Uncertainty-Aware Multi-Label Routing of Clinical Text to Surveillance
Pathways

Agathe Zecevic'?, Angus Roberts®, Sebastian S. Zeki'*
'Faculty of Life Sciences & Medicine, King’s College London, United Kingdom

2Clinical Scientific Computing, Guy’s and St Thomas’ NHS Foundation Trust, United Kingdom

3Biostatistics and Health Informatics, Institute of Psychiatry, Psychology and Neuroscience,
King’s College London, United Kingdom

*Gastroenterology Department, Guy’s and St Thomas’ NHS Foundation Trust, United Kingdom

agathe.zecevic2@nhs.net

Abstract

Clinical decision support systems that oper-
ate across multiple downstream care pathways
must first determine which pathway or path-
ways are relevant for a given patient. We study
this routing problem in gastrointestinal surveil-
lance, where paired endoscopy and histopathol-
ogy text reports may indicate multiple con-
current conditions and therefore require multi-
label routing. In this context, standard hard-
label evaluation can be insufficient: a model
may achieve reasonable overall performance
while still excluding clinically important path-
ways when uncertain.

We formulate gastrointestinal report routing
as a multi-label uncertainty-aware classifica-
tion task over six pathway labels and com-
pare lightweight lexical baselines, frozen em-
bedding models and a fine-tuned transformer
baseline under two complementary uncertainty
mechanisms: threshold-based abstention and
set-valued conformal prediction. Using 1,773
paired reports from a single NHS trust with
disjoint train, calibration and test splits, we
evaluate both hard-routing performance and
the downstream review burden introduced by
uncertainty-aware prediction.

The fine-tuned Clinical BERT model achieved
the strongest overall performance (0.811 sub-
set accuracy, 0.861 macro-F1) and the lowest
AURC of 0.084 under min-margin abstention.
Threshold-based abstention consistently re-
duced exact-match routing error on accepted re-
ports. For conformal routing at &« = 0.10, Mon-
drian calibration achieved high mean positive-
label recall coverage across learned baselines
(0.883-0.917). The fine-tuned model achieved
0.891 mean recall coverage with a mean predic-
tion set size of 1.70, 0.642 candidate-label pre-
cision and 0.61 false-positive labels per report.
Compared with a recall-tuned threshold base-
line at similar recall, Mondrian CP produced
smaller candidate sets, higher candidate-label
precision and fewer false-positive pathway sug-
gestions.

These results show that uncertainty-aware eval-
uation exposes clinically important failure
modes missed by aggregate metrics. They
also show that high-recall routing is not cost-
free: set-valued prediction can reduce missed-
pathway risk but must be interpreted as candi-
date generation for downstream review rather
than automated pathway selection.

1 Introduction

Text-based clinical decision support systems use in-
formation recorded in free-text clinical documents
to assist with screening, surveillance, triage and
follow-up decisions (Sutton et al., 2020). In cases
where a single system supports multiple possible
downstream actions, an initial routing step is often
required to determine which clinical pathway or
pathways are relevant for a given patient. We refer
to this as the task of routing clinical text to clinical
pathways.

