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Understanding the Impact of Algorithmic Trading on Indian 
Financial Markets: A Quantitative Analysis 

 
 

Abstract 

This paper explores the transformative impact of algorithmic trading on the Indian financial 
markets, with a focus on market volatility, liquidity, and efficiency. Using a mixed-methods 
approach, the study combines quantitative analysis of historical trading data from the 
Bombay Stock Exchange (BSE) and National Stock Exchange (NSE) with qualitative insights 
from regulatory filings and industry reports. The findings highlight significant benefits, 
including enhanced liquidity, tighter spreads, and improved execution speed. However, 
challenges persist, such as short-term volatility spikes and the risk of systemic disruptions 
during flash crashes. Regulatory interventions, like SEBI’s circuit breakers and AI 
surveillance systems, have mitigated some risks, but ongoing challenges in equitable 
infrastructure access remain. The study concludes with recommendations to balance 
technological innovation with market stability, advocating a hybrid approach that integrates 
algorithmic precision with human oversight to ensure efficiency and resilience in an 
increasingly automated trading ecosystem. 
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1. INTRODUCTION 

Algorithmic trading, defined as the automation of trading strategies through the use of 
computer algorithms, has transformed financial markets globally, significantly altering the 
way transactions are executed and markets function. In India, the adoption of algorithmic 
trading began with regulatory approvals by the Securities and Exchange Board of India 
(SEBI) in the early 2000s, allowing institutional investors to integrate technology into trading 
processes. This marked the onset of a paradigm shift in market dynamics, with algorithms 
gradually replacing manual trading and introducing unprecedented efficiency, speed, and 
accuracy into the Indian financial markets.The core principle of algorithmic trading lies in 
leveraging computer systems to execute trades based on pre-defined instructions. These 
instructions encompass variables such as price, volume, and timing, enabling market 
participants to optimize trading decisions and minimize costs. As a result, algorithmic trading 
has not only streamlined the execution of trades but also significantly contributed to market 
liquidity. High-frequency trading (HFT), a subset of algorithmic trading characterized by 
rapid order executions and short holding periods, has further accelerated this transformation, 
accounting for a significant share of trading volumes on the Bombay Stock Exchange (BSE) 
and National Stock Exchange (NSE).However, alongside its undeniable benefits, algorithmic 
trading has raised pertinent concerns about market stability and fairness. Critics argue that the 
reliance on algorithms introduces risks of "flash crashes," where automated trading systems 
trigger sudden and extreme price movements within seconds. For instance, the May 6, 2010, 
"Flash Crash" in the U.S. financial markets, partially attributed to algorithmic trading, saw 
the Dow Jones Industrial Average plummet nearly 1,000 points in minutes before quickly 
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recovering (Kirilenko et al., 2017). In India, similar albeit smaller instances of abrupt price 
swings have raised alarms about the potential for systemic risks in an increasingly automated 
trading ecosystem. 

This paper seeks to quantify and contextualize the impact of algorithmic trading in India by 
examining its dual role as a driver of market efficiency and a potential source of instability. 
By analyzing both quantitative market data and qualitative insights, the study aims to provide 
a comprehensive understanding of how algorithmic trading influences key market metrics 
such as liquidity, volatility, and investor behavior. It also explores the implications of 
regulatory interventions and the broader lessons they offer for managing the interplay 
between technology and market dynamics. Through this investigation, the paper aims to 
contribute to the ongoing discourse on algorithmic trading, offering insights relevant to 
policymakers, market participants, and academic researchers. 

 

2. LITERATURE REVIEW 

The global landscape of algorithmic trading has been extensively studied over the years, with 
a significant focus on its implications for liquidity, efficiency, and market dynamics. Scholars 
such as Hendershott et al. (2011) have provided evidence that algorithmic trading contributes 
positively to market liquidity by narrowing bid-ask spreads and enhancing price discovery. 
These findings are crucial in understanding how automated trading systems can stabilize 
markets under normal conditions. However, the applicability of these findings to emerging 
markets like India is limited due to unique market characteristics, including a significant 
retail investor base, infrastructural challenges, and evolving regulatory frameworks. 

