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Abstract
This study examines whether cryptocurrency prediction market contracts can be valued using tradi-
tional derivatives pricing methods. We analyze Polymarket contracts tied to the event “What price will
Bitcoin hit in 2025?”, where payouts occur if Bitcoin reaches a specified level before year-end. These
contracts closely resemble one-touch barrier options, linking prediction markets with option theory. Two
valuation approaches are compared: a closed-form approximation and a Monte Carlo simulation with
EWMA volatility and jump-diffusion dynamics using Deribit options and futures data together with
observed Polymarket prices. Both models explain a substantial share of Polymarket price movements,
suggesting these markets reflect economically meaningful probability assessments. However, the Monte
Carlo framework performs more consistently across barrier levels and longer horizons, producing lower
pricing errors, especially when jump risk is included. Delta-hedging tests also show materially lower
P&L variance than unhedged positions. Overall, the findings show that crypto prediction markets can
be analyzed with many of the same tools used in traditional derivatives markets. Despite liquidity and
data limitations, one-touch option theory provides a credible benchmark for pricing, forecasting, and risk
management in decentralized markets.
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1 Introduction & Theory

1.1 Introduction

This study examines two valuation methods for
Polymarket contracts as one-touch options, a class
of exotic contracts defined by whether the underly-
ing asset reaches a specific price level before expi-
ration. Traditionally, instruments with these pay-
off structures were confined to professional financial
markets. Prediction platforms have now pushed
them into public view. Anyone with a crypto wal-
let can now trade event tokens that replicate pay-
offs once found only in structured products. Sur-
rounded by political, cultural, and sports markets,
however, it is unlikely most users recognise them as
options at all. Markets built around questions such
as ‘What price will Bitcoin hit in 2025?’ reveal real-
money estimates of barrier outcomes and make the
underlying probabilities visible in a straightforward
way.

This matters because prediction markets convert
individual expectations into prices that reflect the
collective view of future events. Their prices can
offer signals of practical relevance for both retail
traders and institutions, and higher trading volume
and greater participation from informed traders are
likely to make these estimates more precise over
time. Sentiment plays a central role here, since
shifts in narrative and positioning can alter these
probabilities in ways that differ from risk-neutral
models and therefore shape how the results should
be interpreted.

They also create a natural point of comparison with
traditional option markets, where models such as
Black-Scholes and quotes from venues like Deribit
express probability and pricing structure through
a more formal framework. Setting these sources
alongside one another makes it possible to com-
pare Polymarket’s pricing with traditional option
valuations, identify which view aligns more closely
with outcomes, and consider how prediction-market
probabilities might support forecasting, hedging, or
related strategies.

1.2 Theory

1.2.1 Prediction Markets

Prediction markets, or betting markets such as
Polymarket and Kalshi, are (as of this writing) still
a relatively new development, with Polymarket it-
self launching in 2020. These platforms allow in-
dividuals to speculate on uncertain future events,
referred to as markets, by taking positions against
other participants. This is best illustrated by an
example: a bettor, A, thinks that JD Vance will
be the Republican presidential nominee in 2028.
A then posts a bid for a ’yes’-token at, say, 55
cents. If another bettor B is willing to be the
counter-party for that bet, B sells their ’yes’-token
or equivalently buys a ’no’-token. This allows for
investors to speculate on uncertain events without
the involvement of a traditional house setting the
odds. On Polymarket, each token pays out $1 if
the event occurs, which means that the prevailing
price of a yes/no token can be interpreted as the
market-implied probability of the event occurring.
Prediction markets can be understood as a special-
ized form of crowd-sourcing, designed to collect a
wide range of views and expectations about specific
questions of interest. A crucial improvement over
ordinary opinion aggregation is that participants
must risk capital, which filters out noise, rewards
informed reasoning, and forces continuous updat-
ing as new information becomes available. In Oc-
tober 2025, Intercontinental Exchange (ICE), the
parent company of the New York Stock Exchange,
announced a strategic investment of up to $2 billion
in Polymarket. The explicit purpose of the partner-
ship is to distribute Polymarket’s sentiment data
to institutional clients. This reflects that predic-
tion markets are increasingly treated as legitimate
sources of probabilistic insight, validated by some of
the largest institutions in the financial sector [1][2].

The consensus around prediction markets is that
they give fairer odds than traditional betting
houses, since there is no house involved.

Figure 1: Example image of a market on Polymarket.
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1.2.2 Vanilla Option Theory

This paper assumes that the reader has a ba-
sic knowledge of vanilla options and their payoff
structures. However, pricing these options is not
simple. The most accepted pricing model is the
Black-Scholes formula. The model is named after
economists Fischer Black and Myron Scholes, who
first developed it. Black-Scholes is a method of pric-
ing European call and put options, and works under
the following assumptions:

• The return on the risk-free asset is constant
and called the risk-free rate, r.

• The log-return of the underlying asset price
follows a random walk with a drift that is
equal to the risk-free rate. The volatility of
the asset’s returns is considered to be con-
stant.

• The asset does not pay a dividend. This as-
sumption is easily mitigated, although this is
not necessary for the sake of the research in
this project, since Bitcoin does not pay divi-
dends.

Further, the model makes assumptions on the mar-
ket that there are no arbitrage opportunities, and
that there are no transaction costs.

