.70) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo): 

o A Z-Score of 4.70 indicates low bankruptcy risk, supporting investor confidence. 

This aligns with the Monte Carlo‘s 3.8% rise (₹788 to ₹819), suggesting financial 

health contributes to a stable, mildly bullish outlook. 

o The high D component (2.6667) aligns with the upper CI reaching ₹990, reflecting 

market faith in SIS‘s equity value. 

 Volatility Connection: 

o The Z-Score‘s strength (e.g., high E) contrasts with the simulation‘s widening CIs 

(₹322.91 by Day 30). This indicates that while SIS is fundamentally sound, 

market volatility (e.g., speculative trading) drives price uncertainty post-IPO. 

o The lower CI dropping to ₹667 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2017 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside). 

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status supports the simulation‘s modest 

upside and limits extreme downside (e.g., lower CI at ₹667 is above distress levels). 

 

Practical Implication 
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 Positive Reinforcement: The Z-Score (4.70) bolsters the simulation‘s mild growth and 

upper CI upside (₹990), reflecting SIS‘s stability. The lower CI‘s stability aligns with low 

distress risk. 

 Volatility Divergence: The widening CIs indicate market-driven uncertainty (e.g., service 

sector trends) beyond what the Z-Score captures, suggesting cautious trading post-IPO. 

 

SIS Limited is a financially robust service provider with a Z-Score of 4.70, modest margins 

(3.75% EBIT, 2% net), and a P/E of 33.3. The Monte Carlo simulation forecasts a 3.8% rise 

(₹788 to ₹819) over 30 days post-IPO, with a 25.5% upside (₹990) and 15.4% downside risk 

(₹667), reflecting stable growth. At 4.70, SIS is in the Safe Zone, driven by efficiency and a 

strong equity base. The Z-Score‘s stability supports the simulation‘s mild upside and upper CI, 

while the widening CIs highlight market-driven volatility (e.g., post-IPO dynamics) not fully tied 

to financial health. 

 

4.2.4 Astron Paper 

The evaluation of Astron Paper through the combined lens of financial stability and market 

behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.4.1 Altman Z-Score Calculation and Analysis 

Table 4.2.5: Astron Paper Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹50 

Retained Earnings (RE) ₹30 

EBIT ₹40 

Total Assets (TA) ₹200 

Total Liabilities (TL) ₹100 

Market Value of Equity (MVE) ₹500 

Sales ₹300 

 

Z = 1.2 × 
WC 

+ 1.4 × 
TA 

RE 
+ 3.3 × 

TA 

EBIT 

TA 
+ 0.6 × 

MVE 

TL 
+ 1.0 × 

Sales 

TA 
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 A = Working Capital / Total Assets 

= 50 / 200 = 0.25 

 B = Retained Earnings / Total Assets 

= 30 / 200 = 0.15 

 C = EBIT / Total Assets 

= 40 / 200 = 0.20 

 D = Market Value of Equity / Total Liabilities 

= 500 / 100 = 5.0 

 E = Sales / Total Assets 

= 300 / 200 = 1.5 

 

 

Z = 1.2(0.25) + 1.4(0.15) + 3.3(0.20) + 0.6(5.0) + 1.0(1.5) 

= 0.30 + 0.21 + 0.66 + 3.0 + 1.5 

= 5.67 

 

With a Z-Score of 5.67, Astron Paper & Board Mill Ltd. is in the Safe Zone, indicating strong 

financial health and a low risk of bankruptcy. Let‘s analyze the components: 

 

 A (0.25): Good liquidity, with working capital at 25% of assets. 

 B (0.15): Moderate retained earnings, suggesting consistent profitability. 

 C (0.20): EBIT at 20% of assets reflects high operational efficiency, exceptional for a 

manufacturing firm. 

 D (5.0): A very high equity-to-liability ratio signals strong market confidence and a solid 

capital structure. 

 E (1.5): Decent asset turnover shows effective use of assets to generate sales. 

 

Astron Paper‘s Z-Score highlights its financial robustness, likely driven by its position in the 

paper and packaging industry. 



Internal 

74 

 

 

4.2.4.2 Monte Carlo Simulation Analysis 

The Monte Carlo simulation, which projected the stock‘s average price for 30 days after the IPO, 

shows a generally positive and gradually increasing trend. The price began at approximately 

₹134.96 on Day 1 and rose consistently to ₹145.03 by Day 30. This upward trajectory suggests 

improving investor sentiment or growing market interest as trading progressed. 

 

Figure 4.2.7: Monte Carlo Data for Astron Paper 
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Figure 4.2.8: Monte Carlo Simulation of Astron Paper Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹134.96 on Day 1 and rises to ₹145.03 by Day 30, a ~7.4% 

increase.

 Lower 95% CI: Ranges from ₹121.80 (Day 1) to ₹76.04 (Day 30), indicating a potential 

43.6% drop from the starting average.

 Upper 95% CI: Increases from ₹149.85 (Day 1) to ₹247.76 (Day 30), suggesting a 

possible 83.6% upside.

 Volatility: The CI spread widens significantly (e.g., ₹28.05 on Day 1 to ₹171.72 on Day 

30), reflecting high uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹135 (Day 1 average), close to Astron Paper‘s IPO listing 

price of ₹120 (issued at ₹50, listed at a premium).



Internal 

76 

 

 

 Daily Return: Positive trend (avg. increase of ~0.24% per day), suggesting a mildly 

bullish post-IPO outlook.

 Volatility: Widening CIs imply daily volatility of ~3-4% by Day 30 (estimated from the 

range).

 

Analysis 

 

 Mild Bullish Trend: The average price rising from ₹135 to ₹145 indicates modest post- 

IPO growth, possibly reflecting SME optimism.

 Risk vs. Reward: The upper CI reaching ₹248 suggests an 83.6% gain, while the lower 

CI at ₹76 indicates a 43.6% downside risk, showing a wide risk-reward range.

 Post-IPO Behavior: The gradual rise aligns with Astron Paper‘s listing at ₹120 

(December 15, 2017), typical of SME IPOs with initial momentum.

 

4.2.4.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹300 crore): Moderate sales for an SME paper manufacturer, reflecting its 

niche focus. 

 EBIT (₹40 crore): Operating margin of 13.3% (40 / 300) is strong, indicating cost 

efficiency. 

 Net Profit (₹25 crore): Net margin of 8.3% shows robust profitability. 

 Market Cap (₹500 crore): P/E ratio of 20 (500 / 25) suggests a fairly valued growth 

stock. 

 

Valuation Metrics 

 

 P/E Ratio: 20 balances growth expectations with current earnings. 

 P/B Ratio: Book value = Assets - Liabilities = 200 - 100 = ₹100 crore. P/B = 500 / 100 = 

5.0, indicating a premium valuation typical for SMEs. 

 Asset Efficiency: Sales/Total Assets = 1.5 shows good utilization. 

 

Market Position 
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Astron Paper & Board Mill Ltd., established in 2010, is a Gujarat-based kraft paper manufacturer 

for packaging (e.g., corrugated boxes). Its IPO (December 15-20, 2017) raised funds for capacity 

expansion and working capital, targeting India‘s packaging demand. 

 

Risks 

 

 Small Scale: ₹300 crore revenue limits economies of scale. 

 Commodity Risk: Paper prices fluctuate with pulp costs. 

 Post-IPO Volatility: The simulation‘s wide CIs suggest speculative trading typical of 

SME stocks. 

 

4.2.4.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (5.67) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo): 

o A Z-Score of 5.67 indicates low bankruptcy risk, supporting investor confidence. 

This aligns with the Monte Carlo‘s 7.4% rise (₹135 to ₹145), suggesting financial 

health contributes to a mildly bullish outlook. 

o The high D component (5.0) aligns with the upper CI reaching ₹248, reflecting 

strong market faith in equity value. 

 Volatility Connection: 

o The Z-Score‘s strength (e.g., high C and D) contrasts with the simulation‘s wide 

CIs (₹171.72 by Day 30). This indicates that while Astron is fundamentally sound, 

market volatility (e.g., SME speculation) drives significant price uncertainty. 

o The lower CI dropping to ₹76 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 
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 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2017 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside). 

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status supports the simulation‘s upside 

(upper CI) and limits extreme downside (e.g., lower CI at ₹76 is above distress levels). 

 

Practical Implication 

 

 Positive Reinforcement: The Z-Score (5.67) bolsters the simulation‘s mild growth and 

upper CI upside (₹248), reflecting Astron‘s stability. The lower CI‘s drop aligns with 

SME volatility, not financial weakness. 

 Volatility Divergence: The wide CIs indicate market-driven uncertainty (e.g., post-IPO 

speculation) beyond what the Z-Score captures, suggesting a speculative trading 

environment. 

 

Astron Paper is a financially healthy SME with a Z-Score of 5.67, strong margins (13.3% EBIT, 

8.3% net), and a P/E of 20. The Monte Carlo simulation forecasts a 7.4% rise (₹135 to ₹145) over 

30 days post-IPO, with an 83.6% upside (₹248) and 43.6% downside risk (₹76), reflecting 

modest growth with high volatility. At 5.67, Astron is in the Safe Zone, driven by efficiency and 

a strong equity base. The Z-Score‘s stability supports the simulation‘s upside and upper CI, while 

the wide CIs highlight market-driven volatility (e.g., SME dynamics) not fully tied to financial 

health. 

 

4.2.5 Sandhar Technologies 

 

 

The evaluation of Sandhar Technologies through the combined lens of financial stability and 

market behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.5.1 Altman Z-Score Calculation and Analysis 

Table 4.2.6: Sandhar Technologies Financial Statement 
 

Metric Value (₹ Cr) 
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Working Capital (WC) ₹300 

Retained Earnings (RE) ₹200 

EBIT ₹150 

Total Assets (TA) ₹1,200 

Total Liabilities (TL) ₹700 

Market Value of Equity (MVE) ₹1,800 

Sales ₹1,800 

 

Z = 1.2(0.25) + 1.4(0.1667) + 3.3(0.125) + 0.6(2.5714) + 1.0(1.5) 

= 0.30 + 0.2334 + 0.4125 + 1.5428 + 1.5 

= 3.9887 

 

 

 A = Working Capital / Total Assets

= 300 / 1,200 = 0.25 

 B = Retained Earnings / Total Assets

= 200 / 1,200 = 0.1667 

 C = EBIT / Total Assets

= 150 / 1,200 = 0.125 

 D = Market Value of Equity / Total Liabilities

= 1,800 / 700 = 2.5714 

 E = Sales / Total Assets

= 1,800 / 1,200 = 1.5 

 

With a Z-Score of 3.99, Sandhar Technologies Ltd. is in the Safe Zone, indicating solid financial 

health and a low risk of bankruptcy. Let‘s break down the components: 

 

 A (0.25): Strong liquidity, with working capital covering 25% of assets. 

 B (0.1667): Good retained earnings, reflecting a history of profitability. 

 C (0.125): EBIT at 12.5% of assets shows robust operational efficiency. 

 D (2.5714): A solid equity-to-liability ratio suggests market confidence and a balanced 

capital structure. 
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 E (1.5): Moderate asset turnover indicates efficient use of assets for revenue generation. 

 

Sandhar‘s Z-Score highlights its financial stability, likely tied to its role as an auto component 

manufacturer 

 

4.2.5.2 Monte Carlo Simulation Analysis 

To assess investor sentiment and stock price volatility after the IPO, a Monte Carlo simulation was 

performed on Sandhar‘s stock data over the first 30 days of trading. 

 

Figure 4.2.9: Monte Carlo Data for Sandhar Technologies 
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Figure 4.2.10: Monte Carlo Simulation of Sandhar Technology Stock Price for the next 30 days 

Key Observations: 

 

 Average Price Path: Starts at ₹241.36 on Day 1 and declines to ₹176.38 by Day 30, a

~26.9% drop. 

 Lower 95% CI: Ranges from ₹234.63 (Day 1) to ₹152.40 (Day 30), indicating a potential 

36.9% drop from the starting average.

