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Abstract

Many domains require reasoning over unstruc-
tured text to identify attributes of interest that
are not stated in a standardised form. Useful
judgements on the presence of these attributes
should also express calibrated confidence state-
ments and cite supporting text as evidence.
We define this task as Finding Attributes
with Supporting Text (FAST). We introduce
FAST-Eval, an uncertainty evaluation frame-
work for confidence calibration, attribute iden-
tification and evidential grounding in FAST, to-
gether with a dataset of 1,000 human-annotated
(document, attribute) pairs validated against
an independent recruitment expert (Spearman
ρs = 0.853, binary κ = 0.715). Taking em-
ployability skills in CVs as a case study, we
use FAST-Eval to test whether FAST-LoRA,
a Low-Rank Adaptation (LoRA) adapter ap-
plied to Qwen3-8B, improves performance in
these three dimensions. Trained on 500 pairs,
FAST-LoRA outperforms its untuned Qwen3-
8B counterpart and GPT-5 on unseen skill iden-
tification (F1 0.877 vs 0.736 and 0.766) and
calibration, while matching GPT-5 on citation
fidelity. Both untuned models assign the high-
est confidence level to about half their judge-
ments; FAST-LoRA instead distributes confi-
dence across the scale and makes fewer unsup-
ported positive predictions. These results sug-
gest that modest domain adaptation is a more
effective strategy than scaling model parame-
ters for FAST.

1 Introduction

In decision-support contexts, identifying attributes
of interest is inherently uncertain because source
documents rarely express relevant attributes as ex-
plicit, standardised statements. A system must
therefore determine whether incomplete, indirect or
ambiguous evidence supports a target attribute, ex-
press its confidence in that judgement and identify
the supporting text. Recruitment provides an in-
structive example: deciding whether a CV demon-

strates a target skill requires more than match-
ing headings or keywords. The same detect-then-
verify structure recurs in domains such as legal
review, medical assessment and compliance screen-
ing. Building on benchmark data and experimen-
tal results originally produced as part of an MSc
dissertation (Forster, 2026), this paper formalises
the task of Finding Attributes with Supporting
Text (FAST) and introduces FAST-Eval, an uncer-
tainty evaluation framework for jointly assessing
confidence calibration, attribute identification and
evidence attribution.

Large language models are capable generative
information extractors (Xu et al., 2024), but three
properties obstruct their use where errors are costly.
Their confidence estimates can be poorly calibrated
(Geng et al., 2024); they generate content unsup-
ported by the source (Ji et al., 2023; Schmidtova
et al., 2025); and attaching citations does not guar-
antee complete or faithful support (Gao et al., 2023;
Zhang et al., 2024; Rashkin et al., 2023). AI sys-
tems used to analyse job applications or evaluate
candidates are listed as high-risk under the EU AI
Act, whose human-oversight provisions require de-
ployers to be able to interpret and override outputs
(European Parliament and Council, 2024). The
risk is concrete: Amazon abandoned an experimen-
tal recruiting tool after it learned to penalise CVs
containing terms associated with women (Dastin,
2018). This motivates exposing confidence and ev-
idence for inspection at the level of each decision.

We therefore ask whether a model’s stated con-
fidence accurately reflects the reliability of each
judgement, allowing uncertain cases to be referred
for human review. Parameter-efficient fine-tuning
(PEFT), and Low-Rank Adaptation (LoRA) in par-
ticular (Hu et al., 2021), offers a low-cost way
to teach this behaviour. We test whether it im-
proves calibration without sacrificing identification
or grounded evidence.
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Contributions. We introduce the task of Finding
Attributes with Supporting Text (FAST): given a
document and a target attribute, decide whether it is
present, how confidently, and with what supporting
quotation. For FAST we contribute:

1. FAST-Eval (§4), an uncertainty-aware eval-
uation framework that scores communicated
ordinal confidence, attribute identification and
evidence attribution together, instantiated on
1,000 human-annotated (document, skill) pairs
with independently validated confidence and
evidence-span labels.

2. FAST-LoRA (§5.2), a parameter-efficient
adapter, built on LoRA (Hu et al., 2021),
that trains an open-source model to emit task-
facing ordinal confidence and grounded, ver-
batim citations for a target attribute.

3. An uncertainty-focused analysis of the re-
sulting pair-level outputs, testing calibration-
target sensitivity and whether the ordinal scale
supports selective prediction and deferral.

FAST-Eval is designed as a reusable, domain-
independent framework, instantiated here on em-
ployability data to benchmark FAST-LoRA. We ask
whether adaptation improves (RQ1) confidence cal-
ibration, (RQ2) attribute identification and (RQ3)
evidence attribution. Under the primary mapping
and mapping-independent ordinal metrics, FAST-
LoRA is better calibrated than both untuned mod-
els; it also improves identification F1 and matches
GPT-5 on citation fidelity (§6).

