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Abstract

Patients describe medication side effects in online forums and reviews, a valuable
but noisy pharmacovigilance source. Large language models can extract these
adverse drug reactions from a few in-prompt examples, without task-specific
training, and benchmarks report how well they do in a single score. That score
hides a large disparity inside every model we tested. Sorting reactions by how
they are worded, we find that those named in clinical terms are recovered about
twice as often as those phrased in everyday, figurative language (span recall about
72% against 34% on psychiatric drug reviews). The disparity is not an artifact
of prompting. A supervised biomedical encoder, fine-tuned on the gold spans,
lifts both registers but leaves a comparable gap, and a paired comparison on the
same items detects no recall advantage for it in either register; its aggregate lead
rests principally on suppressing false positives. Nor is it confined to social media.
It holds for four models and, separately, for four corpora, including clinician-
written case reports, where colloquial phrasing is rare but no easier to extract,
and it is not explained by span length or word rarity. As an instrument we build a
training-free, CPU-only policy that guarantees scarce reaction-bearing examples
a place in the prompt. It lifts colloquial recall to 51% while holding precision
on reaction-bearing posts, at the cost of more false alarms on reaction-free ones.
Stratifying a benchmark by how its target is expressed turns “fine-tuning wins”
into a map of where each method helps.
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1

This version of the article has been accepted for publication, after peer review (when applicable) but is not
the Version of Record and does not reflect post-acceptance improvements, or any corrections. The Version
of Record is available online at: http://dx.doi.org/10.1007/s13721-026-00883-4. Use of this Accepted
Version is subject to the publisher’s Accepted Manuscript terms of use https://www.springernature.com/
gp/open-research/policies/accepted-manuscript-terms.

http://dx.doi.org/10.1007/s13721-026-00883-4
https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms
https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms


1 Introduction

People routinely describe the side effects of their medications in online forums and
product reviews, often long before those effects surface in formal reporting channels.
Collected at scale, these first-hand reports are a promising complement to traditional
pharmacovigilance, the monitoring of drug safety after a product reaches the mar-
ket (Sarker et al. 2015; Nikfarjam et al. 2015). The text is messy, though, with reactions
named in passing, mixed with unrelated complaints, and often described in ordinary
rather than clinical language. Turning such posts into structured safety signals requires
reliably pulling out the span of text that names each adverse drug reaction (ADR).

Two families of methods dominate this extraction task. One fine-tunes a supervised
model on human-labelled spans; the other prompts a large language model with a
few worked examples placed directly in the input, so-called in-context learning, which
needs no gradient updates and no task-specific training data (Brown et al. 2020; Dong
et al. 2024). The second option is appealing precisely because labelled ADR spans are
expensive to produce. On the standard benchmarks, however, the few-shot prompting
route consistently lands well below the fine-tuned model in F1 (Elbiach et al. 2025;
Gu et al. 2023). That gap is usually reported as a single aggregate number, and the
natural reading is that the prompted model is simply a weaker extractor across the
board.

We argue that this reading is wrong, or at least incomplete, and that the aggregate
number hides structure that matters. Adverse reactions are described in two broadly
different registers. Some are stated with clinically recognizable names (“nausea”,
“insomnia”, “dizziness”); we call these explicit. Others are conveyed through everyday
or figurative descriptions (“zoned out”, “not as sharp mentally”, “disconnected from
my body”) that carry the same clinical meaning without naming a symptom; we call
these implicit.

Our central question is therefore not how large the in-context-learning-versus-fine-
tuning gap is, but how a single model’s accuracy varies between these two registers.
That within-model question comes first. Without that stratification, a paradigm com-
parison collapses two populations that behave differently into a single number, and
cannot show which of them drives the result. Our claim is that every model we test,
prompted or fine-tuned, is markedly weaker on the implicit register, a disparity that
aggregate F1 hides.

Showing that the disparity exists needs only stratified evaluation. Asking whether
anything closes it without training needs an intervention to apply, and one is close at
hand. A recurring detail in the benchmark literature is that the in-prompt examples
are chosen at random from the training pool (Elbiach et al. 2025), which is a weak
baseline for a method whose entire signal comes from those examples. We therefore
build a training-free example-selection policy that replaces random choice with two
ingredients, similarity-based retrieval so the examples resemble the post being labelled,
and a minority guarantee so that reaction-bearing examples reach the prompt even
when they are rare. Neither ingredient needs test-time labels, extra annotation, or
gradient training. Retrieval is purely lexical, and the guarantee reads only the answers
already attached to the candidate demonstrations, which few-shot prompting supplies
anyway. Both run on a CPU. This selector is primarily a probe rather than an end
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in itself. It lets us ask whether better example selection closes the register gap, and if
not, where it stalls.

The answer, developed over the rest of the paper, is fourfold. First, on posts that
do contain a reaction, the minority guarantee improves recall over strong retrieval
while holding precision (and improving both on explicit spans), and the improvement
concentrates on the implicit register where it is most needed. The effect is small but
consistent, pointing the same way and by a similar amount on all four models and
again under a register labeller from a different model family; it is essentially invisible
in aggregate F1 because it is offset by a measurable rise in false alarms on reaction-
free posts, which we report as an operating-point trade. Second, a large residual gap
between explicit and implicit recall survives every training-free selection method we
try.

Third, and most importantly, that residual is not an artifact of prompting. A
supervised encoder fine-tuned directly on the gold labels still leaves a comparable
explicit-versus-implicit gap and has a similar implicit-recall point estimate to the
training-free selector, with no detectable difference between them in a paired compar-
ison. Fine-tuning lifts the whole curve and sharply reduces false alarms, but it does
not close the implicit deficit. The deficit therefore persists across every model and
paradigm we evaluated, rather than being a property of any single one.

Fourth, it is not peculiar to the two benchmarks we start from. Applying the same
stratification to four corpora, including biomedical case reports written by clinicians
rather than patients, we find that how often reactions are phrased colloquially varies
more than threefold, while how much harder they are to extract once phrased that
way does not measurably differ across the four.

Our contributions are:

� A stratified diagnosis of social-media ADR extraction, showing that within any
single model accuracy is far lower on implicitly expressed reactions than on clinically
named ones, a disparity aggregate F1 hides entirely (Section 4.3). We keep this claim
distinct from the separate questions of how prompting compares with fine-tuning
and of how much demonstration selection adds.

� A training-free, CPU-only demonstration-selection policy (retrieval plus a minority
guarantee) used as the instrument for the diagnosis, with an operating-point analysis
of its recall benefit on reaction-bearing posts against its false-alarm cost on reaction-
free posts (Sections 3 and 4.4).

� A fine-tuned upper-bound reference line (two supervised biomedical encoders, five
seeds each) demonstrating that the implicit residual persists across the fine-tuning
boundary, so the gap is not merely a prompting artifact (Section 4.5).

� A cross-corpus test of the diagnosis on four corpora spanning patient forums, drug
reviews and biomedical case reports, which finds no detectable difference in the
register penalty across them even though their absolute difficulty and their share of
colloquial phrasing both vary widely (Section 6).

� A set of validity checks establishing that the diagnosis is not an artifact of how the
labels were drawn or of what the spans look like: a human-validated register labeller
with reported agreement, a train/test leakage audit, a boundary-sensitivity check,
and confound-matching against span length and word rarity (Section 5).
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2 Related Work

2.1 In-Context Learning and Demonstration Selection

In-context learning lets a language model perform a task from a few input-output
examples supplied in the prompt, without parameter updates (Brown et al. 2020; Dong
et al. 2024). Its behaviour is famously sensitive to which examples are shown and in
what order (Lu et al. 2022; Min et al. 2022), which has motivated a line of work on
choosing examples deliberately rather than at random. Retrieval-based selection picks
examples similar to the test input, typically with a dense sentence encoder (Liu et al.
2022; Rubin et al. 2022). On biomedical event extraction specifically, a lexical scorer
(BM25) has been found to beat both random selection and dense retrieval (Sun et al.
2024), consistent with the intuition that entity-bearing tasks reward surface overlap.

A second thread targets label structure and long-tail difficulty. Label-aware
retrieval learns representations that separate adjacent, easily confused labels and helps
most in the extreme few-shot regime (Chen et al. 2024). Uncertainty-based ranking
up-weights hard or long-tail examples and reports gains on long-tail question answer-
ing, while cautioning that retrieval can also mislead the model on exactly those hard
cases (Yu et al. 2025). Structure-based selection retrieves examples with complemen-
tary syntactic and semantic form and transfers across model families (Chakma et al.
2026), and fine-tuning a model specifically to exploit its few-shot examples has also
been explored (Walsh et al. 2025).

Most directly, Peng et al. (2024) revisit demonstration selection itself and show
that the best choice of examples is both data-dependent and dependent on the infer-
ence model, proposing a model-aware reranking that unifies several earlier selection
heuristics.

That finding bears on our design in two ways. It suggests that no selector should be
assumed to transfer unchanged across models and corpora, which is why we evaluate
the same selector across four models spanning three families and report where it is flat
as well as where it helps; and it supports reading a selector as a probe of what a given
model is missing rather than as a universal improvement, which is the use we make of
ours. Our selector borrows the label-aware idea from this thread but in its cheapest
possible form. The minority class is guaranteed a place in the prompt by reading the
gold answers already attached to the candidate demonstrations, so it needs no trained
retriever, no extra annotation, and no test-time labels; and, crucially, we use it as a
diagnostic instrument rather than proposing it as a new state of the art.

2.2 Adverse Drug Reaction Extraction from Social Media

Mining ADRs from user-generated text has a long history, from sequence labelling
with engineered features (Nikfarjam et al. 2015) through the SMM4H shared-task
series (Magge et al. 2021), where extraction is typically followed by normalization to a
standard terminology (Yazdani et al. 2023). Our primary corpora are CADEC, forum
posts with span-level ADR annotations (Karimi et al. 2015), and PsyTAR, patient
reviews of psychiatric medications (Zolnoori et al. 2019). We add CADECv2 (Dai
et al. 2024), an independently constructed patient-forum corpus, and PHEE (Sun et al.
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2022), a biomedical-literature event-extraction dataset. PHEE is clinician-written
rather than patient-authored, and we include it precisely for that contrast, to test
whether the pattern we report is confined to social media (Section 6).

Whether adverse-event extraction survives a change of domain is itself an active
question. CADECv2 reaches us through MultiADE (Dai et al. 2024), a benchmark
assembled to study exactly that, across corpora that differ in source and annotation.
That work asks how a trained extractor transfers; we ask a narrower question about the
data, whether a particular linguistic difficulty travels with it, which is why Section 6
holds the model and the selection strategy fixed and varies only the corpus.

