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ABSTRACT

Retrieval-augmented generation (RAG) reduces unsupported generation by supplying external evidence, but retrieved
passages do not guarantee that the final answer is grounded. This study treats retrieval evidence quality as a direct risk
signal for hallucination detection. The evaluation uses a 17,790-row RAGTruth-processed dataset containing queries,
retrieved contexts, generated outputs, hallucination annotations, quality indicators, and generator metadata. The binary
target identifies whether an output contains hallucinated content, while secondary analysis distinguishes evident conflict
from baseless information. A reproducible feature pipeline measures lexical coverage, sentence-level support, semantic
support, entity drift, number drift, length relations, and metadata. Six methods are compared: a majority baseline,
metadata logistic regression, TF-IDF logistic regression, evidence-quality logistic regression, an evidence-plus-metadata
random forest, and a semantic evidence-quality gradient boosting model. On the held-out test split, the proposed model
achieves 0.950 accuracy, 0.944 precision, 0.910 recall, 0.927 F1, 0.944 macro-F1, 0.984 AUROC, and 0.979 AUPRC. It
identifies 858 of 943 hallucinated outputs while correctly preserving 1,706 of 1,757 grounded outputs. Ablation and
subgroup results show that semantic support is most effective when combined with generation metadata and that relation-
level conflict remains harder than unsupported entity or numeric insertion. The results establish evidence quality as an
auditable intermediate variable for RAG safety and support calibrated decisions to show, warn, regenerate, abstain, or
escalate an answer.

Keywords: retrieval-augmented generation, hallucination detection; evidence quality; semantic support; factual consistency;,
calibration; RAGTruth; machine learning evaluation

1. Introduction

Retrieval-augmented generation combines a neural generator with an external evidence store so that answers are
conditioned on retrieved documents rather than only on model parameters. The architecture grew from open-domain
retrieval and reading systems and now underlies many knowledge-intensive question-answering applications [1]-[4].
Modern transformer encoders and large language models make it possible to retrieve, integrate, and verbalize evidence at
scale [6]-[8]. The central promise is straightforward: external documents can improve factual coverage, expose
provenance, and reduce dependence on memorized knowledge.

The same architecture creates a distinct safety problem. A system can retrieve a relevant passage and still produce an
answer that adds unsupported details, reverses a relation, changes a number, or merges claims from incompatible
passages. Hallucination in a RAG setting is therefore relational rather than purely stylistic. It depends on whether the
query, retrieved evidence, and generated output agree. The RAGTruth corpus formalizes this setting with nearly 18,000
naturally generated responses and detailed hallucination annotations across tasks and generator models [5].

Research on factual consistency has established that fluent text may diverge from its source even when lexical overlap is
high. Document-summary comparison, question-generation metrics, fact verification, natural language inference, and
semantic similarity each capture part of this problem [9]-[15]. Sparse retrieval and term-weighting methods remain
valuable because exact entities, dates, identifiers, and numbers often require lexical matching [16], [17], while
summarization and question-answering research shows why paraphrase and answerability complicate direct overlap tests
[18]-[21].

This study frames retrieval evidence quality as the predictive object between retrieval and deployment. The goal is not
merely to label an answer after the fact, but to estimate how well each output sentence is supported by the retrieved
passages. Support, coverage, entity continuity, numerical continuity, and output-to-context relations can be computed
from information already available in a production RAG pipeline. These signals are interpretable enough to explain a
warning and compact enough to support low-latency monitoring.
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The experimental design compares increasingly informative baselines. A majority classifier measures the class-imbalance
floor. A metadata-only model tests whether task, generator, temperature, quality flag, and length statistics reveal
systematic risk. A TF-IDF model tests whether a conventional lexical representation is sufficient. Interpretable evidence-
quality features are then evaluated with linear and nonlinear classifiers. The proposed model applies gradient boosting to
semantic evidence-quality features and metadata so that support signals can interact with task and generator conditions.

