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Abstract

Prediction-market event studies require the crowd’s belief
immediately before an event, yet that state may never
appear in the transaction tape. Sequential arrival, social
feedback, belief revision, and repeat trading can produce
the same observed path from different latent beliefs. We
introduce Adaptive Path Decomposition with Safe Routing
(APD-SAFE), a risk-calibrated mixture of inverse experts
that reconstructs the fixed-cohort pre-event belief from
trader-identified probability paths. Four experts reverse
stable, feedback, shift, and joint mechanisms; a constrained
correction and risk gate combine their estimates. On frozen
tests from previously unseen mechanism families, APD-
SAFE cuts maximum family regret by 79.5% relative to
direct black-box prediction. In leave-one-project-out tests
on real prediction markets with pre-trading survey beliefs,
it reduces RMSE by 10.2% relative to pooling. Unlike direct
prediction, every output is fully traceable through named
expert estimates and explicit mixture weights. APD-SAFE
recovers the missing baseline required to measure how events
change crowd beliefs.
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1 Introduction

Financial event studies compare a market state before and
after an event [43, 53]. Prediction markets appear to pro-
vide that state directly because a binary contract trades as
a probability. The price, however, is an equilibrium object
shaped by wealth, utilities, information, risk attitudes, and
market design; it need not equal the equally weighted belief
of the crowd an analyst intends to study [22, 30, 44, 59, 60].
The required pre-event belief may therefore be absent from
every observed trade.

The transaction tape records an endogenous sequence
rather than independent reports. Traders arrive sequentially,
observe earlier prices, learn from or react against the path,
revise beliefs when information arrives, and trade more than
once [5, 8, 17, 41, 47, 50]. First-entry pooling removes repeat-
trader weighting but not feedback or revision. Change-point
correction removes one fitted shift but not endogenous path
attachment. Graph inversion removes path attachment but
can distort genuine information updates. Several mecha-
nisms can explain the same path, so committing to one
correction creates model risk.

We extend structural path correction with APD-SAFE,
a finance-structured mixture of inverse experts. The target
is the pre-event mean belief of one fixed, equally weighted
trader cohort. Four experts reconstruct that target under
stable, feedback, persistent-shift, and joint mechanisms.
A learned residual improves the structural mixture but
is clipped to the range supported by the candidate re-
constructions. A second gate predicts candidate-specific
reconstruction risk and returns a soft mixture. The archi-
tecture therefore learns which financial explanation to trust,
rather than mapping the price tape directly to the target.
Every reconstruction retains an exact audit trail through its
candidate estimates and mixture weights.

We test the method in two settings that observe the same
target. First, the complete model is frozen and evaluated on
1,500 exact-ground-truth markets from ten mechanism fam-
ilies absent from training and validation. APD-SAFE lowers
RMSE by 12.8% relative to identity-balanced first-entry
pooling. Against direct black-box prediction, it improves
average RMSE by 3.1% and cuts maximum family re-
gret from 8.8% to 1.8%, a 79.5% reduction. Second, four
real replication-market projects link pre-market survey
probabilities to trader identities and transaction paths
[26]. Leave-one-project-out field calibration lowers market-
balanced RMSE by 10.2% relative to pooling and by 6.6%
relative to graph inversion across 98 real markets.
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The paper makes three contributions:

(1) A fixed-cohort estimand for the pre-event crowd be-
lief, separating belief change from trader turnover and
repeated activity.

(2) APD-SAFE, a risk-calibrated mixture of mechanism-
matched inverse experts whose candidate estimates
and mixture weights expose the complete reconstruc-
tion path.

(3) Controlled and real-market tests against simple ag-
gregation, structural correction, generic stacking,
and direct prediction: APD-SAFE reduces maximum
family regret by 79.5% on unseen mechanisms and
beats graph inversion and pooling in all four held-out
projects.

2 Related Work

Prediction markets and event baselines. Prediction
markets can aggregate dispersed information and often fore-
cast accurately [3, 59], but price depends on the trading
mechanism, participant composition, information distribu-
tion, and preferences [4, 14, 31, 34, 44, 45, 60]. Event studies
require a defensible pre-event state and window [39, 43, 53].
Announcement markets and high-frequency evidence show
that prices update before and around observed events, while
many jumps cannot be assigned to one recorded news item
[2, 40]. We address the missing-baseline step directly.