Two findings from recent work frame ours. The benchmark we reproduce and
extend (Elbiach et al. 2025) reports the aggregate gap we decompose, and draws its
few-shot examples at random. Its own qualitative error analysis already names implicit
and colloquial reactions, negation, and multi-token spans as failure modes, but never
quantifies them. Separately, generative extraction of ADR spans is known to be fragile.
Shared-task systems have abandoned LLM extraction after observing hallucinated
spans (Li et al. 2024), and a direct comparison found GPT-4 span-extraction F1 far
below a supervised classifier on the same data (Zheng et al. 2024). Document-level and
distillation studies reach the same ordering, with fine-tuned or distilled encoders on
top (Gu et al. 2023; D’Oosterlinck et al. 2023; Harris et al. 2024). A psychiatric-ADR
benchmark on social media is the nearest in spirit to our corpus choice and reports
high false-positive rates on non-standard reactions (Chandra et al. 2025).

A structural feature of this data matters for our method. Reaction-bearing posts
are often the minority. A systematic review of 51 studies across more than 174 social-
media sites, most of them discussion forums, puts the prevalence of adverse-event
reports at 0.2 to 8% of posts (Golder et al. 2015); consistent with this, fewer than
one post in ten reports a reaction on the SMM4H 2019 Twitter set (Breden and
Moore 2020), and even on review corpora the positive rate is well under half. Random
exemplar selection therefore frequently fills a prompt with reaction-free posts, giving
the model no worked example of the very thing it must extract. This is precisely the
hole a minority guarantee is meant to fill, and it is why we expect (and find) the
guarantee to help on the positive-scarce corpus and not on the positive-abundant one.

That colloquial reactions form a register distinct from clinical terminology is well
documented in the consumer-health-vocabulary literature, which studies the system-
atic gap between lay expressions and their clinical equivalents (Zeng and Tse 2006);
we quantify how that gap manifests as an extraction deficit. Across this literature, two
strands remain loose, a named-but-unquantified implicit failure mode and an encoder
advantage over prompted generative models. We tie them together by asking whether
the encoder’s advantage is uniform or, like the prompted model’s deficit, concentrated
on the implicit register.

2.3 Fine-Tuned Baselines and the Comparability Question

A natural objection to any “in-context learning trails fine-tuning” study is: which
fine-tuned model? We use supervised biomedical encoder taggers (primarily Pub-
MedBERT (Gu et al. 2021)) as the extraction upper bound, for a concrete reason.
Generative LLM fine-tuning for this task is known to underperform and to hallucinate
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spans (Li et al. 2024; Zheng et al. 2024), whereas encoder token-classification is the
standard high-water mark for span extraction.

That fine-tuning leads in-context learning on this task is established by the
peer-reviewed anchor and distillation studies (Elbiach et al. 2025; Gu et al. 2023;
D’Oosterlinck et al. 2023), and a recent preprint reports the same ordering on
CADEC across encoder and GPT-4o settings (Baroian 2025). A recent published ADR
paper (Li and Lin 2026) fine-tunes a generative model with chain-of-thought prompt-
ing (Wei et al. 2022) and low-rank adaptation (Hu et al. 2022; Dettmers et al. 2023),
but targets binary detection (does a post contain an ADR?), a different and easier task
than extracting the reaction span. Its high detection F1 is therefore not comparable
to span-extraction F1, and we never present our numbers as competing with it; we use
it only as the source of one of our training-free selection baselines (its clustering-based
selector) that we ablate.

The comparison is also task-dependent rather than uniform. In a broad GLUE-
based study, Zhong et al. (2023) (a preprint) find that ChatGPT trails fine-tuned
BERT-style models on paraphrase and similarity, outperforms them on inference, and
is comparable on sentiment analysis and question answering, with improved prompting
raising its performance further. This is the general form of the pattern we report. The
interesting question is not whether prompting trails fine-tuning on average, but on
which linguistic phenomena it does so.

2.4 The Gap We Fill

No prior work, to our knowledge, stratifies the in-context-learning-versus-fine-tuning
gap on social-media ADR extraction by how the reaction is expressed, tests a training-
free minority-aware selector on that stratification, checks whether a supervised upper
bound closes the residual, and then asks whether the resulting deficit is particular to
the corpora it was measured on. That decomposition, rather than the selector itself,
is our contribution.

3 Methods

3.1 Task and Metrics

The task is ADR span extraction. Given a post, the goal is to return the set of text
spans that name adverse reactions. Following the benchmark we reproduce (Elbiach
et al. 2025), the model emits a comma-separated list of reaction spans, which we align
to the gold spans and score with strict and relaxed F1. Strict F1 counts a prediction
correct only on an exact span match; relaxed F1 counts a partial match (embedding
cosine similarity above 0.8, following the anchor) as correct. Strict F1 is the clean,
embedder-independent comparison and is our primary metric throughout; we report
relaxed F1 only where it aids comparison to prior numbers.

We use two granularities, and state the rule once so they are not conflated: recall is
measured over gold spans, and precision and F1 are measured over posts. Because our
diagnosis is about which reactions are recovered, the central quantity is per-stratum
span-recall, the fraction of gold reaction spans in a stratum that a prediction matched.
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We complement it with item-level precision, recall, and F1 (an “item” is a post), so
that the false positives a selector introduces are attributable to the posts that generate
them, and we separately report the false-alarm rate on reaction-free posts, defined as
the percentage of reaction-free posts on which the model predicts at least one span. It is
a rate over posts, not over spans, so a post drawing several spurious spans counts once.
The two granularities give deliberately different numbers for the same comparison. A
span-recall gain (implicit recall 44.6 to 51.4 for the minority guarantee over BM25,
Figure 1) is larger than the matching item-level F1 gain (+2.72, Table 5), because F1
also charges the added false positives. We read span-recall to locate where reactions
are missed and item-level P/R/F1 to price the precision cost.

Because a complex model can amplify rather than correct a weak underlying statis-
tical design in health data (Roccetti 2026), we state and apply a consistent inferential
framework appropriate to each analysis. For metric estimates and paired differences
we report 2.5/97.5 percentile bootstrap intervals from B = 5000 resamples of test
items; comparisons against the fine-tuned encoders additionally resample the five
training seeds. For these paired-bootstrap comparisons the two-sided p-value is twice
the smaller empirical tail probability of the same bootstrap distribution that produces
the interval beside it (Efron and Tibshirani 1993). We report two-sided values because
a selection method can help or harm and we observe both signs. Two analyses use their
own standard machinery rather than the bootstrap: the logistic-regression odds ratios
of Section 5.6 carry model-based intervals and p-values, and the cross-corpus homo-
geneity test of Section 6.2 uses Cochran’s Q against its chi-square reference. For the
four per-model tests treated as one comparison family (Table 5) we also report Holm-
adjusted p-values; the selector-versus-selector contrasts of Table 4 are exploratory and
are not adjusted, which we note where they are used.

3.2 Corpora

Table 1 summarizes the corpora. We use CADEC (Karimi et al. 2015) and Psy-
TAR (Zolnoori et al. 2019) as our primary study corpora, and add two further corpora,
CADECv2 (Dai et al. 2024) and PHEE (Sun et al. 2022), in the cross-corpus robustness
analysis of Section 6; those two are described there.1

The two primary corpora differ in exactly the way our study needs. CADEC posts
are reaction-dense and explicit-leaning. Nearly nine posts in ten contain a reaction
and, under our validated register labels (Section 5), only about 12% of gold spans
are implicit. PsyTAR is the opposite, with reaction-bearing sentences in the minority
(about 29% positive) and about 30% of gold spans implicit. The minority guarantee in
our selector can only “bite” where reaction-bearing examples are scarce, so PsyTAR is
where we expect the method to matter and CADEC is a useful null. Granularity also
differs (CADEC is post-level, PsyTAR is sentence-level); we keep per-corpus analyses
separate and never pool spans across corpora. Where Section 6.2 reports a pooled
figure, it combines the four per-corpus estimates, not their spans.

To make the register distinction concrete, Table 2 gives representative gold reac-
tion spans of each type. We define the two registers by a linguistic criterion, not

1We do not use the SMM4H adverse-drug-reaction tweet corpus (Magge et al. 2021); its tweet text is
access-restricted under platform terms of service, and none of our claims concerns micro-blog text.
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Table 1 Corpora used in this study. The roles in the last column summarize the register mix and
positive rate discussed in the text. The CADEC test split follows the benchmark we
reproduce (Elbiach et al. 2025) and the PsyTAR split is the repository split.

Corpus Register Docs ADR spans Test items Role

CADEC patient forum
posts

1250 6318 188 explicit-dense,
positive-
abundant

PsyTAR psychiatric
drug reviews

5041 sent. 3250 1191 implicit-rich,
positive-
scarce

Both corpora are previously published and publicly available. PsyTAR counts are sentence-level.

by whether any extractor can match them. An explicit reaction denotes a symptom
directly, through a clinical or lay term for the condition itself (“nausea”, “insomnia”).
An implicit reaction conveys the same clinical meaning indirectly, through figurative,
narrative, or circumlocutory wording that names no symptom (“not as sharp men-
tally”, “disconnected from my body”). The distinction is between direct naming and
indirect or inferential description. It is a judgment about the wording of the gold span
alone, made without reference to any model’s output, so the label of a span does not
depend on whether that span was recovered. We use “implicit” as the umbrella term
throughout. It subsumes colloquial, figurative, and narrative descriptions, which are
overlapping and which we do not separate further here. Section 3.5 explains how we
assign the label to every gold span.

Table 2 Representative gold reaction spans by register. Explicit spans are clinically named
symptoms; implicit spans convey a reaction in everyday or figurative language. All examples are
verbatim gold spans drawn from the labelled test sets and carry the stated register under the
validated labeller of Section 3.5, so each can be checked against the released span labels.

Register Example gold reaction spans

Explicit (clinically named) “nausea”, “insomnia”, “dizziness”, “weight gain”,
“headaches”

Implicit (colloquial / figurative) “not as sharp mentally”, “feel like you are constantly wear-
ing heavy socks and gloves” (CADEC); “zoned out”, “Zombie
effect”, “disconnected from my body”, “Lack of feeling for any-
thing” (PsyTAR)

3.3 Models

Our primary model is GPT-4o-mini, matching the benchmark we reproduce. To show
the diagnosis is a property of the task and not of one model, we replicate the key
stratified comparison on three additional models spanning scale and family: GPT-
4o (OpenAI 2024), Llama-3.3-70B-Instruct (Grattafiori et al. 2024), and Qwen-2.5-
72B-Instruct (Qwen Team 2024). All models are queried at temperature 0 through
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an OpenAI-compatible API, with five in-prompt examples (k = 5) and an identical
prompt template across selectors. A small fraction of API calls (under 0.3% on the
largest model, from the run logs) returned empty after retries and are scored as no
prediction.