2 Related Work

Skill and attribute extraction. Skill extraction
from job-market text is commonly framed as super-
vised sequence labelling, with SkillSpan (Zhang
et al., 2022) providing span-level annotations and
BERT baselines. Such systems detect that a skill
term appears rather than verify whether its sur-
rounding context actually supports its application.
FAST targets verification: simple vocabulary over-
lap alone is insufficient, and each judgement must
include confidence and supporting evidence.

Claim and evidence verification. Closely re-
lated tasks pair a label for a targeted propo-
sition with supporting evidence, following the
rationalised-prediction paradigm of ERASER
(DeYoung et al., 2020). Evidence Inference pre-
dicts a categorical treatment-effect relation from
a clinical-trial report and structured query, while
identifying supporting evidence (Lehman et al.,

2019). FEVER and SciFact instead verify free-
form claims using retrieved evidence (Thorne et al.,
2018; Wadden et al., 2020). FAST evaluates a pre-
specified attribute, returns calibrated ordinal confi-
dence rather than a categorical label, and scores
identification, calibration and grounding jointly.
An ERASER-style model could be adapted by treat-
ing each document–attribute pair as a classifica-
tion instance and its extracted rationale as the cita-
tion. This would provide identification and span-
selection baselines, but matching FAST would re-
quire a new ordinal output space, confidence su-
pervision and source-fidelity checks. ERASER is
therefore a useful design basis rather than a directly
applicable off-the-shelf baseline.

Attributed generation. Attributed question an-
swering and citation generation make model out-
puts verifiable by testing whether generated state-
ments are supported by cited sources (Rashkin
et al., 2023; Gao et al., 2023; Zhang et al., 2024).
FAST differs in assessing a pre-specified attribute
rather than a free-form answer, pairing every judge-
ment with ordinal confidence and a citation, and
evaluating identification, calibration and grounding
together rather than attribution alone.

Expressed uncertainty and calibration. Lin-
guistic calibration asks whether expressed doubt or
confidence tracks correctness (Mielke et al., 2022).
Verbalised confidence can be better calibrated
than conditional token probabilities in question-
answering tasks (Tian et al., 2023), yet need not re-
flect intrinsic model uncertainty (Yona et al., 2024).
Related approaches fine-tune models to output cal-
ibrated probabilities (Kapoor et al., 2024), apply
post-hoc calibration to entity matching (Kamsteeg
et al., 2025), or derive confidence from internal ac-
tivations for RAG abstention (Huang et al., 2025).
FAST instead supervises decision-facing ordinal
confidence, anchors it to a targeted attribute judge-
ment, and evaluates it jointly with human confi-
dence labels and source evidence.

Domain adaptation with PEFT. LoRA injects
trainable low-rank updates into frozen model
weights at a fraction of full fine-tuning’s cost (Hu
et al., 2021). Prior work uses it to customise gen-
eration style and adapt dialogue models (Liu et al.,
2024; Alghisi et al., 2024). We extend the evalua-
tion beyond style or task performance to confidence
calibration and evidential grounding in specific do-
mains.
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Hallucination and evaluation. Hallucination
constitutes fluent output that is unfaithful to or un-
verifiable from its source (Ji et al., 2023). Human
evaluations vary and frequently omit guidelines
or inter-annotator agreement (Schmidtova et al.,
2025); annotation format can also affect halluci-
nation detection and agreement (Liu et al., 2025).
Citation support is itself difficult to assess reliably
(Zhang et al., 2024). Following recommendations
for reproducible human evaluation (Thomson and
Belz, 2024), FAST-Eval pre-specifies its annota-
tion and exclusion criteria, reports inter-annotator
agreement, applies deterministic shared scoring,
and keeps confidence, identification and evidence
separate rather than collapsing them into one score.

3 Task Formulation and Uncertainty
Representation

We define the task as Finding Attributes with
Supporting Text (FAST). Its generic unit of anal-
ysis is a (document, attribute) pair, instantiated
in this study as a (CV document, skill) pair (d, s).
Given a CV and a recruiter-specified target skill,
the model outputs (i) an ordinal confidence score
ĉd,s ∈ {1, . . . , 5} that the document evidences the
skill, and (ii) a verbatim citation extract êd,s from
the document supporting that judgement. For con-
fidence levels 2–5, the extract is the strongest avail-
able evidence for the judgement, even when that
evidence is weak or inconclusive; level 1 explic-
itly denotes that no supporting evidence exists and
therefore requires an empty extract. The task is
targeted: the model assesses an explicit attribute
set rather than discovering attributes open-endedly,
which bounds output entropy and enables like-for-
like cross-model comparison. The ground truth for
each pair is (c∗d,s, e

∗
d,s).

