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Abstract 

Scientific claim verification must retrieve relevant evidence, assign SUPPORT, CONTRADICT, or NEI, and avoid 
confident decisions when evidence or the verifier is unreliable. We evaluate an uncertainty-gated adaptive RAG pipeline 
on 5,183 SciFact abstracts and 1,109 labeled claims through five official cross-validation folds. Four systems share one 
evidence selector and verifier: BM25 RAG, dense LSA RAG, always-on sparse-first hybrid RAG, and an adaptive system 
that begins with one BM25 document and two sentences, escalates uncertain claims to five hybrid documents and five 
sentences, arbitrates between fast and full posteriors, and applies calibrated abstention. The adaptive system answered 
95.7% of claims with 54.4% selective accuracy and 47.9% macro-F1, versus 52.2% accuracy and 47.3% macro-F1 for 
BM25. Forced adaptive accuracy was 53.4%, while average context fell from 241.9 to 139.6 tokens, a 42.3% reduction. 
Abstention captured errors in 68.8% of rejected cases and reduced wrong answers by 8.7% relative to BM25. BM25 
retained the strongest evidence recall, indicating that the adaptive benefit came mainly from calibrated routing and refusal 
rather than unconditional fusion. Contradiction reasoning remained the dominant error source. 
 
Keywords : Scientific Claim Verification; Retrieval-Augmented Generation; Adaptive RAG; Uncertainty Calibration; 
Selective Prediction; Abstention; Scifact; Trustworthy AI 
 
1. Introduction 
Scientific claim verification combines document retrieval, 
sentence selection, and a three-way verdict. SciFact 
formalized this setting with expert-written claims, 
abstracts, evidence rationales, and SUPPORT, 
CONTRADICT, or NEI labels [1]. It extends FEVER's 
evidence-centered design [2], while PUBHEALTH [3], 
COVID-Fact [4], and HealthVer [5] show why biomedical 
verification must preserve the source behind a judgment. 
Specialized medical systems, including an AI-based 
multiple-myeloma MRD model [6], further illustrate that 
domain predictions remain meaningful only within their 
evidentiary and clinical context. 
Retrieval is not a neutral preprocessing step: an irrelevant 
abstract can support a fluent but wrong verdict, and a 
missed negation can reverse the label. SciFact-Open makes 
this dependence explicit by expanding the search space [7]. 
Comparable evidence-linked pipelines appear in HDFS 
anomaly triage with failure narratives and selective refusal 
[8], the multi-stage VerT5erini system [9], and financial 
disclosure QA with citation constraints [10]. The scientific 
fact-checking survey in [11] similarly identifies evidence 
acquisition, rationale selection, veracity prediction, and 
explanation as coupled components. Accuracy, evidence 
recall, and retrieval cost must therefore be evaluated 
together. 
RAG conditions a model on retrieved non-parametric 
evidence [12]. A fixed top-k context is simple, but it spends 
the same budget on easy and difficult claims and can 

introduce distractors. Long-document contractual RAG 
[13], retrieval-summary integration for code intelligence 
[14], normal-prototype retrieval for OpenStack failures 
[15], and retrieval-guided CI diagnosis [16] all treat 
evidence selection as part of the decision process rather 
than a neutral preface. Scientific verification therefore 
needs a policy for when additional retrieval is warranted 
and when a low-confidence output should be withheld. 
Sparse and dense retrieval provide complementary 
inductive biases. BM25 emphasizes exact term overlap 
through probabilistic weighting [17], building on vector-
space retrieval [18], whereas LSA projects term-document 
statistics into a lower-dimensional space [19]. RRF 
combines rankings without calibrated scores [20], and 
spectral rank-aggregation theory further shows that rank 
combination is itself an estimation problem [21]. DPR 
learns query-passage representations directly [22]. BERT 
[23] and SciBERT [24] supply general and scientific 
language encoders; approximately shared-feature methods 
address transfer across domains [25]; SPECTER [26] and 
Sentence-BERT [27] provide document and sentence 
representations. Because SciFact contains gene names, 
abbreviations, quantities, and direction-sensitive 
expressions, this study retains BM25 as the fast path and 
uses compact LSA as a deterministic dense comparator. 
Confidence creates a separate failure mode. Maximum 
class probability is often treated as probability of 
correctness even though modern classifiers can be 
miscalibrated [28]. Human-uncertainty distillation offers 
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one route to calibrated supervision [29], and transformer 
studies confirm the need for post-hoc validation [30]. 
Uncertainty quantification for spectral estimators [31] and 
broader evidence on architecture and distribution shift [32] 
show that confidence behavior depends on regime; 
uncertainty-aware late fusion likewise motivates 
confidence-conditioned combination [33]. Selective 
classification converts uncertainty into a reject decision 
[34], while news-macro fusion provides another mixed-
signal setting in which uncertainty affects action [35]. 
SelectiveNet [36] and selective question answering [37] 
operationalize related reject options. Out-of-distribution 
scores [38], deep ensembles [39], and Bayesian dropout 
[40] are alternatives, but the present system uses 
temperature scaling, a retrieval gate, posterior arbitration, 
and one final abstention threshold. 
This work contributes a five-fold comparison of BM25, 
dense LSA, always-hybrid, and uncertainty-gated RAG on 
all 1,109 labeled SciFact claims; a shared pipeline for 
retrieval, sentence selection, three-way verification, 
calibration, routing, and abstention; joint reporting of 
accuracy, macro-F1, evidence recall, context tokens, and 
wrong-answer risk; and fold-level predictions, calibration 
records, retrieval traces, figures, tables, and deterministic 
code. Holding the verifier constant makes the benefit and 
cost of each retrieval policy directly comparable. 
 
