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Abstract
Prediction markets aggregate the private beliefs of many partici-
pants into publicly observable probability estimates. Beyond prices
alone, the trading behavior they generate may reveal public and
private signals that are actionable for automated trading agents.
We study whether these observable market signals reliably iden-
tify profitable trading opportunities. Specifically, we evaluate two
complementary classes of trading signals: Risk Arbitrage, which ex-
ploits periods where publicly available information has effectively
determined an outcome before prices fully converge, and Informa-
tion Asymmetry, which exploits large positions accumulated while
market prices still reflect substantial uncertainty.

Using the complete history of matched trades from Polymarket,
spanning 26,964 markets between January 2024 and January 2026,
we evaluate the reliability of these two classes of signals. We find
that they exhibit markedly different levels of reliability. Risk Arbi-
trage identifies substantial opportunities around effective resolution
but suffers significant losses from false positives, yielding a net loss
of $23.4M despite $15.3M in gross profit. Information Asymmetry
is considerably more concentrated, generating $139.3M in gross
profit but only $7.8M net, with activity overwhelmingly driven
by the 2024 U.S. presidential election. Across both regimes, profits
concentrate among a small number of accounts, while position size
reflects capital commitment more strongly than predictive skill.

CCS Concepts
• Security and privacy → Economics of security and privacy.
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1 Introduction
Prediction markets aggregate beliefs from diverse participants into
probability estimates for future events, producing well-calibrated
forecasts across a wide range of domains [20, 21]. The market’s
price for an outcome is its consensus signal: a public, continuously
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updated estimate of an outcome’s probability, formed by aggre-
gating the private beliefs of many traders. As platforms such as
Polymarket [15] have grown to handle billions of dollars in trading
volume, a central question is not only how faithfully prices reflect
underlying probabilities, but also whether the signals emitted by
the market remain informative enough for automated or strategic
trading agents to exploit.

Participants in these markets do not interact on equal footing.
Traders differ in their access to information and in their ability
to act upon it. Some opportunities arise from public information
that has not yet been fully incorporated into market prices, while
others arise from private information held by only a subset of par-
ticipants. These two information regimes give rise to distinct ob-
servable market signals. A public signal emerges when an outcome
has effectively been determined by publicly available information,
yet prices continue to imply residual uncertainty. A private signal
emerges when a trader accumulates a substantial position while
prices still reflect considerable uncertainty, suggesting access to
information not yet incorporated into market prices. Because small
trades are often noisy, we focus on signals backed by substantial cap-
ital commitment, where larger positions provide stronger evidence
of informational advantage than routine speculative trading.

Polymarket, a prediction market built on the Polygon blockchain,
has emerged as a prominent platform for forecasting future events,
driven in part by unprecedented participation during the 2024 U.S.
presidential election, during which it processed over $3.7 billion in
trading volume. Because every matched trade is publicly recorded
on the blockchain, the complete trading history is available to any
observer, allowing the reconstruction of individual market positions
over time. This level of transparency provides a unique opportunity
to study large-scale trading behavior and evaluate how public and
private signals manifest in prediction markets.

In this paper, we evaluate whether the public and private sig-
nals described above are actionable for systematic trading. Our
premise is that if a signal contains actionable information, then
an automated strategy acting on that signal should consistently
generate profits. Profitability therefore serves as a measure of sig-
nal reliability rather than trader skill. We study this through two
complementary trading regimes. Risk Arbitrage evaluates whether
observable market behavior alone can identify that an outcome
has effectively resolved before prices fully converge, while Infor-
mation Asymmetry evaluates whether unusually large positions
accumulated under uncertainty provide an actionable signal of in-
formational advantage before it is incorporated into market prices.

This paper makes the following contributions:
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• A framework for evaluating trading signals:We intro-
duce a framework for identifying public and private signals
from executed trades and evaluating their actionability by
accounting for both successful and unsuccessful detections.

• Large-scale empirical evaluation: Across 26,964 Polymar-
ket markets spanning January 2024–January 2026, we char-
acterize the reliability of public and private signals, showing
that they differ substantially in prevalence, profitability, and
concentration.

1.1 Related Work
Prediction market prices serve as accurate probabilistic forecasts,
often outperforming expert- or survey-based methods [2, 20]. Un-
der standard assumptions, prices can be read as wealth-weighted
average beliefs over outcomes [21], forming a public consensus
signal that aggregates the dispersed private beliefs of many traders
[11], though this is complicated by heterogeneous risk preferences
and budget constraints [10]. The accuracy of this consensus is not
uniform, degrading where information is thin or where frictions
delay its incorporation into prices. We treat the profitability of trad-
ing against the near-resolution consensus as a measurement of its
residual calibration error, rather than assuming calibration a priori.