The confidence score states how certain the
model is that the attribute is present or absent.
FAST-Eval tests whether these reported levels
match how often the decisions are correct and how
confident human annotators are.

Confidence scale. Confidence uses a five-point
ordinal scale with fixed semantic anchors, applied
identically to model prompts and human annotation
(Table 1). Binary present/absent labels are derived
by thresholding at ĉ ≥ 4. A continuous 0–100
scale was trialled and rejected: both models and
annotators clustered on round decades, giving the
appearance but not the substance of fine resolution.
Five anchored levels are genuinely discriminative

at every step.

L Anchor Binary

1 Definitely not present Absent
2 Probably not present Absent
3 Unclear / mixed Absent
4 Probably present Present
5 Definitely present Present

Table 1: Ordinal confidence scale.

Citation constraint. At levels 2–5, the extract
must be a verbatim quote giving the best available
textual basis for the score, whether it supports pres-
ence, absence or uncertainty. This allows it to be
(a) checked against the source for fidelity and (b)
compared to the annotated span for relevance. At
level 1, where the judgement is that no evidence
exists, the extract must be empty. This mirrors
a hypothetical real-world deployment: a reviewer
should be able to locate the basis of any non-trivial
judgement in the original document.

Input
Skills: ["Project Management", "SQL"]
Document: "Senior Graphic Designer. . . Successfully
orchestrated complex projects from the idea stage through
design, mock-up, and final rendering. . . "

Output
[{"skill_id":"Project Management",
"confidence_score":5,
"reference_extract":"Successfully orchestrated complex
projects. . . "},
{"skill_id":"SQL","confidence_score":1,
"reference_extract":""}]

Figure 1: Sample input/output.

Figure 1 shows a representative instance: the
model returns confidence 5 with a grounded cita-
tion for a demonstrated skill, and confidence 1 with
an empty citation for a skill with no support in the
document.

4 FAST Evaluation Framework

The FAST Evaluation Framework (FAST-Eval)
is a reproducible framework for evaluating any sys-
tem that returns the FAST output schema: an ordi-
nal confidence judgement and a supporting citation
for each document–attribute pair. It jointly scores
three dimensions:
• Confidence calibration: whether its ordinal con-

fidence tracks human judgement and the expected
correctness of each confidence level;

• Attribute identification: whether the system
correctly judges the target attribute as present or
absent; and
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• Evidence attribution: whether its citation iden-
tifies relevant evidence and is faithfully grounded
in the source.

These dimensions are evaluated against indepen-
dently validated human labels, with determinis-
tic output normalisation, explicit reporting of un-
parseable outputs, matched seen and held-out parti-
tions, and paired uncertainty and significance anal-
ysis. The following subsections specify the bench-
mark, validation, metrics and procedure so that the
same framework can be applied to FAST-LoRA,
an untuned model, or another system that emits
the required schema. The output schema and scor-
ing procedure are reusable across domains: for
example, a contract and a target legal clause could
replace a CV and skill without changing what the
system outputs or how it is scored. Each applica-
tion nevertheless requires a domain-specific ground
truth comprising new target attributes, documents
and expert-validated annotations. The empirical re-
sults in this paper therefore establish performance
only for English CV skill verification, with merit
in investigating other domains in future work.

4.1 Dataset and Ground Truth
Documents are sampled without replacement from
Opensporks (Opensporks, 2024), a public corpus of
approximately 2,480 English CVs across 24 profes-
sional categories, using its plain-text field. Target
attributes are sampled from the ESCO taxonomy
(European Commission, 2017), drawing from its
knowledge and skill concepts as well as transver-
sal skills. The benchmark includes both attributes
that tend to be stated explicitly and those typically
inferred from described experience, testing lexical
and inferential verification behaviour. Skills absent
from a document are included at equal frequency
to present ones, providing the negatives required to
measure precision.

The benchmark comprises 500 training pairs and
500 held-out pairs, stratified across four buckets
of one to four skills per document, so that perfor-
mance can be measured against query complexity
rather than in aggregate alone. All 1,000 pairs were
manually annotated by the first author, a native En-
glish speaker and MSc Computer Science student
who designed the task and annotation guidelines;
no crowd workers were used. Annotation required
approximately 80 hours over six weeks. For each
pair, the annotator viewed the plain-text CV and
target skill, assigned one of the five anchored con-

fidence levels in Table 1, and selected the minimal
verbatim passage that best justified the judgement.
Levels 2–5 required a citation, while level 1 re-
quired an empty extract. The protocol prioritised
explicit evidence, allowed strong indirect evidence
when clearly relevant, and resolved remaining am-
biguous cases conservatively as absent. Where
several passages were relevant, the strongest rep-
resentative span was retained. Binary labels were
derived only afterwards by thresholding the ordinal
annotation at level 4.