The resulting closed-form evaluation results from
solving the Black-Scholes Equation:

∂V

∂t
+

σ2

2
S2 ∂

2V

∂S2
+ rS

∂V

∂S
− rV = 0 (1)

where V : value of the option, S: underlying asset
price, t: time. The method of solving the equation
is left as an exercise to the reader. The solution
of the equation results in the following closed-form
evaluation of a European call option:

C = SN(d1)−Xe−rTN(d2) (2)

where d1 and d2 is calculated as:

d1 =
ln S

X + (r + σ2

2 )T

σ
√
T

(3)

d2 = d1 − σ
√
T . (4)

The variables in equations (2) through (4) are:

• C: theoretical price of the option.

• S: price of the underlying asset.

• N(∗): cumulative normal distribution func-
tion.

• X: strike price of the option.

• r: risk-free rate.

• T : time to expiry. Note: this is different from
t in equation (1).

• σ: volatility of the underlying asset.

The theoretical price of a European put option, P ,
can then be derived from the Put-Call Parity:

P = Xe−rTN(−d2)− SN(−d1). (5)

The biggest issue with using the Black-Scholes in
practice is estimating the volatility of the underly-
ing asset. The volatility in the Black-Scholes for-
mula is the volatility of the asset during the options
lifetime. Since there is no known way of predicting
the future, this cannot be observed. One can use
historical price data to estimate realised volatility,
but that gives limited results since volatility fluctu-
ates with time. Because of this fact, investors often
use the term ”implied volatility”, or IV. Given the
price of a put or call option on the market, one
can work their way backwards through the Black-
Scholes formula to get the IV of the asset. This
method is called the inverse Black-Scholes and is
conceptualized in Figure 2:

IV −→ Black–Scholes −→ Price

Price −→
Inverse

Black–Scholes −→ IV

Figure 2: Conceptual illustration of Inverse Black–
Scholes.

So, if an investor wishes to price another type of
option and they need the volatility of the underly-
ing asset, they can calculate the IV from options
already trading on the market. If all the assump-
tions in Black-Scholes held in practice, the IV for all
options with the same time to expiry would be the
same. But this isn’t the case. Like previously men-
tioned, Black-Scholes makes the assumption that
log-returns of asset prices are normally distributed.
This is empirically known to be a simplified reality.
In reality, log-returns on equities have a negative
skew and log-returns on Bitcoin can shift between
negative and positive skews. Also, both classes have
fatter tails than a normal distribution. This means
outlier events, especially on the negative side, are
more likely to happen than a normal distribution
would suggest. Investors know this, and as a result,
options that are far out of the money often trade
at higher implied volatilities than at-the-money op-
tions [3][4].
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1.2.3 Digital and One-Touch Options

The next step in the world of financial derivatives
is to introduce digital options. Digital options are
like European options, with the exception that their
payoff is a set value, $100 for example. Using the-
ory from the Black-Scholes formula, a theoretical
price for a digital call and put option is:

CD = Qe−rTN(d2)

PD = Qe−rTN(−d2)

where Q is the fixed payoff on the option, and d2
is the same as in equation (4). These equations are
simpler to intuitively understand than (2) and (5):
the price of these options is the payoffs discounted
to the present-day value, times some probability
that the strike price, X, will be met or exceeded at
the time of expiry.

The reason for introducing these digital options is
because, with some assumptions, there is a sim-
ple, linear relationship between digital European
options and one-touch options. One-touch options
are options which give the holder an immediate,
fixed payout if the underlying asset touches a fixed
barrier, the option’s strike, at any time during the
option’s lifetime. The formal payoff function for a
one-touch option with a barrier above the underly-
ing asset price is:

Payoff =

{
Q, if ∃ t ∈ [0, T ] : S ≥ X

0, otherwise

For the case where the barrier is below the under-
lying asset price, the payoff function is:

Payoff =

{
Q, if ∃ t ∈ [0, T ] : S ≤ X

0, otherwise

Under the assumption that the risk-free rate is zero,
and therefore the drift of the underlying asset is
zero, a one-touch option is worth 2 times the worth
of a digital (call if barrier is above underlying as-
set price, else put) European option. This is be-
cause the options have the same expected payoffs.
The next paragraph explains this relation for a one-
touch option with a strike above the underlying as-
set price.

Consider a one-touch option with a payoff of $1 and
a strike price (barrier) at $100, owned by Charlie.
Another investor, Warren, owns two digital call op-
tions with the same payoffs, strikes, and expiration.
One of two things can happen: 1. The asset price
never reaches the asset price. Both Charlie and
Warren receive a payoff of zero. 2. At some point,
the asset reaches the strike price. Charlie imme-
diately gets a payoff of $1. Warren’s two digital
call options now have a 50% chance of finishing in

the money (assuming zero-drift), so each is worth
50 cents. Warren sells his two digital options for
50 cents each and receives a payoff of $1. Since
Charlie’s and Warren’s portfolios have the same ex-
pected payoffs, they must be worth the same. For
one-touch options with a strike below the under-
lying asset’s current price, the same logic can be
applied by modifying Warren’s portfolio to consist
of two digital put options. With this theory, there
exists a closed-form valuation formula for one-touch
options:

POT = 2Qe−rTN(d2), if X > S0, (6)

POT = 2Qe−rTN(−d2), if X < S0. (7)

Reminder that S is the underlying asset price, and
X is the strike price, or barrier, of the one-touch op-
tion. Also, the assumption of r = 0 is only needed
to motivate the above formulas, when using them
for valuation, a proper value of r should be used.
In reality, r ̸= 0, which makes the estimations from
these formulas worse as the options’ expiries are
further away in time. Far away is ambiguous, but
a guideline that is set in this paper is that any-
thing more than two weeks will significantly harm
the precision of this evaluation [5].

