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Abstract

Prediction markets provide a unique setting
where event-level time series are directly tied to
natural-language descriptions, yet discovering
robust lead—lag relationships remains challeng-
ing due to spurious statistical correlations. We
propose a hybrid two-stage causal screener to
address this challenge: (i) a statistical stage
that uses Granger causality to identify candi-
date leader—follower pairs from market-implied
probability time series, and (ii) an LLM-based
semantic stage that re-ranks these candidates
by assessing whether the proposed direction ad-
mits a plausible economic transmission mech-
anism based on event descriptions. Because
causal ground truth is unobserved, we evaluate
the ranked pairs using a fixed, signal-triggered
trading protocol that maps relationship quality
into realized profit and loss (PnL). On Kalshi
Economics markets, our hybrid approach con-
sistently outperforms the statistical baseline.
Across rolling evaluations, the win rate in-
creases from 51.4% to 54.5%. Crucially, the
average magnitude of losing trades decreases
substantially from $649 to $347. This reduc-
tion is driven by the LLM’s ability to filter out
statistically fragile links that are prone to large
losses, rather than relying on rare gains. These
improvements remain stable across different
trading configurations, indicating that the gains
are not driven by specific parameter choices.
Overall, the results suggest that LLMs function
as semantic risk managers on top of statistical
discovery, prioritizing lead—lag relationships
that generalize under changing market condi-
tions.

1 Introduction

Real-world events rarely occur in isolation; infor-
mation about one event often changes expectations
about what happens next. For example, an inflation
surprise can raise expectations of tighter monetary
policy. These dependencies often manifest as lead—
lag structure, where movement in one event sys-
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tematically precedes movement in another (Bennett
et al., 2022).

Identifying such structure from observational
time series remains challenging in practice. Tradi-
tional statistical methods such as Granger causality
can detect directional predictability, but the result-
ing relationships are often unstable over time and
may not reflect meaningful underlying mechanisms
(Rossi and Wang, 2019; Phillips, 1986). In large-
scale settings, statistically significant lead—lag links
frequently fail to generalize out of sample and can
induce substantial losses when used in downstream
decision-making.

Meanwhile, large language models (LLMs) have
shown strong performance in time-series forecast-
ing tasks, including predicting future trajectories
from noisy observations (Gruver et al., 2023; Jin
et al., 2024). However, these approaches typically
focus on individual time series and do not address
whether relationships between events are meaning-
ful or robust. This raises a distinct question: can
LLMs help distinguish mechanistically plausible
inter-event relationships from brittle statistical cor-
relations?

Our key idea is to use LLMs as semantic filters
that evaluate the plausibility of statistically identi-
fied lead—lag relationships. We study this question
in a prediction-market setting, where event-level
time series continue to update over time and rela-
tionships can be evaluated on future, unseen peri-
ods under changing market conditions.

We implement a two-stage framework. First,
we apply Granger causality to identify candidate
leader—follower event pairs from market-implied
probability time series (Statistical Approach). Sec-
ond, we use an LLLM to re-rank these candidates
based solely on the events’ natural-language de-
scriptions, prioritizing relationships that admit
a plausible real-world mechanism (Hybrid Ap-
proach).

Across 18 rolling evaluations on Kalshi Eco-



nomics markets, LLM-based semantic filtering con-
sistently improves trading performance relative to
Granger screening alone. At a 7-day holding hori-
zon, total PnLL more than doubles, driven mainly by
a pronounced reduction in downside risk. These re-
sults suggest that LLMs act as robustness filters on
top of statistical discovery, helping to exclude frag-
ile lead—lag relationships that fail under changing
market conditions.

2 Related Work

Limits of statistical significance in lead-lag dis-
covery. Lead-lag patterns, in which movements
in one time series appear to precede those in an-
other, are widely documented in economics and fi-
nance (Lo and MacKinlay, 1990; Hasbrouck, 1995).
Motivated by these empirical regularities, a large
body of work seeks to formalize directional re-
lationships using statistical discovery tools such
as Granger causality and related predictive tests
(Granger, 1969; Kinnear and Mazumdar, 2023;
Chaudhry et al., 2017).

