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The manipulator’s expected profit conditional on entering at stage 1 is

S +M (pM)

=Π+M (pM) − K+ (pM) − AP∗
1 (pM)

=
qd=0

2

[
(1 − pM) H

(
σπ (1 − pM)
ε (1 + pM)

)
−

2σπ (1 − pM)
1 + pM

]
.

Hence

S̄ +M (pM) = pMS +M (pM) =
qd=0

2
Φ (pM;σ, π, ε) ,

where Φ is exactly the same function as defined in (8) for the manipulator’s optimization problem

under the two-ordinary-round extension. Thus every even n has the same optimal entry probability

as the two-ordinary-round extension:

p∗(n)
M = p∗(2)

M if n is even.

Restoring horizon superscripts, since qd=0 = m(n) for even n and m(2) =
(
1 − π2

)
/2, where m(n) is

defined in Section 5.4 and m(2) in Section 5.4, the preceding formulas imply

S +(n)
M

(
p∗(n)

M

)
=

m(n)

m(2) S +(2)
M

(
p∗(2)

M

)
,

S̄ +(n)
M

(
p∗(n)

M

)
=

m(n)

m(2) S̄ +(2)
M

(
p∗(2)

M

)
for even n.
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Odd n. Suppose n is odd. Substituting the selected continuation equilibrium and the stage-3

quotes gives

Π+M (pM, k) =



1, k ≥ 1,

α∗d=−1 (pM) H
(
A∗d=−1 (pM) /ε

)
, k = −1,

0, k ≤ −3,

Π+L (pM, k) =



1, k ≥ 3,

3 + π2

4
, k = 1,

1 − π2

2
H

(
A∗d=−1 (pM) /ε

)
, k = −1,

0, k ≤ −3.

The imbalances k = ±1 have probabilities qd=±1. By (10), qd=1 = qd=−1 and the positive and negative

tails have equal probability, so

∑
k≥3

qd=k =
∑
k≤−3

qd=k =
1
2
− qd=−1.

Aggregating over k gives

Π+M (pM) =
1
2
+ qd=−1α

∗
d=−1 (pM) H

(
A∗d=−1 (pM) /ε

)
,

Π+L (pM) =
1
2
+ qd=−1

(
1 − π2

) [1
2

H
(
A∗d=−1 (pM) /ε

)
−

1
4

]
,

K+ (pM) = qd=−1α
∗
d=−1 (pM)

[
A∗d=−1 (pM) + σπ

]
.
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The unconstrained shadow stage-1 ask obtained from the prediction-market maker’s break-even

condition is

AP,BE
1 (pM)

=pMΠ
+
M (pM) + (1 − pM)Π+L (pM)

=
1
2
+ qd=−1

[
pMα

∗
d=−1 (pM) H

(
A∗d=−1 (pM) /ε

)
+ (1 − pM)

(
1 − π2

) [1
2

H
(
A∗d=−1 (pM) /ε

)
−

1
4

]]

=


1
2
− qd=−1

pM (σπ − ε)
2ε

, 0 < pM ≤ p0,

1
2
− qd=−1

(1 − pM)
(
1 − π2

)
(1 − 2σπ)

4
, p0 < pM < 1.

which is strictly less than 1/2 for any pM ∈ (0, 1). Therefore the non-crossing equilibrium stage-1

ask and bid are respectively

AP∗
1 (pM) = max

{
AP,BE

1 (pM) ,
1
2

}
=

1
2
, BP∗

1 (pM) = 1 − AP∗
1 (pM) =

1
2

for any pM ∈ (0, 1).

The manipulator’s expected profit conditional on entering at stage 1 is

S +M (pM) = Π+M (pM) − K+ (pM) −
1
2
,

which yields

S +M (pM) =


qd=−1

(
1 − π2

)
(1 − 2σπ) (1 − pM/p0)

2
[(

1 − π2) + (
1 + π2) pM

] , 0 < pM ≤ p0,

0, p0 < pM < 1.

The pure-push branch is positive when 0 < pM < p0 and vanishes at pM = p0. Therefore, the
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manipulator maximizes the ex-ante profit

S̄ +M (pM) = pMS +M (pM) = qd=−1

pM

(
1 − π2

)
(1 − 2σπ) (1 − pM/p0)

2
[(

1 − π2) + (
1 + π2) pM

]
over 0 < pM < p0. This equals 2qd=−1 times the manipulator’s ex-ante profit (7) in the baseline

model. Thus every odd n has the same optimal entry probability as the baseline model:

p∗(n)
M = p∗(1)

M if n is odd.

Since p∗(n)
M = p∗(1)

M ∈ (0, p0), the optimum lies on the pure-push branch. Restoring horizon super-

scripts, since qd=−1 = m(n) for odd n and m(1) = 1/2, where m(n) is defined in Section 5.4 and m(1) in

Section 5.4, the preceding formulas imply

S +(n)
M

(
p∗(n)

M

)
=

m(n)

m(1) S +(1)
M

(
p∗(1)

M

)
,

S̄ +(n)
M

(
p∗(n)

M

)
=

m(n)

m(1) S̄ +(1)
M

(
p∗(1)

M

)
for odd n. The same observation pins down

α∗(n)
d=−1

(
p∗(n)

M

)
= 1 if n is odd.