 Upper 95% CI: Starts at ₹248.09 (Day 1), peaks at ₹248.09 (Day 1), and ends at ₹204.54 

(Day 30), suggesting a 15.3% downside from the starting average.

 Volatility: The CI spread narrows slightly over time (e.g., ₹13.46 on Day 1 to ₹52.14 on 

Day 30), reflecting moderate uncertainty with a bearish bias.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹241 (Day 1 average), lower than Sandhar‘s IPO listing 

price of ₹332 (issued at ₹332, listed slightly higher), suggesting a post-listing correction 

context.
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 Daily Return: Negative trend (avg. decrease of ~1.03% per day), indicating a bearish 

post-IPO outlook.

 Volatility: Stable-to-narrowing CIs imply daily volatility of ~1-2% by Day 30 (estimated 

from the range).

 

Analysis 

 

 Bearish Trend: The average price falling from ₹241 to ₹176 suggests a significant post- 

IPO correction, possibly due to profit-taking or weak market sentiment.

 Risk vs. Reward: The lower CI dropping to ₹152 indicates a 36.9% downside risk, while 

the upper CI at ₹205 limits upside to a 15.3% loss from the start, heavily favoring 

downside.

 Post-IPO Behavior: The decline contrasts with Sandhar‘s listing at ₹332 (December 21, 

2018), suggesting the simulation reflects a post-premium adjustment period.

 

4.2.5.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹1,800 crore): Strong sales for an auto component manufacturer, reflecting 

scale in supplying OEMs.

 EBIT (₹150 crore): Operating margin of 8.3% (150 / 1,800) is healthy, indicating 

efficiency.

 Net Profit (₹90 crore): Net margin of 5% shows profitability despite debt (liabilities at 

58% of assets).

 Market Cap (₹1,800 crore): P/E ratio of 20 (1,800 / 90) is reasonable, balancing growth 

and value.

Valuation Metrics 

 

 P/E Ratio: 20 suggests a fairly valued stock with growth potential.

 P/B Ratio: Book value = Assets - Liabilities = 1,200 - 700 = ₹500 crore. P/B = 1,800 / 

500 = 3.6, indicating a premium valuation.
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 Asset Efficiency: Sales/Total Assets = 1.5 shows moderate efficiency.

 

Market Position 

 

Sandhar Technologies, founded in 1987, is a key auto component manufacturer in India, 

producing locks, mirrors, and aluminum die-cast parts for two-wheelers and four-wheelers (e.g., 

Hero MotoCorp, Honda). Its IPO (December 17-19, 2018) raised funds for debt repayment and 

expansion, capitalizing on India‘s automotive growth. 

 

Risks 

 

 Auto Sector Dependency: Revenue ties to OEM demand, exposing it to cyclicality.

 Leverage: Liabilities at 58% of assets suggest moderate debt risk, though mitigated by 

the Z-Score.

 Post-IPO Volatility: The simulation‘s sharp decline reflects uncertainty, possibly from 

market or sector pressures.

 

4.2.5.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (3.99) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 3.99 indicates low bankruptcy risk, supporting investor confidence. 

Yet, the Monte Carlo‘s 26.9% decline (₹241 to ₹176) suggests market dynamics 

(e.g., post-IPO selling) override this stability short-term. 

o The solid D component (2.5714) contrasts with the upper CI‘s limited recovery to 

₹205, indicating market perception lags behind financial health post-IPO. 

 Volatility Connection:
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o The Z-Score‘s stability (e.g., high A and C) contrasts with the simulation‘s 

moderate CIs (₹52.14 by Day 30). This suggests that while Sandhar is 

fundamentally sound, market volatility (e.g., auto sector sentiment) drives the 

bearish trend. 

o The lower CI dropping to ₹152 suggests a risk not fully explained by the Z-Score, 

likely due to external sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside).

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status limits extreme downside (e.g., 

lower CI at ₹152 is above distress levels), but the decline reflects market adjustment 

rather than financial weakness.

 

Practical Implication 

 

 Stability vs. Market Sentiment: The Z-Score (3.99) supports Sandhar‘s long-term 

viability, but the simulation‘s sharp drop indicates a post-IPO correction driven by market 

factors (e.g., profit-taking), not financial instability.

 Risk Profile: The Z-Score tempers the lower CI‘s decline, ensuring it doesn‘t signal 

bankruptcy, while the upper CI‘s limited upside suggests muted market confidence short- 

term, despite the D component.

 

Sandhar Technologies is a financially stable auto component firm with a Z-Score of 3.99, healthy 

margins (8.3% EBIT, 5% net), and a P/E of 20. The Monte Carlo simulation forecasts a 26.9% 

decline (₹241 to ₹176) over 30 days post-IPO, with a 36.9% downside risk (₹152) and 15.3% 

upper limit loss (₹205), reflecting a significant correction. At 3.99, Sandhar is in the Safe Zone, 

driven by efficiency and a solid equity base. The Z-Score‘s stability contrasts with the 

simulation‘s bearish trend, highlighting market-driven volatility (e.g., post-IPO dynamics) not 
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captured by financial health. The moderate CIs suggest a controlled but pessimistic market 

response. 

 

4.2.6 Varroc Engineering 

The evaluation of Varroc Engineering through the combined lens of financial stability and market 

behaviour provides an insightful look into the company's post-IPO performance. 

4.2.6.1 Altman Z-Score Calculation and Analysis 

Table 4.2.7: Varroc Engineering Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹1,000 

Retained Earnings (RE) ₹1,500 

EBIT ₹700 

Total Assets (TA) ₹6,500 

Total Liabilities (TL) ₹4000 

Market Value of Equity (MVE) ₹7,000 

Sales ₹10,000 

 

 

Z = 1.2(0.1538) + 1.4(0.2308) + 3.3(0.1077) + 0.6(1.75) + 1.0(1.5385) 

= 0.1846 + 0.3231 + 0.3554 + 1.05 + 1.5385 

= 3.4516 

 

With a Z-Score of 3.45, Varroc Engineering Ltd. is in the Safe Zone, indicating good financial 

health and a low risk of bankruptcy. Let‘s analyze the components: 

 

 A (0.1538): Decent liquidity, with working capital at 15.4% of assets.

 B (0.2308): Strong retained earnings, reflecting significant historical profitability.

 C (0.1077): EBIT at 10.8% of assets shows solid operational efficiency.

 D (1.75): A moderate equity-to-liability ratio suggests reasonable market confidence.

 E (1.5385): Good asset turnover indicates efficient revenue generation.

 

Varroc‘s Z-Score reflects its stability as a major auto component manufacturer. 
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4.2.6.2 Monte Carlo Simulation Analysis 

The Monte Carlo simulation results, which track Varroc‘s stock price behaviour over the first 30 

trading days post-IPO. The simulation shows a gradual but consistent decline in the stock‘s average 

projected price, falling from around ₹988.25 on Day 1 to ₹921.89 by Day 30. This steady 

downward trend suggests that the short-term market sentiment was bearish, potentially due to 

overvaluation at the time of listing, broader market conditions, or temporary post-IPO corrections. 

The 95% confidence interval reveals a substantial spread by Day 30, with a lower bound near 

₹767.31 and an upper bound of about ₹1,101.97, reflecting moderate to high volatility and a wide 

range of possible outcomes for short-term investors. 

 

Figure 4.2.11: Monte Carlo Data for Varroc Engineering 
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Figure 4.2.12: Monte Carlo Simulation of Varroc Engineering Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹988.26 on Day 1 and declines to ₹921.89 by Day 30, a

~6.7% drop. 

 Lower 95% CI: Ranges from ₹957.49 (Day 1) to ₹767.31 (Day 30), indicating a potential 

22.3% drop from the starting average.

 Upper 95% CI: Starts at ₹1,021.18 (Day 1), peaks at ₹1,106.71 (Day 22), and ends at

₹1,101.98 (Day 30), suggesting a possible 11.5% upside. 

 Volatility: The CI spread widens over time (e.g., ₹63.68 on Day 1 to ₹334.67 on Day 30), 

reflecting increasing uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹988 (Day 1 average), close to Varroc‘s IPO listing price 

of ₹1,032 (issued at ₹965, listed at a premium).
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 Daily Return: Negative trend (avg. decrease of ~0.23% per day), suggesting a bearish 

post-IPO outlook.

 Volatility: Widening CIs imply daily volatility of ~2-3% by Day 30 (estimated from the 

range).

 

Analysis 

 

 Bearish Trend: The average price falling from ₹988 to ₹922 indicates a post-IPO 

correction, possibly due to profit-taking or market sentiment shifts.

 Risk vs. Reward: The lower CI dropping to ₹767 suggests a 22% downside risk, while 

the upper CI at ₹1,102 offers an 11.5% gain. This asymmetry favors downside risk.

 Post-IPO Behavior: The decline aligns with some IPOs stabilizing after an initial pop 

(Varroc listed at ₹1,032, a 7% premium over ₹965).

 

4.2.6.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹10,000 crore): Large-scale sales reflect Varroc‘s prominence in auto 

components and lighting systems.

 EBIT (₹700 crore): Operating margin of 7% (700 / 10,000) is solid for the sector.

 Net Profit (₹450 crore): Net margin of 4.5% indicates profitability despite significant 

debt (liabilities at 61.5% of assets).

 Market Cap (₹7,000 crore): P/E ratio of 15.6 (7,000 / 450) suggests a value-oriented 

stock with growth potential.

 

Valuation Metrics 

 

 P/E Ratio: 15.6 is attractive, balancing growth and current earnings.

 P/B Ratio: Book value = Assets - Liabilities = 6,500 - 4,000 = ₹2,500 crore. P/B = 7,000 / 

2,500 = 2.8, indicating a moderate premium.

 Asset Efficiency: Sales/Total Assets = 1.54 shows good utilization, typical for 

manufacturing.
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Market Position 

 

Varroc Engineering, founded in 1988, is a global Tier-1 auto component supplier, specializing in 

lighting, polymer, and metallic parts for two-wheelers and four-wheelers (e.g., Bajaj, Ford). Its 

IPO (June 26-28, 2018) raised funds for debt reduction and growth, leveraging its international 

presence (e.g., plants in Europe, North America). 

 

Risks 

 

 Auto Sector Cyclicality: Ties to OEM demand expose it to downturns.

 Leverage: Liabilities at 61.5% of assets suggest higher debt risk, though mitigated by the 

Z-Score.

 Post-IPO Volatility: The simulation‘s downward trend and wide CIs reflect uncertainty, 

possibly from market or sector pressures.

 

4.2.6.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (3.45) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual relationship: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 3.45 indicates low bankruptcy risk, supporting investor confidence. 

However, the Monte Carlo‘s 6.7% decline (₹988 to ₹922) suggests market 

dynamics (e.g., post-IPO selling) outweigh this stability short-term. 

o The moderate D component (1.75) aligns with the upper CI reaching ₹1,102, 

reflecting some market faith in equity value despite the bearish average. 

 Volatility Connection:

o The Z-Score‘s stability (e.g., high B and E) contrasts with the simulation‘s 

widening CIs (₹334 by Day 30). This indicates that while Varroc is fundamentally 

sound, external factors (e.g., auto sector trends) drive price uncertainty. 
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o The lower CI dropping to ₹767 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside).

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status limits extreme downside (e.g., 

lower CI at ₹767 is above distress levels), but the decline suggests market perception 

diverges from financial health initially.

 

Practical Implication 

 

 Stability vs. Market Sentiment: The Z-Score (3.45) supports Varroc‘s long-term 

viability, consistent with the upper CI‘s upside (₹1,102). However, the average drop 

reflects a typical post-IPO correction, not financial weakness.

 Risk Profile: The Z-Score tempers the lower CI‘s decline, ensuring it doesn‘t signal 

bankruptcy, while the upper CI‘s modest growth aligns with the D component‘s market 

confidence.