However, even when statistically significant,
many discovered lead—lag relationships remain fun-
damentally ambiguous and limited. In large-scale
settings, pairwise screening inevitably produces
links that survive selection purely by chance, a
concern long emphasized in the data-snooping and
multiple-testing literature (Sullivan et al., 1999).
These issues are further exacerbated when rela-
tionships evolve over time or exhibit structural
breaks, leading to instability in Granger-causal
links across samples (Ventosa-Santaularia and Vera-
Valdés, 2008; Rossi and Wang, 2019; Phillips,
1986). As aresult, statistical significance alone pro-
vides limited guidance for distinguishing mechanis-
tically meaningful inter-event relationships from
brittle correlations.

To assess robustness, discovered relationships
are therefore often evaluated using out-of-sample
predictive performance or rolling evaluation
schemes (Diebold and Mariano, 2002; Rossi, 2021).
Yet even when validated out of sample, such eval-
uations provide limited guidance about whether
an identified lead-lag direction corresponds to a
coherent real-world transmission mechanism.

Semantic evaluation with LLMs and event-
based settings. Recent work has explored the
use of large language models (LLMs) beyond tradi-
tional language tasks, including evaluating explana-
tions, relationships, and counterfactuals expressed

in natural language (Zheng et al., 2023; Yang et al.,
2024; Wang, 2024). In these settings, LLMs are not
used to infer causal structure from data, but rather
to assess the coherence or plausibility of candidate
relationships. This perspective is particularly rele-
vant for lead—lag analysis, where temporal ordering
alone is insufficient to establish whether a relation-
ship admits a meaningful real-world transmission
mechanism.

Prediction markets provide a natural platform
for this type of evaluation. Each contract corre-
sponds to a clearly defined event described in nat-
ural language and yields a time series of market-
implied probabilities reflecting collective expec-
tations (Wolfers and Zitzewitz, 2004; Berg et al.,
2008). This structure enables the study of inter-
event relationships while allowing discovered de-
pendencies to be evaluated on future, unseen peri-
ods under changing market conditions.

3 Background

This section introduces the key concepts and nota-
tion underlying our analysis of directional relation-
ships between event-level time series. Our objec-
tive is to study directional lead—lag relationships be-
tween event-level time series and establish a frame-
work for evaluating their predictive relevance.

We formally define directional lead—lag relation-
ships in Section. 3.1. Section 3.2 describes pre-
processing procedure of time-series data, and Sec-
tion 3.3 introduces Granger causality as a statistical
tool for operationalizing directional predictability.
Finally, Section 3.4 defines how to annotate discov-
ered lead—lag relationships.

3.1 Directional lead-lag relationships

Let {z;}7; and {y;}L_; be two real-valued time
series indexed by time ¢. We say that x leads y
if past values of z; contain predictive information
about future values of y; beyond what is contained
in the past of y; itself.

Formally, x leads y if there exists a forecast hori-
zon h > 0 such that

Elyi+n | @1:4, Y1:t) 7 Elyeen | Y1) -

This definition is directional and asymmetric: x
leading y does not imply that y leads z. Through-
out this paper, we study ordered event pairs exhibit-
ing directional lead—lag structure—also referred to
as leader—follower pairs (L, F').



3.2 Time-series representation of
prediction-market prices

Prediction markets trade contracts whose payoff
depends on the realization of a future event. For
each event i, the daily YES price forms an event-
level time series that reflects the market’s collective
belief about the probability of that event occurring.

Let p;+ € [0,100] denote the daily YES price
(in percentage points) of event ¢ at time ¢. To ob-
tain an unbounded real-valued signal suitable for
time-series analysis, we apply the log-odds trans-
formation

biy = 10g<100p2jpt) ; (D
1y

where ¢; ; € R.