3.4 The Demonstration Selector (the Instrument)

For a given test post, a selector chooses the k = 5 examples placed in the prompt.
A demonstration is, by definition, a labelled input-output pair (few-shot prompting
cannot work otherwise), so the demonstration pool already carries gold answers; our
selector uses nothing beyond those. It needs no test-time labels, no annotation beyond
the demonstrations, no trained retriever, and no gradient training, and it runs on a
CPU. We compare the following strategies:

� random: examples drawn uniformly from the training pool. This reproduces the
benchmark’s few-shot setting (Elbiach et al. 2025) and is the reference point.

� bm25: the top-k training posts by BM25 lexical similarity to the test post (Robert-
son and Zaragoza 2009).

� sbert: the top-k training posts by dense sentence-embedding cosine similar-
ity (Reimers and Gurevych 2019).

� cluster: a diversity-driven selector that samples from k-means centroids of the
training embeddings, the fixed strategy used by a recent ADR-detection baseline (Li
and Lin 2026).

� ours pos (retrieval ∪ minority guarantee): BM25 retrieval, but reserving several
prompt slots for reaction-bearing demonstrations. Reaction-bearing examples are
read off the gold answers already present in the demonstration pool (a demonstration
whose gold reaction list is non-empty), so the guarantee adds no annotation beyond
what few-shot prompting already needs. This is the instrument.

� ours full: ours pos plus a hard-example component that, within the top-M=50
retrieved posts, prefers a positive example whose reaction wording is rare (high
mean inverse document frequency). We include it only to ablate it.

Implementation. BM25 uses Okapi weighting over lowercased alphanumeric
tokens (Robertson and Zaragoza 2009); dense retrieval and clustering use
all-MiniLM-L6-v2 sentence embeddings (Reimers and Gurevych 2019), with k-means
run for min(k, n) clusters (the example nearest each centroid is taken, giving a fixed,
query-independent demonstration set). The minority guarantee composes a prompt by
walking the BM25 ranking and adding the highest-ranked reaction-bearing demonstra-
tions until npos = 3 of the k = 5 slots are reaction-bearing, then filling the remaining
slots with the highest-ranked demonstrations regardless of class; the chosen examples
are finally ordered so the most similar one sits nearest the query. The hard variant
additionally reserves nhard = 1 slot for the hardest (rarest-wording) positive found
within the top M = 50 retrieved posts, a relevance gate that keeps the hard example
on topic. All selection is deterministic given the seed. The positive quota is fixed at
npos = 3 on every corpus; the selector never measures the positive rate, so its corpus-
dependent benefit reflects where reaction-bearing examples are scarce rather than any
adaptation to that scarcity.
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Algorithm 1 states the minority-guarantee selector (ours pos) formally. It is entirely
lexical and reads only the demonstration pool’s existing gold answers; there is no
training and no test-time labelling.

Algorithm 1: Minority-aware demonstration selection (ours pos).

Input: test post q; demonstration pool D with gold answers gold(·); shots k;
positive quota npos

Output: ordered list S of k demonstrations
R← the demonstrations in D sorted by BM25 similarity to q (descending);
P ← { d ∈ D : gold(d) ̸= ∅ } ; // reaction-bearing demos, from

existing labels

S ← [ ];
// reserve up to npos slots for the top-ranked reaction-bearing

demos

foreach d ∈ R do
if |S ∩ P | ≥ npos or |S| ≥ k then break;
if d ∈ P and d /∈ S then append d to S;

// fill remaining slots with the highest-ranked demos regardless

of class

foreach d ∈ R do
if |S| ≥ k then break;
if d /∈ S then append d to S;

sort S by BM25 rank so the most similar demonstration sits nearest q;
return S;

The design is deliberately minimal so that the diagnosis is not confounded by
a heavy method. The retrieval component tests the “examples should look like the
input” hypothesis; the minority-guarantee component tests the “scarce reaction-
bearing examples must be present” hypothesis; the hard-example component tests
whether up-weighting rare wording helps. As Section 4.3 shows, the hard-example
component adds nothing where the minority guarantee acts (on PsyTAR the two agree
to within half an implicit F1 point) and costs aggregate F1 where it does not (on
CADEC, 59.23 against 62.06), so we report the minority guarantee as the method and
treat hard mining as a negative result.

3.5 Register Labelling: Explicit versus Implicit

The diagnosis needs every gold span tagged as explicit or implicit. We first tried a
lexicon heuristic and found it unreliable (Section 5); the labels used in all headline
results come from a language-model labeller (GPT-4.1-mini) that classifies each gold
span in its post context, validated against human annotation. Section 5 reports that
validation in full. The labeller is applied uniformly to gold spans across all selectors and
all four corpora; it never sees model predictions, so it cannot advantage any selector.
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3.6 Fine-Tuned Upper Bound

As the supervised reference line we fine-tune two biomedical encoders, PubMedBERT-
base (Gu et al. 2021) and Bio ClinicalBERT (Alsentzer et al. 2019), as BIO token-
classifiers on PsyTAR (train 3850 sentences, test 1191). Each architecture is trained
for five epochs (learning rate 3 × 10−5, batch size 16) over five random seeds (42 to
46), and we report the resulting mean±sd band. We verified that the BIO encoding
is faithful on PsyTAR (every gold span recoverable from the tag sequence; zero set
mismatch on the test split), so the encoders are not handicapped by the label encoding.
We do not fine-tune on CADEC. Its discontinuous and overlapping entities are only
about 82% recoverable under BIO, which would make a CADEC fine-tuned ceiling
unfair; where a CADEC fine-tuned number is needed we cite the benchmark’s reported
value (strict F1 71.69) (Elbiach et al. 2025). The fine-tuned models are scored with
the same scorer and stratified with the same register labels as the in-context runs, so
their recall is directly comparable. We call this line an upper bound in the usual sense
of a supervised ceiling for the task, not as a bound on what is achievable. On explicit
spans the training-free selector in fact matches it (Section 4.5).

4 Results

4.1 Pipeline Validity: Reproducing the Anchor Baseline

Before drawing any conclusion from our pipeline we confirm it reproduces the pub-
lished baseline. On the CADEC test split (188 posts), our random-exemplar few-shot
run reaches strict F1 56.32 against the benchmark’s reported 55.55 (Elbiach et al.
2025), a 0.8-point difference (Table 3). This parity run and the random row of Table 4
(56.73) are two independent draws of the same nominal condition, made by differ-
ent samplers, and they differ on 26 of 188 posts. The 0.4-point spread between them
illustrates how much demonstration choice alone can move aggregate F1, though two
draws cannot quantify it. That spread is small against the sampling noise in these esti-
mates, roughly a twentieth of the width of the random bootstrap interval in Table 4.
The parity run draws its five examples with the reproduction script’s own sampler,
and the Table 4 row with the selector’s random strategy (seed 42, per-item offset),
which is why the two differ.

Relaxed F1 is higher (72.72 versus 65.57), but relaxed matching depends on the
sentence embedder, and ours differs from the anchor’s, so the two relaxed numbers
are not directly comparable. We take strict F1 as the parity target and our primary
metric. The parity check licenses the rest of the study, so the differences we report
below reflect selection strategy and stratification.

4.2 Aggregate F1: Retrieval Helps, the Minority Guarantee
Looks Flat

Table 4 reports aggregate strict F1 for every selector on both primary corpora. Two
patterns hold across corpora. First, retrieval outperforms random selection. BM25
gains about +4 F1 on both CADEC and PsyTAR (p < 0.001), and dense retrieval
gains a similar amount on CADEC, confirming the entity-sensitive retrieval finding
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Table 3 Pipeline parity on CADEC (GPT-4o-mini, 5-shot random exemplars, 188 test posts).
Strict F1 matches the published benchmark; relaxed F1 is embedder-dependent.

Setting Strict F1 Relaxed F1

Benchmark (reported) (Elbiach et al. 2025) 55.55 65.57
Our reproduction 56.32 72.72

from prior biomedical work (Sun et al. 2024). Second, the diversity-only selector is
unstable. It performs worse on CADEC (−4.18 versus random) yet helps on PsyTAR,
a corpus-dependent sign flip we return to in Section 7.

The result that motivates the rest of the paper is what the minority guarantee does
in aggregate, almost nothing. On CADEC, the guarantee edges BM25 by +1.23, which
is not significant two-sided (p = 0.189), unsurprising because CADEC is positive-
abundant so the guarantee is nearly a no-op. On PsyTAR, where it should matter most,
it shows no significant aggregate-F1 difference from BM25 (+0.06, not significant; this
is a failure to detect a difference, not evidence of equality). The hard-mining variant
is likewise flat-to-negative. Read only through aggregate F1, one would conclude the
minority guarantee is useless. Sections 4.3 and 4.4 show why that conclusion is an
averaging artifact.

Table 4 Aggregate strict F1 by selector (GPT-4o-mini, 5-shot, B = 5000 bootstrap). Deltas are
paired bootstrap differences, with their paired-difference intervals in Appendix F; these
selector-versus-selector contrasts are exploratory and are not Holm-adjusted. Significance is
two-sided (∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001). Retrieval outperforms random on both CADEC
and PsyTAR in these exploratory comparisons; the minority guarantee (ours pos) is flat in
aggregate on PsyTAR, the corpus where it should help most.

