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Abstract

AI systems in fully indeterminate domains�where ground truth is probabilistic and post-
hoc�present distinct reliability challenges. This third study in a three-study programme
analyses 2,730 data points across 142 sessions, six frontier models, and three protocols span-
ning �nancial markets, meteorology, sports, and cryptocurrency.

The central �nding is calibration inversion: Gemini achieves the best point-estimate accu-
racy (5.3% mean error, rank 1) yet the second-worst con�dence-interval calibration (29.7%,
rank 5; −60 pp below the 90% target)�a dissociation absent from all prior domains. A sec-
ond �nding is data-freshness failure: DeepSeek S&P 500 predictions are systematically stale
(12�13% error) and Perplexity predictions freeze across sessions�failures of information-
access architecture.

Cross-protocol Spearman rank correlation (ρ = 0.695) con�rms moderate ranking con-
sistency. Claude alone achieves top-tier performance across all protocols (composite 93.6%;
V1: 96.7%, V3: 100%, V4-CI: 84.2%). Four indeterminate-domain error types are identi�ed;
Type IV (calibration inversion) demands a calibration-veri�cation layer in GAAS.

Keywords: AI reliability · Indeterminate domains · Calibration inversion · Data freshness · Con-
�dence interval calibration · Probabilistic forecasting · Cross-protocol evaluation · Architectural
phase transition
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1 Introduction

1.1 The Indeterminate Domain Problem

Studies 1 and 2 of this three-part programme addressed reliability in formal determinate domains

(mathematical reasoning, algorithmic analysis, logical inference) and semi-determinate domains

(multi-domain scienti�c synthesis requiring expert knowledge but yielding objectively veri�able5

answers). In Study 1, an architectural phase transition was identi�ed at approximately 95%

single-agent accuracy: above this threshold, error structure shifts qualitatively from stochastic

to systematic, rendering compute scaling ine�ective and role-separated veri�cation architectures

(GAAS: Generator�Auditor�Adversary�Synthesizer) necessary for further reliability gains [1].

Study 2 extended the framework to semi-determinate domains, identifying self-audit calibration10

(Spearman ρs) as the critical Auditor-quality variable, and establishing that only Claude (ρs =

0.903) and Gemini (ρs = 0.703) quali�ed as GAAS Auditors (K.K. Pandit, V.K. Pandit &

A. Pandit, manuscript under review).

Study 3 confronts the hardest and most practically consequential class of problems: fully in-

determinate domains, where correct answers are not knowable in advance, ground truth emerges15

only after the fact, and the relevant performance criterion is probabilistic calibration�not bi-

nary correctness. Financial market forecasting, meteorological prediction, and real-world event

outcomes represent the canonical indeterminate domain: the best a model can do is provide an

appropriately calibrated probability distribution over possible outcomes.

This distinction from Studies 1 and 2 is not merely one of di�culty. It is structural. In formal20

domains, correctness is computationally veri�able; in semi-determinate domains, correctness

requires expert domain knowledge; in indeterminate domains, correctness is a property of the

probability estimate relative to an outcome that does not yet exist at prediction time. This third

structural tier demands a fundamentally di�erent evaluation criterion�con�dence interval (CI)

calibration�and reveals failure modes invisible to formal and semi-determinate evaluation.25

1.2 The Calibration Inversion Hypothesis

The central empirical hypothesis of Study 3, derived from the theoretical framework of Studies 1

and 2, is that indeterminate domain reliability cannot be characterised by accuracy alone. A

model that correctly predicts the point value of an outcome but assigns a 1% con�dence interval

to a 90% CI prediction is not reliable�it is overcon�dent. Conversely, a model that assigns an30
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appropriately wide 90% CI captures the actual outcome 90% of the time regardless of whether

its point estimate is precisely correct.

We hypothesise a calibration inversion phenomenon: models that rank highly on point-

estimate accuracy may rank poorly on CI calibration, and vice versa. This hypothesis is moti-

vated by the asymmetry between training objectives and deployment requirements. Language35

models are trained to produce likely outputs�to maximise the probability of the next token�

not to produce calibrated probability distributions over future events. This training objective

creates systematic overcon�dence: models that have seen many accurate �nancial forecasts in

training may anchor on high-con�dence point estimates while underestimating tail uncertainty.

Extended Data Table 1 summarises the three-study programme. Study 3 completes the40

designed empirical scope: formal veri�ability (Study 1), expert-validated multi-domain synthesis

(Study 2), and real-world probabilistic calibration (Study 3).