This transformation mitigates boundary effects
near 0 and 100 and renders price changes approxi-
mately additive, which facilitates statistical model-
ing.

3.3 Directional predictability via Granger
causality

To test lead—lag relationships, we require a statis-
tical notion of directional predictability. We use
Granger causality, which assesses whether incor-
porating the lagged history of one series improves
prediction of another beyond what is explained by
the target series’ own past.

Let {z;}]_, and {y;}_; be two time series, and
let p denote the chosen lag length in the autoregres-
sive model. Granger causality tests are typically
formulated under the assumption that the input se-
ries are approximately stationary. In practice, sta-
tionarity is commonly assessed using unit-root tests
such as the Augmented Dickey—Fuller (ADF) test,
which evaluates whether a time series exhibits a
unit root (i.e., behaves like a random walk). When
non-stationarity is detected, differencing is a com-
mon remedy (Dickey and Fuller, 1979; Said and
Dickey, 1984; Hamilton, 2020).

A standard approach to testing Granger causal-
ity is to use vector autoregressive (VAR) models,
which capture linear dependencies between multi-
ple time series through their lagged values (Hamil-
ton, 2020). In the bivariate case, 4; can be modeled
with optional lags of x; as

p p
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where ¢; is a mean-zero error term.

The Granger test evaluates the null hypothesis
Hy : p1 = --- = B, = 0, corresponding to the
absence of directional predictability from x to y
under lag length p. Rejection of Hj indicates a
lead—lag relationship from x to y. Thus, Granger
causality provides a testable proxy for the theoreti-
cal lead—lag definition in Section 3.1.

3.4 Sign of co-movement

Beyond temporal direction, lead—lag relationships
can be further characterized by whether the two
series tend to move in the same or opposite direc-
tions. For an ordered lead—lag (leader—follower)
pair (L — F) with corresponding time series
(xrt,xFt), we define the sign of co-movement
as

s = sgn(corr(zr s, xpe)) € {—1,+1},  (3)

where corr(+, -) denotes the Pearson correlation co-
efficient. Here, s = +1 indicates aligned move-
ment and s = —1 indicates opposing movement,
conditional on the identified lead—lag ordering.
This quantity is purely descriptive and does not
imply any causal or structural interpretation. It in-
dicates whether increases in the leading series tend
to be associated with increases or decreases in the
lagging series.

4 Methods

Recall that our study aims to assess whether LLMs
can distinguish causal relationships that are mech-
anistically meaningful. To assess this question,
we compare two methods for ranking candidate
causal relationships: a purely statistical approach,
and a hybrid approach that applies LLM-based re-
ranking on top of the statistical approach. We eval-
uate each ranking using the same trading protocol,
where investment performance reflects the reliabil-
ity of the identified causal relationships.

In this section, we introduce the two ranking
methods: statistical and hybrid (Section. 4.1), and
describe the trading protocol (Section. 4.2).

4.1 Ranking Methods for Candidate Causal
Relationships

Figure 1 summarizes the two-stage causal filter-
ing framework used in this study. Starting from
event-level prediction market price time series, the
pipeline consists of (i) a statistical filtering stage
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Figure 1: Two-stage framework for leader—follower pair discovery in prediction markets. Stage 1 produces a
candidate set of Top K directed pairs (K=100) ranked by Granger significance, and Stage 2 applies LLM-based
semantic re-ranking to select the final Top M portfolio (M=20).

that identifies candidate leader—follower relation-
ships based on time-series evidence, and (ii) a
semantic filtering stage that re-ranks these candi-
dates using an LLM. The two stages correspond
to the Statistical Approach and Hybrid Approach
described below, and both produce ranked lists of
directed event pairs that are evaluated using the
same trading protocol.

