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Abstract

Large language models can select a fluent falsehood even when their answer score appears decisive, so forced-answer accuracy
alone does not determine when an answer should be trusted. This study introduces CASA-Truth, a calibration-aware selective-
answering layer that separates candidate selection from confidence estimation and uses the calibrated probability of correctness
to answer or abstain. The evaluation used all 817 Truthful QA questions, 38 categories, and 4,187 MC1-style candidate answers.
A question-level five-fold protocol assigned three folds to scorer training, one fold to calibration and threshold selection, and
one fold to testing, preventing answer candidates from the same question from crossing data partitions. The fold-tuned candidate
scorer attained 72.22% accuracy. Relative to raw softmax confidence, CASA-Truth reduced the Brier Score from 0.2007 to
0.1433, reduced expected calibration error from 0.1826 to 0.0312, and reduced area under the risk-coverage curve from 0.1176
t0 0.0954. At 70.01% coverage, selective accuracy reached 85.49%; at 50.06% coverage, it reached 93.40%. The system retained
60.47% coverage while sustaining at least 90% empirical accuracy. Paired bootstrap analysis placed the Brier reduction at 0.0574
with a 95% interval of [0.0427, 0.0711]. These findings show that calibrated abstention converts a fixed truthfulness scorer into
a controllable answer policy with substantially better reliability and selective risk.

Keywords: Large Language Models; Hallucination; Truthfulqa; Calibration; Selective Prediction; Abstention; Uncertainty
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A. INTRODUCTION

Large language models deliver fluent question answering at
scale, but fluency is not truthfulness. Few-shot scaling can
reproduce training-data misconceptions [1], and instruction
tuning improves helpfulness without guaranteeing factual
validity [2]. Hybrid cloud-edge designs reduce deployment
cost [3], not epistemic error. Truthful QA targets this gap with
questions whose familiar answer may be false [4]. Reliable
deployment therefore requires both an answer and an estimate
that it is correct.

Calibration gives confidence an empirical meaning:
predictions reported at 0.80 should be correct about 80% of the
time. The Brier Score measures probabilistic error [5], and its
decomposition separates reliability, resolution, and uncertainty
[6]. Neural networks often need post-hoc correction [7].
Human-uncertainty distillation uses judgment distributions as
calibration supervision [8], while late fusion inserts calibrated
confidence into sensor decisions [9]. Platt and isotonic
mappings [10], [11], [12], Bayesian binning [13], and beta
calibration [14] provide complementary score-to-probability
transformations.

In high-cost applications, confidence directly affects action.
Medical classifiers [15], [16], autonomous-driving perception
systems [17], [18], and financial-risk models [19], [20] all
convert scores into consequential decisions. This motivates
treating confidence as a decision variable rather than a display
value.

Selective prediction adds an answer-or-abstain decision.
Coverage is the fraction answered; selective risk is error
among accepted cases. Deep selective classification
formalized this tradeoff [21], ambiguity-aware log analysis
paired evidence retrieval with refusal [22], and SelectiveNet
learned rejection jointly [23]. Foundational work established
noise-free selection [24] and optimal error-rejection tradeoffs
[25]; risk-aware bidding applies analogous constraints to
budgeted actions [26]. For factual QA, confidence must rank
truths above falsehoods and thresholds must be selected
without test leakage.

Maximum softmax probability is a practical error signal [27],
while Bayesian dropout [28], deep ensembles [29], and shift
studies [30] address broader uncertainty. AIOps analysis [31]
and DriftGuard [32] connect uncertainty or drift to diagnosis
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and rollback; VM residual fusion separates degradation from
shared load [33]. Spectral-estimator analysis provides a
theoretical uncertainty-quantification perspective [34]. In
NLP, pretrained transformers require explicit calibration [35],
[36].

Language models can verbalize uncertainty [37], self-evaluate
answers [38], aggregate meaning-equivalent generations [39],
or use sampling consistency [40]. Retrieval adds external
evidence through financial-disclosure RAG [41], code
retrieval-summary integration [42], long-document clause
analysis [43], OpenStack prototype retrieval [44], and CI log-
to-patch diagnosis [45]. These methods improve evidence but
do not calibrate the final answer decision by themselves.

Other pipelines also embed predictions in decisions:
recommendation and marketing [46], [47], VIX forecasting
and budgeting [48], [49], mobility dispatch [50], DDoS
mitigation [51], and IoT anomaly detection [52]. Bilingual CS
education further shows that evidence communication depends
on user context [53]. CASA-Truth therefore separates
confidence estimation from the downstream threshold.