This task exposes an evaluation gap between
NLP-in-the-lab and NLP-in-deployment. Standard
multi-label models are typically assessed using ag-
gregate point-prediction metrics such as accuracy
or F1-score. However, point prediction alone can
be insufficient in health-related use-cases: a model
may achieve reasonable overall performance while
still excluding a clinically important pathway on
the cases where it is most uncertain. A hard rout-
ing decision returns a fixed label set, whereas a
set-valued prediction can instead return a small
candidate set of plausible pathways. An abstain-
ing system can defer highly uncertain cases for
manual review. These mechanisms address a ques-
tion that aggregate point-prediction metrics do not
fully capture: not only what the model predicts
on average, but also how reliably it behaves when
uncertainty is clinically important. This motivates
uncertainty-aware evaluation frameworks for clini-
cal NLP, particularly for multi-label tasks in which
several pathways may be simultaneously relevant.
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We study this problem in gastrointestinal (GI)
surveillance. Clinical decision support systems for
GI surveillance (Zecevic et al., 2024; Peterson et al.,
2021; Song et al., 2022) increasingly target individ-
ual conditions and ground themselves in national
guidance such as Barrett’s oesophagus, colorectal
polyps (Fitzgerald et al., 2014; Rutter et al., 2020),
or gastric atrophy (Banks et al., 2019). These condi-
tions are clinically important because they are asso-
ciated with increased risk of disease progression or
gastrointestinal malignancy and therefore require
pathway-specific follow-up. Decisions often de-
pend on combining information from endoscopy
reports describing macroscopic procedure findings,
with histopathology reports providing microscopic
confirmation from biopsies taken at procedure time.
In practice, a single endoscopy-histopathology re-
port pair can indicate multiple concurrent condi-
tions. For instance, incidental colorectal polyps
can be discovered during IBD surveillance, making
routing inherently a multi-label problem. Misrout-
ing carries significant clinical consequences: a Bar-
rett’s patient erroneously sent to the Normal path-
way may miss surveillance intervals, whereas rout-
ing an incomplete or abandoned procedure to an in-
appropriate Gastric Atrophy pathway wastes down-
stream resources (Codipilly et al., 2018; White and
Banks, 2022).

We therefore formulate GI report routing as a
multi-label classification task with two complemen-
tary uncertainty-handling mechanisms. First, we
study abstention, where the model defers cases that
are too uncertain for automated routing. Second,
we study set-valued conformal prediction, where
the model returns a small candidate set of pathways
designed to better retain clinically relevant labels
under uncertainty. We make three contributions:

* We formulate GI surveillance pathway routing
from paired endoscopy-histopathology reports
as a multi-label uncertainty-aware classifica-
tion problem.

* We show that threshold-based abstention sub-
stantially reduces exact-match routing error
on accepted cases across lightweight and
transformer-based baselines.

* We show that positive-only Mondrian con-
formal calibration provides a high-recall
candidate-generation layer for clinically im-
portant pathways, while explicitly quantifying
the associated false-positive review burden.

2 Related Work

Clinical text routing and triage. Prior work on
clinical text routing and triage spans several ad-
jacent settings. NLP has been used in referral
workflows to predict target speciality from refer-
ral notes and triage referrals (Spasic and Button,
2020). Free-text triage has also been widely studied
in emergency care (Stewart et al., 2023). However,
these studies generally route a single text stream
toward one operational endpoint rather than assign-
ing paired reports to potentially multiple concurrent
pathways.

Selective prediction in NLP. Selective predic-
tion adds an abstention layer to traditional classi-
fiers, producing risk-coverage trade-offs (El-Yaniv
and Wiener, 2010). Wen et al. (2025) survey selec-
tive prediction in the context of LLMs, summaris-
ing common approaches such as threshold-based
and learned selection functions. Fisch et al. (2022)
address multi-label settings with conformal guaran-
tees that limit false-positive predictions, which is
critical for domains like healthcare.

Conformal prediction. Split conformal predic-
tion provides distribution-free marginal coverage
guarantees by calibrating nonconformity scores on
a held-out set (Vladimir Vovk, 2005; Angelopoulos
and Bates, 2022). The Mondrian extension refines
this idea by yielding label-conditional guarantees
that are especially relevant under class imbalance or
asymmetric misrouting costs. Campos et al. (2024)
survey conformal prediction for NLP, including
both marginal and class-conditional variants. In
clinical applications, conformal methods have re-
cently been explored for medical multiple-choice
question answering (Ke et al., 2025), medical text
mining for epidemiological surveillance (Genari
and Goedert, 2025), multi-label ICD coding from
clinical narratives (Zhang et al., 2025a) and medi-
cal entity extraction from radiology text (Shrestha
and Kim, 2026).

This study is distinct from our prior Barrett’s
oesophagus decision-support work, which focused
on condition-specific surveillance scheduling. This
work studies the upstream multi-label routing prob-
lem across six GI pathways using a newly anno-
tated routing dataset.