For each event 7, we obtain a daily price time se-
ries P; = {piyt}le, where p;; denotes the market-
implied price at time ¢ and T is the length of the
observation window. From P;, we construct a sta-
tionary market signal X; = {z;+}]_, by transform-
ing prices into log-odds. Standard stationarity pre-
processing is applied prior to Granger testing.

Statistical Approach. Given a pair of events
(i,7), the statistical approach aims to determine
whether there exists a directional lead—lag relation-
ship between the two events based purely on time-
series evidence. To this end, we apply Granger
causality tests to the stationary market series con-
structed from their daily price data.

For each unordered event pair {i, j}, we evalu-
ate both possible causal directions, (i — j) and
(j — 7). In each direction, we estimate vector
autoregressive (VAR) models over multiple lag
lengths and assess whether the lagged history of the
candidate leader provides incremental predictive
power for the follower beyond its own past.

We retain the direction exhibiting stronger sta-
tistical evidence of directional predictability as the
candidate causal relationship for the event pair.
Finally, all candidate relationships are ranked by

their statistical strength, yielding an ordered list
of directed leader—follower pairs from strongest to
weakest evidence of Granger-based predictability.

Hybrid Approach. The hybrid approach takes
as its starting point the set of candidate causal re-
lationships identified by the statistical approach.
The role of the LLM is not to discover new rela-
tionships, but to re-rank these statistically validated
candidates based on semantic and mechanism-level
plausibility. In doing so, the approach preserves
statistical validity while adjusting priorities to favor
relationships that have coherent economic interpre-
tations.

Specifically, for each directed event pair retained
by the statistical approach, we prompt a LLM with
the event titles and descriptions and ask whether
a plausible economic mechanism exists by which
movement in the leader could precede movement
in the follower. The model evaluates the seman-
tic coherence of the proposed causal direction and
assigns a plausibility score, with higher scores in-
dicating stronger mechanism-level support.

We then use these plausibility scores to re-rank
the statistically screened candidate relationships.
The final hybrid ranking thus preserves the statis-
tical validity ensured by Granger causality while
prioritizing relationships that are also supported by
coherent economic reasoning.

4.2 Trading-Based Evaluation of Ranking
Methods

Since the ground truth of causal relationships is
not directly observable, evaluating the quality of
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Figure 2: Signal-triggered trading protocol used to eval-
uate ranked lead-lag relationships from Figure 1: leader
price moves trigger follower trades, with direction de-
termined by the Granger-induced trade sign and out-of-
sample PnL used to evaluate the ranked pair list.

different relationship rankings is inherently chal-
lenging. To address this issue, we evaluate the
ranking approaches based on trading performance.
The trading rule is intentionally designed to be sim-
ple and signal-driven: when a sufficiently large
price movement occurs in a leader event, the strat-
egy mechanically follows the corresponding fol-
lower. Therefore, differences in realized trading
performance can be attributed to differences in the
quality of the underlying causal rankings. Figure 2
illustrates the resulting signal-based trade lifecycle,
which we detail step by step below.

Step 1: leader-based trigger Consider a di-
rected event pair (L, F'), where L denotes the
leader event and F’ the corresponding follower as
identified by a causal ranking. At each time ¢, we
monitor the daily price movement of the leader
event and trigger a trading signal when the mag-
nitude of the price change exceeds a predefined
threshold. Formally, let py, ; denote the market-
implied price (in percent) of the leader event at
time t. We define the one-day relative price change
as rr¢ £ (prt — PrLt—1)/PLt—1- A trading sig-
nal is generated if |rp ;| > 6, where 6 is a fixed
threshold in decimal form.

Step 2: Follower Entry. When a trading signal
is generated for a leader—follower pair (L, F') at

time ¢, we enter a position in the follower event at
time ¢ + 1. We define the Granger-induced trade
direction as

dy = sign(rp ) X s(L — F),

where s(L — F) is the sign of the identified
Granger relationship. If d; = +1, we take exposure
to an increase in the follower event probability (buy
YES shares), and if d; = —1, we take exposure to
a decrease in the follower event probability (sell
YES shares). This construction follows directly
from the lead-lag interpretation of the Granger sign
described in Section 3.1.