2.1 Global Perspectives on Algorithmic Trading 

Globally, the adoption of algorithmic trading has been linked to improved market efficiency 
and execution quality. Research by Brogaard et al. (2016) highlights the role of high-
frequency trading (HFT) in market-making; emphasizing that HFT firms provide liquidity 
and contribute to tighter spreads. At the same time, studies like those by Kirilenko et al. 
(2017) warn of the potential systemic risks associated with algorithmic trading, particularly 
during periods of market stress. For instance, their analysis of the 2010 "Flash Crash" in the 
U.S. underscores how algorithmic traders, reacting to price movements at unprecedented 
speeds, can exacerbate volatility rather than mitigate it. 

In addition, Johnson and Smith (2017) discuss the challenges of implementing algorithmic 
strategies in emerging markets, noting that regulatory hurdles, infrastructure gaps, and lower 
levels of market automation pose significant barriers. These factors, while prevalent globally, 
are especially pronounced in the Indian context, where regulatory evolution and technological 
adoption have only recently begun to bridge the gap with developed markets. 

2.2 Indian Research on Algorithmic Trading 

Indian-specific research on algorithmic trading remains in its nascent stages, reflecting the 
relatively recent adoption of these technologies in the country’s financial markets. Ramkumar 
(2018) conducted a seminal study on the adoption of algorithmic trading in the NSE and 
BSE, highlighting the rapid increase in algorithm-driven transactions. According to the study, 
the share of algorithmic trading in total market volumes rose from under 10% in the early 
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2010s to over 40% in recent years, driven by advances in technology and regulatory 
approvals for co-location services. This growth underscores the relevance of algorithmic 
trading in shaping market behavior in India. 

While increased automation has reduced human errors and improved trade execution, 
concerns persist about its implications for market stability. Khandani et al. (2013) explored 
systemic risks in algorithmic trading, emphasizing that while algorithms can reduce manual 
trading errors, they may also contribute to market disruptions under stress. Their findings 
resonate with Indian market conditions, where episodes of sudden volatility, often linked to 
algorithmic trading, have sparked debates about its broader implications. 

2.3 Regulatory and Technological Context 

The role of regulation in shaping algorithmic trading practices in India is particularly 
noteworthy. SEBI has been proactive in introducing measures to address the risks associated 
with algorithmic trading. These include mandatory resting times for orders, advanced 
surveillance systems to detect market manipulation, and restrictions on co-location services to 
ensure a level playing field. Research by Biais et al. (2015) suggests that such regulatory 
interventions are crucial for maintaining market integrity, particularly in emerging markets 
where the potential for abuse or market manipulation is higher. 

Technological advancements also play a critical role in the evolution of algorithmic trading in 
India. The development of low-latency trading infrastructure and the increasing use of cloud 
computing and big data analytics have enabled market participants to deploy sophisticated 
trading strategies. Studies such as Chen and Wang (2015) highlight how these advancements 
can enhance market efficiency while simultaneously introducing new challenges, such as the 
need for robust risk management systems. 

Integration of Global and Indian Insights 

This paper builds on these global and Indian insights by integrating quantitative data analysis 
with qualitative evaluations of regulatory frameworks. By analyzing historical data from the 
BSE and NSE and assessing the effectiveness of SEBI's regulatory measures, this research 
aims to provide a comprehensive understanding of algorithmic trading’s impact on the Indian 
financial markets. It contributes to the literature by bridging the gap between global best 
practices and the unique characteristics of the Indian market. 

In conclusion, the literature underscores the dual role of algorithmic trading as both a driver 
of innovation and a potential source of systemic risk. While global research provides a 
foundation for understanding the benefits and challenges of algorithmic trading, Indian 
studies highlight the need for localized approaches to regulation and market infrastructure. 
This review lays the groundwork for the subsequent sections of the paper, which aim to 
empirically quantify the impact of algorithmic trading on Indian financial markets. 

3. OBJECTIVES OF THE STUDY 

 To investigate the relationship between algorithmic trading and market volatility in 
Indian markets. 

 To assess the role of high-frequency trading in market liquidity and efficiency. 