3 Methods

3.1 Task Formulation

Given a merged endoscopy-histopathology re-
port z, we predict a label set ¥ C L
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where £ = {Normal, Barrett’s, Colorectal Polyps,
Gastric Atrophy, Other, Incomplete}. A selective
predictor (f, g) consists of a base classifier f and a
selection function g : X — {0, 1} that determines
whether to accept (g(z) = 1) or abstain (g(x) = 0).
We decompose routing into six independent binary
decisions, one per label, with associated probabil-
ity scores fj(x) € [0,1]. We evaluate via risk-
coverage curves: selective risk, which is defined as
the error rate on accepted instances versus cover-
age, defined as the fraction of instances accepted.
For the point-prediction baselines, each label j is
predicted positive when f;(z) > 0.5.

Label logic. Gold labels are multi-label, but not
all label combinations are clinically coherent. In
our case, the label Normal denotes the absence of
any pathway-relevant clinical finding and therefore
does not co-occur with any other label in the anno-
tated datasets.

3.2 Baselines

We compare four clinical pathway routing baselines
with increased computational complexity.

B0: Keyword baseline This pipeline consists
of regex patterns for each class matched against
the merged report text. We incorporate negation
cues (such as “no evidence of”, “history of”, “to
rule out”) to improve baseline performance. We
derive heuristic scores for each label as the number
of matched patterns divided by the total number of
patterns defined for that label.

B1: TF-IDF + Logistic Regression. We split
each report into affirmed and negated text spans
using the same negation cues as B0 and fit separate
TF-IDF vectorisers to each channel. For each label,
the regularisation strength C' € {0.01,0.1,1.0,10.0}
was selected by 3-fold cross-validation on the train-
ing split only, using macro-F1 as the selection cri-
terion. Per-label probability calibration was per-
formed on the training split only via Platt scaling
with stratified K -fold cross-validation (K = 3). The
positive and negative channels use feature budgets
of 10,000 and 5,000 features respectively and are
concatenated into a 15,000-dimensional represen-
tation. Both vectorisers use n-grams of order 1-2.

B2: Frozen BGE-Large embeddings + Lin-
ear head. The frozen-embedding baseline extracts
fixed representations from BGE-Large-EN-v1.5, a
text encoder pre-trained with contrastive learning
(Xiao et al., 2024). Each report is tokenised to a
maximum of 512 subword tokens and encoded with

the fixed model weights. A masked mean pool over
the last hidden states of non-padding tokens pro-
duces a single 1024-dimensional vector per report.
A separate one-vs-rest logistic regression classifier
is then fitted per label on these frozen embeddings.

B3: Fine-tuned ClinicalBERT. We fine-tune
Clinical BERT (Alsentzer et al., 2019) for multi-
label classification by adding a linear classification
head on top of a masked mean-pool representa-
tion of the encoder’s last hidden state. The head
produces six independent logits, trained with bi-
nary cross-entropy. We optimise with AdamW
(weight decay 0.01) using a linear warmup over
the first 10% of training steps followed by linear
decay to zero. Gradients are clipped to a maxi-
mum norm of 1.0. Learning rate and number of
epochs are selected jointly by grid search over
1075,2 x 107°,5 x 107> and up to 15 epochs,
evaluated by macro F1 on a 15% hold-out subset
of the training split kept strictly separate from the
calibration data.

For each baseline, we compute results at a uni-
form threshold of 0.5 and at per-label thresholds
selected on the calibration set to achieve at least
90% recall for each label independently.

3.3 Selective Prediction

Threshold abstention. We use a min-margin se-
lection function: accept report x if

gr(w) = minmax(f;(x), 1 = f(w)) = 7, (D

where 7 € [0.5,1]. This score equals the con-
fidence of the least certain label: it falls to 0.5
whenever any label score is close to the decision
boundary, so a report is abstained as soon as any
single label is uncertain. This aligns the selection
function directly with exact-match risk, which fails
whenever any label is wrong. By contrast, max-
confidence (max; f;) can accept a case with one
highly confident label while several others remain
uncertain, which is an undesirable behaviour in our
setting. We vary 7 to generate risk-coverage curves
and report the Area Under the Risk-Coverage curve
(AURC) (Geifman et al., 2019), where a lower
AURC indicates better selective classification.

