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Abstract

Large language models are approaching expert-
level performance on geopolitical forecasting
tasks, but a broad literature on LLM behavior
shows that model outputs can shift under minor
prompt perturbations. Whether matched geopolit-
ical forecasts are similarly unstable under benign
changes in elicitation remains underexplored. We
study that question in a closed-book setting us-
ing Claude, GPT-OSS, and Qwen models and
matched country-index forecasting tasks that hold
the country, index, and horizon fixed while vary-
ing question form. A closed-book ForecastBench
control confirms that the models are competent
forecasters. Yet on governance targets, binary
questions produce much larger US-sphere ver-
sus China-sphere gaps than matched numerical
forecasts of the same country—index pairs. A Hu-
man Freedom Index comparison shows a smaller
cross-bloc gap on matched economic sub-indices,
suggesting that the binary amplification is con-
centrated in politically evaluative concepts rather
than country forecasting in general. Trilingual re-
runs reveal additional but less uniform instability,
and mirrored improve/decline prompts do not sup-
port a simple yes-saying explanation. We there-
fore argue that evaluations of LLM geopolitical
forecasting should report robustness to elicitation
alongside resolved-event accuracy, especially for
politically evaluative targets.

1. Introduction

In geopolitical analysis, hindsight is cheap. Once an event
has occurred, almost any outcome can be made to look
predictable in retrospect. This is a familiar hindsight prob-
lem in judgment research (Fischhoff, 1975). Probabilistic
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Binary (English)

Will Germany's 2025 Freedom House score
exceed its 2024 value?

P(improve) = 0.882

Direct threshold forecast

Numerical (English)

What will Germany's Freedom House score
be in 20257

Forecast score = 93.00

Implied change: no improvement

Figure 1. Matched elicitation states. We hold country, index,
horizon, previous value, and model fixed, varying only whether the
forecast is elicited as a binary threshold probability or a numerical
point estimate. In the Qwen3 32B example shown, Germany’s
Freedom House score was 93 in 2024 and resolved to 95 in 2025.

forecasting is harder because probabilities must be assigned
before events resolve and then checked against what actually
happened.

In the Tetlock tradition, repeated forecasting tournaments
made political judgment empirically tractable by asking
many forecasters the same unresolved questions and com-
paring performance after resolution (Tetlock, 2005; Mellers
et al., 2014; Tetlock & Mellers, 2014; Mellers et al., 2015;
Tetlock & Gardner, 2015). They also made it possible to
test whether updating, training, and aggregation improved
judgment. That setup is especially useful in geopolitics,
where evidence is often noisy, reference classes are weak,
and feedback is slow (Mellers et al., 2024).

Recent work reports meaningful LLM forecasting perfor-
mance from models alone, human—-model teams, and tool-
supported systems (Halawi et al., 2024; Schoenegger et al.,
2024a;b; Ye et al., 2024). ForecastBench sharpened those
comparisons by introducing rolling test sets with explicit
cutoff logic to reduce contamination (Karger et al., 2024).
But those evaluations mainly ask whether a model can fore-
cast accurately at all. They say much less about whether
the same forecast remains stable under benign changes in
elicitation.
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This concern is especially salient for country-index fore-
casting. Unlike many event questions, which resolve on
discrete occurrences or settled facts, country-index targets
ask a model to predict year-over-year movements in com-
parative governance ratings. Work on global performance
indicators has emphasized that such indices do not merely
record reality but also frame issues, standardize compari-
son across countries, and can shape discourse and policy
(Merry, 2011; Kelley & Simmons, 2019). Annual indices
such as Freedom House, the Corruption Perceptions Index,
the World Press Freedom Index, and the Human Freedom
Index therefore offer a useful setting for studying elicitation
robustness on politically evaluative targets (Freedom House,
2025; Transparency International, 2025; Reporters Without
Borders, 2025; Cato Institute and Fraser Institute, 2024,
2025), since the same country—index—year target can be
posed either as a binary threshold question or as a numerical
point forecast.

In this paper, we evaluate matched country-index forecasts
in a closed-book setting, where the clearest result is a large
binary—numerical dissociation on governance targets. Bi-
nary questions produce substantially larger US-sphere ver-
sus China-sphere gaps than matched numerical forecasts of
the same country—index pairs, while cross-language reruns
reveal further instability, though less uniformly across mod-
els, and mirrored improve/decline prompts do not support a
simple yes-saying account. For politically evaluative targets,
then, forecast quality cannot be summarized by accuracy
and calibration alone, but also depends on whether a forecast
survives benign changes in elicitation. We therefore argue
that robustness to elicitation should be treated as a core
evaluation criterion for forecasting systems in politically
sensitive domains.

2. Related Work

Recent work on forecasting has focused on how well
humans and human—AlI systems predict resolved events.
The superforecasting literature established repeated, scored
geopolitical forecasting as a useful setting for studying judg-
ment under uncertainty (Tetlock, 2005; Mellers et al., 2014;
Tetlock & Mellers, 2014; Mellers et al., 2015; Tetlock &
Gardner, 2015). Recent LLM work extends that agenda
to resolved event benchmarks, retrieval-heavy forecasting
agents, and human—Al workflows (Zou et al., 2022; Halawi
etal., 2024; Karger et al., 2024; Ye et al., 2024; Schoenegger
et al., 2024a;b; Jeen et al., 2026; Yang et al., 2025). Re-
cent evidence also suggests that forecasting performance
of LLMs depends on what general topic is being forecast
and how the task is posed (Karkar & Chopra, 2025). We
examine a more target-controlled version of that question
by holding the country—index target fixed and varying only
elicitation.