2. METHOD 
Figure 1 summarizes the adaptive verification workflow. 
Every claim first receives a compact sparse evidence 
context. Calibrated uncertainty controls whether broader 
hybrid retrieval is executed, posterior arbitration decides 
whether the expanded context improves the decision, and a 
final threshold determines whether the system answers or 
abstains. 

 
Fig. 1. Adaptive pipeline. Claims begin with a compact 

BM25 context; low calibrated confidence triggers broader 
hybrid retrieval and a second verification pass before 

selective answering. 
 

2.1 Task Definition and Data 
Let q denote a claim and C={d1,...,dN} the N=5,183-
abstract corpus. The label y is SUPPORT, CONTRADICT, 
or NEI. SUPPORT and CONTRADICT claims contain 
gold evidence documents and sentence rationales; an empty 
evidence field denotes NEI [1]. The 809 training and 300 
development claims form 1,109 labeled examples: 456 
SUPPORT, 237 CONTRADICT, and 416 NEI. The 
unlabeled test claims were excluded. Five official, disjoint 
evaluation folds cover every labeled claim once; each run 
trained on the other folds and evaluated on the held-out 
fold. 

Within each fold, 20% of the fold-specific training set was 
selected by stratified sampling as a calibration subset; the 
remaining 80% trained the verifier. The calibration subset 
determined four temperatures, the fast-path uncertainty 
gate, the posterior-arbitration margin, and the final 
abstention threshold. No evaluation-fold label influenced 
these settings. Random operations used seed 2026 plus the 
fold index. Table I reports the data composition, and Fig. 2 
shows the resulting class imbalance. CONTRADICT is the 
smallest class at 21.4%, making macro-F1 necessary in 
addition to accuracy. 
TABLE I. SciFact corpus and labeled-claim composition. 

Partition Items SUP CON NEI Evidence 
claims 

Gold 
docs 

Gold 
sents 

Corpus 5183 — — — — — — 

Official 
train 809 332 173 304 505 1.117 2.030 

Official 
dev 300 124 64 112 188 1.112 1.947 

All 
labeled 1109 456 237 416 693 1.115 2.007 

 

 
Fig. 2. Distribution of SUPPORT, CONTRADICT, and 

NEI labels across the 1,109 labeled claims. 
 

2.2 Retrieval and Evidence Selection 
The sparse retriever used BM25 with k1=1.5 and b=0.75. 
Document text concatenated the title twice and the abstract 
once, which gives the title modest additional weight 
without a separate fielded index. English stop words were 
removed, and the vocabulary contained 35,617 terms. For 
query q and document d, the score was computed as 
 

BM25(q,d)=Σ[t∈q] IDF(t)·f(t,d)(k₁+1) / {f(t,d)+k₁[1-
b+b|d|/avgdl]} 

 