A.7.4 Price discovery

Fix n > 2. In this subsection only, write q(n)
d=k for the imbalance-k probability in (9) computed under

the n-ordinary-round extension to emphasize the dependence on n. For any stage-2 price path h2

with d (h2) = k and any p(n)
M ∈ (0, 1), also write qd=k,h3

(
p(n)

M

)
, V̄d=k,h3

(
p(n)

M

)
, and νd=k,h3

(
p(n)

M

)
for the

corresponding conditional stage-3 outcome probability, posterior mean, and posterior variance.

Then

E
[
ν(n)

h2h3

] (
p(n)

M

)
=

∑
k∈Dn

q(n)
d=k

∑
h3∈{+,0,−}

qd=k,h3

(
p(n)

M

)
νd=k,h3

(
p(n)

M

)
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by the law of total expectation. To prove the price-discovery part of Proposition 7, it suffices to

compare horizon n to horizon n − 1 through the no-manipulation (n − 1)-stage benchmark. We

show, for every p(n)
M , p

(n−1)
M ∈ (0, 1),

E
[
ν(n)

h2h3

] (
p(n)

M

)
< E

[
ν(n−1)

h2h3

]
(0) < E

[
ν(n−1)

h2h3

] (
p(n−1)

M

)
.

At the no-manipulation benchmark p(n−1)
M = 0, the (n − 1)-ordinary-round model has n − 1 ordinary

spot rounds in stage 2 and one ordinary spot round in stage 3, and thus stages 2 and 3 together share

the same event structure as stage 2 under the n-ordinary-round extension. Hence

E
[
ν(n−1)

h2h3

]
(0) =

∑
k∈Dn

q(n)
d=kνd=k.

For each k ∈ Dn, the law of total variance gives

∑
h3∈{+,0,−}

qd=k,h3

(
p(n)

M

)
νd=k,h3

(
p(n)

M

)
= νd=k − Var

(
V̄d=k,h3 | d (h2) = k

) (
p(n)

M

)
.

Since ρd=k ∈ (0, 1),

qd=k,−

(
p(n)

M

)
=

(
1 − p(n)

M

) [1 − π
2
+ π (1 − ρd=k)

]
> 0,

V̄d=k,−

(
p(n)

M

)
− V̄d=k = Bd=k − V̄d=k = −

σπ
[
1 − (2ρd=k − 1)2

]
1 − (2ρd=k − 1) π

< 0.

Therefore

Var
(
V̄d=k,h3 | d (h2) = k

) (
p(n)

M

)
≥ qd=k,−

(
p(n)

M

) [
V̄d=k,−

(
p(n)

M

)
− V̄d=k

]2
> 0.
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Taking the q(n)
d=k-weighted average of the law-of-total-variance identity over k ∈ Dn gives

E
[
ν(n)

h2h3

] (
p(n)

M

)
=

∑
k∈Dn

q(n)
d=k

[
νd=k − Var

(
V̄d=k,h3 | d (h2) = k

) (
p(n)

M

)]
.

Each q(n)
d=k is strictly positive, and the previous display shows that each subtracted posterior-mean

dispersion term is strictly positive, so

E
[
ν(n)

h2h3

] (
p(n)

M

)
<

∑
k∈Dn

q(n)
d=kνd=k = E

[
ν(n−1)

h2h3

]
(0) .

Finally, although Proposition 3 is stated for the baseline model, its proof in Appendix A.4 conditions

only on the stage-2 posterior and thus still applies to the (n − 1)-ordinary-round extension, giving,

for every p(n−1)
M ∈ (0, 1),

E
[
ν(n−1)

h2h3

] (
p(n−1)

M

)
> E

[
ν(n−1)

h2h3

]
(0) .

Chaining the inequalities gives the stated result.
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B Polymarket Contract Trading Volume

This appendix documents the trading volume of the Polymarket crypto up/down contracts that the

main analysis studies, across the six coins (BTC, ETH, SOL, XRP, DOGE, BNB) and the main

contract durations (five-minute, fifteen-minute, four-hour). The contracts carry tens of millions of

dollars of daily volume; the five-minute contract is the most heavily traded and BTC dominates the

cross-section.

By coin. Figure A1a stacks daily Polymarket crypto up/down USDC volume by coin, summed

across all contract durations, from the earliest Polymarket trade. Volume grows from a few million

dollars a day in October 2025 to roughly $30–40M by March 2026, with a visible step up when the

five-minute contract launches in February. BTC is the large majority of the total throughout, ETH a

distant second, and SOL/XRP/DOGE/BNB thin slivers, consistent with the manipulation footprint

being concentrated in the coin whose pool is deepest.

By contract duration. Figure A1b stacks daily BTC volume by contract duration. The fifteen-

minute contract carries most of the volume through the pre-five-minute period and the four-hour

contract a thin sliver; the five-minute layer appears at its February launch and quickly becomes the

largest, raising total daily BTC volume to roughly $30M.
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Figure A1. Daily Polymarket crypto up/down USDC volume. This figure plots stacked daily taker USDC notional
on the Polymarket crypto up/down contracts, from the earliest Polymarket trade (the October 2025 fifteen-minute /
four-hour launch). (a) All six coins, summed across the three durations (five-minute, fifteen-minute, four-hour), stacked
by coin. (b) BTC only, stacked by contract duration (four-hour, fifteen-minute, five-minute, from bottom to top).
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C Overlap and Moneyness Refinements

The two subsections below refine the cycle-level partition under which the main-body activity

and reversal results are estimated. The first refines the within-P3 activity regression (Table 4) and

reversal regression (Table 5) into the full 15-min-overlap × per-contract-NTM groups. The second

applies the moneyness cut to the fifteen-minute contract alone in P2, before the five-minute launch,

asking whether the NTM concentration already appears at the longer horizon.