4.2 Expert Validation of Labels
Inter-annotator agreement is frequently under-
reported in NLG human evaluation (Schmidtova
et al., 2025). To validate the primary annotations,
an independent academic who is a native English
speaker and has professional hiring experience re-
annotated 100 pairs from the training partition. The
expert received the same written definitions, confi-
dence anchors, citation requirements and conserva-
tive tie-breaking rule used for the full benchmark,
followed by a brief orientation to the response form.
No labelled examples were shared, and the first au-
thor’s labels remained withheld throughout. The
expert then annotated each pair independently us-
ing a dedicated questionnaire containing the target
skill, CV text and separate fields for confidence and
citation. The expert labels served only to validate
the reliability of the primary annotations; they did
not replace or adjudicate the benchmark labels.

Agreement was strong on all three dimensions
(Table 2): ordinal Spearman ρs = 0.853 and
linear-weighted κw = 0.664 (substantial); binary
κ = 0.715 (substantial); and a two-step citation hit
rate of 83.6%. All four pre-specified acceptance
thresholds (ρs≥0.70, κw≥0.60, binary κ≥0.60,
citation hit ≥ 70%) were met, so no remediation
was required.

Metric Value Interp.

Spearman ρs 0.853 strong (p<.001)
Weighted κ (linear) 0.664 substantial
Weighted κ (quadratic) 0.825 near-perfect
Exact / within-one 51% / 92% —

Binary agreement 86% —
Binary Cohen’s κ 0.715 substantial

Citation hit rate 83.6% 61/73 pairs
Mean Jaccard 0.608 —

Table 2: Inter-annotator agreement.
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Disagreements concentrated at intermediate con-
fidence levels and on transversal or implicit-
technical skills, as anticipated: citation agreement
rose monotonically with confidence, from 60% at
level 2 to 95% at level 5, consistent with ambiguous
borderline evidence rather than a systematic differ-
ence in annotation strategy. The study serves two
purposes. First, it acts as a pre-specified quality
gate for the labels, reducing the risk that down-
stream differences are driven by annotation noise.
Second, it provides a human reference point: the
83.6% citation agreement demonstrates the ambi-
guity inherent in evaluating span selection against
a single annotated citation (§6). One directional
bias is recorded: our positive rate (38%) is lower
than the expert’s (46%), so the primary labels may
understate precision.

4.3 Evaluation Metrics
All metrics use a shared, deterministic evaluation
codebase and are applied identically to every con-
dition. They operationalise FAST-Eval’s three eval-
uation dimensions as follows.

RQ1 — Confidence calibration. We map each
level to an implied presence probability p(l) =
(l−0.5)/5, giving {0.1, 0.3, 0.5, 0.7, 0.9}. For pre-
dictions assigned level l, the level-wise binary ac-
curacy acc(l) is the proportion whose thresholded
binary decision agrees with ground truth: absence
at levels 1–3 and presence at levels 4–5. Its target
is the confidence assigned to that decision:

q(l) =

{
1− p(l), l ∈ {1, 2, 3},
p(l), l ∈ {4, 5}.

This gives correctness targets
{0.9, 0.7, 0.5, 0.7, 0.9}. We then compute an
Ordinal Calibration Error, weighting each level by
its prediction count nl out of N total predictions:

OCE =
5∑

l=1

nl

N

∣∣acc(l)− q(l)
∣∣,

an ordinal adaptation of the standard Expected
Calibration Error (Geng et al., 2024). We also
report Spearman ρs between predicted and ground-
truth confidence (mapping-independent), exact-
match rate, within-one rate and mean absolute error
(MAE).

Two supplementary analyses test how useful and
robust the communicated confidence is. For se-
lective prediction, we report binary accuracy and

coverage when retaining (i) every level, (ii) all ex-
cept the maximally uncertain level 3, and (iii) only
the most decisive levels 1 and 5. For mapping
sensitivity, we recompute OCE with compressed
correctness targets {0.80, 0.65, 0.50, 0.65, 0.80}
and expanded targets {0.95, 0.75, 0.50, 0.75, 0.95}
around the primary mapping.

RQ2 — Attribute identification. From thresh-
olded binary labels (ŷ = ⊮[ĉ ≥ 4]) we report
F1 (primary), precision and recall, plus accuracy.
Precision and recall are reported separately so any
adaptation-induced shift is visible.