(1) 

where f(t,d) is the term frequency and avgdl is mean 
document length. A binary query vector ensured that 
repeated words in a short claim did not receive additional 
query-side weight. The BM25 baseline retrieved five 
documents. Candidate sentences from those documents 
were then ranked by claim-sentence TF-IDF cosine 
similarity, augmented by 0.08 times the normalized 
document score and a small reciprocal document-rank 
prior. The top five sentences formed the evidence context. 
The dense branch implemented latent-semantic retrieval 
rather than a pretrained neural encoder. Document titles 
and abstracts were represented with unigram-bigram TF-
IDF, limited to 50,000 features with minimum document 
frequency two and sublinear term frequency. Truncated 
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singular-value decomposition produced 256-dimensional 
vectors, which were L2-normalized. The dense score was 

s_dense(q,d)=cos(z_q,z_d) (2) 
where zq and zd are the normalized LSA projections. The 
dense baseline also retrieved five documents and used the 
identical sentence selector, thereby isolating document 
retrieval as the main difference from BM25. LSA is less 
expressive than DPR [22] or scientific transformer 
encoders [24], [26], and [27], but it supplies a deterministic 
dense semantic baseline with no remote weights, GPU 
requirement, or task-specific pretraining. 
The always-on hybrid system fused the top 100 BM25 and 
dense rankings through weighted reciprocal rank fusion. 
Preliminary retrieval measurements on the labeled corpus 
showed that BM25 was markedly stronger than LSA, so the 
fusion placed 0.85 weight on BM25 and 0.15 on dense 
retrieval. With rank r_m(d) under method m, the fusion 
score was 

s_hyb(d)=0.85/[60+r_BM25(d)] + 
0.15/[60+r_dense(d)] 

(3) 

The constant 60 follows the stabilizing form of RRF [20]. 
The always-on system retrieved five hybrid-ranked 
documents and selected five evidence sentences. The 
adaptive fast path used BM25 but retrieved only the 
highest-ranked document and its two highest-scoring 
sentences. Table II lists all retrieval and verification 
settings. 

TABLE II. System configurations and fixed 
hyperparameters. 

Component Retriever / 
representation Docs Sents Policy Role 

BM25 RAG BM25 5 5 fixed 

5-
document 

sparse 
context 

Dense RAG TF-IDF + 256-d 
LSA 5 5 fixed 

5-
document 

dense 
context 

Always-
RAG 

0.85/0.15 
weighted RRF 5 5 fixed 

5-
document 

hybrid 
context 

Adaptive 
fast BM25 1 2 gated default 

context 

Adaptive 
full weighted RRF 5 5 conditional 

executed 
after low 

fast 
confidence 

Verifier 

word/character 
TF-IDF + 13 

numeric 
features 

— — shared 
SGD 

logistic 
classifier 

 
2.3 Evidence-Conditioned Pair Verifier 
All four systems shared one verifier architecture within 
each fold. Training examples paired each claim with five 
context variants: the gold rationale context, BM25 context, 
dense context, always-hybrid context, and fast context. 
This mixed-context design exposed the classifier to both 
precise and noisy evidence while holding the downstream 
model constant across retrieval comparisons. For NEI 
training claims, the gold-context variant selected the three 
claim-most-similar sentences from the claim's cited 

abstracts because no supporting or contradicting rationale 
exists. 
The verifier represented 'claim ... evidence ...' with word 
unigram-bigram TF-IDF (40,000 features), character-
within-word three- to five-gram TF-IDF (30,000 features), 
and thirteen standardized features summarizing lexical 
overlap, negation and numeric mismatch, context size, and 
retrieval and sentence scores. An L2-regularized SGD 
logistic classifier used balanced class weights, alpha 
2×10^-5, 250 iterations, tolerance 10^-4, and averaged 
weights in scikit-learn [41]. High-capacity visual detectors 
such as RFAConv with triplet attention represent a different 
modeling regime [42]; the sparse verifier keeps evidence 
and confidence behavior auditable. Pretrained passage 
reranking could strengthen semantic matching [43]. 
 