Step 3: Holding Period and Exit. Once entered,
the follower position is held for a fixed horizon of
h days and is exited mechanically at time ¢ + h + 1.
The realized profit or loss is computed based on the
change in the follower’s market-implied price over
the holding period.

S Experiments

5.1 Experimental Setup

Data and windows. We use Kalshi prediction-
market data in the Economics category spanning
October 2021 to November 2025. After filtering
markets with insufficient activity or negligible price
variation, we retain 554 event markets. Evalua-
tion follows a rolling-window protocol with 60-
day training windows and 30-day testing windows,
yielding 18 non-overlapping test periods.

Pipeline and hyperparameters. Within each
training window, we perform ADF unit-root testing
and apply first differencing when necessary prior
to Granger analysis. We then run pairwise Granger
causality tests across all available markets. For
each event pair, we evaluate both causal directions
and sweep lag lengths L € {1,2,3,4,5}, retain-
ing the strongest statistical evidence of directional
predictability. Because these optimal lag orders
are short in market-implied probability dynamics,
we treat the trading holding horizon h as an inde-
pendent evaluation parameter and report robustness
across multiple horizons. From these tests, we re-
tain the top K = 100 directed pairs ranked by
statistical significance. From this candidate set, we
form a portfolio by selecting the top M = 20 di-
rected pairs under two ranking conditions: the sta-
tistical approach and the hybrid approach (see Sec-
tion 4.1). For the semantic re-ranking stage, we use
GPT-5-nano; robustness to an alternative model



Table 1: Trading-based evaluation summary. We com-
pare portfolios constructed under the statistical ap-
proach and the hybrid approach across rolling test win-
dows. Metrics include trade count, win rate, average
win/loss per trade, and total PnL; performance gains are
driven primarily by reductions in average loss magni-
tude.

Table 3: Comparison between proposed Hybrid method
and a random-direction baseline. The random baseline
trades the same Granger-surviving pairs as the Statis-
tical and Hybrid approaches but randomizes the pre-
dicted sign, isolating the contribution of directional in-
formation from pair selection. Default setting: K=100,
M=20, h="7d, 6=0.

Metric Statistical Approach Hybrid Approach Change
Win Rate 51.4% 54.5%  +3.1pp
Avg Win $724 $636 -12%
Avg Loss -$649 -$347  +46.5%
Total PnL $4,100 $12,500 +205%

Table 2: Comparison of average loss per trade under
same-event and different-event settings. Same-event
pairs share the same underlying event with different
formulations, whereas different-event pairs correspond
to distinct events. Lower average loss indicates better
downside control.

Method Same-Event Different-Event
Avg. Loss of Statistical Approach -$700 -$642
Avg. Loss of Hybrid Approach -$400 -$333
Loss Reduction 42.9% 48.1%

variant (GPT-5-min1i) is reported in Appendix A.4.
Each trade is executed with position size of 100
per contract. Unless otherwise specified, we re-
port results under a default configuration with hold-
ing horizon h = 7 days, trigger threshold 6 = 0
(i.e., |rr¢| > 0), and portfolio size M = 20. To
assess robustness, we additionally vary the hold-
ing horizon over h € {1,3,5,7,10, 14,21} (Ap-
pendix A.1).

5.2 Results

LLM filtering yields substantial reductions in
downside risk. Table 1 reports the primary com-
parison between the statistical and hybrid ap-
proaches under the default evaluation setting. LLM-
based re-ranking leads to a substantial improve-
ment in total PnL (+205%) accompanied by a mod-
est increase in win rate. This pattern indicates
that the gains are not driven by a small number
of outlier wins or aggressive upside bets. Instead,
the dominant driver of the performance improve-
ment is a large reduction in average loss magnitude
(46.5%), highlighting enhanced downside control
as the primary mechanism.