1.2.4 Monte Carlo Simulation

Rather than directly relying on the closed-form
Black–Scholes solution, an alternative approach is
to simulate the underlying price dynamics using
Monte Carlo methods. The Black–Scholes frame-
work assumes that asset prices follow a geometric
Brownian motion, implying that log-returns evolve
according to a Brownian motion with drift. Over
an infinitesimal time interval, the log-price process
evolves as:

lnSt+∆t = lnSt +
(
µ− 1

2σ
2
)
∆t+ σ

√
∆t Z,

Z ∼ N (0, 1).

Notice that the log-return dynamics consist of two
components: a deterministic drift term governed
by the parameter µ, and a stochastic diffusion
term driven by a standard normal random variable
Z ∼ N (0, 1), scaled by the volatility parameter σ.
The stochastic term captures the random fluctua-
tions of returns and is proportional to the asset’s
implied volatility. Exponentiating the log-price ex-
pression yields the corresponding evolution equa-
tion for the asset price:

St+∆t = St exp ((µ− 1
2σ

2)∆t+ σ
√
∆t Z)

After simulating a large number of price paths, the
probability of the asset reaching a barrier X is ap-
proximated by the fraction of paths that crossed
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the barrier at least once before maturity. With dis-
counting for the time to maturity, the Monte Carlo
estimate of the fair price becomes:

P = e−rT 1

N

N∑
i=1

Ii

where

Ii =

{
1, if max0≤t≤T S

(i)
t ≥ X,

0, otherwise.

and N is the number of simulated paths.

1.2.5 RiskMetrics EWMA Volatility

To account for volatility changes over time in the
simulations, this project uses a RiskMetrics EWMA
approach. This involves updating the volatility pa-
rameter inside a simulation path using the past re-
turns inside that path. The variance used in time
step t is calculated as:

σ2
t = λσ2

t−1 + (1− λ)r2t−1,

where rt−1 is the log-return of the previous time-
step, and λ is a decay factor. This ensures that
volatile paths are updated with a higher volatility
inside the simulation, and the opposite for stable
paths. The decay factor ensures that past shocks
have an exponentially decreasing effect on volatil-
ity. For daily time steps, the RiskMetrics standard
uses λ = 0.94. σ0 can be set as historical realized
annual volatility [6].

1.2.6 Jump Diffusion Model

An advantage of the numerical Monte Carlo ap-
proach is that it’s highly flexible. The random-
walk dynamics can be adjusted or extended with-
out changing the overall pricing logic. In particular,
Bitcoin often experiences sharp discrete jumps, to
which one-touch options are highly sensitive. To
account for this, an additional random jump mech-
anism à la Merton is added to the model:

St+∆t = St exp ((µ− 1
2σ

2)∆t+ σ
√
∆t Z +

N∆t∑
i=1

Ji)

Here, N is a Poisson process with intensity λ, so
N∆t ∼ Po(λ∆t), where λ denotes the annual jump
frequency. J denotes the logarithmic jump size,
which is assumed to be normally distributed with a
mean µJ and deviation σJ given by historical Bit-
coin price data. The estimation procedure and data
treatment are described in detail in the next chap-
ter. A reasonable assumption is that these discrete
jumps should be neutral on average, occurring just
as often upward as downward. A common but in-
correct simplification in the literature is therefore
to set µJ = 0. However, since

E
[
eJ

]
= eµJ+

1
2σ

2
J

the expected jump effect will be non zero when-
ever µJ + 1

2σ
2
J ̸= 0. To keep the risk neutral

pricing, λ(E
[
eJ

]
− 1) is subtracted from the drift.

This leaves the final formula for the jump diffusion
model:

St+∆t = St exp
(
(µ− λκ− 1

2σ
2)∆t+ σ

√
∆t Z +

N∆t∑
i=1

Ji

)
,

κ = E[eJ ]− 1.

1.2.7 ∆-Hedging

A fundamental part of options-trading is reducing
the overall risk for a portfolio. One way to do this,
is with ∆-hedging (read: delta-hedging). An op-
tion’s ∆ is the option price’s sensitivity to price
changes in the underlying asset. By holding posi-
tions with opposite deltas (e.g. short call option
and long underlying), one can eliminate the first-
order directional risk of the underlying asset. For-
mally, the ∆ of a one-touch option is calculated as:

∆ =
∂POT

∂S
.

The following explicit formula for ∆ can be ob-
tained by differentiating equations (6) and (7):

∆ = 2Qe−rT n(d2)

S0σ
√
T
, if X > S0, (8)

∆ = −2Qe−rT n(d2)

S0σ
√
T
, if X < S0.

Where n(∗) is the probability density function for
a N(0, 1) stochastic variable. Note that n(−d2) =
n(d2).

The goal of delta-hedging is to make the total port-
folio delta, ∆portfolio, zero. Note that the under-
lying asset has a delta of 1 by definition. So, to
delta-hedge a portfolio that consists of short op-
tions, one should at all times own ∆option number
of the underlying asset.

For Model 2, no closed-form expression for ∆ is
available. The delta is therefore approximated nu-
merically using a central finite difference:

∆ ≈ Phit(S0 + h)− Phit(S0 − h)

2h
.

Rather than re-simulating paths for shifted spot
values, the same Monte Carlo paths are reused.
Due to the multiplicative structure of the model,
a change in S0 can be implemented by rescaling
the barrier X,

Xup = X
S0

S0 + h
, Xdown = X

S0

S0 − h
.

The corresponding hitting probabilities are then re-
computed using these adjusted barriers.