This setup also connects to work on framing effects, prompt
sensitivity, and evaluation-format bias. Classical work in
judgment and decision-making showed that semantically
equivalent choices can elicit different judgments under dif-
ferent frames (Tversky & Kahneman, 1981). Recent LLM
work documents analogous sensitivity to wording, conver-
sational stance, and evaluation order (Perez et al., 2022;
Wei et al., 2023; Razavi et al., 2025; Zheng et al., 2024;
Wang et al., 2024; Shi et al., 2025). We bring that invariance
question into probabilistic forecasting rather than multiple-
choice selection or preference judging.

The multilingual and political-bias literature is equally rel-
evant. Prior studies show that multilingual models do not
always preserve evaluative judgments across languages
and may express political or cultural biases in language-
dependent ways (Qi et al., 2023; Naous et al., 2024; Bang
et al., 2024; Shin et al., 2024; Zhou & Zhang, 2024; Nie
et al., 2024). A separate line of work studies confidence,
uncertainty, and calibration (Kadavath et al., 2022; Kapoor
et al., 2024; Hager et al., 2025). Such biases can also extend
into the chain-of-thought of LL.Ms, which is not always a
faithful account of model reasoning (Turpin et al., 2023;
Madsen et al., 2024; Karvonen & Marks, 2025). Together
these literatures motivate our distinction between calibra-
tion error and forecast robustness. A model can be accept-
ably calibrated on average while still being unstable under
matched prompt variants.

3. Experimental Setup

Forecasting task. Each example fixes country, index, fore-
cast year, and prior value. We ask either a binary threshold
question, “Will the score in year ¢t + 1 exceed its year-t
value?”, or a numerical point estimate, “What will the score
in year t + 1 be?” Matched comparisons binarize numer-
ical forecasts by whether they exceed the prior value, so
only elicitation changes. We highlight that the two are not
probability-equivalent. The binary form is natively prob-
abilistic, while the numerical form yields a direction only
after thresholding, which discards the uncertainty around
the point estimate. The comparison is thus directional, ask-
ing whether the conditions agree on the direction of change
rather than on a shared probability. Still, we explore more
probability-equivalent formulations in Appendix H, where
recomputing the numerical side as the sample fraction above
the prior value preserves the divergence and supports the
same conclusion.

All evaluations are closed book, with no retrieval, web
search, or tools. Because model timing differs, the Fore-
castBench competence control uses timing-aware subsets
with slice-specific base-rate baselines (Appendix D). Unless
noted, we sample each question five times at temperature
0.7 and take the median over valid extractions, following
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self-consistency-style aggregation (Wang et al., 2023). Ap-
pendix F gives prompts and Appendix E defines metrics.

Data and models. Countries are grouped into US-sphere,
China-sphere, Russia-sphere, and non-aligned blocs from
public geopolitical-alignment data (Appendix C). Gover-
nance targets come from Freedom House’s Freedom in the
World, Transparency International’s Corruption Perceptions
Index, and RSF’s World Press Freedom Index; HFI pro-
vides matched governance and economic sub-indices for
the domain-specificity analysis. Most paired comparisons
focus on the US—China contrast, with Russia-sphere and
non-aligned countries retained for multilingual and ancil-
lary checks. The model pool is Claude Haiku 4.5 (An-
thropic, 2025), GPT-OSS 20B and 120B (OpenAl, 2025),
and Qwen3 32B (Qwen Team, 2025a). English framing,
ForecastBench, trilingual, and acquiescence analyses use
all four models; HFI uses the three-model subset in Ap-
pendix A. Appendices A—C list coverage, protocols, timing,
country membership, and sources.

Metrics. Our main directional estimand is the US-sphere
minus China-sphere forecast difference, the mean predicted
improvement for US-sphere countries minus the corre-
sponding China-sphere mean. Predicted improvement is
the binary probability of exceeding the current score, or
the implied direction after thresholding a numerical point
forecast. We measure resolved-event accuracy with Brier
score (Brier, 1950; Gneiting et al., 2007), and use support-
ing robustness/control quantities for matched variants, es-
pecially binary—numerical contradiction rate and the mir-
rored improve/decline diagnostic, AS = P(improve) +
P(decline) — 1.

4. Results

4.1. Binary framing amplifies US—China governance
gaps

For the same country—index—year target, the binary version
asks whether the next score will exceed the current one,
while the numerical version asks for the next score directly.
In both versions, the prompt provides the previous year’s
observed index value as the reference point. Figure 2 reports
the mean predicted improvement for US-sphere countries
minus the corresponding mean for China-sphere countries
on matched governance questions, with model-level values
in Appendix G. Positive values mean relatively more pre-
dicted improvement for the US sphere, and negative values
mean the reverse.

Under binary threshold prompting, the forecast difference
is positive in every model, from 0.131 for Claude Haiku
4.5 to 0.436 for Qwen3 32B. Under numerical prompting,
the same comparative pattern becomes much weaker, and

mmm Binary threshold  EEE Numerical implied direction

+0.228
Mean across models
-0.158

+0.131
Claude Haiku 4.5

—— +0.100
|

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
Mean predicted improvement: US sphere minus China sphere

GPT-OSS 20B

GPT-0SS 120B

Qwen3 32B

Figure 2. Binary and numerical questions yield different cross-
bloc governance forecasts. Bars show US—China mean predicted-
improvement differences on matched governance questions; error
bars are 95% Cls.

three of the four models reverse sign from US-favoring
to China-favoring. Averaged across the four models, the
forecast difference falls from 0.228 under binary prompting
to —0.158 under numerical prompting. The within-model
swing has bootstrap 95% confidence intervals that exclude
zero for Claude Haiku 4.5, GPT-OSS 20B, and Qwen3 32B;
GPT-OSS 120B moves in the same direction with a wider
interval. Asking for a threshold judgment rather than a
point estimate can therefore change which bloc is assigned
relatively more predicted improvement. Additional checks
point in the same direction, as score-swap prompts and
retrospective HFI variants preserve a substantial US-sphere
minus China-sphere gap (Appendix K), making it unlikely
that the dissociation is driven solely by visible score anchors
or unresolved-target timing.