This study focuses on that post-generation decision problem.
CASA-Truth receives a question and candidate answers,
scores their truthfulness, converts the score pattern and
answer-level signals into a calibrated probability of
correctness, and applies an abstention rule. The controlled
evaluation uses the best answer and each annotated false
answer in TruthfulQA as the candidate set. This design
removes generation randomness and isolates three questions:
which candidate-scoring features improve truthfulness
selection, which calibration method produces the most faithful
confidence, and how much accuracy can be gained by reducing
coverage.

The experimental protocol makes four contributions. First, it
evaluates all questions under a question-level five-fold design,
so no candidate answer from a test question appears in training
or calibration. Second, it compares answer-only word features,
answer  word-plus-character features, question-answer
features, a hybrid scorer, and a fold-tuned ensemble. Third, it
compares raw softmax confidence with temperature, Platt,
isotonic, beta, and feature-aware calibration using Brier Score,
negative log-likelihood, ECE, adaptive ECE, and risk-
coverage metrics. Fourth, it selects answer-or-abstain
thresholds under explicit deferral costs and reports paired
bootstrap intervals for the main improvements.

Candidate accuracy, calibration, and selective utility are
distinct. The first asks whether the best answer was selected,;
the second whether confidence matches observed correctness;
the third whether confidence improves accuracy as coverage
falls. Spectral rank aggregation likewise separates ordering
quality from estimator uncertainty [54]. The experiments
report all three because improvement in one need not imply
improvement in another.

[OmOm

B. METHOD

Dataset and candidate construction. The Truthful QA release
contains 817 English questions distributed across 38
categories, including misconceptions, law, health, sociology,
conspiracies, indexical errors, and common confusions [4].
Each record contains a best answer, a set of accepted correct
answers, and a set of incorrect answers designed to reflect
common falsehoods. The primary experiment follows an
MCl-style decision task: the candidate set for each question
contains the best answer and every annotated incorrect answer.
This construction yields 4,187 candidate answers, with a mean
of 5.125 candidates per question and a range from 2 to 13.
Candidate order was shuffled with seed 42 separately for every
question, eliminating any position convention.

The positive label equals one only for the best answer. The
scorer receives each question-answer pair independently and
returns a real-valued truthfulness score. The selected answer is
the candidate with the largest score. Let s(q,a_j) denote the
score for candidate j of question q. The forced-answer
prediction is a* = argmax_j s(q,a j). A prediction is correct
when a* is the best answer. Raw confidence is obtained by
applying a within-question softmax to the candidate scores.

Table I
Truthfulga Data Used In The Experimental Evaluation.
Statistic [Value
Questions 817
Categories 38
Adversarial questions 437
Non-adversarial questions 380
Primary MC1 candidates 4187
Mean candidates per question [5.125

Median candidates per question | 5.0
Minimum/maximum candidates | 2/13
Mean annotated correct answers [3.475
IMean annotated incorrect answers|4.125
Missing source values 2

Truthfulness
scorers B

Fold-tuned
ensemble —_—

CASA-Truth
calibrator —_—

Answer or
abstain

Question and
candidate set | —

213 word | char calibration » cost-aware
options QA | hybrid fold weight Plcorrect) threshold

Scorer training, confidence calibration, threshold selection, and final testing use disjoint question sets in every outer fold.

Fig. 1. CASA-Truth candidate scoring, calibration, and
answer-or-abstain pipeline.

Candidate scorers. The answer-word scorer uses TF-IDF word
unigrams and bigrams from the candidate answer. The answer-
word-character scorer adds character n-grams, which capture
morphology, negation fragments, and lexical patterns that
remain useful when word overlap is sparse. The question-
answer scorer applies word and character TF-IDF to the
concatenated text 'Question: q Answer: a'. The hybrid scorer
combines answer-only and question-answer representations
with twelve standardized numeric features. TF-IDF follows the
standard term-weighting principles described by Salton and
Buckley [55]. All word vectorizers used min_df=2, sublinear
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term frequency, and at most 30,000 features, except the
question-answer word vectorizer, which wused 40,000.
Character vectorizers used char wb 3-5 grams, min_df=2, and
30,000 features.

The numeric features were log question length, log answer
length, answer-to-question length ratio, token-set Jaccard
overlap, rates of negation, hedging, and absolute terms, counts
of semicolons, question marks, and commas, an indicator for
explicit uncertainty phrases, and log candidate count. Each
scorer used L2-regularized logistic regression with C=1.0,
balanced class weights, the liblinear solver, and a maximum of
500 iterations. The implementation used scikit-learn [56].

Fold-tuned score ensemble. The strongest question-answer
scorer and the hybrid scorer make different errors: the former
emphasizes pair semantics, while the latter uses answer form
and structural signals. For each outer fold, the ensemble score
was w s_QA + (1-w) s_H. The weight w was selected on the
calibration questions from the grid {0.000, 0.125, 0.250, 0.375,
0.500, 0.625, 0.750, 0.875, 1.000}. Selection maximized
calibration-set MC1 accuracy; ties were broken by lower Brier
Score and then lower negative log-likelihood. The chosen
weight was applied unchanged to the outer test questions.