In the implementation, h = 1000 is used. This
value is small relative to the spot level, while re-
maining sufficiently large to reduce numerical noise.
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2 Data & Method

2.1 Data

The dataset combines cryptocurrency derivatives
market data with prediction market prices. All
timestamps are recorded in UTC.

Minute-level OHLCV price data for European Bit-
coin call options were obtained from Deribit using
the public/get tradingview chart data API. In the
initial test sample, the period covered is 26 Novem-
ber 2025 to 26 December 2025. The specific instru-
ments analyzed have strikes of 90,000, 95,000, and
100,000 USD, all expiring on 26 December 2025.
The close price from each minute bar is used as the
observed option market price.

To represent the underlying asset, minute-level
OHLCV price data were also collected for
the December 2025 Bitcoin futures contract
(BTC-26DEC25) from Deribit over the same period.
Although Deribit BTC options are European, with
final settlement determined by a 30-minute time-
weighted average price (TWAP) of the Deribit in-
dex, they are quoted relative to the correspond-
ing futures contract during trading. The matching-
dated future therefore serves as the underlying price
input in the implied volatility calculations.

Additionally, price data on perpetual futures were
downloaded, also from Deribit. These prices serve
as a proxy for Bitcoin’s price, which was not avail-
able at a 1-minute resolution from Deribit. These
values are later used in estimating one-touch option
values, and in determining parameter choices for
simulations. Prediction market data were collected
from Polymarket for the event “What price will
Bitcoin hit in 2025?”, where each submarket cor-
responds to a specific price barrier. Historical price
data for both YES and NO tokens were retrieved
at approximately second-level resolution over the
full event window (1 January 2025 to 31 December
2025). However, in the analysis presented in this
report, Polymarket prices are only used over the

overlapping period for which corresponding Deribit
option and futures data are available.

2.2 Method

2.2.1 Preprocessing

The option prices gathered from Deribit were
quoted in BTC. To prepare the data for IV calcula-
tion, these quotes were translated into USD using
the current Bitcoin price (proxied by a perpetual
future).

For the drift parameter in the pricing models, the
futures-implied funding rate was used, derived from
spot and futures prices:

r = ln(F/S)/T,

where F , S and T are the future price, spot price,
and time to expiry of the future contract. Strictly,
this corresponds to the risk-neutral drift rather
than a pure risk-free rate, but it is the appropri-
ate input for both discounting and the drift of the
simulated process under the risk-neutral measure.

2.2.2 IV calculation

To calculate the implied volatility of the call op-
tions from Deribit, the following algorithm was im-
plemented:

1. Collect S0, C, T , r, X for the specified option.

2. Make an initial guess for σ. Our algorithm
used the guess σ = 0.5.

3. Calculate Cimplied(S0, T, r,X, σ) using equa-
tion (2) and compare this to C using the
squared difference, (Cimplied − C)2.

4. Use the fmin function from scipy.optimize
package to minimize the squared difference by
varying σ.

Table 1: Summary of Data Sources

Instrument Source Frequency Sample Period
BTC Call Option (70K) Deribit 1-minute 1 Jan–16 Dec 2025
BTC Call Option (80K) Deribit 1-minute 1 Jan–28 Feb 2025
BTC Call Option (95K) Deribit 1-minute 26 Nov–26 Dec 2025
BTC Call Option (100K) Deribit 1-minute 26 Nov–26 Dec 2025
BTC Call Option (110K) Deribit 1-minute 1 Jan–21 May 2025
BTC Call Option (150K) Deribit 1-minute 1 Jan–16 Dec 2025
BTC Futures (BTC-26DEC25) Deribit 1-minute 1 Jan–26 Dec 2025
BTC Perpetual Futures Deribit 1-minute 1 Jan–31 Dec 2025
Polymarket Tokens Polymarket 1-second 1 Jan–31 Dec 2025
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The value of σ that this algorithm converges to is
the implied volatility, IV, of the option. These val-
ues are then used in both one-touch option pricing
methods.

2.2.3 One-touch pricing: Method 1, Closed
Form Approximation

The valuation of the one-touch options using the
first method described in the theory section was
straightforward. The values of S0, T , r, Q and σ
were inserted into equations (6) or (7), depending
on whether the strike price was above or below Bit-
coin’s current price, as explained earlier. The valu-
ations were implemented and performed in Python.

2.2.4 One-touch pricing: Method 2,
Monte-Carlo simulation

For each valuation timestamp, the Monte Carlo
simulation is initialized with a set of time-
dependent input parameters (S0(t), σ(t), µ(t),
τ(t)). The remaining time to expiry, τ(t), is de-
fined as the time (in years) between the current
timestamp and the Polymarket contract’s settle-
ment time. The drift parameter, µ(t), was calcu-
lated using the relation between futures price and
the spot prices as

µ(t) =
ln (F (t)/S(t))

τf (t)

where F (t) denotes a dated future correspond-
ing to the Polymarket contract’s settlement time.
To model time-varying volatility, an exponentially
weighted moving average (EWMA) specification
was used, following the RiskMetrics framework de-
scribed earlier. σ0 was calculated as a 60-day rolling
volatility on hourly log-returns of Bitcoin prices,
this was then annualized to match the input re-
quired for the Monte-Carlo setup. The conditional
variance was updated recursively at each time step,
allowing the volatility to adapt dynamically to re-
cent market conditions.