3.4 Conformal Prediction

Conformal prediction (Vladimir Vovk, 2005) is a
distribution-free framework for constructing pre-
diction sets with finite-sample coverage guarantees,
requiring only data exchangeability. We apply it
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independently per label j and evaluate whether the
returned candidate set retains truly present labels.
For each label, the main quantity of interest is the
fraction of positive test examples for which label j
is included in the prediction set. We report this as
per-label recall coverage:

PleC)|Y=1) > 1-a, (2

where C(z) C L is the prediction set returned for
report x. We report empirical positive-class inclu-
sion as the fraction of positive test examples for
which label j is included in the prediction set, we
do not make any joint coverage claim across labels
or across the full multi-label set.

Split conformal prediction. We apply split con-
formal prediction independently per label j, using
the LAC (Least Ambiguous Classifier) nonconfor-
mity score as implemented in MAPIE (Taquet et al.,
2022):

sj(x,yj) =1 — f(2),, 3)
where f(z);,,; is the model’s predicted probabil-
ity for the true class y; € {0,1} of label j. For
each label j, we set the calibration threshold ¢;
to the [(n; + 1)(1 — «)|/n; empirical quantile of
the calibration scores {s;(z;,;.)}.”,, computed
either over all calibration examples (marginal cali-
bration) or over the positive calibration examples
only (Mondrian calibration). Label j is included in
the prediction set if

that is, if the model assigns sufficiently high proba-
bility to the positive class.

Marginal versus Mondrian calibration. Under
marginal calibration, g; is estimated from all cali-
bration examples for label j, mixing positive and
negative instances. This does not directly target
the conditional quantity in Eq. (2); under class
imbalance, it can therefore yield poor positive-
class inclusion for rare labels. For a minority label
such as GA in our case, most calibration examples
are negative and the model typically assigns them
small positive-class probabilities, which leads to
calibration scores clustering near 0. In our experi-
ments, this noticeably reduced GA inclusion under
marginal calibration at & = 0.10. This is mitigated
in Mondrian calibration, where ¢; is instead esti-
mated only from the positive calibration examples
for label j, matching the positive-class inclusion
objective in Eq. (2).

Label Train (n = 789) Cal. (n = 523) Test (n = 461)

n %o n % n %
Normal 77 9.8 53 10.1 45 9.8
Barr 185 234 65 124 50 10.8
Cp 115 14.6 53 10.1 53 11.5
GA 63 8.0 30 5.7 42 9.1
Other 500 634 361 69.0 314 68.1
Incomplete 103 13.1 50 9.6 60 13.0
Multi-label (> 2) 249 31.6 89 17.0 101 21.9
Mean label cardinality 1.32 1.17 1.22

Table 1: Per-label prevalence across datasets. Multi-
label reports cases with two or more labels. Mean label
cardinality is the average number of labels per report.

Abstention rule. We add a separate deployment
heuristic on top of conformal prediction. A report is
abstained when its prediction set size |C(z)| > K,
with K = 3. This size threshold is not part of
the conformal guarantee but a pragmatic rule in-
tended to defer highly ambiguous cases to manual
review. We chose K = 3 a priori based on the ob-
served degree of clinically plausible co-occurrence
in the training and calibration sets. We evaluate at
a € {0.05,0.10,0.15,0.20} and report per-label
empirical recall coverage (Eq. (2)), mean predic-
tion set size and abstention rate.

4 Experiments

4.1 Data

We use six months of anonymised paired en-
doscopy and histopathology reports from an NHS
hospital trust, merged into single documents
per procedure. Data acquisition was authorised
through institutional board review (IRAS ID =
257283). We remove patients who had opted out
of their data being used (NHS Data Opt-Out). We
construct three non-overlapping splits: a training
set (n = 789), a calibration set (n = 523) and a
test set (n = 461). The training set only is enriched
for the minority classes (Barr, GA, Incomplete), the
calibration and test set are not enriched.

