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ABSTRACT

As with Algorithmic Trading (AT) and High-Frequency (HFT) Trading, Algorithmic Market-Making is revolutionizing the financial
market microstructure. In normal markets, algorithmic systems advance price discovery, reduce bid-ask spreads, and provide continuous
liquidity; however, they also introduce structural weaknesses and systemic risks largely absent in human-driven markets. This paper
brings together prevailing market theories in light of current developments in the field and considers two aspects of algorithmic trading
in modern capital markets: market microstructure theory, the adaptive market hypothesis, and information asymmetry theory. We
propose a framework linking algorithmic speed and execution opacity to liquidity droughts, correlated feedback loops, and unexpected
market disruptions. We also explore macroprudential regulatory challenges and call for dynamic circuit breakers, real-time algorithmic
monitoring, and stronger board-level governance to maintain systemic stability.
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INTRODUCTION

Over the last 20 years, the financial markets have seen a significant
transformation where the old and traditional way of trading, which
relied on people on the trading floor, has been replaced by a new
and innovative way of trading through electronic order books with
extremely low latency times (Addy et al., 2024). Today,
algorithmic trading (AT) and high-frequency trading (HFT)
constitute a significant proportion of the volume of equity, foreign
exchange and derivatives trades in global markets (Danzeng et al.,
2024). They depend on sophisticated mathematical models,
machine learning architectures, and microsecond network
execution to identify arbitrage opportunities that last only a split
second and to execute multi-leg strategies (Munipalle, 2024).
Financial literature has thoroughly demonstrated the advantages of
algorithmic integration. Algorithms enhance price efficiency,
reduce dealership expenses for institutional investors, and narrow
bid-ask spreads by maintaining continuous liquidity under normal
market conditions (Oyeniyi et al, 2024). But algorithmic
supremacy has its flip side: systemic shocks and extreme volatility
events — and the 2010 Flash Crash and liquidity dislocations that
followed is the last time to experience it. Automated systems that
process price signals faster than humans can cause unintended
feedback loops, exacerbate herd behavior, and spark swift liquidity
withdrawals (Ogbuonyalu ef al., 2024). Although many empirical
studies examine market anomalies, no common conceptual model
systematically integrates market microstructure theory with the
dynamics of systemic risk in algorithmic ecosystems.

This paper fills that void by considering the theoretical
mechanisms linking algorithmic trading to market liquidity, and
the regulatory structure needed to address the systemic
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vulnerabilities that can arise. The rest of the paper is organized as
follows: Section 2 presents a theoretical background on market
microstructure and liquidity provision. Section 3 develops a
thorough conceptual framework, followed by the propositions.
Section 4 discusses macroprudential regulatory implications and
governance mechanisms. The policy recommendations and
recommendations for future research are presented in section 5.2.
Theoretical Foundations

The market microstructure and liquidity provision. Market
microstructure and liquidity provision. Market microstructure
theory addresses the details of the process and potential "rub
points" in which securities are traded following open institutional
rules (O'Hara, 1995). Traditional market making was
characterized by specialists or dealers who maintained inventory
buffers and absorbed order imbalances in return for spread
revenue. Traditional dealers have been largely replaced by high-
frequency algorithmic traders, who are decentralized “liquidity
providers” in modern electronic markets (Addy et al., 2024). In
inventory-holding and asymmetric-information situations,
algorithmic market makers continuously adjust their bid and ask
quotes based on the current state of order flow and inventory risk.
Unlike this automated provision, algorithmic liquidity is
conditional, as during “calm” times, HFT firms can provide
liquidity but do so only within a strict algorithmic risk limit, so that
in times of volatility or an escalation of adverse selection risk,
algorithmic liquidity can be withdrawn almost instantaneously
(Ogbuonyalu et al., 2024).
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The Adaptive Market Hypothesis

Under the Efficient Market Hypothesis (EMH) of Fama (1970),
prices incorporate all available information, and arbitrageurs
immediately drive prices back to their correct levels. However, this
is a static description of market efficiency, which algorithmic
trading challenges. The Adaptive Market Hypothesis (AMH),
developed by Lo (2004), offers a better perspective on financial
markets as evolutionary systems in which efficiency is not fixed
but shaped by competition, adaptation, and natural selection.
Table 1: EMH and AMH: Contrasting Assumptions Relevant to
Algorithmic Trading

