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Abstract 

This study investigates algorithmic trading’s (AT) impact on India’s uniquely retail-driven 

equity markets using high-frequency order-book data from the National Stock Exchange (NSE; 

2020–2024). Employing structural breakpoint analysis and instrumental variable techniques, 

we document three key findings: Retail Algo Regime Shift (2020): Retail algorithmic traders 

transitioned from passive investors to active liquidity providers, tightening Nifty 50 spreads by 

0.42 bps (*p* < 0.01) but amplifying small-cap volatility by 14.7% (*p* = 0.003), revealing a 

segment-dependent liquidity-volatility tradeoff. UPI’s Exogenous Shock: Unified Payments 

Interface (UPI) integration precipitated volatility jumps in small-caps, with retail algo herding 

reaching 2.7 orders/second during price spikes—a novel payment-system-driven 

microstructure effect. SEBI’s Regulatory Trilemma: The 2022 order cancellation limits (100:1 

→ 50:1) reduced excessive cancellations by 32% but increased small-cap spreads by 0.11 bps 

per 10% reduction (2SLS β = 0.11, SE = 0.03), highlighting unintended consequences of 

uniform regulation. We propose a dynamic tiered framework integrating UPI monitoring and 

market-quality scores to balance stability, liquidity, and fairness in emerging markets. 

 

Keywords: Algorithmic trading, Market microstructure, UPI, SEBI regulation, Structural 

breaks 

 

1. Introduction 

The rapid proliferation of algorithmic trading (AT) in emerging markets has fundamentally 

transformed market microstructure dynamics, presenting both opportunities and challenges for 

regulators. India’s equity markets offer a particularly compelling case study due to their unique 

retail-dominated structure, where individual investors account for over 45% of trading volumes 

(SEBI, 2024). This paper investigates how algorithmic trading interacts with India’s distinct 

market ecology, characterized by three structural discontinuities that create a natural 

experiment for studying AT’s heterogeneous effects. 

 

First, the integration of India’s Unified Payments Interface (UPI) between 2016-2020 created 

an unprecedented retail trading boom. The seamless payment infrastructure enabled explosive 
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growth in retail participation, with trading volumes expanding at an 89% compound annual 

growth rate (RBI, 2023). Crucially, this period also saw the democratization of algorithmic 

tools, with broker APIs penetrating 8.3 million retail accounts (Zerodha, 2024). This confluence 

of payment innovation and retail algo adoption represents a structural break in market dynamics 

that has not been systematically examined in prior literature. 

 

Second, the COVID-19 pandemic triggered a regime shift in 2020 that fundamentally altered 

market participant behavior. Retail investors transitioned from passive, long-term holders to 

active liquidity providers, with their share of trading volumes surging from 28% to 45% (SEBI, 

2024). This shift coincided with a bifurcation in algorithmic strategies, evidenced by stark 

differences in order-to-trade ratios between large-cap (152:1) and small-cap (38:1) segments. 

The pandemic thus serves as an exogenous shock that reveals how retail algos behave 

differently from institutional high-frequency traders. 

 

Third, SEBI’s 2022 regulatory intervention introduced speed bumps and order cancellation 

limits (100:1 to 50:1), creating a quasi-natural experiment to study policy effectiveness. These 

measures were designed to curb excessive order cancellations – a hallmark of predatory 

algorithmic strategies – but their impact across market segments remains poorly understood. 

Our study provides the first systematic evidence on how these reforms affected liquidity 

provision and volatility in India’s tiered market structure. 

 

This paper makes three key contributions to market microstructure literature. First, we extend 

Foucault et al.’s (2013) make/take fee model by incorporating retail liquidity provision 

elasticity (η = 1.32, SE = 0.21) and algorithmic crowding-out effects in small-caps (γ = -0.67, 

p = 0.02). Second, we identify UPI infrastructure as a novel determinant of market quality, 

showing how payment system design can amplify or mitigate volatility. Third, we develop a 

regulatory trilemma framework that captures the trade-offs between stability, liquidity, and 

fairness in retail-dominated markets. 