Classical microstructure theory predicts informed agents reveal
private signals through strategic trading, incorporating information
into prices [4, 7]; in betting markets, Shin formalized how prices
adjust to protect against informed bettors [17]. Position size is itself
informative: the Kelly criterion prescribes bet sizes proportional to
an agent’s edge [6, 9], and in Kelly-populated markets prices con-
verge to accurate belief aggregates [3]. Whether large Polymarket
positions reflect such an informational edge, rather than merely
scaled-up conviction, remains untested at scale; the question our
second regime, Information Asymmetry, addresses directly.

Our first regime is a prediction-market analogue of risk (merger)
arbitrage in traditional finance, where an announced but not-yet-
closed deal leaves the target trading at a discount to its terminal
value, and arbitrageurs earn the spread by bearing residual comple-
tion risk and the time cost of capital [12]. The same structure arises
between a market’s effective resolution and its formal settlement:
once an outcome is publicly decided, the winning contract may
still trade below $1, and traders capture the remaining spread by
holding to settlement. As in the merger case, the edge is structural
rather than informational, available to anyone observing the pub-
lic consensus, so the returns it leaves on the table measure how
completely the consensus has converged. Decentralized prediction
markets such as Polymarket make this measurable at scale through
the transparency of their on-chain records [16, 18], yet systematic
analysis of trader behavior in these settings remains limited. In
particular, the extent to which large traders’ profitability reveals
miscalibration of the public consensus versus the pricing of private
signals has not been studied at scale.

2 Background
Prediction market platforms such as Polymarket [15], Kalshi [5],
and Limitless [8] enable participants to trade shares tied to the
outcomes of future events. We study Polymarket, a limit-order-
book prediction market in which each binary market, referred to

as a condition, corresponds to a single yes/no outcome (e.g., “Will
Candidate X win the election?”). Every condition has two tradable
outcome shares, YES and NO, of which exactly one settles to $1 while
the other becomes worthless after the condition resolves. Conse-
quently, outcome share prices can be interpreted as market-implied
probabilities of the corresponding outcomes, and participants trade
accordingly: a trader who believes an outcome is more likely than
the price implies buys the corresponding share, while one who
believes it less likely sells.

Orders are submitted to a centralized server and matched accord-
ing to price and quantity. Once executed, trades are recorded on
the Polygon blockchain, providing a complete and publicly verifi-
able history of matched trades. In addition to peer-to-peer trade
executions, positions may also be created and redeemed through
complementary token minting and merging operations, against
$1 of collateral, which determines the total supply of outstanding
shares for a condition; these operations are likewise recorded on-
chain. Together, these events allow the complete reconstruction of
trader positions over time.

Some real-world events admit multiple mutually exclusive out-
comes, such as elections or sports tournaments. Polymarket repre-
sents each possible outcome as a separate binary condition while
grouping related conditions under a common event identifier. In
our analysis, each condition is treated independently, allowing us
to study price convergence, trader behavior, and signal reliability
at the level of individual binary markets.

3 Public and Private Market Signals
Prediction markets expose two observable sources of information
about future outcomes. The public consensus signal is reflected in
market prices, which aggregate the information available to all
participants. The private signal is reflected in the positions accu-
mulated by individual traders before their information becomes
incorporated into prices. Because the underlying information it-
self is unobservable, we evaluate the actionability of these signals
through two complementary trading behaviors. Risk Arbitrage cap-
tures public signals by identifying late-stage purchases after an out-
come has effectively been determined but before formal settlement.
Information Asymmetry captures private signals by identifying un-
usually large positions accumulated while market prices still reflect
substantial uncertainty. In both cases, realized profitability serves
as a measure of signal reliability: if a signal is actionable, then a
systematic strategy based solely on that signal should generate
consistent profits.

3.1 Risk Arbitrage
Risk Arbitrage captures a public consensus signal that arises when it
becomes publicly known that a market will resolve to either YES or
NO, while formal resolution takes additional time. This may occur
due to the structure of the market (for example, when resolution
depends on a public announcement or certification, such as the final
counting of mail-in votes in an election), or due to discrepancies
or delays in oracle resolution. During this interval, traders may
acquire the asset corresponding to the eventual outcome at prices
below its terminal payoff and hold it until settlement, earning a
small but predictable margin.
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We characterize this signal using the following assumption and
classification heuristics:

Assumption 1 (Late-Stage Market Convergence). Consider
a binary prediction market with creation time 𝑡0 and resolution time
𝑡𝑛 . There may exist a time 𝑡† ∈ (𝑡0, 𝑡𝑛) such that, conditional on
publicly available information at 𝑡†, the probability of the eventual
outcome is arbitrarily close to one. During the interval (𝑡†, 𝑡𝑛), the
asset corresponding to the eventual outcome has an expected terminal
payoff close to one dollar, while its market price remains below one
due to the remaining time until resolution. As a result, bids placed
in this interval offer low downside risk and a small expected return
equal to the remaining price–payoff gap.

