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Motivation

Cryptocurrencies have transformed global trading—decentralized,
borderless, 24/7.

However, cryptocurrency markets lack uniform regulation and
transparency.

Spoofing—placing non-genuine orders to mislead other
traders—can distort prices and liquidity.

Spoofing intentionally misleads other participants and violates
principles of fairness and transparency.

Spoofing is legal (but unethical) in Bitcoin market.

Understanding spoofing is critical for market integrity and policy
design.
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Research Questions

1 Does spoofing significantly affect Bitcoin returns?

2 How can we quantitatively detect and measure spoofing activity?

3 What are the economic incentives (profits) of spoofers?

4 How does spoofing affect market quality (liquidity, spreads, VPIN)?
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Contributions

First systematic study of limit-order spoofing in Bitcoin markets.

Novel high-frequency spoofing detection algorithm.

Quantification of bid and ask spoofing intensity, volume, and
profitability.

Empirical evidence linking spoofing to:

Price distortions and return asymmetries.
Deterioration of liquidity and market quality.
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Data

Source: Kaiko Level-3 data from Coinbase (Jan 1, 2024–Mar 31,
2024).

24/7 data: all trades, order adds, cancels, modifications.

Order book snapshots every 25 seconds.

Measures:

Order imbalance (OIB)
Order book imbalance (OBIB)
Spoofing intensity and volume
Market quality: VPIN (Easley, López de Prado, and O’Hara (2012)),
spreads
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Order Imbalance and Returns
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Order Imbalance and Returns-Continued

Imbalances in buyer- vs. seller-initiated trades predict Bitcoin
returns.

Consistent with NYSE equity results by Chordia et al. (2002).

Positive OIB ⇒ upward price pressure; negative OIB ⇒ price decline.

Evidence consistent across 1-minute and hourly horizons.
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Detecting Spoofing

Coinbase data lack trader IDs — we adapt Hasbrouck and Saar
(2013)’s “strategic run” concept.

Spoofing = linked sequence of:
1 Submission of large non-genuine limit orders,
2 Rapid cancellations and revisions,
3 Execution of genuine opposite-side order.

We find that:
1 Spoofing orders are ≈ 3× larger than genuine orders.
2 Median cancellation time < 1 second — high-frequency

manipulation.
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Spoofing Detection Algorithm

Step-by-step identification:

1 Link order messages by matching direction, price level, and order size
→ establish candidate sequences of submissions and cancellations.

2 Match to genuine execution: detect an opposite-side fill immediately
before spoof cancellation.

3 Compute metrics:

Spoofing Intensity: time-weighted count of spoofing runs per minute.
Spoofing Volume: time-weighted size of spoofing orders.

Validation:

Captures rapid, large, reversible quote bursts consistent with
spoofing and market manipulation.
Produces realistic spoofing distributions aligned with Lee et al.
(2013) and Do and Putniņš (2023).
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Spoofing Detection Illustration
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Example of Spoofing Event

Bid spoofing on March 8, 2024 (15:39–15:42).
Price pumped from $67,500 to $68,200 before spoof cancellation.
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Spoofing Intensity and Returns

Examine the effect of spoofing intensity and volume on Bitcoin
returns at minute level.

Results:

100-unit increase in bid spoofing ⇒ +7.3% return (1-min).
100-unit increase in ask spoofing ⇒ −9.6% return.

Bid spoofing pushes prices up; ask spoofing pushes them down.

Effects persist even after controlling for order imbalance and lagged
returns.
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Spoofing Intensity and Returns-Continuted
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Impact on Market Quality

Market-quality metrics:

VPIN (Volume-Synchronized Probability of Informed Trading)
Bid–ask spread
Percentage Quoted Spread (PQS)

These metrics jointly capture information asymmetry, execution
cost, and liquidity depth.

During spoofing episodes:

VPIN rises by approximately 0.26, indicating higher order-flow
toxicity.
Bid–ask spreads widen by about 0.98 ticks, and PQS increases by
2.4× 10−5.
Liquidity providers respond defensively, demanding greater
compensation for adverse-selection risk.
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Impact on Market Quality–Continued

After spoofing ends:

VPIN declines by roughly 0.45, showing that toxicity quickly reverts
once manipulation ceases.
Spreads narrow by 2.79 ticks, and PQS returns toward pre-spoofing
levels.
Market conditions normalize, but only after short-lived deterioration.

Interpretation:

Spoofing temporarily worsens market quality by inflating transaction
costs and reducing depth.
Elevated VPIN confirms that spoofing mimics informed trading,
amplifying perceived information asymmetry. (Consistent with Fox et
al. (2021))
These distortions, though transitory, are economically meaningful
and erode short-term price discovery.
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Profitability of Spoofing

We next examine the profitability of spoofing. Our results show that:

+27 bps bid-side profit per unit spoof volume.
+55 bps ask-side profit per unit spoof volume.

Spoofing yields high risk-adjusted profits — low exposure to adverse
moves.

Asymmetric effects suggest stronger price response to ask-side
spoofing.
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Profitability of Spoofing-Continued
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Robustness Tests

To validate our spoofing intensity and volume measures, we conduct
two robustness analyses following Do and Putniņš (2023):

Abnormal cancellations: spoofing episodes are characterized by a
high rate of order cancellations that would otherwise have executed
within the same minute.

⇒ A one-unit increase in spoofing intensity leads to roughly 15
abnormal canceled bid orders per minute.

Trades opposing quotes: spoofing activity on one side of the book
triggers executions on the opposite side—bid spoofing leads to more
sell-side trades, and ask spoofing to more buy-side trades.

⇒ Confirms that spoofing signals false market pressure to induce
opposite-side execution.

These tests demonstrate that our spoofing measures capture genuine
manipulative behavior rather than mechanical order-book noise.
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Conclusions

Spoofing exerts significant short-term effects on Bitcoin prices and
liquidity, widening spreads and reducing market quality.

High-frequency spoofing yields short-term profits with minimal risk
exposure, incentivizing manipulative behavior.

Policy Implications:

Detection frameworks can guide regulators (SEC, CFTC, FinCEN) in
surveillance and enforcement.
Transparent order-book data and monitoring tools are essential for
deterrence.
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Thank you
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