Path dependence and structural correction. Se-
quential actions can create cascades, herding, contrarian
responses, and wealth-dependent price reactions [5, 8, 17, 50].
Experiments show that social information can reduce crowd
independence and that traders learn from realized prices
[41, 47]. Change-point methods detect abrupt, multiple,
dependent, or contaminated shifts [1, 7, 15, 18, 21, 36];
Hawkes and microstructure models represent endogenous
path dependence and order-flow effects [6, 13, 19, 27, 29].
APD-SAFE extends these structural corrections by treating
them as competing inverse explanations of the same missing
baseline.

Risk routing and mechanism generalization.
Mixture-of-experts, model averaging, and stacking com-
bine specialized predictors to reduce selection risk [9, 10,
28, 32, 33, 35, 48, 55, 61]. Selective prediction learns
where a predictor should be trusted [20, 23, 49]. Con-
trolled financial simulation provides exact latent states,
but simulator misspecification must be tested explicitly
[11, 16, 25, 42, 54, 56, 57]. APD-SAFE extends risk routing
from prediction to reconstruction: its gate chooses among
the structural explanations above by predicted error on the
fixed-cohort baseline. The final test freezes every model
choice and evaluates complete mechanism families absent
from development.

3 Problem Formulation
3.1 Fixed-cohort target

Fix the crowd whose belief change the event study intends to
measure, U, = {1,...,U}. Trader u has latent log-odds belief
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b, before the persistent response and b] after the response
stabilizes. The two crowd probabilities are

s 1 . . s
C’ = o Z sigmoid(by, ), se{—,+}, (1)

UEUL

and the event effect is A = CT — C~. Fixed identities and
equal weights prevent trader turnover or repeated activity
from changing the estimand [4, 44, 45].

The observed pre-event history is

H= {(ti7ui,pi)}z]'\]:17 (2)

where p; is the post-trade contract probability. We clip p; to
[.005, .995], transform it to the log-odds mark m; = logit(p;),
and normalize time to z; € [0,1].

3.2 Why the target can be missing

A compact observation model isolates the reconstruction
problem:

m; = 5(]1‘ + (1 — xz)b; + x:G; + &5 (3)

Here ¢; marks a persistent information revision, § is its size,
G; summarizes the earlier path, x; is the trade’s attachment
to that path, and ¢; is residual noise. Identity-balanced first-
entry pooling removes repeat-trader weighting,

C\ITE»FE = % Z

i:u; first appears

sigmoid(m;), (4)

but it does not remove dq; or x;G;.

Suppose an inverse expert subtracts dg;, recomputes a
path message G;, and inverts feedback:
> my —0G; — 3Gy

()

1—%‘1'

Substitution of Eq. (3) gives

-~

wi(Gi _Gi) Eq
17{Ei 17$¢.

By — by = 9= %G
K 1—x;

(6)

The reconstruction error is also the event-study error. Let
A = CT — C~ when the stabilized post-event state is ob-
served. Then

A-Al=[C" -0 (7)

A lower pre-event reconstruction RMSE therefore produces
the same reduction in event-effect RMSE. A correct expert
recovers the latent belief; a wrong correction creates error.
Because the tape does not reveal which mechanism is active,
reconstruction is a conditional model-selection problem.

4 Method: APD-Safe

APD-SAFE separates candidate construction from risk-based
routing (Figure 1A). Every candidate estimates the same
target C'~. The final gate predicts which candidate will re-
construct that target most accurately for the observed path.
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APD-Safe constrains the learned correction and routes among candidate reconstructions by predicted risk.

B Frozen test on 10 unseen mechanism families
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Figure 1: APD-Safe architecture and evaluation. Panel A shows the inverse-expert bank and risk-calibrated
route. Panel B reports the frozen unseen-mechanism test. Panel C reports leave-one-project-out reconstruction

against pre-market survey beliefs in 98 real markets.

4.1 Inverse expert bank

The expert bank contains four estimators: stable pooling,
feedback inversion, persistent-shift removal, and their joint
correction. For a corrected log-odds path y, the causal graph
message is

__ exp{—(z —2)/2 = 5|y — [}
Do exp{—(zi — 20)/2 = 5lyi — yel}’
Gily) = af()y;- ®)

Jj<i

G . .
aij (y) J < 1,

Set G1(y) = 0; because e; = z1 = 0, this convention does
not affect the first reconstruction. The feedback exposure
is ©; = .5e;, where e; is the fraction of the target cohort
observed before trade i. Reconstructed logits are clipped to
[—5.3,5.3] before the probability transform.