4.2. Binary prompts recast forecasts as
reform-plausibility judgments

To understand why binary and numerical prompts behave
differently, we ran an analysis using LLM-as-judge of 284
usable English governance traces from Claude Haiku 4.5
and Qwen3 32B (Appendices F and K give the exact pro-
tocol). A separate judge model analyzed and labeled each
trace for (1) primary reasoning mode, (2) explicit reform
assessment, and (3) anchoring on the previous score. The
results allow us to differentiate counterfactual reasoning,
which asks whether improvement is plausibly achievable,
from statistical reasoning, which projects forward from the
previous score or recent trajectory. In binary mode, 48% of
traces were judged primarily counterfactual, compared with
7% in numerical mode, while strong anchoring remained
common in both framings. The contrast is even more appar-
ent on China- and Russia-sphere cases, where 72% of binary
traces were judged primarily counterfactual, compared with
18% of the corresponding numerical traces. As such, the
binary threshold appears to recast the forecast as a judgment
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® Governance HFI ® Economics HFT

Mean across models +0.082 @ @ +0.211

Claude Haiku 4.5 +0.062 @ @ +0.141

GPT-0SS 120B +0.063 @ @ +0.214

Qwen3 32B

0.00 0.05 0.10 0.15 0.20 0.25 0.30
US-sphere minus China-sphere forecast difference

+0.121 @ ® +0.277

Figure 3. The binary amplification is concentrated in gov-
ernance concepts. HFI binary gaps are larger for governance
sub-indices than for matched economics sub-indices.

about whether reform is plausible rather than a projection of
the next value, which admits evaluative priors about which
countries can credibly improve.

4.3. The amplification is concentrated in governance
targets

We next ask whether the binary gap is specific to politically
evaluative targets. The Human Freedom Index provides a
matched within-source comparison because its governance
and economics sub-indices share the same source family,
scale, and country inventory. Across the three-model HFI
subset, the mean US-versus-China forecast difference un-
der binary prompting is 0.211 for governance sub-indices
and 0.082 for matched economic sub-indices, with model-
level values in Appendix I. Figure 3 shows that the binary
effect is concentrated in politically evaluative governance
concepts such as expression, association, and rule of law.
The same models are much less separated on matched eco-
nomic concepts such as trade, sound money, and size of
government. We report this HFI domain comparison for
binary prompting only, as we did not observe this effect in
the numerical-framing slice.

We therefore do not read this difference as a generic country-
preference effect. Holding the HFI source family, countries,
and scale fixed, the gap is much larger for governance than
for economic sub-indices, which points to something more
specific where binary prompting is especially sensitive to
politically evaluative targets, rather than to country-index
forecasting in general.

4.4. Prompt language shifts the gap less uniformly

‘We next hold the governance target fixed and translate the
same matched binary governance questions into Chinese
and Russian, with localized prompt details in Appendix F.
Similar multilingual drift has been observed in prior work
on political and evaluative judgments in LLMs (Qi et al.,
2023; Naous et al., 2024; Zhou & Zhang, 2024). On this

governance-only rerun slice, Chinese usually narrows the
US-versus-China forecast gap, mainly by lowering predicted
improvement for US-sphere countries rather than by raising
it for China-sphere countries.

For Qwen3 32B, the gap falls from 0.436 in English to 0.211
in Chinese because the US-sphere mean drops by 0.240
while the China-sphere mean changes little. On the matched
binary Freedom House question asking whether Germany’s
2025 score will exceed its 2024 value of 93, Qwen3 32B
falls from 0.882 in English to 0.150 in Chinese. Claude
Haiku 4.5 moves in the same direction but more mildly.
GPT-0SS is mixed internally. GPT-OSS 20B is essentially
unchanged, whereas GPT-OSS 120B narrows the gap by
combining a modest US-sphere decline with a small China-
sphere increase. Appendix J reports the Chinese and Russian
within-bloc shifts. These shifts are less uniform than the
binary—numerical effect, but they reinforce the broader point
that forecast outputs depend on how the forecasting problem
is presented.

4.5. The gap is not explained by forecasting failure or
simple yes-saying

Before interpreting the country-index results as an elicita-
tion effect, we rule out two simpler explanations. First, on
timing-aware closed-book ForecastBench controls, three of
the four models beat their slice-specific base-rate baselines
(Appendix D), so the country-index instability cannot be dis-
missed as generic forecasting failure. Because model timing
differs, this is a within-slice competence check rather than
a cross-model ranking. Second, mirrored improve/decline
prompts do not support a simple yes-saying account. If
the binary gap reflected indiscriminate agreement, models
should assign high probability to both “improve” and “de-
cline” variants of the same threshold question; instead, mir-
rored scores are negative on average across the four-model
set (Appendix K).