Loss reduction persists for distinct event pairs.
To examine whether the observed loss reduction
is driven by trivial semantic overlap, we analyze
performance composition under the default setting.

Metric Statistical Random-Dir. Hybrid
Avg Win $724 $610 $636
Avg Loss -$649 -$495 -$347
Total PnL $4,100 $6,500 $12,500

Table 4: Comparison between proposed Hybrid method
and a semantic-similarity baseline. The semantic-
similarity baseline selects the same Granger-surviving
pairs but re-ranks them by cosine similarity of event-title
embeddings instead of LLM plausibility, retaining the
Granger-estimated sign as the trading direction. Change
is the relative difference of the Semantic column from
the Hybrid column. Default setting: K=100, M =20,
h=17d, 6=0.

Metric Hybrid Semantic Change
Avg Win $636 $512 -19.5%
Avg Loss -$347 -$628 —81.0%
Total PnL. $12,500 -$8,100 —165%

As shown in Table 2, LLM filtering reduces aver-
age loss magnitude by 48.1% for different-event
pairs (from $642 to $333), comparable to the reduc-
tion observed for same-event pairs (42.9%). This
indicates that the gains are not attributable to triv-
ial event overlap, but persist for genuinely distinct
event relationships.

Gains exceed a direction-randomized baseline.
To verify that the hybrid approach’s advantage is
not attributable to pair selection alone, we compare
against a random-direction baseline that trades the
same Granger-surviving pairs but randomizes the
predicted sign. As shown in Table 3, the hybrid
approach outperforms random-direction trading in
26 of 42 configurations (61.9%), with total PnLL
of $12,500 versus $6,500. This indicates that the
LLM contributes directional information beyond
filtering which pairs to trade.

LLM gains are not explained by surface se-
mantic similarity. To examine whether the hy-
brid approach’s advantage stems from textual
similarity between event descriptions rather than
mechanism-level reasoning, we compare against
a semantic-similarity baseline that re-ranks the
same Granger-surviving pairs by cosine similar-



Table 5: Win rate (WR) by the magnitude of leader
movement, indicating which side outperforms in invest-
ment outcomes. Here, the magnitude of leader move-
ment is defined as the amount of change in the leader
event’s price p at a given time. Win rates (WR) are
reported for Statistical Apporach (Statistical WR) and
Hybrid Approach (Hybrid WR) portfolios; A denotes
the win-rate difference in percentage points.

Magnitude of leader Statistical ~ Hybrid

movement (pt) WR WR Winner A
5-10 pt 57.1%  66.7% LLM +9.5pp
10+ pt 53.8% 71.4% LLM +17.6pp

ity of event-title embeddings computed by the
text-embedding-3-small model from OpenAl.
As shown in Table 4, semantic ranking yields
total PnL of —$8,100, far below the hybrid ap-
proach ($12,500), with average loss magnitude
(—$628) close to the statistical baseline and well
above the hybrid’s (—$347). This indicates that the
LLM’s downside-risk reduction cannot be reduced
to description-level similarity, but reflects genuine
mechanism-level filtering.

Semantic filtering is most valuable during large
leader moves. We next examine performance
by the magnitude of leader price changes. As
shown in Table 5, semantic re-ranking delivers
larger gains when leader markets experience larger
discrete repricings. For 5—10pt moves, win rate
increases from 57.1% to 66.7% (+9.5pp), and for
moves exceeding 10pt, it rises from 53.8% to 71.4%
(+17.6pp). This pattern suggests that LLM filter-
ing is particularly effective at mitigating regime-
sensitive failures that arise during large market
moves. Beyond these aggregate patterns, the hy-
brid ranking also elevates economically coherent
relationships that rank low under Granger screen-
ing; representative examples are provided in Ap-
pendix A.3.