RQ3 — Evidence attribution. Hit rate: for eli-
gible pairs (ground-truth positive with a non-empty
annotated span), a two-step check is performed:
whether the predicted and annotated quotes overlap
in position in the document or, failing that, share
at least half their words (Jaccard similarity ≥ 0.5).
This lenient criterion credits a predicted citation
that overlaps the annotated span without requiring
an exact match, since a document often contains
several acceptable supporting spans. Hallucina-
tion rate: the complement of the fraction of non-
empty predicted citations found verbatim in the
source, computed over predictions at every con-
fidence level and polarity. Levels 2–5 require a
best-evidence citation; level 1 correctly uses an
empty extract and therefore contributes no citation
to check. The two metrics are complementary: hit
rate measures evidential relevance, hallucination
measures raw source fidelity.

4.4 Evaluation Procedure
Each condition is run separately on the seen and
unseen partitions, using a single prompt template
(containing role framing, skill list, document con-
tents, per-level anchor definitions, and a JSON-only
constraint) applied identically for training and for
every evaluation condition, so input framing can-
not differ between them. Per case, the template
is instantiated, inference is run at temperature 0.1,
and the output is parsed deterministically into the
schema. Each pair is scored against ground truth,
and each non-empty citation is checked against the
source by a case-insensitive substring match, which
underpins the hallucination rate. Syntactically mal-
formed but recoverable outputs are normalised and
retained. Only outputs that cannot be mapped to
the schema even after deterministic normalisation
are classified as unparseable and excluded; these
failures are reported separately rather than silently
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omitted. Raw outputs, per-pair CSVs and aggregate
metrics are archived per run for reproducibility.

5 FAST-LoRA and Experimental Design

5.1 Model Conditions
We use a controlled comparison across three model
configurations: (i) GPT-5, a frontier closed-source
reference; (ii) Qwen3-8B (Yang et al., 2025), an
open-source base model; and (iii) the same model
adapted with FAST-LoRA, our adapter (§5.2). Be-
cause (ii) and (iii) share the same architecture and
tokeniser, their difference isolates the effect of
adaptation; the GPT-5 comparison contextualises
performance against a much larger frontier model.
All conditions receive identical documents, skill
lists, prompt template, output schema, parsing and
scoring. Dependent variables map onto the three
FAST-Eval dimensions: RQ1 confidence calibra-
tion, RQ2 attribute identification and RQ3 evidence
attribution.

5.2 FAST-LoRA Training

Parameter Value

Base model Qwen3-8B
Rank r / scaling α 16 / 32
Dropout 0.05
Target modules all attn + MLP proj.
Epochs 2
Effective batch size 16 (1 × 16 accum.)
Learning rate / schedule 2× 10−4 / cosine
Max sequence length 512
Trainable params ≈42M of 8B

Table 3: LoRA configuration.

FAST-LoRA applies LoRA (Hu et al., 2021) to
Qwen3-8B with the Hugging Face PEFT stack (Ta-
ble 3), targeting all attention and MLP projections
(∼42M trainable parameters, ∼0.5% of the model)
while leaving embeddings and layer norms frozen.
It loads over the unmodified base weights, so the
conditions differ only through the added low-rank
modules.

6 Results

Table 4 reports all metrics on both partitions. Out-
puts that remain unparseable after deterministic
normalisation are excluded from aggregation and
reported separately.

6.1 Output Reliability
Seen/unseen evaluable outputs (of 500) were
484/494 (base), 493/490 (FAST-LoRA) and

500/496 (GPT-5); all others remained unmappable
even after deterministic normalisation.

6.2 RQ1: Confidence Calibration
OCE shows a clear calibration advantage for FAST-
LoRA on unseen data (0.147 vs 0.246 for the base
model and 0.210 for GPT-5). The reliability di-
agrams in Figure 2 visualise the corresponding
per-level agreement accuracy and the number of
predictions assigned each level; Table 5 gives the
underlying values.
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Figure 2: Per-level agreement accuracy. The untuned
models fall sharply at level 4; FAST-LoRA approaches
the positive-side targets at levels 4 and 5. Circle area is
proportional to the number of predictions at each level.
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Seen (500 pairs) Unseen (500 pairs)

Metric
Qwen3-8B

(Base)
Qwen3-8B

(FAST-LoRA) GPT-5
Qwen3-8B

(Base)
Qwen3-8B

(FAST-LoRA) GPT-5

RQ1 — Confidence calibration
OCE ↓ 0.271 0.156 0.224 0.246 0.147 0.210
Spearman ρs 0.755 0.882 0.849 0.813 0.898 0.860
Exact match 0.360 0.633 0.472 0.399 0.620 0.460
Within-one 0.742 0.959 0.816 0.794 0.978 0.845
MAE ↓ 0.969 0.410 0.746 0.854 0.402 0.722

RQ2 — Attribute identification
Precision 0.568 0.821 0.612 0.592 0.834 0.624
Recall 0.979 0.929 1.000 0.974 0.923 0.990
F1 0.719 0.871 0.759 0.736 0.877 0.766
Accuracy 0.698 0.890 0.746 0.725 0.896 0.758

RQ3 — Evidence attribution
Hit rate 0.435 0.452 0.450 0.441 0.475 0.439
Halluc. ↓ 0.253 0.146 0.178 0.232 0.139 0.141

Table 4: Full results on both partitions; best value per row in bold, and ↓ indicates that lower is better. Confidence
intervals and significance tests are reported in §6.6.