Question-level evaluation split. A stratified five-fold split
preserved the adversarial versus non-adversarial proportion.
For outer fold f, fold f served as test data, fold (f+1) mod 5
served as calibration data, and the remaining three folds trained
the candidate scorers. Consequently, approximately 60% of
questions trained the scorer, 20% fitted calibration maps and
thresholds, and 20% remained untouched for testing. Every
question appeared exactly once in an outer test fold and once
in a calibration fold. All candidate answers belonging to a
question remained together, which prevented question-level
leakage. The random seed was 42.

Table Ii
Fixed experimental protocol and hyperparameters.
Component Setting
Random seed 42

QOuter evaluation
Per-fold allocation
Stratification variable]

5 question-level stratified folds
3 train / 1 calibration / 1 test folds
Adversarial vs non-adversarial type

Word features TF-IDF unigrams and bigrams; min_df=2
Character features char wb TF-IDF, 3-5 grams; min_df=2
Classifier L2 logistic regression, C=1.0, balanced classes

Calibration binning
Ensemble weights
Bootstrap
Primary metrics

10 equal-width and 10 equal-mass bins
9-point grid from 0.000 to 1.000
2,000 paired question-level resamples
IMC1 accuracy, ECE, Brier, NLL, AURC, E-AUR(|

[OmOm

TruthfulQA category distribution (15 largest categories)

Misconceptions
Law

Sociology
Health
Economics
Fiction

Paranormal

Category

Conspiracies
Stereotypes

History

Confusion: People
Superstitions

Myths and Fairytales
Indexical Error: Other

Language

0 20 40 60 80 100
Questions.

Fig. 2. Distribution of the fifteen largest Truthful QA
categories.

Candidate-set size in the MC1-style evaluation
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Fig. 3. Number of candidate answers per question in the
primary evaluation.

Calibration baselines. Temperature scaling fitted one positive
temperature T by minimizing multiclass negative log-
likelihood on calibration questions [7]. It transformed each
candidate score to s/T and preserved the selected answer. Platt
scaling fitted logistic regression to the log-odds of the raw top-
answer probability [12]. Isotonic regression fitted a
nondecreasing piecewise-constant mapping, following the use
of isotonic calibration in probabilistic classification [10], [11].
Beta calibration fitted logistic regression to log(p) and log(1-
p), providing a richer parametric family than a single sigmoid
[14]. Each fitted map was applied only to the corresponding
outer test fold.

CASA-Truth calibration. The proposed calibrator predicts
whether the selected answer is correct. Its inputs are raw top
probability, second probability, probability margin, score
margin, normalized entropy, top score, score standard
deviation, candidate count, question length, answer length,
length ratio, question-answer overlap, negation rate, hedge
rate, absolute-term rate, an explicit-uncertainty indicator, and
the adversarial-type indicator. Count features were log
transformed. A StandardScaler and logistic regression with
C=0.5 were fitted on each calibration fold. The model returned
the confidence used for reliability evaluation and selective
ordering. Three ablations progressively added structural,
lexical, and type features to the score-only set.
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Calibration metrics. For a binary correctness label y i and
reported confidence p_i, the Brier Score was the mean squared
error N*-1 sum i (p_i-y i)"2 [5]. Negative log-likelihood used
the Bernoulli log loss. Expected calibration error divided [0,1]
into ten equal-width bins and computed the sample-weighted
absolute gap between mean confidence and empirical accuracy
[7], [13]. Adaptive ECE repeated the calculation with ten
equal-mass bins, and maximum calibration error reported the
largest equal-width gap. The mean confidence was also
compared directly with forced-answer accuracy to identify
global underconfidence or overconfidence.

Brier = (I/N) 2 (p: - y))?

ECE = X3 (ng/N) |accuracy(Bp) - confidence(Bg)|
Selective metrics. Questions were sorted from highest to
lowest confidence. At coverage c, the first ceiling(cN)
questions were accepted, and selective accuracy was the
fraction correct among them. Selective risk equals one minus
selective accuracy. The area under the risk-coverage curve,
AURC, averaged cumulative risk across all attainable
coverages; E-AURC subtracted the risk obtained by an oracle
ordering that places every correct answer before every error.
This formulation follows the risk-coverage view of selective
prediction [21], [23], [24]. Correctness AUROC measured the
ranking of correct versus incorrect selections independently of
a particular coverage.