Each regime r € {0,E,S,ES} is fit over fixed time-
kernel and change-point dictionaries. Following information-
criterion logic [37, 52], its score combines fit with a
parameter-count penalty:

Qr = Anelkn {2NLL, x +k,log N}. 9)

With 7 € {.1,.4,1.2}, change points ¢ € {.35,.5,.65}, and
dimensions (ko, kg, ks, kes) = (2,3,4,5), the structural
weights are

wy o exp{— (@ — min Qy) — 4K[r # 0]},

N A 10

Cstruct = Zwrcr . ( )
s

We add the fixed offset —4¥[r # 0] so the stable expert

remains the default until the path supplies evidence for cor-

rection.

4.2 Guarded correction and risk routing
Structural scores measure path fit, not reconstruction loss. A
depth-5 CatBoost regressor [51] therefore learns a residual
from 20 observable path summaries and the fixed structural-
bank estimates. Let hg(z) be the predicted residual. The
guarded estimate is

Cgilard = Chp[L(z),H(z)] (Cs:ruct + 9h¢($)) ’ (11)

where L(x) and H(z) are the minimum and maximum can-
didate estimates. To block unsupported extrapolation, we



ICAIF '26, November 14-17, 2026, Milan, Italy

constrain the residual to the range of the candidate recon-
structions, applying the broader robustness principle of ag-
gregation under misspecification [46, 58].

The final candidate set is

C= { g_uard7 Cg_raphv Cs_tack7 C(;rect}' (12)

The stacking candidate is an Extra Trees regressor on ten
path summaries and the four inverse experts; a separate Ex-
tra Trees direct predictor uses 56 path features [24]. Four
depth-4 CatBoost models predict candidate log squared er-
ror,

Te(z) ~ log [(6*,; —C)?+ 10—7] . (13)
Predicted risks become soft weights with fixed temperature

T =.5:

exp{—Zkgx)/T} ox =S ax(z)C; .
Zj exp{ffj (a:)/T}7 APD-SAFE ; k( ) k

ag(z) =

(14)
The compact gate uses ten causal path features, the four can-
didate estimates, their span, and two candidate gaps. Every
summary and direct-feature dictionary is fixed before final
testing and uses only H; no feature uses C~ or a future trans-
action. Soft routing preserves candidate uncertainty and di-
versification [28, 32, 38, 48].

4.3 Cross-project field deployment

When earlier survey-linked projects are available, a ridge
head maps the APD candidates and compact causal path
summaries to the observed fixed-cohort survey target:

Crata = clivyg 1) (Bo + 87 2(2)) (15)

A final convex blend combines the field head, graph inver-
sion, and first-entry pooling. For each held-out project, coef-
ficients, regularization, and blend weights are selected only
from the other projects using inner leave-one-project-out
predictions. The held-out project contributes no survey re-
sponse or tuning decision. With fixed dictionaries, expert
construction uses O(N?) time and O(N) memory; a single-
threaded Python implementation evaluates one market in
about 0.11 seconds on an AMD EPYC 9V74 core.

5 Experiments

5.1 Controlled exact-ground-truth
benchmark

Model development uses 6,330 markets from 38 mechanism
families. The source block contains stable, feedback, repeat-
trading, news, mixed, and one-step paths. Two disjoint stress
blocks add gradual and multiple shifts, drift, heavy-tailed
and heteroskedastic noise, nonlinear and heterogeneous
feedback, delayed and contrarian response, network copying,
strategic repeat trading, identity corruption, temporary
shocks, endogenous arrival, quantization, missing events,
and variance regimes. Disjoint seed ranges separate candi-
date training, gate training, validation, and architecture
selection.
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After every model choice is fixed, the final test draws
1,500 markets, 150 from each of ten additional families: asym-
metric subgroup shifts, belief-dependent noise, cohort block
shocks, decaying shocks, identity merging, mixed probabil-
ity /logit feedback, periodic feedback, price limits, selective
censoring of repeat trades, and trend reversal. None appears
in training or validation, and none is generated by Eq. (3)
with one constant shift and one fixed feedback coefficient.

5.2 Real-market survey benchmark

Gordon et al. release four independent replication-market
projects containing pre-market survey probabilities, trans-
action paths, and matching participant identifiers [26]. The
fixed preprocessing extracts 426 causal prefixes from the 98
markets that yield a usable trader-linked prefix. Prefix end-
points are chosen before model fitting from transaction order
and linkage availability, and the same prefixes are used for
every method. For each prefix, the target is the equal-weight
mean pre-market survey probability of the traders who have
appeared by that decision. The median prefix contains 23
traders; 400 of 426 prefixes match every trader to a survey
response, and every prefix matches at least 80%.