1.3 Study Design and Position in the Three-Study Programme

Study 3 employs three sequentially escalating evaluation protocols. V1 (72 runs, February 21�

March 3, 2026) tests metric computation accuracy using a structured market-bias and entropy45

task: models simulate three internal predictors (mean reversion, trend continuation, counter-

factual) and compute �ve �nancial metrics�normalised Shannon entropy, entropy deviation,

entropy acceleration, con�dence-weighted forecast dispersion, and regime consistency score�

under a strict self-audit protocol, generating 17 scored data �elds per session (1,224 data points

across 6 models × 12 sessions). V3 (34 runs, February 26�March 3, 2026) applies the same task50

with formula upgrades (4-decimal precision, second-derivative acceleration, four-regime classi�-

cation including VOLATILE, stricter counterfactual compliance) and adds a mandatory live-data

fetch requirement, generating 21 scored data �elds per session (714 data points across 34 runs).

A second-generation protocol (V2) was developed between V1 and V3 but was subsequently

withdrawn prior to any evaluation sessions following identi�cation of a structural prompt de�-55

ciency that would have rendered results incomparable with V1; all sessions proceeded under the

corrected V3 protocol.

V4 (36 runs, February 26�March 3, 2026) departs from self-computed metrics entirely and

requires each model to predict seven heterogeneous real-world variables for the following day

with explicit 90% con�dence intervals, scored against actual post-hoc outcomes, generating 2260

data points per session (792 data points across 6 models × 6 sessions).
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The three protocols form a coherent escalation: V1 tests formula �delity and self-audit

discipline; V3 adds data-freshness requirements and protocol compliance; V4 tests real-world

probabilistic calibration across maximally diverse variable types. Together they provide a multi-

dimensional reliability pro�le unavailable from any single protocol (Extended Data Table 2).65

Collectively, the 142 evaluation sessions yield 2,730 individual scored data points�the majority

in fully indeterminate space where ground truth does not exist at prediction time.

Model selection, evaluation hardware, and ecological validity commitments are identical to

Studies 1 and 2: all 142 evaluation sessions were conducted via standard iOS consumer applica-

tions on an iPhone 14 Pro Max (2022), ensuring results re�ect the experience of the 2.8 billion70

daily active AI users (Statista Global Consumer Survey, March 2025; https://www.statista.

com) rather than API-optimised research conditions.

2 Results

2.1 V1 Protocol: Metric Accuracy and Formula Reliability

V1 grand mean accuracy was 66.0% across 72 evaluations (6 models × 12 sessions × 5 metrics75

scored per session), spanning 20.0% (Perplexity) to 96.7% (Claude). This baseline is 27 percent-

age points below the Study 1 formal-domain baseline (93.0%) and 13 percentage points below

the Study 2 semi-determinate baseline (79.2%), consistent with the regime-staircase prediction:

indeterminate tasks are structurally harder than both preceding domain types.

The performance distribution reveals a pronounced two-cluster structure (Table 1). A high-80

reliability cluster (Claude: 96.7%, Grok: 95.0%) achieves near-ceiling performance with primarily

stochastic residual errors. A mid-range cluster (Gemini: 75.8%, ChatGPT: 50.8%, DeepSeek:

54.2%) exhibits systematic formula-speci�c failures. Perplexity (20.0%) constitutes an outlier:

its entropy normalisation error (using raw Shannon H rather than H/ ln(3)) causes complete

failure on entropy and deviation metrics across all 12 sessions, dragging overall accuracy to85

20.0% despite adequate performance on regime consistency (58.3%).

The dominant failure mode across the mid-range cluster is formula speci�city. V1 entropy

computation requires exactly three steps: count biases, compute H = −
∑

pb · ln(pb), divide

by ln(3). DeepSeek employs a non-standard con�dence-weighted variant (substituting predic-

tor con�dences for equal probability weights), producing values of approximately 0.636 (the90

unnormalised Hraw without the ÷ ln(3) step) rather than the canonical 0.000/0.579/1.000 val-
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ues, yielding 58.3% entropy accuracy despite correct mathematical reasoning within its chosen

variant.

Table 1: V1 metric accuracy matrix. Percentage of runs scoring MATCH or NEAR ×0.5. Colour
coding: green ≥ 90%; amber 60�89%; red < 60%. n = 12 sessions per model. Entropy (ENT), dispersion
(DISP), acceleration (ACCEL).

Model Ent.% Dev.% Disp.% Regime% Accel.% Overall% Weakest

Claude 100 100 91.7 100 91.7 96.7 DISP
Grok 100 100 91.7 100 83.3 95.0 ACCEL
Gemini 100 100 4.2 83.3 91.7 75.8 DISP
ChatGPT 66.7 66.7 37.5 75.0 8.3 50.8 ACCEL
DeepSeek 58.3 58.3 45.8 100 8.3 54.2 ACCEL
Perplexity 0 0 0 58.3 41.7 20.0 ENT

NEAR = partial credit (0.5). Acceleration computed as �rst derivative (∆D). ACCEL accuracy requires
cross-session memory; models without session persistence expected to score null. Partial credit (×0.5) applied
within ±0.005 for entropy/deviation, ±10 for dispersion, or directionally correct for acceleration.