 To evaluate regulatory responses to the challenges posed by algorithmic trading. 
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4. METHODOLOGY 

This study employs a mixed-methods approach to examine the impact of algorithmic trading 
in India. The methodology is divided into two components: 

Quantitative Analysis 

 Data Collection: Historical trading data from NSE and BSE spanning 2015-2023. 

 Variables: Market volatility (standard deviation of returns), liquidity (bid-ask spread), 
and trading volumes. 

 Techniques: 

o Regression Analysis: To determine the relationship between algorithmic 
trading volumes and market metrics. 

o Event Studies: Analysis of flash crash events to measure the immediate and 
residual effects of algorithmic trading. 

o Time Series Analysis: Identification of patterns linking algorithmic trading 
with key market dynamics over time. 

Qualitative Analysis 

 Document Analysis: Review of SEBI’s regulatory measures, including circulars on 
co-location services and order-to-trade ratios. 

 Content Analysis: Examination of industry reports and public sentiment on 
algorithmic trading’s perceived benefits and risks. 

Ethical Considerations 

 Ensured data anonymity and compliance with regulatory guidelines. 

 Transparent disclosure of data sources. 

5. ANALYSIS 

5.1 Impact on Market Volatility 

Volatility trends analyzed alongside algorithmic trading volumes and flash crash details 

Table 1: Algorithmic Trading and Volatility Analysis  

Year Algo 
Trading 
Volume 
(%) 

Volatility 
(Daily 
Returns, SD) 

Flash 
Crashes 
(Count) 

Avg Flash 
Crash 
Duration 
(Minutes) 

Max 
Price 
Swing 
(%) 

Min 
Price 
Swing 
(%) 

2015 18 1.20 1 8 -5.5 -3.1 
2016 24 1.32 1 12 -6.1 -4.8 
2017 32 1.40 2 14 -7.2 -5.2 
2018 39 1.55 1 11 -6.8 -4.7 
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2019 45 1.62 2 9 -7.9 -5.3 
2020 50 1.72 3 15 -8.5 -6.0 
2021 54 1.65 2 13 -7.6 -5.0 
2022 56 1.68 1 10 -7.1 -5.4 
2023 58 1.60 0 NA NA NA 
Sources:NSE Historical Data, SEBI Flash Crash Reports and BSE Market Trends Analysis 
Report  

Fig .1  

 

Algorithmic trading has significantly impacted market volatility in India, as evidenced by the 
increasing volumes of algorithmic trades and their correlation with volatility metrics between 
2015 and 2023. During this period, algorithmic trading volumes rose from 18% in 2015 to 
58% in 2023, while the volatility of daily returns, measured by the standard deviation, 
fluctuated in response to market conditions. The year 2020 marked a peak in volatility at 
1.72, coinciding with three flash crashes and the highest average flash crash duration of 15 
minutes. These crashes caused significant price swings, with maximum deviations reaching -
8.5%. However, after 2020, volatility began to stabilize despite further growth in algorithmic 
trading volumes, indicating that enhanced market mechanisms and regulatory interventions 
might have mitigated some destabilizing effects. By 2023, flash crashes were no longer 
recorded, suggesting improved resilience, although algorithmic trading remains a potential 
amplifier of price movements under stress. The data reveals the dual nature of algorithmic 
trading, contributing to both market efficiency and instability depending on broader market 
conditions. 

4.2 Contribution to Liquidity 

Analysis of bid-ask spreads, market depth, and trading volumes with increasing algorithmic 
trading share. 
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Table 2: Liquidity Metrics across Years 2015–2023 

Year Bid-Ask 
Spread 
(%) 

Market Depth 
(Orders/Second) 

Daily 
Trading 
Volume 
(Million) 

Algo 
Trading 
Share 
(%) 

Median 
Order 
Execution 
Time (Sec) 

Total 
Orders 
Processed 
(Million) 

2015 0.35 12 5.2 18 2.8 32 
2016 0.32 15 6.4 24 2.4 45 
2017 0.29 20 8.1 32 2.1 68 
2018 0.27 25 10.0 39 1.9 85 
2019 0.25 30 12.2 45 1.6 105 
2020 0.22 34 14.3 50 1.4 130 
2021 0.20 40 17.8 54 1.2 165 
2022 0.18 45 19.5 56 1.1 180 
2023 0.16 50 21.2 58 0.9 195 
Sources: NSE and BSE Order Book Data, SEBI Co-location Service Reports (2020)and 
Algo-Trading Efficiency Review by IGIDR (2022) 