6 Conclusion

We introduced a dual-stage causal filtering frame-
work for prediction markets, combining statisti-
cal lead—lag screening via Granger causality with
LLM-based semantic verification. Across rolling-
window evaluations, LLM re-ranking consistently
improves trading performance, with gains driven
primarily by substantial reductions in average loss
magnitude (downside risk) and accompanied by
modest improvements in win rate. Taken together,
these results suggest that LLMs can act as semantic

risk managers on top of statistical discovery, prior-
itizing relationships that generalize more reliably
under changing market conditions.

Limitations

Our experiments focus on Kalshi Economics mar-
kets, where each contract is paired with a natural-
language description and a daily probability se-
ries; thus, the benefits of LLM-based semantic re-
ranking may not generalize to other market types
or platforms. Because causal ground truth is un-
observed, we evaluate rankings indirectly via an
offline rolling-window backtest under a fixed rule-
based trading protocol. Although we prevent looka-
head bias by restricting decisions to information
available at each time step, the strategy has not
been tested in a live trading environment. In addi-
tion, the semantic filtering stage relies on an LLM
whose plausibility judgments may be sensitive to
prompting and model versions.
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A Appendix

A.1 Holding-period ablation

We examine whether the loss-reduction effect persists across alternative holding horizons h €
{1,3,5,7,10,14, 21} under otherwise identical settings.

Table 6: Hold period ablation (trades with |Apy, ;| > 0 only). We report win rate and average loss for Statistical
Approach versus Hybrid Approach portfolios as the holding horizon varies; Loss Reduction is the relative decrease

in average loss magnitude under Hybrid filtering.

Hold Stat. WR  Hybrid WR Stat. Avg Loss Hybrid Avg Loss ~ Loss Reduction

1d 56.0% 66.7% -$536 -$283 47.2%
3d 44.7% 62.8% -$773 -$469 39.4%
5d 47.5% 66.0% -$745 -$500 32.9%
7d 51.4% 54.5% -$649 -$347 46.5%
10d 51.4% 56.9% -$497 -$371 25.3%
14d 49.5% 56.1% -$661 -$400 39.5%
21d 47.3% 53.1% -$973 -$753 22.6%
Mean ~50% ~59% -$689 -$446 36.2%

A.2 Threshold sensitivity

We examine whether the loss-reduction effect persists when the trigger threshold @ is tightened so that
trades are only entered after larger leader moves.

Table 7: Performance across trigger thresholds 6 at h=7d, M =20. The statistical baseline degrades sharply as 6
tightens, while the hybrid approach remains stable.

0 Statistical Hybrid  Advantage
0.01 $2,400 $3,900 +$1,500
0.05 $4,100  $12,500 +$8,400
0.10 -$2,600  $10,000 +$12,600

As small movements are filtered out, the statistical baseline degrades from $4,100 at #=0.05 to —$2,600
at 6=0.10, consistent with spurious statistical correlations failing under stricter conditions. The hybrid
approach remains in the $10,000-$12,500 range across the same sweep, indicating that semantically
grounded pairs generalize more reliably when triggers are restricted to economically meaningful moves.
The LLM advantage therefore increases rather than decreases as microstructure noise is suppressed.

A.3 Representative pairs elevated by LLM re-ranking

We provide illustrative examples of LLM-selected pairs that fall outside the Granger Top-M ranking yet
yield positive realized outcomes.

Table 8: Representative pairs ranked low by the Statistical Approach but elevated by the Hybrid Approach. SR =
Statistical Rank (Granger p-value); HR = Hybrid Rank (after LLM re-ranking).