Three questions guide the evaluation. First, do evidence-quality features improve hallucination detection over metadata
and output-text baselines? Second, which feature groups account for the improvement? Third, does the detector remain
stable across task types, generator models, quality labels, and hallucination subclasses? The answers matter operationally
because a RAG monitor must decide not only whether an answer is risky, but also whether to show it normally, attach a
warning, expand retrieval, regenerate, abstain, or route the case for review.

The study makes three contributions. It defines an auditable representation of retrieval evidence quality for query-context-
output triples; it reports a fixed, reproducible comparison on 17,790 RAGTruth-processed rows; and it links classification,
calibration, ablation, and subgroup analysis to practical intervention policies. The results show that evidence quality is a
measurable safety signal and that nonlinear combinations of semantic support and metadata produce the strongest balance
of precision and recall.

2. Literature Review
2.1 Retrieval, grounding, and provenance

Foundational RAG research joins parametric generation with non-parametric memory. Lewis et al. introduced end-to-end
retrieval-augmented generation for knowledge-intensive tasks [1], while REALM and dense passage retrieval developed
complementary retrieval and pretraining strategies [2], [3]. KILT extended evaluation toward knowledge-intensive
language tasks in which provenance is part of the output rather than an optional explanation [4]. Together, these studies
motivate a monitor that evaluates not only answer quality but also the connection between the answer and its evidence.

Classical retrieval remains relevant inside modern RAG systems. TF-IDF and probabilistic relevance models provide
transparent matching signals that are especially useful for exact names, identifiers, and numeric tokens [16], [17]. Dense
semantic representations add robustness to paraphrase, but they do not by themselves establish entailment. The distinction
is important for hallucination detection: a passage can be semantically close to an answer while failing to support a
specific relation or quantity.

The RAGTruth benchmark moves this problem from general factuality to evidence-conditioned generation. Its case-level
and word-level annotations distinguish unsupported or contradictory spans across question answering, summarization, and
data-to-text generation [5]. That diversity makes it suitable for evaluating a detector based on evidence quality rather than
one generator-specific writing style.

2.2 Hallucination and factual-consistency evaluation

Source-grounded hallucination detection builds on factual-consistency research in summarization. Maynez et al.
documented the gap between surface quality and faithfulness [9], Kryscinski et al. developed source-summary consistency
evaluation [10], and question-answering-based evaluation tested whether claims in generated summaries can be recovered
from the source [11]. Fact-verification and natural language inference benchmarks further emphasize evidence selection,
entailment, contradiction, and uncertainty [12], [13]. Semantic metrics such as BERTScore and lexical metrics such as
ROUGE provide useful similarity signals, but neither is equivalent to evidence support [14], [15].

Recent hallucination benchmarks broaden the evaluation perspective. SelfCheckGPT detects unsupported generation
through sampling consistency without requiring an external database [22]. HaluEval provides a broad benchmark for
hallucination recognition [23], and FActScore decomposes long-form generation into atomic claims for factual evaluation
[24]. These approaches show that hallucination can be measured at multiple granularities, but a deployed RAG system has
an additional advantage: it already possesses candidate evidence and can test claims directly against it.

RAG-specific evaluation frameworks make this relation explicit. RAGAS separates context relevance, faithfulness, and
answer relevance without requiring a fully labeled reference set [25]. ARES uses lightweight learned judges and limited
human labels to evaluate context relevance, answer faithfulness, and answer relevance [26]. The present study
complements these frameworks by learning a binary risk detector from structured, interpretable evidence-quality features
and evaluating its threshold behavior, error counts, and subgroup stability.
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2.3 Evidence-grounded applications and domain controls

Domain applications show why evidence grounding must be adapted to claim type. Claim-aware scientific RAG
emphasizes evidence-first retrieval and abstention when scientific support is inadequate [27]. A lightweight hallucination
firewall for enterprise applications combines evidence consistency, self-checking, and compact detection models [28].
Both approaches support the design choice in this paper: a useful monitor should expose why support is weak rather than
output only an opaque label.