Cost-sensitive abstention. For an accepted wrong answer, the
decision cost was 1. For an abstention, the cost lambda took
values 0.05, 0.10, 0.20, 0.30, 0.40, and 0.50. Each fold selected
the confidence threshold that minimized (wrong accepted +
lambda times abstained)/N on its calibration questions. The
threshold was then evaluated on the outer test fold. This rule is
the finite-sample counterpart of reject-option decision theory
[25]. Reporting several lambda values avoids treating one
operational cost as universal.

Statistical analysis. Exact paired McNemar tests compared
selection errors. Accuracy, Brier, and AURC used 2,000 paired
question-level bootstrap resamples [57], keeping each
question's candidates and confidence variants together.
Category intervals were omitted where counts were too small.
This separation of logged data, selection, and held-out
evaluation parallels counterfactual ranking, where naive replay
is policy-biased [58].

Implementation and artifacts. The experiment used Python,
NumPy, pandas, SciPy, scikit-learn, and Matplotlib. Every
table in the results section is derived from saved question-level
or candidate-level predictions. The fixed seed controls answer
shuffling, fold assignment, model fitting, and bootstrap
sampling. The complete execution writes the transformed
candidate table, fold predictions, reliability bins, metric tables,
figures, software versions, and a cryptographic hash of the
Truthful QA data file.

Results and Discussion

[OmOm

Table Tii
Candidate truthfulness scorer performance on held-out
questions.
Mean . Correctness
Scorer [Accuracy| confidence PTieTECEAURC AUROC
Fold-tuned 72.22% | 0.540  0.201)0.183/0.118 0.781
ensemble
Hybrid [71.11% | 0.637 0.1710.0850.123 0.788
+
QA word 70.50% | 0.489  [0.217/0.217/0.124 0.786
character
Answer
word + | 70.13% | 0.558  {0.1940.145|0.132 0.776
character
Answer 69.77% |  0.508  [0.215/0.190| 0.144 0.765
word
Note: Accuracy is MCl-style best-answer selection.

Confidence metrics use each scorer's raw within-question
softmax.

Candidate selection. The fold-tuned ensemble selected the best
answer on 72.22% of the 817 held-out questions. It exceeded
the answer-word scorer by 2.45 percentage points, the answer
word-plus-character scorer by 2.08 points, the question-answer
scorer by 1.71 points, and the hybrid scorer by 1.10 points. The
gain over the question-answer scorer was supported by the
exact paired test (22 ensemble-only correct cases versus 8
baseline-only correct cases, p=0.016). The comparison with
the hybrid scorer did not reach significance (25 versus 16,
p=0.211), which is consistent with the modest absolute
difference.

The fixed hybrid scorer produced the lowest raw Brier Score
among individual scorers, but its accuracy was lower than the
fold-tuned ensemble. This divergence illustrates why
candidate selection and calibration must be evaluated
separately. The ensemble weight varied from 0.500 to 0.875
across folds, indicating that both semantic pair features and
hybrid structural features contributed. A single global weight
would have ignored that fold-level variation.

Table Iv
Outer-fold diagnostics for selection and calibration.

IFoldQA-score weight/TemperatureTest accuracyRaw BrierfCASA Brier|
1 0.750 0.459 72.56% 0.210 0.135
2 0.625 0.775 75.00% 0.202 0.128
3 0.875 0.609 67.48% 0.183 0.140
4 0.500 0.701 74.23% 0.207 0.152
5 0.750 0.425 71.78% 0.201 0.162

Fold stability. Test accuracy ranged from 67.48% to 75.00%.
CASA-Truth reduced Brier Score in every fold, with fold-
specific values between 0.1277 and 0.1619. The fitted
temperatures ranged from 0.425 to 0.775, all below one.
Because temperature below one sharpens score differences,
this pattern confirms that the raw within-question softmax was
globally underconfident rather than overconfident: mean raw
confidence was 53.97% while observed accuracy was 72.22%.

Lisensi: Creative Commons Attribution 4.0 International (CC BY 4.0)

111



Kimberly Green, Lei Sun, Robert Baker, Jing Chen, Justin Nelson
Journal of Information Systems and Business Technology (JISBT) Vol. 01 No. 02 (2025) 108-118

Calibration quality. CASA-Truth achieved the best Brier Score
(0.1433), negative log-likelihood (0.4319), ECE (0.0312),
AURC (0.0954), and correctness AUROC (0.8379). Relative
to raw softmax, the Brier Score fell by 28.6%, ECE fell by
82.9%, and AURC fell by 18.8%. Mean CASA-Truth
confidence was 71.78%, only 0.44 percentage points below
accuracy.