Reports were manually annotated by a clini-
cal researcher using labels from £. Ambiguous
cases (for instance “history of Barrett’s” with no
active findings) were resolved via predefined anno-
tation rules. Table 1 reports the label distribution
across datasets and the average number of labels
per merged report. More details about the annota-
tion rules and label co-occurrence can be found in
Appendix A.

4.2 Results

Baseline comparison. Table 2 compares the four
routing baselines on exact-match subset accuracy,

184



Model Subset Acc. Precisionmacro AURC

[95% CI] [95% CT1] [95% CI] [95% CI]

Keyword 0.538 10.492.0.5841  0.705 10670,07371  0.646 1061206821 0.3718 (03183, 0.4264]
TF-IDF 0.646 [0.605,0692]  0.782 [0743,08171  0.840 [0.799,0880  0.1683 [0.1318,02119]
Embedding  0.705 (0666,07461  0.776 10.733, 08141 0.898 [0.861,09321  0.1338 [0.1026, 0.1663]
Fine-tuned  0.811 [0.777.0846) 0.861 [0.829,08011 0.873 0.837.09100  0.0836 [0.0575.0.1127]

Flmacro

Table 2: Baseline comparison on point-prediction and
selective prediction performance. Reported metrics are
subset accuracy, macro F1, macro precision and area
under the risk-coverage curve (AURC). 95% confidence
intervals were computed by non-parametric bootstrap
over test reports with 1,000 resamples.

macro F1, and AURC. TF-IDF is a competitive
lightweight baseline, achieving 0.646 subset ac-
curacy and 0.782 macro-F1. The frozen BGE-
Large embedding model improves subset accuracy
to 0.705 and exhibits the highest macro precision
(0.898). The fine-tuned ClinicalBERT model per-
forms best overall, reaching 0.811 subset accuracy,
0.861 macro-F1 and the lowest AURC (0.0836).
Paired bootstrap comparisons in Appendix B sup-
port the improvement of the fine-tuned model over
the other learned baselines.

Selective prediction. Figure 1 shows risk—
coverage curves under min-margin abstention. All
models show decreasing selective risk as coverage
decreases. This indicates that the confidence score
is informative about cases where hard routing is
more reliable. The fine-tuned model has the lowest
AURC (0.084), followed by the frozen embedding
model (0.134) and TF-IDF (0.168). The keyword
baseline remains substantially weaker both at full
coverage and under abstention, which can be ex-
plained by how its confidence scores are computed.

Conformal prediction. Table 3 summarises
Mondrian conformal routing at &« = 0.10 for the
learned baselines. Mean recall coverage remains
high across models, ranging from 0.883 for the
frozen embedding model to 0.917 for TF-IDF. The
operational burden differs across baselines. The
fine-tuned model provides the best trade-off, with
the highest set precision (0.642), the smallest mean
set size (1.70), the lowest false-positive burden
(0.61 FP labels/report) and no abstentions under
the K = 3 rule. These results show why recall
coverage alone is insufficient: high-recall confor-
mal routing must be interpreted together with set
precision and false-positive pathway burden.
Figure 2 shows the conformal operating trade-
off. At the set level (Panel A), we show that de-
creasing « increases mean recall coverage but re-

Risk-Coverage Curves
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Figure 1: Selective risk-coverage curves under min-
margin abstention. The low-coverage region (<0.2) is
omitted as estimates become unstable with few accepted
examples. AURC is computed over the full coverage
range.

Model Recall cov. T Setprec. T Meanset] FP/report] Abstain % |
TF-IDF 0.917 0.589 1.89 0.77 1.3
Embedding 0.883 0.607 1.79 0.70 1.1
Fine-tuned 0.891 0.642 1.70 0.61 0.0

Table 3: Operational summary of Mondrian conformal
routing at @ = 0.10. Recall cov. is mean per-label
positive-class inclusion coverage over test positives. Set
precision is the candidate-label precision, defined as
> 1CinYi|/>", |Ci|. FP/report is the average number
of false-positive pathway labels included per report.

duces candidate-label precision. The learned mod-
els follow similar trade-off curves, with the fine-
tuned model providing the best operating point at
a = (0.10 in Table 3. Panel B uses GA to illustrate
the clinical cost of high-recall routing: Mondrian
CP substantially increases GA recall relative to
the hard classifier but with a marked reduction in
precision.