Numerical and accounting applications place stronger demands on exactness. Evidence-grounded risk memos over SEC
filings use XBRL verification to check financial values [29], while financial RAG work identifies numerical hallucination
as a failure mode that may survive high semantic similarity [30]. Evidence-grounded disclosure question answering in
tokenized receivable settings similarly treats provenance and numeric continuity as first-class controls [31]. These studies
motivate the entity-drift, number-drift, and numeric-conflict features evaluated here.

Operational applications extend grounding to logs, executable systems, and long documents. Ambiguity-aware HDFS
anomaly detection couples retrieval with selective refusal [32], and conversational text-to-SQL uses execution feedback to
test whether generated outputs work against the target database [33]. Cloud-native DevOps question answering, evidence-
chain attribution, bilingual incident triage, long-document contractual analysis, and retrieval-summary integration for code
intelligence all emphasize traceable links between generated statements and domain evidence [34]-[38]. These settings
differ in surface form but share a common requirement: a fluent output should not be trusted when the evidence chain is
weak.

Safety verification also benefits from explicit evidence checks. VerifySafe uses evidence-based self-verification under
adversarial prompts [39]. Its intervention perspective aligns with the use of hallucination risk as a control signal rather
than a descriptive metric alone.

2.4 Calibration, selective prediction, and interpretability

A hallucination detector becomes operational only when its scores support decisions. Probability calibration connects
predicted risk to observed event frequency [43], while selective classification formalizes the option to abstain when
confidence is insufficient [44]. Human-uncertainty distillation provides a complementary example of learning calibrated
uncertainty from richer supervisory signals [47]. In RAG monitoring, these ideas translate into thresholds for showing,
warning, regenerating, or escalating an answer.

Interpretability is equally important because reviewers need to understand a flag. Local explanation methods and broader
interpretability principles emphasize that model outputs should be connected to meaningful input factors [45], [46].
Evidence-quality features have direct operational semantics: weak minimum sentence support identifies an ungrounded
claim; unsupported-entity rate identifies a new name; new-number rate identifies a quantity absent from the evidence; and
length ratios identify over-generation.

Recent interface-oriented work extends calibration to human oversight. Trust-calibrated multilingual RAG combines
grounded answers with confidence-aware access to humanitarian information [48], and privacy and data-integrity risk
cards organize evidence, uncertainty, and intervention cues for LLM agents [49]. These studies reinforce a key
deployment principle: risk scores are most useful when paired with evidence and a clear action, not presented as isolated
probabilities.

3. Method
3.1 Task formulation and dataset

Each observation is represented as a query-context-output triple with task and generator metadata. The primary target is a
binary hallucination label: one indicates that the generated output contains hallucinated content, and zero indicates that the
output is treated as grounded for binary detection. Evident-conflict and baseless-information labels are reserved for post-
hoc subtype analysis so that the binary classifier does not receive target leakage.

The evaluation uses the RAGTruth-processed split summarized in Table 1. The training partition contains 15,090 rows
and the test partition contains 2,700 rows. Hallucinated outputs account for 6,721 training rows and 943 test rows. The
split also preserves subclass and quality annotations, enabling error analysis under the same distribution used for the main
comparison.
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Table 1. RAGTruth-processed experimental profile.

Split Rows Halluc. Conflict Baseless Both Good Truncated II;Z?:::: t
Train 15,090 6,721 3,389 4,945 1,613 14,942 28 120
Test 2,700 943 469 638 164 2,675 1 24
Total 17,790 7,664 3,858 5,583 1,777 17,617 29 144

Table 2 maps the available fields to their role in feature construction and analysis. All predictors are derived from
information available after retrieval and generation. Gold hallucination annotations are used only as training targets or
evaluation labels.