Selector Strict F1 [95% CI] ∆ vs. random ∆ vs. bm25

CADEC (188 posts; explicit-dense, positive-abundant)
random 56.73 [52.4, 61.0] – −4.11
cluster 52.55 [48.2, 57.0] −4.18∗∗ (worse) −8.29∗∗∗

sbert 59.95 [56.1, 64.0] +3.23∗∗ –
bm25 60.84 [56.8, 64.7] +4.11∗∗∗ –
ours pos 62.06 [58.0, 66.2] +5.33∗∗∗ +1.23 (p=0.189)
ours full 59.23 [55.1, 63.3] +2.51∗ −1.60 (p=0.109)

PsyTAR (1191 sentences; implicit-rich, positive-scarce)
random 55.31 [50.3, 59.9] – −4.43
bm25 59.74 [55.4, 63.8] +4.43∗∗∗ –
cluster 59.92 [55.3, 64.2] +4.61∗∗∗ +0.18 (n.s.)
ours pos 59.80 [55.7, 63.8] +4.49∗∗ +0.06 (n.s.)
ours full 60.04 [55.9, 64.0] +4.73∗∗∗ +0.30 (n.s.)
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4.3 Stratified Diagnosis: The Gap Is Implicit-Shaped

Splitting recall by register is where the picture changes. On PsyTAR under the val-
idated labels, the baseline recovers explicit reactions far more often than implicit
ones, with explicit span-recall about 72% versus implicit about 34%, a 38-point gap
(Figure 1, left panel). Implicit reactions are roughly twice as hard to recover as explicit
ones, and this is what the aggregate F1 was collapsing across. A single test item shows
what the deficit looks like in practice. Given a post whose gold reactions are “shaky”,
“weak” and “felt like I was going to faint if I stood at all”, the model returns the two
explicit spans exactly and a truncated version of the third, which strict matching scores
as a miss (Appendix A gives the full prompt and output). This gap is measured on the
labeller’s stratification, but it is not an artifact of that labeller. Because label noise
blurs the two strata toward each other, any disagreement between the labeller and
human annotators (agreement κ = 0.875; Section 5.1) would attenuate the observed
gap rather than inflate it if the misclassification were non-differential with respect to
whether a span is recovered. We have not established that, so we report the 38-point
figure as an estimate under measurement error rather than as a bound. The same
ordering holds on CADEC, with a smaller estimated gap; Section 6.2 tests whether
the gaps genuinely differ across corpora and does not detect a difference.

Against that backdrop the minority guarantee does exactly what aggregate F1
hid. Table 5 reports the item-level implicit F1 difference between the minority guar-
antee and BM25 across all four models. The gain is positive on every one of the four
models (+1.95 to +2.72) and precision-preserving, with implicit precision essentially
unchanged on the primary model (74.0 to 73.8) while implicit recall rises. Rather than
lean on any single model, we run a pooled analysis across them. A paired item boot-
strap of the mean implicit-F1 gain across the four models, resampling posts so that the
shared-item dependence between models is respected, gives a combined gain of +2.35
(95% CI [+0.72,+4.14], two-sided p = 0.003). All pooled figures in this paper come
from this single implementation, so they are directly comparable with the sensitivity
analysis of Section 5.4.

The pooled effect is therefore significant, even though per model it is small enough
that the individual two-sided paired-bootstrap p-values (0.040 to 0.138) do not clear
Holm correction (Table 5); the same-signed gain also recurs under a non-GPT labeller
(Section 5.5). This is the profile of an instrument, a small but reliable effect that
exposes the diagnosis without itself topping a leaderboard.

On GPT-4o, the model with the least explicit headroom, the gain is larger on the
implicit stratum than the explicit one (+2.6 against +1.3 F1); on the other three,
which still have explicit headroom, it helps both. The implicit gain is the consistent
one, present on every model, which is the thesis in one line, a training-free intervention
helps where in-context learning is weakest. On CADEC the same comparison is not
significant (only about 12% of spans are implicit and positives are abundant), so the
method’s benefit is not universal. Section 6.3 identifies what it tracks, namely how
scarce reaction-bearing examples are in the demonstration pool, and shows that the
guarantee barely alters the prompt on the three corpora where they are plentiful. The
hard-mining variant adds nothing on top of the guarantee (implicit item-level F1 70.2
against 70.7), confirming that the entire effect is the minority guarantee.
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Table 5 Stratified item-level implicit F1: ours pos versus bm25, by model (PsyTAR, 5-shot,
validated LLM register labels, B = 5000 paired bootstrap). p is two-sided; the guarantee can add or
remove reaction-bearing examples from a prompt and we observe both signs across corpora, so a
one-sided test is not justified. pHolm is Holm-adjusted across the four-model family. The gain is
positive on every model, and precision-preserving on every model (Appendix B); per-model
evidence is weak and does not clear Holm correction, so the evidence is the consistent sign and size
across the four models (and under a non-GPT labeller), not any single test.

Model ∆ implicit F1 95% CI p (2-sided) pHolm

GPT-4o-mini +2.72 [+0.11,+5.69] 0.040 0.158
GPT-4o +2.53 [−0.51,+5.72] 0.107 0.320
Llama-3.3-70B +1.95 [−0.55,+4.64] 0.138 0.320
Qwen-2.5-72B +2.19 [−0.67,+5.49] 0.138 0.320

Baseline PsyTAR span-recall for reference: explicit ≈72%, implicit ≈34% (38-point gap). Pooled test across

the four models (paired item bootstrap of the mean gain): +2.35 (95% CI [+0.72,+4.14], two-sided p =

0.003).

Figure 1, the central figure of the paper, shows per-stratum recall across selectors,
with the fine-tuned upper bound drawn as a reference line (Section 4.5). The explicit
panel is high and its selectors sit close together; the implicit panel is low, and it is
where the selectors, and the fine-tuned line, separate.

4.4 Operating Point: Pareto Gain on Positives, False-Alarm
Cost on Negatives

Why is a clear per-stratum benefit invisible in aggregate F1? Because the cost lands on
a different population than the benefit. Table 6 decomposes it. On posts that contain
a reaction, the minority guarantee improves recall on both strata, and its precision
effect differs by stratum. On explicit spans precision and recall both rise (a Pareto
move, meaning neither is traded for the other, placing the guarantee above BM25’s
precision-recall frontier, 74.7/75.9 to 77.0/79.7), and on implicit spans recall rises at
essentially unchanged precision (62.9 to 67.9 recall, 74.0 to 73.8 precision). Either way
it is not trading precision away on real-ADR posts, so the recall it buys there is close
to free. The cost is entirely on reaction-free posts, where the false-alarm rate rises
from 20.1% to 25.8% (+5.7 points). That extra sensitivity on true positives and extra
false alarms on true negatives roughly cancel in a corpus-wide F1, which is precisely
why aggregate F1 is flat.

The net effect is a sensitivity-oriented operating-point shift that catches more
reactions at the cost of more false alarms on clean posts, a trade that is defensible for a
pharmacovigilance triage stage where recall is at a premium, but that must be shown
as a trade rather than a costless gain. A characterization of the added false positives
(Section 5.7) finds them predominantly textually grounded, with hallucinations rare,
but disproportionately of the indication-confusion type, so the trade is real and we
quantify its composition there.

When is this trade worth taking? The minority guarantee is the right operating
point for a high-recall first-pass filter, the stage that feeds a human reviewer or a
downstream classifier, and it earns its keep precisely where reaction-bearing posts are
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Fig. 1 Per-stratum strict span-recall on PsyTAR (GPT-4o-mini, 5-shot; 528 explicit and 222 implicit
gold spans under the validated register labels), with 95% bootstrap confidence intervals and the
PubMedBERT fine-tuned upper bound (five-seed mean) as a horizontal reference line. (a) Explicit
reactions: recall is high throughout (72.3 to 81.8) and the selectors are closer together than in (b);
only the minority guarantee rises above the fine-tuned line. (b) Implicit reactions: recall is far lower;
the selectors separate cleanly (random 34.2, BM25 44.6, minority guarantee 51.4), and the training-
free minority guarantee reaches the fine-tuned band (mean 50.2) using only the demonstrations’ own
labels. The bar sits nominally above that line, but the two are not distinguishable in a paired test
on the same items (Section 4.5), so the panel should be read as the selector reaching the band, not
beating it. Even that supervised upper bound leaves a large implicit deficit relative to the explicit
panel.

Table 6 Operating-point decomposition on PsyTAR (GPT-4o-mini, item-level strict P/R under
the validated LLM register labels). On explicit spans the minority guarantee improves both
precision and recall (a Pareto move); on implicit spans it improves recall at essentially unchanged
precision; the only cost is a higher false-alarm rate on reaction-free posts.

Population bm25 P bm25 R ours pos P ours pos R

positive posts, explicit spans 74.7 75.9 77.0 79.7
positive posts, implicit spans 74.0 62.9 73.8 67.9

negative (no-ADR) posts, false-alarm rate bm25 20.1% → ours pos 25.8% (+5.7 pp)

Positive-post cells are item-level strict precision and recall on the same validated register labels as Table 5

(341 reaction-bearing posts: 159 explicit-only, 182 implicit-bearing); the false-alarm rate is over 850 reaction-

free posts and is label-independent.

scarce enough that random exemplars miss them, lifting post-level detection sensitiv-
ity, the percentage of reaction-bearing posts on which at least one span is predicted,
from 86.5% to 92.7%. It is not a free improvement. It also lifts the false-alarm rate
on reaction-free posts from 20.1% to 25.8%, so at low positive prevalence (10 to 30%)
it gives back a few points of post-level precision, which combines the two rates as
πs/(πs+ (1− π)f) for prevalence π, sensitivity s and false-alarm rate f (for instance
28.6% against BM25’s 32.3% at π = 0.10). Where precision is paramount or positives
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are very rare, BM25 alone is the better choice. The point is that this is a characterized
operating-point choice with a clear regime, not a uniform win or loss.

4.5 Fine-Tuned Upper Bound: The Residual Survives
Fine-Tuning

The decisive question is whether the implicit deficit is an artifact of in-context
prompting that fine-tuning would erase. It is not. We fine-tuned two independently
pretrained encoder taggers directly on the PsyTAR gold labels, PubMedBERT and
Bio ClinicalBERT, with five random seeds each, and stratified every run (Table 7).
The seed-42 PubMedBERT aggregate strict F1 (71.15) matches the fine-tuned ball-
park from the benchmark (Elbiach et al. 2025), so these are fair upper bounds. Yet
across all ten runs the explicit-versus-implicit span-recall gap is 30 to 32 points (Pub-
MedBERT 30.0 ± 1.9, Bio ClinicalBERT 32.2 ± 2.4), nearly as wide as the 38-point
gap of the in-context baseline and roughly fifteen times the seed-to-seed variation.
Training on the labels narrows the gap by under 10 points, and a second, differently
pretrained encoder reproduces the same shape, so the residual is a property of the
task, not of one model.

Two comparisons make the point sharp. First, we compare the selector against
each fine-tuned encoder on the same test items, with a hierarchical paired bootstrap
of the difference in strict span recall that resamples both test items and the five
training seeds, so the interval reflects training-seed variability rather than condition-
ing on the particular runs we trained. Comparing two separately estimated intervals
for overlap would not test this. Against PubMedBERT the selector is +1.17 points
on implicit recall (95% CI [−5.60,+7.75], two-sided p = 0.73) and +1.59 points
on explicit recall ([−2.43,+5.60], p = 0.44); against Bio ClinicalBERT it is +4.32
([−2.38,+11.18], p = 0.22) and +2.58 ([−1.42,+6.65], p = 0.22). No difference is
detectable in either register, and the point estimate favours the training-free selector
in all four comparisons.