Evaluation leaves one complete project out. The held-out
project supplies no information for field-head fitting, regu-
larization, or blend selection. This is direct target validation:
beliefs are recorded before trading, rather than inferred from
a future price.

Ethics and data handling. This experiment is a secondary
analysis of the publicly released, pseudonymized survey and
transaction records of Gordon et al. [26]. No new partici-
pants were recruited or contacted. We used only the identi-
fiers contained in the public release to link pre-market sur-
vey responses to transactions, and we made no attempt to
re-identify any participant.

5.3 Baselines, metrics, and inference

Controlled baselines are identity-balanced first-entry pool-
ing, Gaussian GLR, structural APD, generic stacking, and
direct black-box prediction. Gaussian GLR fits one Gauss-
ian mean shift over the fixed change-point dictionary and
removes the selected shift before identity-balanced pooling.
Field baselines are pooling, graph inversion, current price, a
full-feature ridge model, and a price-tape-only ridge model.
All learned baselines receive the same development data or
the same leave-one-project-out privilege.

The primary controlled metric is pooled RMSE. Family-
average RMSE weights each mechanism equally, and max-
imum family regret is the largest percentage gap from the
best tested method in a family. Inference uses a family-
balanced bootstrap. The field test uses market-balanced
RMSE, project-level comparisons, and market-cluster boot-
strap inference [12].
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Table 1: Controlled and real-market reconstruction. Panel A freezes the complete model before testing 1,500
markets from ten unseen mechanism families. Panel B leaves one real-market project out at a time and scores

426 causal prefixes against directly observed pre-market

survey beliefs. Lower is better.

Method RMSE Reduction vs. pooling Mean family RMSE Max family regret Family wins
Panel A: controlled test on ten unseen mechanism families
APD-Safe (proposed) .02159 12.8% .02100 1.8% 6/10
Direct black-box prediction .02227 10.1% .02174 8.8% 0/10
Generic stacking .02231 9.9% .02183 14.5% 3/10
Structural APD .02324 6.2% .02274 18.4% 0/10
Gaussian GLR .02338 5.6% .02284 17.4% 1/10
Identity-balanced pooling (IBFE) .02477 - .02426 39.4% 0/10
Method Market-balanced RMSE Reduction vs. pooling Pearson Below graph Below pooling
Panel B: 98 real markets across four held-out projects
APD-Safe (field-calibrated; proposed) .08539 10.2% .902 4/4 4/4
Full-feature field ridge .08903 6.4% .890 2/4 2/4
Graph inversion .09141 3.9% .896 - 3/4
First-entry pooling .09513 - .889 1/4 -
Current price .09870 —3.7% .874 2/4 2/4
Price-tape ridge .10094 —6.1% .854 1/4 2/4

5.4 Model selection and leakage control

The controlled pipeline uses four disjoint operations: candi-
date fitting, safety-gate fitting, architecture selection, and fi-
nal testing. Mechanism families and seed ranges do not cross
these boundaries. The ten final families are generated only
after the four-candidate gate, temperature, shrinkage, clip-
ping rule, feature set, and hyperparameters are fixed. The
five-batch replication reuses the same frozen estimator with-
out re-selection.

The field pipeline applies the same principle at project
level. For each outer fold, all coefficients and blend weights
are selected by inner leave-one-project-out predictions
among the remaining projects. Prefixes are causal: every
feature uses only transactions observed by that decision.
Market-balanced scoring prevents markets with many pre-
fixes from dominating the result, and the market-cluster
bootstrap treats each market as the independent sampling
unit.

5.5 Coding and manuscript assistance

ChatGPT was used to implement experimental scripts, pro-
duce figure code, and refine the manuscript. The APD-SAFE
method, evaluation protocols, and analysis plan were spec-
ified by the authors, who ran and verified the experiments
and interpreted the findings.

6 Results

6.1 Controlled generalization
APD-SAFE reaches RMSE 0.02159, compared with 0.02477

for pooling and 0.02338 for Gaussian GLR (Table 1A; Fig-
ure 1B). These are reductions of 12.8% and 7.7%. It also

improves on generic stacking by 3.3% and direct prediction
by 3.1%. Family-balanced gains are significant against pool-
ing, GLR, direct prediction, and stacking (p < .004).

The sharper advantage over direct prediction is robustness
to mechanism shift. Maximum family regret falls from 8.8%
for the black-box model to 1.8% for APD-SAFE, a 79.5%
reduction. APD-SAFE beats pooling, direct prediction, and
structural APD in all ten families, generic stacking in seven,
and GLR in nine. It is best in six families; maximum regret
is 14.5% for stacking, 17.4% for GLR, and 39.4% for pooling.