Table 2. Dataset fields and their experimental use.

Available field Role in dataset Use in this method

Query length; query-context overlap; query-

i .
query User information need output overlap

Context length; sentence-support target; entity

text Retri lied to th t .
contex etrieved passages supplied to the generator T
output Generated answer under audit Output length; coverage; sentence support; entity
and number drift
. ical fi
el i Groremton ik s Categquca metadata feature and subgroup
- analysis
quality Generation quality assessment Categorical metadata feature and quality
subgroup
model Gt ety Categorical metadata feature and generator
subgroup
temperature Generation setting Numeric metadata feature
labels Hallucination and subtype annotations Training target and post-hoc subtype evaluation

3.2 Evidence-quality feature construction

The feature extractor measures three complementary properties: coverage, support, and drift. Coverage asks whether
query and evidence terms appear in the output. Support asks whether each generated sentence is backed by retrieved text.
Drift asks whether the answer introduces entities or numbers that require evidence but are absent from the retrieved
context. The complete grouping is summarized in Table 3.

Lexical features include query-context overlap, query-output overlap, output-context token overlap, context length, output
length, query length, and the output-to-context length ratio. Lowercased alphanumeric token sets are used for overlap.
These features capture exact continuity and over-generation without assuming that surface overlap alone establishes
correctness.

For sentence-level support, the output is segmented at punctuation boundaries. Each output sentence is compared with the
retrieved context, and the extractor records mean, minimum, and maximum support, support margin, and support entropy.
Minimum support is particularly important because a single unsupported sentence can make an otherwise grounded
answer unsafe. Entropy distinguishes uniformly supported answers from outputs in which evidence is concentrated in only
one sentence.

Semantic and factual-drift features aggregate these relations. A semantic-support score combines sentence support and
context coverage. Unsupported-entity rate counts capitalized entity-like spans introduced by the output but absent from
the context. New-number rate measures output numbers not found in the evidence, and a numeric-conflict flag captures
simple incompatible numeric claims. These features approximate the evidence-comparison behavior of an LLM judge
while remaining deterministic, lightweight, and auditable.

Table 3. Evidence-quality feature groups.

Feature group Features Prediction rationale

Output-context, query-context, and query-output = Tests continuity between the request, evidence,

Lexical coverage
overlap and answer
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Feature group Features Prediction rationale
. . hecks wheth i

Sentence support Mean/min/max support; margin; entropy € 1OCKS W ether every output sentence recetves
evidence

Semantic support Semantic-support score Aggregates sentence support and contextual
coverage

Entity drift Unsuzamizdkenity s Flggs entity-like spans introduced outside the
evidence

Number drift New-number rate; numeric-conflict flag Flags unsupported or incompatible quantities

Lo rktfom Output/context ratio; context length; output Detects over-generation and unusually terse

length answers
Metadata Task, quality, model, temperature Captures generation conditions available at

inference time

3.3 Models and training

Figure 1 shows the end-to-end pipeline. A query, retrieved context, and generated output enter a deterministic feature
layer. Lexical, sentence-support, semantic, drift, length, and metadata features are then passed to the candidate classifiers.
The selected model outputs a hallucination probability and a thresholded decision for downstream intervention.

Retrieval evidence quality prediction pipeline

Query + Context Evidence Quality Semantic Support Hallucination
+ Output Feature Extractor & Conflict Scores Risk Model
Metadata Calibrated
Model, Task, Quality Decision

Figure 1. Retrieval evidence-quality prediction pipeline used in the experiment.
Table 4 lists the six comparison methods. Logistic-regression pipelines standardize numeric variables and one-hot encode
categorical metadata. The TF-IDF baseline uses 5,000 unigram features over the concatenated query, context, and output.
Tree models receive the raw bounded numeric features and encoded categories. Implementations use scikit-learn [40]; the
nonlinear baselines follow the random-forest and gradient-boosting formulations in [41] and [42].