Absence of a detectable difference is not proof of equivalence, and with these inter-
val widths the data exclude a fine-tuned recall advantage larger than about 5.6 points
on implicit spans and 2.4 points on explicit spans, but cannot rule out a smaller one.
The selector reaches this without fine-tuning, without a GPU, and without annotation
beyond the demonstrations.

Second, where fine-tuning genuinely wins is elsewhere. It lifts both strata off the
in-context floor (implicit from 34 to about 50, explicit from 72 to about 80) and
slashes the false-alarm rate on reaction-free posts (from 20 to 26% in context down to
about 7.5%). Fine-tuning’s demonstrated advantage over the selector therefore lies in
precision rather than recall. The selector’s explicit span recall (81.8%) even slightly
exceeds PubMedBERT’s (80.2±0.5). Fine-tuning is overwhelmingly better on reaction-
free posts, and modestly better on reaction-bearing ones, where its implicit item-level
F1 is 73.2± 0.6 against the selector’s 70.7. False-alarm suppression is the larger of the
two and the principal demonstrated source of the aggregate difference, though not the
only one.

The implicit deficit survives the fine-tuning boundary across seeds and archi-
tectures, which promotes the diagnosis from “in-context learning is bad at implicit

16



reactions” to “implicit reactions are harder to detect even for a supervised upper
bound,” within the encoder setups we evaluated.

Table 7 Fine-tuned upper-bound band on PsyTAR (strict span-recall over 528 explicit / 222
implicit gold spans; validated register labels; five random seeds per architecture, mean ± sd). Two
independently pretrained encoders both leave a 30 to 32 point explicit-versus-implicit recall gap, far
larger than the seed variation, so the residual is not a PubMedBERT artifact; it persists across
both architectures and all ten training runs we evaluated.

Architecture (5 seeds) Explicit
rec.

Implicit
rec.

Gap
(E−I)

Implicit
item F1

Neg.
FA%

PubMedBERT 80.2± 0.5 50.2± 2.0 30.0± 1.9 73.2± 0.6 7.4± 0.6
Bio ClinicalBERT 79.2± 0.9 47.0± 1.6 32.2± 2.4 70.9± 1.2 7.6± 0.8

In-context baseline gap for reference: 72.3−34.2 = 38.1 pt. Seed-42 PubMedBERT aggregate strict P/R/F1

= 70.31 / 72.0 / 71.15 (cf. benchmark fine-tuned ≈71.7 (Elbiach et al. 2025)). The best training-free selector

reaches implicit recall 51.4 [44.0, 58.3], overlapping the top of this band; the in-context false-alarm rate is

20 to 26% versus about 7.5% here.

5 Validity and Robustness

A diagnosis that lives in a subgroup and a non-primary metric invites the charge of
cherry-picking. The checks below address it. The register labels are human-validated
and reproduce under a labeller from a different model family, the advantage is not
leakage, it does not depend on borderline spans, and it is not a proxy for length or
rarity.

5.1 Register-Labeller Validation

Two annotators, the two authors, independently labelled a balanced sample of 180 gold
spans (with sentence context) as explicit or implicit following the written codebook
(Appendix D). They labelled blind to the model predictions, to the heuristic label,
and to the LLM label, though not blind to corpus or to the study hypothesis, a
limitation we return to in Section 8. Raw agreement was 89.4%. The full confusion is
144 spans both called explicit, 17 both called implicit, 19 the more liberal annotator
called implicit while the other called explicit, and 0 the reverse.

Two things follow. First, despite the balanced 90/90 sampling on the heuristic
label, the annotators’ realized split is about 80% explicit (annotator A called 144 of
180 explicit), so one class is in fact rare, which is exactly the condition that deflates
Cohen’s κ (the “κ paradox”). Cohen’s κ was 0.589 (95% CI [0.42, 0.74]), but the
prevalence-adjusted PABAK was 0.789 [0.69, 0.88] and Gwet’s AC1 was 0.859 [0.79,
0.92] (Cohen 1960; Byrt et al. 1993; Gwet 2008), both indicating good agreement.
Second, the disagreements are one-directional (all 19 in the same direction), so they are
adjudicable and, as Section 5.3 shows, immaterial to the result. Table 8 summarizes.

Crucially, this human study invalidated our first labeller. A lexicon heuristic agreed
with the humans at only κ 0.19 to 0.40, over-counting implicit reactions two- to three-
fold and missing standard symptom terms; every number in this paper uses instead a
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language-model labeller (GPT-4.1-mini) that agrees with the human consensus at κ
0.875, chosen over GPT-4o (0.73) and Qwen (0.77). Replacing the heuristic with the
validated labeller did not weaken the finding; it sharpened it (the baseline implicit-
explicit gap widened from about 28 to 38 points, because the heuristic had been
mislabelling easy spans as implicit). The stratification of the full test set is produced
by a language model, not a full human gold standard; we treat its agreement with
the 180-span human consensus as validation on a sample, and lean on the boundary-
sensitivity and cross-family checks (Sections 5.3 and 5.5) rather than on the labeller’s
authority.

Table 8 Register-labeller validation. Human inter-annotator agreement is good once prevalence is
accounted for; the LLM labeller used for all results agrees with the human consensus at κ 0.875,
while the discarded lexicon heuristic did not.

Comparison Agreement Notes

Human vs. human (180 spans) raw 89.4%; κ
0.589; PABAK

0.789; AC1 0.859

disagreements one-
directional

LLM labeller (GPT-4.1-mini) vs. human consensus κ 0.875 chosen labeller
GPT-4o vs. human consensus κ 0.73 not chosen
Qwen vs. human consensus κ 0.77 not chosen
Lexicon heuristic vs. human κ 0.19 to 0.40 invalidated; dis-

carded

5.2 Leakage Audit

A retrieval-based method could “win” merely by copying a near-duplicate of the
test post (with its answer) into the prompt. We audited train/test near-duplication
with dense cosine similarity above 0.9 or token Jaccard above 0.8. Near-duplication
is low (CADEC 1.1%, PsyTAR 3.1%) and answer-leaking near-duplicates are negligi-
ble (CADEC 0.0%, PsyTAR 0.3%, four items). Removing the near-duplicates barely
moves the headline. The de-leaked PsyTAR implicit advantage of the minority guar-
antee over BM25 is +2.76 (95% CI [+0.17,+5.62], two-sided p = 0.038), essentially
identical to the full-data +2.72 ([+0.12,+5.64], p = 0.039). The advantage is not
contamination.

5.3 Boundary Sensitivity

Some spans are genuinely borderline between explicit and implicit. Two independently
validated labellers (GPT-4.1-mini and GPT-4o) agree on 92.1% of 750 PsyTAR spans,
leaving 59 borderline spans. We recomputed the headline under four labellings, each
labeller alone plus the borderline spans forced entirely to implicit or entirely to explicit.
Across all four, the explicit-implicit recall gap stays in the 36.8 to 39.9 point band
and the guarantee’s implicit F1 advantage over BM25 stays between +2.7 and +3.6,
all two-sided p ≤ 0.039. The finding is independent of the 59 borderline spans, so no
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manual adjudication of them is needed. Moreover the human disagreements are one-
directional, and every alternative labelling above yields a larger advantage than the
one we report, so the reported figure is the conservative choice.

5.4 Register-Label Consistency

The check above varies where the register line is drawn. A separate question is whether
the released labels are internally consistent with the codebook of Appendix D. We
therefore ran reproducible consistency checks over all 750 labelled PsyTAR spans.
These are pattern-based rather than a semantic re-reading of every span, so they
establish the absence of certain inconsistencies rather than the absence of all of them.
Of the 126 spans matched by the audit’s clinical-vocabulary pattern, 124 are labelled
explicit as rule (1) requires. The insomnia lay-synonym check matched 12 spans (“can’t
sleep”, “cannot sleep at night”, “trouble sleeping”); all 12 are labelled explicit under
rule (1), while sleep-related descriptions that require inference (“slept through life”,
“spend most of my spare time in bed sleeping”) are labelled implicit.

The two exceptions are “Very apathetic” and “mild apathy”. Both contain a clinical
term and should be explicit under rule (1), so we count them as labelling errors rather
than defensible context-dependence, and we release a corrected label file alongside the
original. Separately, five normalized span strings, covering 21 of 750 spans (2.8%),
receive both labels in different posts: “vivid dreams”, “anger”, “gained weight”, “sex-
ual side effects” and “brain fog”. Because the labeller sees each span inside its host
post, some context-dependence is by design, but these five are not distinctions we
would defend.

We therefore re-ran the pooled cross-model test under four alternative labellings,
all using the same implementation as Section 4.3 so that they are directly compa-
rable with it and with one another. Correcting only the two apathy errors gives
+2.41 ([+0.74,+4.24]). Forcing all 21 ambiguous spans to explicit gives +2.54
([+0.81,+4.50]) and to implicit +2.24 ([+0.66,+4.00]); correcting the apathy errors
as well gives +2.61 ([+0.83,+4.57]). The released labels give +2.35, and two-sided
p ≤ 0.004 throughout. The conclusion is unchanged across all five conditions.

The primary analyses throughout the paper use the original released labels, includ-
ing the two spans we identify as errors. The original label set was frozen before any
results were examined. To preserve that analysis and to avoid outcome-informed rela-
belling, we retain it as primary while releasing the corrected labels beside it and
reporting their isolated effect, which is the second condition above. The audit, both
label files and the sensitivity analysis are released with the code, so every count in
this section can be reproduced.

5.5 Cross-Family Labeller Robustness

The boundary check above varies the label within the GPT family; a stronger test is
whether the register axis is itself an artifact of using a GPT model to draw it, given
that the primary extractor is also a GPT model. We therefore re-derived the entire
stratification with a labeller from a different model family, Qwen-2.5-72B, which was
validated against the human consensus at κ 0.77.
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Under the Qwen labels the split shifts slightly (25.2% of spans implicit, versus
29.6% under GPT-4.1-mini), but the diagnosis is unchanged. Baseline explicit span-
recall is 71.5% against implicit 30.2%, a 41-point gap, even wider than the 38-point gap
under the GPT labeller, and the minority guarantee’s implicit F1 advantage over BM25
holds at the same magnitude, +2.31 (95% CI [−0.30,+5.02], two-sided p = 0.086),
which like the per-model GPT-labelled tests is not individually significant; the point
of the check is that the register axis and the direction of the effect survive a change
of labeller family, not that this single comparison is decisive. The implicit deficit is
therefore not an artifact of a GPT model drawing the line, and the selector’s benefit
points the same way and by a similar amount when a different model family draws it.