2.2 V3 Protocol: Formula Fidelity Under Protocol Escalation

V3 grand mean accuracy was 79.2% across 34 evaluations, identical to the Study 2 semi-95

determinate baseline and substantially above the V1 mean (66.0%), demonstrating that explicit

formula warnings and compliance rules embedded in the V3 prompt improved cross-model per-

formance meaningfully (grand mean +13.8 pp). However, this aggregate improvement masks

a decisive model-level bifurcation: four models improved substantially (Claude +3.3 pp, Chat-

GPT +29.2 pp, Gemini +20.8 pp, Perplexity +36.7 pp) while one regressed (DeepSeek −9.2 pp),100

creating a wider performance spread than V1.

Claude achieved 100% accuracy across all V3 metrics and compliance checks�the only model

in the three-study programme to achieve a perfect score on any full protocol. This con�rms

Claude as the reference model: not only does it sustain V1 near-ceiling performance, it closes

the remaining 3.3% gap under protocol escalation. Gemini's large V1→V3 gain (+20.8 pp)105

is attributable to a single correctable error: in V1, Gemini computed dispersion as variance

(missing the square root), achieving only 4.2% dispersion accuracy. The V3 explicit warning

partially corrected this (83.3% dispersion accuracy V3).

DeepSeek's V3 regression (−9.2 pp) is the most consequential �nding of the V3 analysis.

Despite an explicit V3 prompt warning��Do not substitute con�dence values for equal-weight110

Shannon probabilities��DeepSeek persisted with its custom entropy variant in 5 of 6 sessions,

reducing entropy accuracy from 58.3% to 16.7%. This pattern�maintaining a trained formula

variant in the face of explicit contrary instruction�represents a systematic prompt-override
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failure.

2.3 V4 Protocol: The Calibration Inversion115

V4 CI calibration results reveal the central �nding of Study 3: the calibration inversion (Fig. 1).

Across 6 models × 6 sessions × 7 variables (252 maximum predictions, reduced to 212 after

excluding market-closed days), overall CI hit rates span 29.0% (Perplexity) to 84.2% (Claude),

with grand mean 55.8%�substantially below the theoretical 90% target (Table 2). No model

achieves the 90% target; the closest is Claude at 84.2% (−6 pp), and the worst three models120

(Gemini: 29.7%, DeepSeek: 31.4%, Perplexity: 29.0%) underperform the target by approxi-

mately 60 percentage points.

Claude and ChatGPT achieve CI hit rates of 84% and 83% respectively with CI widths clas-

si�ed as APPROPRIATE (0.7�2× expected market volatility). Grok (77%, APPROPRIATE)

provides a third data point con�rming that appropriate CI width�not narrow overcon�dent125

intervals�is the mechanism of calibration. Per-variable hit rate patterns are shown in Extended

Data Fig. 1.

The calibration inversion is stark in the Gemini case. Gemini achieves the highest point-

estimate accuracy in V4 (mean PE = 5.3%, rank 1�better even than Claude's 6.1%), yet simul-

taneously achieves the second-lowest CI calibration overall (29.7%, rank 5). The mechanism is130

CI overcon�dence: Gemini's average 90% CI for S&P 500 is 98 points wide (Claude: 356 points;

expected for 90% CI: ∼500 points). Gemini knows where the market will be�but dramatically

underestimates how uncertain that knowledge should be. This dissociation between point accu-

racy and uncertainty calibration is a known failure mode in modern neural networks [2] and is

structurally distinct from any failure mode observed in Studies 1 or 2.135

Table 2: V4 CI hit-rate matrix by model and variable. A 90% CI should yield ∼90% hit rate for
a calibrated model. Colour coding: green ≥ 80%; amber 50�79%; red < 50%. All percentages rounded
to the nearest integer. n = 6 sessions per model per variable (excluding market-closed dates).

Model S&P Nifty Mumbai Tokyo T20 BTC Gold CI% vs 90%

Claude 100 60 83 100 67 100 67 84% −6 pp
ChatGPT 100 25 83 67 100 100 100 83% −7 pp
Grok 100 33 83 83 75 100 50 77% −13 pp
Gemini 4 0 17 100 25 17 0 30% −60 pp
DeepSeek 25 0 50 67 0 33 17 31% −59 pp
Perplexity 50 0 33 50 � 33 0 29% −61 pp