Table 4. Models and hyperparameters.

Method Model family | Hyperparameters
Majority Most frequent train label No learned parameters
Metadata LR Balanced logistic regression liblinear; max_iter=400
TF-IDF LR Unigram TF-IDF + balanced LR 5,000 features; min_df=3; max_iter=400
Evidence-quality LR Balanced LR over evidence features Evidence features only; max_iter=400
Evidence+metadata RF Random forest 80 trees; (.iepth=8; min leaf=15; balanced

subsampling

Trgys o] SemmatleTEE) 8 Gt brasins 90 estimators; rate=0.055; depth=3; min leaf=20;

subsample=0.85
3.4 Preprocessing, threshold selection, and evaluation

Text is lowercased for lexical overlap, punctuation is removed for token sets, and output sentences are segmented with
punctuation boundaries. Categorical columns are learned on the training data and fixed before test transformation. Feature
extraction does not use test labels. Random seed 37 controls stochastic model operations.
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The proposed model first produces probabilities on the training split. Thresholds from 0.20 to 0.80 are evaluated in
increments of 0.005. The selection objective prioritizes F1, applies a mild precision preference, and penalizes extreme
precision-recall imbalance. The resulting threshold, 0.490, is fixed before one-time evaluation on the held-out test set.

Evaluation reports accuracy, hallucination-class precision, recall, F1, macro-F1, AUROC, AUPRC, Brier score, and
confusion counts. Threshold metrics quantify the chosen operating point, while AUROC and AUPRC measure ranking
quality across thresholds. Brier score measures probability quality and is relevant to calibrated decision policies [43].
Selective prediction principles motivate using the score to abstain or escalate uncertain cases rather than forcing a binary
answer in every instance [44].

4. Results and Discussion

4.1 Label distribution and overall performance

Figure 2 shows the train and test label distribution. Hallucination is common enough to require active detection but
remains the minority class: 943 of 2,700 test outputs are hallucinated. A majority classifier therefore obtains superficially
acceptable accuracy while failing the safety objective because it predicts no positive cases.

RAGTruth-processed label distribution

label
14000 1 mmm Non-hallucinated

@ Hallucinated
12000 A

10000 A

8000 A

Rows

6000 A

4000 A

2000 A

test
train

Split

Figure 2. Train and test distribution of hallucinated and non-hallucinated outputs.

Table 5 reports the main test results. The majority baseline reaches 0.651 accuracy but zero hallucination precision, recall,
and F1. Metadata logistic regression improves F1 to 0.776, demonstrating systematic variation by task, generator, quality
condition, temperature, and length. It still cannot determine whether a particular answer is supported by its particular
context.

Table 5. Main experimental comparison on the test split.

Method Acec. Prec. Recall F1 Macro-F1 AUROC AUPRC Brier
Majority 0.651 0.000 0.000 0.000 0.394 0.500 0.349 0.237
Metadata LR 0.840 0.758 0.794 0.776 0.825 0.890 0.884 0.116
TF-IDFLR | 0.932 1.000 0.805 0.892 0.921 0.971 0.967 0.061
BelEngs- 0.839 0.737 0.839 0.785 0.828 0.922 0.853 0.113
quality LR
Evidencetmet ) o, 0.956 0.890 0.921 0.941 0.985 0.979 0.052
adata RF
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Method Acc. Prec. Recall F1 Macro-F1 AUROC AUPRC Brier
Proposed
Semantic-EQ ' 0.950 0.944 0.910 0.927 0.944 0.984 0.979 0.042
GB

The TF-IDF model reaches 0.892 F1 with perfect precision but misses 184 hallucinated rows. Its conservative behavior
shows that lexical continuity is a strong signal, yet it does not capture all unsupported paraphrases or relation changes.
Evidence-quality logistic regression detects more hallucinations, reaching 0.839 recall, but its linear boundary generates
282 false positives. This trade-off indicates that evidence features require nonlinear interaction rather than a single
additive score.