 

Varroc Engineering is a financially stable auto component firm with a Z-Score of 3.45, solid 

margins (7% EBIT, 4.5% net), and a P/E of 15.6. The Monte Carlo simulation forecasts a 6.7% 

decline (₹988 to ₹922) over 30 days post-IPO, with a 22% downside risk (₹767) and 11.5% 

upside potential (₹1,102), reflecting a post-IPO correction. With an Altman Z-Score of 3.45, 

Varroc is in the Safe Zone, driven by profitability and asset efficiency. The Z-Score‘s stability 

supports the simulation‘s upper CI upside, but the average decline highlights market-driven 

volatility (e.g., profit-taking) not captured by financial health. The wide CIs suggest speculative 

influences beyond the Z-Score‘s scope. 
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4.2.7 Amber Enterprise India Ltd 

The evaluation of Amber Enterprise through the combined lens of financial stability and market 

behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.7.1 Altman Z-Score Calculation and Analysis 

Table 4.2.8: Amber Enterprise India Ltd Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹400 

Retained Earnings (RE) ₹300 

EBIT ₹180 

Total Assets (TA) ₹1,500 

Total Liabilities (TL) ₹800 

Market Value of Equity (MVE) ₹4,000 

Sales ₹2,400 

 

 

Z = 1.2(0.2667) + 1.4(0.20) + 3.3(0.12) + 0.6(5.0) + 1.0(1.6) 

= 0.3200 + 0.28 + 0.396 + 3.0 + 1.6 

= 5.596 

 

With a Z-Score of 5.60, Amber Enterprises India Ltd. is firmly in the Safe Zone, indicating 

excellent financial health and a very low risk of bankruptcy. Let‘s break down the components: 

 

 A (0.2667): Strong liquidity, with working capital at 26.7% of assets.

 B (0.20): Solid retained earnings, reflecting consistent profitability.

 C (0.12): EBIT at 12% of assets shows robust operational efficiency.

 D (5.0): A very high equity-to-liability ratio signals exceptional market confidence.

 E (1.6): Good asset turnover indicates efficient revenue generation.

 

Amber‘s Z-Score highlights its financial strength, likely tied to its role in the air conditioning and 

consumer durables sector. 
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4.2.7.2 Monte Carlo Simulation Analysis 

The Monte Carlo simulation for the stock price movement over the first 30 days post-IPO tells a 

different story. The simulation shows a gradual but consistent decline in the stock‘s average 

projected price, starting from ₹1,094.50 on Day 1 and falling steadily to ₹912.20 by Day 30. This 

trend reveals short-term bearishness or correction following initial listing enthusiasm. Despite the 

company‘s strong fundamentals, the market seemed to price in caution or showed signs of cooling 

off after an initial surge. 

 

Figure 4.2.13: Monte Carlo Data for Amber Enterprise 
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Figure 4.2.14: Monte Carlo Simulation of Amber Enterprise India Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹1,094.50 on Day 1 and declines to ₹912.20 by Day 30, a

~16.7% drop. 

 Lower 95% CI: Ranges from ₹1,052.50 (Day 1) to ₹731.04 (Day 30), indicating a 

potential 33.2% drop from the starting average.

 Upper 95% CI: Starts at ₹1,139.17 (Day 1), peaks at ₹1,170.08 (Day 7), and ends at

₹1,144.39 (Day 30), suggesting a possible 4.6% upside. 

 Volatility: The CI spread widens over time (e.g., ₹86.67 on Day 1 to ₹413.35 on Day 30), 

reflecting increasing uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹1,094 (Day 1 average), close to Amber‘s IPO listing price 

of ₹1,180 (issued at ₹859, listed at a premium).
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 Daily Return: Negative trend (avg. decrease of ~0.61% per day), suggesting a bearish 

post-IPO outlook.

 Volatility: Widening CIs imply daily volatility of ~2-3% by Day 30 (estimated from the 

range).

 

Analysis 

 

 Bearish Trend: The average price falling from ₹1,094 to ₹912 indicates a significant 

post-IPO correction, possibly due to profit-taking or market reassessment.

 Risk vs. Reward: The lower CI dropping to ₹731 suggests a 33% downside risk, while 

the upper CI at ₹1,144 limits upside to 4.6%. This asymmetry favors downside risk.

 Post-IPO Behavior: The decline aligns with some IPOs correcting after an initial pop 

(Amber listed at ₹1,180, a 37% premium over ₹859), reflecting stabilization or selling 

pressure.

 

4.2.7.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹2,400 crore): Strong sales for a consumer durables firm, driven by air 

conditioning and component manufacturing.

 EBIT (₹180 crore): Operating margin of 7.5% (180 / 2,400) is healthy for the sector.

 Net Profit (₹100 crore): Net margin of 4.2% shows profitability despite debt (liabilities 

at 53% of assets).

 Market Cap (₹4,000 crore): P/E ratio of 40 (4,000 / 100) suggests a growth stock with 

high expectations.

 

Valuation Metrics 

 

 P/E Ratio: 40 is elevated, reflecting market optimism about future growth (e.g., AC 

market expansion).

 P/B Ratio: Book value = Assets - Liabilities = 1,500 - 800 = ₹700 crore. P/B = 4,000 / 

700 = 5.71, indicating a significant premium.



Internal 

95 

 

 

 Asset Efficiency: Sales/Total Assets = 1.6 shows good utilization, typical for 

manufacturing.

 

Market Position 

 

Amber Enterprises, founded in 1990, is a leading OEM/ODM for air conditioners in India, 

supplying brands like Daikin and Voltas. Its IPO (January 17-19, 2018) raised funds for capacity 

expansion (e.g., RAC manufacturing) and debt reduction, capitalizing on India‘s growing 

consumer durables market. 

 

Risks 

 

 Seasonality: AC sales depend on summer demand, introducing revenue volatility.

 Leverage: Liabilities at 53% of assets suggest moderate debt risk, though mitigated by 

the Z-Score.

 Post-IPO Volatility: The simulation‘s downward trend and wide CIs reflect uncertainty, 

possibly from market sentiment or sector competition.

 

4.2.7.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (5.60) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 5.60 indicates very low bankruptcy risk, supporting investor 

confidence. Yet, the Monte Carlo‘s 16.7% decline (₹1,094 to ₹912) suggests 

market dynamics (e.g., post-IPO correction) override this stability short-term. 

o The high D component (5.0) aligns with the upper CI reaching ₹1,144, reflecting 

strong market perception of equity value despite the bearish average. 

 Volatility Connection:
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o The Z-Score‘s strength (e.g., high A and D) contrasts with the simulation‘s 

widening CIs (₹413 by Day 30). This indicates that while Amber is fundamentally 

robust, market volatility (e.g., speculative trading) drives price uncertainty post- 

IPO. 

o The lower CI dropping to ₹731 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside).

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status limits extreme downside (e.g., 

lower CI at ₹731 is above distress levels), but the decline suggests market perception 

diverges from financial health initially.

 

Practical Implication 

 

 Stability vs. Market Sentiment: The Z-Score (5.60) supports Amber‘s long-term 

viability, consistent with the upper CI‘s stability (₹1,144). However, the average drop 

reflects a typical post-IPO correction, not financial weakness.

 Risk Profile: The high Z-Score tempers the lower CI‘s decline, ensuring it doesn‘t signal 

bankruptcy, while the upper CI‘s modest growth aligns with the D component‘s market 

confidence.

 

Amber Enterprises is a financially robust firm with a Z-Score of 5.60, solid margins (7.5% EBIT, 

4.2% net), and a P/E of 40. The Monte Carlo simulation forecasts a 16.7% decline (₹1,094 to 

₹912) over 30 days post-IPO, with a 33% downside risk (₹731) and 4.6% upside potential 

(₹1,144), reflecting a post-IPO correction. With an Altman Z-Score of 5.60, Amber is in the Safe 

Zone, driven by efficiency and a strong equity base. The Z-Score‘s stability supports the 

simulation‘s upper CI, but the average decline highlights market-driven volatility (e.g., profit- 
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taking) not captured by financial health. The wide CIs suggest speculative influences beyond the 

Z-Score‘s scope. 

 

4.2.8 Bharat Dynamic 

The evaluation of Bharat Dynamics through the combined lens of financial stability and market 

behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.8.1 Altman Z-Score Calculation and Analysis 

Table 4.2.9: Bharat Dynamic Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹3,785 

Retained Earnings (RE) ₹2,450 

EBIT ₹637 

Total Assets (TA) ₹7,300 

Total Liabilities (TL) ₹2,515 

Market Value of Equity (MVE) ₹8,000 

Sales ₹3,069 

 

 

Z = 1.2(0.5185) + 1.4(0.3356) + 3.3(0.0873) + 0.6(3.1809) + 1.0(0.4205) 

= 0.6222 + 0.4698 + 0.2881 + 1.9085 + 0.4205 

= 3.7091 

 

 

 

With a Z-Score of 3.71, Bharat Dynamics Ltd. is in the Safe Zone, indicating strong financial 

health and a low risk of bankruptcy. Let‘s analyze the components: 

 

 A (0.5185): Exceptional liquidity, with working capital at 51.85% of assets, likely due to 

government contracts and advance payments.

 B (0.3356): Robust retained earnings, reflecting a history of profitability typical for a 

defense PSU.

 C (0.0873): EBIT at 8.73% of assets shows decent operational efficiency.
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 D (3.1809): A strong equity-to-liability ratio suggests significant market confidence.

 E (0.4205): Lower asset turnover reflects a capital-intensive business with high assets 

(e.g., defense manufacturing facilities).

 

BDL‘s Z-Score underscores its stability as a government-backed defense manufacturer. 

 

4.2.8.2 Monte Carlo Simulation Analysis 

On the market side, a Monte Carlo simulation of Bharat Dynamics‘ stock over the first 30 trading 

days post-IPO was conducted to estimate short-term price behaviour and volatility. The results 

were encouraging: the average stock price showed a mild but steady upward trend, starting from 

₹204.47 on Day 1 and gradually climbing to around ₹213.76 by Day 30. Although the increase is 

modest, it reflects market stability and positive investor sentiment. The 95% confidence interval 

provides further insight: by Day 30, the lower bound is projected at ₹173.32, while the upper bound 

reaches ₹261.29, suggesting moderate volatility. Importantly, the steady rise in average prices 

throughout the simulation period indicates confidence in the company‘s prospects without the sharp 

fluctuations seen in more speculative IPOs. 

 

Figure 4.2.15: Monte Carlo Data for Bharat Dynamics 
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Figure 4.2.16: Monte Carlo Simulation of Bharat Dynamics Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹204.47 on Day 1 and rises to ₹213.76 by Day 30, a ~4.5% 

increase.

 Lower 95% CI: Ranges from ₹197.01 (Day 1) to ₹173.32 (Day 30), indicating a potential 

15.2% drop from the starting average.

 Upper 95% CI: Increases from ₹212.28 (Day 1) to ₹261.29 (Day 30), suggesting a 

possible 27.8% upside.

 Volatility: The CI spread widens over time (e.g., ₹15.27 on Day 1 to ₹87.97 on Day 30), 

reflecting increasing uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹204 (Day 1 average), lower than BDL‘s IPO listing price 

of ₹428 (issued at ₹428, possibly adjusted for a split or error in simulation context).
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 Daily Return: Positive trend (avg. increase of ~0.15% per day), suggesting a mildly 

bullish post-IPO outlook.

 Volatility: Widening CIs imply daily volatility of ~1-2% by Day 30 (estimated from the 

range).

 

Analysis 

 

 Mild Bullish Trend: The average price rising from ₹204 to ₹214 indicates modest post- 

IPO growth, possibly reflecting steady demand for a defense PSU stock.

 Risk vs. Reward: The upper CI reaching ₹261 suggests a 27.8% gain, while the lower CI 

at ₹173 limits downside risk to 15.2%, favoring upside potential.

 Post-IPO Behavior: The gradual rise contrasts with BDL‘s actual listing at ₹428 (March 

23, 2018), suggesting the simulation may use a different starting point or post-correction 

price.

 

4.2.8.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹3,069 crore): Strong sales for a defense firm, driven by government contracts 

(e.g., missiles like Akash).

 EBIT (₹637 crore): Operating margin of 20.8% (637 / 3,069) is exceptional, reflecting 

high profitability in a niche sector.

 Net Profit (₹535 crore): Net margin of 17.4% shows robust earnings, aided by low 

competition.