Per-class analysis. Table 4 compares hard pre-
diction, a recall-tuned threshold baseline, marginal
CP and Mondrian CP for the fine-tuned model at
a = 0.10. The recall-tuned threshold baseline
achieves high mean recall (0.895), but candidate-
label precision falls to 0.540, mean set size in-
creases to 2.03 and the false-positive burden rises
to 0.93 labels/report. Mondrian CP achieves a simi-
lar mean recall (0.891) with higher candidate-label
precision (0.642), smaller sets (1.70) and fewer
false-positive labels per report (0.61).

The GA row shows the main minority-label
trade-off. Hard prediction has relatively high GA
precision (0.80) but lower recall (0.67). Mondrian
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A Set-level precision-recall trade-off (Mondrian CP)
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Figure 2: Precision-recall trade-offs for Mondrian conformal routing. A: Set-level trade-off across a €
{0.05,0.10,0.15,0.20} for the learned baselines, where precision is candidate-label precision and recall is mean
per-label positive-class recall coverage. B: GA-specific precision—recall trade-off under Mondrian CP. The hard

0.5-threshold classifiers are shown as reference points.

CP increases GA recall to 0.93, but GA precision
falls to 0.18, indicating that the conformal layer
acts as a high-recall safety net rather than a final au-
tomatic GA decision. Marginal CP under-recovers
positives for several labels. These results support
interpreting conformal routing as candidate genera-
tion for downstream review.

5 Discussion and Conclusion

We evaluated a range of routing baselines with dif-
ferent computational requirements, motivated by
the practical constraint that not all hospitals can
deploy the same class of model. Even relatively
lightweight approaches such as TF-IDF achieved
reasonable overall performance on our annotated
dataset. We highlight the fact that standard point-
prediction metrics alone are not sufficient for this
task as they do not characterise the risk of exclud-
ing clinically relevant pathways from a set-valued
prediction. Some misclassifications have important
clinical consequences, particularly false negatives
on pathways where missing the correct route could
prevent the relevant surveillance logic from being
applied at all.

This motivated two separate uncertainty-
handling strategies at inference time. First, we
studied threshold-based abstention to reduce hard-
routing errors on accepted cases. Second, we stud-
ied conformal set prediction to reduce the risk that
clinically important pathways are excluded from
the returned candidate set. Recall on clinically im-

portant pathways is more crucial than forcing a
single-label decision in every case. Returning a
small set of plausible pathways may be preferable
to excluding the true one, because an irrelevant
downstream pathway may simply yield no action,
whereas omission of the correct pathway risks miss-
ing the appropriate follow-up entirely.

Our results support three conclusions. First,
threshold-based abstention reduces exact-match
routing error on accepted cases, with the strongest
selective performance obtained by the fine-tuned
model. Second, set-valued conformal prediction
changes the evaluation question from whether a
single hard label set is correct to whether clini-
cally important pathways are retained for review.
Third, high-recall routing is not cost-free. While
Mondrian CP can recover minority pathways such
as GA, this comes at the cost of increasing false-
positives and therefore downstream review burden.

This distinction is important for deployment. A
conformal set should not be interpreted as a final
diagnosis or automatic pathway activation. Instead,
it is a candidate-generation layer: labels included
in C(x) are pathways that should not be safely ex-
cluded without further pathway-specific logic or
manual review. Under this interpretation, Mon-
drian CP provides a useful safety mechanism be-
cause it reduces missed-pathway risk while making
the review burden explicit. The comparison with a
recall-tuned threshold baseline further showed that
in our case, Mondrian CP achieved a better recall-
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Method Overall operating point

‘ Per-label recall / precision

Mean recall - Set precision Mean set FP/report Abstain % | Normal

Barrett’s CP GA Other  Incomplete

Hard 0.5 0.852 0.903 1.20 0.12
Tuned on cal. (>90% recall) 0.895 0.540 2.03 0.93
Marginal CP 0.726 0.894 1.15 0.12
Mondrian CP 0.891 0.642 1.70 0.61