The two nonlinear evidence models provide the best balance. The random forest reaches 0.921 F1 with 0.956 precision
and 0.890 recall. The proposed gradient boosting model raises recall to 0.910 and F1 to 0.927 while maintaining 0.944
precision. Its 0.042 Brier score is the lowest among all methods, indicating that the gain is not limited to a threshold-
specific classification result.

The confusion counts in Table 6 make the operating trade-off concrete. The proposed model identifies 858 of 943
hallucinated outputs, produces 51 false alarms, preserves 1,706 grounded outputs, and misses 85 hallucinations. Relative
to the random forest, it accepts 12 additional false positives but recovers 19 additional hallucinated cases, producing the
strongest F1 for a safety-oriented monitor.

Table 6. Confusion-count comparison on the test split.

Method | TP FP TN FN
Majority 0 0 1,757 943
Metadata LR 749 239 1,518 194
TF-IDF LR 759 0 1,757 184
Evidence-quality LR 791 282 1,475 152
Evidence+metadata RF 839 39 1,718 104
Proposed Semantic-EQ GB | 858 51 1,706 85

4.2 Ranking quality and probability behavior

Figure 3 compares F1, AUROC, and AUPRC. The nonlinear evidence models lead on all three dimensions. Their high
AUPRC values are especially important because precision-recall evaluation focuses on the hallucination class under
imbalance.

Experimental comparison on the test split

107 mm F1

W AUROC
BN AUPRC
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Figure 3. F1, AUROC, and AUPRC comparison across the tested methods.
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Figure 4 shows the corresponding ROC curves. The evidence-plus-metadata models maintain strong true-positive rates
across a broad range of false-positive rates, confirming that their advantage is not an artifact of the selected threshold. TF-
IDF also ranks cases well, but the thresholded result remains deliberately conservative.

ROC curves
1.0 1 —— —
’/
7
7’
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7’
4
7
0.8
[0}
)
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[0}
=
«
o
o
g 0.4
I—
7
. - Metadata LR (0.890)
0.2 P
,/ —— TF-IDF LR (0.971)
i = Evidence-quality LR (0.922)
,/’ - Evidence+metadata RF (0.985)
S - Proposed Semantic-EQ GB (0.984)
0.0 + 4 == Chance
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Figure 4. ROC curves for hallucination-risk ranking.
4.3 Ablation and feature importance
Table 7 isolates the contribution of feature groups. Support-only and coverage-only models reach 0.757 and 0.768 F1,
respectively. Entity-number probes achieve perfect precision and 0.853 F1, showing that factual drift is highly diagnostic
when it occurs but does not cover every hallucination. Semantic support alone behaves similarly to other support features.
The strongest reduced model combines semantic evidence features with metadata and reaches 0.924 F1, close to the full
model.

Table 7. Ablation results for evidence-quality feature groups.

Feature set Acc. Prec. Recall F1 Macro-F1 AUROC AUPRC Brier
Supportonly | 0.821 0.719 0.799 0.757 0.807 0.906 0.819 0.123
Coverage only = 0.835 0.754 0.782 0.768 0.820 0.899 0.867 0.117
Entity-number ) o, 1.000 0.743 0.853 0.894 0.868 0.876 0.081
probes
Sameie 0.823 0.739 0.764 0.751 0.807 0.902 0.822 0.124
support
Semantic + 0.949 0.956 0.895 0.924 0.943 0.981 0.974 0.045
metadata