5.6 Confound-Matching: Implicit Is Not Length or Rarity in
Disguise

Implicit spans tend to be longer and could use rarer words, so the register gap might
be a proxy for span length or word rarity. Our primary test is a logistic regression
of “recovered” on an implicit indicator, with and without controls for span token
length and mean token log-frequency (Table 9). The controls attenuate the implicit
effect (odds ratio 0.20 to 0.36 for the in-context baseline, 0.26 to 0.40 for the fine-
tuned model), so part of the raw gap is length; but the penalty does not vanish. After
controls, an implicit span still has about 0.36 to 0.40 times the odds of recovery of
an explicit span of the same length and rarity (p ≤ 10−6), in both the prompt-only
baseline and the supervised upper bound. Length is the stronger single control (long
spans are genuinely hard) and correlates with implicitness (r = 0.33); rarity is nearly
irrelevant.

As a descriptive cross-check, the gap also holds within each marginal bin (Figure 2).
Explicit recall exceeds implicit recall at every span length and every word-rarity tercile,
with per-bin support given in the caption. A finer length-by-rarity grid is consistent
where it is populated, but we do not lean on it because several implicit cells are sparse
or empty. The narrow claim we defend is that implicit is not a proxy for length or
rarity, not that length and rarity are irrelevant; controlling for both attenuates the
gap but leaves a large, highly significant implicit penalty.

5.7 False-Positive Characterization

Because the operating-point trade adds false alarms on reaction-free posts, we char-
acterized every one of them on the 850 reaction-free posts, and classified the largest
bucket rather than leaving it undifferentiated. Each predicted span on such a post is
a false positive. We first bucket it as hallucinated (the span text is absent from the
post), negation-flip (present, but a negation cue sits beside it), or asserted (present
and unnegated); we then classify each asserted span as indication confusion (it names
the condition the drug is taken to treat), a plausible reaction the gold annotation
missed, or other. Table 10 reports the result.

Hallucination is rare under both selectors, 8 of 275 false positives for BM25 and 12
of 350 for the minority guarantee, so the added errors are predominantly grounded in
the post’s own words rather than invented, though 4 of the 75 added are hallucinations.
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Table 9 Confound-matching on PsyTAR (750 spans). Logistic regression of span recovery on an
implicit indicator, alone (a) and with span length and word log-frequency controls (b). Odds ratios
below 1 mean lower recovery for implicit spans. The implicit penalty attenuates under controls but
stays large and highly significant for both the in-context baseline and the fine-tuned upper bound.

Model (a) implicit alone, OR
[95% CI]

(b) + length + log-freq,
OR [95% CI]

In-context (random baseline) 0.199 [0.142, 0.279],
p=5× 10−21

0.355 [0.237, 0.531],
p=5× 10−7

Fine-tuned (PubMedBERT) 0.260 [0.185, 0.366],
p=9× 10−15

0.399 [0.276, 0.577],
p=1× 10−6

Controls are z-scored; token length odds ratio is 0.12 (baseline) / 0.45 (fine-tuned), p < 10−11, log-frequency

is near 1. A finer length×frequency grid is directionally consistent but has sparse implicit cells, so we rely

on the regression and the marginal bins of Figure 2.
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Fig. 2 Explicit versus implicit strict span-recall within matched bins on PsyTAR (in-context random
baseline). (a) By span length in words: implicit recall is lower at every length, so the gap is not just
that implicit spans are longer. (b) By word rarity (frequency terciles, rare to common): implicit recall
is lower at every rarity level. The register gap holds inside every bin, evidence that it is not merely
a proxy for span length or word rarity. Bin sizes (explicit / implicit spans): lengths 1, 2, 3+ have
150/21, 188/50, 190/151; rarity terciles rare, mid, common have 175/75, 190/66, 163/81.

The added false alarms are not, however, simply more of the same. Of the 75 false
positives the guarantee adds, 37, about half, are indication confusion, against only 9
further plausible reactions. That is a genuine pharmacovigilance error rather than a
free pass. Naming the depression for which an antidepressant was prescribed is wrong
in a way that an over-read but real symptom is not.

The trade is therefore more specific than a uniform rise in false alarms. The guar-
antee buys implicit recall on reaction-bearing posts at close to no precision cost, and
pays for it on reaction-free posts with errors that are textually grounded but weighted
toward indication confusion. For a triage stage with a human reviewer this may remain
workable, since indication confusion should be quick for a reviewer to dismiss and is
potentially addressable downstream by filtering predicted spans that match a drug’s
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known indications, neither of which we tested. It is not the costless “the same errors,
only more of them” picture, and a deployment without such filtering should weigh the
5.7-point false-alarm rise accordingly.

Two caveats apply to the bucketing itself. The negation rule is a crude window
heuristic, so the negation-flip share is an upper bound, and the three-way classification
of asserted spans is assigned by the same validated labeller family used for register
labels, not human-adjudicated.

Table 10 False-positive composition on the 850 reaction-free PsyTAR posts
(GPT-4o-mini, 5-shot), as counts. The minority guarantee adds 75 false positives
over BM25, of which about half are indication confusion.

Selector FPs Halluc. Negation Indication Plausible Other

bm25 275 8 31 89 121 26
ours pos 350 12 41 126 130 41

added +75 +4 +10 +37 +9 +15

6 Cross-Corpus Robustness

Everything above rests on two corpora, which leaves open whether the register deficit
is a property of patient-authored text or an artifact of these particular benchmarks. We
therefore extend the analysis in two directions, which answer different questions. To
ask whether the diagnosis generalizes within the colloquial register, we add CADECv2
(MultiADE) (Dai et al. 2024), an independently constructed patient-forum corpus.
To ask what happens under genuine domain shift, we add PHEE (Sun et al. 2022), a
corpus of biomedical case reports whose language is technical rather than colloquial.

CADECv2 and CADEC share a small number of AskaPatient posts (46 of 709
test documents, 6.5%, matched on case-folded alphanumeric text). We remove every
shared document from both splits, leaving 663 test documents with no exact match
in CADEC, so this is independent evidence rather than a partial re-test of a corpus
we have already used. All CADECv2 numbers below are on that de-duplicated split.

6.1 The Register Mix Is Corpus-Dependent

Table 11 applies the labeller validated on the primary corpora (Section 3.5) to all four
corpora. The share of implicit spans varies more than threefold, from 8.1% on case
reports to 29.6% on psychiatric drug reviews. The technical corpus sits lowest, below
all three patient-authored corpora, with an interval disjoint from those of CADECv2
and PsyTAR and only just touching CADEC’s, which is the expected result, since
case reports are written by clinicians in clinical vocabulary, so the colloquial register is
largely absent by construction. The patient-authored corpora are not interchangeable
either. CADEC and CADECv2 are drawn from the same forum yet have clearly differ-
ent estimated register mixes (12.0% against 17.9%, with disjoint intervals), consistent
with their different drug and annotation coverage.
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The same table reports two further baseline characteristics. The positive rate
ranges from 28.6% to 95.0%, so the corpora span both the reaction-scarce and the
reaction-abundant regime, and median document length ranges from 65 to 417 char-
acters, spanning the sentence-level and document-level regimes; we did not separately
quantify textual noise. Any claim that survives across these four is not resting on one
class balance or one document granularity.

Table 11 The four corpora under the same validated register labeller. Implicit share is over
gold reaction spans in the test split, with a 95% bootstrap interval. CADECv2 is the
de-duplicated split described above.

Corpus Source Items Pos.% Med. chars Spans Implicit % [95% CI]

PHEE case reports 968 91.7 126 951 8.1 [6.4, 9.9]
CADEC patient forum 188 89.4 388 876 12.0 [9.8, 14.2]
CADECv2 patient forum 663 95.0 417 4568 17.9 [16.8, 19.0]
PsyTAR drug reviews 1191 28.6 65 750 29.6 [26.3, 32.9]

6.2 The Diagnosis Generalizes, Including Off Social Media

We then measured the quantity the paper is about, per-stratum strict span recall,
under one fixed condition on all four corpora (BM25 selection, GPT-4o-mini, five
shots), so the corpora rather than the configuration are what differ. Table 12 reports
the result with a paired item bootstrap.

The explicit-implicit gap appears in every corpus, at between 26.6 and 33.6 points,
with every interval excluding zero. Overlapping intervals would not by themselves
establish that the four gaps are the same, so we tested it. Cochran’s Q over the four
estimates, weighted by their bootstrap standard errors, is 1.29 on 3 degrees of freedom
(p = 0.73) with I2 = 0%. We therefore detect no heterogeneity among the four
estimated gaps, and the fixed-effect pooled gap is 31.3 points (95% CI [28.0, 34.7]).
With only four corpora, moderate differences between them could still go undetected.
Absolute difficulty, by contrast, clearly does vary, with explicit recall ranging from
58.7% to 78.2%, so the corpora genuinely differ in how hard they are while the penalty
attached to implicit phrasing does not measurably differ.

The PHEE row is the one we expected to break the pattern, and it did not. Case
reports are written by clinicians, and accordingly only 8.1% of their reaction spans
are implicit, against 29.6% on PsyTAR. But where implicit spans do occur, they
are recovered 30.1 points less often, an estimate within the range observed on the
patient-authored corpora.

This distinguishes two claims that are easy to run together. The prevalence of
implicit phrasing varies substantially by corpus and source domain, more than three-
fold across our four. How much harder such reactions are to extract, once present,
did not measurably differ across those same four, across class balances from 28.6% to
95.0% positive and document lengths from 65 to 417 characters. The deficit is there-
fore not an artifact of the two benchmarks the earlier sections used, and its appearance
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in PHEE is evidence that it can extend beyond social media. PHEE’s implicit stratum
is small (77 spans), which is why its interval is the widest in the table.

Table 12 Strict span recall by register on all four corpora under one
fixed condition (BM25, GPT-4o-mini, five shots), with 95% paired
item-bootstrap intervals. The gap is present in all four corpora; no
heterogeneity in its magnitude is detected, whereas absolute recall varies.