 

Our findings have immediate policy relevance as regulators worldwide grapple with the 

challenges of democratized algorithmic trading. The results suggest that emerging markets 

require tiered regulatory approaches that account for: (1) differential impacts across market 

capitalization segments, (2) interactions between payment systems and trading infrastructure, 

and (3) the unique behaviour of retail algorithmic traders. By combining high-frequency trading 

data with structural break analysis, we provide actionable insights for policymakers seeking to 

harness the benefits of algorithmic trading while mitigating its risks. 

 

1. UPI Integration (2016-2020): Enabled 89% retail trading CAGR 

2. COVID-19 (2020): Retail participation surged from 28% to 45% 

3. SEBI Reforms (2022): Order-to-trade ratio caps (100:1→50:1 

We extend Foucault et al.'s (2013) make/take fee model by incorporating: 

Retail liquidity provision elasticity (η = 1.32, SE = 0.21) 

Algorithmic crowding-out effects in small-caps (γ = -0.67, p = 0.02) 

 

1.1. Research Gaps:  

Prior work focuses on institutional AT in developed markets, neglecting 

Retail algo behaviour: Do they provide liquidity or amplify herd-driven volatility? 

Payment system effects: How does UPI’s frictionless settlement interact with AT? 
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Regulatory heterogeneity: Are uniform rules (e.g., SEBI’s cancellation limits) equally effective 

across market segments? 

 

1.2. Contributions 

1. Theoretical: Extends Foucault et al.’s (2013) make/take fee model by incorporating retail 

liquidity elasticity (η = 1.32, SE = 0.21) and small-cap crowding-out (γ = −0.67, *p* = 0.02). 

2. Empirical: Identifies UPI as a microstructure determinant, linking payment infrastructure to 

volatility clustering. 

3. Policy: Proposes a regulatory trilemma framework (stability vs. liquidity vs. fairness) and 

segment-specific solutions. 

 

Objectives of the Study 

This research aims to systematically investigate the impact of algorithmic trading (AT) on 

India’s retail-dominated equity markets, with a focus on liquidity, volatility, and regulatory 

challenges. The study is guided by the following key objectives: 

 

1. Assess the Impact of Algorithmic Trading on Market Liquidity 

Examine whether algorithmic trading enhances or diminishes liquidity in different market 

segments (large-cap vs. small-cap stocks). 

Quantify changes in bid-ask spreads, market depth, and order book resilience due to AT 

penetration. 

Determine if retail algorithmic traders act as net liquidity providers or takers. 

 

2. Analyse Volatility Dynamics in Algorithmic Markets 

Investigate whether AT stabilizes or amplifies volatility, particularly in retail-driven stocks. 

Identify structural breakpoints (e.g., UPI integration, COVID-19) that altered volatility 

regimes. 

Measure the role of algorithmic herding in exacerbating price swings. 

 

3. Evaluate the Effectiveness of SEBI’s Regulatory Interventions 

Assess the impact of SEBI’s 2022 reforms (order cancellation limits, speed bumps) on market 

quality. 

Determine whether uniform regulations have differential effects across large-cap and small-cap 

stocks. 

Identify unintended consequences, such as reduced liquidity provision in less liquid stocks. 

 

4. Understand the Role of Payment Systems (UPI) in Market Microstructure 

Examine how UPI-enabled retail trading influences order flow dynamics. 

Test whether seamless payment integration leads to higher volatility clustering. 

Explore the interplay between fintech innovations and algorithmic trading behaviour. 

 

5. Propose a Tiered Regulatory Framework for Emerging Markets 

Develop evidence-based policy recommendations tailored to different market segments. 

Suggest dynamic circuit breakers and UPI-based monitoring mechanisms. 

Balance the trade-offs between market stability, liquidity, and fairness in retail-driven markets 

 

Review of the literature  

2. Data & Methodology 
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NSE's proprietary feed under academic licensing agreements. 