Leader Follower SR HR PnL
China 2022 GDP Growth >5% World 2022 GDP Growth >3% #23 #17 +$1,100
Japan 2026 Recession US Q1 2025 GDP Growth >2% #71 #5 +$700
US 2025 Oil Prod. >14.5M bbl/day Brazil 2025 Inflation >5.5% #24 #15 +$600
India 2026 Recession CRE Deling. Q4 2024 >3% #51 #3 +$200

Beyond aggregate performance gains, the semantic filtering stage surfaces economically coherent lead—
lag relationships that would be excluded under purely statistical screening. Table 8 reports representative
LLM-only trades that fall outside the Granger Top-M portfolio by p-value ranking, yet yield positive
realized outcomes after LLM-based re-ranking. Notably, the Japan Recession — U.S. GDP pair has a



Granger rank of #71—far outside the Top-M cutoff—yet is selected by the LLM based on a cross-border
macroeconomic transmission mechanism. Despite weak Granger statistics and low surface similarity, the
model assigns a negative causal sign consistent with economic reasoning linking recessions to spillovers
through trade and financial channels. These examples illustrate that the LLM stage does not merely refine
statistical ordering, but can recover structurally meaningful relationships that are brittle under purely
statistical ranking.

A4 Additional Experiments

In this appendix, we provide robustness analyses to examine whether the semantic re-ranking behavior we
observe is stable under a post-cutoff evaluation setting and across different LLM model variants.

Table 9: Trading performance after training cutoff (entry date > May 31, 2024).

Metric Statistical Approach Hybrid Approach Change

Win Rate 61.8% 62.1% +0.3pp
Avg Win $614 $656 +6.8%
Avg Loss -$700 -$418 +40.3%
Total PnL $3,800 $7,200 +89 %

Post-cutoff evaluation to mitigate lookahead bias. To mitigate potential lookahead from an LLM’s
pretraining knowledge, we evaluate our method on a post-cutoff dataset consisting only of test periods
after May 31, 2024, based on the publicly documented training data cutoff of the LLM (OpenAl, 2026).
All other components of the pipeline are kept unchanged.

As shown in Table 9, the hybrid approach continues to outperform the statistical baseline under post-
cutoff evaluation. As in the main results, the average loss magnitude is reduced by 40.3% (from $700
to $418), yielding an 89% improvement in total PnL. These results reinforce the interpretation of the
LLM as a semantic risk manager that systematically suppresses large downside losses by deprioritizing
statistically fragile relationships.

Robustness across LLM model variants. We further repeat the entire semantic re-ranking using an
alternative model variant, GPT-5-mini, and observe the same loss-reduction behavior under otherwise
identical settings. Together with the deterministic inference setup (temperature= 0) and the single-
question prompt design used in our main experiments, this consistency suggests that the risk-management
effect is robust across model choices rather than an artifact of a specific LLM or stochastic sampling
variance.

Risk-adjusted performance across rolling windows. To verify that the improvement is not driven
by a few favorable windows, we report an annualized Sharpe ratio computed as the per-window mean
PnL divided by the per-window standard deviation, scaled by v/ N with N=16 active windows. The
hybrid approach attains a Sharpe of 1.92 versus 0.61 for the statistical baseline, a 3.1x improvement,
with comparable volatility ($1,630 vs. $1,675) but roughly 3 x higher mean window PnL ($781 vs. $256),
indicating that the advantage is risk-adjusted rather than concentrated in a few outlier periods.

A.5 Prompt Template for LLM-Based Semantic Filtering

We use a fixed prompt format across all candidate pairs to ensure consistent semantic scoring and to avoid
pair-specific tuning.



Analyze this prediction market event pair for causal relationship:

Leader: {Leader Event Title}
Follower: {Follower Event Title}

Assess:

1. Is there a real economic/causal mechanism (not just correlation)?
2. Strength: high/medium/low/none

3. Sign: positive (same direction) or negative (opposite)

Respond in JSON:

{
"has_mechanism": true/false,
"strength": "high/medium/low/none",
"sign": "positive/negative",
"reason": "brief explanation"

}

Be skeptical - many statistical correlations are spurious.

Figure 3: Prompt template used for LLM-based semantic filtering. Given a directed leader—follower event pair,
the model assesses whether a plausible economic transmission mechanism exists (beyond correlation), assigns a
strength level, and predicts the expected sign of co-movement, returning a structured JSON output.
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