To determine the jump parameters, the price his-
tory of Bitcoin perpetual futures between February
and December 2025 were examined. After calcu-
lating hourly log-returns in Bitcoin price, a rolling
standard deviation was calculated using 60 (mini-
mum 30 for early values) recent values. Log-returns
with a z-score of 4 or greater were treated as jumps.
The z-score threshold of 4 is a modelling assump-
tion and was chosen as a conservative cutoff, mean-
ing that only observations that are extreme rela-
tive to recent volatility are classified as jumps. A
lower threshold would naturally lead to a higher es-
timated jump intensity λ, so the resulting param-
eters should be viewed as dependent on the cho-
sen threshold rather than uniquely determined by

the data. The amount of jumps in a year, λ was
recorded, as well as the mean, µJ , and standard
deviation, σJ , of the jumps.

µJ -0.0014
σJ 0.025
λ 50

Parameters for the jump diffusion model

A separate dataframe was constructed for each bar-
rier level, corresponding to a Polymarket contract
of the form “Will Bitcoin hit X?”. Each row repre-
sents a valuation timestamp and contains the asso-
ciated time-dependent inputs S0(t), σ(t), µ(t), and
τ(t), used as initial conditions in the Monte Carlo
simulation.

The model was then evaluated independently for
each row of the dataframe. For a given timestamp,
the initial price S0, volatility σ, drift µ, and time
to settlement τ were read and used as inputs. The
simulation was carried out using daily time steps,
with the number of steps proportional to the re-
maining time to settlement.

For each timestamp, 10, 000 price paths were gener-
ated, and the barrier-hit probability was estimated
as the fraction of paths whose maximum (or mini-
mum, depending on barrier type) exceeded the bar-
rier level X at any time before settlement.

In addition, the delta was estimated numerically
for each timestamp using a central finite difference
scheme, as described above. Both the estimated
probability phit(t) and the corresponding delta were
then appended as new columns to the dataframe,
which was exported as a CSV file for comparison
with observed Polymarket prices.

Because Method 2 does not depend on Deribit op-
tion data, it is additionally evaluated on four con-
tracts (70K, 80K, 110K, 150K) over the full 2025
period, where Method 1 is not feasible due to option
illiquidity.

2.2.5 Visualization and Comparisons

Initially, the resulting time series from both meth-
ods were plotted against their respective price his-
tories from Polymarket. The Polymarket data is
event-driven, with uneven timestamps, while the
calculated values populate every minute. This
makes formal comparisons a challenge. To miti-
gate this, the time series were merged using the cal-
culated values’ timestamps as reference. For each
timestamp, the calculated value was matched with
the most recent value in the Polymarket data. This
ensures that no look-ahead bias is introduced in the
evaluations.
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3 Results

3.1 Method 1, Closed Form Approximation

Figures 3 and 4 show how the calculated values from method 1 compares to the prices on the corre-
sponding Polymarket contracts.

Figure 3: Polymarket price and method 1 valua-
tion, $100K strike price.

Figure 4: Polymarket price and method 1 valua-
tion, $95K strike price.

In figures 5 and 6 the differences in valuation and price are plotted over time. For the $100K strike
price contract, the mean absolute error (MAE) was 0.0405 and the root mean squared error (RMSE)
was 0.0685. The corresponding values for the $95K strike price contract were 0.0337 and 0.0633.

Figure 5: Error over time, $100K strike price. Figure 6: Error over time, $95K strike price.

To test if the errors are mean-reverting, Augmented Dickey Fuller tests were performed on the spread
between the calculated values and Polymarket prices. The first test was performed on the full period,
for the second test, the last 6 days were removed from the data. The results are presented in table 2. A
p-value below 0.05 leads to rejection of the unit-root null, indicating that the time series is stationary.

Barrier Sample MAE RMSE Bias
100K Full 0.0405 0.0685 0.0261
100K Trimmed 0.0225 0.0274 0.0045
95K Full 0.0337 0.0633 0.0222
95K Trimmed 0.0156 0.0196 0.0030

Valuation errors

Barrier Sample ADF Stat p-value
100K Full -2.72 0.070
100K Trimmed -5.51 1.97 · 10−6

95K Full 2.26 0.998
95K Trimmed -5.95 2.15 · 10−7

ADF test results

Table 2: Model performance and statistical properties for Method 1.
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3.2 Method 2, Monte Carlo Simulation

3.2.1 Initial Sample: November–December 2025

Analog to Method 1, the calculated values and Polymarket prices for contracts with barriers $95K and
$100K are plotted against each other. The values were calculated using the jump-diffusion model, and
using a simpler specification without jumps. Error statistics and ADF test results are presented in table
3.

Figure 7: Method 2 valuation with jumps Figure 8: Method 2 valuation without jumps

Figure 9: Method 2 valuation with jumps Figure 10: Method 2 valuation without jumps

Barrier Model MAE RMSE Bias
100K Jump 0.0265 0.0317 0.0153
100K No Jump 0.0265 0.0370 -0.0183
95K Jump 0.0232 0.0277 -0.0045
95K No Jump 0.0311 0.0372 -0.0283

Valuation errors

Barrier Model ADF Stat p-value
100K Jump -3.5100 0.0077
100K No Jump -3.3998 0.0110
95K Jump -2.4170 0.1370
95K No Jump -2.3842 0.1463

ADF test results

Table 3: Model performance and statistical properties for 100K and 95K barriers.

3.2.2 Extended Sample: January–December 2025

To assess the robustness of the Monte Carlo approach over a longer horizon and across additional strike
levels, the EWMA jump-diffusion model was evaluated on four additional contracts from the Polymarket
event “What price will Bitcoin hit in 2025?”: $70,000, $80,000, $110,000, and $150,000. The evaluation
covers varying periods within 2025, depending on contract activity, with hourly input data.
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Figure 11: MC valuation vs Polymarket, $70K
barrier.