 Market Cap (₹8,000 crore): P/E ratio of 15 (8,000 / 535) suggests a value stock with 

stability.

Valuation Metrics 

 

 P/E Ratio: 15 is attractive, reflecting a PSU‘s steady earnings rather than growth hype.

 P/B Ratio: Book value = Assets - Liabilities = 7,300 - 2,515 = ₹4,785 crore. P/B = 8,000 / 

4,785 = 1.67, indicating a reasonable valuation.
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 Asset Efficiency: Sales/Total Assets = 0.42 is low, typical for a defense firm with heavy 

infrastructure.

 

Market Position 

 

Bharat Dynamics Ltd., established in 1970, is India‘s sole missile manufacturer, producing 

systems like Akash and Prithvi for the armed forces. Its IPO (March 13-15, 2018) was an offer- 

for-sale by the government, raising funds without diluting operations. BDL benefits from a 

monopoly in defense PSUs and a strong order backlog. 

 

Risks 

 

 Government Dependency: Revenue relies on defense budgets and orders.

 Low Turnover: Capital-intensive assets limit agility.

 Post-IPO Volatility: The simulation‘s mild trend and wide CIs suggest cautious market 

reception, possibly due to PSU pricing dynamics.

 

4.2.8.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (3.71) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 3.71 indicates low bankruptcy risk, supporting investor confidence. 

This aligns with the Monte Carlo‘s 4.5% rise (₹204 to ₹214), suggesting financial 

health contributes to a stable, mildly bullish outlook. 

o The high D component (3.1809) aligns with the upper CI reaching ₹261, reflecting 

market faith in BDL‘s equity value. 

 Volatility Connection:
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o The Z-Score‘s strength (e.g., high A and B) contrasts with the simulation‘s 

widening CIs (₹87.97 by Day 30). This indicates that while BDL is fundamentally 

sound, market volatility (e.g., PSU trading patterns) drives price uncertainty. 

o The lower CI dropping to ₹173 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside).

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status supports the simulation‘s modest 

upside and limits extreme downside (e.g., lower CI at ₹173 is above distress levels).

 

Practical Implication 

 

 Positive Reinforcement: The Z-Score (3.71) bolsters the simulation‘s mild growth and 

upper CI upside (₹261), reflecting BDL‘s stability as a PSU. The lower CI‘s stability 

aligns with low distress risk.

 Volatility Divergence: The widening CIs indicate market-driven uncertainty (e.g., 

defense sector sentiment) beyond what the Z-Score captures, suggesting cautious trading 

post-IPO.

 

Bharat Dynamics is a financially robust defense PSU with a Z-Score of 3.71, exceptional margins 

(20.8% EBIT, 17.4% net), and a P/E of 15. The Monte Carlo simulation forecasts a 4.5% rise 

(₹204 to ₹214) over 30 days post-IPO, with a 27.8% upside (₹261) and 15.2% downside risk 

(₹173), reflecting modest growth and stability. At 3.71 of Altman Z-Score, BDL is in the Safe 

Zone, driven by liquidity and profitability. The Z-Score‘s stability supports the simulation‘s mild 

upside and upper CI, while the widening CIs highlight market volatility (e.g., PSU dynamics) not 

fully tied to financial health. 
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4.2.9 Mishra Dhatu Nigam Ltd 

The evaluation of Mishra Dhantu Nigam Ltd through the combined lens of financial stability 

and market behaviour provides an insightful look into the company's post-IPO performance. 

 

 

4.2.9.1 Altman Z-Score Calculation and Analysis 

Table 4.2.10: Mishra Dhantu Nigam ltd Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹532 

Retained Earnings (RE) ₹900 

EBIT ₹183 

Total Assets (TA) ₹1,995 

Total Liabilities (TL) ₹770 

Market Value of Equity (MVE) ₹1,750 

Sales ₹711 

 

 

Z = 1.2(0.2667) + 1.4(0.4511) + 3.3(0.0917) + 0.6(2.2727) + 1.0(0.3564) 

= 0.3200 + 0.6315 + 0.3026 + 1.3636 + 0.3564 

= 2.9741 

 

 

 

With a Z-Score of 2.97, MIDHANI is just below the Safe Zone, placing it in the upper end of the 

Grey Zone. This suggests moderate financial stability with a slight risk of distress, though it‘s 

close to being considered safe. Let‘s analyze the components: 

 

 A (0.2667): Strong liquidity, with working capital at 26.67% of assets, likely due to 

advance payments in defense contracts.

 B (0.4511): Very high retained earnings, indicating significant historical profitability, a 

strength for a PSU.

 C (0.0917): EBIT at 9.17% of assets reflects good operational efficiency.

 D (2.2727): A solid equity-to-liability ratio shows reasonable market confidence.
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 E (0.3564): Low asset turnover is typical for a capital-intensive defense firm with 

substantial fixed assets.

 

MIDHANI‘s Z-Score reflects stability with some caution due to its asset-heavy, low-turnover 

business model. 

 

4.2.9.2 Monte Carlo Simulation Analysis 

To assess the company‘s short-term market performance and investor sentiment, a Monte Carlo 

simulation was conducted using stock price data from the first 30 days post-IPO. The simulation 

indicated an extremely strong and consistent upward trend in stock price projections. The average 

price started at around ₹148.28 on Day 1 and climbed steadily to ₹288.38 by Day 30—almost a 

doubling of price within a month. This trend is significant, as it reflects exceptional early market 

performance, possibly fueled by strong fundamentals, investor optimism, and positive public 

sentiment about the company‘s role in the defense and strategic materials sector. The 95% 

confidence intervals add depth to the interpretation: the lower bound on Day 30 was ₹140.75, while 

the upper bound soared to ₹535.38, suggesting that while there was some expected volatility, the 

upside potential was perceived as highly promising by the market. 

 

Figure 4.2.17: Monte Carlo Data for Mishra Dhatu Nigam Ltd 
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Figure 4.2.18: Monte Carlo Simulation of Mishra Dhatu Nigam Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹148.28 on Day 1 and rises to ₹288.38 by Day 30, a

~94.5% increase. 

 Lower 95% CI: Ranges from ₹130.81 (Day 1) to ₹140.75 (Day 30), showing a 7.6% rise 

but significant downside risk (11.8% below Day 1 average).

 Upper 95% CI: Increases from ₹167.57 (Day 1) to ₹535.38 (Day 30), suggesting a 

potential 261% upside.

 Volatility: The CI spread widens dramatically (e.g., ₹36.76 on Day 1 to ₹394.63 on Day 

30), indicating high uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹148 (Day 1 average), lower than MIDHANI‘s IPO listing 

price of ₹219 (issued at ₹90, adjusted for splits or simulation context).
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 Daily Return: Strong positive trend (avg. increase of ~2.2% per day), suggesting a highly 

bullish post-IPO outlook.

 Volatility: Widening CIs imply daily volatility escalating to ~5-6% by Day 30 (estimated 

from the range).

 

Analysis 

 

 Bullish Trend: The average price soaring from ₹148 to ₹288 reflects exceptional post- 

IPO momentum, possibly driven by defense sector optimism or PSU appeal.

 Risk vs. Reward: The upper CI reaching ₹535 suggests a 261% gain, while the lower CI 

at ₹141 limits downside risk to 5% below the Day 1 average, heavily favoring upside 

potential.

 Post-IPO Behavior: The sharp rise contrasts with MIDHANI‘s actual listing at ₹219 

(March 28, 2018), suggesting the simulation may reflect a post-correction rally or an 

adjusted starting point.

 

4.2.9.3 Detailed Stock Analysis 

Financial Health 

 Revenue (₹711 crore): Modest sales for a defense PSU, reflecting its niche in special 

alloys and materials.

 EBIT (₹183 crore): Operating margin of 25.7% (183 / 711) is outstanding, indicating 

high profitability in a specialized sector.

 Net Profit (₹131 crore): Net margin of 18.4% shows strong earnings, aided by low 

competition.

 Market Cap (₹1,750 crore): P/E ratio of 13.4 (1,750 / 131) suggests a value stock with 

stability.

 

Valuation Metrics 

 

 P/E Ratio: 13.4 is attractive, reflecting a PSU‘s steady earnings rather than growth hype.
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 P/B Ratio: Book value = Assets - Liabilities = 1,995 - 770 = ₹1,225 crore. P/B = 1,750 / 

1,225 = 1.43, indicating a reasonable valuation.

 Asset Efficiency: Sales/Total Assets = 0.36 is low, typical for a defense firm with heavy 

infrastructure.

 

Market Position 

 

MIDHANI, established in 1973, is a key supplier of special metals and alloys for India‘s defense, 

aerospace, and nuclear sectors (e.g., titanium for missiles). Its IPO (March 21-23, 2018) was an 

offer-for-sale by the government, leveraging its monopoly in strategic materials and a strong 

order backlog. 

 

Risks 

 

 Government Dependency: Revenue relies on defense contracts and budgets.

 Low Turnover: Capital-intensive assets limit flexibility.

 Post-IPO Volatility: The simulation‘s sharp rise and wide CIs suggest speculative 

trading, possibly due to PSU momentum.

 

4.2.9.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (2.97) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 2.97 (Grey Zone) indicates moderate stability, yet the Monte Carlo‘s 

94.5% rise (₹148 to ₹288) suggests strong market optimism overriding this 

caution. This may reflect MIDHANI‘s strategic importance rather than pure 

financials. 
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o The high D component (2.2727) aligns with the upper CI reaching ₹535, showing 

significant market faith in equity value. 

 Volatility Connection:

o The Z-Score‘s moderate score contrasts with the simulation‘s wide CIs (₹394.63 

by Day 30). This indicates that while MIDHANI has some financial risk, market 

volatility (e.g., PSU trading) drives price uncertainty far beyond this. 

o The lower CI stabilizing at ₹141 suggests a floor supported by the Z-Score‘s 

stability, avoiding distress levels. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

risk).

 Implied Correlation: The Z-Score‘s near-Safe Zone status supports the simulation‘s 

upside (upper CI), while the lower CI‘s stability aligns with limited distress risk.

 

Practical Implication 

 

 Positive Reinforcement: The Z-Score (2.97) underpins the simulation‘s bullish trend and 

upper CI upside (₹535), reflecting MIDHANI‘s strategic value. The lower CI‘s resilience 

aligns with low bankruptcy risk.

 Volatility Divergence: The dramatic CI widening indicates market-driven momentum 

(e.g., defense sector hype) beyond what the Z-Score captures, suggesting speculative 

influences post-IPO.

 

MIDHANI is a stable defense PSU with a Z-Score of 2.97, exceptional margins (25.7% EBIT, 

18.4% net), and a P/E of 13.4. The Monte Carlo simulation forecasts a 94.5% rise (₹148 to ₹288) 

over 30 days post-IPO, with a 261% upside (₹535) and 5% downside risk (₹141), reflecting 

strong momentum. At 2.97, MIDHANI is in the Grey Zone, just shy of Safe, driven by 

profitability and liquidity. The Z-Score‘s stability supports the simulation‘s upside and upper CI, 
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while the sharp rise and wide CIs highlight market-driven volatility (e.g., PSU optimism) not 

fully tied to financial health. 

 

4.2.10 Hindustan Aeronautics Limited 

The evaluation of Hindustan Aeronautics Limited through the combined lens of financial stability 

and market behaviour provides an insightful look into the company's post-IPO performance. 

 

4.2.10.1 Altman Z-Score Calculation and Analysis 

Table 4.2.11: Hindustan Aeronautics Limited Financial Statement 
 

Metric Value (₹ Cr) 

Working Capital (WC) ₹1,390 

Retained Earnings (RE) ₹8,759.44 

EBIT ₹3,323 

Total Assets (TA) ₹53,200.2 

Total Liabilities (TL) ₹8,759.44 

Market Value of Equity (MVE) ₹37,881 

Sales ₹18,284 

 

 

Z = 1.2(0.0261) + 1.4(0.1646) + 3.3(0.0625) + 0.6(4.3252) + 1.0(0.3437) 

= 0.0313 + 0.2304 + 0.2063 + 2.5951 + 0.3437 

= 3.4068 

 

 

 

With a Z-Score of 3.41, HAL is in the Safe Zone, indicating strong financial health and a low risk 

of bankruptcy. Let‘s analyze the components: 

 

 A (0.0261): Low liquidity, with working capital at just 2.61% of assets, possibly due to 

high current liabilities or advance payments in defense contracts.