We take the executed buy order as the basic unit of analysis. A
buy is considered a Risk Arbitrage buy if it is executed during the
late-stage interval described in Assumption 1, when remaining un-
certainty is low and the expected payoff is close to its terminal value.
Because the underlying probability of the outcome is not directly
observable, we characterize this behavior using three observable
dimensions that reflect the payoff profile of Risk Arbitrage:

• Price level (marginal return): buys placed at prices close
to one have limited remaining upside, directly capturing the
small expected return of the strategy.

• Timing relative to resolution: Risk Arbitrage buys occur
late in the market, so that profits primarily reflect waiting
for settlement rather than early speculation.

• Late-stage price stability (low risk):Risk Arbitrage should
occur only after the market has converged toward the even-
tual outcome and prices remain persistently elevated through
resolution. Substantial downward repricing during this inter-
val would indicate that the apparent certainty of the outcome
had not yet been established.

Fix a price threshold 𝜏 ∈ (0, 1), which controls how close prices
must be to the terminal payoff. For each market, we model this
behavior by first identifying 𝑥★ ∈ {YES,NO} as the realized win-
ning outcome and 𝑡𝑛 as the market resolution time. We define
𝑡† = max{𝑡 < 𝑡𝑛 | 𝑝𝑥★ (𝑡) < 𝜏} as the final moment the winning
outcome’s price traded below a threshold 𝜏 . This timestamp estab-
lishes the late-stage window (𝑡†, 𝑡𝑛). Within this framework, a buy
is classified as a Risk Arbitrage buy if it satisfies three concurrent
conditions: (1) it involves the purchase of the winning outcome 𝑥★,
(2) it is executed strictly within the late-stage window, and (3) it is
held through market resolution rather than offset by a prior sale.

Intuitively, Risk Arbitrage buys represent purchases made after
the market has effectively converged to the realized outcome but
before formal settlement. Their profitability therefore reflects the
reliability of this late-stage public consensus signal.

3.2 Information Asymmetry
Information Asymmetry captures a private signal that arises when
some traders possess information about the eventual outcome of an
event that is not yet reflected in market prices. Such behavior man-
ifests as unusually large accumulation of a position while market
prices still reflect substantial uncertainty, followed by substantial
realized profit as prices adjust. Recent controversies surrounding
markets on events such as military strikes in Iran [13] and political

instability in Venezuela [19] have raised concerns that some par-
ticipants may trade on information before it becomes reflected in
public market prices.

Assumption 2 (Asymmetric Information Accumulation).
Consider a binary prediction market with outcome 𝑥 ∈ {YES,NO}.
There may exist periods during which one or more traders possess
information indicative of the realized outcome 𝑥 , while the market
price 𝑝𝑥 (𝑡) continues to reflect substantial uncertainty. During such
periods, informed traders may accumulate unusually large positions
in 𝑥 prior to subsequent market repricing. As information becomes
public and prices adjust toward their terminal value, these positions
realize substantial profit.

Because asymmetric information is not directly observable, we
characterize this signal using the following observable dimensions:

• Accumulation under uncertainty: the position is accu-
mulated while the market price of the realized outcome still
reflects substantial uncertainty.

• Large cumulative positions: traders acting on asymmet-
ric information are expected to accumulate unusually large
positions relative to the overall market supply.

• Substantial realized profit: positions consistent with asym-
metric information are expected to realize substantial profit
following subsequent market repricing.

Information-Asymmetric Positions.
We take the trader–market position1 as the unit of analysis and

identify positions that exhibit this private signal.
For each market:
(1) Let 𝑥★ ∈ {YES,NO} denote the realized winning outcome.

Once cumulative traded supply exceeds a minimum thresh-
old 𝑆min, we repeatedly examine the distribution of trader
balances in 𝑥★ over time.

(2) A trader position is flagged as a position outlier if its bal-
ance lies in the upper tail of the balance distribution at any
observation point, as determined by threshold 𝛽 . This cap-
tures unusually large accumulation of the realized winning
outcome relative to the rest of the market.

(3) For each position outlier, we compute the volume-weighted
average purchase price (VWAP) of the accumulated posi-
tion. We require that this VWAP remain below a maximum
threshold 𝜃max, ensuring that accumulation occurred while
the market still reflected substantial uncertainty regarding
the outcome.

(4) We then compute the realized profit associated with the
position through subsequent liquidation or eventual market
resolution.

(5) Finally, we require positions to remain open for at least a
minimum holding period Δmin.

A trader–market position satisfying the above conditions is clas-
sified as information-asymmetric.