Figure 12: MC valuation vs Polymarket, $80K
barrier.

Figure 13: MC valuation vs Polymarket, $110K
barrier.

Figure 14: MC valuation vs Polymarket, $150K
barrier.

Barrier Model MAE RMSE Bias
150K Jump 0.0552 0.0684 0.0349
150K No Jump 0.1161 0.1364 -0.1156
110K Jump 0.0428 0.0563 0.0334
110K No Jump 0.0682 0.0829 -0.0616
80K Jump 0.0351 0.0424 -0.0032
80K No Jump 0.2062 0.2293 -0.2057
70K Jump 0.0367 0.0420 -0.0132
70K No Jump 0.1239 0.1363 -0.1239

Valuation errors

Barrier Model ADF Stat p-value
150K Jump -2.2451 0.1903
150K No Jump -1.9512 0.3084
110K Jump -2.9121 0.0440
110K No Jump -3.5922 0.0059
80K Jump -2.7409 0.0672
80K No Jump -1.3150 0.6223
70K Jump -3.5321 0.0072
70K No Jump -3.4704 0.0088

ADF test results

Table 4: Model performance and statistical properties across barrier levels.

3.3 Delta-hedging

3.3.1 Initial Sample: Closed-Form Delta

The following ∆-values were calculated using the closed form delta-approximation in equation (8) for
the one-touch option with a barrier of $100000. These values are visualized in figure 15 and summarized
in table 5.

Figure 15: Delta of Polymarket contract over time. Figure 16: PnL of hedged and unhedged portfolio.
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To test the effectiveness of the delta-hedge, the PnL variances of two portfolio strategies were compared:
I) Being short one Polymarket contract. II) Being short one Polymarket contract and hedging by owning
∆ Bitcoin as well. The rebalancing was done daily.

Table 5: Hedge statistics

Barrier Live Days Var Unhedged Var Hedged Reduction Hit
$100K 30 0.00433 0.00055 87.2% No

As portrayed in table 5, the variance of the PnL of the hedged portfolio, was 87.2% lower compared to
the unhedged portfolio.

3.3.2 Extended Sample: Monte Carlo Delta

The delta-hedging evaluation was repeated for the extended sample, now using ∆ values computed from
the EWMA jump-diffusion Monte Carlo model via central differencing. Four barrier levels were evaluated:
$70,000, $80,000, $110,000, and $150,000. The hedging methodology is identical to the initial sample:
the PnL variances of two portfolio strategies were compared: I) Being short one Polymarket contract.
II) Being short one Polymarket contract and hedging by owning ∆ Bitcoin as well. The rebalancing was
done daily. For contracts where the barrier was reached during the sample period ($80K on 28 February
2025, $110K on 21 May 2025), only the live trading period before settlement is included in the hedge
statistics.

The ∆-values for the $70,000 barrier are visualized in figure 17 and the PnL for the hedged and unhedged
strategies are shown in figure 18.

Figure 17: Delta of Polymarket contract over time,
$70K barrier.

Figure 18: PnL of hedged and unhedged portfolio,
$70K barrier.

The corresponding results for the $150,000 barrier are shown in figures 19 and 20:

Figure 19: Delta of Polymarket contract over time,
$150K barrier.

Figure 20: PnL of hedged and unhedged portfolio,
$150K barrier.

The hedge statistics across all four barriers are summarized in table 6. The variance reduction ranges
from 27.7% to 56.9%, with the strongest reduction observed for the $70K barrier.
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Table 6: Hedge summary across all barriers (live period only)

Barrier Live Days Var Unhedged Var Hedged Reduction Hit
$70K 337 0.000773 0.000333 56.9% No
$80K 57 0.000733 0.000384 47.6% Feb 28
$110K 140 0.000692 0.000500 27.7% May 21
$150K 345 0.000648 0.000444 31.5% No
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4 Analysis & Conclusion

4.1 Analysis

4.1.1 Method 1, Closed Form Approxima-
tion

Figures 3 and 4 illustrate that the theoretical valu-
ations from Method 1 track the Polymarket prices
reasonably closely over most of the sample period.
The error plots in Figures 5 and 6 show that devia-
tions between market prices and model values fluc-
tuate around zero rather than drifting persistently
in one direction.

The magnitude of the pricing errors is moderate.
For the $100K barrier contract, the mean absolute
error (MAE) is 0.0405 and the root mean squared
error (RMSE) is 0.0685. For the $95K barrier, the
corresponding values are slightly lower (MAE =
0.0337, RMSE = 0.0633). The RMSE exceeding the
MAE in both cases indicates the presence of occa-
sional larger deviations, consistent with short-lived
spikes rather than systematic bias. Overall, the er-
ror statistics suggest that the model captures a sub-
stantial portion of the variation in market prices,
though short-term discrepancies occur.

To assess whether these discrepancies are tem-
porary or persistent, Augmented Dickey–Fuller
(ADF) tests were conducted on the error et =
Vt−Pt, where Vt denotes the implied value from the
model and Pt the observed Polymarket price. Sta-
tionarity of et implies deviations from the model
value are mean-reverting rather than permanent.
Over the full sample, the ADF results differ across
barriers. For the $100K contract, the test statistic
of −2.72 (p = 0.070) is close to conventional signifi-
cance levels but does not allow rejection of the unit
root null at the 5% level. For the $95K contract,
the positive test statistic (2.26, p = 0.998) strongly
indicates non-stationarity.

