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Abstract
We study whether knowledge-gating bench-
marks support transferable retrieval decisions
or expose benchmark-specific structural regu-
larities that can be exploited without full se-
mantic interpretation. Knowledge gating is
the binary decision of whether a dialogue sys-
tem should retrieve external knowledge at a
given turn. We audit this question with a
lightweight logistic-regression probe over ten
dialogue-metadata features: position, length,
and question-form cues. Despite using only
metadata and surface signals, the probe re-
veals non-trivial in-domain signal and markedly
different structural patterns across benchmark
families. Cross-benchmark transfer provides
the clearest evidence: transfer within the re-
lated DSTC9/DSTC11 family is near-lossless
(Macro F1 0.81–0.84; ROC-AUC ≈ 0.90),
whereas transfer across the KETOD–DSTC
benchmark-family boundary has weak ranking
quality (ROC-AUC 0.41–0.48) and poor detec-
tion of knowledge-needed turns (positive-class
F1 ≤ 0.22 in one direction). Sentence em-
beddings and fine-tuned BERT show the same
qualitative weakness in the DSTC→KETOD
setting: MiniLM ranking is sub-chance (ROC-
AUC 0.40–0.44), while BERT remains near
chance (0.50–0.53) despite having the strongest
KETOD in-domain positive F1. These results
suggest that strong in-domain gating scores
can partly reflect benchmark-specific regular-
ities and should not, by themselves, be in-
terpreted as evidence of transferable retrieval
reasoning. Code and reproducibility mate-
rials are available at https://github.com/
zilongcheng582-cyber/RAGate-analysis.

1 Introduction

Retrieval-augmented dialogue systems do not need
external knowledge at every turn. A user asking
whether a restaurant has outdoor seating may re-
quire retrieval; a user saying “thanks” usually does
not. We use knowledge gating for the binary deci-
sion of whether to retrieve external knowledge at a

dialogue turn, closely related to knowledge-seeking
turn detection and adaptive retrieval. This decision
is central to retrieval-augmented generation (Lewis
et al., 2020; Shi et al., 2023): inaccurate gating
either adds unnecessary latency or omits needed ev-
idence. Models such as RAGate (Wang et al., 2025)
frame this decision as binary classification and re-
port strong in-domain benchmark performance.

Strong in-domain performance, however, need
not imply transferable gating ability. NLI models
can exploit annotation artifacts—lexical overlap,
negation, and hypothesis-only cues—rather than
the target task (Gururangan et al., 2018; McCoy
et al., 2019; Poliak et al., 2018). In knowledge-
grounded dialogue, Ghaddar et al. (2024) show
that annotation biases can make models ignore con-
versation history. Knowledge-gating benchmarks,
despite differing in corpora and annotation pro-
cedures, have not received comparable scrutiny.
Because the benchmarks considered here differ si-
multaneously in corpus, domain, dialogue format,
label distribution, and annotation procedure, our
analysis is diagnostic rather than causal: we test
whether their labels expose different structural reg-
ularities, not whether any single construction factor
causes them. This raises two challenges:
Challenge 1 (C1): Do knowledge-gating bench-
marks expose exploitable shallow structural reg-
ularities? Positive retrieval turns are defined un-
der different corpora and benchmark procedures,
including explicit information-seeking annotation,
knowledge-grounded enrichment, and subjective
knowledge validation. If shallow structural cues re-
liably predict these labels, benchmark performance
may partly rely on regularities that do not require
full semantic interpretation.
Challenge 2 (C2): Do such structural rules trans-
fer across benchmark families? Some struc-
tural regularities may reflect shared task properties
and transfer between related benchmarks, whereas
benchmark-specific rules may fail under more dis-
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tant transfer. Such failure would limit what can
be inferred from strong single-benchmark perfor-
mance even without identifying the causal source
of the mismatch.