5. Discussion and Conclusion

Matched elicitation changes can alter geopolitical forecasts
even when targets are fixed. On identical country—index—
year questions, binary and numerical prompts often yield
different cross-bloc conclusions, and the HFI comparison
localizes the strongest binary instability to politically eval-
uative governance targets rather than country forecasting
in general. Binary and numerical elicitation may therefore
not be surface forms of the same forecast. On governance
targets, numerical prompts favor incremental projection,
whereas binary prompts elicit a thresholded judgment about
whether reform is plausible. Our trace analysis is consistent
with that account, but the evidence is suggestive as chain-
of-thought might not be always a faithful record of how the
answer was produced (Turpin et al., 2023; Madsen et al.,
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2024).

Several limitations qualify the claim. The country-index tar-
gets are politically evaluative benchmarks; we do not treat
the indices as neutral ground truth, but hold the indexed tar-
get fixed and study how forecasts move when presentation
changes. The binary—numerical comparison is directional
rather than probability-equivalent, because binary probabili-
ties are compared with implied directions from numerical
point estimates. Appendix H recomputes the numerical side
as the fraction of valid numerical samples above the previous
score, and the mean binary-minus-numerical swing remains
positive at 0.328. Mechanism evidence is also indirect, rely-
ing on English traces from a model subset and an external
judge model rather than full-scale human annotation.

Holding a forecasting target fixed is therefore insufficient
to guarantee stability. Accuracy and calibration remain
necessary, but for politically sensitive forecasting they are
incomplete without robustness checks across binary, numer-
ical, and translated variants. As a proof of concept for future
work, we trained a small Qwen3-4B model to align binary
outputs with probabilities implied by its own numerical fore-
casts (Appendix L). While this does not fully resolve the
inconsistency, we believe similar consistency interventions
may reduce binary—numerical inconsistency across larger
models and domains.
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A. Experiment Coverage and Shared Protocol

Table 1 records the model coverage for the experiments
used in this study. The full model set is Claude Haiku
4.5, GPT-0SS 20B, GPT-OSS 120B, and Qwen3 32B. The
shared default is five samples at temperature 0.7, median
aggregation over valid extractions, and no retrieval, web
search, or external tools.

Shared inference setup. Unless an experiment defines
extra conversational turns, each model receives a single
rendered user prompt and no custom system prompt. Proba-
bility extraction first looks for an explicit terminal tag such
as PROBABILITY: X.XX;if no such tag is found, the ex-
tractor falls back to percentages and then to a bare decimal
near the end of the output. Numerical extraction similarly
prefers ESTIMATE: X.XX. If every sampled output fails
extraction, binary questions default to 0.5 and numerical
questions to 0.0.

We also audited extraction failures after aggregation. The
reported analysis subsets contain no all-fail numerical ex-
tractions. In the broader rerun archive, all-fail numerical
fallbacks are rare, affecting 7 of 12,357 numerical rows, or
0.057%, and occur outside the headline analyses.

Protocol exceptions. The acquiescence experiment uses
three samples per question. The consistency-training pilot
uses deterministic decoding at temperature 0.0 for evalua-
tion. For non-English country-index prompts, the localized
resolution statement is embedded in the translated question
text and the renderer leaves resolution_info empty
rather than appending an English resolution line.

B. Model and Target Timing

Closed-book evaluation here means that the inference call
receives no retrieval, web search, or external tool output.
Tables 3 and 4 report public model timing and source-release
timing for interpreting the country-index comparisons.

C. Country-Index Construction

Main governance examples are built from a 2024 observed
value and a 2025 target value. HFI examples are built from
adjacent HFI editions, using a 2022 observed value and
a 2023 target value. The binary version asks whether the
target value improves on the previous value; the numerical
version asks directly for the target value. The English binary
question template at the question-text level is shown below.

Will {country}’s {index} in 2025 be

above its 2024 value of {value}?
{scale statement}

The matched numerical question follows.

What will {country}’s {index} be in
2025? {scale statement}

For all matched analyses, the country, index, target year,
previous value, scale direction, and model are fixed across
the binary and numerical variants.

The country blocs are analytic groupings constructed from
publicly available alignment evidence rather than model-
inferred clusters. We use UN General Assembly voting and
ideal-point evidence as the primary source signal (Bailey
et al., 2017), including work that measures recent geoeco-
nomic alignment from those ideal points (Aiyar et al., 2024),
bloc-politics analyses of cases where the United States and
China—Russia disagree (Nurullayev & Papa, 2023), and the
public vote record for UNGA Resolution ES-11/3 on sus-
pending Russia from the Human Rights Council (United Na-
tions General Assembly, 2022). We separate China sphere
and Russia sphere because preliminary analyses found dis-
tinct baseline scores and response patterns for these coun-
tries, so pooling them would obscure the main US-versus-
China contrast.

The main analyses exclude EPI, Polyarchy, and Liberal
Democracy because data checks identified contamination
or measurement issues. Chinese and Russian question texts
were translated from the matched English question set; na-
tive speakers reviewed spot-check samples for fluency and
semantic fidelity.

D. ForecastBench Control

The closed-book control is derived from ForecastBench
(Karger et al., 2024). We keep only resolved binary ques-
tions, remove dbnomics, yfinance, and fred items
because they are effectively time-series lookups, remove
entries with non-string IDs, and keep the earliest resolution
timestamp when duplicate question texts appear. To reduce
contamination from model timing, we use two snapshots
and apply an explicit time filter. For models with a public
cutoff, questions must resolve after the relevant cutoff. For
Qwen3 32B, whose public sources do not report a training
cutoff, we use the April 2025 public release as an upper-
bound proxy and keep only questions resolving after release.
Only 18 questions overlap between snapshots, so we com-
pare each model to its slice-specific base-rate baseline rather
than making paired cross-slice model comparisons.