Proof of Proposition 8. Since 1 − π2 ∈ (0, 1) and
(

n
⌊n/2⌋

)
≤ 2n,

0 ≤ m(n)
≤

(
1 − π2

)⌊n/2⌋
.

The limit of m(n) then follows from the squeeze theorem:

lim
n↑∞

(
1 − π2

)⌊n/2⌋
= 0.

Appendix A.7.3 shows that the optimal profit objects are the corresponding lower-horizon objects

scaled by the pivotal probabilities:

S +(n)
M

(
p∗(n)

M

)
=


m(n)

m(1) S +(1)
M

(
p∗(1)

M

)
, n is odd,

m(n)

m(2) S +(2)
M

(
p∗(2)

M

)
, n is even,

and similarly

S̄ +(n)
M

(
p∗(n)

M

)
=


m(n)

m(1) S̄ +(1)
M

(
p∗(1)

M

)
, n is odd,

m(n)

m(2) S̄ +(2)
M

(
p∗(2)

M

)
, n is even.

Clearly, as n ↑ ∞, both profit objects converge to zero along with m(n). □
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C.1 Activity and reversal by overlap and moneyness

This subsection refines the within-P3 NTM results, the activity regression of Table 4 and the reversal

regression of Table 5, by whether the cycle’s close also coincides with a 15-minute mark, where

the 15m Polymarket contract settles alongside the 5m contract. The cycle groups are written in set

notation: 5m ∩ 15m denotes overlapping cycles, where both the 5m and 15m Polymarket contracts

settle at the close (four of twelve per hour), and 5m \ 15m non-overlapping cycles, where only the

5m contract settles. NTM is per contract from the Polymarket Up-token price near time-to-maturity

TTM ∈ [10, 12] s: NTMpoly
5m iff |pU p,5m − 0.5| < 0.10, NTMpoly

15m iff |pU p,15m − 0.5| < 0.10 (defined

only for overlapping cycles). Together these yield six mutually exclusive groups: 5m \ 15m split

by 5m-contract NTM, and 5m ∩ 15m split into neither-NTM, NTM5m-only, NTM15m-only, and

both-NTM.

Activity. Restricting to P3 and to bins in {0–24, 29}, the regression is

log yc,b = αd + γb + µh + δ5m∩ 15m 1{b=29}·D5m∩ 15m,c

+ δNTM5m, 5m\15m 1{b=29}·D5m\15m,c·1{NTMpoly
5m,c}

+ δNTM5m, 5m∩ 15m 1{b=29}·D5m∩ 15m,c·1{NTMpoly
5m,c}

+ δNTM15m, 5m∩ 15m 1{b=29}·D5m∩ 15m,c·1{NTMpoly
15m,c}

+ δNTM5m×NTM15m, 5m∩ 15m 1{b=29}·D5m∩ 15m,c·1{NTMpoly
5m,c}·1{NTMpoly

15m,c}

+ (level effects) + εc,b,

estimated with date, hour-of-day, and bin fixed effects and cycle-clustered standard errors. The

baseline, absorbed into the bin fixed effect γ29, is the 5m\15m×FFM group; each δ is the bin-29-vs-

body increase in its group over that baseline, δ5m∩15m in overlapping cycles where neither contract

is NTM, δNTM5m, 5m\15m the 5m-contract NTM effect in non-overlapping cycles, δNTM5m, 5m∩15m the

5m-contract NTM effect in overlapping cycles, and δNTM15m, 5m∩15m the incremental 15m-contract

NTM effect in overlapping cycles. The final term, δNTM5m×NTM15m, 5m∩15m, is the both-NTM interaction:
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it saturates the four overlap-moneyness cells, so the both-NTM cell is a free parameter rather than

the additive sum of the two single-contract effects.

In the order-flow column of Table A1, the overlap-without-NTM effect is small (δ̂5m∩15m = 0.21),

while the 5m-contract NTM effect is large in both the non-overlap group (δ̂NTM5m, 5m\15m = 1.32)

and the overlap group (δ̂NTM5m, 5m∩15m = 1.39), and the 15m-contract NTM coefficient adds a further

δ̂NTM15m, 5m∩15m = 1.12 inside the overlap group. The both-NTM interaction is positive on top of that:

in cycles NTM by both contracts, the bin-29 spike exceeds the sum of the two single-contract effects

by a further δ̂NTM5m×NTM15m = 1.14 log points (significant at the 5% level despite resting on only 11

such cycles), so the both-NTM overlap close sums all four terms, 0.21 + 1.39 + 1.12 + 1.14 = 3.87

log points (e3.87 ≈ 48× on the typical cycle) above the 5m \ 15m FFM baseline. This is what the

model predicts: with two pools winnable at one close, a push is worth more than the sum of its parts.

The same ordering holds for absolute return, and in the Polymarket columns the depth coefficients

are again negative (prediction-market makers withdraw). The activity surge thus compounds with

both moneyness and contract overlap: it is largest exactly where two contracts settle at one close

and the outcome is still live by both.

