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POVZETEK: Raziskava razlikuje meSanje mehanskih in umetnih trgovcev pri
preverjanju trgovinskih ocen. Trgovci s vecjo varéevnostjo lahko zelo pravdepodobno
prejmejo oceno, ¢eprav imajo negativho ocekovano trgovinsko vrednost. Ocena je
nekopletna razli€ica, saj ne pravilno razlikuje trgovce z pozitivho o¢ekovano trgovinsko
vrednostjo. Tudi finan€ni trgovci ne zagotavljajo bilansiranega finanénega rezultata, saj
bi potrebno povec€ati ocenno popustilo ali zmanjSati prvi neto izdajniski izid za
bilansiranje.

METODA: Raziskava uporabljajo stohasti€ni model zmanjSevanja in prihodkov, ki
vklju€uje razli€ne vrste trgovcev z razlicnimi o€ekovanimi danimskih zmanjSevanij,
varc¢evnostmi in rizikovimi mnozili. Model uporablja 40.000 antiteti€nih Monte Carlo poti
na diskrethem intradnevhem mreZu za ocenjevanje kon€nih horizontnih barier.

KLJUCNE UGOTOVITVE:

- Vecja varCevnost lahko poveCa pravdepodobnost, da trgovci z negativho ocekovano
trgovinsko vrednostjo prejmejo oceno.

— Ocena je nekopletna razliCica, saj ne pravilno razlikuje trgovce z pozitivno ofekovano
trgovinsko vrednostjo.

— Financni trgovci ne zagotavljajo bilansiranega finan¢nega rezultata, saj bi potrebno povecati
ocenno popustilo ali zmanjSati prvi neto izdajniski izid za bilansiranje.

POMEN ZA TRGOVANJE: Raziskava pokazuje, da preverjanje trgovskih ocen ne
zagotavlja izbire trgovcev s pozitivno o¢ekovano trgovinsko vrednostjo. Trgovci s vecjo
varcevnostjo lahko prejmejo oceno, €eprav imajo negativho ocekovano trgovinsko
vrednost. To pomeni, da bi trgovci morali biti izbrani na drugi nacin, €e je cilj izbirati
trgovce s pozitivno o¢ekovano trgovinsko vrednostjo.
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Abstract

Passing a trading evaluation is an outcome, not a direct measurement of trading skill. This
paper makes that distinction operational with a stochastic profit-and-loss process in which trader
types differ in expected daily profit, volatility, and risk scale. Each type faces the same fictitious
“50K” two-stage contract: a $3,000 target, a $2,000 drawdown, a 20-day horizon per stage, a
$90 evaluation fee, a $100 activation fee, a 90% payout share, and a $3,000 gross first payout.
Finite-horizon barrier probabilities are estimated using 40,000 antithetic Monte Carlo paths on a
discrete intraday grid and are checked against the corresponding infinite-horizon Brownian first-
passage formula. Monte Carlo uncertainty is reported from antithetic pair means.

Three findings matter. First, higher variance can sharply increase the chance that a zero- or
negative-drift trader completes the contract. At the baseline risk scale, the negative-drift, high-
variance type passes 33.84% of evaluations, compared with 11.71% for the negative-drift,
lower-variance type. The high-variance negative-drift type also has positive participant contract
expectancy in the deliberately permissive model despite losing $1,500 in expected market P&L
over 20 days. Second, the evaluation is an imperfect classifier. In a population containing 5%
positive-drift traders and 95% zero- or negative-drift traders, 91.39% of passers and 87.30% of
first-payout events come from the nonpositive group under the stated type mixture. Third, the
common claim that “the losing 95% finance the winning 5%” is incomplete. With the prices and
payouts used here, the provider loses an expected $137.41 per attempt in that 5/95 scenario
before operating costs. The evaluation fee would need to rise from $90 to $227.41, or the gross
first payout fall from $3,000 to $1,389.64, for the closed-transfer benchmark to break even.
Changing the positive-drift share alone does not restore break-even under equal within-group
weights: even a 1/99 population loses $121.68 per attempt. A separate population frontier
shows that the variance composition of the nonpositive group is decisive.

An external, vendor-reported industry funnel is used only as a calibration check: 14% reportedly
obtained a funded account and 45% of that funded group received a payout, yielding roughly
6.3% before rounding. The 45% is a conditional funded-to-payout rate; the often-quoted 7% is
not g. The model remains illustrative rather than an estimate of any provider's customer base.
The specific contribution is to map heterogeneous drift, volatility, and risk scale into pass
composition, false selection, and provider transfer arithmetic, rather than to introduce first-
passage valuation itself. Within the program, this step is necessary because the probabilities
treated as inputs in the opening benchmark become outcomes of an explicit trader-type model.
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1. Introduction
Trading evaluations are commonly described as filters: success opens a later stage and failure
ends the attempt. That language invites a simple reading: the evaluation separates capable
traders from incapable ones. But a threshold selects realized paths, and every realized path
contains both signal and noise.

A profitable trader can fail because a bad sequence arrives before the target. A trader with zero
or negative expected market profit can pass because a favorable sequence arrives first.
Increasing risk can make either boundary arrive sooner. A finite deadline adds a third outcome:
neither boundary is reached in time. These features mean that pass probability, latent skill, and
participant contract value are different objects.

Market Edge versus Contract Edge: Negative-Expectancy Trading under an Idealized
Evaluation Contract (Matilla Serrano, 2026b) treated the evaluation success probability p and
funded-stage success probability g as parameters. That abstraction establishes an existence
result: a negative-expectancy market strategy can still have positive participant contract
expectancy because nominal trading losses and personal contract losses are not the same cash
flow. It does not identify which traders generate p and g, how volatility affects those
probabilities, or whether passing identifies positive expected market P&L. This paper takes that
next step by making the probabilities endogenous to a path model.

The model assigns each trader type a daily drift p, daily volatility o, and risk multiplier €. Profit
and loss follow an arithmetic Brownian benchmark monitored on a discrete intraday grid. The
evaluation ends when cumulative P&L first reaches the upper target U, first reaches the lower
drawdown boundary — D, or remains unresolved at horizon H. A successful trader then faces
an independent stage with the same latent type and horizon. This makes p and g outcomes of a
path model rather than free inputs.

The paper asks four questions.