We use a deliberately simple probe: logistic re-
gression (LR) over ten dialogue metadata features—
position, length, and question-form cues without
utterance semantics. If such a probe recovers sig-
nal, the benchmark labels contain predictive reg-
ularities that do not require full semantic inter-
pretation. This does not imply that semantic re-
trieval reasoning is absent: the probe is a diag-
nostic for additional label-predictive structure, not
a decomposition of semantic and non-semantic
behavior. Across three public task-oriented dia-
logue benchmarks, we compare feature rankings,
permutation tests, and cross-benchmark transfer.
Rankings describe structural differences; transfer
gives the clearer test. Transfer is strong within
DSTC9/DSTC11 but weak across the KETOD–
DSTC boundary (ROC-AUC = 0.41–0.48), and
the DSTC→KETOD weakness persists with sen-
tence embeddings and fine-tuned BERT (§4.4).

In summary, we make three contributions:

• We provide evidence that lightweight
dialogue-metadata cues expose benchmark-
specific regularities in knowledge-gating
evaluation.

• We show that strong transfer within the related
DSTC9/DSTC11 benchmark family does not
imply transfer across the KETOD–DSTC
boundary: cross-family ranking quality de-
grades and positive-class detection becomes
weak.

• We show that the observed DSTC→KETOD
weakness is not specific to the lightweight
structural LR probe: sentence embeddings
and fine-tuned BERT exhibit the same quali-
tative transfer failure.

2 Related Work

Knowledge gating and RAG robustness.
Retrieval-augmented generation (Lewis et al.,
2020) and knowledge-grounded task-oriented
systems (Shi et al., 2023) both face when external
knowledge is needed. RAGate (Wang et al.,
2025) formalizes this decision as binary gating
and reports strong in-domain performance in
conversational settings. Meaning-preserving
query reformulations can also affect retrieval

and downstream generation (Cao et al., 2026).
This work studies robustness to input variation
within a retrieval system; we instead ask whether
gating rules learned from one benchmark remain
predictive on another.

Shortcut learning, artifacts, and benchmark va-
lidity. Models can exploit annotation artifacts or
shallow correlations rather than intended task fea-
tures (Gururangan et al., 2018; Poliak et al., 2018;
McCoy et al., 2019). In knowledge-grounded dia-
logue, Ghaddar et al. (2024) show that annotation
biases in FaithDial can encourage models to ignore
conversation history. More broadly, evaluation arti-
facts can make apparent model weaknesses partly
reflect the evaluation procedure, while benchmark
construction embeds assumptions about which ca-
pabilities are measured and what evidence supports
them (Hua et al., 2025; Liu et al., 2024). We fol-
low this diagnostic perspective by testing whether
shallow structural cues predict gating labels and
whether the resulting rules transfer across bench-
marks; feature–label correlation alone is not evi-
dence of a particular causal construction artifact.

Cross-dataset generalization and probing.
Cross-dataset differences can reflect simultaneous
changes in data source, task formulation, and
annotation, making causal attribution from transfer
gaps difficult. This is distinct from data leakage,
where overlap can inflate apparent generalization
(Elangovan et al., 2021). Our primary structural
audit is not a contamination study; for the MiniLM
and BERT checks, we separately report exact over-
lap between source-training and target held-out
model inputs after tokenization and truncation
to verify that duplicated inputs do not drive the
qualitative result. Generalization claims also
require attention to transportability across settings
(Elangovan et al., 2024). We therefore treat
KETOD versus DSTC9/11 as a benchmark-family
comparison rather than a controlled decomposi-
tion of corpus and annotation effects. Probing
classifiers provide a complementary diagnostic
of information encoded in models or datasets
(Belinkov, 2022); we use a lightweight probe over
dataset-level structural attributes.

3 Experimental Setup

3.1 Datasets

Figure 1 summarizes the setup. We evaluate three
public task-oriented dialogue benchmarks whose
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KETOD / SGD
entity-linked enrichment

DSTC9 / DSTC11
knowledge-seeking turns

Dialogue-metadata cues
position, length, and question form

Lightweight LR probe
structural audit

Same-family transfer
DSTC9↔DSTC11

strong
Macro F1 ≈ 0.81–0.84

Cross-family transfer
KETOD↔DSTC weak

AUC ≈ .41–.48
DSTC→KETOD:

Pos. F1 ≤ .22
Representation checks: sen-
tence embeddings and BERT

Figure 1: Structural probe and transfer setup. We com-
pare same-family and cross-family transfer, then test
whether the weakness persists beyond the lightweight
probe.

released annotations can be mapped to a common
binary knowledge-gating formulation (Table 1).
DSTC9 and DSTC11 form a related MultiWOZ-
based pair, while KETOD provides a contrasting
SGD-based entity-enrichment setting. KETOD
(Chen et al., 2022) enriches SGD dialogues with
relevant entity knowledge, including chit-chat-style
enrichment; we use entity-linked enrichment as a
descriptive label rather than an official protocol
name. DSTC9 (Kim et al., 2021) extends Mul-
tiWOZ 2.1 (Budzianowski et al., 2018) with out-
of-API knowledge-seeking turns, while DSTC11
(Kim et al., 2023) focuses on subjective, review-
derived knowledge. We use the released validation
splits as held-out evaluation sets for DSTC9/11;
“test” in our code denotes these held-out splits, not
hidden leaderboard tests. We use “KETOD–DSTC”
descriptively: because the benchmarks differ along
multiple dimensions, transfer gaps should not be
interpreted as causal effects of any single construc-
tion choice.

Dataset Train Held-out Ratio Construction

KETOD 41,939 4,964 7.4:1 entity-linked
enrichment

DSTC9 71,348 9,663 2.7:1 knowledge-
seeking turns

DSTC11 28,431 4,173 1.0:1 subjective
knowledge
seeking

Table 1: Dataset statistics. Ratio = negative:positive
in training; DSTC9/11 held-out evaluation uses the re-
leased validation splits.

3.2 Features and Models

We extract ten shallow structural features: posi-
tional (2), length-based (5), and question-form (3).
They use dialogue metadata and surface indicators
such as question marks or question words, but no
utterance-level semantics; full definitions are in
Appendix A. The goal is not to maximize accu-
racy, but to test whether minimal structural sig-
nals reveal benchmark-associated regularities. We
train LR with class_weight=balanced, select-
ing C ∈ {0.01, 0.1, 1.0, 10.0} by stratified cross-
validation: 5 folds for Table 2 and 3 folds for Ta-
ble 3. We also test L1 regularization with degree-
2 interactions. Unless stated otherwise, LR uses
the default 0.5 threshold, corresponding to source-
trained deployment without target-domain calibra-
tion. We interpret thresholded F1 with threshold-
independent ROC-AUC and average precision (AP;
Appendix C). As a robustness analysis (§4.3), we
additionally compare a threshold selected from
nested source-domain out-of-fold predictions (with
C re-selected inside each outer training fold) with
an optimistic target-domain threshold-calibration
setting, where the classifier remains source-trained
but the threshold is selected on the target training
split before evaluation on the target held-out split.
We report Macro F1 and, for transfer, positive-class
F1 and ROC-AUC, since Macro F1 can hide failure
on knowledge-needed turns.

4 Results

Sections 4.1–4.3 test shallow structural cues and
transfer. §4.4 checks stronger representations, and
§4.5 examines the clearest feature-level mecha-
nism.

4.1 Feature Ablation and Permutation

Table 2 compares six feature subsets. On
DSTC9/DSTC11, question-form features explain
most structural signal: No Position matches Full
(0.80/0.84), Question Only reaches 0.77/0.81, and
Position Only is near-random (0.42/0.33). Shuf-
fling positional features causes ∆ = 0.000 on both
DSTC datasets, consistent with near-zero coeffi-
cients. On KETOD, no group dominates—Position
Only and No Position are similar (0.49 vs. 0.49)—
and joint position shuffling drops F1 by 0.064. The
datasets therefore differ substantially in which shal-
low structural cues are label-predictive.
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Feature Set KETOD DSTC9 DSTC11

Position only 0.489 0.420 0.329
No position 0.487 0.798 0.842
Question only 0.438 0.774 0.809
Length only 0.467 0.547 0.686
Full (10) 0.542 0.798 0.842
L1 + interaction 0.555 0.822 0.847

Table 2: Macro F1 by feature subset. Bold marks the
Full setting used in Table 3; L1+interaction is a robust-
ness check.
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Figure 2: Absolute standardized LR coefficients, nor-
malized within each dataset. Bars show within-dataset
relative importance; only ranks enter the Spearman anal-
ysis. Zero DSTC position bars reflect constant turn
position by task definition.