Figure 5 ranks the most important variables in the proposed model. Output length, minimum sentence support, output-
context overlap, support entropy, support margin, and semantic support appear among the strongest predictors. The
ranking is consistent with the ablation results: no single scalar explains hallucination risk, and the best model combines
local support, global coverage, drift, and generation conditions.
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Top evidence quality features

output_len
min_sentence_support
output_context_token_overlap
support_entropy
support_margin
semantic_support_score 1
mean_sentence_support
max_sentence_support
query_output_overlap -
output_to_context_len_ratio

model_llama-2-7b-chat -

model_gpt-4-0613 -

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Gradient boosting importance

Figure 5. Top feature importances for the proposed gradient boosting model.
4.4 Calibration and decision support
Figure 6 plots predicted risk against observed hallucination frequency. Low-risk bins are dominated by grounded outputs,
and high-risk bins correspond to high empirical hallucination rates. The curve is not perfectly diagonal in every middle

bin, but the 0.042 Brier score supports using the probabilities for tiered intervention rather than only for a fixed binary
label.

Reliability curve

1.0 1 —@— Proposed

- == Perfect ,

0.8 1

0.6 1

0.4

Observed hallucination rate

0.2 1

0.0 1

T T

0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted hallucination risk

Figure 6. Reliability curve for the proposed hallucination-risk probabilities.

A practical policy can map low risk to normal presentation with citations, medium risk to highlighted evidence and a
warning, and high risk to retrieval expansion, regeneration, abstention, or human review. Such a policy follows calibrated
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selective-prediction principles [43], [44]. The feature values can also support local explanations: unsupported entities, new
numbers, weak sentence support, and unusual length relations identify the reason for escalation in a form that is easier to
audit than an opaque score [45], [46].

Figure 7 presents the final confusion matrix and emphasizes that the operating threshold preserves most grounded answers
while catching most hallucinated ones.

Confusion matrix: proposed model

True no A 1706
True hall.

Pred. no Pred. hall.
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1000

800
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Figure 7. Confusion matrix for the proposed semantic evidence-quality model.
4.5 Subgroup and hallucination-type analysis

Task-level results in Table 8 remain above 0.900 F1 for data-to-text, question answering, and summarization. Question
answering produces the highest F1 at 0.939, while summarization is hardest at 0.901. Summaries can preserve meaning
through compression and paraphrase despite lower surface overlap, so they require stronger semantic support than span-
oriented question answering.

Table 8. Proposed-model subgroup results by task type.

Task type n Acc. Prec. Recall F1 Macro-F1 AUROC AUPRC
Data-to-text 871 0.945 0.958 0912 0.934 0.943 0.987 0.986
QA 887 0.958 0.953 0.926 0.939 0.954 0.987 0.982
Summary 942 0.946 0913 0.889 0.901 0.932 0.978 0.963

Table 9 reports generator-model performance. F1 ranges from 0.895 to 0.939, and no generator subgroup collapses.
Precision-recall profiles differ, however: gpt-4-0613 is relatively recall-oriented, while llama-2-7b-chat is highly precise.
Including generator identity as metadata therefore helps the detector adapt to systematic differences without relying
exclusively on stylistic cues.

Table 9. Proposed-model subgroup results by generator model.

Generator n Ace. Prec. Recall F1 Macro-F1 AUROC AUPRC
model
gpt-3.5-
By 465 0.951 0.933 0.860 0.895 0.931 0.973 0.953
gpt-4-0613 | 464 0.950 0.879 0.919 0.899 0.933 0.979 0.958
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L n Acc. Prec. Recall F1 Macro-F1 AUROC AUPRC

model

g}e::tla—Z—ISb— 462 0.955 0.959 0.904 0.931 0.949 0.987 0.982

Eﬁ;‘t‘a'z'mb' 427 0.958 0.952 0.926 0.939 0.953 0.987 0.983

Eﬁ;‘a'z'%‘ 449 0.935 0.964 0.910 0.936 0.935 0.988 0.990

mistral-7B-

: 433 0.949 0.948 0.927 0.938 0.947 0.986 0.984

1nstruct

Quality-label results in Table 10 show 0.927 F1 on rows marked good and 0.917 F1 on incorrect refusals. The latter
subgroup is small, so it should be interpreted cautiously, but the result confirms that surface-quality labels and
hallucination labels are not interchangeable.