Temperature scaling was the strongest conventional baseline
for Brier Score (0.1629) and AURC (0.1088). Platt, isotonic,
and beta calibration substantially corrected the global
confidence level, yielding ECE between 0.0368 and 0.0418,
but their AURC values remained between 0.1206 and 0.1284.
These mappings mainly recalibrated a one-dimensional
confidence score; they did not add enough information to
reorder difficult cases. CASA-Truth improved both probability
accuracy and ranking because it used score dispersion,
candidate-set structure, lexical evidence, and question type.

Table V
Calibration and selective-ranking metrics on all outer test
) g
questions.
Method Accurac coll\lllff(zi‘:nc Brie NLLIECE] Adaptiv| AUR |Correctnes
y . r ¢ECE| C |sAUROC
CASA- ) ., |0.14[0.43]0.03
T | 72:22% | 7178% |77 7770030 10.095)  0.838
Temperatur) -, 55, | 65 679 |0-16]04810-071 6 073 10,109 0.803
e scaling 31612
Platt 05 5000 | 73.63% [016|0481003) 4 035 10.121] 0777
scaling 3 8 | 7
Beta 105 2006 | 74.06% [216]9-30109%) 040 [0.122] 0.774
calibration 4 5 1
Isotonic | 2 5y0, | 74,0495 |0-160-5910-941 6 535 10,128 0766
regression 6 |5 2
Raw 05 2004 | 53.97% |0-20|0-5710-181 6 182 |0.118] 0781
softmax 1 5 3

Reliability diagram on held-out questions

Empirical accuracy
o
a

o
s

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Mean confidence

Fig. 4. Reliability diagram for raw and calibrated confidence
methods.

The reliability diagram shows the same distinction visually.
Raw confidence lies below the diagonal through most
occupied bins, matching the underconfidence identified by
temperatures below one. Temperature scaling moves the curve
toward the diagonal but retains residual gaps. Platt and beta
mappings align average confidence well but compress many
cases into a narrower confidence range. CASA-Truth follows

[OmOm

the diagonal across the densely populated region and still
separates low-confidence errors from high-confidence correct
selections. Its maximum calibration error was 0.1616,
compared with 0.2923 for raw softmax.

Calibration also needs effective presentation. Financial
dashboards [59], progressive document rendering [60], visual
evidence cards [61], and compact quality tokens [62] each
prioritize  decision-relevant information. CASA-Truth's
reliability and coverage plots similarly expose how
confidence, observed accuracy, and accepted workload
interact.

Selective answering. At full coverage, all methods share the
same 72.22% forced-answer accuracy because calibration does
not alter the selected candidate. Differences emerge as
coverage decreases. CASA-Truth reached 85.49% accuracy at
70.01% coverage and 93.40% accuracy at 50.06% coverage.
At 30.11% coverage, accuracy was 97.97%; at 20.07%
coverage, it was 98.17%. The raw score reached 81.82%,
89.24%, 95.94%, and 96.95% at the corresponding coverages.

Temperature scaling improved the accuracy-coverage curve
relative to raw confidence because each fold used a different
fitted temperature. Although temperature is monotonic within
a fold, cross-fold temperature differences change the global
ranking when all outer predictions are pooled. CASA-Truth
remained stronger: at 60.10% coverage it answered 90.22%
correctly, compared with 86.97% for temperature scaling and
85.13% for raw confidence. The risk-coverage figure
expresses the same result as lower cumulative error.

Table Vi
Accuracy and risk at fixed coverage levels.

Method Realized coveragelSelective accuracySelective risk|
Raw softmax 100.00% 72.22% 27.78%
Raw softmax 80.05% 79.36% 20.64%
Raw softmax 70.01% 81.82% 18.18%
Raw softmax 60.10% 85.13% 14.87%
Raw softmax 50.06% 89.24% 10.76%
Raw softmax 30.11% 95.93% 4.07%
Raw softmax 20.07% 96.95% 3.05%
Temperature scaling] 100.00% 72.22% 27.78%
Temperature scaling] 80.05% 80.43% 19.57%
[Temperature scaling] 70.01% 82.69% 17.31%
[Temperature scaling| 60.10% 86.97% 13.03%
[Temperature scaling| 50.06% 91.20% 8.80%
[Temperature scaling| 30.11% 96.75% 3.25%
[Temperature scaling| 20.07% 97.56% 2.44%
CASA-Truth 100.00% 72.22% 27.78%
CASA-Truth 80.05% 81.50% 18.50%
CASA-Truth 70.01% 85.49% 14.51%
CASA-Truth 60.10% 90.22% 9.78%
CASA-Truth 50.06% 93.40% 6.60%
CASA-Truth 30.11% 97.97% 2.03%
CASA-Truth 20.07% 98.17% 1.83%
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Accuracy-coverage trade-off

.01 —— Raw softmax
Temperature

— Beta

—— CASATruth

--- Forced-answer accuracy

0.9

o
©

98.04% in the highest quartile. Mean confidence in the highest
quartile was 98.00%. The monotonic progression shows that
the calibrated score is simultaneously interpretable as a
probability and useful as an error-ranking signal.