4.2 Feature Importance: Rankings Diverge

Figure 2 visualizes per-feature importance (abso-
lute standardized LR coefficients). DSTC9 and
DSTC11 have nearly identical rankings (ρ =
+0.94, p < 0.001), with user_has_question and
consecutive_sys_turns ranked 1–2. Their cor-
relations with KETOD are negative but not sig-
nificant (ρ = −0.27 and −0.22; p > 0.1), so
we treat ranking divergence as descriptive; trans-
fer metrics and class-conditional rates carry the
main evidential weight. Still, the pattern is in-
formative: consecutive_sys_turns is consistent
(ranks 2/2/1), whereas turn_position_ratio is
dataset-specific (ranks 1/9/9). The latter is con-
stant on DSTC9/DSTC11 because those bench-
marks evaluate the latest user turn, so our claim
does not rest on degenerate position features alone.

4.3 Cross-Dataset Transfer

We next test whether structural rules transfer (Ta-
ble 3). Within the DSTC family, transfer is near-
lossless: DSTC9→DSTC11 reaches 0.836 and
DSTC11→DSTC9 reaches 0.810, close to or above
in-domain scores. Across the KETOD–DSTC
boundary, ROC-AUC is weak (0.412–0.481), and
DSTC→KETOD positive F1 drops to 0.224/0.209

Train → Held-out Macro F1 Pos. F1 ROC-AUC

KETOD → KETOD 0.542 0.327 0.719
DSTC9 → KETOD 0.530 0.224 0.481
DSTC11 → KETOD 0.526 0.209 0.474

DSTC9 → DSTC9 0.798 0.740 0.908
DSTC9 → DSTC11 0.836 0.856 0.900
DSTC11 → DSTC9 0.810 0.742 0.906
DSTC11 → DSTC11 0.842 0.852 0.904

KETOD → DSTC9 0.420 0.212 0.463
KETOD → DSTC11 0.427 0.424 0.412

Table 3: Cross-dataset transfer. Positive F1 shows weak
DSTC→KETOD detection; ROC-AUC shows weak
cross-boundary ordering.

despite Macro F1 being partly masked by KE-
TOD’s majority class. KETOD→DSTC also de-
grades; KETOD→DSTC11 has non-zero positive
F1 but sub-chance ROC-AUC, indicating partly
reversed ordering. Thus strong in-domain or same-
family transfer does not imply cross-family gating
behavior. Full results appear in Appendix C.

Threshold calibration. Beyond the default-0.5
results in Table 3, we compare a threshold se-
lected from nested source-domain out-of-fold pre-
dictions with an optimistic target-domain threshold-
calibration setting. Target calibration substantially
improves positive F1 in the KETOD→DSTC di-
rections (0.047→0.346 and 0.158→0.516), but
not consistently for DSTC→KETOD. Because
threshold choice cannot affect ROC-AUC, cross-
family AUC remains 0.412–0.481, versus about
0.90 within DSTC9/11. Calibration therefore ex-
plains some class-specific F1 variation but not the
weak cross-family ordering; full results appear in
Appendix E.

4.4 Representation Checks: Embeddings and
BERT

To test whether the DSTC→KETOD transfer
weakness is specific to the lightweight structural
representation, we repeat the comparison with
MiniLM sentence embeddings plus LR (Reimers
and Gurevych, 2019; Wang et al., 2020) and fine-
tuned BERT (Devlin et al., 2019). Both use ac-
cumulated dialogue context through the evaluated
user turn. We explicitly left-truncate at 256 tokens
so that the latest turn remains visible and sepa-
rately check exact input overlap after tokenization
and truncation; implementation details are in Ap-
pendix B.

Figure 3 shows that fine-tuned BERT drops to
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Figure 3: DSTC→KETOD transfer remains weak in the
additional representation checks.