2.4 Temperature Scaling, Adaptive Routing, and 
Abstention 
Raw logits from sparse linear classifiers were highly 
overconfident. Each context type therefore received a 
scalar temperature fitted on the fold's calibration subset by 
minimizing multiclass negative log-likelihood, following 
temperature scaling [28]. For logits z and temperature T>0, 

p_T(y|q,e)=softmax(z(q,e)/T) (4) 
The optimization searched log T between -5 and 8. Separate 
temperatures were fitted for BM25, dense, always-hybrid, 
and fast contexts because their score distributions differed. 
Evaluation probabilities were transformed only with 
temperatures learned from the corresponding training-fold 
calibration subset. 
Adaptive routing operated in two stages. First, a claim 
escalated from the fast path when its calibrated maximum 
probability c_fast fell below gate threshold τ_g. The 
calibration procedure searched gate quantiles from 0.20 to 
0.60 and constrained escalation to 15–65% of claims. 
Second, an arbiter accepted the full-context posterior only 
when c_full was at least c_fast plus margin δ. Otherwise, 
the fast posterior remained the final posterior even though 
broader retrieval had been executed. The calibration 
objective combined accuracy, macro-F1, context tokens, 
and a mild preference for an escalation rate near 35%. The 
routing rule was 

escalate ⇔ c_fast<τ_g;   use full ⇔ escalate ∧ 
c_full≥c_fast+δ 

(5) 

The arbiter prevents a larger retrieved context from 
automatically replacing a more confident compact-context 
decision. Confidence-aware fusion is also explicit in 
autonomous-driving perception systems [44], but here the 
fused objects are retrieval-conditioned posteriors rather 
than sensor streams. Retrieval cost for an escalated claim 
still includes the full context because both retrieval and 
verification passes occurred. 
The final selective decision abstained when the maximum 
probability of the arbitrated posterior fell below τ_a: 

answer(q)=argmax_y p_final(y|q) if max_y 
p_final≥τ_a; otherwise abstain 

(6) 

The threshold search required at least 90% coverage on the 
calibration subset and maximized a score combining 
selective accuracy, macro-F1, and coverage. Abstention 
accuracy is defined as the proportion of abstained 
evaluation claims whose forced prediction was incorrect. A 
value above 50% indicates that rejected cases are enriched 
for errors. Wrong-answer rate is the number of emitted 
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incorrect predictions divided by all claims, so abstentions 
lower this rate only when they preferentially remove 
mistakes. 
 
2.5 Evaluation Protocol 
Document retrieval used mean gold-document recall at 
k∈{1,3,5,10,20}; sentence selection used gold-sentence 
recall and evidence MRR at m∈{1,3,5,10}. End-to-end 
metrics were accuracy and macro-F1. For the adaptive 
system, selective metrics were computed on answered 
claims and forced accuracy on all claims. Coverage, 
abstention accuracy, wrong-answer rate, ECE, Brier score, 
context size, evidence recall, and evidence MRR completed 
the evaluation. 
Context tokens were counted with a deterministic word-
and-punctuation tokenizer over the exact verifier evidence 
string, so they measure retrieval-conditioned input rather 
than API cost or generation latency. Fold statistics describe 
split variation, and pooled metrics concatenate the five 
disjoint predictions. Paired comparisons used 5,000 
bootstrap resamples [45] on forced predictions. Reliability 
plots used ten equal-width confidence bins, and risk-
coverage curves retained claims in descending confidence 
order. 
 
3. Results and Discussion 
3.1 Retrieval Quality 
Table III and Fig. 3 show that BM25 retrieved 72.2% of 
gold documents at rank 1 and 87.9% by rank 5. Dense LSA 
reached 39.0% and 64.6%, confirming that broad semantic 
similarity often lost exact biomedical entities and 
directional language. Sparse-first hybrid retrieval reached 
63.5% at rank 1, 86.3% at rank 5, and 93.0% at rank 10. It 
therefore recovered complementary dense documents 
deeper in the list but weakened the top position. 
 

TABLE III. Gold-document recall (%) over evidence-
bearing claims. 

Retriever R@1 R@3 R@5 R@10 R@20 

BM25 72.2 83.6 87.9 92.5 94.5 

Dense LSA 39.0 56.1 64.6 74.8 85.6 

Sparse-first hybrid 63.5 79.7 86.3 93.0 94.9 

 

 
Fig. 3. Gold-document recall as the retrieval cutoff 

increases. BM25 dominates the dense LSA branch at 
shallow cutoffs, while sparse-first fusion converges at 

larger k. 