Scoreable runs exclude market-closed dates (S&P/Nifty: 28 Feb, 1 Mar; Nifty only: 3 Mar) and no-match T20
dates (2 Mar, 3 Mar). Perplexity T20 CI = not applicable (probability format only; no numeric CI provided).
DeepSeek Gold: 4 runs scored as wrong due to gram-unit error (approximately $2,875�$2,892 vs. actual
∼$5,073�$5,279/oz). Perplexity Gold run 5: same unit error, scored as wrong.
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Figure 1: The calibration inversion. a, V4 point-estimate accuracy (x-axis, lower is better) vs. 90%
CI hit rate (y-axis). Gemini achieves best PE accuracy (5.3%, rank 1) but second-worst CI calibration
(29.7%, rank 5)�a dissociation absent from all prior studies. The shaded region marks the calibration
inversion zone (high PE accuracy, low CI calibration). b, CI width as a percentage of expected market
volatility per variable. Gemini and DeepSeek CIs are 5�15× too narrow (red bars), mechanistically
explaining their low calibration rates. Green band indicates the calibrated range (70�200% of expected
volatility). No error bars are shown as each data point represents a model-level mean across n = 6
sessions per model.

2.4 Data-Freshness as a Structural Failure Mode

The V4 results reveal data-freshness failures invisible to V1 and V3 evaluation (Fig. 2). Financial

time-series forecasting represents a domain in which large language models exhibit systematic

knowledge-cuto� limitations [3]. In 3 of 4 scoreable sessions, DeepSeek predicted S&P 500

values in the range 6,015�6,068, while the actual market traded at 6,840�6,901�an error of140

approximately 12�13%, far exceeding the good-accuracy threshold (1.5%). The stale data appears

consistent with late-2025 training data (the S&P 500 was approximately 5,900�6,100 in the

October�December 2025 period).

Perplexity exhibits a di�erent freshness failure: frozen predictions across sessions. S&P 500

prediction in run 4 is 7,357; runs 5 and 6 are identical (7,447). This step-function frozen pattern�145

the same value repeated across multiple sessions despite daily market movement�indicates that

Perplexity's retrieval-augmented generation architecture is not updating market data across ses-

sions.

These data-freshness failures are architecturally signi�cant: they are not failures of reasoning

or formula application but failures of information-access architecture. A model can be highly150

capable at computation and still fail at indeterminate prediction if it cannot reliably access
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current real-world data.

Figure 2: Data-freshness failures and V1→V3 protocol escalation. a, S&P 500 predictions vs.
actuals across 4 open trading days. DeepSeek predictions are systematically stale (consistent with ∼late-
2025 training data; 12�13% error in 3 of 4 sessions shown as open red circles). Perplexity produces frozen,
repeated predictions across sessions (open blue squares). Actual market values (�lled black diamonds)
are connected by a solid black line. Green band = ±280-point expected range around actuals. n = 1
prediction per session per model; no error bars. b, V1→V3 accuracy changes (percentage points) per
model. Four models improve; DeepSeek uniquely regresses (−9.2 pp) despite an explicit entropy correction
in the V3 prompt.

2.5 Cross-Protocol Consistency and the Multi-Protocol Leaderboard

Cross-protocol Spearman rank correlation analysis reveals moderate-to-strong consistency in

model reliability rankings across the three protocols (Table 3). The strongest correlation is155

V1 vs. V3 (ρrank = 0.886), consistent with the structural similarity of the two metric-accuracy

protocols. V1 vs. V4-CI (ρrank = 0.714) is moderate-strong, and V3 vs. V4-CI (ρrank = 0.486) is

moderate. The mean Spearman ρrank across all three cross-protocol comparisons is 0.695.

Claude is the only model achieving top-tier performance across all three protocols: V1 96.7%

(rank 1), V3 100% (rank 1), V4-CI 84.2% (rank 1), yielding the highest composite score (93.6%)160

and a rank standard deviation of 0.00. Gemini's striking V3-excellent/V4-poor pro�le (96.7% vs.

29.7%) generates the highest rank standard deviation (1.53) and largest composite score range

(66.9 pp)�the signature of the calibration inversion (Extended Data Fig. 2).

2.6 Error Taxonomy for Indeterminate Domains

Study 3 yields a four-type error taxonomy for indeterminate domain failures (Table 4; Extended165

Data Fig. 3), extending prior structural analyses of multi-agent LLM failure modes [4]. Types I�
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Table 3: Multi-protocol leaderboard. Composite score = (V1 acc + V3 acc + V4-CI hit rate) / 3.
Cross-protocol Spearman ρrank: V1 vs. V3 = 0.886; V1 vs. V4-CI = 0.714; V3 vs. V4-CI = 0.486; mean
= 0.695.

Rank Model V1 acc.% V3 acc.% V4 CI% V4 PE% Composite Rank s.d. Grade

1 Claude 96.7 100.0 84.2 6.1 93.6% 0.00 A+ (gold)
2 Grok 95.0 96.7 77.1 7.5 89.6% 0.58 A
3 ChatGPT 50.8 80.0 83.3 7.7 71.4% 1.53 A−
4 Gemini 75.8 96.7 29.7 5.3 67.4% 1.53 B†
5 DeepSeek 54.2 45.0 31.4 14.2 43.5% 1.00 D
6 Perplexity 20.0 56.7 29.0 13.3 35.2% 0.58 C

†Gemini grade re�ects calibration inversion: best V4 PE accuracy (5.3%) but worst CI calibration (30%). Rank
s.d. computed across three protocol ranks. V4 PE% = mean absolute percentage error across all V4 scoreable
predictions; lower is better.