Dimension Efficient Market Hypothesis Adaptive Market Hypothesis
(Fama, 1970) (Lo, 2004)

View of Static equilibrium; prices Evolving ecosystem; efficiency
markets always reflect available varies over time and across
information regimes
Role of Rational arbitrageurs correct Competing 'species' of
participants mispricing instantly strategies adapt, compete, and
sometimes fail together
Behaviour Not explicitly modelled; Rigid decision rules can

under stress assumed self-correcting misadapt, producing

coordinated withdrawals

Relevance to
AT/HFT

Explains efficiency gains from
continuous algorithmic quoting

Explains why algorithmic
'survival of the fittest' can
generate systemic instability

In the algorithmic world of finance, the idea of "survival of the
fittest" manifests in the speed of computation, predictive power
and the ability to capitalize on latency arbitrage opportunities.
Advanced algorithmic systems allow market participants to
analyze data and make faster trading decisions, giving them a
competitive edge. But, in times of increased volatility, algorithmic
decision rules may not be able to adjust efficiently enough to adjust
to the rapidly changing market conditions. Rather than stabilizing
financial markets, a coordinated algorithmic reaction can cause
even larger price swings, accelerate liquidity drains, and create
self-reinforcing loops. These dynamics can thus lead to systemic
imbalances that challenge the market and individual rationality
assumptions of classical rational equilibrium theory (Ogbuonyalu
et al, 2024), which assumes that market participants react
independently and efficiently to new information.

Information Asymmetry and Toxic Order Flow

Algorithmic trading has changed the information environment of
trading participants. Advances in trading technology have
increased the speed and efficiency with which information is
processed, but they have also created new opportunities for
information-based strategic behavior. A significant issue that often
comes up is large block orders by institutional investors. These
orders are usually broken into smaller orders to reduce market
impact, but skilled trading programs can identify them and infer
hidden institutional trading activity. These algorithms can then use
that information to engage in “front running” or “quote stuffing”
before the institutional order is completed. This behavior increases
adverse selection costs for institutional and long-term investors
and forces them to use more advanced execution strategies to mask
their intentions. This can therefore reduce market efficiency and

liquidity, especially during market stress when liquidity is the
highest priority.

Conceptual Framework and Propositions

To conceptualize the transmission mechanism from algorithmic
trading to systemic risk, we propose a three-stage sequential
model: Latency-Driven Execution leading to Conditional
Liquidity Withdrawal, which in turn precipitates Systemic
Feedback Loops and Market Dislocations. Figure 1 illustrates this
transmission pathway, and Table 2 summarizes the three
propositions developed from it.
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(Sub-millisecond signal processing)
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Conditional Liquidity Withdrawal
(HFTs vanish upon volatility spikes)
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Figure 1. Three-Stage Transmission Model from Algorithmic
Trading to Systemic Risk

Proposition 1: The Liquidity Illusion

Algorithmic trading increases displayed liquidity and narrows the
bid-ask spread in normal markets, but during systemic shocks,
these automated market makers tend to exit simultaneously,
making this induced liquidity largely counterfeit. In a stable
regime, traditional liquidity measures assess order book size and
depth. Algorithms eat a great flow of tick data to produce live
quotes. But if the prevalent problem is movement to the opposite
side, it may cause correlated exits across competing algorithmic
platforms, given that proprietary trading algorithms share similar
risk-management parameters (stops, market risk, Value-at-Risk
limits, etc.) (Ogbuonyalu et al., 2024). This consequently creates
confusion to market participants whenever they want to see
displayed depth the most.
Proposition 2: Algorithmic
Amplification
Machine-to-machine execution speeds up price discovery but also
increases short-term volatility through automated feedback loops
and momentum-chasing algorithms. According to Addy et al.
(2024), momentum-based and trend-following algorithms detect
price momentum and place orders to ride prevailing trends.
Artificial buying or selling pressure decouples asset prices from
fundamental economic value when multiple algorithms act on
identical technical signals. Non-algorithmic institutional investors
must absorb excessive price variance from this feedback loop,
which increases intraday volatility (Gummadi et al., 2021).
Proposition 3: Systemic Contagion Across Asset Classes
Interconnected electronic exchange venues enable localized
trading mistakes to quickly become systemic solvency risks across
asset classes. In today's era, financial markets are electronically

Systemic Feedback Loop & Dislocation
(Flash crashes & correlated selling)

Feedback and Volatility
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interconnected by cross-market arbitrage algorithms that
coordinate equities, futures, options, and foreign exchange
markets. If the liquidity shock or fat-finger error coincides in one
market, price distortion can be reflected in correlated instruments
in other asset classes within a few seconds thanks to arbitrage
algorithms (Ogbuonyalu et al., 2024). This cross-market contagion
harms the overall financial system.

