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1. Motivation

Prediction-market capital is locked at 0% return until resolution, so multi-year
markets carry a steep opportunity cost. Long-horizon markets are thinner and
less accurate — usually read as behavioral. We test a mechanical alternative:
the carry cost of unremunerated collateral. In Sept 2025 Polymarket began
paying ~4% vield on a named list of long-dated markets — a natural experi-
ment. Maresca (2026) predicted, in simulation, a ~3x participation rise; we
run the first live test.

2. The mechanism cannot be priced away

AYES/NO pair merges to $1 at any time, so arbitrage pins the sum to $1 with
no time value. If both legs compensated carry at rate » over horizon T
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a contradiction unless rT" = 0. The carry cost is a deadweight, borne as re-
duced participation — the prediction is about who shows up and how much

capital they commit, not price levels.
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3. Data & design

= On-chain Polygon CTF split/merge events (wallet-level collateral)
= Gamma API metadata; Data-API trades (wallets, volume, count)

= 164 treated vs 72 control; symmetric &11-week window

= Outcomes in Alog (pre vs post); block-to-time via RPC

4. The naive result looks like a win

Active wallets rise post-launch — but see the caveat
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DiD: treated markets gain x2.2 active wallets (p < 107°), with a parallel pre-
launch trend. At face value this confirms the mechanism — but it compares
incomparable markets. The rest of the poster subjects this headline to an
escalating ladder of ML robustness checks, and the effect does not survive.

Key results at a glance

Method Effect on participation

Naive DIiD
Causal-Forest DML

x2.21 (p <107

not significant (Cl includes O)
Propensity overlap AUC 0.997 — no overlap
Synthetic DiD not identifiable

Wallet decomposition 82% of new wallets retail

5. The ML audit: does the comparison hold?

no effect

The 'effect’ collapses as the method becomes more rigorous
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Centerpiece: as the estimator grows more rigorous — covariate-adjusted
Causal-Forest double ML, then NLP-matched controls — the x2.2 collapses
to no effect.

6. Why: treated +# control

No overlap: markets are 99.8% separable (AUC = 0.997)
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A propensity model separates treated from control at AUC 0.997 — no com-

mon support. Treated markets are old ($270k Ol, 74 days), controls newborn
($229, 1 day). The robustness ladder:

= Propensity overlap (LiehtGBM) + SHAP

7. The clincher: controls postdate treatment

Why no method works: the control group postdates the treatment

160 -

140 1

—
N
o

—
o
o

60 -

cgntrols barely exist
bgfore treatment

40 -
20 1 \
Qo W

! ) A A
oo o oS i

# live markets (7-day avg)
00}
o

Synthetic DiD cannot even run: O controls have a usable pre-period (median
1 week). The untreated markets launched around/after the event, so no pre-
period counterfactual exists and no between-group estimator is identified.

8. The one honest finding

More people, not more money (within treated, +11 weeks)

Headcount grew — driven by retail Capital did not — it stays with whales
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82% of new collateral wallets are retail-sized, yet the dollar base stays ~100%
whale — “more people, not more money.” Robust to the control problem: a
within-market compositional shift.

9. Conclusion & contribution

1The apparent revival I1s a market-selection artifact, not a treatment effect;
the experiment is unidentified. We contribute a reusable ML audit tem-
plate — propensity-overlap, double-ML, NLP matching, SDID-feasibility, mi-
crostructure — for opaque crypto-venue natural experiments.
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