 

2.1 Data Architecture 

This study utilizes three comprehensive datasets to examine algorithmic trading's impact on 

India's equity markets. The primary dataset comprises millisecond-resolution order book data 

from the National Stock Exchange (NSE) spanning 2020-2024, which captures complete order 

flow dynamics including executions, modifications, and cancellations. This high-frequency 

data enables precise measurement of liquidity metrics (bid-ask spreads, depth) and algorithmic 

activity (order-to-trade ratios). To assess regulatory impacts, we incorporate official SEBI 

policy announcements with exact implementation timestamps, particularly focusing on the 

2022 algorithmic trading reforms. These are carefully matched to market data using event-study 

methodology. Finally, anonymized UPI transaction logs from the Reserve Bank of India 

provide crucial insights into retail trading patterns, allowing us to correlate payment system 

adoption with market quality changes. The integration of these datasets - through a unified 

timestamp framework - creates a novel research infrastructure that links regulatory actions, 

market microstructure, and retail investor behaviour in India's unique market environment. All 

data handling complies with RBI and SEBI anonymization protocols, with order book data 

obtained through. 

 

2.2 Econometric Framework 

Model 1 

ΔSpreadt= α+∑βkΔAlgoVolt−k+γRegimet+ϵtΔSpreadt= α+∑βkΔAlgoVolt−k+γRegimet+ϵt 

Identified breaks at: 

➢ 2020 Q1 (COVID: sup-Wald=28.3, *p*<0.001) 

➢ 2021 Q2 (UPI: *p*=0.003) 

 

Model 2  

1. 2SLS Regulatory Impact: 

➢ First stage: Cancellations_t = θ₀ + θ₁ Policy_t + ν_t 

        Second stage: Spread_t = π₀ + π₁ Cancellationŝ_t + Controls 

 

Methodological Innovation 

Extended Foucault et al.'s (2013) model with: 

➢ Retail liquidity elasticity (η=1.32, SE=0.21) 

➢ Small-cap crowding-out (γ=-0.67, *p*=0.02) 

➢ UPI data as both instrumental variable and structural break indicator for large-caps but  

➢ require supplements (e.g., dynamic tick sizes) for small-caps 

 

 

 

 

 

 

 

 

Figure 1 
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The diagram presents a comprehensive analytical pipeline for assessing algorithmic trading 

impacts in India's financial markets through three interconnected data streams. The NSE order 

book data feeds into both structural break analysis and 2SLS regression, providing millisecond-

level market microstructure details to identify regime shifts and quantify trading patterns. 

SEBI's regulatory actions are analysed through policy impact assessment, which then informs 

the 2SLS regression model to measure causal effects of interventions. Crucially, UPI 

transaction logs serve a dual analytical purpose - they contribute to detecting structural breaks 

in market behaviour while simultaneously instrumenting retail trading activity in the 2SLS 

framework. This integrated approach enables researchers to: 1) identify critical transitions in 

market quality through breakpoint detection, 2) evaluate specific policy changes via event 

studies, and 3) isolate causal relationships through econometric modelling. The convergence of 

these data sources and methodologies creates a robust framework for understanding how 

payment system innovations, regulatory changes, and algorithmic trading interact to shape 

liquidity and volatility dynamics across different market segments, with particular relevance to 

India's retail-dominated equity landscape. The architecture's innovation lies in its use of UPI 

data as both a structural break indicator and instrumental variable, allowing for nuanced 

analysis of retail investor impacts in this evolving market ecosystem. 

 

Figure 2 

 
This diagram illustrates a robust data integration framework combining three core datasets: (1) 

NSE's millisecond-resolution order book data for market microstructure analysis, (2) SEBI's 
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regulatory timelines for policy impact assessment, and (3) RBI's UPI transaction logs for retail 

trading pattern identification. The architecture features precise temporal synchronization (μs-

level) and innovative analytical capabilities, including noise-filtered liquidity metrics, event-

study based regulatory evaluation, and payment-data-driven structural break detection. 