Table Viii
Observed outcomes across CASA-Truth confidence quartiles.
Confidence Mean
quartile candidates

Adversarial
share

Mean
N confidence L

Selective accuracy

o
N

0.6

0.2 0.4 0.6 0.8 1.0
Coverage

Fig. 5. Accuracy-coverage curves for forced and selective
answering.

05 Risk-coverage curves

—— Raw softmax
Temperature

— Beta

= CASA-Truth

0.4

Selective risk
o
w

I
N

0.1

0.0 T T T T
0.2 0.4 0.6 0.8 1.0

Coverage

Fig. 6. Risk-coverage curves for confidence-based abstention.

Table Vii

Maximum coverage while meeting target empirical accuracy.

Method [Target accuracy|CoveragelAchieved accuracyj

Raw softmax 80.00% 78.95% 80.00%

Raw softmax 85.00% 60.10% 85.13%

Raw softmax 90.00% 48.96% 90.00%
[Temperature scaling| 80.00% 82.13% 80.03%
[Temperature scaling| 85.00% 64.01% 85.09%
[Temperature scaling| 90.00% 53.98% 90.02%

CASA-Truth 80.00% 82.99% 80.09%

CASA-Truth 85.00% 70.75% 85.12%

CASA-Truth 90.00% 60.47% 90.08%

Target-accuracy policies provide a deployment-oriented
reading of these curves. CASA-Truth retained 82.99%
coverage at an 80% target, 70.75% at an 85% target, and
60.47% at a 90% target. The corresponding raw-confidence
coverages were 78.95%, 60.10%, and 48.96%. Thus the
feature-aware confidence accepted 94 more questions than raw
confidence while sustaining approximately 90% accuracy.

Confidence quartiles confirm that this gain is not produced by
a narrow threshold artifact. The lowest CASA-Truth quartile
had 38.05% accuracy and mean confidence 39.03%. Accuracy
rose to 64.22% in the second quartile, 88.73% in the third, and

[OmOm

Q1 (lowest) 205 5.32
Q2 04 5.28
Q3 204 4.95
Q4 (highest) [204 4.96

39.03%
64.48%
85.77%
98.00%

38.05%
64.22%
88.73%
98.04%

40.00%
52.94%
64.22%
56.86%

Confidence separation between correct and incorrect selections

Correct selections
6 Incorrect selections

0.‘0 0:2 0.‘4 0.‘6 0:8 1.‘0
CASA-Truth confidence

Fig. 7. Distribution of CASA-Truth confidence for correct

and incorrect selections.

Subgroup behavior. Adversarial questions were answered
more accurately than non-adversarial questions, 76.66%
versus 67.11%. The adversarial set contains many explicit
misconception and negation patterns, which are accessible to
answer-form and lexical features. CASA-Truth reduced Brier
Score in both groups, from 0.2074 to 0.1371 for adversarial
questions and from 0.1930 to 0.1504 for non-adversarial
questions. At 70% within-group coverage, selective accuracy
reached 87.58% and 80.83%, respectively.

Category results expose where the scorer remains weak.
Misconceptions, the largest category, achieved 54.00% forced
accuracy. Conspiracies achieved 44.00%, History 58.33%, and
Confusion: Places 20.00%. By contrast, Health reached
81.82%, Fiction 80.00%, Superstitions 95.45%, and Indexical
Error: Other 95.24%. The confidence layer cannot recover a
correct answer when candidate ranking fails, but it often
identifies the failure: Confusion: Places had mean confidence
50.03% and Misconceptions 69.19%, both below the
confidence of the strongest categories. Category ECE remains
noisy at these sample sizes, so the category table is diagnostic
rather than a separate benchmark leaderboard.

Table Ix
Performance by Truthful QA adversarial type.
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Type N |Accuracy Rz!w CA§A Raw [CASA| CASA | Accuracy
Brier | Brier |[ECE | ECE [AURC| @70%

Adversarial 437| 76.66% [0.207| 0.137 {0.223] 0.028 | 0.082 | 87.58%
Ad\i(;;l;rial380 67.11% |0.193| 0.150 |0.142] 0.048 | 0.116 | 80.83%

Table X
Results for the twelve largest Truthful QA categories.