Fig .2  

 

The contribution of algorithmic trading to liquidity has been profound, with improvements in 
key metrics such as bid-ask spreads, market depth, and daily trading volumes. From 2015 to 
2023, the bid-ask spread, a critical indicator of transaction costs, decreased significantly from 
0.35% to 0.16%, reflecting more efficient price discovery and lower trading costs. 
Concurrently, market depth, as measured by orders per second, rose from 12 in 2015 to 50 in 
2023, underscoring the increasing ability of the market to handle larger trading volumes 
without significant price impact. Daily trading volumes more than quadrupled, from 5.2 
million to 21.2 million over the same period, supported by a steady decline in median order 
execution times from 2.8 seconds to 0.9 seconds. The total number of processed orders 
surged from 32 million to 195 million, illustrating the scalability and efficiency introduced by 
algorithmic trading. This data confirms that algorithmic strategies have enhanced market 
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liquidity by facilitating faster, more reliable, and cost-effective trading, making markets more 
accessible to participants. 

4.3 Regulatory Landscape 

A detailed view of regulatory measures, their timelines, and observed impacts 

Table 3: Regulatory Measures and Impact  

Year Regulation 
Introduced 

Key Objective Observed 
Impact 

Non-
Compliance 
Rate (%) 

Market 
Disruptions 
Reduced (%) 

2013 Circuit 
Breakers 

Manage 
extreme price 
swings 

Reduced flash 
crash severity by 
15% 

5.2% 12% 

2018 Minimum 
Resting Time 

Mitigate 
manipulative 
activities 

12% reduction in 
order 
cancellations 

4.8% 10% 

2020 Order-to-
Trade Ratio 
Limits 

Control 
excessive order 
volumes 

25% drop in 
manipulative 
trading activities 

6.1% 18% 

2021 AI 
Surveillance 
Systems 

Detect market 
manipulation 

Increased 
detection 
efficiency by 
20%; higher 
penalties 

3.5% 22% 

2022 Co-location 
Revisions 

Ensure 
equitable 
access to 
latency 

Improved latency 
fairness by 30%; 
minor criticism 

4.0% 14% 

2023 Algo Strategy 
Auditing 
Rules 

Enforce 
transparent 
algo trading 

Pending long-
term impact 

NA NA 

Sources:SEBI Circulars (2023), Reports on Regulatory Impacts, Financial Express (2022) 
and Journal of Indian Financial Markets (2023) 

Regulatory measures have played a vital role in shaping the evolution of algorithmic trading 
in India, balancing innovation with market stability. Between 2013 and 2023, significant 
interventions were introduced to mitigate risks associated with automated trading. Circuit 
breakers, implemented in 2013, successfully reduced the severity of flash crashes by 15%, 
lowering market disruptions by 12%. In 2018, SEBI mandated minimum resting times for 
orders, leading to a 12% reduction in order cancellations and addressing manipulative trading 
practices. The introduction of order-to-trade ratio limits in 2020 further curtailed excessive 
order volumes, resulting in a 25% drop in manipulative trading activities and an 18% 
reduction in market disruptions. Advanced AI surveillance systems were deployed in 2021, 
improving detection efficiency for manipulative behaviors by 20% and leading to stricter 
penalties. The 2022 revisions to co-location services enhanced latency fairness by 30%, 
although some participants criticized the measures for minor inefficiencies. The 2023 
introduction of algorithmic strategy auditing rules remains in its early stages, with long-term 
impacts yet to be observed. These regulatory measures have collectively enhanced market 
integrity and reduced systemic risks, even as algorithmic trading continues to grow. 
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4.4 Observations on Efficiency 

Improvements in execution speed, cost reductions, and order reliability. 