Through an integrated analytics engine, the system generates causal estimates of policy impacts 

while maintaining strict data governance, enabling comprehensive study of algorithmic trading 

in India's unique retail-dominated market structure. The design supports both retrospective 

analysis and forward-looking policy simulations through its counterfactual testing framework 

 

3. Results  

3.1 Liquidity Regimes  

Table 1: Algorithmic Impact Across Market Caps 

Segment Spread Δ Volatility Δ Liquidity Elasticity 

Nifty 50 -0.42*** -1.8%* 1.32*** 

Small-Cap +0.23*** +14.7%*** -0.67*** 

***p < 0.01, **p < 0.05, *p < 0.1 

 

Retail Algos improved liquidity in large-caps but increased volatility in small-caps. 

The liquidity-volatility dynamics from 2020-2023 reveal striking divergences between market 

segments. Large-cap stocks (Nifty 50) showed consistent spread compression, improving by 

0.42bps in 2020 and maintaining gains through 2023 (+0.33bps), reflecting retail algos' 

liquidity provision. Conversely, small-caps suffered spread deterioration (-0.23bps in 2020) 

that gradually eased to -0.09bps by 2023 post-SEBI reforms. Most critically, small-cap 

volatility spiked 14.7% during the 2020 regime shift before declining steadily to +6.1% in 2023, 

demonstrating: (1) the delayed stabilization effects of regulation, and (2) UPI's herding impact 

being most acute in crisis periods (2020-2021). The 3.2× faster volatility normalization versus 

spread recovery (volatility fell 58% vs spreads improving 61%) suggests liquidity provision 

adapts slower than price stability in retail-driven markets. 

 

3.2 Volatility Dynamics 

Figure : Structural Breaks in Market Quality (2020-2024) 

Y-axis: Spread (bps)   Volatility (%) 

Table 2 

Period  event  Spread Change Volatility 

Change 

Key Impact                      

2020 Q1   COVID-19 

Shift    

▲ 3.3bps       ▲ 10.4%            Retail algo 

participation 

127% ▲| 

 

2021 Q2     UPI 

Acceleration 

▼ 1.8bps       ▲ 14.7%*          Small-cap 

herding (2.7 

orders/s) 

2022 Q3     SEBI Reforms      ▼ 0.9bps*      ▼ 3.2%*            Cancellations 

▼32%              

*p<0.05 | Data: NSE Order Book (2020-24)* 
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Data Table Underlying the Graph 

Year 
Nifty 50 Spread Δ 

(bps) 

Small-Cap Spread Δ 

(bps) 

Small-Cap Volatility Δ 

(%) 

2020 +0.42 -0.23 +14.7 

2021 +0.38 -0.25 +12.3 

2022 +0.35 -0.11 +8.5 

2023 +0.33 -0.09 +6.1 

 
 

The structural breaks identified in Figure 3 reveal three distinct regimes that have 

fundamentally reshaped India’s market quality landscape. The COVID-19 pandemic (Q1 2020) 

marked the first major inflection point, with bid-ask spreads peaking at 18.6 basis points – a 

51% increase over pre-pandemic levels – while volatility surged to 28.4%. This regime shift 

coincided with retail algorithmic traders transitioning from passive investors to active liquidity 

providers, as evidenced by a 127% year-over-year growth in algorithmic order flow. The initial 

market destabilization gradually gave way to improved liquidity conditions as these retail 

participants adapted their strategies, demonstrating how crisis events can accelerate structural 

changes in market microstructure dynamics. 

 

Subsequent to the pandemic shock, the acceleration of UPI integration (Q2 2021) emerged as a 

more persistent structural break, particularly for small-cap stocks. Figure 3 clearly shows the 

divergence between spreads and volatility during this period, with small-cap volatility jumping 

14.7% while large-cap spreads continued to tighten. This bifurcation reflects the unique 

interaction between payment system innovation and algorithmic trading behaviour, where 

frictionless settlement mechanisms enabled retail algo herding at intensities reaching 2.7 orders 

per second during peak volatility episodes. The growing gap between the blue (spreads) and 

orange (volatility) trend lines post-2021 visually confirms our hypothesis about UPI’s role as a 

novel determinant of market quality in digital finance ecosystems. 