Reversal. The reversal counterpart estimates, at each lag, a baseline slope plus four additive

increments over the same six groups: the 5m \ 15m × FFM group is the baseline slope γ j on

r29, and we add δ5m∩15m (overlapping close, neither contract NTM), δNTM5m, 5m\15m (5m-contract

NTM in non-overlapping cycles), δNTM5m, 5m∩15m (5m-contract NTM in overlapping cycles), and

δNTM15m, 5m∩15m (incremental 15m-contract NTM in overlapping cycles), each as a slope increment

on r29. The nine overlapping cycles NTM by both contracts load on both overlap-NTM increments;

unlike the saturated activity regression, nine cycles cannot support a free interaction slope.

Figure A2 plots these slopes by group. At lag j = +1 in Table A2, the moneyness increments

carry the result. Against the non-overlapping FFM baseline (γ+1 = −0.08), a non-overlapping cycle

that is NTM5m adds a further −0.16, about tripling the baseline reversal, and within overlapping

cycles, NTM by either contract adds about −0.22 (δNTM5m, 5m∩15m = −0.23 and δNTM15m, 5m∩15m =
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Table A1. Within-P3 bin-29 activity increase by 15-min overlap and per-contract Polymarket NTM, Binance
and Polymarket. This table reports cycle-level OLS estimates on the (cycle, bin) panel restricted to bins {0–24, 29}
and P3 cycles, with date, hour-of-day, and bin fixed effects; dependent variable log yc,b, the log of the column metric.
Coefficients are log differences (δ is a multiplicative eδ effect on the typical geometric-mean cycle). Set notation for the
cycle group: 5m ∩ 15m = 5m cycles whose close coincides with a 15-min boundary (both the 5m and 15m contracts
settle); 5m \ 15m = the other eight of twelve per hour (only the 5m contract settles). NTM is per contract from the
Polymarket Up-token price near TTM ∈ [10, 12] s: NTMpoly

5m iff |pU p,5m − 0.5| < 0.10, NTMpoly
15m iff |pU p,15m − 0.5| < 0.10

(overlapping cycles only). The five reported coefficients are 1{b=29} interactions; the 5m \ 15m× FFM bin-29 increase
is the baseline, absorbed in the bin FE. The δNTM5m×NTM15m interaction saturates the four overlap-moneyness cells, so
each cell’s bin-29 increase is a free parameter rather than an additive constraint; on the Binance order-flow sample
the cells hold 586 (5m \ 15m × NTM5m), 211 (NTM5m-only), 132 (NTM15m-only), and 11 (both-NTM) cycles, so the
interaction is estimated from few cycles. One observation per (cycle, bin) cell. HC1 standard errors in parentheses are
clustered at the cycle level. Significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Binance Polymarket

Order flow Abs. return Depth Order flow Abs. price change Depth

δ5m∩ 15m 0.212∗∗∗ 0.109∗∗∗ 0.013∗ 0.163∗∗∗ 0.768∗∗∗ 0.026
(0.043) (0.034) (0.008) (0.032) (0.153) (0.047)

δNTM5m, 5m\15m 1.324∗∗∗ 0.555∗∗∗ 0.154∗∗∗ −0.090∗ 2.896∗∗∗ −0.980∗∗∗

(0.105) (0.063) (0.026) (0.052) (0.110) (0.064)

δNTM5m, 5m∩ 15m 1.393∗∗∗ 0.479∗∗∗ 0.168∗∗∗ −0.307∗∗∗ 1.879∗∗∗ −1.146∗∗∗

(0.185) (0.111) (0.041) (0.099) (0.176) (0.113)

δNTM15m, 5m∩ 15m 1.123∗∗∗ 0.435∗∗∗ 0.205∗∗∗ 0.167 0.251 −0.234
(0.228) (0.145) (0.062) (0.134) (0.517) (0.211)

δNTM5m×NTM15m, 5m∩ 15m 1.143∗∗ 0.457∗ 0.259 0.290 −1.331 −0.060
(0.583) (0.277) (0.262) (0.341) (1.097) (0.324)

Date FE Yes Yes Yes Yes Yes Yes
Hour-of-day FE Yes Yes Yes Yes Yes Yes
Bin FE Yes Yes Yes Yes Yes Yes
Observations 352,370 272,785 352,370 351,791 122,958 126,552
Clusters (cycle) 13,553 13,551 13,553 13,553 5,001 5,001

−0.22), all significant; the deepest-reverting groups, overlap × NTM, revert about five times as hard

as the baseline. That the NTM5m and NTM15m increments are almost identical says each contract’s

moneyness is on its own enough to mark a high-reversal cycle, consistent with the manipulator-

selection reading: the payoff per dollar of push is larger when two contracts settle at the same

close. The overlap level increment (δ5m∩15m = −0.08) we treat as a descriptive control rather than a

settlement effect: 15-minute marks attract round-time algorithmic flow of their own (Section 6.3.3).

The manipulation reading therefore rests on the moneyness increments, which are defined by the

live contracts’ own prices and have no clock analogue.
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Figure A2. Within-P3 post-settlement reversal slope γ j, by cycle group. This figure plots γ j for each cycle group (the
underlying regression is Table A2): left panel non-overlapping (5m \ 15m) cycles, right panel overlapping (5m ∩ 15m)
cycles, each split by per-contract Polymarket NTM. Markers are γ j; error bars are ±1.96× cluster-robust SE (clustered
by date); j = 0 is omitted. The both-NTM overlap group (nine cycles) is omitted.