Both untuned models place about half their pre-
dictions at level 5 (base 50.4%, GPT-5 48.6%)
against a uniform 20% ground-truth distribution,
leaving the intermediate levels underused. FAST-
LoRA instead distributes its predictions more
evenly across the scale, assigning 14.5–24.7% to
each level (Figure 3).

At level 4 (“probably present”) the base model is
correct 5.6% of the time and GPT-5 4.1%, whereas
FAST-LoRA reaches 67.3%, close to the 70% tar-
get. At level 5 FAST-LoRA is correct 99.1% of
the time, against 74.7% (base) and 80.1% (GPT-5).
A Spearman correlation of ρs = 0.898 (vs 0.813
and 0.860) and a within-one rate of 0.978 indicate
that its confidence ranking also aligns with human
judgement.

Level Base FAST-LoRA GPT-5 Target

1 1.000 1.000 1.000 0.90
2 0.982 1.000 1.000 0.70
3 0.879 0.815 0.895 0.50
4 0.056 0.673 0.041 0.70
5 0.747 0.991 0.801 0.90

Table 5: Per-level agreement accuracy on unseen data.

OCE’s exact ordering is mapping-sensitive. Un-
der compressed correctness targets, GPT-5 has
lower OCE than FAST-LoRA (0.184 vs 0.200;
Qwen3 base 0.211); FAST-LoRA leads under the
primary and expanded targets (0.127 vs 0.264 and
0.225). We therefore interpret OCE alongside the
mapping-independent rank correlation and ordinal-
agreement metrics, on which FAST-LoRA leads

consistently.
The ordinal scores also support selective pre-

diction (Table 6). Deferring only level 3 raises
FAST-LoRA’s accuracy from 89.6% to 91.2% at
83.5% coverage; it does not help the untuned mod-
els because many of their errors occur at level 4.
Retaining only levels 1 and 5 yields 99.6% accu-
racy for FAST-LoRA at 47.1% coverage, compared
with 81.0% for the base model and 86.7% for GPT-
5 at their respective coverage levels.

Accuracy / coverage (%)

Model All Exclude L3 L1 and L5

Base 72.5 / 100 71.4 / 93.3 81.0 / 67.2
FAST-LoRA 89.6 / 100 91.2 / 83.5 99.6 / 47.1
GPT-5 75.8 / 100 75.3 / 96.2 86.7 / 73.0

Table 6: Selective prediction on unseen data. Coverage
is the proportion retained after deferring the omitted
confidence levels.

6.3 RQ2: Attribute Identification
On unseen data FAST-LoRA reaches F1 0.877,
versus 0.736 (base, +14.1pp) and 0.766 (GPT-5,
+11.1pp). The gain is primarily precision: 0.834
versus 0.592, while recall falls only from 0.974
to 0.923. Both untuned models show a default-
to-presence pattern, combining near-perfect recall
with precision near 0.6. FAST-LoRA also leads
every one-to-four-skill query bucket on both parti-
tions; its largest unseen margin over the base model
is +20.8pp in the single-skill bucket.
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6.4 RQ3: Evidence Attribution
Hit rates are similar across conditions (FAST-LoRA
0.475 vs 0.441 and 0.439 unseen). This metric is
constrained by annotation ambiguity: the expert
matched the original citation on 83.6% of eligible
pairs under the same procedure, and documents
may contain multiple valid spans. FAST-LoRA re-
duces hallucination from 23.2% (base) to 13.9%,
statistically matching GPT-5’s 14.1% verbatim fi-
delity.

6.5 Error Analysis
Four patterns recur:
• Adjacent-vocabulary false positives dominate

untuned errors: a bare “project management”
heading receives level 5 from the base model
but level 2 from FAST-LoRA.

• Indirect-evidence false negatives are FAST-
LoRA’s main residual error (15 unseen vs 5 for
base), mostly on implicitly evidenced transver-
sal skills where FAST-LoRA is harsher than the
ground truth.

• High-confidence errors affect ∼25% of the base
model’s 249 level-5 predictions and ∼20% of
GPT-5’s, versus <1% of FAST-LoRA’s.

• Confident negatives at levels 1–2 are essentially
always correct, locating the untuned models’ er-
rors in over-prediction of presence.