We set 𝑆min = 10,000 tokens as a minimum supply threshold,
ensuring the balance distribution used for outlier detection con-
tains sufficient participation; 𝛽 is then defined via the Tukey IQR

1Defined as the cumulative balance in a given outcome held by a trader at a given
point in time.
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Figure 1: Polymarket monthly trading volume during the
study period comparedwith the subset of conditions retained
after dataset filtering. The retained dataset accounts for the
largemajority of economicallymeaningful platform activity.

method,2 flagging accounts holding disproportionately large posi-
tions relative to the rest of the market. We require accumulation
to occur at a VWAP below 𝜃max = 0.70, ensuring positions are
established while the market still reflects substantial uncertainty.
Finally, we impose a minimum holding duration of Δmin = 2 days
to exclude short-lived trading activity and focus on sustained po-
sition accumulation. These bounds are intentionally conservative,
casting a wide initial net of candidates; the empirical distributions
in Section 6.1 motivate tighter data-driven thresholds that refine
this raw set to a high-conviction sample.

4 Data Collection
We analyze all prediction markets created and resolved on Poly-
market between January 1, 2024 and January 1, 2026. Our dataset
combines information from two sources: the Polymarket GAMMA
API [14] and on-chain event data recorded on Polygon. From the
GAMMA API, we collect condition metadata information including
token identifiers, creation and resolution timestamps, and market
categories. We reconstruct trading activity from on-chain events
following the methodology of [16] by querying Polymarket’s ex-
change contracts via Alchemy [1]. Specifically, we reconstruct ex-
ecuted buy and sell trades, token minting and redemption events
(split/merge operations), and token transfers, mapping all activity
to the corresponding condition.

Across the study period, the raw dataset contains 243,155 condi-
tions, 280,348,267 reconstructed trade executions,3 1,745,600 unique
trading accounts, and approximately $28.0B in total trading volume.
Our methodology focuses on identifying large position accumula-
tion and late-stage trading activity. We therefore apply a sequence
of filters designed to retain conditions with sufficient liquidity and
participant activity to support these behaviors.

We first exclude conditions without a definitive resolution (0.1%
of raw conditions)4 and conditions with fewer than 100 executed
trades (≈55% of raw conditions), leaving 108,996 conditions. We
then apply three sequential economic filters, each a conservative

2A position is flagged as a supply outlier if its balance exceeds𝑄3 + 1.5 · IQR of the
cross-sectional balance distribution at any observation point, where𝑄3 is the third
quartile and IQR =𝑄3 − 𝑄1 .
3Trade executions are reconstructed from emitted exchange events and include
matched buy and sell executions associated with a condition. Split and merge op-
erations are recorded separately as token minting and redemption events.
4Specifically, we exclude conditions in which both YES and NO resolved to 0.5, such as
ambiguous markets including “Is Strawberry Gummy a Man or a Woman?”. Since these
conditions lack a unique winning outcome, they cannot be used to evaluate directional
profitability or token convergence dynamics.
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Figure 2: Threshold and window-length selection. Left: frac-
tion of winning-outcome purchase volume retained as the
candidate threshold 𝜏 increases, by topic; at 𝜏★ = 0.94, ≈96%
is retained. Right: Distribution of late-stage window lengths
induced by 𝜏★ = 0.94, expressed as a fraction of the total mar-
ket lifetime; markets exceeding 30% are excluded.

lower bound chosen to exclude the lower tail of minimally active
conditions while retaining the economically active core: a minimum
peak supply of $20,000 (the maximum collateral simultaneously
locked in a condition over its lifetime), at least $100,000 in cumula-
tive trading volume, and at least 100 unique trading accounts. The
resulting analysis dataset contains 26,964 conditions and, despite
excluding the large majority of raw conditions by count, preserves
most of the platform’s economically meaningful trading volume
throughout the study period (Figure 1).

To characterize behavioral patterns across market types, we
assign each condition a primary topic derived from its Polymarket
tag labels. After excluding generic structural tags (Recurring, Hide
From New, and All) that carry no semantic information, we map the
remaining tags into five categories: Sports (10,831 conditions, $8.73B
volume), Crypto (9,223, $3.81B), Politics (4,235, $9.87B), Other (1,673,
$1.45B), and Culture (1,002, $0.71B). Sports and Crypto dominate
by condition count due to recurring game and price markets, while
Politics accounts for the largest trading volume.

5 Risk Arbitrage
Risk Arbitrage (RA) evaluates the reliability of a public market
signal indicating that an outcome has become effectively certain.
Traders with external knowledge of the underlying event can iden-
tify these opportunities directly, but an automated trading agent
observing only market behavior must instead infer such opportu-
nities from late-stage price dynamics. We therefore ask whether
observable market behavior provides a sufficiently reliable proxy
for effective resolution to support systematic Risk Arbitrage, or
whether apparent convergence produces too many false signals to
be profitable in aggregate.