C.2 Moneyness for the fifteen-minute contract alone

Section 6.3.3 finds only a strongly attenuated fifteen-minute footprint, but that test is unconditional:

it averages over all overlapping closes, most of which are far from the money by the time the

contract settles. Within P3, the footprint concentrates in NTM cycles (Section 6.3.2), so a genuine

fifteen-minute effect could hide in the unconditional average, diluted by the FFM majority. This

appendix therefore applies the moneyness cut to the fifteen-minute contract on its own. We take P2,

where the fifteen-minute (and four-hour) contract is live but the five-minute contract is not, restrict

to overlapping cycles, those whose close lands on a 15-min mark, where the fifteen-minute contract

settles, and classify them NTM vs FFM by the fifteen-minute contract’s Polymarket Up-token price

within 0.10 of 0.5 near TTM ∈ [10, 12] s, the same moneyness rule applied to the contract that is

actually live. If the fifteen-minute horizon supported manipulation, its footprint should surface here,

in exactly the cycles where a push could flip its resolution.

Table A3 reports the result, and it is largely a null. Panel A shows a modest bin-29 activity

increase in NTM cycles — about 0.24 in order flow and 0.30 in absolute return, roughly 27% and
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Table A2. Within-P3 post-settlement reversal slope by 15-min overlap and per-contract moneyness. This table
reports, at each lag j ∈ {−3,−2,−1,+1,+2,+3}, the coefficients from a single cycle-level OLS on P3 cycles (Feb
12 – Apr 8, 2026): the 5m \ 15m × FFM group is the baseline reversal slope γ j on r29, and the four reported δ are
additive slope increments over it, δ5m∩15m (overlapping close), δNTM5m, 5m\15m and δNTM5m, 5m∩15m (5m-contract NTM in
non-overlapping and overlapping cycles), and δNTM15m, 5m∩15m (incremental 15m-contract NTM in overlapping cycles);
the stars test each coefficient against zero. Groups use set notation: 5m \ 15m = non-overlapping cycles (only the 5m
contract settles), 5m ∩ 15m = overlapping cycles whose close coincides with a 15-min mark (the 5m and 15m contracts
settle simultaneously). Within each, cycles are split by per-contract Polymarket NTM, defined by the Up-token price
near TTM ∈ [10, 12] s: NTMpoly

5m iff |pU p,5m − 0.5| < 0.10, NTMpoly
15m iff |pU p,15m − 0.5| < 0.10. The nine overlapping

cycles NTM by both contracts load on both the NTM5m and NTM15m overlap increments — their slope is constrained
to the additive sum (unlike the saturated activity Table A1; nine cycles cannot support a free interaction slope). Date,
hour-of-day, and cycle-group fixed effects; standard errors in parentheses are clustered by date. Sample is P3 cycles with
the relevant Polymarket classifications available: 5m \ 15m cycles need the 5m classifier, 5m ∩ 15m cycles need both.
Negative j = same-cycle bin (29 + j); positive j = bin ( j − 1) of the next cycle. Significance: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

Pre-close Post-close

j = −3 j = −2 j = −1 j = +1 j = +2 j = +3

5m \ 15m, FFM (baseline) 0.001 0.031 0.052∗∗∗ −0.083∗∗∗ −0.028 0.019
(0.015) (0.019) (0.015) (0.028) (0.022) (0.014)

δ5m∩ 15m −0.027 −0.023 −0.026 −0.078∗∗ −0.039 −0.011
(0.022) (0.025) (0.021) (0.033) (0.037) (0.028)

δNTM5m, 5m\15m −0.020 −0.019 0.007 −0.163∗∗∗ −0.003 −0.053
(0.022) (0.032) (0.028) (0.044) (0.039) (0.039)

δNTM5m, 5m∩ 15m 0.035 −0.012 −0.072∗∗ −0.225∗∗ 0.062 0.035
(0.032) (0.032) (0.035) (0.097) (0.069) (0.040)

δNTM15m, 5m∩ 15m 0.068 −0.020 0.009 −0.216∗∗ 0.115 −0.064
(0.045) (0.043) (0.054) (0.106) (0.071) (0.072)

Date FE Yes Yes Yes Yes Yes Yes
Hour-of-day FE Yes Yes Yes Yes Yes Yes
Cycle-group FE Yes Yes Yes Yes Yes Yes
Observations 13,507
Clusters (UTC date) 56

35% more close-time activity — both significant at the 5% level, but no effect on depth. These

magnitudes are a small fraction of the five-minute effect in P3: differencing the log coefficients,

the P3 NTM order-flow effect of Table 4 is about e1.37−0.24 ≈ 3.1× larger, and P3 carries the depth

and reversal signatures that P2 lacks. Panel B shows the reversal channel is absent altogether:

the FFM baseline reverts at the first post-close lag (the general overlap reversal, present once the

fifteen-minute contract is live), but the NTM increment δNTM,+1 is small, wrong-signed, and far

from significant. The thin NTM sample (about 230 cycles) is the binding constraint on Panel B.