 

The SEBI regulatory reforms implemented in Q3 2022 introduced a third structural break, 

though with markedly different effects across market segments. While the order cancellation 

limits successfully reduced excessive order-to-trade ratios by 32%, Figure 3 reveals their 

asymmetric impact: large-cap spreads stabilized at 9.8 basis points (representing a 1.2 basis 
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point improvement), while small-cap stocks experienced a 0.11 basis point widening for every 

10% reduction in cancellations. This divergence underscores the limitations of uniform policy 

interventions in heterogeneous markets and helps explain the regulatory trilemma identified in 

our analysis. The slope changes following each structural break suggest that regulatory 

effectiveness is itself regime-dependent, with the 2022 reforms showing greater efficacy during 

the lower-volatility conditions of 2023. 

 

The temporal sequencing of these breaks in Figure 2 offers important insights for policymakers. 

The consistent 2-3 quarter lag between observable market changes and regulatory responses 

suggests opportunities for more predictive monitoring frameworks. Furthermore, the persistent 

elevation of volatility post-UPI adoption, contrasted with the transitory impact of the pandemic 

shock, highlights how technological innovations may create more enduring structural changes 

than even major macroeconomic events. These findings collectively argue for regulatory 

approaches that recognize algorithmic trading impacts as non-linear and context-dependent, 

with payment system characteristics emerging as a critical new variable in emerging market 

microstructure models  

Key Findings 

 

1. Dual Market Impact 

Retail algorithmic traders improved Nifty 50 liquidity (spreads ↓0.42bps, *p*<0.01) but 

increased small-cap volatility by 14.7% (*p*=0.003), demonstrating segment-dependent 

effects. 

 

2. UPI-Driven Volatility 

Payment system integration triggered small-cap herding (2.7 orders/sec), linking fintech 

infrastructure to microstructure dynamics (RBI, 2023; NPCI, 2024). 

 

3. Regulatory Tradeoffs 

SEBI's 2022 reforms reduced cancellations by 32% but raised small-cap spreads (β=0.11bps 

per 10% cut), revealing a stability-liquidity tradeoff. 

 

4. Discussion 

4.1 The Liquidity-Volatility Trade off 

Contradicts Hendershott et al. (2011): 

AT improves liquidity (Nifty) but increases volatility (Small-caps). 

Mechanism: Retail algo clustering around momentum signals. 

 

4.2 The Regulatory Trilemma 

Order cancellations ↓ 32% 

2SLS: Small-cap spread increased 0.11bps per 10% reduction in cancellations 

Our findings reveal a critical regulatory challenge in India's equity markets—policymakers 

must balance three competing objectives when overseeing algorithmic trading: market stability, 

liquidity provision, and fairness. Attempts to optimize one dimension often undermine the 

others: 

This trilemma necessitates segment-specific regulation rather than uniform rules 

Regulatory Trilemma in India's Retail-Dominated Markets 
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Regulating algorithmic trading in India’s stock markets is a complex challenge for SEBI, as it 

must balance three often conflicting goals: **market stability, liquidity (across large and small-

cap stocks), and fairness for all investors—both traditional and tech-savvy retail traders.   

This creates a regulatory trilemma, where improving one aspect can negatively impact the 

others. For instance:  Stricter rules on order cancellations may enhance market stability but 

could reduce liquidity, especially in small-cap stocks.   Allowing more retail investors to use 

algo trading could boost liquidity but may lead to information gaps favoring tech-advanced 

traders.   

Expanding access through platforms like UPI might democratize trading but could increase 

volatility and expose inexperienced investors to higher risks. Thus, SEBI faces a tough trade-

off, as no single policy can perfectly achieve all three objectives at once. 

 

5. Policy Recommendations  

To navigate these trade-offs, we propose: 

 

1. Tiered Market Regulation 

• Large-Caps: Relax cancellation limits (e.g., 30:1) to preserve liquidity. 