1. How do drift, variance, and risk scale change evaluation and first-payout probabilities?
2. How accurately does a pass classify positive expected market P&L?

3. How do false positives and false negatives change with population composition?

4,

Under what prices, payouts, and population mixes can the provider finance the

participant side of the contract?
The main results challenge two shortcuts. The first is that a passed evaluation proves skill. In
the baseline type grid, a zero-drift, high-variance trader passes 40.39% of evaluations, while a
positive-drift, lower-variance trader passes 48.75%. The two pass rates are reasonably close
even though their expected 20-day market P&L differs by $2,000. The negative-drift, high-
variance trader passes 33.84% of evaluations and receives a first payout on 11.40% of
purchased attempts. Selection improves after a second successful stage, but variance remains
powerful.



The second shortcut is that a large population of losing traders automatically makes the provider
profitable. It does not. Provider sustainability depends on fees, activation revenue, payout
incidence, payout size, payout share, operating costs, and any revenue or loss from real-market
activity. A 95/5 population split supplies none of those quantities by itself. Under the closed-
transfer model used here, every population mix from 5% to 50% positive-drift traders produces
negative provider gross margin at the illustrative price and payout schedule. Extending the grid
to 0% and 1% positive-drift entrants does not change that conclusion under equal within-group
weights. Break-even appears only after the composition of the nonpositive group is changed
sharply toward low-variance types. That is not a claim about an observed company. It shows
that the arithmetic of cross-subsidy must be demonstrated, not assumed.

The analysis joins two questions that are usually discussed separately. The first is statistical:
what kind of trader reaches a barrier before a loss limit and a deadline? The second is
economic: what do those selection outcomes imply for participant and provider cash flow?
Combining the two makes it possible to show when variance mimics skill, measure false
selection, and test whether a stated population mix can finance the contract. First-passage
probabilities and noisy selection are established subjects. Applying them to the complete two-
stage cash-flow problem shows how a contract can reward variance even when variance
conveys little information about expected market profit.

The rest of the paper proceeds as follows. Section 2 positions the question in the relevant
literature. Section 3 defines skill, variance, and selection. Section 4 presents the stochastic
model and contract cash flows. Section 5 describes the simulation design. Sections 6 and 7
report trader-level and population-level results. Section 8 examines provider sustainability.
Section 9 discusses interpretation and contract design. Section 10 states the limitations, and
Section 11 concludes. Derivations and sensitivity checks appear in the Appendix; code and
numerical outputs are supplied separately in the accompanying research package.

2. Related Literature

2.1 Performance, luck, and selection

The distinction between observed performance and latent ability is central to the mutual-fund
literature. Fama and French (2010) separate skill from luck in the cross-section of fund returns.
Barras, Scaillet, and Wermers (2010) adapt false-discovery methods to estimate the proportions
of skilled, unskilled, and zero-alpha funds. Carpenter and Lynch (1999) study survivorship bias
and attrition effects in performance measurement. The present setting differs: the outcome is a
path-dependent threshold event rather than a conventional return estimate, and participants
repeatedly purchase access. The common lesson is that selection on realized outcomes
changes the composition of the observed winner group.

Fama and French (2010) also show why statistical power matters when the cross-section
contains only a small skilled minority. Harvey and Liu (2022) demonstrate that undersampling
can make true skill difficult to detect and can distort estimates of the fraction of outperformers.
The present model does not estimate trader skill from returns, but the same warning applies to
any empirical use of pass/fail records: a short and selected history is a weak basis for
separating skill from noise.



This paper uses the terms false positive and false negative in an economic classification sense,
not as formal hypothesis-test errors. A false positive is a zero- or negative-drift type that passes.
A false negative is a positive-drift type that does not pass within the evaluation horizon. These
definitions require a declared type model. They cannot be inferred from observed pass/fail data
alone.

2.2 Evaluation incentives and risk choice
Evaluation systems can alter risk-taking incentives. Brown, Harlow, and Starks (1996) and
Chevalier and Ellison (1997) show how relative performance and flows can influence mutual-
fund risk choices. Carpenter (2000), Ross (2004), Basak, Pavlova, and Shapiro (2007), and
Hodder and Jackwerth (2007) show that nonlinear compensation and barriers create state-
dependent incentives whose effects are more nuanced than “convex pay always increases risk.”

A purchased trading evaluation has its own nonlinear payoff. The participant pays a bounded
fee, receives no refund for nominal trading losses, and may receive a discrete later payout after
crossing one or more thresholds. The contract therefore changes the personal payoff to
variance. It may reward a risk scale that would not maximize expected market wealth. This
paper does not solve a fully dynamic optimal-control problem; it evaluates a transparent grid of
risk multipliers to reveal the selection mechanism.

Entry-fee and submission-cost contests offer another parallel. Duffy, Matros, and Valencia
(2023) study contests with entry fees, while Whitmeyer (2023) studies submission costs in risk-
taking contests. A trading evaluation is not a rank-order contest, but each purchased attempt
combines a cost of entry with a threshold-contingent reward. Re-entry may therefore shape both
who patrticipates and how much risk they choose.

2.3 Drawdown, barriers, and finite monitoring

Barrier order is intrinsically path dependent. Magdon-Ismail et al. (2004) analyze maximum
drawdown for Brownian motion, and Kaminski and Lo (2014) examine conditions under which
stop-loss rules change outcomes. Closed-form first-passage results provide a useful infinite-
horizon benchmark for the static two-boundary problem. Finite horizons and discrete monitoring
require numerical treatment. Broadie, Glasserman, and Kou (1997) demonstrate the importance
of monitoring frequency for barrier problems, and Glasserman (2003) gives the broader Monte
Carlo foundation.

The simulation uses common random numbers and antithetic paths to make comparisons less
noisy. Common random numbers are a standard variance-reduction device when alternative
systems are evaluated on the same stochastic inputs (Wright and Ramsay, 1979). Its
effectiveness depends on the response structure, so variance reduction is not guaranteed for
every comparison. In this application, common paths are used primarily to identify which
outcome changes when the contract changes, while paired uncertainty estimates report the
remaining simulation noise.