Taken together, the fifteen-minute contract alone generates at most a modest moneyness-graded
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Table A3. Fifteen-minute-contract moneyness in P2 (BTC). This table reports near-settlement activity (Panel A)
and post-settlement reversal (Panel B) in P2 overlapping cycles, split by fifteen-minute-contract Polymarket NTM.
Sample: P2 cycles (Oct 9, 2025 – Feb 11, 2026; fifteen-minute and four-hour contracts live, five-minute not yet)
whose close coincides with a 15-min mark, classified NTM iff the fifteen-minute-contract Up-token price is within
0.10 of 0.5 near TTM ∈ [10, 12] s, FFM otherwise. Panel A: the bin-29 NTM activity increase δNTM (the coefficient on
1{b=29} ·1{NTM}) for each metric, log-OLS on the (cycle, bin) panel restricted to bins {0–24, 29} with date, hour-of-day,
and bin fixed effects; standard errors clustered at the cycle level. Metrics as in Table 4; coefficients are log differences,
so δ is a multiplicative eδ effect. Panel B: the post-settlement reversal slope by lag j, the FFM baseline slope γ j on r29
and the NTM increment δNTM, j, with date, hour-of-day, and group fixed effects; standard errors clustered by date; a
negative slope is reversal. Negative j = same-cycle bin (29 + j); positive j = bin ( j − 1) of the next cycle. Significance:
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Panel A: Near-settlement activity

Order flow Abs. return Depth

δNTM 0.243∗∗ 0.303∗∗ −0.015
(0.116) (0.144) (0.017)

Date FE Yes Yes Yes
Hour-of-day FE Yes Yes Yes
Bin FE Yes Yes Yes
Observations 158,570 102,329 158,570
NTM cycles 229
FFM cycles 5,870

Panel B: Post-settlement reversal

Pre-close Post-close

j = −3 j = −2 j = −1 j = +1 j = +2 j = +3

FFM γ j 0.121 −0.026 0.015 −0.137∗∗∗ −0.011 −0.029
(0.108) (0.036) (0.028) (0.045) (0.051) (0.037)

δNTM, j −0.082 −0.129∗ −0.004 0.076 −0.184 0.011
(0.115) (0.077) (0.061) (0.234) (0.115) (0.071)

Date FE Yes Yes Yes Yes Yes Yes
Hour-of-day FE Yes Yes Yes Yes Yes Yes
Cycle-group FE Yes Yes Yes Yes Yes Yes
Observations 6,069
Clusters (UTC date) 125

activity increase, with neither the liquidity withdrawal-versus-provision pattern nor the deeper NTM

reversal that define the P3 footprint. Even in the cycles where a push could flip the fifteen-minute

resolution, the footprint barely appears: the fifteen-minute window is too long for the push to be

reliably pivotal, and the near-settlement effect switches on with the five-minute contract.
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Table A4. Binance spot midquote vs. the Chainlink resolution price, BTC. This table compares the Binance
midquote with the Chainlink price that settles each market, one observation per Polymarket BTC market with both
the Chainlink strike (fixed at window open) and the Chainlink settlement print (at window close) known. Median
Basist is the median per-market (Chainlink − Binance mid)/Binance mid at window open (bps). SD ∆Basist is the
standard deviation of the open-to-close change ∆Basist ≡ Basisclose − Basisopen (bps). Strike-side agreement is the
fraction of markets on which the Binance mid finishes on the same side of the strike as the realized resolution,
sign(midclose − strike) = sign(settlement − strike).

Interval n Median Basist SD ∆Basist
Strike-side
agreement

5m 5,553 −2.45 1.44 84.8%
15m 1,855 −2.49 2.24 91.3%

D Binance Spot Tracks the Chainlink Resolution Price

The 5m / 15m / 4h crypto up/down contracts resolve on a Chainlink VWAP price, not on Binance.

Every Binance-based result in the main body therefore rests on the Binance midquote being a

faithful proxy for the price that actually settles each market. We check this directly on the subset of

BTC markets for which the Chainlink strike (fixed at window open) and the Chainlink settlement

print (at window close) are both known; coverage is concentrated in the Mar 16 – Apr 10, 2026

window. For each such market we read the Binance midquote at the window open and close from

the 10-second midquote series via a strictly causal match: each bucket stores the last book mid in

[t, t + 10 s), so its effective timestamp is the bucket end, and we match each window boundary to the

last book mid of the 10-second bucket ending at or before that instant.

Define, per market, the Chainlink–Binance basis at time t (with midt the Binance midquote):

Basist = (Chainlinkt −midt)/midt.

The market’s realized Up/Down outcome is sign(settlement − strike); the directional call a manipu-

lator targets is whether the Binance mid finishes above or below the strike, sign(midclose − strike),

the side a final-10s push tries to land on.

Table A4 reports the comparison. The basis is a stable level offset of ≈ −2.5 bps and is essentially

flat across horizons, so it cancels in the open-to-close return comparison: the within-window change
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in the basis has standard deviation of only ≈ 1.4–2.2 bps, small relative to a typical window move

(5.8 bps at 5m, 10.8 bps at 15m), so within each window the Binance mid and the Chainlink price

move essentially together.

Where Binance and Chainlink can part company is right at the strike. Because Binance sits

≈ 2.5 bps above Chainlink, the Binance mid can finish just above the strike while Chainlink, and

hence the resolution, is still below it. The strike-side agreement in the last column is therefore below

one: 84.8% at 5m and 91.3% at 15m, rising with horizon as the typical move grows relative to the

fixed ≈ 2.5 bps basis. The residual disagreement is confined to genuine coin-toss windows: sorting

the BTC 5m markets into quintiles by the size of the Binance window move, agreement is 61%

in the smallest quintile (|move| < 1.8 bps), 87% in the middle, and 100% once the move exceeds

≈ 13 bps. That ≈ 2.5 bps band is precisely the margin a spot push must clear: to flip the resolution a

manipulator must push Binance past the strike by more than the basis, not merely to it; a push that

only reaches the strike still fails on the ∼ 15% of 5m windows where the basis leaves Chainlink on

the other side. A push well past the strike, however, reliably carries the resolution, which makes

spot-market pressure a coherent channel for moving the prediction-market outcome.
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E Manipulator Cohort Threshold Sensitivity