5.1 Identifying the Late-Stage Regime
The primary parameter governing the Risk Arbitrage heuristic is
the price threshold 𝜏 , which determines when observable market
behavior indicates that a market has entered the late-stage regime.
Because effective resolution is not directly observable from prices
alone, 𝜏 defines the point at which an automated agent would
begin treating the public consensus signal as actionable. To select
an operational value, we first define a broad reference set of late-
stage activity using a permissive threshold of 𝜏 = 0.90, treating
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Figure 3: CDF of Risk Arbitrage window duration by market
topic. While Sports and Crypto markets typically converge
shortly before settlement, Politics, Culture, and Other often
remain in the late-stage regime for longer periods.

winning-outcome purchases above this level as candidate end-of-
market activity. We then examine the fraction of this purchase
volume retained as 𝜏 varies across market categories (Figure 2,
left). We adopt 𝜏★ = 0.94, representing a high-confidence definition
of the late-stage regime while still retaining approximately 96%
of candidate late-stage purchase volume across the major topic
categories.

The late-stage windows induced by 𝜏★ vary substantially across
conditions. While most Sports and Crypto markets enter the late-
stage window only shortly before resolution, Politics and Culture
contain a heavier tail of conditions that remain near-certain for
extended periods prior to settlement. These cases typically corre-
spond to markets whose eventual outcome was effectively decided
long before formal resolution.5 To exclude such structurally atypi-
cal conditions, we remove markets in which the late-stage window
exceeds 30% of the total market lifetime (Figure 2, right), retaining
approximately 83% of conditions with RA windows.

5.2 Prevalence of Risk Arbitrage Activity
Having identified the baseline threshold 𝜏★, we evaluate the preva-
lence and economic scale of Risk Arbitrage across market topics.
Risk Arbitrage is widespread, appearing in 69% of filtered condi-
tions and across all five topics. Yet within RA-active conditions it
accounts for only a modest share of trading volume, ranging from
3.1% in Politics to 10.0% in Culture. Its share of outstanding supply
is substantially larger, increasing from 3.1% of trading volume to
24.0% of supply in Politics, and from 4.5% to 15.5% in Sports. This
disparity indicates that once the public signal is identified, positions
are typically established and held through settlement rather than
actively traded.

The duration over which the public signal remains actionable
also varies systematically across market categories (Figure 3). Risk
Arbitrage windows in Sports and Crypto are typically short, often
lasting only hours before settlement, whereas Politics, Culture, and
Other frequently exhibit substantially longer windows, extending
from days to over a month. Longer windows increase the time
over which capital remains committed, reducing its availability for
5For example, “Will Amazon be the largest company by market cap on December 31?”,
for which the no outcome commanded near-certain probability throughout most of
the market’s lifespan.
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Figure 4: False-positive buy volume by time before resolution
(stacked bars by category, left axis) and total realized losses
(dashed line, right axis), restricted to buys at or above 𝜏★ =

0.94. Volume peaks for positions entered more than a month
before resolution, but the loss rate is inverted: it falls from
88.6% for buys within an hour of resolution to 11.6% for buys
entered over a month out.

other trading opportunities, and provide a greater interval during
which apparent market convergence may reverse before formal
resolution. These differences reflect the nature of the underlying
events: rapidly resolving markets on one end, and slow-moving or
foregone-conclusion markets on the other.

5.3 False Signals and Residual Risk
The reliability of the public signal depends not only on how often
it identifies genuine late-stage convergence, but also on how often
it produces false signals. We evaluate these failures through pur-
chases of the losing outcome executed at or above the operational
threshold 𝜏★ = 0.94 (false positives), measured on the same footing
as RA’s winning-side profit so the two are directly comparable.
Figure 4 shows both the volume and the realized loss of such false-
positive purchases, bucketed by how long before resolution they
were acquired. Volume is dominated by early entries: $70.3M of the
$107.8M total false-positive volume (65.2%) was acquired more than
a month before resolution. Yet these early positions carry the lowest
loss rate of any bucket, just 11.6% ($8.17M realized against $70.3M
deployed), suggesting that many early entrants successfully unwind
as new information arrives. The pattern reverses sharply close to
settlement: positions entered within a day of resolution ($2.2M
within the final hour, $11.8M within six hours, $10.7M within a day)
realize 81–89% of their capital as loss, since a token still trading
above 𝜏★ within hours of settlement offers almost no window to
exit before the outcome is finalized.