Inspection of the data reveals that the final six days
of the sample are affected by a mismatch in con-
tract expiry between Deribit and Polymarket con-
tracts, which mechanically inflates implied volatil-
ity and induces large, artificial movements in the
spread (see Appendix I). These movements are un-
related to the economic performance of the pricing
model and instead reflect a data construction is-
sue. When this mechanically distorted period is
excluded, the ADF statistics change substantially.
For both barriers, the unit root null is strongly
rejected (−5.51 and −5.95, with p-values around
10−6). These results indicate that, conditional on
consistent contract specifications, the spread be-
tween market prices and model-implied values is
stationary.

Taken together, the evidence suggests that devia-
tions from the theoretical valuation are temporary
when the underlying data are economically consis-
tent. In such periods, market prices appear to re-
vert toward the model-implied value rather than
diverging persistently. The failure to reject a unit
root in the full sample is attributable to a structural
distortion in the final portion of the data rather
than to systematic model misspecification.

4.1.2 Method 2, Monte Carlo Simulation

The Monte Carlo model tracks Polymarket prices
closely across all tested barrier levels, with the de-
viations between model values and observed prices
generally fluctuating within a relatively narrow
range. The error statistics show that the model
achieves low MAE and RMSE across most barri-
ers, particularly for barriers closer to the prevailing
Bitcoin price.

However, it is important to emphasize that prox-
imity to Polymarket prices should not be inter-
preted as a measure of correctness in itself. The
model is derived under a risk-neutral framework,
whereas Polymarket prices reflect a combination of
risk preferences, sentiment, and market microstruc-
ture effects. As a result, a model that consistently
matches Polymarket prices may simply be replicat-
ing these effects rather than providing a theoreti-
cally grounded valuation. The objective is therefore
not to minimize the distance to Polymarket prices,
but to assess whether deviations are systematic or
temporary.

The jump parameters were estimated from hourly
log-returns using a rolling z-score threshold, making
the identification regime-aware rather than apply-
ing a fixed cutoff. The resulting mean µJ = -0.0014
is close to zero, reflecting approximately symmetric
jump direction, which is economically reasonable.

The effect of the jump component is also notewor-
thy. The inclusion of jumps reduces both MAE and
RMSE for barriers both above and below the pre-
vailing spot level. This suggests that the improve-
ment is not driven by directional bias, but rather
by a more accurate representation of tail risk. If the
jump component were introducing a systematic up-
ward or downward drift, the improvement would be
expected to be asymmetric across barriers, which is
not observed.

At the same time, the specification has clear limita-
tions. Jump sizes are drawn from a normal distri-
bution centered near zero, meaning that most sim-
ulated jumps are small and do not resemble the
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discrete shocks observed in practice. As a result,
the model captures increased variance rather than
distinct jump events. A more realistic specifica-
tion would allow for larger, more discrete moves,
for example through a bimodal or heavy-tailed dis-
tribution. This limitation is likely most relevant for
barriers where tail events dominate the valuation.

The ADF results show that the persistence of the
pricing errors varies across barriers and model spec-
ifications. For some contracts, the residuals are sta-
tionary, indicating that deviations from the model
are short-lived, while in other cases the unit root
null cannot be rejected, suggesting more persistent
discrepancies.

This indicates that the model does not consistently
capture the time dynamics of pricing errors. In
particular, some contracts exhibit low MAE and
RMSE while still showing non-stationary residu-
als, implying that small mispricings can persist over
time rather than being quickly corrected.

4.1.3 Delta-Hedge Performance

The hedging results suggest that both valuation
frameworks are useful not only for pricing, but also
for practical risk management. In the initial sam-
ple, where the closed-form approximation was used
to calculate the delta for the $100,000 one-touch
contract, the estimated ∆ remained small and rel-
atively stable throughout most of the sample, with
a mean of 0.000045. The pronounced drop around
December 26 is best understood as a consequence
of the previously discussed expiry mismatch rather
than as an economically meaningful feature of the
contract itself.

To evaluate hedge effectiveness in this initial set-
ting, the variance of PnL was compared across two
portfolio strategies: (I) a short position in one Poly-
market contract, and (II) a delta-hedged portfo-
lio consisting of a short Polymarket contract and a
long position of ∆ Bitcoin, rebalanced daily. The
variance falls from 0.00433 in the unhedged portfo-
lio to 0.00055 in the hedged portfolio, correspond-
ing to an 87.2% reduction. Figure 16 also shows
that the hedged portfolio follows a substantially
smoother PnL path. This indicates that, in the
short initial sample, a large share of price varia-
tion in the contract can be attributed to first-order
exposure to the underlying Bitcoin price, and that
this exposure is captured well by the closed-form
delta.

The extended-sample results provide a broader
and more realistic test of hedge performance.
Here, delta values were computed numerically from
the EWMA jump-diffusion Monte Carlo model,
and hedge effectiveness was evaluated across four

barrier levels: $70,000, $80,000, $110,000, and
$150,000. The same daily rebalancing strategy
was applied, with hedge statistics for the $80,000
and $110,000 contracts calculated only over their
live trading periods prior to settlement. Across
all four barriers, the delta-hedged portfolios ex-
hibit lower PnL variance than the corresponding
unhedged portfolios. As summarized in Table 6,
the variance reduction ranges from 27.7% to 56.9%,
with the strongest hedge performance observed for
the $70,000 barrier and the weakest for the $110,000
barrier.