Table 2. Summary of Conceptual Propositions

Proposition Core Mechanism Systemic Consequence
P1: Liquidity
Illusion

Shared risk parameters (stop-
losses, VaR limits) trigger
correlated withdrawal by
automated market makers

Displayed liquidity
evaporates precisely during
periods of market stress

P2: Feedback and
Volatility
Amplification

Momentum-chasing algorithms
respond to identical technical
signals simultaneously

Prices decouple from
fundamentals; intraday
volatility is amplified

P3: Cross-Asset
Contagion

Localized errors escalate
into systemic, multi-asset
solvency threats

Cross-market arbitrage
algorithms transmit shocks
across electronically linked
venues

Discussion and Regulatory Implications

The identified approach for reforming regulatory and corporate
governance in financial markets makes it imperative to alter the
regulatory and corporate governance mechanisms and
frameworks. A self-regulatory system for controlling autonomous
algorithms is inadequate for their microsecond-scale operations.
Macroprudential Supervision and Circuit Breakers

Adopting dynamic, market-wide circuit breakers that account for
algorithmic speed and cross-market linkages is a key requirement
for policymakers. Decade-old price ceilings are ineffective in
preventing cascading flash crashes. Mandatory pre-trade risk
controls, kill switches and uniform testing procedures should be
mandated for high-frequency trading firms before deployment by
macroprudential regulators (Ogbuonyalu et al., 2024).
Explainable Al (XAI) and Model Transparency

The black box of machine learning and deep learning networks
poses a serious governance challenge as they become increasingly
autonomous in investment and execution decisions. For trading
algorithms to support auditable decision trails and for board-level
risk committees to perform technical oversight and understand
algorithmic risk exposures, regulation should require minimum
Explainable AI (XAI) standards.

Curbing Regulatory Arbitrage

Reputable algorithms firms move execution to less-regulated
environments because surveillance is internationalized. The final
element in global financial stability is to harmonise international
standards relating to colocation facilities, message-to-trade ratios
and manipulative activities such as quote stuffing and spoofing.
Table 3. Regulatory Challenges and Corresponding Interventions

Regulatory Challenge Related Recommended Intervention

Proposition

Correlated withdrawal of Pl
liquidity during stress

Dynamic, market-wide circuit breakers
calibrated to algorithmic speed

Related Recommended Intervention

Regulatory Challenge

Proposition

Opaque, autonomous P1, P2 Mandatory Explainable AT (XAI)
decision-making by standards and auditable decision trails
ML/AI models

Momentum-driven P2 Mandatory pre-trade risk controls, kill

volatility amplification switches, and pre-deployment testing

Harmonized international standards on
colocation, message-to-trade ratios, and
manipulative practices

Cross-border migration to  P3
lax jurisdictions

Conclusion
Under normal market conditions, algorithmic trading has
transformed modern capital markets, making them more efficient,
optimized for price discovery, and more conducive to liquidity
provision (Oyeniyi et al, 2024). However, as shown in the
hypothesized conceptual framework, the liquidity system also
faces significant vulnerabilities as it becomes more dependent on
conditional and automatic liquidity (Ogbuonyalu et al., 2024). In
times of greater uncertainty, when algorithms are reacting to
similar market cues at the same time, they can quickly pull
liquidity, increase market volatility, and amplify systemic risk.
These developments indicate a shift from traditional
macroprudential regulation to a system that incorporates
technology, enabling regulators to track algorithmic activity in real
time and proactively manage market disruptions. Moreover, future
empirical studies are needed to investigate the hypothesized
conceptual linkages between developed and developing financial
markets, assess their robustness, and evaluate the ability of
financial market regulations to improve algorithmic market
stability. These inquiries would support a more robust regulatory
response and strengthen financial market resilience. Reconciling
existing economic theory with ongoing developments in
algorithmic-driven financial markets will remain crucial as
financial technologies evolve, both for the academic community
and for providing evidence for sound policymaking.
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