Data P(q|pos) P(q|neg) ∆

KETOD 0.319 0.283 +0.036
DSTC9 0.965 0.312 +0.653
DSTC11 0.968 0.399 +0.569

Table 4: Training-split rate of the current-turn
user_has_question feature. The class-conditional gap
is large on DSTC9/DSTC11 and small on KETOD.

0.04/0.04 positive F1 in DSTC→KETOD trans-
fer, below embeddings (0.14/0.13) and structural
LR (0.22/0.21), despite having the highest KE-
TOD in-domain positive F1 (0.52). Its ROC-
AUC is only 0.526/0.498 (AP 0.138/0.130) for
DSTC9/DSTC11→KETOD. The MiniLM trans-
fer is weaker still in ranking terms: ROC-AUC
is 0.441/0.401 and AP is 0.112/0.104. Thus, the
weak cross-family result is not solely a fixed-
0.5-threshold effect and is not specific to the
lightweight structural representation.

4.5 Case Study: Question Form and Turn
Position

Table 4 shows the clearest question-form con-
trast. user_has_question ranks 7 on KETOD
but 1/2 on DSTC9/DSTC11. On DSTC9/11,
96.5%/96.8% of positive examples contain this
cue versus 31.2%/39.9% of negatives (gaps of
+65.3/+56.9 points); KETOD is nearly flat across la-
bels (31.9% vs. 28.3%; +3.6 points). Thus a DSTC-
trained probe that weights this cue has little signal
on KETOD. Conversely, turn_position_ratio
ranks first on KETOD but last on DSTC, while
consecutive_sys_turns ranks 2/2/1; not all
structural cues are dataset-specific.

Removing question-form features. To test
whether the same-family advantage is driven only
by question form, we remove all three question fea-
tures and retain the two position and five length
features, selecting regularization separately un-
der the same 3-fold source-domain CV protocol.
DSTC9→DSTC11 and DSTC11→DSTC9 AUC

decrease from 0.900/0.906 to 0.732/0.642, but re-
main above all four cross-family directions (0.345–
0.406). Question form therefore accounts for a
substantial part, but not all, of the same-family ad-
vantage, while its removal does not eliminate the
cross-family separation. Together with calibration,
this narrows two specific explanations for the gap
without removing it. Full results appear in Ap-
pendix D.

5 Conclusion

We audit knowledge-gating benchmarks using shal-
low structural probes and cross-benchmark trans-
fer. The probes transfer strongly within the related
DSTC9/11 family but poorly across the KETOD–
DSTC boundary, where ranking quality is weak
or partly reversed and DSTC→KETOD positive-
class detection is poor. This separation persists
under question-form removal and threshold cali-
bration, while sentence embeddings and fine-tuned
BERT show the same qualitative DSTC→KETOD
weakness. Strong in-domain gating scores there-
fore should not be interpreted in isolation as evi-
dence of transferable retrieval behavior. We recom-
mend complementing them with cross-benchmark
transfer, positive-class metrics, and threshold-
independent evaluation.

Limitations

Our probe uses structural features and is intended
as a dataset audit rather than a deployable gating
model; predictability from shallow features does
not imply that semantic retrieval reasoning is ab-
sent. Two position features are structurally constant
on DSTC9/DSTC11 because those benchmarks
evaluate retrieval at the latest user turn by task
definition (Kim et al., 2021, 2023). On KETOD,
the position features and dialogue_len_log use
the completed dialogue’s total USER-turn count
and are therefore retrospective rather than online-
available. The main transfer conclusions rely on
full feature sets, positive-class F1, ROC-AUC, and
additional representation checks, so they do not
depend on these position features alone.

KETOD and DSTC9/11 differ jointly in corpus,
annotation procedure, and label distribution, so the
observed transfer gap cannot be attributed causally
to any one factor. The question-form, No-Q, and
calibration analyses narrow particular explanations
but do not remove this confound. DSTC9 and
DSTC11 also differ in knowledge type, so treating
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them as a DSTC family is an analytical simplifica-
tion rather than an official taxonomy. Our conclu-
sions are therefore limited to the three benchmarks
studied here; a controlled decomposition would
require benchmark designs that cross corpus and
annotation procedure.