Table 4: Efficiency Metrics Before and After Algorithmic Trading  

Metric 2005 2010 2015 2020 2023 Change (2005–2023) 
Execution Speed (Sec) 4.8 3.5 1.9 1.2 0.9 -81.3% 
Order Accuracy (%) 78 87 93 96 98 +25.6% 
Market Impact Cost (%) 0.34 0.22 0.15 0.10 0.08 -76.5% 
Total Trades Executed (Billion) 0.12 0.22 0.35 0.68 0.91 +658.3% 
Sources: Algo-Trading Impact Analysis, Indian Markets (2023), NSE/BSE Efficiency 
Reports (2022) and Data from SEBI Annual Reports (2023) 

 

Fig 3 Graph showing Efficiency Metrics Before and After Algorithmic Trading 

Algorithmic trading has brought substantial improvements to market efficiency over the past 
two decades. Between 2005 and 2023, execution speed improved dramatically, dropping from 
4.8 seconds to just 0.9 seconds, an 81.3% reduction that highlights the role of automation in 
optimizing transaction times. Order accuracy increased from 78% to 98%, reflecting the 
precision and reliability of algorithmic systems. The cost of market impact, which measures 
the price effect of large trades, fell from 0.34% to 0.08%, representing a 76.5% reduction and 
indicating that trades are now executed with minimal disruption to market prices. 
Additionally, the total number of trades executed surged from 0.12 billion in 2005 to 0.91 
billion in 2023, a staggering 658.3% increase that underscores the scalability and efficiency 
brought about by algorithmic trading. These metrics collectively demonstrate how 
algorithmic trading has transformed market operations, enabling faster, more accurate, and 
cost-effective trading practices while accommodating the growing complexity and volume of 
financial markets. 

5. OBSERVATIONS 

Advantages 

1. Enhanced Liquidity: The bid-ask spread, a critical measure of transaction cost, 
narrowed from 0.35% in 2015 to 0.16% in 2023, signaling improved market 
efficiency and cost reduction for traders. This improvement aligns with the growth of 
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algorithmic trading, which accounted for 18% of trades in 2015 and expanded to 58% 
by 2023. 

2. Improved Execution Speed: Execution times dropped significantly from 4.8 seconds 
in 2005 to 0.9 seconds in 2023, an 81.3% reduction, reflecting the precision and 
efficiency introduced by automation in trade processing. 

3. Increased Trading Volume and Market Depth: Daily trading volumes rose from 5.2 
million in 2015 to 21.2 million in 2023, with market depth improving from 12 
orders/second to 50 orders/second, highlighting the robustness and scalability of 
algorithmic trading systems 

4. Reduced Operational Risks: Order accuracy improved from 78% in 2005 to 98% in 
2023, demonstrating the reliability of automated systems in minimizing manual errors 
and operational risks. 

Challenges 

1. Increased Short-Term Volatility: The volatility of daily returns peaked at 1.72 in 
2020, coinciding with three flash crashes that year, the highest during the study 
period. This shows that algorithmic trading can amplify market volatility during stress 
periods. 

2. Dependence on Infrastructure: The growing reliance on low-latency systems and 
co-location services has created disparities in market access, necessitating regulatory 
measures like the 2022 revisions to co-location services, which improved latency 
fairness by 30%. 

3. Flash Crash Risks: Algorithmic trading contributed to events like the 2020 flash 
crashes, where price swings reached -8.5%, underscoring the systemic risks 
associated with automated strategies during extreme market conditions. 

6. CONCLUSION 

Algorithmic trading has emerged as a transformative force in Indian financial markets, 
enhancing liquidity, improving execution efficiency, and enabling greater scalability. The 
reduction in bid-ask spreads, faster execution speeds, and the rise in processed trade volumes 
underscore its positive contributions. However, the technology also introduces challenges, 
particularly during periods of market stress, as evidenced by volatility spikes and flash 
crashes like those observed in 2020. Regulatory measures, such as circuit breakers, order-to-
trade ratio limits, and AI-driven surveillance, have played a critical role in reducing systemic 
risks and improving market stability. 

The future of algorithmic trading lies in integrating machine learning for adaptive strategies 
and expanding into alternative assets like cryptocurrencies. However, equitable access to low-
latency systems and robust oversight mechanisms will remain essential. A hybrid model that 
combines algorithmic efficiency with human judgment offers the best path forward; ensuring 
Indian financial markets can harness the benefits of automation while maintaining resilience 
and fairness. 
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