2.4 Direct funded-trader literature
Recent preprints already value funded-trader contracts. Lim’'s The Price of a Funded Account
(2026b) develops a single-contract actuarial framework, Phantom Generosity (2026a) compares
31 contracts across 21 firms on a common benchmark population, and Tomas Fernandez



(2026) derives a closed-form first-passage valuation with cross-firm break-even conditions.
Maile (2026) discusses the industry and its possible policy relevance, while Ng (2026) studies a
deferred-fee design in which payment follows a successful evaluation. The present analysis
asks a different question: how does a declared mixture of latent trader types determine who
passes, who reaches a first payout, and whether the resulting transfer schedule balances for the
provider?

3. What Does the Evaluation Select?

3.1 Latent type
Let trader type i be represented by

Bi:(ﬂi’a' E'),

1’7

where p1; is expected daily P&L before the risk multiplier, 0; is daily P&L volatility, and €;>0 is
the chosen risk scale. In the baseline arithmetic model, effective drift and volatility are

Ili(ei]zeil'li’ai(gi)zgiai'

Daily drift is an average over repeated paths, not a promised daily profit. A value of i;=$100, for

example, means that the model adds $100 per trading day in expectation before random
variation. Scaling both quantities leaves the drift-to-volatility ratio unchanged, but it does not
leave barrier outcomes unchanged because the target, drawdown, and horizon remain fixed in
dollars and days. Risk scale therefore changes how quickly the process encounters the
contract.

For the present paper, positive edge means [1;>0, zero edge means 1;=0, and negative edge
means [1;<0. This is a deliberately narrow definition. It does not include estimation error,

skewness, serial dependence, execution costs, changing opportunity sets, or behavioral
discipline.

3.2 Realized classification
Let Y,=1 if type i passes the evaluation and Y,=0 otherwise. Passing is a noisy observation of
0.. Define:

True positive: y,>0,Y,=1,
False positive: 1;<0,Y,=1,
False negative: u;>0,Y,=0.

A trader can also remain unresolved at the horizon. For contract purposes, the simulation treats
an unresolved evaluation as not passed. Economically, it is useful to preserve the unresolved
category because low risk can fail through insufficient movement rather than a drawdown
breach.



The evaluation does not observe p;. It observes a path filtered through targets, deadlines, and
rules. As a result, selectivity and accuracy depend on contract design as well as on the
population.

3.3 Population composition
Let w; be the population weight of type i, with Z wi=1 D; is type i's pass probability, the

population pass probability is
p= Z W;D;-

The positive-edge share among passers is a Bayes calculation:

Z W;D;

ip>

0
Zwipi .

The nonpositive share among passers is one minus this quantity. It is labeled the false-
discovery share for compactness, with the earlier warning that the model is not performing a
statistical hypothesis test.

Pr{u>0 | pass|=

If g; is the conditional probability that type i completes the funded stage after passing, the first-
payout event rate is

f:Z w;p;q;.

The positive-edge share among payout events is

Z W;Diq;
Pr(p>0 | first payout =242 p

Requiring two successful stages should generally improve selection quality, but it also rejects
some positive-edge traders twice.

4. Stochastic and Contract Model

4.1 Profit-and-loss process
The main notation is collected here because similar symbols refer to different levels of the
model.

Table 1. Notation used in the stochastic and population model

Symbol Meaning
X, cumulative P&L of type i at time ¢
H; unconstrained expected P&L per trading day



Symbol Meaning

g, daily P&L volatility, measured per square-root trading day

L risk-scale multiplier applied to both drift and volatility

B, standard Brownian motion, the cumulative random-shock process
Di>q; evaluation and funded-stage success probabilities

j) N population-weighted pass and first-payout probabilities

Fw fee or payout value that sets the stated provider margin to zero

Note: The subscript i indexes trader type. Bars denote population-weighted quantities, and stars
denote break-even values.

For trader type i, cumulative P&L follows

dX, =& pudt+f0,dB, X, ,=0 1)
where B, is standard Brownian motion. In plain language, the model adds a predictable
component, €;p;dt, to a random component, £;0,d B,. Over a short interval dt, the Brownian
increment has mean zero and variance dt. It is an external source of standardized randomness,

not an extra economic parameter or a balance variable. The multiplier €; changes the dollar
speed of both components while leaving their ratio unchanged.

Define the first upper- and lower-boundary times
ty,=inf {t20:X, 22U}, 1,=inf (t=0:X, <-DJ.
The finite-horizon pass probability is
pi\H|=Pr(ty<t,,1,<H]. )

Failure by drawdown has probability Pr(TD<TU,TD£H). The remaining probability is unresolved
at H.

For p;#0, the infinite-horizon probability of reaching U before — D is

1-exp|-2¢6,4,D /(2 ©)

pi(oo):
1-exp|-2£,/U+D)/|

For zero drift, the continuous-time identity simplifies to

_ D
U+D’

pi[oo)

Thus, with U=$3,000 and D=$2,000, every zero-drift Brownian type has an infinite-horizon
upper-first probability of 40%, regardless of volatility. Volatility still matters over a finite horizon
because it changes the probability that either boundary is reached before the deadline.



4.2 Two-stage contract
The contract is the less-generous specification introduced in Market Edge versus Contract
Edge: Negative-Expectancy Trading under an Idealized Evaluation Contract (Matilla Serrano,
2026b). The account is labeled “50K,” but the label is nominal and is not participant-deposited
capital. A purchased evaluation costs F. A passer pays activation fee A, enters an independent
funded stage, and receives participant share s of gross first payout W if that stage succeeds.
For type i,

V,=-F-p,A+p,q;sW. 4)
The provider’s closed-transfer gross margin is

M;=F+p,A-p,qisW=-V,.

This equality is a bookkeeping benchmark, not a full business model. It excludes operating

costs, commissions, market execution, hedging, copied trading profits or losses, financing
income, taxes, payment defaults, marketing costs, and subsequent payouts.

When the evaluation and funded stages have the same rules and latent type, p; and g; should
be close but need not be numerically identical because independent Monte Carlo samples are
used. The first-payout probability is p;q;.
4.3 Provider break-even identities

For a population with 15=Z WiPi and fzz WiPi4i, participant expected contract cash flow per
attempt is

V=-F-pA+FsW.
The fee that sets closed-transfer provider margin to zero is

F'=fsW-pA. ®)

Holding the fee fixed, the maximum gross payout consistent with zero margin is

«_F+pA

w ;
rs

These identities reveal why a population percentage is insufficient. A statement such as “95%
lose” does not specify p, r, F, A, s, or W.