Corpus Explicit % Implicit % Gap (pp) 95% CI

PHEE 58.7 28.6 30.1 [19.2, 40.7]
CADEC 64.7 38.1 26.6 [16.9, 36.4]
CADECv2 70.0 38.1 31.8 [27.6, 36.0]
PsyTAR 78.2 44.6 33.6 [25.5, 41.4]

6.3 The Selector’s Benefit Tracks the Demonstration Pool

The third claim, the value of the minority guarantee, behaves differently across cor-
pora. Rather than infer the reason, we measured it. The guarantee can only matter
when BM25’s own top-k already lacks reaction-bearing demonstrations, and that
depends on the demonstration pool, not on the prevalence of the test split, which is
the quantity it would be natural but mistaken to cite here. Table 13 reports, for each
corpus, the pool’s positive rate, how many reaction-bearing examples BM25 alone
places in the five-shot prompt, and how often the guarantee actually changes which
demonstrations are shown.

The mechanism is then visible directly. On PsyTAR the pool is 29.7% positive and
BM25 supplies only 1.44 reaction-bearing examples per prompt, below the npos = 3
the guarantee requires, so it rewrites the demonstration set for 78.0% of items. On the
other three corpora the pool is 88 to 94% positive and BM25 already supplies between
4.7 and 4.9, so the guarantee has nothing to add and changes the set for between 0.2%
and 1.2% of items. It is nearly inert at the prompt-selection level rather than inactive
by coincidence.

On CADECv2, accordingly, its implicit item-level F1 is −0.84 against BM25 (95%
CI [−1.63,−0.06]). This is an exploratory estimate with an unadjusted interval that
excludes zero, so on this corpus the guarantee is slightly negative rather than merely
inert, by under one F1 point; implicit span recall is essentially unchanged (38.1% to
38.6%). This matches CADEC, which is also positive-abundant, and contrasts with
PsyTAR, the one corpus in which positives are scarce (28.6%) and in which the
guarantee helps (Section 4.3).

This corpus dependence is what the proposed mechanism predicts. A selection
method that helped equally whether or not the minority it targets was actually rare
would point to something other than the stated mechanism driving the gain. It is
also consistent with Peng et al. (2024), who report that the value of a demonstration-
selection strategy depends on the data it is applied to. The practical reading is that
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the guarantee materially changed prompts only where reaction-bearing demonstra-
tions were the minority, which is the realistic pharmacovigilance setting of screening
unfiltered streams, and that it did not help on the reaction-dense pools evaluated here.

Table 13 Where the minority guarantee can act. It binds only when BM25 supplies fewer than
npos = 3 reaction-bearing demonstrations, which is a property of the demonstration pool rather
than of the test split. Selection is deterministic given pool and query, so these figures need no
model calls.

Corpus Pool Pool pos.% BM25 pos./5 Prompts changed % Test pos.%

PsyTAR 3850 29.7 1.44 78.0 28.6
CADEC 1062 88.4 4.82 0.5 89.4
CADECv2 2678 93.8 4.91 0.2 95.0
PHEE 2898 94.1 4.69 1.2 91.7

7 Discussion

The headline is a methodological one. On this task, a single aggregate F1 collapses two
populations with very different behaviour into one number, and reporting only that
number hides both the real benefit of a minority-aware selector and the real location
of the residual gap. Stratifying by how the target is expressed is a cheap, reusable
move, and it is the transferable contribution here, more than the selector itself.

The selector is a modest instrument. Its benefit is real but small, precision-
preserving on reaction-bearing posts, and confined to corpora where reaction-bearing
examples are scarce in the demonstration pool, which among the four we test means
PsyTAR alone (Section 6.3). It buys sensitivity at the price of false alarms on clean
posts, a trade that a corpus-wide F1 would hide. That the training-free guarantee has
a similar implicit-recall point estimate to a supervised encoder, with no detectable dif-
ference between them, is the most striking single comparison. The interval still admits
a fine-tuned advantage of up to about 5.6 points on this stratum, so what we can say
is that the labels buy no detectable recall here, not that they buy nothing.

The corpus-dependent sign flip of the diversity selector (helpful on PsyTAR,
harmful on CADEC) is consistent with the wider finding that the value of an example-
selection strategy is dataset- and model-dependent rather than universal (Peng et al.
2024). CADEC’s explicit density makes retrieval-similar examples already informative,
so forcing diversity discards useful context, whereas PsyTAR’s heterogeneity rewards
it. This is a reminder that “smart selection” is not a single knob with a fixed sign.

The deepest point is how far the residual reaches. It persists in three separate
sweeps: across four in-context models, across two fine-tuned encoder architectures with
five seeds each, and, under one fixed extraction condition, across all four corpora. The
difficulty of implicit reactions is therefore not specific to in-context prompting, nor to
any one corpus. These reactions must be inferred from figurative or indirect language
rather than matched to a symptom name, and that difficulty holds across every model
and paradigm we evaluated. This shows the gap is robust to the models, objectives,
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and selection methods we tested, not that no conceivable model or training regime
could narrow it. This connects to observations that language models struggle with
the nuances of non-standard reaction descriptions in social-media health text (Chan-
dra et al. 2025) and reframes “fine-tuning wins” as a statement about where, not
whether. Fine-tuning wins principally by suppressing false alarms. The paired com-
parisons detect no recall advantage in either register, and the implicit deficit is one
both paradigms share.

The deficit also compounds downstream. Implicit mentions are precisely the spans
a normalizer struggles to map to a standard terminology such as MedDRA, because
non-standard wording has no direct dictionary entry (Yazdani et al. 2023). Surfacing
them is a prerequisite and already difficult part of that pipeline, so locating where
they are lost is useful in its own right, which is why we treat extraction without
normalization as a scope choice rather than a gap.

There are two practical takeaways. For anyone reporting on this task, a single
corpus-wide F1 is an unreliable summary. It can hide a real intervention effect (as
it hides ours) and it obscures which linguistic phenomena a system actually handles.
Reporting recall stratified by register, at a stated operating point, costs one extra
table and one register labeller, and it turns an opaque ranking into an interpretable
one. For anyone deploying an extractor as a first-pass filter in a pharmacovigilance
pipeline, the operating-point framing is the actionable part. The minority guarantee is
a cheap way to raise sensitivity to reactions when reaction-bearing posts are scarce, at
a quantified and characterizable false-alarm cost that a downstream human or model
reviewer would have to absorb.

Which paradigm to deploy follows the resource regime. With labelled spans and
compute, a fine-tuned encoder is the stronger extractor overall, with far fewer false
alarms and a higher aggregate F1, although the paired comparison of Section 4.5
detects no recall advantage for it in either stratum, and the point estimates there favour
the selector; without them, the training-free selector reaches comparable recall at no
training cost. But the colloquial gap survives both, so a register-stratified check earns
its place under either choice. Neither takeaway requires the selector to be a new state
of the art; both follow from treating example selection as an instrument and reporting
what it moves. More broadly, the pattern here, an aggregate metric collapsing across a
subgroup where the interesting behaviour lives, is not unique to ADR extraction, and
the same stratify-by-expression lens should transfer to other extraction tasks whose
targets range from canonical to colloquial.

8 Limitations

Our corpora are patient forums, drug reviews and biomedical case reports, not micro-
blogs, and the task is span extraction only, without normalization to a medical
dictionary. The cross-corpus comparison of Section 6 uses a single extraction model
and selection strategy so that the corpora are what differ; we have not repeated it for
all four models. PHEE’s implicit stratum is small (77 spans), so its interval is corre-
spondingly wide. The register labeller’s human validation was carried out on the two
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primary corpora; its labels on CADECv2 and PHEE were not independently human-
validated, so we describe it as validated on the primary corpora and transferred to the
others.

The stratification is LLM-generated, validated against human judgment on a 180-
span sample (labelled by the authors, who were not blind to the hypothesis) rather
than fully human-annotated across the test set. The boundary-sensitivity and cross-
family checks (Sections 5.3 and 5.5) are our defence that neither borderline placement
nor the labeller’s model family drives the result; a large representative human-labelled
stratification would settle it more directly and is the natural next annotation study.

9 Conclusions

Four findings sit behind the single F1 score usually reported for this task, and they are
clearer stated apart. First, and most important, accuracy within one model depends
heavily on how a reaction is worded. Reactions put in everyday, figurative language
are recovered far less often than clinically named ones, and aggregate F1 hides this
completely. Second, a training-free, CPU-only selector that guarantees scarce reaction-
bearing examples in the prompt recovers part of that colloquial deficit, precision-
preserving on reaction-bearing posts, at a quantified false-alarm cost on reaction-free
posts.

Third, the comparison with fine-tuning is narrower than the aggregate implies. A
paired comparison on the same test items detects no difference between the selector
and a supervised encoder in either register, although the selector uses no annotation or
training beyond the labelled demonstration pool. That encoder’s remaining advantage
in aggregate F1 therefore rests principally on suppressing false positives on reaction-
free posts (about 7% against 26%), with a smaller contribution from higher precision
on reaction-bearing posts. The encoder also still leaves a comparable implicit deficit, so
the residual is not a prompting artifact; it persists across the paradigms we evaluated.

Fourth, the deficit is not peculiar to the corpora it was measured on. Under
one fixed condition across four corpora, spanning patient forums, drug reviews and
clinician-written case reports, how often reactions are phrased colloquially varies more
than threefold while how much harder they are to extract does not measurably differ.

The reusable lesson is the diagnostic lens. Stratify an extraction benchmark by how
its target is expressed, and a single F1 number resolves into a map of where a method
helps, where it trades one error for another, and where the difficulty persists across
every model, paradigm and corpus we evaluated. Such extractors are decision-support
for pharmacovigilance triage, not autonomous safety systems. Because a missed or
hallucinated reaction carries clinical cost, the operating point should be chosen with
a human reviewer downstream, and the register-stratified view is precisely what lets
that choice be made with the implicit-mention blind spot in view.

Acknowledgements. The fine-tuning experiment used compute on the Digital
Research Alliance of Canada.
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Abbreviations.

ADR Adverse drug reaction
ICL In-context learning
FT Fine-tuning
BM25 Best Matching 25 (lexical retrieval function)
SBERT Sentence-BERT (dense sentence embeddings)
CI Confidence interval
PABAK Prevalence-adjusted bias-adjusted kappa
OR Odds ratio
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Appendix A Worked Prompt Example

Table A1 shows a complete prompt built by the minority-aware selector (ours pos)
for one PsyTAR test sentence, together with the model’s output. The prompt is the
anchor benchmark’s expert-persona template (Elbiach et al. 2025), a fixed system
instruction followed by the k = 5 selected demonstrations as alternating user (post)
and assistant (comma-separated gold reactions, or “none”) turns, then the target post
as the final user turn. The demonstrations are the actual examples the selector chose
for this item; the positive guarantee has placed three reaction-bearing demonstrations
in the prompt, including figurative ones (“feeling like I was going to fall over”, “felt
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like I was not myself”), which is exactly the behaviour the guarantee is designed to
produce on an implicitly worded target. The model recovers the two explicit reactions
exactly and produces a truncated version of the figurative span, which strict scoring
counts as a miss, a concrete instance of the implicit deficit the paper quantifies.