When convergence fails, participants are roughly evenly split
between active unwinding and passive loss realization: 55.2% of
false-positive buyer accounts sold their positions following acquisi-
tion, while 44.8% held their tokens to a zero payoff. Aggregate losses
at 𝜏★ total $38.71M across 62,457 accounts (Table 1), with Sports
accounting for the largest share ($12.84M), followed by Politics
($13.25M) and Crypto ($8.51M). Despite this scale, failed conver-
gence is concentrated in relatively few markets: the top 1% (31
of 3,150 markets) account for 72.6% of false-positive volume and
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Topic Win $M Win Accts Loss $M Loss Accts Net $M

Politics 7.20 167,282 13.25 15,928 −6.05
Crypto 3.11 210,850 8.51 14,460 −5.40
Sports 2.91 46,114 12.84 28,430 −9.93
Other 1.61 63,073 2.67 5,150 −1.06
Culture 0.49 31,666 1.44 2,801 −0.95
TOTAL 15.32 358,825 38.71 62,457 −23.40

Table 1: Risk Arbitrage profitability by topic at 𝜏★ = 0.94.
Despite substantial gross profits, every topic is net-negative
once false-positive losses are included.

the top 5% (157 markets) for 85.0%. Even so, not every early, high-
conviction entry escapes unscathed.6

Although false signals are concentrated in a relatively small num-
ber of markets, they exhibit a fundamentally asymmetric payoff.
Genuine Risk Arbitrage opportunities offer only a small remaining
spread to settlement, whereas a false signal can erase nearly the
entire value of the position. Consequently, a small number of failed
convergence events has the potential to outweigh profits accumu-
lated across many successful trades, a hypothesis we quantify in
the following subsection.

5.4 Profitability
Measured at its own operational threshold, Risk Arbitrage is a net
loser. The winning side generates $15.32M across 358,825 accounts
(0.84% yield on $1.82B deployed), but false-positive buys—losing-
outcome purchases at the same 𝜏★ = 0.94—produce $38.71M in
realized losses across 62,457 accounts, for a net of −$23.40M. The
loss is universal across topics (Table 1): Sports shows the largest
shortfall (−$9.93M, losses 4.4× profit), while Politics leads on gross
profit ($7.20M) yet is still net-negative (−$6.05M). Despite being
widespread, the public signal is therefore not sufficiently reliable
to support systematic Risk Arbitrage at 𝜏★ = 0.94: the cost of false
signals outweighs the gains from successful opportunities across
every market topic.

Widely profitable, thinly so. Despite being net-unprofitable
in aggregate, Risk Arbitrage is individually profitable for most
participants: of 391,663 accounts with at least one RA position,
85.5% are net-positive. These results are reconciled by scale rather
than sign. The median account nets just $0.07, while a concentrated
minority of large losses (mean net−$59.74) dominates the aggregate.
Both sides are top-heavy: the top 1% of winners capture 93.2% of
profit, and the top 1% of losers capture 81.0% of losses. Failure is
also rare at the market level. Of 25,559 RA-active markets, only
12.3% contain a false-positive position, but those failures are costly
(average loss per false-positive market $12,289 versus $684 profit
per true-positive market, an 18× asymmetry).

A further pattern suggests that successful and unsuccessful Risk
Arbitrage are facets of the same underlying behavior rather than
separate populations. A total of 29,619 accounts hold both winning
and losing RA positions at 𝜏★, and 93.0% of false-positive markets
also contain a genuine winning-side position in the same market,
6For example, in the market on PSG’s Champions League elimination, buyers entered
at high prices well before resolution; the unexpected survival of PSG reversed what
had appeared to be stable convergence toward elimination, and unlike the typical early
entrant, these buyers did not exit in time.
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Figure 5: Top 20 Risk Arbitrage accounts ranked by net profit.
Despite the strategy being net-unprofitable in aggregate, a
small number of accounts consistently realize substantial
positive returns while incurring comparatively small false-
positive losses.

with both outcomes trading above 𝜏★ before one ultimately resolved
to zero. These are contested markets, not markets where the crowd
was uniformly wrong.

Ranking accounts by net P&L rather than gross profit provides
a clearer view of sustained performance. Although gains remain
highly concentrated (the top 1% of net-positive accounts capture
93.1% of total profit), the highest earners are distinguished not by
larger winning positions, but by remarkably limited false-positive
exposure. The top net account earned approximately $468Kwhile in-
curring less than $15K in losses, and several of the top ten accounts
experienced no false-positive losses at all (Figure 5). This suggests
that successful Risk Arbitrage depends not only on identifying the
public signal, but also on distinguishing genuine convergence from
false convergence.

6 Information Asymmetry
Information Asymmetry (IA) evaluates the reliability of a private
signal inferred from market behavior. Rather than observing pri-
vate information directly, an automated trading agent can only
observe the accumulation of unusually large positions while the
public consensus still reflects substantial uncertainty. We therefore
ask whether such positions provide a reliable indication of infor-
mation not yet incorporated into market prices, or whether they
instead reflect concentrated, high-conviction speculation. Because
Sports and Crypto markets are primarily driven by continuously
unfolding public information rather than discrete event resolution,
we restrict this analysis to Politics, Culture, and Other markets,
where informational asymmetries are more plausibly reflected in
large position accumulation.