Ethical Considerations

This work uses publicly available benchmark
datasets and does not involve human subjects. Our
findings are intended to improve evaluation method-
ology, not to enable misuse. The released repro-
ducibility materials are subject to the licenses of the
original datasets and do not redistribute the original
benchmark data.
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A Feature Definitions

Table 5 lists all ten structural features.

Feature Definition

Positional
turn_position_ratio current USER-turn idx / to-

tal USER turns
turn_position_squared (current USER-turn idx /

total USER turns)2

Length
user_turn_len_log log(1+tokens)
sys_turn_len_log log(1+tokens) for the pre-

vious system turn
dialogue_len_log log(total USER turns)
consecutive_sys_turns # consecutive sys turns be-

fore user
turn_len_ratio user len / max(sys len, 1),

capped at 5

Question
user_has_question user turn contains “?”
prev_sys_is_question prev sys ends with “?”
user_starts_question_word first token in the fixed

question-word list

Table 5: Full feature definitions.

The fixed question-word list is {what, how,
where, when, why, is, does, can, do}.

For KETOD, turn_position_ratio,
turn_position_squared, and
dialogue_len_log use the total number of
USER turns in the completed dialogue. They
should therefore be interpreted as retrospective
metadata for benchmark auditing, not as features
available at inference time. For DSTC9/DSTC11,
the evaluated user turn is the latest serialized turn,
making the two position features constant by task
construction.

B Representation-Check
Implementations

MiniLM sentence embeddings. We encode
the processed accumulated-context input field
with all-MiniLM-L6-v2, explicitly setting left
truncation and a maximum sequence length of
256. We fit a class-balanced LR on the result-
ing 384-dimensional embeddings, selecting C ∈
{0.01, 0.1, 1.0, 10.0} by 3-fold source-only cross-
validation. Evaluation uses a fixed 0.5 threshold
and reports Macro F1, per-class F1, ROC-AUC,
and average precision. The random seed is 42.

MiniLM truncation and overlap audits. The
tokenizer’s default truncation side is right. On
the KETOD/DSTC9/DSTC11 held-out inputs,
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20.7%/33.7%/14.2% of examples exceed the 254-
content-token capacity. Default right truncation
fully retains the final serialized user turn for only
79.3%/66.3%/85.8% of examples, whereas explicit
left truncation retains it for 100% in all three
splits. Exact input overlap after left truncation
is negligible for DSTC9→KETOD (2/4,964) and
absent for DSTC11→KETOD. After removing
these overlaps, positive F1 remains 0.140/0.135,
ROC-AUC is 0.441/0.401, and average precision
is 0.112/0.104. Thus, the MiniLM result reflects
weak cross-family ranking rather than only a mis-
matched decision threshold.

Fine-tuned BERT. We fine-tune
bert-base-uncased (Devlin et al., 2019)
(full model, no layer freezing) for 3 epochs with
AdamW (learning rate 2×10−5, weight decay 0.01,
linear warmup over 10% of training steps then
linear decay), batch size 32, max sequence length
256, and class-frequency-weighted cross-entropy.
In all three processed datasets, the input field
serializes accumulated dialogue context ending at
the evaluated user turn. We left-truncate sequences
longer than 256 tokens so that the latest user turn
is preserved. We evaluate the final epoch at a fixed
0.5 threshold, without target-domain calibration or
development-set early stopping. Random seed is
fixed at 42; multi-seed variance is left for future
robustness checks.

BERT exact-overlap sensitivity. We report both
raw-string overlap and exact input overlap after
tokenization and truncation, using the latter as
the primary BERT sensitivity. Exact input over-
lap is negligible for DSTC9→KETOD (2/4,964)
and absent for DSTC11→KETOD; removing it
leaves positive F1 at 0.038/0.041 and ROC-AUC
at 0.526/0.498. Overlap is larger within the re-
lated DSTC pair: after removing 910/4,173 ex-
act input overlaps, DSTC9→DSTC11 Macro F1
changes from 0.697 to 0.636 while ROC-AUC re-
mains 0.987; removing 718/9,663 overlaps changes
DSTC11→DSTC9 Macro F1 from 0.829 to 0.820
and ROC-AUC to 0.946. Thus, exact input over-
lap affects some thresholded F1 values but does
not account for the weak DSTC→KETOD ranking
result.