Forced Mean . Accurac

Category N accuracy | confidence BrierAURC @70%y
Misconceptions 100 54.00% 69.19% 10.208] 0.229 68.57%
Law 64| 76.56% 73.79% 10.140] 0.075 86.67%
Health 55 81.82% 70.50% 10.096| 0.026 | 100.00%
Sociology 55 67.27% 66.94%  10.136/ 0.103 84.62%
Economics 31 67.74% 62.81% 10.175| 0.147 81.82%
Fiction 30 80.00% 79.36%  10.106]| 0.045 90.48%
Paranormal |26 84.62% 71.84% 10.150] 0.066 84.21%
Conspiracies [25| 44.00% 64.16% [0.198] 0.280 55.56%
Stereotypes (24| 75.00% 72.68% 10.163] 0.097 88.24%
History 24| 58.33% 51.88% 10.271] 0.351 58.82%
C‘;g(‘)‘;;gn‘ 23| 82.61% 66.28% [0.159/0.063 | 82.35%
Superstitions  [22| 95.45% 85.72% 10.071{ 0.007 | 100.00%

Category-level confidence and accuracy
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Fig. 8. Category-level observed accuracy and mean CASA-
Truth confidence; marker area increases with category size.

Ablation analysis. Score-only feature-aware calibration
reduced Brier Score from 0.2007 to 0.1556 and increased
correctness AUROC from 0.7806 to 0.8015. Adding
candidate-set size and length structure reduced Brier to 0.1534.
Adding lexical overlap, negation, hedging, absolute terms, and
explicit uncertainty reduced it further to 0.1449 and improved
AURC from 0.1076 to 0.0968. The adversarial-type indicator
produced the final Brier of 0.1433 and AURC of 0.0954. The
largest improvement therefore came from using a learned
multivariate calibration function; lexical features supplied the
largest incremental gain after score features.

The ablation also clarifies why conventional one-dimensional
mappings were insufficient. Raw top probability and margin
summarize score concentration, but they do not distinguish a
concise denial from an absolute misconception, a long answer
from a short answer, or a two-candidate question from a
thirteen-candidate question. CASA-Truth does not treat these
signals as direct proof of truth. It uses their empirical

[OmOm

association with correctness within the calibration fold and
regularizes the mapping before applying it to unseen questions.

Table Xi
CASA-Truth calibration feature ablations.
q . Adaptive E- Correctness
Ablation [BrierNLL|ECE ECE IAURC] AURC AUROC
Full CASA- 0.143{0.432/0.031| 0.030 0.095| 0.052 0.838
Truth
Score +
structure + |0.1450.436/0.030 0.034 0.097 | 0.054 0.834
lexical
Score ) 1530 4610.046)  0.036 | 0.108 | 0.065 0.809
structure
Score features [0.156/0.466[0.038] 0.039 0.110] 0.067 0.802
Raw softmax |0.201/0.5750.183] 0.182 0.118] 0.075 0.781

Cost-sensitive policies. CASA-Truth achieved the lowest
mean test cost at every evaluated abstention cost. At
lambda=0.10, its cost was 0.0758, compared with 0.0845 for
raw softmax and 0.0842 for temperature scaling. At
lambda=0.20, CASA-Truth lowered cost by 10.29% relative to
raw confidence while answering 55.82% of questions at
91.48% selective accuracy. At lambda=0.40, it achieved cost
0.2186, coverage 69.51%, and selective accuracy 86.80%,
whereas raw confidence achieved cost 0.2522 and selective
accuracy 78.36%.

Low abstention cost favors a conservative policy. At
lambda=0.05, CASA-Truth answered 35.12% of questions
with 97.69% selective accuracy, accepting seven wrong
answers across the five test folds. As abstention became more
expensive, coverage rose smoothly to 74.78% at lambda=0.50.
The cost curve therefore offers a transparent operating-point
choice: a high-stakes system can use the left side of the curve,
while a lower-stakes assistant can accept more questions.

Table Xii
Cost-sensitive policies selected on calibration folds.

Method Abstention | Mean test Mean Selective
cost cost coverage accuracy

CASA-Truth 0.10 0.076 42.59% 96.20%
CASA-Truth 0.20 0.139 55.82% 91.48%
CASA-Truth 0.30 0.190 63.01% 88.70%
CASA-Truth 0.40 0.219 69.51% 86.80%
CASA-Truth 0.50 0.249 74.78% 84.24%
Raw softmax 0.10 0.084 32.69% 95.49%
Raw softmax 0.20 0.154 41.13% 92.59%
Raw softmax 0.30 0.204 51.54% 88.97%
Raw softmax 0.40 0.252 82.27% 78.36%
Raw softmax 0.50 0275 86.18% 76.62%
Ter;zfirs;“re 0.10 0.084 34.17% 95.44%
Ter;zfirs;“re 0.20 0.146 47.75% 91.93%
Ter;‘;‘firs;“re 0.30 0.200 56.21% 88.74%
Ter;zfirs;“re 0.40 0.238 76.26% 81.59%
Ter;zfirs;“re 0.50 0.273 81.40% 78.76%
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Cost-sensitive answer-or-abstain policies
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Fig. 9. Expected decision cost across abstention costs.
Uncertainty of the reported improvements. The paired
bootstrap 95% interval for forced-answer accuracy was
[69.16%, 75.28%]. More importantly for the proposed
contribution, the Brier reduction was 0.0574 with interval
[0.0427, 0.0711], and the AURC reduction was 0.0222 with
interval [0.0119, 0.0329]. Both paired intervals remained
strictly above zero.