5. Numerical Design
5.1 Contract inputs
Table 2 states the contract benchmark.
Table 2. Baseline fictitious 50K contract inputs

Parameter Symbol Baseline

Nominal account label | not applicable 50K



Parameter
Evaluation target
Drawdown

Evaluation horizon
Funded-stage horizon
Evaluation fee
Activation fee

Participant payout
share

Gross first payout

Monitoring

Note: The contract is fictitious and is not intended to reproduce any named provider. Dollar
values are participant-facing contractual amounts.

No commercial provider is represented. The parameters are stylized and are chosen to
preserve continuity with Market Edge versus Contract Edge: Negative-Expectancy Trading
under an ldealized Evaluation Contract (Matilla Serrano, 2026b). The timing convention is one
trading month for the evaluation and, conditional on passing, a second trading month for the

first-payout stage.

Symbol

> T T @ O C

%]

w

not applicable

5.2 Trader types

The baseline grid contains six trader types.

Baseline
$3,000

$2,000

20 trading days
20 trading days
$90

$100
90%

$3,000

10 intraday steps per day

Table 3. Trader-type scenarios and unconstrained market P&L

Code

P-LV

P-HV

Z-LV

Z-HV

N-LV

N-HV

Note: Trader types are stylized scenarios. Expected 20-day market P&L equals daily drift

Latent edge
Positive, lower
variance

Positive, higher
variance

Zero, lower variance

Zero, higher variance

Negative, lower
variance

Negative, higher
variance

Daily drift

$100

$100

$0
$0

-$75

-$75

Daily volatility

$600

$1,200

$600

$1,200

$600

$1,200

multiplied by 20 before evaluation stopping rules are applied.

Unconstrained
expected 20-day
market P&L

$2,000

$2,000

$0
$0

-$1,500

-$1,500



Within the positive group and within the nonpositive group, baseline population weight is divided
equally across the relevant types. If the positive-edge population share is 5%, each positive type
receives 2.5%; the remaining 95% is divided equally across the four nonpositive types.

The risk multiplier grid is € € {0.5,0.75,1,1.25,1.5,2}. The population analysis uses £=1.

5.3 Monte Carlo method
The simulation uses 40,000 paths per type and risk scale, antithetic normal increments, and
common random numbers across comparable specifications. A fixed seed of 20260727 is used
to reproduce the numerical results. Each trading day contains ten monitoring steps. The
evaluation and funded stages use independent path panels drawn from the same type
distribution. Each antithetic pair consists of one Gaussian shock path and its sign-reversed
counterpart.

At every monitoring point, cumulative P&L is checked against U and — D. A path that reaches
neither boundary by day 20 is unresolved and does not pass. Because antithetic observations
are dependent within pairs, the reported standard error is the standard error of the 20,000 pair
means, not the independent-binomial shortcut. Ninety-five percent Monte Carlo confidence
intervals use the paired standard error. For the product p;q;, the reported interval uses a first-
order delta approximation because the evaluation and funded panels are independent. These
intervals measure simulation noise only. They are not confidence intervals for an empirical
trader population, which the paper does not observe.

The time grid cannot reproduce continuously monitored barriers exactly. Finer monitoring
detects some between-grid boundary events earlier. A convergence check increases monitoring
from 5 to 40 steps per day for the positive-drift, high-variance type. The estimated finite-horizon
pass probability moves from 49.89% to 48.81%; the infinite-horizon analytical benchmark is
48.44%. The finite-horizon and infinite-horizon quantities are not required to coincide, but the
direction and scale provide a useful diagnostic.

6. Trader-Level Results

6.1 The drift-volatility surface
Figure 1 maps finite-horizon pass probability across daily drift and volatility. Positive drift raises
pass probability, but the effect of volatility depends on both drift and the deadline. At low
volatility, many paths remain unresolved. More volatility can therefore increase upper-target
arrivals even when drift is zero or negative. At sufficiently high activity, the lower boundary also
arrives more often.

10



Finite-horizon evaluation pass probability

1600

1400

1200

1000

Daily volatility, o ($)
Pass probability

800

600 15.2% 62.1%

400

-150 -100 -50 0 50 100 150
Expected P&L per day, W ($)

Figure 1. Finite-horizon pass probability across drift and volatility. Estimates use the 20-day fictitious
contract and the baseline monitoring grid.

The infinite-horizon benchmark helps separate two effects. With zero drift, volatility does not
alter the eventual upper-first probability of 40%; it alters how quickly the contract resolves. With
nonzero drift, volatility also changes the balance between drift and boundary risk. The finite
deadline makes both effects economically relevant.

Figure 2 shows the analytical benchmark directly. At zero drift, all volatility curves meet at 40%.
With positive drift, lower volatility allows the directional component to dominate; with negative
drift, additional variance can raise the chance that noise reaches the upper target before the
adverse drift reaches the drawdown.

11



Infinite-horizon benchmark: drift and variance interact
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Figure 2. Infinite-horizon first-passage benchmark. The surface is analytical and omits the finite deadline.

6.2 Horizon and drift sensitivity
The 20-day assumption is retained for the main model, but it is not innocuous. Figure 3 varies
the deadline from 10 to 60 trading days in a separate 20,000-path antithetic panel.

Deadline sensitivity: more time changes both resolution and selection

Daily volatility o = $600 Daily volatility o = $1,200
Deadline
10 days

0.8 1 b —8— 20 days
- 40 days
= —e— 60 days
Q
3 0.6 il
g o
o
w
w
©
o
§ 0.4+ 1
®
o=
©
>
w

0.2 1 &

-50 0 50 100 150 200 =50 0 50 100 150 200
Expected P&L per day, u ($) Expected P&L per day, i ($)

Figure 3. Deadline sensitivity across drift and volatility. Each curve changes the horizon while preserving
the stated barriers and process parameters.
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Table 4. Pass-probability sensitivity to drift, volatility, and horizon

Daily drift
-$75

$0

$100

$200

-$75

$0

$100

$200

Volatility
$600
$600
$600
$600
$1,200
$1,200
$1,200

$1,200

10 days

5.08%

10.36%

22.05%

39.36%

29.73%

35.32%

43.14%

51.80%

20 days
11.43%
23.94%
48.77%
74.64%
33.73%
40.22%
49.40%

58.51%

40 days
16.40%
36.05%
67.88%
89.08%
34.18%
40.69%
49.99%

58.99%

60 days
17.55%
39.18%
71.85%
90.50%
34.19%
40.69%
50.01%

58.99%

Note: Probabilities are finite-horizon Monte Carlo estimates under the stated drift, volatility, and
deadline; they are not empirical trader frequencies.