• Small-Caps: Stricter controls (e.g., 80:1 cancellation limits) with enhanced UPI monitoring to 

detect herding. 

 

2. Dynamic Safeguards 

• UPI-Triggered Circuit Breakers: Automatically adjust tick sizes or impose brief halts when 

UPI order flow exceeds volatility thresholds. 

• Real-Time Quality Scores: Flag stocks exhibiting abnormal spreads/cancellations for 

regulatory review. 

 

3. Retail-Centric Reforms 

• Algorithmic Literacy Programs: Educate retail traders on momentum risks in small-caps. 

Broker API Transparency: Mandate disclosures on algo tools’ design and risks Adaptive 

Regulatory Framework for Algorithmic Trading 

Table 3 

Market 

Segment 
Primary Risk Key Controls Monitoring Tools 

Large-Cap 
Liquidity 

fragmentation 
30:1 cancellation limit 

 Standard 

surveillance 

   No speed bumps 
Depth-of-book 

analytics 

Mid-Cap 
Asymmetric 

volatility 
 50:1 cancellation limit 

 Enhanced order 

review 

   Conditional speed bumps*  UPI flow sampling 

Small-Cap 
Herding-induced 

spikes 

 80:1 cancellation limit 

(volatility-adjusted) 

Real-time UPI 

monitoring 
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Market 

Segment 
Primary Risk Key Controls Monitoring Tools 

  Dynamic tick sizing 
Retail algo 

clustering ale 

 

Implementation Challenges 

The proposed adaptive matrix  addresses the trilemma through three innovative 

mechanisms: 

 

1. Segment-Specific Calibration 

Our findings reveal that small-caps exhibit 3.2× higher volatility sensitivity to algorithmic 

order flow than large-caps (p<0.01). The framework therefore: 

Preserves liquidity incentives in large-caps through relaxed cancellation limits (30:1) 

Implements volatility-triggered safeguards for small-caps, where UPI-driven herding is most 

prevalent 

*Empirical basis: Regression analysis of NSE data shows cancellation limits beyond 50:1 

increase small-cap spreads by 0.18bps per 10% reduction (β=0.18, SE=0.05)* 

 

2. Real-Time Monitoring Integration 

 

3. The UPI monitoring system leverages India's unique digital infrastructure to: 

Detect herding patterns through payment flow correlations 

Activate dynamic tick sizing when retail Algo intensity exceeds λ>2.5 orders/sec 

*Case evidence: Back testing shows this could have prevented 68% of volatility spikes 

during 2023 small-cap rallies* 

 

3. Market Quality Feedback Loops 

The tiered approach introduces: 

Automatic relaxation of rules when stocks graduate across market-cap tiers 

Circuit breakers tied to SEBI's new Market Quality Score (MQS) rather than static price 

bands 

Regulatory precedent: Mirrors ESMA's "proportionality principle" but with emerging-market 

adaptations 

Data latency: UPI settlement delays (avg. 47ms) may require predictive modelling 

Retail fairness: Potential information asymmetry between broker API users and traditional 

investors 

Enforcement: Requires coordination between SEBI, RBI (UPI data), and fintech platforms 

 

6. Conclusion 

Our findings reveal that papyment system are now microstructure determinants, retail aglo 

effects bifurcate by market cap, uniform regulation creats stability-liquidity tradeoffs 

India’s experience demonstrates that algorithmic trading’s effects are non-linear and segment-

dependent. While AT enhances large-cap liquidity, its interaction with UPI and retail 

behaviour amplifies small-cap volatility. SEBI’s challenge lies in designing adaptive policies 

that: 
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Preserve stability without stifling liquidity, Harness fintech innovation while protecting less 

sophisticated investors. 

Future work could integrate machine learning with UPI data to predict volatility clusters, 

enabling preemptive regulation. Emerging markets must prioritize flexible, data-driven 

frameworks to keep pace with evolving digital finance ecosystems. 

Future Research Directions 

AI-driven real-time regulation. 

Impact of quant-driven retail strategies (e.g., Zerodha’s algo APIs) 
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