Dataset A contains 60 ACLED questions, 59 Polymarket
questions, 54 Wikipedia questions, 32 Manifold questions,
19 Metaculus questions, and 13 Infer questions. Dataset B
contains 63 ACLED questions, 62 Polymarket questions, 53
Wikipedia questions, 18 Manifold questions, 8 Metaculus
questions, and 4 Infer questions. The Qwen3 32B release-
filtered subset contains 71 of the Dataset B questions, with
resolutions from 2025-05-04 to 2026-01-01, a yes rate of
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Table 1. Experiment coverage and protocol details.

Analysis Coverage Models Samples  Notes
Closed-book control Full model set Claude Haiku 4.5, GPT-OSS 20B, GPT-OSS 5 ForecastBench split by
120B, Qwen3 32B model timing
Governance framing com- Full model set Claude Haiku 4.5, GPT-OSS 20B, GPT-OSS 5 English matched bi-
parison 120B, Qwen3 32B nary/numerical rerun
Sample-fraction robustness Full model set Claude Haiku 4.5, GPT-OSS 20B, GPT-OSS 5 Recomputes numerical
120B, Qwen3 32B implied improvement
from individual samples
HFI domain comparison ~ HFI subset Claude Haiku 4.5, GPT-OSS 120B, Qwen3 5 Matched gover-
32B nance/economics
comparison; GPT-OSS
20B not run

Trilingual governance re- Full model set
runs

Reasoning traces Trace subset

Acquiescence control Full model set

Claude Haiku 4.5, GPT-OSS 20B, GPT-OSS 5
120B, Qwen3 32B
Claude Haiku 4.5, Qwen3 32B 5

Claude Haiku 4.5, GPT-OSS 20B, GPT-OSS 3

120B, Qwen3 32B

Consistency-training pilot  Pilot

Qwen3-4B-Instruct

English, Chinese, and
Russian prompts
Blinded judge pass over
284 usable English gov-
ernance traces

Mirrored im-
prove/decline prompts

1 Separate  small-model
study at temperature 0.0

0.197, and a base-rate Brier of 0.158.

E. Metrics

Our main differential-treatment estimand is the US-sphere
minus China-sphere forecast difference

1 1
2 2
= jec

where U and C' denote the US-sphere and China-sphere
question sets. For binary questions, s; = p;, the fore-
cast probability that the 2025 value exceeds the 2024 refer-
ence value. For numerical questions, we convert the point

forecast ¢J; into an implied improve/decline call by setting
(2024)]

%

Ays_cN =

si=1[g; >y

As arobustness check, Appendix H also reports a sample-
level numerical variant. If a numerical question has valid

extracted samples ¥;1, .. ., Y;x, We set
| X
sampl N 2024
giample e Z g > y7( )]7
k=1

and then compute the same US-sphere minus China-sphere
difference. This preserves the directional interpretation
while avoiding a single median point estimate as the only
bridge between numerical and binary formats.

Unless a table states otherwise, target-level uncertainty inter-
vals resample country—indicator targets within model while
preserving the matched question construction. The mean
row in Figure 2 resamples models, since it summarizes
across model-level estimates. The HFI domain comparison

10

in Figure 3 reports aggregate model values without boot-
strap intervals. Table 2 gives the corresponding sample sizes
and valid-extraction counts.

For resolved binary event forecasting, the Brier score is

1 N
— E )2
BS - N .71(p’L 01) )

where p; is the predicted probability and o; € {0, 1} is the
resolved outcome. For matched binary—numerical compar-
isons, the contradiction rate is

M
1 N
CR = M E 1 [(pm Z 05) 7& (ym > yg024))]'
m=1

For the mirrored improve/decline diagnostic, we report

AS = P(improve) + P(decline) — 1.

F. Prompt Templates

No custom system prompt. The shared evaluation
pipeline does not prepend a custom system message. The
model receives the rendered user prompt below unless a
protocol explicitly adds extra turns.

Default binary prompt.

You are a forecaster estimating the
probability of future events.

Question: {question_text}
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Table 2. Sample sizes and uncertainty units for the reported analyses. Aggregate extraction means one valid aggregated prediction for the
model—question row.

Analysis Countries  Targets Rows Generations / valid extrac- CI unit
tions
Main governance framing 20 60 country—index targets, 480 model- 2,400 generations; 480/480 ag- Target bootstrap
each binary and numeri- question rows gregate extractions
cal
Sample-fraction robustness 20 60 country—index targets, 480 model- 2,400 generations; 2,391 valid Target bootstrap
each binary and numeri- question rows sample-level extractions
cal
HFI domain comparison 15 in the 90 US—China binary HFI 270 model- 1,350 generations; 270/270 ag- Aggregate
US—China targets question rows gregate extractions model values
contrast; 25
generated
overall
Mirrored improve/decline 158 553 country—indicator 2,212 model-pair 13,272 generations; 4,424 ag- Pair-level inter-
diagnostic mirror pairs TOWS gregate extractions forming vals
2,212 valid pairs
Reasoning traces 20 284 usable traces 284 judged traces One deterministic judge call Trace-level sum-
per trace maries

Table 3. Public model timing information used for cutoft- and release-aware controls.

Model Public release Reported cutoff Interpretation
Claude Haiku 4.5 October 2025 (An- February 2025 public- Some 2025 index releases occur close to or after
thropic, 2025) internet cutoff in the  this cutoff, so we report source timing explicitly.

system card (Anthropic,
2025; Amazon Web Ser-
vices, 2025a)

GPT-OSS 20B August 2025 (OpenAl, June 2024 (OpenAl, The 2025 country-index target values postdate
2025) 2025) the reported cutoff.