FAST-LoRA thus trades a small recall reduction
(−0.051) for far fewer false positives.

6.6 Statistical Significance
Sampling uncertainty in the reported estimates is
assessed by bootstrap resampling of the evaluated
pairs (5,000 replicates), while differences in paired
binary correctness are tested with McNemar’s test.
On unseen data, FAST-LoRA’s F1 of 0.877 has
a 95% bootstrap CI of [0.841, 0.908], separated
from the base model’s 0.736 [0.692, 0.777] and
GPT-5’s 0.766 [0.723, 0.805]. Separately, McNe-
mar’s test confirms that FAST-LoRA makes signif-
icantly more correct binary decisions than either
comparator (p < 10−11); this test concerns paired
correctness rather than F1 itself. Paired bootstrap
differences in OCE on commonly evaluated un-
seen pairs favour FAST-LoRA over both the base
model (−0.096, 95% CI [−0.115,−0.067]) and
GPT-5 (−0.063, [−0.082,−0.034]) under the pri-
mary mapping. The hallucination reduction over
the base model is significant (paired difference 95%
CI [−0.117,−0.023]), whereas FAST-LoRA and

GPT-5 are statistically indistinguishable on hallu-
cination (difference CI [−0.022,+0.070]) and on
hit rate (overlapping CIs), consistent with the span-
selection ambiguity discussed above.

7 Discussion

One pattern, three measurements. The three
improvements are consistent with one coherent
behavioural change. Untuned models often pre-
dict presence based on vocabulary proximity alone,
whereas FAST-LoRA requires substantive evidence
of skill application before committing to a positive
prediction. Better-filtered positive predictions drive
a rise in precision, while a more accurate, even use
of the confidence distribution improves calibration.
Closer use of the source text lowers hallucination.
Because this pattern holds on held-out data, FAST-
LoRA appears to have learned a general threshold
on required evidence strength rather than just mem-
orising the training pairs.

Beyond distribution matching. The ground-
truth confidence distribution is uniform by con-
struction, and FAST-LoRA is trained on it, so
its aggregate distribution alone is not evidence of
a useful representation of uncertainty in general.
However, two results argue against the behaviour
being explained by simple frequency matching.
First, FAST-LoRA has the strongest case-level rank
correlation with human confidence (ρs = 0.898),
which cannot be guaranteed by simply matching
the marginal distribution. Second, it has better per-
level correctness and 99.6% accuracy at the deci-
sive levels 1 and 5. Further, a model can place 20%
of its predictions at, for instance, level 4, while
being either 4% or 67% correct for that level; this
conditional accuracy is what separates FAST-LoRA
from the untuned models.

Specialisation over scale. FAST-LoRA leads
GPT-5 under the primary OCE mapping, every
mapping-independent ordinal metric and identifica-
tion F1, with compressed OCE targets the lone ex-
ception. The substantive finding is the confidence
gap, not merely that a fine-tuned model beats a
zero-shot one. GPT-5 assigns its top confidence
level to nearly half of its predictions, yet is correct
only 4.1% of the time at probably present. The
shared zero-shot prompt defines the scale but does
not convey the task’s evidential threshold, whereas
fine-tuning learns that threshold from hundreds of
labelled examples without adding inference-time
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context. While including an equivalent number
of behavioural examples at inference time would
be impractical, whether few-shot prompting could
achieve similar performance merits investigation.
Adaptation is therefore a sufficient and practical
route to more reliable performance in FAST, though
not necessarily the only one.

Future directions. Four directions follow. First,
compare few-shot threshold demonstrations di-
rectly with PEFT under identical prompts, data
budgets and FAST-Eval metrics, varying the num-
ber of examples to establish when weight adapta-
tion is worthwhile. Second, apply FAST-Eval in
other domains such as legal and medical review,
with new expert-validated labels to test transfer
beyond CVs. Third, separate span selection from
source fidelity through character-offset supervision,
multiple acceptable reference spans and distinct
metrics. Finally, test calibration under shifted at-
tribute prevalence and evaluate selective prediction
in a live review study, asking whether deferral helps
people make more accurate decisions and recognise
when model advice should be questioned.

8 Conclusion

This paper formalises the task of Finding At-
tributes with Supporting Text (FAST) and intro-
duces FAST-Eval, which jointly evaluates commu-
nicated uncertainty, attribute identification and ev-
idence grounding. On 500 held-out pairs, FAST-
LoRA enables an 8B model to outperform both its
untuned counterpart and the much larger GPT-5
on the primary calibration and identification mea-
sures, while matching GPT-5 on citation fidelity.
Behaviourally, FAST-LoRA is less willing to infer
presence from adjacent vocabulary alone and re-
serves high confidence only for strongly supported
decisions, demonstrating the effectiveness of adap-
tation in the domain of employability skills. FAST-
Eval is provided as a reusable uncertainty evalua-
tion framework for FAST: its output schema and
evaluation metrics apply across domains, provided
suitable target documents and attributes are avail-
able.