 B (0.1646): Decent retained earnings, reflecting consistent profitability typical for a PSU.

 C (0.0625): EBIT at 6.25% of assets shows moderate operational efficiency, constrained 

by large asset base.
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 D (4.3252): A very high equity-to-liability ratio signals strong market confidence.

 E (0.3437): Low asset turnover reflects a capital-intensive defense business with 

significant fixed assets.

 

HAL‘s Z-Score highlights its stability, bolstered by its government-backed status and market 

perception. 

 

4.2.10.2 Monte Carlo Simulation Analysis 

The Monte Carlo simulation based on the first 30 days of trading post-IPO tells a different story in 

terms of short-term market behaviour. The simulation reveals a consistently declining trend in the 

average stock price, beginning at ₹562.26 on Day 1 and gradually sliding to ₹545.87 by Day 30. 

This downward slope suggests early investor caution, possibly due to valuation concerns, market 

timing, or overall muted sentiment around public sector IPOs at that time. The 95% confidence 

interval reinforces this cautious outlook, with the lower bound dropping as low as ₹480.72, while 

the upper bound peaks at around ₹621.48. The wide spread in potential outcomes implies moderate 

volatility, but the downward trajectory in the average price signals net negative market sentiment 

in the short term. 

 

Figure 4.2.19: Monte Carlo Data for Hindustan Aeronautics Limited 
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Figure 4.2.20: Monte Carlo Simulation of Hindustan Aeronautics Limited Stock Price for the next 30 days 

Key Observations 

 

 Average Price Path: Starts at ₹562.27 on Day 1 and declines to ₹545.88 by Day 30, a

~2.9% drop. 

 Lower 95% CI: Ranges from ₹548.93 (Day 1) to ₹480.73 (Day 30), indicating a potential 

14.5% drop from the starting average.

 Upper 95% CI: Starts at ₹575.29 (Day 1), peaks at ₹621.48 (Day 30), suggesting a 

possible 10.5% upside.

 Volatility: The CI spread widens slightly (e.g., ₹26.37 on Day 1 to ₹140.75 on Day 30), 

reflecting moderate uncertainty.

 

Assumptions Implied 

 

 Starting Price: Likely around ₹562 (Day 1 average), significantly lower than HAL‘s IPO 

listing price of ₹1,215 (issued at ₹1,240, adjusted for context or split).
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 Daily Return: Negative trend (avg. decrease of ~0.1% per day), suggesting a mildly 

bearish post-IPO outlook.

 Volatility: Widening CIs imply daily volatility of ~1-2% by Day 30 (estimated from the 

range).

 

Analysis 

 

 Mild Bearish Trend: The average price falling from ₹562 to ₹546 indicates a slight post- 

IPO correction, possibly due to profit-taking or subdued market reception.

 Risk vs. Reward: The lower CI dropping to ₹481 suggests a 14.5% downside risk, while 

the upper CI at ₹621 offers a 10.5% gain, with a balanced risk profile.

 Post-IPO Behavior: The decline contrasts with HAL‘s listing at ₹1,215 (March 28, 

2018), suggesting the simulation may reflect a post-listing adjustment period.

 

4.2.10.3 Detailed Stock Analysis 

Financial Health 

 

 Revenue (₹18,284 crore): Large-scale sales reflect HAL‘s dominance in defense 

manufacturing.

 EBIT (₹3,323 crore): Operating margin of 18.2% (3,323 / 18,284) is strong, indicating 

high profitability.

 Net Profit (₹2,070 crore): Net margin of 11.3% shows robust earnings, aided by 

government support.

 Market Cap (₹37,881 crore): P/E ratio of 18.3 (37,881 / 2,070) suggests a fairly valued 

stock with stability.

 

Valuation Metrics 

 

 P/E Ratio: 18.3 is reasonable, balancing PSU stability with moderate growth 

expectations.

 P/B Ratio: Book value = Assets - Liabilities = 53,200.02 - 8,759.44 = ₹44,440.58 crore. 

P/B = 37,881 / 44,440.58 = 0.85, indicating an undervalued stock relative to book value.



Internal 

113 

 

 

 Asset Efficiency: Sales/Total Assets = 0.34 is low, typical for a defense PSU with heavy 

infrastructure.

 

Market Position 

 

HAL, established in 1940, is India‘s premier aerospace and defense manufacturer, producing 

aircraft (e.g., Tejas) and helicopters for the armed forces. Its IPO (March 27-29, 2018) was an 

offer-for-sale by the government, leveraging its monopoly in defense aviation and a strong order 

backlog. 

 

Risks 

 

 Government Dependency: Revenue relies on defense budgets and contracts.

 Low Liquidity: Modest working capital limits flexibility.

 Post-IPO Volatility: The simulation‘s mild decline and moderate CIs suggest cautious 

market reception, possibly due to PSU pricing dynamics.

 

4.2.10.4 Correlation Between Altman Z-Score and Monte Carlo Simulation 

 

The Altman Z-Score (3.41) and Monte Carlo simulation aren‘t directly mathematically 

correlated, as one assesses financial distress and the other forecasts stock prices. However, we 

can explore their conceptual interplay: 

 

Theoretical Link 

 

 Financial Stability (Z-Score) and Stock Price Trend (Monte Carlo):

o A Z-Score of 3.41 indicates low bankruptcy risk, supporting investor confidence. 

However, the Monte Carlo‘s 2.9% decline (₹562 to ₹546) suggests market 

dynamics (e.g., post-IPO selling) slightly outweigh this stability short-term. 

o The high D component (4.3252) aligns with the upper CI reaching ₹621, reflecting 

strong market perception of equity value. 

 Volatility Connection:
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o The Z-Score‘s stability (e.g., high D) contrasts with the simulation‘s moderate CI 

widening (₹140.75 by Day 30). This indicates that while HAL is fundamentally 

sound, market volatility (e.g., PSU trading) introduces mild uncertainty. 

o The lower CI dropping to ₹481 suggests a risk not fully explained by the Z-Score, 

likely due to market sentiment rather than financial distress. 

 

Quantitative Insight 

 

 Missing Data: The simulation lacks volatility inputs tied to the financials. With 2018 

price data, we could correlate volatility with Z-Score components (e.g., leverage affecting 

downside).

 Implied Correlation: The Z-Score‘s ―Safe Zone‖ status limits extreme downside (e.g., 

lower CI at ₹481 is above distress levels), while the mild decline reflects market 

adjustment rather than financial weakness.

 

Practical Implication 

 

 Stability vs. Market Sentiment: The Z-Score (3.41) supports HAL‘s long-term viability, 

consistent with the upper CI‘s upside (₹621). The slight drop reflects a typical post-IPO 

correction, not financial instability.

 Risk Profile: The Z-Score tempers the lower CI‘s decline, ensuring it doesn‘t signal 

distress, while the upper CI‘s growth aligns with the D component‘s market confidence.

 

HAL is a financially robust defense PSU with a Z-Score of 3.41, strong margins (18.2% EBIT, 

11.3% net), and a P/E of 18.3. The Monte Carlo simulation forecasts a 2.9% decline (₹562 to 

₹546) over 30 days post-IPO, with a 14.5% downside risk (₹481) and 10.5% upside potential 

(₹621), reflecting a mild correction. At 3.41, HAL is in the Safe Zone, driven by profitability and 

market equity strength. The Z-Score‘s stability supports the simulation‘s upper CI upside, while 

the mild decline and moderate CIs highlight market-driven volatility (e.g., profit-taking) not fully 

tied to financial health. 
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 Summary 

This chapter aimed to evaluate and interpret the key findings derived from analyzing a selected 

group of companies that recently went public in the Indian stock market. Using a two-fold 

methodology combining financial risk assessment through the Altman Z-Score and market 

behaviour simulation via Monte Carlo techniques, the objective was to understand the relationship 

between a company's financial health and its short-term stock price movements after an IPO. 

 

The Altman Z-Score results consistently indicated that most of the companies included in the 

sample were financially stable at the time of listing, with scores well above the commonly accepted 

threshold for financial distress. This suggested a strong internal foundation, healthy balance sheets, 

and good liquidity and profitability levels across the board. 

 

In contrast, the Monte Carlo simulations, which modeled stock price behaviour over the first 30 

trading days post-IPO, revealed more varied patterns. While a few companies showed consistent 

upward price trends—indicating positive investor sentiment—others experienced declining or 

volatile stock prices, even in cases where their Z-Scores pointed to solid financial health. These 

discrepancies highlight a gap between how a company performs on paper and how it is perceived 

in the market immediately after going public. 

 

The analysis uncovered that a strong Z-Score does not always correlate with strong short-term 

market performance. Factors such as IPO pricing, market timing, investor sentiment, sectoral 

trends, and macroeconomic conditions play significant roles in influencing early stock movements. 

In some instances, companies with modest fundamentals saw significant market traction, while 

fundamentally strong firms experienced lukewarm responses. 

 

Overall, the results suggest that while financial indicators are essential for long-term investment 

decisions, they may not fully capture the nuances of short-term investor behaviour. The Monte 

Carlo simulation added valuable insight into the uncertainty and volatility faced by new listings. 

Together, both tools offered a more comprehensive risk assessment framework for IPO evaluation, 

revealing that a multidimensional approach is crucial for understanding the full spectrum of 

investment risk in the post-IPO phase. 
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CHAPTER 5 

DISCUSSION 

 

 Introduction 

The purpose of this chapter is to explore and interpret the key findings from the results presented 

earlier, connecting them to the broader research questions and theoretical framework outlined in 

the initial chapters. This discussion goes beyond reporting numbers—it aims to make sense of what 

those numbers reveal about investor risk, behaviour, and market dynamics in the context of Initial 

Public Offerings (IPOs) in the Indian stock market. 

 

By bringing together the insights from the Altman Z-Score analysis and the Monte Carlo 

simulations, this chapter examines how financial risk indicators align—or fail to align—with real- 

time stock performance following IPOs. While the Z-Score highlights the internal health and 

stability of a company, the Monte Carlo model helps capture the market‘s external response, 

particularly during the volatile early trading period. 

 

Through this lens, the chapter addresses patterns, inconsistencies, and correlations between a 

company's fundamental strength and investor behaviour post-IPO. It also explores the implications 

of these findings for investors, analysts, and policymakers. Importantly, this discussion doesn't just 

interpret the results—it also reflects on their practical meaning, their alignment with existing 

literature, and the value of using a dual-method approach for risk assessment in modern financial 

markets. 

 

By doing so, this chapter bridges the gap between theoretical constructs and empirical observations, 

providing a well-rounded understanding of the dynamics at play when companies transition from 

private to public ownership in India‘s evolving financial landscape. 

 

Discussion on Research Questions 

 

This section addresses the core research questions that guided this study, drawing upon the 

empirical results derived from Altman Z-Score analysis and Monte Carlo simulations. The 
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discussion attempts to connect the theoretical underpinnings of financial risk and market behavior 

with the real-world dynamics observed in the post-IPO performance of Indian companies. Each 

question is examined in light of the evidence collected, providing a nuanced understanding of 

how internal company metrics and external market responses shape investor risk in the IPO 

environment. 

 

5.2.1 How do Altman Z-Scores correlate with the post-IPO performance of companies? 

The Altman Z-Score, traditionally used as a bankruptcy prediction tool, served in this research as 

a measure of financial robustness at the time of a company‘s public listing. The expectation was 

that companies with higher Z-Scores—signaling stronger balance sheets, profitability, and 

liquidity—would exhibit more stable and favorable stock price behaviour post-IPO. 

 

The findings, however, suggest that the relationship between Z-Scores and post-IPO performance 

is not straightforwardly linear. While many companies with high Z-Scores did show steady or 

improving stock trends, others experienced volatility, decline, or sluggish movement despite strong 

fundamentals. For example, firms like Dixon Technologies and HAL exhibited excellent financial 

stability (with Z-Scores above 5), yet saw either muted or declining stock prices in the short term. 