III are observable in V1 and V3 metric accuracy protocols; Type IV emerges exclusively in the

V4 real-world CI calibration protocol and is the most consequential �nding of this investigation.

Type IV (Calibration Inversion) is qualitatively distinct from the systematic errors of Stud-

ies 1 and 2. In Study 1, systematic errors were attributable to constraint aggregation and170

minimality violations�failures of logical completeness. Type IV represents an overcon�dence

structural property: the model generates point estimates accurately but assigns probability

masses that are too concentrated, failing to acknowledge the irreducible uncertainty inherent

in real-world prediction. This failure mode is not correctable by the Adversary role alone�the

Adversary can challenge the point estimate, but challenging con�dence interval width requires a175

fundamentally di�erent veri�cation operation.

Table 4: Error taxonomy for indeterminate domains. Four error types identi�ed across V1, V3,
and V4 protocols. Type IV is the novel indeterminate-domain failure mode; it is absent from Studies 1
and 2 and emerges exclusively in V4.

Type Error class Mechanism Primary model GAAS remedy

I Formula/computational
error

Incorrect metric formula ap-
plication; non-standard en-
tropy variant

DeepSeek, Per-
plexity (V1/V3)

Auditor formula veri�ca-
tion

II Data-freshness fail-
ure

Stale training data; frozen
retrieval cache

DeepSeek, Per-
plexity (V4)

Data-freshness Adversary

III Session-memory
failure

Cross-session state loss; in-
correct session numbering

ChatGPT, Per-
plexity (V1/V3)

Stateful session manage-
ment

IV Calibration inver-
sion

High point-estimate accu-
racy + severely narrow CI;
systematic overcon�dence

Gemini, DeepSeek
(V4)

Calibration-veri�cation
Auditor

3 Discussion

Across the three studies, a coherent multi-dimensional reliability pro�le emerges for each model

(Extended Data Fig. 4). Claude demonstrates consistent top-tier performance across all three
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domain types (formal 100%, semi-determinate 91.7%, indeterminate composite 93.6%), repre-180

senting the only model with no identi�ed systematic failure mode in any protocol across any

domain. Grok demonstrates stability second only to Claude (formal 95.6%, indeterminate com-

posite 89.6%). ChatGPT's reliability is memory-dependent: excellent when tasks are stateless,

degraded when cross-session tracking is required.

Gemini presents the most theoretically signi�cant pro�le: exceptional formula compliance185

(V3: 96.7%) and best-in-study point-prediction accuracy (V4 PE: 5.3%), combined with struc-

tural CI overcon�dence (V4-CI: 29.7%). This dissociation suggests that Gemini's training has

optimised for point-prediction accuracy without simultaneously learning appropriately calibrated

uncertainty representation [2]. Self-knowledge calibration failures in large language models are

independently documented: expressed model con�dence systematically fails to track empirical190

accuracy across diverse tasks [5], and pre-trained transformer architectures exhibit characteris-

tic overcon�dence that is not automatically resolved by scaling or �ne-tuning [6]. DeepSeek's

persistent entropy formula variant�maintained despite explicit corrections across both V1 and

V3�represents a training-induced formula prior that overrides prompt-level instruction; the

instruction-following limitations of RLHF-tuned models have been extensively documented [7].195

The calibration inversion identi�ed in Study 3 has direct implications for high-stakes deploy-

ment. In clinical decision support, legal reasoning, and �nancial risk management, what matters

is not merely the point prediction but the con�dence interval�the acknowledged range of plau-

sible outcomes [8�11]. Frontier large language models have recently been shown to approach

human-level performance in structured forecasting tasks when provided with appropriate scaf-200

folding [12], making appropriately calibrated uncertainty quanti�cation�not just point-estimate

accuracy�the critical deployment bottleneck. A clinical AI that correctly identi�es the most

likely diagnosis but provides a 1% CI when the true uncertainty is 40% is more dangerous than

a slightly less accurate model with appropriately wide uncertainty bounds.

The speci�c mechanism of Gemini's calibration failure�systematically narrow CIs (aver-205

age S&P CI width 98 pts vs. expected 500 pts)�is the indeterminate-domain analogue of the

constraint aggregation failure identi�ed in Study 1. This type of systematic overcon�dence is

well-documented in human probabilistic reasoning [13�16] and appears to manifest structurally

in LLM uncertainty quanti�cation. The Saturation Paradox extension from Study 1 is relevant

here: just as diversity bene�t peaked at the highest single-agent baseline in formal domains,210

calibration failure peaks in the most formula-accurate model in indeterminate domains (Gem-
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ini). High formal accuracy and high probabilistic calibration are not the same construct, and

optimisation for one may structurally impede the other.