 
Sentence results follow the same pattern. At five sentences, 
BM25, hybrid, and dense LSA recalled 54.7%, 52.0%, and 
39.7% of gold rationales; at ten, recall rose to 69.8%, 
66.7%, and 49.9%. BM25 also led evidence MRR at five 
sentences (0.470 versus 0.434 and 0.348). Because BM25 
document recall@5 was 87.9% but sentence recall@5 only 
54.7%, sentence ranking remained a separate bottleneck: a 
missed qualifier could push the exact rationale below the 
cutoff. 
TABLE IV. Gold evidence-sentence recall (%) and mean 

reciprocal rank. 
Retriever R@1 R@3 R@5 R@10 MRR@5 

BM25 23.3 43.7 54.7 69.8 0.470 

Dense LSA 18.0 31.4 39.7 49.9 0.348 

Sparse-first 
hybrid 20.5 41.6 52.0 66.7 0.434 

 

 
Fig. 4. Evidence-sentence recall under a shared sentence 

selector. Exact lexical matching remains strongest 
throughout the tested cutoffs. 

 
3.2 End-to-End Verification and Context Cost 
Table V and Fig. 5 report pooled verification. BM25 was 
the strongest fixed baseline at 52.2% accuracy and 47.3% 
macro-F1; dense RAG reached 49.5% and 43.5%, and 
always-hybrid RAG 49.6% and 44.9%. The adaptive 
system answered 95.7% of claims with 54.4% selective 
accuracy and 47.9% macro-F1. Its forced accuracy was 
53.4%, 1.2 points above BM25, so the gain did not arise 
solely from withholding rejected cases. 
 

TABLE V. Pooled five-fold verification, evidence, cost, 
and selective-safety results (% except tokens). 

System Cov. Acc
. 

Macr
o-F1 

Force
d acc. 

Ev. 
recal

l 

Token
s 

Wron
g ans. 

Abs
t. 

acc. 

BM25 
RAG 

100.
0 

52.
2 47.3 52.2 54.7 241.9 47.8 — 

Dense 
RAG 

100.
0 

49.
5 43.5 49.5 39.7 237.5 50.5 — 

Always-
RAG 

100.
0 

49.
6 44.9 49.6 52.0 241.5 50.4 — 

Uncertaint
y-gated 
RAG 

95.7 54.
4 47.9 53.4 41.8 139.6 43.6 68.8 
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Fig. 5. Accuracy and macro-F1 for the four evaluated 
systems. Adaptive scores are calculated on answered 

claims at 95.7% coverage. 
 

Efficiency separates the systems more clearly. BM25, 
dense, and always-hybrid contexts averaged 241.9, 237.5, 
and 241.5 tokens; adaptive routing used 139.6 tokens, 2.14 
documents, and 2.85 sentences, a 42.3% reduction from 
BM25. Most claims used one document and two sentences, 
while only uncertain cases paid for broader retrieval. 
Resource-aware allocation also appears in hybrid-cloud 
LLM deployment [46], edge VMAF distillation [47], 
digital-twin dispatching [48], and progressive PDF 
rendering [49]. Although the tasks differ, all make 
computation allocation part of system quality. Index fitting 
took 11.30 seconds, and the five verifier fits averaged 8.59 
seconds. 

 
Fig. 6. Selective accuracy versus average retrieved context 
tokens. The adaptive system uses substantially less 
evidence context while attaining the highest answered-
claim accuracy. 
 
3.3 Class-Wise Behavior 
Table VI shows the class imbalance behind aggregate 
accuracy. BM25 F1 was 0.527 for SUPPORT, 0.203 for 
CONTRADICT, and 0.689 for NEI. Dense retrieval 
increased NEI recall to 0.767 but reduced SUPPORT recall 
to 0.421. Adaptive selective prediction reached NEI 
precision 0.680, recall 0.814, and F1 0.741; SUPPORT F1 
remained 0.515 and CONTRADICT F1 0.180. The gain 
therefore came mainly from uncertain boundary cases, not 
solved contradiction reasoning. 
 
TABLE VI. Pooled per-class results on answered claims. 