GPT-0OSS 120B August 2025 (OpenAl, June 2024 (OpenAl, Same timing as GPT-OSS 20B.
2025) 2025)

Qwen3 32B April 2025 (Qwen Team, Not publicly reported in ~ For ForecastBench, we use the public release as
2025b) the Qwen3 technical re- an upper-bound proxy and restrict to post-release

port or AWS Bedrock resolutions. For country-index targets, we report
model card (Qwen Team, source timing explicitly.

2025a; Amazon Web

Services, 2025b)

{resolution_info} You are a forecaster estimating
numerical values for future events.

Instructions:

- Think step by step about the key Question: {question_text}

factors that would influence this

outcome. {resolution_info}

— Consider base rates, historical

precedents, and current trends. Instructions:

- Provide your reasoning, then give - Think step by step about the key

a final probability estimate. factors that would influence this
value.

You MUST end your response with - Consider historical data, trends,

exactly this format: and current conditions.

PROBABILITY: X.XX - Provide your reasoning, then give

a final numerical estimate.
where X.XX is a number between 0.00
and 1.00 representing your estimated You MUST end your response with
probability. exactly this format:

ESTIMATE: X.XX

Default numerical prompt. where X.XX is your best numerical

11
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Table 4. Country-index target timing for retained source families.

Source family

Prompted transition

Public source timing

Use in this study

Freedom House Free-
dom in the World

Transparency Interna-

tional CPI

RSF World Press Free-
dom Index

Human Freedom Index

2024 value to 2025 value

2024 value to 2025 value

2024 value to 2025 value

2022 value to 2023 value

Freedom in the World 2025 was pub-
lic in February 2025 (Freedom House,
2025).

The CPI 2024 publication page is
dated February 2025 (Transparency
International, 2025).

The 2025 index page was public in
2025, with release materials dated
May 2025 (Reporters Without Bor-
ders, 2025).

The HFI comparison pairs the 2024
edition for 2022 values with the 2025
edition for 2023 values (Cato Insti-
tute and Fraser Institute, 2024; 2025).

Included in the main governance
framing, trilingual, and acquiescence
analyses.
Included in the main governance
framing, trilingual, and acquiescence
analyses.
Included in the main governance
framing, trilingual, and acquiescence
analyses.

Used as a retrospective domain-
specificity check comparing gover-
nance and economic sub-indices un-
der a shared source family.

Table 5. Analytic country groups used in the reported comparisons.

Bloc Countries

US sphere United States, United Kingdom, Canada, Australia, France, Germany, Japan, South Korea, New
Zealand, Netherlands

China sphere China, Iran, Vietnam, Laos, Cambodia

Russia sphere
Non-aligned

Russia, Belarus, Kazakhstan, Kyrgyzstan, Uzbekistan
India, Brazil, Turkey, Indonesia, South Africa, Mexico

estimate.

You are a superforecaster assessing
changes in global governance and
development indices.

ForecastBench binary prompt.

You are an expert superforecaster,
familiar with the work of Tetlock
The following question
is a binary forecasting question —-—
it resolves to either Yes

and others.

(0) .

Question:

{question_text}

Question: {question_text}

{resolution_info}
You MUST end your response with

exactly this format:
PROBABILITY: X.XX

(1) or No

where X.XX is a number between 0.00
and 1.00 representing your estimated

{resolution_info} probability.
Instructions:

1. Identify the key factors and Geopolitical numerical prompt.
considerations.

2. Consider base rates and

reference classes.

3. Think about what evidence would
update you in each direction.
4. Synthesize into a final

You are a superforecaster estimating
values for global governance and
development indices.

probability estimate.

IMPORTANT :

Question: {question_-text}

You MUST end your
response with exactly this line:

{resolution_info}

PROBABILITY: X.XX

where X.XX is a decimal between

0.00 and 1.00.

Geopolitical binary prompt.

You MUST end your response with
exactly this format:
ESTIMATE: X.XX

where X.XX 1s your best numerical
estimate.

12
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Table 6. Country-index families retained for the reported analyses.

Indicator Description

Scale / direction Role

Freedom House Freedom Score
(Freedom House, 2025)
Corruption Perceptions Index
(Transparency International,
2025)

RSF Press Freedom Index (Re-
porters Without Borders, 2025)
HFI Freedom of Expression and
Information (Cato Institute and
Fraser Institute, 2024; 2025)
HFI Freedom of Assembly and
Association (Cato Institute and
Fraser Institute, 2024; 2025)
HFI Rule of Law (Cato Institute
and Fraser Institute, 2024; 2025)
HFI Freedom to Trade Interna-
tionally (Cato Institute and Fraser
Institute, 2024; 2025)

HFI Sound Money (Cato Institute
and Fraser Institute, 2024; 2025)
HFI Size of Government (Cato
Institute and Fraser Institute,
2024; 2025)

and civil liberties.

ruption.

mation.

enforcement.

barriers.

ary erosion.

Composite annual measure of political rights
Annual measure of perceived public-sector cor-
Annual measure of journalism conditions, media

independence, and journalist safety.
Freedom to access, produce, and exchange infor-

Freedom to organize, associate, and assemble.

Legal predictability, due process, and impartial

Openness to cross-border exchange and trade

Monetary stability and protection from inflation-

Economic freedom with respect to taxation,
spending, and state ownership.

0-100; higher means
more freedom.
0-100; higher means
less corruption.

Main governance

Main governance

0-100; higher means
more press freedom.

Main governance

0-10; higher means HFI governance
more freedom.