This indicates that financial strength alone does not guarantee short-term market success. 

 

Market sentiment, investor expectations, sector momentum, and the pricing of the IPO also played 

significant roles in shaping how these stocks behaved post-listing. This implies that while Altman 

Z-Scores remain a valuable indicator of long-term sustainability, they are not sufficient as stand- 

alone predictors of immediate IPO performance. Financial health creates a foundation, but market 

dynamics ultimately determine short-term outcomes. 

 

5.2.2 Can Monte Carlo simulations provide an accurate probabilistic estimate of 

investment risk in IPOs? 

Monte Carlo simulation was applied in this study to model the potential price paths of IPO stocks 

during their first month of trading. By running thousands of simulations based on historical 

volatility and expected returns, the method provided a range of probable price outcomes, along 

with confidence intervals to capture potential extremes. 
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The simulation results were particularly useful in highlighting volatility risk and estimating 

downside exposure, especially for companies with uncertain or speculative investor sentiment. For 

example, in the case of Astron Paper, the simulation revealed a broad confidence band, showing 

high sensitivity to market volatility—despite the company‘s reasonable Z-Score. Similarly, 

Sandhar Technologies showed a consistent downward trajectory in average simulated prices, 

alerting to market risk even when financial stability was adequate. 

 

Overall, Monte Carlo simulations proved to be an effective tool for visualizing short-term market 

risk and offering probabilistic insight into possible price ranges. They allowed for the anticipation 

of extreme scenarios and helped identify stocks with greater short-term exposure to investor 

sentiment shifts. However, like any model, their accuracy is limited by the quality of input data 

and assumptions used. The model does not factor in sudden news, regulatory changes, or shifts in 

investor behaviour that aren't captured in historical volatility. 

 

Despite these limitations, the method proved valuable in constructing a quantitative picture of 

market uncertainty, especially in the unpredictable terrain of newly listed stocks. 

 

5.2.3 How do internal financial metrics and external market conditions jointly influence 

investor risk in IPOs? 

Perhaps the most revealing aspect of the research emerged from combining the insights of both 

Altman Z-Scores and Monte Carlo simulations. While each method offered unique insights on its 

own—one rooted in fundamentals, the other in probabilistic market behaviour—their joint 

application created a more comprehensive framework for understanding investor risk. 

 

Companies with both high Z-Scores and positive Monte Carlo trends—such as MIDHANI— 

presented a clear case of low-risk investment from both internal and external perspectives. On the 

other hand, companies with strong financials but poor market projections (e.g., HAL, Sandhar) 

revealed that even fundamentally sound businesses can face investor hesitation or IPO 

underperformance. In contrast, a few lower-scale firms with modest fundamentals but strong early 
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price movement pointed to the influence of speculative interest or market hype, often disconnected 

from financial indicators. 

This dual analysis underlined a key insight: investor risk in IPOs is shaped by the interplay of 

financial health and market psychology. Financial metrics help establish a baseline, reducing the 

chances of long-term failure, while market conditions and investor sentiment determine how the 

stock performs in the near term. 

 

For investors and analysts, this means that a single lens is insufficient. Relying solely on company 

fundamentals may overlook market risk, while focusing only on market trends may expose one to 

poor underlying businesses. A combined approach, as demonstrated in this study, offers a more 

balanced and strategic framework for evaluating IPOs. 

 

5.2.4 Conclusion of the Discussion 

Collectively, these discussions affirm that IPO success cannot be predicted by financial ratios 

alone, nor can it be fully explained by market simulations. A company may be strong on paper but 

still struggle to gain investor traction due to timing, sentiment, or overvaluation. Similarly, short- 

term stock movement might be favorable but unsustainable if not grounded in solid financials. 

 

Thus, the answers to the research questions point toward the importance of multi-layered risk 

assessment in IPO analysis—one that respects both the numbers and the narratives behind them. 

This integrated perspective not only strengthens academic understanding but also offers practical 

value to investors seeking to navigate the dynamic and often uncertain terrain of IPO investing. 

 

Discussion Related to Existing Literature 

 

This section reflects on how the findings of the present study align with, extend, or diverge from 

the body of academic literature related to IPO performance, investor risk, financial health 

indicators, and behavioral finance. By connecting the empirical results to established theories and 

prior research, we can better understand where this study contributes to existing knowledge—and 

where it challenges or adds nuance to prevailing ideas. 
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A central element of this research was the application of the Altman Z-Score to IPO companies. 

Historically, the Z-Score has been widely accepted as a reliable tool for predicting financial 

distress, particularly in manufacturing and capital-intensive industries. Altman (1968) initially 

developed this model to assess the likelihood of bankruptcy, and it has since been validated and 

adapted for various contexts. In alignment with these foundations, this study found that Z-Scores 

successfully indicated the financial stability of newly listed firms, with most scoring well above 

the danger threshold. This reinforces the findings of scholars like Hillegeist et al. (2004) and 

Grice & Ingram (2001), who emphasized the Z-Score‘s reliability as a forward-looking financial 

health indicator. 

 

However, this study also highlights a limitation in the predictive scope of the Z-Score— 

especially when applied to short-term post-IPO market performance. The results showed that 

several companies with high Z-Scores still experienced falling or volatile stock prices shortly 

after listing. This supports observations made in studies by Ritter (1991) and Loughran & Ritter 

(1995), who argued that IPO pricing and early performance are not always aligned with firm 

fundamentals. Their work demonstrated that short-term underperformance, often termed the ―IPO 

anomaly,‖ is common even among financially sound firms. The findings here echo that theme 

and confirm that market behavior often departs from rational expectations tied to financial data. 

 

In terms of Monte Carlo simulations, this research adds to the limited but growing body of 

literature that incorporates probabilistic modeling in the context of IPOs. While Monte Carlo 

methods are widely used in finance for pricing derivatives or risk management (Glasserman, 

2003), their application to IPO risk analysis remains underexplored. The simulations in this study 

effectively captured stock price volatility and provided insights into possible price movements in 

the early days of trading. These results align with the work of Brandt (2010), who suggested that 

simulation-based forecasting could offer more realistic market risk projections than static models. 

The confidence intervals derived from the simulations here helped quantify risk beyond 

traditional measures, particularly in highlighting downside scenarios that may not be apparent in 

financial ratios alone. 
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Another important thread in the literature is the role of investor psychology and market sentiment 

in determining IPO outcomes. Behavioral finance theorists such as Shiller (2000) and Barberis & 

Thaler (2003) have long argued that market prices often reflect emotional reactions, 

overconfidence, and herd behavior, rather than just intrinsic value. The divergence observed in 

this study between Altman Z-Scores and actual post-IPO price movement supports this 

behavioral viewpoint. For example, companies like HAL and Sandhar Technologies, despite 

having strong fundamentals, faced market skepticism or cooling interest, likely influenced by 

non-financial factors such as sector sentiment, government ownership, or timing within the 

broader market cycle. 

 

In exploring the combined impact of internal financial metrics and external market conditions, 

this study aligns with the multi-factor approaches proposed in more recent research. Scholars 

such as Purnanandam and Swaminathan (2004) and Ritter and Welch (2002) emphasized the 

need to consider both firm-specific and market-wide factors to truly assess IPO risk. The dual- 

framework applied in this thesis—pairing a financial health model with a market behavior 

simulation—supports this integrative approach. It shows that neither dimension alone offers a 

complete picture, but together, they provide a more comprehensive risk assessment that can be 

valuable to investors, analysts, and policymakers. 

 

Finally, this study contributes to ongoing conversations about IPO investment strategies in 

emerging markets, particularly India. Much of the existing IPO literature is based on Western 

markets, especially the U.S. However, the Indian IPO environment brings its own nuances— 

government divestments, regulatory factors, retail investor enthusiasm, and sectoral diversity all 

play a role. The findings here add a region-specific perspective, showing that while global 

models like the Z-Score and Monte Carlo remain applicable, they must be interpreted with 

contextual understanding of local investor behavior and listing dynamics. 

 

In summary, this research confirms and complements many themes found in existing literature, 

particularly the importance of financial health in long-term risk reduction and the influence of 

market sentiment on short-term stock performance. It also introduces a unique contribution by 

combining traditional financial analysis with simulation-based forecasting, providing a richer, 
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more dynamic view of IPO risk. The findings support the idea that successful IPO investing 

requires a multi-dimensional approach, acknowledging both numbers and narratives in equal 

measure. 

 

 Summary 

This chapter explored the key insights drawn from the results and examined how they relate to the 

broader themes and objectives of the study. The primary goal was to interpret what the data truly 

reveals about the nature of investor risk in IPOs, using a combination of financial analysis through 

Altman Z-Scores and market behaviour modeling through Monte Carlo simulations. 

 

The first major takeaway is that while Altman Z-Scores reliably reflect a company's internal 

financial strength, they do not always correlate with short-term stock performance after an IPO. 

This suggests that even companies with strong fundamentals can experience early price volatility 

or underperformance, often due to external factors like market sentiment, investor psychology, or 

sector-specific trends. In this regard, the study supports existing literature that highlights the 

unpredictable nature of IPO markets, especially in the short term. 

 

Monte Carlo simulations, on the other hand, offered a different but complementary perspective by 

revealing how stock prices might behave under various scenarios. These simulations were useful 

in showing the potential range of outcomes and risks faced by investors immediately following an 

IPO. While not predictive in a precise sense, they provided valuable context for understanding 

volatility, especially when interpreted alongside traditional financial metrics. 

 

A key contribution of this discussion was the realization that financial health and market behaviour 

are distinct but interrelated dimensions of IPO risk. Neither can be evaluated in isolation. Some 

companies with strong Z-Scores still faced weak market reception, while others with modest 

fundamentals performed well due to favorable timing or sentiment. The combination of both 

analytical tools helped paint a fuller picture, allowing for more accurate assessments of both short- 

term and long-term investment risk. 
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Finally, when viewed in light of existing research, the findings largely align with prior studies that 

caution against relying solely on balance sheet strength to gauge IPO success. At the same time, 

this study adds depth to that conversation by introducing simulation-based models into IPO 

analysis—a method not commonly used in this context but shown here to offer practical value. 

In essence, the discussion highlights the complexity of IPO investing, where numbers don‘t always 

tell the full story, and where understanding investor behaviour is just as critical as analyzing 

financial performance. This layered approach provides a more realistic view of risk, which is 

crucial for investors, analysts, and policymakers navigating the dynamic landscape of public 

market listings. 
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CHAPTER 6 

SUMMARY, IMPLICATION AND RECOMMENDATIONS 

 

Introduction 

 

This final chapter brings together the key insights of the research and reflects on what they mean 

for both academic understanding and practical application. After exploring the financial and 

market-based risks associated with IPO investments in earlier chapters, it is now important to step 

back and look at the bigger picture. This includes summarizing the most important findings, 

examining their broader implications for investors, policymakers, and financial analysts, and 

offering recommendations for future research or action. 

 

The chapter begins by revisiting the main objectives of the study and summarizing how the 

results addressed the core research questions. It then discusses the real-world relevance of these 

findings, particularly in the context of India‘s evolving IPO market. The emphasis here is on 

understanding how financial stability indicators and market simulations can be used together to 

improve risk assessment and decision-making. 

 

Finally, the chapter outlines recommendations that stem from the research—both for practitioners 

looking to refine their investment strategies and for academics seeking to explore this topic 

further. The aim is not only to conclude the study but to provide meaningful takeaways that can 

contribute to more informed, balanced, and effective engagement with IPOs in dynamic market 

environments. 

 

Summary 

 

This thesis set out to explore a complex and increasingly relevant question in financial markets: 

how can investors better estimate risk when evaluating companies going public? Specifically, the 

study focused on IPOs in the Indian stock market and investigated whether traditional financial 

health indicators, such as the Altman Z-Score, and more dynamic models like Monte Carlo 

simulations, could provide meaningful insight into the risks faced by investors during the early 

post-IPO period. 
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The research began by establishing the foundation for why this topic matters. IPOs are inherently 

risky—newly listed companies lack long-term market history, and investor sentiment often 

fluctuates wildly in the days and weeks following a listing. While some companies succeed and 

reward early investors handsomely, others fail to meet expectations despite appearing financially 

sound. This unpredictable behavior raises important questions about how risk is understood, 

measured, and managed. 