The data-freshness failures of DeepSeek and Perplexity in V4 establish information-access

architecture as an independent reliability dimension, distinct from reasoning capability, for-215

mula �delity, and uncertainty calibration. Training data contamination and knowledge-cuto�

drift have been documented as systematic sources of error in closed-source large language mod-

els [17]. Retrieval-augmented generation architectures partially address data-freshness require-

ments through runtime document access [18], though empirical evidence demonstrates that LLM

behavioural consistency degrades measurably across model versions even without explicit archi-220

tectural changes [19]. The practical mechanism for GAAS would be a Data-Freshness Adversary:

a component that independently queries current market data, weather APIs, or other live data

sources and challenges the Generator's inputs before allowing synthesis. This architectural addi-

tion addresses Type II failures without requiring changes to the Generator or Auditor models. It

is compatible with both same-model (S3-style) and diverse-model (S4-style) GAAS deployments.225

Study 3 completes the planned three-study reliability framework. Study 1 [1] established that

reliability in formal domains is an architectural problem: above ∼95% accuracy, error struc-

ture shifts from stochastic to systematic, and only role-separated veri�cation (GAAS) breaks

the ceiling. Study 2 (K.K.P., V.K.P. & A.P., under review) established that reliability in

semi-determinate domains adds a calibration-�rst principle: Auditor role suitability depends230

on measurable self-audit calibration (ρs ≥ 0.70 threshold). Study 3 establishes that reliability

in indeterminate domains adds two further constraints: (1) a calibration-veri�cation layer�an

Auditor that explicitly tests CI width against expected volatility benchmarks�and (2) a data-

freshness layer�a Data-Freshness Adversary that independently veri�es input recency. These

architectural principles are consistent with established results on the diversity advantage of het-235

erogeneous ensembles [20�23] and the empirical wisdom-of-crowds literature [24]. Deep ensemble

methods further demonstrate that predictive uncertainty quanti�cation improves systematically

with architectural diversity rather than model scaling alone [25].

Together, the three studies yield a uni�ed GAAS architecture speci�cation for real-world

deployment: the Generator produces the primary answer and con�dence bounds; the Auditor240

checks formula �delity, logical consistency, and CI width calibration (requiring ρs ≥ 0.70 mea-

sured in the target domain); the Adversary independently veri�es data recency and generates

counter-hypotheses; the Synthesizer integrates all signals into a �nal answer with calibrated un-
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certainty. This architecture is grounded in established principles of ensemble reasoning [26�28],

chain-of-thought decomposition [29], and role-separated veri�cation [1].245

Limitations. Current limitations include: (1) per-protocol per-model session counts (n = 12 for

V1, n ≈ 6 for V3) are modest for individual-model inference, though these are embedded within

the cumulative 2,730-point cross-protocol dataset spanning three structurally distinct protocols;

the V4 protocol alone represents 252 prediction events across 6 models × 6 sessions × 7 variables

(reduced to 212 after excluding market-closed dates), providing 212 independent calibration data250

points for the CI analysis; (2) T20 top-scorer name accuracy was 0% universally�partly re�ecting

intrinsic aleatoric uncertainty in individual match outcomes; (3) the V1→V3 improvement may

partially re�ect prompt learning rather than genuine capability improvement. The consumer-

grade evaluation protocol�standard iOS applications under default settings�was a deliberate

methodological choice, not a limitation: with 2.8 billion daily active AI users interacting through255

identical interfaces, ecological validity demands that reliability be characterised under precisely

these conditions. Laboratory controls such as version pinning, temperature parameter access, and

API-level token measurement are unavailable to the overwhelming majority of real-world users

and would constitute an unrepresentative idealisation. Additionally, fundamental constraints on

LLM symbolic reasoning and systematic planning capacity [30] represent a further boundary on260

generalisability.

4 Conclusion

This investigation evaluated AI reliability in fully indeterminate domains through 2,730 individ-

ual data points analysed across 142 controlled evaluation sessions, six frontier models, and three

protocols spanning �nancial market forecasting, meteorology, sports, and cryptocurrency�the265

majority in indeterminate space where ground truth does not exist at prediction time. Four

central �ndings emerge.

First, a calibration inversion in indeterminate domains: Gemini achieves the highest point-

estimate accuracy (5.3% V4 PE, rank 1) while simultaneously achieving the second-lowest CI

calibration (29.7%, rank 5), a dissociation structurally absent from formal and semi-determinate270

domains and representing a new failure mode not predictable from earlier studies.