More time helps the lower-variance positive types because their drift has time to accumulate.
High-variance types resolve much earlier, so extending the deadline beyond 20 days changes
their pass rates comparatively little. The deadline therefore changes not only the overall pass
rate but also which types are favored by the filter.

6.3 Baseline type comparison

Table 5 reports the main outcomes at £=1.

Table 5. Baseline results by trader type

Type

P-LV

P-HV

Z-LV

Z-HV

N-LV

N-HV

Pass p

48.75%

49.72%

24.03%

40.39%

11.71%

33.84%

95% MC ClI

48.53—-
48.97%

49.51-
49.92%

23.69-
24.38%

40.12—-
40.66%

11.41-
12.00%

33.52-
34.17%

Funded
success (

48.57%

49.28%

23.99%

40.46%

11.43%

33.70%

First
payout

bq

23.68%

24.50%

5.77%

16.34%

1.34%

11.40%

95% MC CI

23.52—
23.83%

24.36—
24.64%

5.65-
5.88%

16.19-
16.50%

1.29-
1.39%

11.25-
11.56%

Unconstra

Participant :jned S
ay

EV

market

P&L]
$500.55 $2,000
$521.80 $2,000
$41.65 $0
$310.84 $0
-$65.58 -$1,500
$184.07 -$1,500

Note: Evaluation and funded stages use independent path panels. Confidence intervals
measure Monte Carlo uncertainty only.

Three comparisons are revealing.
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First, positive drift matters. Holding volatility at $600, the pass probability falls from 48.75% for
P-LV to 24.03% for Z-LV and 11.71% for N-LV. The evaluation is not devoid of signal.

Second, variance can be an effective substitute for drift in the pass event. Z-HV passes 40.39%
of evaluations, only 8.36 percentage points below P-LV. N-HV passes almost three times as
often as N-LV. Those outcomes do not make N-HV a profitable market strategy; its expected
20-day market P&L remains —$1,500.

Third, the contract and market rankings differ. N-HV has positive participant contract expectancy
of $184.07 per attempt under the deliberately permissive two-stage contract. This is the
endogenous-probability counterpart to the contract-edge result in Market Edge versus Contract
Edge (Matilla Serrano, 2026b). It is not an arbitrage, and it would be highly sensitive to path-
dependent rules, execution costs, payout restrictions, and parameter stability.

6.4 Risk scale
Figure 4 shows pass probability across the risk multiplier. Increasing risk reduces unresolved
outcomes and can initially improve the chance of reaching the target. The effect is not
monotonic for every type.

Risk scale changes who reaches a barrier before the deadline
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Figure 4. Risk scale, pass probability, and selection. Risk scale multiplies both daily drift and volatility
while contractual dollar barriers remain fixed.

P-LV rises from a 10.26% pass probability at £=0.5 to 59.46% at £=1.5, then falls to 58.58% at
£=2. P-HV peaks earlier: 49.72% at £=1, then declines to 46.42% at £=2. For zero- and
negative-drift types, higher risk mainly converts unresolved paths into barrier outcomes and
continues to raise upper-target frequency over the reported grid.



The non-monotonicity follows from two opposing effects. At low £, the deadline dominates: the
path may simply move too slowly to reach either boundary, so more risk raises the chance of a
decision. At higher £, the variance term grows faster relative to the directional advantage in the
barrier formula. For a positive-drift type, this weakens the protection provided by drift and brings
the lower boundary forward as well as the upper one. Its pass probability can therefore peak at
an interior risk scale. For a zero-drift type, the eventual upper-first benchmark stays at 40%,
while more risk mainly removes unresolved paths. For a negative-drift type, more risk both
removes unresolved paths and makes adverse drift less dominant relative to random
movement; over the reported grid those two effects raise the pass rate toward the zero-drift
benchmark. A wider leverage grid could eventually reveal a plateau or reversal, so monotonicity
should not be assumed outside the simulated range.

This is a key incentive result. The risk scale that maximizes a pass probability need not
maximize expected market wealth, long-run survival, or risk-adjusted performance. A threshold
contract can reward “getting a result” within the deadline even when the underlying signal-to-
noise ratio is unchanged.

6.5 Outcome decomposition
Figure 5 separates success, drawdown failure, and unresolved paths. Low-risk types can
appear unsuccessful because they fail to resolve. High-risk types mostly resolve, but resolution
includes both upper and lower barriers.

Latent edge and realized evaluation outcome are not the same
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Drawdown failu barrier by day 20
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2
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Figure 5. Evaluation outcome decomposition by trader type. Pass, drawdown failure, and unresolved
outcomes sum to 100% within each type.
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This distinction matters for interpretation. A deadline is not neutral. It penalizes slow strategies
even if their expected return is positive, and it can make variance look like ability because
variance produces faster decisions.

7. Population Selection

7.1 Population scenarios
Table 6 varies the positive-edge share from 5% to 50%. It does not claim that any row describes
the industry.

Table 6. Population-composition scenarios

. . - Positive Nonpositive | Positive Failed
Positive-edge Population First-payout amon amon amon evaluations
population pass rate rate 9 9 9

passers passers payouts per payout
5% 28.58% 9.48% 8.61% 91.39% 12.70% 7.53
10% 29.67% 10.25% 16.60% 83.40% 23.50% 6.86
20% 31.84% 11.79% 30.92% 69.08% 40.87% 5.78
30% 34.02% 13.33% 43.42% 56.58% 54.23% 4.95
50% 38.36% 16.40% 64.17% 35.83% 73.44% 3.76

Note: Positive-edge and nonpositive population shares are scenario weights. Within each group,
weight is divided equally across its baseline trader types.

When positive-edge traders are rare, most passers are nonpositive even though positive types
have higher average pass probability. This is the base-rate effect. In the 5% scenario, positive
types represent 8.61% of passers, an improvement over their 5% population share, but 91.39%
of passers still come from the larger nonpositive group.