 

To investigate this, the thesis applied a two-pronged methodology. The first was a quantitative 

financial analysis using the Altman Z-Score, which evaluates a firm‘s financial stability by 

considering factors like working capital, profitability, and leverage. The second involved a Monte 

Carlo simulation model that generated thousands of potential stock price paths for the first 30 

days post-IPO, helping to map out the short-term market volatility that investors could face. 

 

Data from a range of recent IPOs in India was collected and analyzed. Companies were chosen 

from different industries to offer a diverse perspective. For each firm, the Altman Z-Score was 

calculated using available financial statements from the first post-IPO year. Monte Carlo 

simulations were then run using historical price data from the first month after listing, providing a 

probabilistic view of short-term stock behavior. 

 

The findings offered several key insights. First, companies with high Z-Scores were generally 

financially stable, but this did not always guarantee strong stock performance in the short term. In 

some cases, stocks declined or remained flat despite strong balance sheets. Conversely, a few 

companies with weaker fundamentals experienced price gains, highlighting the role of market 

sentiment, IPO pricing, and investor expectations. This confirmed that while the Z-Score is a 

strong indicator of long-term health, it cannot fully explain the volatility or direction of short- 

term market movements. 

 

Monte Carlo simulations proved to be a valuable complement to financial analysis. They helped 

identify the range of possible outcomes and revealed stocks that were more exposed to downside 

risk, even when they appeared stable financially. The simulations also reflected how price paths 

could vary widely based on historical volatility, adding a useful layer of context for investors. 
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One of the most important contributions of this thesis is the recognition that investor risk in IPOs 

is multi-dimensional. Relying on a single metric or model can result in an incomplete or 

misleading assessment. Instead, combining financial indicators like the Z-Score with tools that 

model market behavior, such as Monte Carlo simulations, offers a more complete framework for 

evaluating IPO risk. 

 

In addition to addressing the core research questions, this study also contributes to existing 

literature by applying these models to the Indian IPO market—an area that has seen rapid growth 

but remains underexplored in academic research. It shows that global financial tools can be 

adapted and applied in emerging market contexts but must be used with an awareness of local 

investor behavior and market dynamics. 

 

In conclusion, the thesis emphasizes the importance of integrated risk analysis when it comes to 

IPO investing. Financial health matters, but so does timing, sentiment, and market structure. 

Investors, analysts, and policymakers can benefit from adopting a more holistic approach to IPO 

evaluation—one that blends traditional financial metrics with dynamic modeling techniques to 

better understand and prepare for the risks that come with taking a company public. 

 

Implications 

 

This thesis contributes valuable insights into the intersection of financial theory, market behavior, 

and investor decision-making in the context of Initial Public Offerings (IPOs) in the Indian stock 

market. The use of both Altman Z-Scores and Monte Carlo simulations presents a multi-faceted 

approach to understanding risk, offering important implications for multiple stakeholders— 

investors, financial analysts, companies planning IPOs, and academic researchers. This section 

unpacks these implications in detail, highlighting how the findings can be applied and what they 

reveal about the realities of modern IPO investment strategies. 

 

6.3.1.1 Implications for Investors 

 

For individual and institutional investors, this study reinforces a crucial point: financial health 

does not automatically translate into short-term market performance. Many investors often rely 
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heavily on financial statements and traditional metrics like profit, debt ratio, or revenue growth 

when deciding whether to invest in an IPO. While these indicators are certainly useful, the results 

of this thesis suggest that they provide only part of the picture. 

 

The Altman Z-Score, for instance, does a reliable job of flagging companies that are financially 

secure or at risk of distress. However, even firms with high Z-Scores experienced post-IPO price 

declines or volatility. This signals that investors should also factor in market conditions, sector 

trends, investor sentiment, and the timing of the IPO. Simply put, a good balance sheet cannot fully 

protect a stock from short-term market forces. 

 

Monte Carlo simulations, in this context, offer investors a tool for visualizing the range of risk, not 

just in theoretical terms, but in possible price movements. This probabilistic forecasting approach 

can help investors set realistic expectations, understand worst-case scenarios, and assess volatility 

levels. For IPOs—where historical data is limited—this model becomes even more valuable, 

offering a way to simulate and prepare for uncertain outcomes. 

 

In practice, investors should be encouraged to look at IPO opportunities through both lenses— 

financial strength and market behaviour—and use this dual understanding to build more informed 

and balanced portfolios. This is especially important for retail investors, who often rely on media 

hype or short-term trends without fully understanding the risk they are taking on. 

 

6.3.1.2 Implications for Financial Analysts and Advisors 

For financial professionals who guide investment decisions, the findings highlight the need to move 

beyond single-metric evaluation frameworks. While Z-Scores remain an effective screening tool, 

they are best viewed as a starting point rather than a definitive signal. Financial advisors should 

consider integrating stochastic modeling techniques—such as Monte Carlo simulations—into their 

risk analysis processes, especially for IPOs and other high-uncertainty investment products. 

 

Moreover, this study shows the importance of tailoring analysis to time horizons. Financial ratios 

are often aligned with long-term stability, whereas simulations can better capture short-term 
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volatility. Financial advisors should help clients distinguish between these perspectives depending 

on their investment goals—whether they are looking for long-term growth or short-term gains. 

 

In addition, the ability to present investment risk visually and probabilistically can improve 

communication with clients. Showing a Monte Carlo simulation graph with confidence intervals 

can be far more intuitive than explaining statistical ratios. This not only aids in decision-making 

but also builds trust through transparency about the level of uncertainty involved in any given 

investment. 

 

6.3.1.3 Implications for Companies Planning IPOs 

For companies preparing to go public, the thesis offers a strategic insight: investor perception 

matters as much as financial strength. Firms often focus on optimizing their financial statements to 

look attractive before an IPO, but this research suggests that pre-listing market sentiment, valuation 

strategy, and industry context significantly influence post-IPO performance. 

 

Companies must understand that even a strong Z-Score may not guarantee a favorable market 

response if the IPO is poorly timed or priced too aggressively. On the other hand, companies with 

moderate financials may see positive stock performance if the listing occurs during a bullish market 

or if there is strategic investor engagement. 

 

This implies that IPO planning should not only involve accounting and finance departments, but 

also market strategists, investor relations teams, and behavioral economists, to build a holistic 

narrative around the offering. The use of simulated pricing scenarios, such as those generated 

through Monte Carlo modeling, can also help companies set more realistic price bands, manage 

investor expectations, and avoid post-listing volatility. 

 

6.3.1.4 Implications for Policy Makers and Regulators 

At a broader level, this study also has relevance for regulators and policymakers. As the IPO market 

in India continues to grow, it is essential to ensure that investors—especially retail participants— 

have access to comprehensive risk disclosure mechanisms. Currently, most IPO prospectuses 
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contain extensive financial data but do not always explain market-related risks in behavioral or 

probabilistic terms. 

 

Regulators like SEBI could consider encouraging companies to include risk simulation reports or 

scenario analyses in their disclosures, particularly for high-risk or high-volatility sectors. This 

would enhance transparency and improve investor protection. In addition, investment education 

initiatives should focus more on teaching risk awareness—not just how to read a balance sheet, but 

how to interpret uncertainty and probability in stock price movements. 

 

6.3.1.5 Implications for Academic Research and Education 

Finally, this thesis contributes to academic literature by showing how traditional financial models 

and modern simulation techniques can complement each other. This methodological combination 

opens up new directions for research—not just in IPO analysis, but across all areas where financial 

forecasting is complicated by uncertainty. 

 

It also challenges business and finance education to adopt more interdisciplinary teaching 

approaches. Future finance professionals must understand accounting, statistics, behavioral 

economics, and data science to fully grasp modern investment risk. Universities can integrate 

Monte Carlo simulations, risk visualization tools, and case-based learning into their curriculum to 

bridge this gap. 

 

Moreover, the study demonstrates that more empirical work is needed in emerging markets like 

India, where investor behaviour and regulatory environments differ significantly from those in 

Western economies. Scholars can expand on this research by testing the same dual-framework 

approach across different time periods, sectors, or in relation to macroeconomic events such as 

interest rate changes or global financial shocks. 

 

Conclusion 

In summary, the implications of this thesis are both practical and far-reaching. It reinforces the idea 

that understanding IPO risk requires more than just financial analysis—it demands a recognition 

of market psychology, uncertainty, and timing. Whether you are an investor, advisor, company, 
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regulator, or researcher, the key takeaway is clear: risk is multi-dimensional, and our tools to 

understand it must evolve accordingly. 

By combining a traditional model like the Altman Z-Score with a forward-looking tool like Monte 

Carlo simulation, this study presents a more comprehensive, realistic, and applicable way of 

evaluating IPOs in today‘s volatile markets. This approach can inform smarter decisions, reduce 

unexpected losses, and ultimately support the development of a more transparent and efficient 

capital market ecosystem. 

 

Future Recommendation 

 

While this study has provided valuable insights into assessing investor risk in IPOs through the 

combination of Altman Z-Scores and Monte Carlo simulations, it also opens the door to a number 

of future research opportunities. As with any academic investigation, the scope of this thesis was 

shaped by time, data availability, and methodological constraints. However, there are several 

areas where future scholars can build upon this work, explore new angles, or expand the depth 

and applicability of the findings. 

 

 Expanding the Dataset 

This study focused on a selected sample of Indian IPOs from recent years to maintain 

consistency in market conditions and data structure. Future research can expand this sample 

to include a larger pool of companies across different time frames, sectors, and geographies. 

By increasing the sample size, researchers can generate stronger statistical generalizations 

and uncover sector-specific patterns in IPO risk. 

 

Additionally, incorporating cross-border IPOs or listings from other emerging markets can 

offer comparative insights and help determine whether the relationships observed in the 

Indian context hold true elsewhere. This comparative approach would be especially useful 

in understanding the role of regional investor sentiment, regulatory structures, and 

macroeconomic factors. 

 

 Incorporating Additional Risk Metrics 
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While the Altman Z-Score provides a solid foundation for assessing financial health, it is 

still a single model that may not capture every nuance of a company‘s financial condition. 

Future studies could explore the use of other financial risk models, such as the Ohlson O- 

Score, Zeta model, or Piotroski F-Score, and compare their predictive power with the Z- 

Score in the context of IPOs. 

 

Similarly, researchers can explore combining technical indicators, sentiment analysis, and 

macroeconomic risk variables to create a multi-layered risk model. This would provide a 

more holistic view of IPO risk, especially when attempting to capture early-stage investor 

behaviour or market anomalies. 

 

 Enhancing Monte Carlo Simulation Parameters 

This study used Monte Carlo simulations to project stock price behaviour using historical 

volatility and return data. While this method proved valuable, future research could 

consider refining the simulation inputs by integrating real-time market indicators, such as 

investor sentiment indices, trading volume patterns, or implied volatility. 

 

Moreover, incorporating machine learning algorithms to adjust the simulation‘s probability 

distributions could lead to more accurate and adaptive models. These hybrid approaches— 

blending traditional finance with data science—are increasingly relevant in today‘s fast- 

paced market environment and could provide more granular insight into how prices might 

behave under varying real-world scenarios. 

 

 Studying Long-Term Post-IPO Performance 

This thesis focused primarily on the short-term behaviour of IPO stocks, particularly the 

first 30 trading days. While this time frame captures immediate investor sentiment and 

market reaction, it does not reflect how the stock performs over the medium to long term. 

 

Future researchers may wish to explore the correlation between initial risk indicators and 

1–3-year stock performance. This would provide a more comprehensive picture of how 
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early price volatility aligns with eventual value creation or erosion. It would also help 

clarify whether companies that underperform immediately after listing recover later or 

continue on a downward trajectory. 