Second, data-freshness failures as an architectural constraint: DeepSeek S&P 500 predictions

are systematically stale (12�13% error, 3 of 4 scoreable sessions) and Perplexity predictions
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are frozen across sessions�failures attributable to information-access architecture rather than

reasoning incapacity.275

Third, cross-protocol Spearman rank consistency (mean ρrank = 0.695) con�rms that model

reliability rankings are moderately consistent across fundamentally di�erent task structures,

validating the three-study cumulative approach.

Fourth, Claude is the only model achieving top-tier performance across all three domain

types and all three protocols (composite 93.6%), con�rming its role as the multi-domain reliability280

standard.

The practical implication for the GAAS architectural framework is the addition of two new

components for indeterminate domain deployment: a Calibration-Veri�cation Auditor that ex-

plicitly tests CI width against expected market volatility benchmarks, and a Data-Freshness

Adversary that independently veri�es input recency. Together with the phase transition and285

self-audit calibration �ndings of Studies 1 and 2, these three studies yield a complete archi-

tectural speci�cation for high-reliability AI deployment across the full spectrum of problem

determinacy�from formally veri�able reasoning to real-world probabilistic prediction.
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5 Methods

5.1 Protocol V1: Market bias and entropy metrics

The V1 protocol (�Phase Transition Reliability Engine � Protocol v1.0�) presented each model

with �xed baseline market data (S&P 500 price, ATR20) and required simulation of three distinct

internal predictors: Predictor A (mean reversion), Predictor B (trend continuation), and a Coun-330

terfactual model (maximally divergent bias). Each predictor required a BIAS (Bullish/Bearish/Neutral),

a numeric midpoint forecast, and a con�dence level (0�1). Models then computed �ve de-

rived metrics: (1) normalised Shannon entropy [31] (H = −
∑

pi · ln(pi), normalised by ln(3),

rounded to 3 decimal places); (2) entropy deviation (D = 1 −Hnorm); (3) entropy acceleration

(Dcurrent−Dprior, or null if no prior session available); (4) con�dence-weighted forecast dispersion335

(weighted standard deviation of midpoints); and (5) regime consistency score (integer −3 to +3,

based on alignment between predictor biases and declared regime).

A three-layer self-audit checklist was embedded in the prompt. Twelve sessions were con-

ducted per model over 12 consecutive days (21 February�3 March 2026), yielding 72 evaluations.

The V1 prompt included an optional prev entropy deviation parameter for acceleration340

computation, creating a session-memory requirement. Models with no cross-session memory

(ChatGPT, DeepSeek, Perplexity) were expected to report null for acceleration, though some

incorrectly reported 0 or fabricated values.

5.2 Protocol V3: Enhanced formula compliance

A second-generation protocol (V2) was designed as an intermediate step between V1 and V3; it345

was withdrawn before any evaluation sessions were conducted after a structural de�ciency in the

prompt formulation was identi�ed that would have compromised cross-protocol comparability.

V3 (�Phase Transition Reliability Engine � Protocol v3.1�) is therefore the direct successor to

V1 and extended it with four key modi�cations: (1) entropy computation upgraded to 4 deci-

mal places; (2) entropy acceleration changed from a �rst derivative (∆D) to a second derivative350

(∆2D = Dcurrent − 2 · Dprior + Dprior,prior), requiring the two preceding session values and ren-

dering the �rst two sessions in any conversation as N/A by de�nition; (3) a fourth regime state

(VOLATILE: ATR20 > 120) added with revised scoring; (4) the Counterfactual predictor given

a strictly de�ned rule�the CF predictor must model the scenario where the current regime clas-

si�cation is wrong, and NEUTRAL is not a valid bias when regime is BULLISH or BEARISH.355
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Step 0 of the prompt required explicit live market data fetch (SPX price, ATR20, 50-day mov-

ing average, date) before any computation, with data freshness �eld �agging CURRENT,

STALE, or ESTIMATED. Six sessions per model were conducted (26 February�3 March 2026)

for a total of 34 evaluations (ChatGPT completed 4 sessions rather than 6 due to session window

constraints).360

ChatGPT's session-numbering behaviour under V3 was anomalous: after the �rst run, sub-

sequent sessions consistently reported session number = 1 rather than incrementing, making

second-derivative acceleration computation impossible (as it requires session numbers 3+). This

is documented as a structural session-memory failure rather than a formula error.

5.3 Protocol V4: Real-world probabilistic CI prediction365

The V4 protocol presented each model with seven independent real-world prediction tasks for

the following calendar day, with explicit instruction to provide a point estimate and 90% con-

�dence interval (CI) for each: (1) S&P 500 intraday high (USD); (2) Nifty 50 intraday low

(INR); (3) Mumbai highest temperature (◦C); (4) Tokyo lowest temperature (◦C); (5) highest

run scorer in the scheduled T20 World Cup match (player name and runs); (6) Bitcoin closing370

price (USD/BTC); (7) Gold lowest price (USD/oz). Models were instructed to use all available

internet data, were granted a 100,000-token budget, and were required to provide only point

estimates and CI bounds without explanatory text. Six sessions were conducted per model

(26 February�3 March 2026), yielding 36 evaluations.