Table A1 A complete ours pos prompt and the model output for one PsyTAR test item (GPT-
4o-mini, 5-shot). “POS”/“neg” marks whether each selected demonstration is reaction-bearing.

Role Content

System As an expert in NLP with extensive experience in biomedical text
analysis, carefully analyse the following text to identify mentions
of Adverse Drug Reactions (ADRs). Extract only the ADR terms
explicitly stated in the text, ensuring accuracy and completeness.
List them clearly, separated by commas, without adding any extra
words, explanations, or context. Focus solely on ADR terms to
maximize precision and relevance.

User (demo 1, POS) I just can’t go on indefinitely feeling like I was going to fall over
or vomit all day.

Assistant feeling like I was going to fall over, vomit all day
User (demo 2, POS) I was shaky and could not sleep.
Assistant shaky, could not sleep
User (demo 3, POS) I slept a lot, had no appetite whatsoever, lost weight, felt like I

was not myself at all.
Assistant slept a lot, had no appetite, lost weight, felt like I was not myself
User (demo 4, neg) I wasn’t able to sleep at night because I always felt like I was going

crazy.
Assistant none
User (demo 5, neg) Constantly felt like I was about to faint, felt like my brain was

being zapped with an electrical discharge.
Assistant none

User (target) shaky, weak, felt like I was going to faint if I stood at all.
Assistant (output) shaky, weak, felt like I was going to faint

Gold reactions for the target: “shaky” (explicit), “weak” (explicit), “felt like I was going to faint if I stood

at all” (implicit). Strict scoring credits the two explicit spans and counts the truncated figurative span as

a miss.

Appendix B Per-Model Stratified Results

Table B2 gives the full item-level strict precision, recall, and F1 by register stratum
for all four models, expanding the single implicit-F1 delta column of Table 5. Across
every model, the minority guarantee (ours pos) improves implicit F1 over BM25 (the
paired significance is in Table 5), and where explicit extraction still has headroom
(Llama, +6.0 explicit F1) it helps there too, while on the model with the least explicit
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headroom (GPT-4o, +1.3) the gain concentrates on the implicit stratum. Negative-
post false-alarm rates are reported for context. The guarantee’s false-alarm cost is
largest on GPT-4o-mini (+5.7 points) and smaller on the other three, between −1.1
and +3.3.

Table B2 Per-model item-level strict P/R/F1 by register on PsyTAR (5-shot, validated LLM
labels), and the negative-post false-alarm rate (FA). Explicit n = 528 spans / 159 items; implicit
n = 222 spans / 182 items; 850 negative items. Paired significance for the implicit
ours pos-vs-bm25 gain is in Table 5.

Explicit Implicit Neg

Model Selector P R F1 P R F1 FA%

GPT-4o-mini
random 68.1 69.5 68.8 69.5 55.1 61.5 18.2
bm25 74.7 75.9 75.3 74.0 62.9 68.0 20.1
ours pos 77.0 79.7 78.4 73.8 67.9 70.7 25.8

GPT-4o
random 75.2 75.2 75.2 76.3 64.7 70.0 14.0
bm25 78.1 76.8 77.5 80.2 68.1 73.6 12.1
ours pos 79.9 77.8 78.8 81.2 71.8 76.2 14.5

Llama-3.3-70B
random 64.5 66.6 65.5 58.4 53.8 56.0 30.2
bm25 64.0 69.8 66.8 64.2 60.1 62.1 33.2
ours pos 71.2 74.6 72.8 66.6 61.7 64.1 32.1

Qwen-2.5-72B
random 72.0 74.6 73.3 68.4 63.1 65.6 15.8
bm25 74.8 77.5 76.1 75.9 70.8 73.3 17.2
ours pos 77.8 83.6 80.6 74.6 76.3 75.5 20.5

Appendix C Consolidated Metrics

Table C3 collects, in one place, every quantity used in the main text for the primary
model on PsyTAR, so that the span-level and item-level views can be read side by
side without cross-referencing. Overall strict F1 is span-level (micro over posts); the
per-stratum figures are span-recall and item-level F1 as defined in Section 3.1; the
false-alarm rate is over the 850 reaction-free posts. The pattern is the one the main
text describes. Retrieval lifts everything over random, and the minority guarantee
adds recall on the implicit stratum at a false-alarm cost on negatives.

Appendix D Register Annotation Codebook

This is the codebook the two annotators followed (condensed; the full version and
the annotation spreadsheets are in the code repository). The label describes how the
reaction is expressed, not whether any model recovered it and not its severity or rar-
ity. The examples below are generic illustrations chosen to define the two categories,
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Table C3 Consolidated metrics, GPT-4o-mini on PsyTAR (5-shot, validated register labels,
strict). Explicit stratum n = 528 spans; implicit n = 222; negatives 850 posts.

Overall Span-recall Item F1 Neg

Selector F1 expl. impl. expl. impl. FA%

random 55.31 72.3 34.2 68.8 61.5 18.2
bm25 59.74 78.2 44.6 75.3 68.0 20.1
ours pos 59.80 81.8 51.4 78.4 70.7 25.8

Overall F1 with 95% CIs is in Table 4; per-model versions of the stratum columns are in Table B2; the

fine-tuned band is in Table 7.

not selected by inspecting the test data. Common symptom names such as “nau-
sea” inevitably also occur there; the figurative examples occur in neither test set, so
annotators were not primed with the spans they would later label.
Explicit. The span names a recognized symptom using conventional clinical or stan-
dard lay vocabulary, recognizable as a bodily reaction with no inference beyond
vocabulary. Examples: “nausea”, “headache”, “insomnia”, “dizziness”, “weight gain”;
standard lay synonyms count (“throwing up”, “can’t sleep”).
Implicit. The span conveys a reaction through colloquial, figurative, vague, or experi-
ential language that requires inference, metaphor, or world knowledge to recognize as
a drug reaction. Examples: “feeling off”, “wiped out”, “like a zombie”, “not myself”,
“couldn’t get out of bed”, “my brain is fog”.
Decision rule (in order). (1) If the span is a conventional symptom term or standard
lay synonym, label explicit. (2) If recognizing it as a bodily reaction requires inference
beyond vocabulary, label implicit. (3) For a mixed span, label by the head reaction
word. Negated or hypothetical mentions are not reaction spans and are excluded;
severity modifiers do not change the label.
Borderline cases for the sensitivity analysis of Section 5.3 are identified separately, as
the spans on which the two validated labellers disagree, rather than from an annotator
flag.

Appendix E Reproducibility Details

Data and splits: CADEC uses the benchmark test split (Elbiach et al. 2025) (188
posts); PsyTAR uses the repository split (train 3850 / test 1191 sentences). For
Section 6, CADECv2 uses the official MultiADE .id split with every document
also occurring in CADEC removed from both halves (161 train and 46 test docu-
ments dropped, leaving 2678 train / 663 test), matching on case-folded alphanumeric
document text; PHEE uses the released train.json/test.json split (2898 train
/ 968 test). Gold spans in both added corpora are register-labelled by the same
validated labeller and prompt as the primary corpora. Prompt: the anchor’s expert-
persona template, shown in full in Appendix A; five demonstrations, temperature
0. Extraction models are queried through an OpenAI-compatible API (OpenRouter)
as openai/gpt-4o-mini, openai/gpt-4o, meta-llama/llama-3.3-70b-instruct,
qwen/qwen-2.5-72b-instruct; the register labeller is openai/gpt-4.1-mini, with
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openai/gpt-4o as the second labeller for the boundary analysis of Section 5.3 and
qwen/qwen-2.5-72b-instruct for the cross-family check of Section 5.5. Retrieval:
BM25 is Okapi weighting (rank bm25) over lowercased alphanumeric tokens; dense
retrieval and clustering use all-MiniLM-L6-v2 sentence embeddings; k-means uses
min(k, n) clusters, 10 restarts, seed 42, taking the example nearest each centroid. Selec-
tor: npos = 3 of k = 5, hard-pool M = 50 (Algorithm 1). Scoring: predictions are split
on commas/semicolons/newlines, normalized (lowercased, whitespace-collapsed), and
matched one-to-one greedily; strict requires exact match, relaxed accepts embedding
cosine ≥ 0.8; empty and malformed outputs are scored as no prediction. Statistics:
percentile bootstrap over test items, B = 5000; paired comparisons resample iden-
tical item indices for both conditions; comparisons against the fine-tuned encoders
additionally resample the five training seeds; the pooled cross-model test resam-
ples items shared across models. Fine-tuning: AutoModelForTokenClassification
(PubMedBERT-base and Bio ClinicalBERT) as a BIO tagger, 5 epochs, learning rate
3 × 10−5, batch 16, maximum length 192, AdamW (defaults), seeds 42 to 46, BIO
alignment against the extraction loader asserted before training. All code, prompts,
labels, and the codebook are available (see Data Availability).

Appendix F Paired-Difference Intervals for Table 4

The aggregate comparisons of Table 4 are exploratory contrasts between selectors and
are not Holm-adjusted. Their paired-difference intervals are given here (95%, B = 5000
paired bootstrap over test items).

Table F4 Paired-difference 95% intervals for the deltas of
Table 4.

Corpus Contrast ∆ F1 95% CI

CADEC bm25 vs. random +4.11 [+1.69,+6.46]
ours pos vs. random +5.33 [+2.44,+8.15]
sbert vs. random +3.23 [+0.93,+5.60]
cluster vs. random −4.18 [−7.21,−1.39]
ours full vs. random +2.51 [+0.16,+4.90]
ours pos vs. bm25 +1.23 [−0.54,+3.01]
ours full vs. bm25 −1.60 [−3.59,+0.34]
cluster vs. bm25 −8.29 [−11.16,−5.53]

PsyTAR bm25 vs. random +4.43 [+1.56,+7.35]
cluster vs. random +4.61 [+2.68,+6.59]
ours pos vs. random +4.49 [+1.48,+7.53]
ours full vs. random +4.73 [+1.80,+7.75]
ours pos vs. bm25 +0.06 [−1.77,+1.95]
ours full vs. bm25 +0.30 [−1.44,+2.10]
cluster vs. bm25 +0.18 [−2.66,+2.91]
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