Table 10. Proposed-model subgroup results by quality label.

Quality n Ace. Prec. Recall F1 Macro-F1 AUROC AUPRC

good 2675 0.950 0.944 0.911 0.927 0.945 0.985 0.979

incorrect_refu

sal 24 0.917 1.000 0.846 0.917 0.917 0.958 0.973

Hallucination-type results in Table 11 identify the main residual weakness. Baseless information and the overlap class are
detected at a correct rate of 1.000, whereas evident conflict reaches 0.819. Grounded-output specificity is 0.971. This
pattern is consistent with the feature design: new entities and numbers are visible as drift, while a contradiction can reuse
the same vocabulary and differ only in relation, polarity, scope, or condition.

The type result points to a clear extension. Stronger entailment-sensitive features, cross-encoders, or calibrated natural
language inference can improve relation-level conflict detection [12], [13]. The current detector already provides a strong
deployable signal, but conflict-heavy domains should assign additional weight to entailment verification and exact claim
decomposition.

Table 11. Hallucination-type analysis for the proposed model.

Type n Correct rate Mean predicted risk
Evident conflict 469 0.819 0.732
Baseless information 638 1.000 0.984
Both 164 1.000 0.985
No hallucination 1,757 0.971 0.094

5. Limitations

The evaluation is tied to one processed benchmark and its fixed train-test distribution. Production systems face changes in
corpora, retrievers, prompts, generator versions, user populations, and document freshness. A deployed monitor should
therefore be revalidated after material changes to retrieval or generation and should include temporal and domain-shift
tests.

The semantic evidence features are lightweight proxies for deeper claim-level reasoning. They perform strongly on
unsupported entities, numbers, and low-support sentences, but they are less sensitive to contradictions that preserve
vocabulary while changing a relation, condition, negation, or comparison. Incorporating calibrated entailment models or
claim-specific cross-encoders is the most direct next step.

Subgroup sizes are uneven. The incorrect-refusal group contains only 24 test cases, and the truncated group contains a
single test row, so those categories cannot support the same level of statistical confidence as the main task and generator
groups. Broader evaluation should report confidence intervals or repeated resampling for small operational categories.

The study evaluates detection rather than the full intervention loop. A production policy must attach costs to false
negatives, false positives, regeneration, latency, and human review. User studies are also needed to determine how
evidence highlights and risk explanations affect trust, verification behavior, and decision quality. The current results
supply the risk signal and interpretable features required for those evaluations.
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6. Conclusion

This study presented a reproducible approach to retrieval evidence-quality prediction for RAG hallucination detection.
The method evaluates hallucination as a relation among the query, retrieved passages, and generated output. It combines
lexical coverage, sentence support, semantic support, entity drift, number drift, length relations, and metadata, then
compares six classifiers under a fixed split and seed.

The semantic evidence-quality gradient boosting model achieves the strongest overall test result: 0.950 accuracy, 0.944
precision, 0.910 recall, 0.927 F1, 0.944 macro-F1, 0.984 AUROC, and 0.979 AUPRC. It detects 858 hallucinated outputs
while preserving 1,706 grounded outputs. Ablation shows that evidence support is informative but incomplete and that
semantic evidence features become most effective when combined with task and generator conditions.

The findings support three conclusions. Evidence quality is a strong and auditable predictor of hallucination risk;
nonlinear interaction is necessary because support signals behave differently across tasks and generators; and
hallucination subtypes require different controls. Baseless information is well captured by drift and support features,
whereas evident conflict requires stronger entailment-sensitive modeling. A RAG system can use the resulting risk score
to decide when to present an answer, attach a warning, expand retrieval, regenerate, abstain, or escalate for review.
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