System Class Precision Recall F1 N answered 

BM25 SUPPORT 0.489 0.572 0.527 456 

System Class Precision Recall F1 N answered 

BM25 CONTRADICT 0.224 0.186 0.203 237 

BM25 NEI 0.723 0.659 0.689 416 

Dense SUPPORT 0.500 0.421 0.457 456 

Dense CONTRADICT 0.209 0.160 0.181 237 

Dense NEI 0.587 0.767 0.665 416 

Always SUPPORT 0.475 0.496 0.485 456 

Always CONTRADICT 0.204 0.181 0.192 237 

Always NEI 0.666 0.675 0.671 416 

Adaptive SUPPORT 0.529 0.502 0.515 442 

Adaptive CONTRADICT 0.209 0.159 0.180 227 

Adaptive NEI 0.680 0.814 0.741 392 

 
3.4 Calibration and Abstention 
Temperature scaling preserved argmax labels but sharply 
improved confidence quality. Fold-mean ECE fell from 
0.469 to 0.049 for BM25, 0.498 to 0.046 for dense, and 
0.491 to 0.063 for hybrid; Brier scores fell from 0.940-
0.999 to 0.588-0.611, and negative log-likelihood 
approached 1.0. Large fitted temperatures reflected sharp 
averaged-SGD logits. The adaptive answered subset 
achieved pooled ECE 0.040 and Brier score 0.571, 
although Fig. 7 still shows residual bin-level deviations. 
 

TABLE VII. Fold-mean calibration before and after 
temperature scaling on evaluation folds. 

Context ECE 
raw 

ECE 
scaled 

Brier 
raw 

Brier 
scaled 

NLL 
raw 

NLL 
scaled 

BM25 0.469 0.049 0.940 0.588 12.838 0.966 

Dense 0.498 0.046 0.999 0.611 14.157 1.015 

Always 0.491 0.063 0.985 0.603 13.217 0.998 

Fast 
path 0.446 0.053 0.895 0.571 12.990 0.951 

 

 
Fig. 7. Reliability curves after temperature scaling. Points 
aggregate confidence bins across the five disjoint 
evaluation folds. 
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The adaptive system abstained on 48 of 1,109 claims, 
producing 95.7% coverage. Among these 48, 33 forced 
predictions were wrong, so abstention accuracy was 68.8%. 
The wrong-answer rate was 43.6%, compared with 47.8% 
for BM25. This is an 8.7% relative reduction in emitted 
errors. Removing abstention but retaining routing increased 
coverage to 100% and lowered accuracy from 54.4% 
selective to 53.4% forced, while wrong-answer rate 
increased from 43.6% to 46.6%. Thus the final threshold 
rejected a small, error-enriched subset rather than 
indiscriminately reducing coverage. 
3.5 Routing and Risk-Coverage Trade-offs 
Table VIII reports the learned thresholds, routing rates, and 
construction times. Across folds, the fast-path rate was 
71.5% and escalation was 28.5%; the full posterior replaced 
the fast posterior for 20.1% of all claims, while 8.4% were 
escalated but retained the fast decision. The gate threshold 
averaged 0.473, the arbiter margin -0.008, and the 
abstention threshold 0.407. Fold coverage ranged from 
90.1% to 98.2%. The staged safeguard resembles drift early 
warning with safe rollback [50], noisy-neighbor VM risk 
modeling [51], and AIOps fault analysis [52], although the 
trigger here is calibrated claim uncertainty. 
TABLE VIII. Adaptive thresholds, routing rates, and 
measured construction times. 

Routing / runtime quantity Mean ± SD or measured value 

Gate threshold 0.473 ± 0.037 

Arbiter margin -0.008 ± 0.034 

Abstention threshold 0.407 ± 0.019 

Fast-path share 71.5 ± 6.3% 

Escalation share 28.5 ± 6.3% 

Full posterior used 20.1 ± 8.6% 

Abstention share 4.3 ± 3.3% 

Coverage 95.7 ± 3.3% 

Fast temperature 68.103 ± 8.438 

Full temperature 68.845 ± 14.188 

Retrieval index fit 11.30 s 

Verifier fit per fold 8.59 s mean 

 

 
Fig. 8. Mean adaptive routing decisions. The gray segment 
represents escalated claims for which the arbiter retained 
the fast posterior. 
The coverage sweep in Table IX and the risk-coverage 
curves in Fig. 9 show a smooth selective trade-off. At 
79.8% actual coverage, adaptive accuracy was 57.3%; at 
89.7% it was 56.0%; at 94.7% it was 54.8%; and forced 
100% coverage produced 53.4%. The highest-confidence 
subset was consistently safer, although absolute risk 
remained substantial because the sparse verifier faced 
three-way scientific inference. This budget-risk framing is 
analogous to constrained auto-bidding [53] and data-driven 
budgeting [54], while the controlled resource here is 
retrieved evidence context. 
TABLE IX. Adaptive risk and performance at alternative 
target coverages (fold means, % except threshold). 