— 0.91/0.84 0.78/0.87 0.96/0.89 0.67/0.80 0.92/0.93
— 0.93/0.40 0.74/0.86 0.96/0.80 0.95/0.11 0.90/0.93
0.0 0.80/0.88 0.54/0.84 0.85/1.00 0.43/1.00 0.96/0.87
0.0 0.91/0.44 0.74/0.86 0.96/0.80 0.93/0.18 0.90/0.93

0.87/0.91
0.88/0.88
0.78/0.96
0.90/0.89

Table 4: Operating-point and per-label performance for the fine-tuned model at o = 0.10

burden trade-off than simple recall-thresholding for
the fine-tuned model.

Limitations. Our study uses reports from a sin-
gle NHS site, in English, with a six-class routing
schema, labelled by a single annotator. One class
(Other) is heavily represented as it is a deliberate
catch-all for conditions outside the current surveil-
lance scope (for instance IBD, strictures, malig-
nancy). The calibration set remains small for the
rarest classes. With few positive calibration exam-
ples per minority class, the Mondrian threshold ¢;
can only take a small number of distinct values,
making coverage insensitive to small changes in a.

Future work. We plan to add a local LLM zero-
shot/few-shot baseline expanding on already exist-
ing work for single conditions (Zhang et al., 2025b),
extend the routing schema to additional clinical
pathways currently labelled as Other and validate
the system prospectively on several temporally dis-
tant test sets.
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A Label Schema and Annotation Rules

Table 5 summarises the six routing categories used
for manual annotation of the multi-label task.

Annotation principles. Non-gastrointestinal
background conditions were ignored unless they
directly changed the interpretation of the procedure.
Minor incidental findings that do not typically
define a surveillance pathway on their own such as
hiatus hernia or inlet patch were not sufficient to
trigger Other in isolation.
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Label Description

Normal No abnormal clinical finding identified,
procedure is normal

Barrett’s Active Barrett’s oesophagus finding

CP Colorectal polyp finding of any rele-
vant subtype

GA Gastric atrophy and/or gastric intesti-
nal metaplasia

Other Active non-target pathology outside

the predefined surveillance pathways
(for instance: stricture, ulcer, tumour,
coeliac-related abnormality)

Incomplete  Incomplete, failed, or abandoned pro-
cedure requiring repeat assessment or
rebooking

Table 5: Routing label schema used for manual annota-
tion.

Operational rules for recurrent ambiguous
cases. The following predefined rules were ap-
plied throughout annotation:

Historical-only mentions were ignored for
routing. For example, “history of Barrett’s”
without evidence of active Barrett’s in the cur-
rent report was not annotated as Barr.

Normal was reserved for reports with no
pathway-relevant clinical finding and there-
fore did not co-occur with other labels in the
annotations.

Gastric atrophy and gastric intestinal meta-
plasia were annotated as GA. Co-occurring
gastritis alone did not trigger an additional
Other label.

L]

Atrophy described outside the stomach was
not annotated as GA.

Incomplete was assigned for failed, aban-
doned or incomplete procedures and could co-
occur with other active pathway labels when
relevant findings were also present.

Other captured active non-target abnormali-
ties outside the predefined surveillance path-
ways.

B Significance tests

189



Table 6: Pairwise paired bootstrap significance tests (n = 1,000 resamples, two-tailed). A = score(A) — score(B).
*p < 0.05, **p < 0.01

Model A Model B A Subset AccT A Macro F11 A AURC |

Keyword TF-IDF —0.108™* —-0.077** +0.203**
Keyword Embedding —0.167" —-0.071*" +0.238"*
Keyword Fine-tuned —-0.273*" —0.156™* +0.288""
TF-IDF Embedding —0.059™* +0.006 +0.034"
TF-IDF Fine-tuned —0.165"" —-0.079"" +0.085™"
Embedding Fine-tuned —0.106™" —0.085"* +0.050"*
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