6.2 Real-market reconstruction

The field estimator reaches market-balanced RMSE 0.08539
and Pearson correlation 0.902 (Table 1B; Figure 1C). Graph
inversion reaches 0.09141, pooling 0.09513, and the price-
tape learner 0.10094. The RMSE reductions are 6.6%, 10.2%,
and 15.4%, respectively. APD-SAFE (field-calibrated) beats
graph inversion and pooling in all four held-out projects.

Market-cluster inference confirms the ranking. Relative to
graph inversion, the mean market MSE gain is 1.06 x 1072
with 95% bootstrap interval [0.45,1.67] x 1072 and p < .001.
Relative to pooling, the gain is 1.76 x 1073 with interval
[0.94,2.59] x 10™* and p < .001. Relative to the price-tape
learner, the gain is 2.90x 10™2 with interval [1.37,4.62] x10~?
and p < .001.

The project breakdown shows that the gain is not created
by one dataset (Table 2). The largest improvements occur on
ML2 and EERP, where the raw cross-project error is highest.
On RPP and SSRP the safety blend retains the strength of
graph inversion while remaining best overall.
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Table 2: Held-out project RMSE. Each row is pro-
duced by a model that did not use that project’s
surveys or transactions for selection.

Project APD-SAFE (field-calibrated) Graph Pooling

EERP .06653 .07363 07767
ML2 .11345 12368 13288
RPP .07529 .07938 .07951
SSRP .07808 .07981 .07969

Table 3: Routing ablation on the fixed architecture
test set.

Variant RMSE
Guarded correction alone .04662
Uniform candidate average .02843
Hard risk routing .02344
Soft risk routing (APD-Safe) .02238

6.3 Robustness and ablation

Five independent frozen batches add 4,200 markets from
fourteen broad stress mechanisms. APD-SAFE obtains mean
RMSE 0.02305 versus 0.02902 for pooling, a 20.6% reduction.
Every batch is positive, and 64 of 70 family-by-batch gains
are positive; the cluster bootstrap interval for mean MSE
gain is [2.12,4.18] x 1072,

The ablation isolates the architectural gain (Table 3). The
learned correction alone fails under shift. Candidate averag-
ing is safer but inaccurate. Hard routing improves sharply.
Soft risk routing is best because it preserves uncertainty over
competing financial explanations. The gain is not a feature-
count effect: the compact gate also beats the full 56-feature
risk router on the final family holdout.

7 Discussion

APD-Safe constructs financially meaningful inverse candi-
dates and routes among them using predicted reconstruction
risk. Each output retains an exact audit trail: the candidate
reconstructions, their risk weights, and the resulting convex
mixture. This exposes when the estimate is supported by
structural inversion and when learned alternatives receive
weight, rather than hiding the reconstruction inside one di-
rect mapping. The guarded residual adds flexibility without
leaving the range supported by the candidates. The outer
gate evaluates candidate risk rather than path fit, which is
why it avoids the large failures of the correction alone and
the mechanism-specific failures of hard selection.

The controlled and field benchmarks assess different forms
of generalization. The controlled benchmark asks whether
the architecture recovers a known latent state when the mar-
ket mechanism changes. The field benchmark asks whether
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the same candidate structure supports deployment on ob-
served markets when earlier survey-linked projects are avail-
able. Exact latent-state labels answer the first question; pre-
trading survey beliefs answer the second. Equation (7) con-
nects both tests to the financial application: every unit of
baseline error is one unit of event-effect error.

The method is directly applicable to binary, trader-
identified markets. New contract structures or additional
path mechanisms enter through new inverse candidates
and candidate-specific risk models; the target remains the
fixed-cohort belief required by the event study.

8 Conclusion

Prediction-market event studies need a pre-event crowd
belief absent from the transaction tape. APD-SAFE recon-
structs it with mechanism-matched inverse experts and
risk-calibrated routing, retaining full traceability through
named candidates and explicit mixture weights. Compared
with direct black-box prediction, APD-SAFE lowers av-
erage RMSE by 3.1% and maximum family regret from
8.8% to 1.8%, a 79.5% reduction. On 98 real markets with
pre-trading survey beliefs, leave-one-project-out calibration
reduces RMSE by 10.2% relative to pooling. Together, these
results show that competing structural explanations recover
pre-event crowd beliefs more robustly than direct prediction
while retaining a complete audit trail.
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