Target cov. Actual cov. Threshold Accuracy Macro-F1 Risk 

80.0 79.8 0.469 57.3 49.5 42.7 

85.0 84.8 0.456 56.6 48.9 43.4 

90.0 89.7 0.440 56.0 48.9 44.0 

95.0 94.7 0.414 54.8 48.2 45.2 

100.0 100.0 0.000 53.4 47.2 46.6 

 

 
Fig. 9. Selective risk as coverage increases. Curves rank 
claims by calibrated confidence; lower risk is better. 
3.6 Ablation and Statistical Comparison 
Table X isolates the components. Without abstention, 
adaptive context remained 139.6 tokens but accuracy fell to 
53.4% and wrong-answer rate rose to 46.6%. Always 
retrieving hybrid context increased cost to 241.5 tokens and 
reduced accuracy to 49.6%. BM25 outperformed always-
hybrid, while the dense-only branch was weakest at 49.5%. 
The full result therefore requires a strong sparse fast path, 



Lin Yang, Kevin Parker, David Huang 
Journal of Information Technology and Informatics Engineering (JITIE) Vol. 01 No. 02 (2025) 52-61 

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

58 

selective broader retrieval, and calibrated rejection; 
unconditional fusion is insufficient. 
TABLE X. Component ablation using evaluated five-fold 
predictions. 

Configuration Acc. Macro-
F1 Cov. Tokens Wrong 

ans. 
Full uncertainty 
gate + calibrated 
abstention 

54.4 47.9 95.7 139.6 43.6 

- abstention 
(forced 
answers) 

53.4 47.3 100.0 139.6 46.6 

- adaptive gate 
(always 
retrieve) 

49.6 44.9 100.0 241.5 50.4 

- dense branch 
(sparse retrieval 
only) 

52.2 47.3 100.0 241.9 47.8 

- sparse branch 
(dense retrieval 
only) 

49.5 43.5 100.0 237.5 50.5 

 
Table XI reports paired bootstrap comparisons. Adaptive 
forced predictions exceeded dense RAG by 3.86 points 
(95% CI 1.62-6.22; p=0.0008). The 1.19-point gain over 
BM25 was inconclusive (95% CI -0.90-3.16; p=0.2692). 
Always-RAG was 2.61 points below BM25 (p=0.0100) and 
did not differ from dense RAG. Thus the strongest adaptive 
evidence is lower context, error-enriched abstention, and 
superiority to dense RAG, not a statistically established 
forced-accuracy advantage over BM25. 
TABLE XI. Paired 5,000-resample bootstrap on forced 
predictions. 

Paired comparison Δ accuracy 
(pp) 

95% CI 
(pp) p Result 

Uncertainty-gated 
RAG – BM25 RAG 1.19 [-0.90, 

3.16] 0.2692 not 
significant 

Uncertainty-gated 
RAG – Dense RAG 3.86 [1.62, 

6.22] 0.0008 significant 

Always-RAG – BM25 
RAG -2.61 [-4.51, -

0.72] 0.0100 significant 

Always-RAG – Dense 
RAG 0.06 [-2.16, 

2.34] 0.9992 not 
significant 

 
3.7 Error Analysis and Practical Implications 
The rule-based attribution in Table XII and Fig. 10 assigned 
every adaptive forced-prediction error to the first 
applicable category. Negation or contradiction mismatch 
was largest with 127 cases, followed by 104 document 
retrieval misses, 95 sentence selection misses, 92 
entailment reasoning errors, 85 NEI boundary errors, and 
14 numeric mismatches. Retrieval and sentence selection 
together accounted for 199 errors, but 318 errors remained 
after relevant evidence was available. Better retrieval alone 
therefore cannot close the performance gap; the verifier 
must model contradiction, scope, and evidence sufficiency 
more precisely. 

TABLE XII. First-applicable error attribution for 
adaptive forced predictions. 