0-10; higher means HFI governance
more freedom.

0-10; higher means HFI governance
stronger rule of law.

0-10; higher means HFI economics

more openness.

0-10; higher means HFI economics

more monetary stability.

0-10; higher means HFI economics
smaller government
footprint.

Table 7. Closed-book ForecastBench control. Lower Brier is better.

Model Timing filter n  Brier
Claude Haiku 4.5 cutoff 208 0.115
Qwen3 32B release proxy 71  0.156
GPT-OSS 20B cutoff 237 0.137
GPT-OSS 120B cutoff 237  0.172
Localized prompt files. The trilingual reruns
use localized versions of the geopolitical tem-
plates, named binary_geopolitical_zh.txt,
binary.-geopolitical_ru.txt,
numerical _geopolitical_zh.txt, and
numerical_geopolitical_ru.txt. The ques-

tion slot is {question_text}. The required terminal
tags are localized equivalents of PROBABILITY: X.XX
or ESTIMATE: X.XX; the extractor accepts the English
tags and the localized Chinese and Russian tags used in
those prompt files.

Acquiescence mirror question texts.

Positive: Will {country}’s {index}
score improve from its 2024 value of
{value} in the 2025 edition? {scale
statement}

Negative: Will {country}’s {index}
score decline from its 2024 value of
{value} in the 2025 edition? {scale
statement}
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Both mirror questions use the geopolitical binary prompt
wrapper above.

Reasoning-mode judge prompt. The trace analysis uses
Claude Haiku 4.5 as a blinded judge at temperature 0.0. The
judge sees the question context and reasoning trace, but not
the source-model label, and returns only JSON.

Classify this governance forecasting
reasoning trace on THREE dimensions
about the REASONING APPROACH used:

1. reasoningmode: one of
counterfactual, statistical,
narrative, comparative.

2. reform.assessment: one
of yes_.unlikely, yes_possible,
not_assessed.

3. anchoringbehavior: one
of strong.anchor, weak-anchor,
no_anchor.

Respond ONLY with JSON:
{"reasoningmode": "...",

"reform_assessment": "oou",
"anchoring.behavior": "..."}

G. Framing Values

H. Sample-Fraction Robustness

The main binary—numerical comparison thresholds the me-
dian numerical point estimate against the previous score.
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Table 8. ForecastBench control slices used in the closed-book evaluation.

Property Dataset A Dataset B

Snapshot date 2024-07-21 2025-03-02

Questions 237 208

Resolution window 2024-07-25 to 2026-01-01 2025-03-09 to 2026-01-01
Yes rate 0.186 0.173

Base-rate baseline 0.151 0.143

Main models

GPT-OSS 20B, GPT-OSS 120B

Claude Haiku 4.5, Qwen3 32B

Table 9. Matched US-sphere minus China-sphere governance forecast differences on English country-index questions. Positive values
mean higher predicted improvement for US-sphere countries. Brackets give 95% bootstrap CIs over country—index targets.

Model Binary Numerical
Claude Haiku 4.5 0.131 [0.071, 0.190] —0.200 [—0.439, 0.045]
GPT-OSS 20B 0.166 [0.094, 0.237] —0.233 [—0.458, 0.000]
GPT-OSS 120B 0.177 [0.116, 0.236] 0.100 [—0.155, 0.337]
Qwen3 32B 0.436 [0.357,0.515] —0.300 [—0.533, —0.054]

Because this is a directional comparison rather than a
probability-equivalent measurement, we also recompute the
English governance comparison using the fraction of valid
numerical samples that exceed the previous score. This
leaves the binary side unchanged and replaces each nu-
merical point-estimate direction with an empirical sample
fraction. Thus the binary column repeats Table 9; only the
numerical aggregation changes. The qualitative result is
preserved: averaged across models, the unchanged binary
gap is 0.228, the sample-fraction numerical gap is —0.076,
and the binary-minus-numerical swing is 0.303.

Table 10. Sample-fraction robustness check on matched English
governance questions. Positive values mean higher predicted im-
provement for US-sphere countries.

Model Binary Num. fraction Swing

Claude Haiku 4.5  0.131 —0.040 0.171

GPT-0SS 20B 0.166 —0.077 0.243

GPT-0OSS 120B 0.177 —0.007 0.183

Qwen3 32B 0.436 —0.180 0.616

Mean 0.228 —0.076 0.303
I. HFI Domain Results

Table 11 reports the model-level values underlying Figure 3.
Values are US-sphere minus China-sphere mean predicted
improvement under binary prompting. Governance averages
the HFI expression, assembly, and rule-of-law sub-indices;
economics averages trade, sound money, and size of govern-
ment. The figure-generation code computes these values by
filtering the English HFI rows to binary prompts, averaging
predicted improvement by bloc and domain, and subtracting
the China-sphere mean from the US-sphere mean.
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Table 11. Model-level HFI binary domain values used in Figure 3.
Positive values mean higher predicted improvement for US-sphere
countries.

Model Governance Economics
Claude Haiku 4.5 0.141 0.062
GPT-0SS 120B 0.214 0.063
Qwen3 32B 0.277 0.121
Mean 0.211 0.082

J. Language Decomposition

Table 12 reports the Chinese and Russian within-bloc shifts
behind the trilingual governance rerun. Values are mean
changes relative to English on matched binary governance
questions.

Table 12. Within-bloc mean shifts relative to English.