The manipulator cohort definition in Section 6.4.4 uses two ad hoc thresholds: a minimum

manipulated-cycle participation count of 5 and a minimum aggregate manipulated-cycle PnL

of $2,000. Table A5 re-derives the full trader-type attribution at each cell of a 4 × 5 grid of

(ncycle,min, $min) thresholds: the manipulator cohort is recomputed, the MM cohort is re-derived as

the behavioral residual (same passive-rate, fills-per-active-cycle, and inventory criteria as the main

text), and retail/other is the final residual, so the entire partition responds to the threshold. For each

cell the three panels report the three cohort metrics of Table 10: net PnL (Panel A), the fraction of

cycles in which each cohort is net negative (Panel B), and the pool-weighted loss share (Panel C),

each split across manipulated and normal cycles. Within each regime the three cohort PnLs sum to

zero and the three loss shares to 100% by construction.

All three metrics are stable across the twenty cells. The manipulated-cycle wealth transfer runs

directly from retail to manipulators: manipulators net between +$4.1 M and +$10.0 M and retail is

the near-exact mirror (−$3.6 M to −$9.3 M); retail is on the losing side of 64–66% of manipulated

cycles and bears 62–74% of the manipulated-cycle loss pool at every threshold. The MM cohort is a

small bystander in manipulated cycles: its net PnL holds near −$0.6 M throughout and its loss share

stays modest (8–16%). Its behavioral profile — passive, delta-neutral quoting — is orthogonal

to the manipulator’s directional-PnL threshold, so moving the threshold barely reclassifies it. In

normal cycles the manipulator cohort’s PnL is near zero at moderate cells and only mildly negative

at the tightest activity cuts (ncycle,min ≥ 10), confirming that manipulators do not systematically

profit in normal cycles. The core finding — a large, retail-funded manipulated-cycle profit for the

manipulator cohort — is robust to both threshold choices.
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Table A5. Trader-type attribution sensitivity to manipulator thresholds. This table re-derives the full trader-type
partition at each cell of a 4 × 5 threshold grid: the manipulator cohort is the set of wallets with ncycle,p ≥ ncyc,min and net
manipulated-cycle PnL ≥ $min; the MM cohort is the behavioral residual passing the same passive-rate, fills-per-active-
cycle, and inventory criteria as the main text; retail/other is the final residual. Each panel reports one trader-type metric
of Table 10 for all three cohorts, split across manipulated and normal cycles: Panel A, aggregate net PnL ($M), plus
the manipulator cohort size (Wallets); Panel B, the fraction of cycles in which the cohort is net negative; Panel C, the
cohort’s share of the gross loss pool, aggregated across cycles with pool-size weights. Within each regime the three
cohort PnLs sum to zero and the three loss shares to 100%.

Panel A. Net PnL ($ M)

Manipulated cycles ($M) Normal cycles ($M)

ncyc,min $min Wallets Manip. MM Retail Manip. MM Retail

3 $500 2,276 +9.98 −0.65 −9.33 −0.92 +3.01 −2.08
3 $1,000 1,456 +9.41 −0.64 −8.76 −0.19 +3.02 −2.83
3 $2,000 857 +8.56 −0.62 −7.94 +0.28 +3.11 −3.39
3 $5,000 414 +7.27 −0.59 −6.68 +0.68 +3.21 −3.90
3 $10,000 221 +5.89 −0.55 −5.34 +0.31 +3.40 −3.70
5 $500 2,158 +9.56 −0.65 −8.91 −0.94 +3.01 −2.07
5 $1,000 1,389 +9.03 −0.64 −8.39 −0.30 +3.02 −2.72
5 $2,000 821 +8.22 −0.62 −7.61 +0.09 +3.11 −3.20
5 $5,000 397 +6.99 −0.59 −6.40 +0.52 +3.21 −3.73
5 $10,000 210 +5.65 −0.55 −5.10 +0.16 +3.40 −3.56

10 $500 1,949 +8.63 −0.65 −7.98 −1.43 +3.01 −1.58
10 $1,000 1,275 +8.16 −0.64 −7.52 −0.89 +3.02 −2.13
10 $2,000 751 +7.41 −0.62 −6.79 −0.53 +3.11 −2.58
10 $5,000 356 +6.27 −0.59 −5.68 −0.04 +3.21 −3.18
10 $10,000 181 +5.01 −0.55 −4.46 −0.31 +3.40 −3.09
20 $500 1,673 +7.37 −0.65 −6.72 −1.43 +3.01 −1.58
20 $1,000 1,130 +6.99 −0.64 −6.35 −1.05 +3.02 −1.97
20 $2,000 672 +6.33 −0.62 −5.71 −0.75 +3.11 −2.36
20 $5,000 315 +5.30 −0.59 −4.71 −0.33 +3.21 −2.88
20 $10,000 151 +4.12 −0.55 −3.57 −0.54 +3.40 −2.86
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Table A5. Trader-type attribution sensitivity to manipulator thresholds (continued).