The second stage improves the composition. Positive types represent 12.70% of first-payout
events in the 5% population and 40.87% in the 20% population. Selection is still imperfect. A
two-stage threshold is stronger evidence than one stage, but it is not proof of positive drift.

The positive-type false-negative rate is 50.77% at the baseline risk scale: roughly half of the
positive-drift evaluation paths do not pass within 20 days. That rate reflects this contract and
these type parameters. It should not be generalized beyond them.

7.2 What the familiar 95/5 statement misses
The phrase “95% of traders lose and finance the 5% who win” combines at least three different
groups:
1. participants who fail the evaluation;
2. participants whose latent expected market P&L is nonpositive; and
3. participants who never receive a payout.

They are not equivalent. Some positive-drift traders fail. Some negative-drift traders pass and
receive a payout. Some passers fail the second stage. A population statistic about latent types
does not directly reveal the provider’s cash flows.
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In the 5% positive-edge scenario, the model produces 7.53 failed evaluations per first payout
and 9.55 attempts without a payout per payout. Those counts sound favorable to the provider
until the dollar amounts are included. A $90 evaluation fee and a $100 activation fee do not
necessarily finance a 90% share of a $3,000 first payout at the simulated event rate.

8. Provider Economics

8.1 Closed-transfer results
Figure 6 reports participant expected value and provider gross margin across population
compositions.

Population composition changes selection and provider economics

1.0
0 e o T o o T 7 7 o o o o o o o o o o o o o o o o o o o o o o
& 507 Fo8
g 9
E @
£ -100 g
© (@]
) 0.6 §
3 £
c ©
& —150 1 o
© ©
g G
wn - (]
S —200 - 0.4 2
o )
- (o]
[0] o
2 5
3 —250 A z
a r0.2
~300 1
T T T 0.0

0.1 0.2 0.3 0.4 0.5
Positive-edge share of the entrant population

Figure 6. Population composition and provider gross margin. Margin is the closed-transfer benchmark
before costs and other revenue.

Table 7. Participant and provider transfers by positive-edge share

Positive-edge Participant EV per Provider gross Break-even Maxm_lum

population attempt margin evaluation fee SUERIENES B Eees
payout

5% $137.41 -$137.41 $227.41 $1,389.64

10% $157.09 -$157.09 $247.09 $1,297.19

20% $196.43 -$196.43 $286.43 $1,148.47

30% $235.77 -$235.77 $325.77 $1,034.07

50% $314.46 -$314.46 $404.46 $869.62
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Note: Provider margin is a closed-transfer benchmark equal to the negative of participant
expected contract cash flow before operating costs and other revenues.

The 5% scenario gives expected fee revenue of $90 per attempt and expected activation
revenue of $28.58. Expected participant payout is larger: 0.094813 x 0.9 x $3,000=$256.00,
producing provider margin of approximately —$137.41. Closed-transfer break-even therefore
requires an evaluation fee of $227.41, all else equal.

As the positive population share rises, pass and payout incidence increase. That improves
participant expected value and worsens provider gross margin in the closed-transfer model. The
result does not mean that a real provider prefers unskilled customers in every sense. Skilled
traders may create market profits, marketing value, retention, or information; unskilled traders
create payment-processing and acquisition costs. The result is only the transfer arithmetic of the
stylized contract.

8.2 Changing the positive share is not enough
The first sensitivity asks whether a still more extreme 99/1 population would restore provider
profitability. It does not under the original equal-within-group convention.

Table 8. Provider margin under extreme positive/nonpositive population splits

Positive-edge share = Nonpositive share Population pass rate First-payout rate Provider margin
0% 100% 27.49% 8.71% -$117.74
1% 99% 27.71% 8.87% -$121.68
2% 98% 27.93% 9.02% -$125.61
5% 95% 28.58% 9.48% -$137.41

Note: Each row holds the within-group type weights and contract terms fixed while changing
only the positive-edge population share.

The reason is visible at the type level. The provider earns $65.58 per N-LV attempt in the
closed-transfer benchmark because that type rarely reaches the first payout. The provider loses
$184.07 per N-HV attempt, $310.84 per Z-HV attempt, and $41.65 per Z-LV attempt. A label
such as “nonpositive drift” therefore does not determine the transfer outcome. Variance and
payout incidence matter inside the group.

8.3 Provider-profitability population frontier
Figure 7 varies two population dimensions at once. Let a be the positive-edge share. Let 3 be
the high-variance share among nonpositive entrants. Positive mass is split equally between P-
LV and P-HV. Within the nonpositive group, low-variance mass is split equally between Z-LV
and N-LV, and high-variance mass is split equally between Z-HV and N-HV.
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Provider-profitability population frontier
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Figure 7. Provider-profitability frontier across population composition. The surface varies latent-edge and
nonpositive variance composition under fixed contract terms.

Table 9. Provider-profitability frontier by population composition

Positive share o Margin if =0 Margin if 3=100% (I\:Iva;:mum p at break-
0% $11.97 -$247.45 4.61%

1% $6.74 -$250.09 2.62%

2% $1.50 -$252.73 0.59%

5% -$14.19 -$260.64 No feasible value

Note: The frontier varies both latent-edge composition and the variance composition of the
nonpositive group; it is a model sensitivity, not a market estimate.

The frontier answers the population question more precisely than a single 95/5 statement.
Under this contract, a provider can break even with no positive-edge entrants only if fewer than
4.61% of nonpositive entrants are high-variance. At a 1% positive share, the limit falls to 2.62%.
At 5%, margin is negative even if every nonpositive entrant is low-variance. This is not a
universal “ideal population.” It is the break-even frontier generated by the six stylized types and
the stated contract.

8.4 Contract-parameter sensitivity
Population is only one side of the arithmetic. Figure 8 varies the evaluation fee and gross first
payout while holding the 5/95 path probabilities fixed.
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Closed-transfer margin in the 5/95 baseline
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Figure 8. Fee and payout sensitivity in the 5/95 population. Path probabilities are held fixed, so the figure
shows mechanical cash-flow sensitivity.