Chinese Russian
Model US China US China
Claude Haiku 4.5 —0.106 —0.065 —0.096 —0.071
GPT-OSS 20B 0.007 0.004 0.018 0.008
GPT-OSS 120B —0.041 0.046 0.003 0.029
Qwen3 32B —0.240 —0.015 0.027 0.010

K. Mechanism and Acquiescence Checks

Anonymous score-swap controls retain country names while
manipulating score anchors. The US-sphere minus China-
sphere gap remains 0.260 when all countries are assigned
a score of 50 and 0.290 when democratic and authoritarian
score profiles are reversed. Retrospective HFI questions
about already resolved 2018-2019 changes preserve a direc-
tional gap of about 0.240 even though the ground-truth gap
is —0.100.
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The reasoning-trace judge pass uses 284 usable English
governance traces from Claude Haiku 4.5 and Qwen3 32B.
Binary traces are judged counterfactual more often than
numerical traces (48% versus 7%). On China- and Russia-
sphere cases, binary traces almost always assess whether
reform is possible (98% versus 71% for numerical traces),
while strong anchoring remains common in both framings.

For the acquiescence control, every country—indicator pair
has an improve question and a decline question. Because
no change is also possible, AS is not a full complementarity
score; large positive values would indicate high probability
assigned to both directional claims.

L. Consistency-Training Pilot

The pilot intervention uses stock-price forecasting as an
out-of-domain calibration task. The core idea is to train
a model’s binary outputs to match probabilities implied
by its own numerical forecasts, then evaluate whether that
calibration transfers to geopolitical country-index questions
that the model never sees during training.

Training data. The stock universe consists of the top 300
S&P 500 constituents by January 2025 market capitaliza-
tion together with the CSI 300 constituents. Questions are
resolved with Yahoo Finance close prices across six fore-
casting horizons of 7, 30, 90, 180, 270, and 330 trading
days. For each stock—horizon pair, the base model is sam-
pled 20 times at temperature 1.0 on the numerical prompt
below. The fraction of valid numerical samples in which
the predicted price exceeds the January 1 reference price
defines the implied binary target ¢num. All stocks with
at least five valid numerical samples are included without
class balancing, yielding 3,344 training examples with mean
Gnum = 0.349 and standard deviation 0.189.

Fine-tuning. Fine-tuning uses Qwen3-4B-Instruct with
LoRA rank 16, a constant learning rate of 10~*, batch size
16, one epoch, 209 gradient steps, and maximum sequence
length 2,048. The target response is a short answer ending
in PROBABILITY: X.XX, where X.XX is the rounded
Gnum- Prompt tokens receive zero weight; only response
tokens are trained. The full pipeline costs under $7 on
Tinker (Lab, 2025).

Evaluation. The trained model is evaluated deterministi-
cally on 628 country-index questions, with 314 binary and
314 numerical questions drawn from the main geopolitical
experiments. These cover both governance and economic
sub-indices. The model never sees governance or country-
index data during training.

Stock numerical teacher prompt.
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You are an expert superforecaster,
familiar with the work of Tetlock
and others. The following question
is a numerical forecasting question.

Question: What will {ticker}’s
({name}) market close price be on
{resolution.date}?

Company information:

- Ticker: {ticker}

- Name: {name}

- Sector: {sector}

- Industry: {industry}
- Market: {market.desc}
- Current Price (Jan 1,
${freeze_value}

- Resolution Date: {resolution.date}
— Trading Days Until Resolution:
“{days_ahead}

— Company Background:

2025) :

{background}

Instructions:

1. Identify the key factors and
considerations.

2. Consider base rates and
reference classes.

3. Think about what evidence would
update you in each direction.

4. Synthesize into a final price
estimate.

IMPORTANT: You MUST end your
response with exactly this line:
ESTIMATE: $X.XX

where X.XX is your best estimate of
the closing price.

Stock binary training prompt.

You are an expert superforecaster,
familiar with the work of Tetlock
and others. The following question
is a binary forecasting question —-—
it resolves to either Yes (1) or No
(0) .

Question: Will {ticker}’s
({name}) market close price on
{resolution._date} be higher than
${freeze_value}?

Company information:

- Ticker: {ticker}

- Name: {name}

- Sector: {sector}

- Industry: {industry}
- Market: {market.desc}
- Current Price (Jan 1,
${freeze_value}

- Resolution Date: {resolution_date}
- Trading Days Until Resolution:
“{days_ahead}

- Company Background:

2025) :

{background}
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Table 13. Overall improve/decline diagnostic scores. Positive values would indicate high probability assigned to both directional claims.
Mean-AS intervals use the pair-level variance over 553 mirror pairs per model.

Model Pairs Mean AS [95% CI] |AS|

GPT-0SS 20B 553  —0.189[-0.206, —0.173] 0.219
GPT-OSS 120B 553  —0.207[-0.221, —0.193]  0.230
Claude Haiku 4.5 553  —0.213[-0.225, —0.201] 0.216
Qwen3 32B 553  —0.262[—-0.283, —0.241]  0.295

Table 14. Consistency-training pilot results on out-of-domain
country-index questions.

Metric Base Calibrated
Binary spread (US—CN) —0.106 —0.030
Gov. binary spread (US—CN) —0.138 —0.033
Econ. binary spread (US—CN) —0.075 —0.036
Numerical spread (US—CN) —0.290 —0.075
Contradiction rate 44.3% 22.0%
Binary Brier score 0.295 0.311

Instructions:

1. Identify the key factors and

considerations.

2. Consider base rates and

reference classes.

3. Think about what evidence would

update you in each direction.

4. Synthesize into a final

probability estimate.

IMPORTANT: You MUST end your
response with exactly this line:
PROBABILITY: X.XX

where X.XX is a decimal between 0.00
and 1.00.
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