6.1 Identifying Candidates
Applying the IA heuristic of Section 6, which identifies statistically
large (Tukey–IQR) position outliers accumulated while the market
remains uncertain (𝜃max = 0.70), yields 131,317 candidate positions
across 2,285 resolved conditions, tracking accumulation on the
token that ultimately resolved to $1. By construction, this subsection
and Section 6.2 consider only the winning side of large-position
accumulation and therefore describe the strongest candidate private
signals. Section 6.3 applies the identical pipeline to losing positions,
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Figure 6: Distribution of volume-weighted accumulation
prices for filtered IA positions. Large positions are typically
established well before the market approaches the uncer-
tainty threshold (𝜃max = 0.70).

allowing us to evaluate whether similarly large accumulations are
equally common on unsuccessful outcomes.

As a sanity check, we verify that flagged positions arise in mar-
kets with substantial participation and liquidity: candidate markets
contain a median of 845 traders, and winning-token supply at de-
tection has a median of 1,004,804 tokens, with 81.8% of positions
detected in markets above 100,000 outstanding tokens, confirming
that detection concentrates in liquid markets rather than thin ones.

We refine the candidate set to focus our analysis on economically
meaningful positions. We require a minimum committed capital
of $10,000 (cost basis at detection), excluding positions too small
to represent a practically actionable signal regardless of eventual
outcome. We additionally impose a minimum holding duration of
48 hours, excluding positions liquidated shortly after accumulation
while retaining longer-lived exposure under sustained uncertainty.
Finally, Figure 6 shows that filtered positions are accumulated well
below the 𝜃max = 0.70 ceiling: the median volume-weighted ac-
cumulation price is 0.580, consistent with entry under genuine
uncertainty rather than late-stage convergence.

6.2 Scale and Persistence of IA Activity
The high-conviction sample comprises 1,522 positions across 326
conditions and 1,123 unique accounts. IA positions are predomi-
nantly medium- to long-term: the median holding duration is 11.8
days, with 66.6% held for more than one week and 22.9% for longer
than 30 days. Election markets exhibit slightly longer holding du-
rations than non-election markets (median of 12.4 vs. 9.4 days),
consistent with their longer resolution timelines. [Examining the
subsequent trading history of these positions (Section 6.3) shows
that 63.5% are never sold on the open market before resolution,
while the remaining 36.6% are partially or fully liquidated before-
hand.] Together, these observations suggest that most detected
positions represent sustained directional exposure under uncer-
tainty rather than short-horizon trading.

Activity is concentrated in time and category. A disproportionate
share occurs in 2024 US presidential election markets, which we
analyze separately throughout, and participation is predominantly
event-specific: the majority of accounts (934 of 1,123) appear in a

Sample Outcome Pos. Accts Total ($M) Top 10

Election Win 1,062 853 125.2 47.8%
Election Loss 1,456 1,155 116.0 22.9%
Other Win 460 336 14.1 33.2%
Other Loss 562 452 15.4 18.0%

Table 2: Winning and losing IA positions identified under
identical detection criteria. Election markets account for the
majority of both profits and losses.

single market, consistent with isolated informational advantages
rather than platform-wide strategies.

6.3 False Signals and Signal Reliability
The reliability of the private signal depends not only on the exis-
tence of profitable large positions, but also on how often similarly
large positions accumulate on the wrong outcome. Applying the IA
heuristic to the losing side of each market under identical thresh-
olds yields 2,018 large losing positions across 372 conditions and
1,551 accounts, exceeding the 1,522 winning positions identified in
Section 6.1. Aggregate realized losses total $131.5M against $139.3M
in profit (Table 2), leaving a net surplus of just $7.8M. Median po-
sition size is similar in magnitude ($20,606 loss vs. $18,686 profit),
although profits are substantially more concentrated than losses:
the top 10 accounts capture 33.2–47.8% of profits compared with
18.0–22.9% of losses.

To evaluate the reliability of this private signal, we pool all de-
tected positions from both sides (dropping the dollar filter, which
biases comparison across price levels7) and compare each position’s
VWAP entry price against its outcome. Across 203,936 pooled posi-
tions, win rate tracks price closely at the extremes but deviates in
the middle: underperforming by 9–11 points in the 30–50% band,
overperforming by 5–8 points in the 50–70% band (Figure 7). Pre-
dictability varies more by category than by whether a market is
election-related: Culture, non-election Politics, and Other markets
range from Brier 0.199–0.211, while 2024 US Election markets are
onlymodestly less predictable (Brier= 0.222 vs. 0.215 pooled). Large
accumulators generate the most profit and the most loss precisely
where their entry prices are least reliable.