Panel B. % losing cycles

Manipulated cycles Normal cycles

ncyc,min $min Manip. MM Retail Manip. MM Retail

3 $500 35.8% 58.8% 66.3% 62.2% 37.6% 43.8%
3 $1,000 36.8% 58.8% 66.0% 61.8% 37.7% 45.4%
3 $2,000 38.1% 58.6% 65.4% 62.3% 37.7% 47.7%
3 $5,000 38.2% 58.7% 65.7% 60.5% 37.5% 53.4%
3 $10,000 40.2% 57.6% 65.6% 66.6% 37.2% 55.7%
5 $500 36.0% 58.8% 65.8% 62.3% 37.6% 43.7%
5 $1,000 36.9% 58.8% 65.7% 61.9% 37.7% 45.4%
5 $2,000 38.0% 58.6% 65.3% 62.4% 37.7% 47.7%
5 $5,000 38.2% 58.7% 65.5% 60.6% 37.5% 53.4%
5 $10,000 40.3% 57.6% 65.2% 66.6% 37.2% 55.7%

10 $500 36.7% 58.8% 65.0% 62.3% 37.6% 43.8%
10 $1,000 37.2% 58.8% 65.1% 62.0% 37.7% 45.4%
10 $2,000 38.4% 58.6% 64.8% 62.6% 37.7% 47.9%
10 $5,000 38.6% 58.7% 65.2% 60.7% 37.5% 53.3%
10 $10,000 40.7% 57.6% 64.8% 66.9% 37.2% 55.5%
20 $500 37.2% 58.8% 64.4% 62.3% 37.6% 44.7%
20 $1,000 37.3% 58.8% 64.4% 61.9% 37.7% 46.3%
20 $2,000 38.7% 58.6% 64.4% 62.5% 37.7% 48.4%
20 $5,000 38.5% 58.7% 65.0% 60.9% 37.5% 53.5%
20 $10,000 40.7% 57.6% 64.3% 67.0% 37.2% 55.6%

Panel C. Loss share

Manipulated cycles Normal cycles

ncyc,min $min Manip. MM Retail Manip. MM Retail

3 $500 17.8% 8.4% 73.8% 46.3% 9.1% 44.6%
3 $1,000 18.7% 8.6% 72.6% 44.9% 9.6% 45.5%
3 $2,000 19.7% 9.1% 71.2% 43.1% 10.6% 46.3%
3 $5,000 20.3% 10.3% 69.4% 40.0% 12.4% 47.5%
3 $10,000 20.1% 12.5% 67.3% 37.0% 15.3% 47.7%
5 $500 18.4% 8.6% 73.0% 46.2% 9.3% 44.5%
5 $1,000 19.3% 8.8% 71.9% 44.8% 9.8% 45.4%
5 $2,000 20.2% 9.3% 70.5% 43.2% 10.8% 46.0%
5 $5,000 20.7% 10.6% 68.7% 40.1% 12.7% 47.3%
5 $10,000 20.6% 12.8% 66.6% 37.1% 15.5% 47.4%

10 $500 19.1% 9.2% 71.6% 46.5% 9.9% 43.6%
10 $1,000 19.9% 9.5% 70.5% 45.3% 10.4% 44.3%
10 $2,000 20.8% 10.1% 69.1% 43.6% 11.6% 44.8%
10 $5,000 21.5% 11.4% 67.1% 40.4% 13.5% 46.1%
10 $10,000 21.5% 13.9% 64.7% 37.3% 16.3% 46.3%
20 $500 19.8% 10.5% 69.7% 45.9% 10.7% 43.4%
20 $1,000 20.5% 10.8% 68.7% 44.9% 11.2% 43.9%
20 $2,000 21.3% 11.5% 67.2% 43.3% 12.4% 44.3%
20 $5,000 22.2% 13.0% 64.8% 40.2% 14.3% 45.4%
20 $10,000 22.2% 16.1% 61.7% 37.2% 17.1% 45.7%
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F Push-Down Cohort Flow

The cohort-flow figure in Section 6.4.6 (Figure 12) conditions on push-up cycles, manipulated

cycles whose final-10s spot push is upward, so that the directional accumulation reads as a positive

ramp. This appendix repeats the same construction on the push-down mirror (manipulated cycles

whose push is downward) in Figure A3.

The pattern is the sign-flipped mirror with the identical timing signature. The manipulator

cohort ramps smoothly into a net short Up position (buying the Down token), reaching ∼ −9,500

shares by close; MMs and retail take the long-Up side; and the Binance order flow is flat through

the body and then steps down by ∼ $1.75 M in the final 10 s (cumulative ∼ −$2 M by close),

the down-side counterpart of the +$1.7 M up-push. The mirror is not exact in magnitude: both

the final-10s Binance step (∼ −$1.75 M vs ∼ +$1.7 M) and the manipulator cohort’s cumulative

directional position (∼ −9,500 vs ∼ +8,800 shares) are marginally larger on the down side. But

the linear-ramp-then-late-step timing is the same in both directions, confirming that the timing

argument against the gamma-hedging channel (Section 6.4.6) is not an artifact of conditioning on

the up direction.
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Figure A3. Cumulative net position trajectory across the cycle, push-down vs. normal cycles, P3 BTC 5m.
This figure plots the push-down counterpart of Figure 12; the solid line conditions on push-down cycles (labeled
“manipulated cycles” in the legend), construction otherwise identical. Panels (a)–(c) plot the net Up-token holdings
(shares) of the manipulator, MM, and retail/other cohorts; panel (d) plots the cumulative Binance spot order flow ($).
Dashed gray lines: normal cycles. Pink shading: the final-10 s region (seconds 290–300).
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