Table 10. One-way contract-parameter sensitivities

One-way change Value Provider margin
Evaluation fee $90 -$137.41
Evaluation fee $225 -$2.41
Evaluation fee $300 $72.59
Activation fee $0 -$165.99
Activation fee $200 -$108.83
Participant share 70% -$80.53
Participant share 90% -$137.41
Participant share 100% -$165.86
Gross first payout $1,000 $33.25
Gross first payout $1,500 -$9.42
Gross first payout $3,000 -$137.41

Note: Each row changes one contractual input while holding path probabilities and all other
inputs at their 5/95 baseline values.
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The one-way results recover the break-even identities and show their scale. Activation revenue
helps, but even a $300 activation fee leaves margin negative at the baseline event rates. Lower
payout shares or payouts improve provider margin; higher evaluation fees do the same. These
are mechanical sensitivities, not pricing recommendations. They deliberately hold entry, risk
choice, retry behavior, and reputation fixed.

8.5 External funded-to-payout benchmark

The symbol g is conditional: it is the probability of reaching a payout after the evaluation has
already been passed. That denominator matters. A September 2024 Finance Magnates article,
Exclusive: Only 7% of 300,000 Prop Trading Accounts Achieved Payouts, reported figures
supplied by a prop-technology vendor covering more than 300,000 accounts, 100,000 traders,
and ten firms. According to the article, 14% of traders obtained a funded account and about
45% of those funded traders received a payout (Chmiel, 2024). Multiplication gives
0.14 x0.45=6.3%, which the source describes in rounded form as about 7% of all traders.
Therefore 45%, not 7%, is the comparable conditional funded-to-payout statistic.

The evidence is useful but not interchangeable with the model. It is vendor-reported rather than
a peer-reviewed cohort study; its unit is traders, whereas several model tables use purchased
attempts; rule versions, retries, and observation windows are not aligned with the 20-day
synthetic contract. No public account-level dataset or accompanying data dictionary was located
for the reported figures, so the aggregate funnel cannot be independently reproduced from the
article alone. Table 11 therefore treats 45% as a calibration sensitivity, not as the true value of

q; for every trader type.

Table 11. Conditional-funded-success calibration in the 5/95 scenario

. Conditional .
) . Evaluation pass First-payout . . .
Calibration , p?aygut i G Participant EV Provider margin
p q =if / p
ir(‘)‘(‘j%?enous path 28.58% 33.17% 9.48% $137.41 -$137.41
Model p, external
28.58% 45.00% 12.86% $228.67 -$228.67

q=45%

Reported funnel

p=14%,q=45%  14.00% 45.00% 6.30% $66.10 -$66.10

under model prices
Note: The reported funnel is vendor-supplied aggregate evidence. The last row combines those
reported probabilities with the paper’s synthetic prices and must not be read as an estimate of
the firms in the report.

The last row combines the reported probabilities with this paper's synthetic $90 fee, $100
activation charge, 90% share, and $3,000 gross payout; it is not an estimate of the firms in the
report. The sensitivity also clarifies the direction of the economics. Holding the model pass rate
fixed, raising the conditional payout rate from 33.17% to 45% benefits the participant and makes
the closed-transfer provider margin more negative.
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8.6 Sources outside the closed-transfer benchmark
A complete provider model could add:

Mfu11:F+pA—fsW+Rmarket+R c ¢

other operating - acquisition - Cdefault ’

where the additional terms represent market activity, other revenue, operating expenses,
customer acquisition, and payment or counterparty losses. The signs and magnitudes are
empirical questions.

If a provider copies or hedges selected trading activity, participant skill can become an asset
rather than only a payout liability. If all accounts are simulated and no activity is monetized in
external markets, fees and restrictions must carry more of the financing burden. Public legal and
regulatory materials show that simulated-stage representations can be central to some
offerings, but the present paper does not infer an industry-wide operating model from an
individual case.

8.7 Sustainability is jointly determined

The simple margin identities hold population composition fixed. In reality, raising fees or
tightening rules can change who enters, how they trade, how often they retry, and how the
provider is perceived. A sustainable contract must satisfy a joint problem:

. prices and rules must finance payouts and costs;

*  the product must remain attractive enough to generate entry;

e the rules must control adverse selection and participant risk shifting;

» the provider must comply with applicable legal and payment constraints; and

* any market replication process must distinguish skill from luck sufficiently well to create
value.

Comparing complete rule packages and estimating behavioral responses are outside the scope
of the present analysis.

9. Interpretation and Contract Design

9.1 Passing is evidence, not proof

A pass is informative when positive types are more likely to pass than nonpositive types. It is
conclusive only under implausibly strong assumptions. The evidentiary value depends on:

e the prior population composition;

. target and drawdown geometry;

e the deadline;

. monitoring frequency;

* the trader’s available risk scale;

«  whether the second stage repeats the same test; and

. additional rules that penalize concentrated or volatile paths.

Reporting only the pass rate discards most of this information. A useful evaluation study should
report the type-conditioned pass rates and the composition of passers.
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9.2 Variance is not always selected in the same direction
The phrase “the evaluation selects variance” is also too broad. Variance can help by resolving a
short-horizon contract, but it can hurt by bringing the drawdown boundary forward. The direction
depends on drift, current state, barrier geometry, time remaining, and rule design. The baseline
results show both patterns: N-HV benefits strongly from greater variance relative to N-LV, while
P-HV reaches its best pass probability at a lower risk multiplier than P-LV.

9.3 The target-to-drawdown ratio is not a selection statistic by itself
The Target-to-Drawdown Ratio,

TDRZE,
D
summarizes barrier geometry but does not rank evaluation difficulty without a path model and
deadline. A larger TDR places the target farther from the starting point relative to the drawdown

and therefore reduces the zero-drift, infinite-horizon upper-first probability:

1

Pl TTDR:

For positive drift, variance, and a finite horizon, the full expression is needed. Minimum days,
daily-loss rules, trailing boundaries, and payout rules cannot be inferred from TDR at all. TDR is
a useful descriptive ratio, not an original contribution or a sufficient measure of pass probability.

9.4 Repeated attempts complicate inference
The model evaluates one purchased attempt. If a participant can retry, the probability of at least
one pass rises even when the latent process is unchanged. Observing one eventual pass after
many undisclosed attempts is weaker evidence than observing a pass on the first attempt.
Dependence also matters: strategy regimes, learning, fatigue, and changing risk choices make
attempts non-identical.