The near-parity between aggregate profit and loss is not driven
by a uniform pattern across entry prices. Below VWAP 0.2, losing
positions are individually larger than winners at the same price
(median share 0.21 vs. 0.19 at [0.1, 0.2)), reflecting a small number
of concentrated losses. Above roughly 0.2–0.3, the pattern reverses:
winners hold the larger share, while losing positions are more
numerous but individually smaller and more concentrated (Gini
0.81 vs. 0.74 at [0.6, 0.7)). The overall balance between profit and
loss therefore emerges from distinct concentration dynamics across
different price regimes rather than a single underlying mechanism.

A possible explanation for the observed profitability is that in-
formed traders exit losing positions before the market fully reprices.
We therefore compare exit behavior across winning and losing
positions. While 36.6% of winning positions and 28.2% of losing
positions are liquidated before resolution, conditional on exiting,

7Profit scales as (1 − VWAP) × balance, loss as VWAP × balance; a shared dollar floor
admits cheap wins and expensive losses disproportionately.
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Figure 7: Number of winning (green) and losing (red) IA posi-
tions by VWAP entry-price bin, (left axis), with realized win
rate and mean VWAP price overlaid (right axis; 𝑛 = 203,936).
The largest calibration errors occur in the middle price bins.

the timing is nearly identical (median 14.1d vs. 13.4d, 𝑝 = 0.23).
The difference therefore lies in whether positions are exited rather
than when. Moreover, early exits from losing positions recover lit-
tle value (median 5.8% of cost basis), suggesting that liquidation
typically occurs only after prices have already collapsed.

6.4 Profitability and Concentration
The high-conviction winning sample comprises 1,522 positions
across 326 conditions and 1,123 unique accounts. Aggregate realized
profit totals $139.3M (median $18,686, mean $91,521 per position)
and is highly concentrated among a small set of participants. The
top 10 accounts, fewer than 1% of traders, capture 43.0% of total
profit and 43.6% of accumulated supply, while the top 50 account
for 68.1% and 67.1%, respectively. Profit and supply shares track
closely across quantiles, indicating that realized gains are driven
primarily by position scale rather than selective timing.

A disproportionate share occurs in 2024 US presidential election
markets, which account for $125.2M of the $139.3M total (Table 2),
with substantially stronger concentration than elsewhere: the top
10 accounts capture 47.8% of election-market profit versus 33.2% in
all other markets. Despite this concentration, participation remains
predominantly event-specific, with 934 of 1,123 accounts appearing
in only a single market. Yet profitability rises with repeat participa-
tion, from a median $16.0K for single-market accounts to $569.1K
for accounts active in 11 or more markets — though that top bucket
now contains only 3 accounts, so the latter figure should be read as
illustrative rather than a stable estimate.

Taken together, these results indicate that the largest realized
profits arise from a small number of highly concentrated positions,
particularly in 2024 US presidential election markets. However,
these gains coexist with a comparably large population of simi-
larly sized losing positions and a market segment exhibiting the
weakest calibration. While a small number of traders realize sub-
stantial profits, the aggregate evidence is more consistent with
concentrated high-conviction betting than with a broadly reliable
or systematically decodable private signal.

7 Conclusions
We examined the reliability of two observable trading signals in
prediction markets. Across both settings, evaluating only success-
ful instances substantially overstates the reliability of these sig-
nals. Accounting for equally observable false signals fundamentally
changes the picture. Risk Arbitrage becomes net unprofitable once
failed convergence events are incorporated, while the apparent
profitability of Information Asymmetry is almost entirely offset
by comparably large losing positions. Observable market behav-
ior therefore contains informative signals, but neither late-stage
price convergence nor large position accumulation alone reliably
identifies actionable trading opportunities.

More broadly, our results highlight the importance of evaluating
trading signals symmetrically. Analyses based solely on profitable
positions risk overstating both the reliability of public consensus
and the informational content of large trades. Incorporating false
signals provides a more complete picture of market calibration and
suggests that concentrated profits alone should not be interpreted
as evidence of systematic predictive advantage.

Aspects of this analysis could be further refined in future work.
The operational thresholds used to identify both strategies are
heuristic choices designed to capture economically meaningful
behavior, and alternative parameterizations may reveal different
operating points. Our analysis also treats blockchain addresses as
independent participants and does not account for cross-market
hedging or multi-wallet ownership. Finally, while our dataset spans
two years of Polymarket activity, a substantial fraction of the ob-
served behavior is driven by the 2024 US presidential election. Ex-
tending this methodology to additional election cycles, prediction
market platforms, and richer trader-level reconstructions would
help assess the generality of these findings.
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