 

 Behavioural Finance and Investor Psychology 

Although this study acknowledges the role of market sentiment, it did not deeply explore 

the behavioral drivers behind investor decisions. Future research could integrate principles 

from behavioral finance to examine why certain IPOs attract irrational exuberance or why 

fundamentally sound companies are overlooked. 

 

By conducting surveys or sentiment analysis using social media and financial news, 

researchers could better quantify how investor psychology impacts IPO outcomes. This 

approach could be particularly useful in understanding patterns like oversubscription, panic 

selling, or speculative buying. 

 

 Sector-Specific Analysis 

Another avenue for future research is a sector-specific deep dive. IPOs behave differently 

across industries—what drives the success of a tech startup may not apply to a 

manufacturing firm or a government-backed entity. By analyzing IPOs within defined 

sectors (e.g., fintech, pharma, infrastructure), researchers can identify unique risk factors, 

investor expectations, and pricing dynamics that are often hidden in aggregated studies. 

 

Such insights would be especially beneficial for investors and analysts who focus on sector- 

based investment strategies. 

 

 Impact of Regulatory and Policy Changes 

The IPO landscape in India and globally is shaped by frequent changes in regulation, listing 

norms, and disclosure requirements. Future studies can explore how specific policy 

reforms—such as changes in minimum public shareholding norms, changes in SEBI 
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guidelines, or global events like pandemic-driven policy shifts—impact IPO risk and 

performance. 

 

This would not only add a policy perspective to the discussion but also help regulators 

understand how market frameworks influence investor protection and company valuations. 

 

In sum, the findings of this thesis provide a strong starting point for understanding the dual nature 

of IPO risk: financial stability on one side, and market behavior on the other. However, the 

complexity of financial markets means there is always more to learn and uncover. Future research 

can benefit greatly from widening the data scope, integrating alternative models, diving into 

behavioral aspects, and exploring longer time horizons. By continuing to evolve our methods and 

perspectives, we can move closer to building a more accurate, reliable, and investor-friendly 

framework for assessing IPO risk in today‘s dynamic market environment. 

 

Recommendation for Actions 

 

Based on the insights drawn from this research, several practical steps can be taken by different 

stakeholders in the financial ecosystem to enhance decision-making, reduce investor risk, and 

improve the overall evaluation and performance of IPOs. These recommendations are grounded 

in the findings that emerged from applying the Altman Z-Score and Monte Carlo simulations, 

both of which highlighted the need for a more comprehensive, data-informed, and behavior- 

aware approach to IPO investing. 

 

 For Individual and Institutional Investors 

 

Investors should move beyond relying solely on traditional financial metrics or market 

sentiment when evaluating IPOs. While a company‘s financials—measured by indicators 

like the Altman Z-Score—offer valuable information about its internal health, they do not 

capture the uncertainty of short-term price behavior. Investors are advised to: 
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 Adopt a two-layered approach that combines financial analysis with market 

behavior modeling (e.g., Monte Carlo simulations) to gain a realistic sense of 

volatility and risk. 

 Pay close attention to IPO timing, pricing, and sector trends, as these often 

influence short-term price movements more than financial strength alone. 

 Avoid overexposure to newly listed stocks, especially those with unclear earnings 

histories, and diversify across sectors and company sizes to balance risk. 

 Monitor stock performance beyond the initial listing period, allowing time for 

prices to stabilize before making significant portfolio adjustments. 

 

 For Financial Advisors and Market Analysts 

 

Advisors and analysts play a critical role in guiding clients and interpreting IPO 

opportunities. The findings of this research suggest that many traditional risk models are 

limited when applied in isolation. Therefore, financial professionals should: 

 

 Incorporate simulation-based tools into their analysis and reporting practices to help 

clients understand a range of possible investment outcomes. 

 Educate clients on the distinction between short-term market movements and 

long-term financial health, especially in IPO environments where emotions can run 

high. 

 Use risk visualization techniques (e.g., probability curves, confidence intervals) to 

better communicate uncertainty and potential price fluctuations. 

 Stay updated on behavioral finance research, as investor psychology increasingly 

shapes short-term stock movements, especially in speculative IPOs. 

 

 For Companies Planning IPOs 

 

Firms preparing for a public offering should recognize that market performance post- 

listing is influenced by more than just financial disclosures. While a healthy Altman Z- 

Score may signal strength, investor perception and timing often determine real outcomes. 

Companies can take the following actions: 
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 Strategically plan the IPO timeline based on market cycles, investor appetite, and 

broader economic signals. 

 Develop more transparent and accessible prospectuses, possibly including 

simulated risk projections or scenario analyses, to help investors make informed 

decisions. 

 Engage early with the investor community through roadshows, webinars, and 

analyst briefings to build trust and manage expectations around valuation. 

 Align pricing strategies with realistic market expectations, avoiding overvaluation 

that can lead to poor stock performance even if the company is fundamentally strong. 

 

 For Regulators and Policymakers 

 

To ensure investor protection and enhance the credibility of capital markets, regulatory 

bodies such as SEBI can play an active role by improving risk disclosure standards and 

encouraging best practices across the IPO ecosystem. Specific actions may include: 

 

 Mandating the inclusion of risk assessment tools (e.g., Monte Carlo projections, 

volatility bands) in IPO documentation, especially for high-risk or unproven 

companies. 

 Creating investor education programs that go beyond reading financial statements 

to include risk modeling, behavioral finance principles, and market psychology. 

 Monitoring IPO performance over time to identify patterns of systemic 

underperformance, potentially leading to better regulation of pricing and listing 

procedures. 

 Encouraging research and development of innovative tools that allow more 

accurate, data-driven risk forecasts tailored for retail investors. 

 

 For Academic Institutions and Educators 

 

Given the evolving complexity of IPO markets, academic institutions can help future 

finance professionals become better equipped to analyze and manage risk. Actions they 

can take include: 
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 Updating finance and investment curricula to include modern tools such as Monte 

Carlo simulations, predictive analytics, and behavioral finance case studies. 

 Promoting interdisciplinary learning, encouraging students to bridge finance, 

psychology, data science, and economics when studying financial markets. 

 Encouraging student-led research on local IPOs, especially in emerging markets 

like India, to build contextual expertise and contribute to practical knowledge. 

 

The IPO market continues to evolve rapidly, shaped by changing investor behavior, technological 

advancement, and shifting global dynamics. This study‘s findings highlight that no single model 

or metric can fully capture the complex nature of IPO risk. Therefore, actionable steps must be 

taken across the spectrum—from investors and companies to regulators and educators—to foster 

a more holistic, informed, and risk-conscious approach. 

 

By embracing a combination of financial analysis, market modeling, and behavioral insight, 

stakeholders can make smarter decisions, reduce unnecessary exposure, and contribute to a more 

transparent and resilient financial ecosystem. The recommendations outlined above aim to turn 

the theoretical contributions of this research into real-world strategies that can drive meaningful 

change in how IPOs are evaluated and experienced in the Indian market and beyond. 

 

 Conclusion 

This thesis set out to explore a critical area within modern finance—understanding and assessing 

investor risk in companies going public. With IPOs continuing to attract attention in capital 

markets, especially in fast-growing economies like India, the need for more reliable and practical 

tools for risk evaluation has never been greater. While much of the existing research has focused 

either on financial fundamentals or market-based performance, this study aimed to bridge that gap 

by integrating both perspectives through the use of Altman Z-Scores and Monte Carlo simulations. 

The core objective of the research was to examine whether these two models—one focused on 

internal financial health, and the other on probabilistic market behaviour—could jointly offer a 

more comprehensive understanding of the risk investors face when participating in an IPO. Three 

key research questions guided the study: the correlation between Z-Scores and IPO performance, 
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the effectiveness of Monte Carlo simulations in projecting market risk, and the combined impact 

of financial stability and external conditions on investor outcomes. 

Throughout the thesis, a sample of Indian IPOs was carefully selected and analyzed, representing 

a range of sectors, sizes, and listing years. Financial data was used to calculate each company‘s Z- 

Score, providing insight into their solvency, profitability, and capital structure. Parallel to this, 

Monte Carlo simulations were run to model stock price behaviour over the first 30 days of public 

trading, capturing early market volatility and investor sentiment in a probabilistic framework. 

The results from the study offered several important insights. First, the Altman Z-Score proved to 

be a reliable indicator of financial soundness. Most companies with higher Z-Scores demonstrated 

strong internal financial structures and low bankruptcy risk. However, the post-IPO market 

performance of these companies was often not aligned with their financial health. Several firms 

with excellent Z-Scores experienced price drops, while others with weaker fundamentals enjoyed 

short-term gains. This finding clearly suggests that financial strength alone does not predict IPO 

success in the short term. 

Second, the Monte Carlo simulations added a valuable layer to the analysis by showing how prices 

could evolve under different market conditions. These simulations were especially helpful in 

quantifying the uncertainty and volatility that typically accompany new listings. By providing 

confidence intervals and multiple price path projections, the model allowed a more dynamic 

understanding of the risks investors might face during the crucial early period after an IPO. The 

use of this tool proved that risk is not static—it is fluid and shaped by multiple external forces. 

Perhaps the most important takeaway from this research lies in the interaction between internal and 

external risk indicators. Companies with strong fundamentals were not always rewarded by the 

market, and those with higher volatility did not always correlate with financial weakness. This 

disconnect highlights the multifaceted nature of investor risk in IPOs. It also underscores the 

importance of combining both financial and behavioural lenses when analysing new listings. In 

other words, understanding a company‘s books is only half the story; understanding how the market 

reacts to those books is just as crucial. 

From a practical standpoint, the study has generated several implications. Investors, for example, 

should avoid relying solely on company fundamentals or IPO hype. Instead, a dual-evaluation 

framework that includes both stability metrics and market simulations can help build a more 

realistic and risk-aware investment strategy. Financial advisors and analysts are encouraged to 
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incorporate simulation-based tools into their analysis, particularly when assessing stocks with 

limited historical data, as is often the case with IPOs. 

For companies considering going public, the findings offer a reminder that market perception 

matters just as much as financial strength. A healthy balance sheet may make a company 

fundamentally attractive, but timing, pricing, and investor communication will ultimately shape its 

short-term performance in the market. This calls for a more strategic approach to IPO planning— 

one that includes both financial preparation and behavioural insights. 

In addition to these practical contributions, the research also adds to academic literature by 

introducing a hybrid methodology that combines traditional accounting-based analysis with 

forward-looking simulations. While Altman Z-Scores have been widely studied, their application 

in IPO contexts remains relatively limited. Likewise, Monte Carlo simulations are commonly used 

in option pricing or portfolio risk modelling, but less so in IPO evaluation. This thesis therefore 

contributes an innovative approach to IPO risk research, especially in the context of emerging 

markets like India. 

The limitations of this study must also be acknowledged. The sample size, while diverse, was 

constrained by data availability and focused primarily on Indian companies. As such, the findings 

may not fully generalize to other regions or to IPOs with significantly different regulatory or market 

environments. Additionally, while Monte Carlo simulations provide valuable insights into market 

behaviour, they are still based on historical data and assumptions that may not fully account for 

unpredictable external shocks or behavioural anomalies. 

Nonetheless, these limitations present opportunities for future research. Expanding the study across 

different countries, industries, or market cycles could enhance the applicability of the findings. 

Further studies could also experiment with alternative financial models, integrate real-time 

sentiment analysis, or explore how regulatory frameworks influence IPO outcomes. As capital 

markets continue to evolve with technology, globalization, and changing investor behaviour, the 

tools and approaches for assessing risk must evolve too. 

In conclusion, this thesis demonstrates that understanding IPO risk requires a broader and more 

nuanced approach than is typically applied. Financial metrics like the Altman Z-Score provide a 

vital starting point, but they must be supplemented with dynamic models like Monte Carlo 

simulations to capture the full range of risk factors at play. By combining these perspectives, this 
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study offers a richer, more realistic view of what investors are up against when they put their money 

into a newly listed company. 

Ultimately, the goal of this research was not just to identify risks, but to offer a framework that 

helps make them more visible, understandable, and manageable. In a market where opportunity 

and uncertainty walk hand in hand, that visibility can make all the difference. 
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