An empirical implementation should record the complete attempt history, not only the first visible
success. It should also distinguish genuine learning from mechanical selection of a favorable
path.

10. Limitations and Extensions
The results are conditional on a deliberately simple model.

First, arithmetic Brownian P&L is not a realistic universal description of trading. It allows
unbounded increments, constant drift and volatility, and independent Gaussian shocks. Real
strategies can have skewness, fat tails, serial dependence, volatility clustering, regime changes,
and discontinuous losses.

Second, drift is treated as known latent type. In practice, it must be estimated from noisy data,
may change over time, and may vanish after costs. The values in Table 3 are scenarios, not
calibrated estimates of retail trader ability.

Third, the type population is hypothetical. The 5/95 split is included because it is frequently
asserted in informal discussion, not because this paper validates it. Credible population
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estimation would require account-level data covering entries, retries, failures, funded transitions,
payouts, rule versions, and ideally external-market returns.

Fourth, the funded stage is an independent repetition of the evaluation stage. Real funded rules
may differ, and the same trader's stages may be dependent. Selection, learning, changing
leverage, and psychological responses can make q; differ materially from p;.

Fifth, the provider model is a closed-transfer benchmark. It is not a firm valuation or a statement
about industry profitability. Subsequent payouts, subscriptions, refunds, discounts, taxes,
operating expenses, market replication, and participant acquisition are excluded.

Sixth, the monitoring grid is discrete. Although sensitivity checks use finer steps, a continuous
barrier can be crossed between observations. Exact or continuity-corrected methods would
improve numerical precision.

Seventh, the model holds risk scale fixed through each attempt. An optimizing participant would
choose risk dynamically as P&L and time remaining change. That problem belongs to stochastic
control and may alter both selection and provider economics.

The main extensions are to add minimum-day, consistency, daily-loss, trailing-drawdown, and
payout rules; estimate trader-type mixtures from data; model repeated entry; allow dynamic risk
choice; and compare simulated selection with subsequent market performance.

11. Conclusion
Trading evaluations select paths before they select people. Drift matters, but so do variance,
deadlines, drawdown geometry, and risk choice. In the baseline simulation, a zero-drift, high-
variance type passes 40.39% of evaluations, and a negative-drift, high-variance type passes
33.84%. Some nonpositive types therefore generate positive participant contract expectancy
under the permissive contract even though their expected market P&L is not positive.

The population results make the inference problem explicit. When positive types are only 5% of
entrants, most passers are still nonpositive types. A second stage improves the composition of
observed payout recipients but does not eliminate luck. Conversely, roughly half of positive-type
evaluation paths fail to pass within the deadline.

The provider result is equally important. A large majority of nonpositive or unsuccessful
participants does not automatically finance a contract. Under the stated prices, payouts, and
path probabilities, the closed-transfer provider margin is negative even in the 5/95 scenario. The
population frontier shows why: both latent-edge composition and variance composition govern
payout incidence. Sustainability depends on the entire contract and business system.

The external calibration reinforces a separate point about denominators. A reported 45%
funded-to-payout conversion is a candidate benchmark for the conditional parameter q; the
roughly 7% headline is an unconditional funnel outcome. Substituting one for the other would
change both participant value and provider margin for the wrong reason.

The appropriate conclusion is neither that evaluations are meaningless nor that they are clean
tests of skill. They are noisy, designed selection mechanisms. To understand what they select,
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one must model the process, the population, the participant payoff, and the provider payoff
together.
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Appendix A. Analytical Benchmark
Shift the process from interval {—D, Ulto [0,U+D) by defining Z,=X,+ D. The starting point is
Z,=D.FordZ,=udt+adB,, let h(z| be the probability of reaching U + D before zero. It solves

uh'lz) %ozh"[zm,

with boundary conditions h(0)=0 and h|U + D|=1. For u#0,

_ _ 2
hiz)= 1 exp( 2uz/o) |
1—exp[—2u(U+D)/0)

Evaluating at z=D gives the formula in Section 4. When u - 0, L'HOpital's rule gives
h|D|=D/|U+D,|.
The formula has no deadline. It is used as an analytical benchmark, not as a substitute for the

finite-horizon simulation.

Appendix B. Population Identities

Let G, denote positive-drift types and G, the remaining types. The joint probability of positive
drift and passing is

Pr|G,,pass|= ) w,p;.

ieG,
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Dividing by the population pass probability gives the positive share among passers. The same
calculation with p;q; gives the positive share among first-payout events.

The expected number of failed evaluations per payout event is
w.l1—Dp.
2 will-p,| 1

Z W; D;q; CF

The expected number of attempts without a payout per payout event is
1-r

y .

r

Neither ratio is a profit measure until cash amounts are applied.
Appendix C. Additional Sensitivity Results
C.1 Infinite-horizon geometry

Figure 2, reported in Section 6.1, compares the analytical probability across drift and volatility.

At zero drift, all volatility curves meet at 40%. With positive drift, lower volatility allows drift to
dominate and raises the upper-first probability. With negative drift, higher volatility can raise the
chance that noise reaches the upper target before the adverse drift reaches the drawdown.

C.2 Monitoring convergence

Table 12. Time-discretization validation

P-HV finite-horizon

Steps per day Paths pass Paired MC SE 95% MC ClI

5 20,000 49.89% 0.15% 49.60-50.17%
10 20,000 49.55% 0.15% 49.25-49.84%
20 20,000 49.21% 0.15% 48.91-49.50%
40 20,000 48.81% 0.15% 48.51-49.10%

Note: The validation holds the trader type and path count fixed while changing monitoring
frequency. Reported intervals use antithetic pair means.

Finer monitoring modestly reduces the measured pass probability in this case because lower-
barrier crossings that occur between coarser observations are captured sooner.

The independent-binomial formula would give approximately 0.35% for these 20,000-path runs.
It is not the reported uncertainty measure because the antithetic observations are deliberately
dependent within pairs.

C.3 Alternative population weights
The equal-within-group weighting convention is transparent but not uniquely natural. Section 8.3
replaces that single convention with a two-dimensional population frontier. If low-variance types
are more common, the population pass rate and payout burden fall. If high-variance nonpositive
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types are more common, the false-discovery share and payout burden rise. The workbook
reports the complete grid so that the break-even boundary can be audited.
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