Taken together, these findings show that the model-
implied deltas remain economically useful even
when moving from the stylized closed-form setting
to the more flexible Monte Carlo framework. At
the same time, the variance reductions in the ex-
tended sample are materially smaller than in the
initial sample, suggesting that hedge performance
becomes less precise once longer horizons, jump
risk, and barrier-specific market dynamics are in-
corporated. This is consistent with the fact that
daily rebalancing cannot eliminate all risk. The
remaining variation in hedged PnL likely reflects
higher-order exposures such as gamma risk, discrete
rebalancing error, jump sensitivity, and model mis-
specification.

Overall, the results indicate that the pricing models
capture an important share of the contracts’ first-
order sensitivity to Bitcoin and therefore provide
hedge ratios that are useful in practice. However,
the evidence also shows that one-touch prediction
market contracts are not driven solely by contempo-
raneous movements in the underlying asset. Resid-
ual volatility remains meaningful, especially in the
extended sample, implying that contract prices also
reflect features that are not fully neutralized by
delta hedging alone.

4.1.4 Theoretical Implications & Limita-
tions

The finding that both models produce stationary
error series suggests that Polymarket prices are not
arbitrary or purely sentiment-driven, but track the-
oretically motivated valuations derived from tra-
ditional derivatives markets. This lends empirical
support to the view that prediction markets aggre-
gate information efficiently. The results also high-
light an underappreciated structural connection be-
tween prediction markets and exotic options. Most
participants likely think of these contracts as simple
bets, but the pricing dynamics are governed by the
same probabilities that professional options desks
compute daily. Sentiment remains a complicating
factor however, as the models are risk-neutral while
Polymarket prices reflect subjective beliefs influ-

LINC, Research & Analysis — See disclaimer at the end 15



Trading & Quantitative

Research

enced by narrative shifts and momentum.

The most significant data quality constraint is the
illiquidity of certain Deribit option contracts, which
traded as infrequently as once every thirty min-
utes. This means the implied volatility input is
a stale estimate that may not reflect current con-
ditions, particularly problematic during rapid price
movements. Wide bid-ask spreads introduce addi-
tional noise into the IV calculation. This illiquid-
ity, combined with the expiry mismatch between
Deribit and Polymarket contracts, likely accounts
for a meaningful portion of residual error in both
models. Beyond data quality, the short one-month
sample period limits the generality of the conclu-
sions.

4.2 Conclusion

This report shows that Polymarket contracts on
whether Bitcoin reaches a given price level can
be meaningfully analyzed as one-touch options.
While presented as prediction-market tokens, their
payoff structure closely resembles that of exotic
derivatives in traditional finance. The results sug-
gest that this is not only a theoretical analogy,
but a practically useful framework. Across both
the closed-form approximation and the simulation-
based framework, the calculated valuations track
observed Polymarket prices reasonably well over
large parts of the sample. This suggests that prices
in these markets are shaped by economically struc-
tured probabilities and not solely by narrative or
speculative sentiment. At the same time, the re-
sults do not imply that Polymarket prices coincide
exactly with risk-neutral option values. Rather,
the findings support the view that one-touch op-
tion theory provides a strong benchmark for un-
derstanding and interpreting these contracts.

Between the two valuation approaches considered,
the Monte Carlo framework appears to be the more
robust method. While the closed-form approxima-
tion performs reasonably well in the short initial
sample, its accuracy is sensitive to the assump-
tions required for the digital-to-one-touch relation-
ship and to distortions in the underlying data. In
contrast, the Monte Carlo model remains effective
across a broader range of barrier levels and over
longer sample periods. Its flexibility allows it to in-
corporate time-varying volatility, path dependence,
and jump risk, all of which are especially relevant
when pricing Bitcoin-related barrier events. The
extended-sample results show that this richer spec-
ification produces valuation errors that are gener-
ally lower than those from the simpler alternatives,
while also providing economically meaningful hedge
ratios. The comparison between jump and no-jump
specifications further suggests that model choice

should depend on the barrier being studied, since
distant barriers appear more sensitive to tail dy-
namics than contracts closer to the money. Taken
together, these results indicate that the simulation-
based framework is better suited for the practi-
cal valuation of prediction-market contracts with
option-like payoffs.

At the same time, the analysis makes clear that
the main limitations of the framework do not arise
from the core idea of treating these contracts as
derivatives, but from the quality of the available
inputs and the frictions present in the market en-
vironment. The expiry mismatch between Deribit
and Polymarket contracts, the illiquidity of certain
option series, stale implied-volatility estimates, and
the simplified jump specification all affect the pre-
cision of the valuations. These issues are particu-
larly visible in the final part of the initial sample,
where mechanically distorted inputs lead to arti-
ficially large errors. The hedging results point in
the same direction. Although model-implied deltas
substantially reduce PnL variance, especially in the
initial sample, the remaining residual risk shows
that practical hedge performance is constrained by
discrete rebalancing, higher-order exposures, and
imperfect model inputs. The broader conclusion
is therefore twofold: first, exotic option theory of-
fers a useful and credible framework for analyzing
crypto prediction markets; second, further improve-
ments in data quality and model specification are
likely to matter at least as much as further theoret-
ical refinement. In that sense, the report suggests
that prediction markets such as Polymarket can be
studied with many of the same tools used in tra-
ditional derivatives markets, but that their full po-
tential for pricing, forecasting, and trading applica-
tions depends on overcoming substantial empirical
and microstructural limitations.
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Appendix I - Input Variables

Figure 21: Input values for option valuations. Computed from option
and spot data from Deribit. The spike in implied volatility near 26th of
December is due to the Deribit contract expiring that date.

Figure 22: Bitcoin’s price history during period of analysis (initial sam-
ple).
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