Limitations

Data and generalisation. The evaluation covers
500 held-out pairs drawn from the same English
CV corpus and annotation process as the training
data. It therefore demonstrates within-corpus gener-
alisation, not robustness across domains, document

genres or populations. Applying FAST to legal,
clinical or multilingual material would require new
domain-specific attributes, annotations and expert
validation. The deliberately balanced benchmark
also differs from deployment, where attribute preva-
lence and the number of queries per document may
vary; because these shifts can affect precision, cali-
bration and deferral, the reported values should not
be read as deployment estimates.

Models and adaptation. The experiments use
one open base model, Qwen3-8B, and one LoRA
configuration (rank 16, α=32), selected without
a systematic hyperparameter search. Additional
model families, LoRA ranks, training-set sizes
and full fine-tuning are needed to establish how
broadly the gains transfer. GPT-5 is evaluated
zero-shot under the shared task instructions, so
few-shot prompting, prompt optimisation or re-
trieved demonstrations may narrow the gap without
changing its weights. The comparison between the
Qwen3-8B conditions isolates adaptation, whereas
comparison with GPT-5 also changes architecture,
training data, tokenisation and serving infrastruc-
ture. No existing baseline produces directly equiv-
alent outputs across all three FAST dimensions.

Post-hoc calibration. We do not compare against
logit-based recalibration such as temperature scal-
ing. This could be tested for the open-weight con-
ditions, but not consistently for GPT-5 because the
required logits were unavailable through the API.
Moreover, it would recalibrate reported confidence
without addressing the evidential threshold or cita-
tion grounding; future work should compare both
logit-based and label-level recalibration methods.

What the confidence scores represent. The five
levels communicate how strongly a document sup-
ports an attribute and are supervised against hu-
man ordinal labels. They are not direct measure-
ments of predictive entropy and do not separate
epistemic uncertainty from ambiguity in the doc-
ument. OCE also requires numerical targets for
the verbal levels: FAST-LoRA leads under the pri-
mary and expanded mappings, while GPT-5 has
lower OCE when targets are compressed towards
0.50. OCE should therefore be interpreted along-
side the mapping-independent Spearman correla-
tion and ordinal-agreement metrics. The selective-
prediction analysis is retrospective: it estimates ac-
curacy and coverage at different confidence thresh-
olds, but no model abstained during inference and
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no human referral process was tested.

Annotation and evidence. The original annota-
tor used a more conservative threshold than the
independent expert (38% vs 46% positive in the
re-annotated sample), so measured precision and
recall partly reflect whose threshold is treated as
ground truth. Beyond the 100 independently re-
annotated pairs, the benchmark relies on one anno-
tator. Each pair also contains only one reference
citation, although several passages may validly sup-
port an attribute; hit rate can therefore reject rea-
sonable alternatives. Conversely, hallucination rate
establishes that a quotation occurs verbatim in the
source, not that it fully entails the predicted at-
tribute. These metrics capture complementary but
incomplete aspects of evidence quality.

Output reliability and reproducibility. Out-
puts that remained unmappable after determinis-
tic normalisation were excluded and reported sep-
arately. Because failure rates differ slightly by
model, aggregate metrics compare evaluable out-
puts rather than an identical set of all 500 pairs;
paired analyses use commonly evaluable cases. Fi-
nally, GPT-5 is a point-in-time closed-model com-
parison. Archiving its outputs permits exact re-
scoring but cannot make the underlying inference
process independently reproducible.

Ethical Considerations

The work targets a high-risk domain (EU AI Act
Annex III) and is positioned as assistive, evidence-
first decision support with a human in the loop,
not autonomous screening. Meaningful oversight
requires reviewers to question and override out-
puts: confidence should therefore be surfaced only
from calibration-verified models (untuned level-5
predictions are wrong ∼20–25% of the time, ver-
sus < 1% for FAST-LoRA), and citations should
be treated as verification pointers rather than ver-
dicts because model-selected spans match the an-
notated reference substantially less often than the
independent expert’s. Predictions at levels 2–5 are
paired with a source-checkable citation to make
assessments contestable; level 1 explicitly com-
municates that no supporting evidence was found.
CVs are treated as sensitive personal data: docu-
ments are used under the source dataset’s research
terms, identified by anonymous numeric IDs, and
processed locally except for the GPT-5 baseline
API calls. Automated hiring tools can encode and

amplify bias; the evidence-citation design improves
detectability but does not remove the risk, and any
real deployment should include demographic audit-
ing and a documented bias assessment. We follow
the ACL Code of Ethics.
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