Ground truth was established from post-hoc market data. Market-closed days (28 Febru-375

ary and 1 March for S&P 500 and Nifty; 3 March for Nifty) were excluded from CI scoring.

T20 scoring was restricted to match days with completed results (27 February [Jacks, 32 runs],

28 February [Farhan, 100 runs], 1 March [Samson, 97 runs], 4 March [Finn Allen, 100*]). Two

data quality �ags were applied: DeepSeek Gold predictions in runs 1, 3, 5, 6 used gram-not-

ounce units (approximately $2,875�$2,892 vs. actual ∼$5,073�$5,279/oz) and were scored as380

wrong; Perplexity Gold run 5 exhibited the same unit error.

5.4 Scoring protocols

V1/V3 metric accuracy. Each of the �ve metrics was scored as MATCH (full credit, 1.0),

NEAR (partial credit, 0.5; within ±0.005 for entropy/deviation, ±10 for dispersion, or direction-

ally correct for acceleration), or WRONG (0.0). Formula reference tables with exact computa-385
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tions for all canonical cases (all-di�erent entropy = 1.000; two-same = 0.579; all-same = 0.000)

were provided in the supplementary data and used as the scoring anchor. Overall V1/V3 accuracy

is the mean of per-metric scores across all sessions.

V4 CI calibration. For each prediction, the binary question is whether the actual outcome

fell within the stated 90% CI (score 1) or outside (score 0). CI hit rate = hits / scoreable390

predictions. A well-calibrated 90% CI should achieve approximately 90% hit rate over many

predictions. Point estimate accuracy is reported as absolute percentage error: |prediction −

actual|/actual × 100. Grading thresholds di�er by variable type (�nancial indices: Excellent

≤ 0.5%, Good ≤ 1.5%, Acceptable ≤ 3%; crypto/gold: Excellent ≤ 2%, Good ≤ 5%, Acceptable

≤ 10%; temperature: Excellent ≤ 1◦C, Good ≤ 2◦C; T20 runs: Excellent ≤ 15%, Good ≤ 30%).395

Inter-rater reliability. All V1/V3 metric classi�cations and V4 CI scoring decisions were

independently reviewed by the second evaluator (V.K. Pandit) without access to the lead author's

scores. Twelve items required consensus discussion (eight at V1 MATCH/NEAR boundaries; four

at V4 CI borderline cases involving rounding). Cohen's κ = 0.84 (95% CI: 0.77�0.91), classi�ed

as almost perfect agreement [32], con�rming reliable application of the scoring rubric across both400

metric accuracy and CI calibration dimensions.

5.5 Model selection and con�guration

Six frontier language models were evaluated, identical to Studies 1 and 2 (Extended Data Ta-

ble 3), ensuring direct cross-study comparability. All models were evaluated via consumer iOS

applications as available in February�March 2026, under default settings. Three paid-tier mod-405

els (Claude Sonnet 4.6 [33], ChatGPT GPT-5.2 [34], Grok 4/4.1) and three free-tier models

(DeepSeek V2.5 [35], Gemini 3 Flash/3.1 Pro [36], Perplexity v2.260206.1) were included.

5.6 Statistical framework

V1/V3 accuracy. Overall accuracy was computed as the mean of per-metric scores per model

across all sessions. Wilson score 95% CIs preferred over normal-approximation at proportions410

near 0 or 1 [37, 38]. Cross-protocol Spearman rank correlation (ρrank) computed for all three

cross-protocol pairs across the six models; ρrank = 1.0 indicates perfect rank-order consistency,

ρrank = 0 no consistency. Composite score = arithmetic mean of V1 accuracy, V3 accuracy, and

V4 CI hit rate.

V4 CI calibration. Expected hit rate for a true 90% CI is 90% [39, 40]. Deviations415

17



expressed as percentage-point di�erences from 90% (for example, Claude: 84% → −6 pp).

CI width analysis compares average CI width against expected market volatility benchmarks

(S&P 500: ±250 pts for 90% CI; Nifty: ±600 pts; BTC: ±$8,000; Gold: ±$300; temperature:

±4◦C). Models classi�ed as CI-appropriate (0.7�2× expected width), CI-narrow (0.3�0.7×), or

severely CI-narrow (< 0.3×).420

V3 protocol compliance. Six additional binary compliance metrics scored for V3 runs�CF

compliance (correct bias based on regime), session-number integrity (session number increments

correctly), and self-audit completion�reported separately from metric accuracy.
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