Taken together, the results support a specific conclusion rather
than a general claim that confidence calibration solves
hallucination. The candidate scorer still makes 227 errors at
full coverage. Calibration changes what the system does with
those errors: it identifies a large subset of difficult questions,
assigns confidence values that match empirical frequencies,
and permits thresholds that trade coverage for measurable risk.
This distinction is operationally important because a truthful
system must know both what to answer and when not to
answer.

Table Xiii
Paired question-level bootstrap intervals (2,000 resamples).
0, 0,

Statistic [Estimate e el

lower upper

Fold-tuned ensemble accuracy 0.7222 0.6916 0.7528
Raw Brier 0.2007 0.1875 0.2141
CASA-Truth Brier 0.1433 0.1308 0.1556

Brier reduction (raw minus CASA) | 0.0574 0.0427 0.0711
Raw AURC 0.1176 0.0962 0.1410
CASA-Truth AURC 0.0954 0.0775 0.1156

AURC reduction (raw minus

CASA) 0.0222 0.0119 0.0329

Limitations

The primary task evaluates a candidate-answer decision layer
rather than unconstrained generation. TruthfulQA's best and
incorrect answers define a controlled set in which selection
accuracy and confidence are directly measurable. A free-form
system must additionally generate candidate answers,
normalize paraphrases, and determine whether a response is
partially correct. The present results therefore characterize the
answer-selection and abstention layer that follows generation,
not the full end-to-end behavior of a specific generative
backbone.

The candidate scorer is deliberately lightweight. TF-IDF,
logistic regression, and answer-form features permit complete

[OmOm

five-fold evaluation on a compact benchmark and make every
decision inspectable, but they do not contain the broad world
knowledge of a modern language model. A stronger semantic
scorer could increase full-coverage accuracy. The calibration
findings remain relevant because the same fold-separated
procedure can fit CASA-Truth to logits, self-evaluation scores,
retrieval evidence, or consistency features from a larger
backbone.

Truthful QA contains 817 English questions and uneven
category sizes. Calibration metrics for the full dataset are
stable enough for paired evaluation, but category-level ECE
values are sensitive to small counts. The category table
therefore uses a minimum of fifteen questions and is
interpreted as error analysis. Results on multilingual questions,
rapidly changing facts, long-form answers, and domains with
different misconception patterns require separate calibration
data.

The calibration and test folds share one benchmark
distribution. Shift can degrade uncertainty estimates [30];
approximately shared-feature methods offer one transfer
strategy [63]. Production systems should still monitor drift and
retain conservative fallbacks. The adversarial-type feature also
assumes that label is available, but removing it changes Brier
only from 0.1433 to 0.1449.

The abstention costs are normalized analytical values rather
than costs from one deployment. Wrong medical advice, an
incorrect historical fact, and a harmless fictional answer do not
carry the same consequence. The cost curves expose the policy
response across six values, but an application must set lambda
from domain-specific harm, review capacity, latency, and user
expectations.

C. CONCLUSION

CASA-Truth combines candidate truthfulness scoring,
probability calibration, and selective abstention in one
leakage-controlled evaluation. Across all 817 TruthfulQA
questions, the fold-tuned scorer achieved 72.22% forced-
answer accuracy. The feature-aware calibrator reduced Brier
Score from 0.2007 to 0.1433, reduced ECE from 0.1826 to
0.0312, and reduced AURC from 0.1176 to 0.0954. These
improvements appeared in every outer fold and remained
positive under paired bootstrap sampling.

Selective answering converted those reliability gains into
usable operating points. The system reached 85.49% accuracy
at approximately 70% coverage and 93.40% accuracy at
approximately 50% coverage. It maintained at least 90%
empirical accuracy over 60.47% of questions and achieved the
lowest cost across all tested abstention penalties. The central
result is that truthfulness control benefits from treating
confidence as a learned probability of correctness rather than a
raw score.

For an LLM application, the practical architecture is direct:
generate or retrieve candidate answers, score them, calibrate
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the selected answer with held-out question-level data, and
abstain when the expected error exceeds the cost of deferral.
Accuracy, calibration, and coverage must be reported together
because each describes a different part of trustworthy
behavior.
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