C Full Transfer Results

Table 6 reports per-class F1, ROC-AUC, and aver-
age precision (AP) for all source→held-out combi-

Train → Held-out Macro Pos. Neg. ROC AP

KETOD → KETOD 0.542 0.327 0.757 0.719 0.270
KETOD → DSTC9 0.420 0.212 0.628 0.463 0.236
KETOD → DSTC11 0.427 0.424 0.430 0.412 0.440
DSTC9 → KETOD 0.530 0.224 0.836 0.481 0.135
DSTC9 → DSTC9 0.798 0.740 0.857 0.908 0.713
DSTC9 → DSTC11 0.836 0.856 0.816 0.900 0.873
DSTC11 → KETOD 0.526 0.209 0.844 0.474 0.134
DSTC11 → DSTC9 0.810 0.742 0.877 0.906 0.704
DSTC11 → DSTC11 0.842 0.852 0.832 0.904 0.870

Table 6: Full cross-dataset transfer results with per-
class F1, ROC-AUC, and average precision (AP). Pos.
= positive (knowledge-needed) class, Neg. = negative
class. Both transfer directions across the KETOD–
DSTC boundary show ROC-AUC near or below 0.5;
DSTC→KETOD additionally has positive F1 ≤ 0.22.

nations.

D Transfer without Question-Form
Features

Table 7 compares the full-feature transfer re-
sults with models trained after removing all three
question-form features. The two position and five
length features are retained, and the regularization
parameter is selected separately for the full and
reduced feature sets under the same 3-fold source-
domain cross-validation protocol.

Train → Eval AUC Pos. F1 Macro F1
Full / No-Q Full / No-Q Full / No-Q

D9 → D11 0.900/0.732 0.856/0.719 0.836/0.671
D11 → D9 0.906/0.642 0.742/0.486 0.810/0.560
D9 → KETOD 0.481/0.406 0.224/0.179 0.530/0.348
D11 → KETOD 0.474/0.393 0.209/0.182 0.526/0.325
KETOD → D9 0.463/0.397 0.212/0.108 0.420/0.378
KETOD → D11 0.412/0.345 0.424/0.312 0.427/0.377

Table 7: Cross-dataset transfer with the full feature set
versus the No-Q variant (D9/D11 = DSTC9/DSTC11).
Question form explains a substantial part of same-family
transfer, but same-family AUC remains above all four
cross-family directions after removal.

E Threshold Calibration Sensitivity

Table 8 compares a threshold selected from nested
source-domain out-of-fold predictions with an opti-
mistic target-domain threshold-calibration setting.
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Train → Eval Thr. Pos. F1 Macro F1 AUC
S / T S / T S / T

D9 → D11 0.596/0.579 0.844/0.849 0.834/0.837 0.900
D11 → D9 0.500/0.503 0.742/0.743 0.810/0.810 0.906
D9 → KETOD 0.596/0.307 0.217/0.227 0.528/0.530 0.481
D11 → KETOD 0.500/0.669 0.209/0.176 0.526/0.524 0.474
KETOD → D9 0.695/0.377 0.047/0.346 0.409/0.449 0.463
KETOD → D11 0.695/0.404 0.158/0.516 0.374/0.432 0.412

Table 8: Threshold-calibration sensitivity (D9/D11 =
DSTC9/DSTC11). S/T gives source-selected/target-
selected thresholds; paired F1 values follow the same
order. ROC-AUC is threshold-independent.

For the source threshold, each outer fold re-
selects C using only its outer-training partition be-
fore generating the outer-validation probabilities
used for threshold selection. In the target-domain
calibration condition, the classifier is still trained
only on the source dataset; the target training split
is used only to select the decision threshold be-
fore evaluation on the target held-out split. Target-
domain calibration changes class-specific F1, es-
pecially for KETOD→DSTC, but does not change
the weak or reversed cross-family ROC-AUC.
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