Error category Count Share 

negation/contradiction error 127 24.6% 

document retrieval miss 104 20.1% 

sentence selection miss 95 18.4% 

entailment reasoning error 92 17.8% 

NEI boundary ambiguity 85 16.4% 

numeric mismatch 14 2.7% 

 

 
Fig. 10. Error attribution for the adaptive system. Negation 
and contradiction remain the dominant verifier failure 
mode. 
The class results follow the error profile. CONTRADICT 
claims often differ from evidence through a directional 
verb, negation, population restriction, or numeric 
comparator; surface n-grams do not reliably compose these 
cues into entailment. NEI creates another boundary because 
topically related text may still fail to establish the claim. 
Escalation and abstention improved NEI behavior, but 
cautious decisions could also shift true SUPPORT cases 
toward NEI. 
For deployment, the results favor a tiered verification 
service rather than one fixed RAG configuration. The fast 
path handles most claims with a compact evidence bundle; 
escalation allocates additional retrieval only when 
confidence is low; arbitration prevents a larger context 
from overriding a stronger compact prediction; and the 
final threshold sends the least reliable cases to review. 
Thresholds are operating points, not universal constants. 
Across decision-support domains, IoT traffic anomaly 
detection [55], financial risk dashboards [56], C5.0 bank 
credit screening [57], traffic-sign explanation cards [58], 
and predictive DDoS mitigation [59] likewise separate 
model scoring from evidence display, escalation, or action. 
These analogies support the architecture pattern, not direct 
cross-domain validity. 
Transfer must still be evaluated for each user and task. 
Bilingual CS education research provides a technical 
setting in which language and presentation affect 
engagement [60]; AI-driven financial-service analysis [61] 
and counterfactual ad ranking [62] expose policy 
consequences; and e-commerce recommendation [63], 
DenseNet cancer-image classification [64], and data-driven 
marketing decisions [65] span markedly different error 
costs. A production scientific verifier should therefore test 
whether reviewers understand the retrieved rationale, 
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calibrate thresholds to the application, and log every 
escalation and abstention. 
4. Limitations 
The first limitation is model capacity. The dense branch 
used 256-dimensional LSA, and the verifier used sparse 
lexical features with logistic classification. DPR [22], 
SciBERT [24], SPECTER [26], Sentence-BERT [27], or 
cross-encoder rerankers [43] can provide richer semantics, 
but they also introduce model-weight provenance, 
hardware, latency, and tuning variables absent from this 
compact comparison. 
Second, context tokens measure only the retrieved evidence 
passed to the verifier. They exclude a generative decoder's 
prompt, output tokens, caching, concurrency, and provider-
specific billing. The reported 42.3% reduction is therefore 
an input-context reduction, not a universal monetary 
saving. Production latency also requires separate 
measurements of retrieval, sentence selection, inference, 
storage, and load. 
Third, SciFact is a closed corpus of 5,183 abstracts and 
1,109 labeled claims. The five-fold design uses all labeled 
claims efficiently, but the data are smaller and cleaner than 
web-scale scientific search. Some claims require full text, 
tables, supplements, or evidence distributed across papers. 
The released test split has no labels, so it cannot provide 
another independent score. SciFact-Open [7] and long-
document retrieval settings [13] are necessary extensions, 
while domain-bridging methods [25] offer a separate route 
to robustness. 
Fourth, selective accuracy remains 54.4% and 
CONTRADICT F1 remains 0.180. Abstention reduces 
emitted errors but does not turn a weak verifier into an 
autonomous judge of scientific truth. The appropriate role 
is evidence-linked decision support with human escalation. 
The deterministic, mutually exclusive error taxonomy is 
also diagnostic rather than causal: retrieval misses can 
coexist with difficult negation, and sentence-selection 
misses can coexist with an NEI boundary. 
5. Conclusion 
This study compared fixed and adaptive retrieval-
augmented verification on all 1,109 labeled SciFact claims. 
BM25 was the strongest retriever, with 87.9% gold-
document and 54.7% gold-sentence recall at five units; 
dense LSA struggled with terminology-sensitive matching, 
and unconditional fusion did not improve classification. 
The adaptive system used a compact BM25 path, escalated 
28.5% of claims, accepted the full posterior for 20.1%, and 
abstained on 4.3%. It achieved 54.4% selective accuracy at 
95.7% coverage, reduced context by 42.3%, and 
concentrated 68.8% of abstentions on otherwise wrong 
predictions. Its forced gain over BM25 was not significant, 
but its gain over dense RAG was. Adaptive evidence 
allocation and calibrated abstention therefore improve the 
efficiency-safety profile of scientific RAG, while stronger 
contradiction reasoning and sentence selection remain the 
main needs. 
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