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Abstract
Despite the wide adoption of Large Language Models (LLM)s, clinical decision support systems face a critical
challenge: achieving high predictive accuracy while generating explanations aligned with those predictions. Current
approaches suffer from exposure bias, leading to misaligned explanations. We propose Reason2Decide, a
two-stage training framework that addresses key challenges in self-rationalization, including exposure bias and task
separation. In Stage-1, our model is trained on rationale generation, while in Stage-2, we jointly train on label predic-
tion and rationale generation, applying scheduled sampling to gradually transition from conditioning on gold labels
to model predictions. We evaluate Reason2Decide on three medical datasets, including a proprietary triage dataset
and public biomedical QA datasets. Across model sizes, Reason2Decide outperforms other fine-tuned baselines
and some zero-shot LLMs in prediction (F1) and rationale fidelity (BERTScore, BLEU, LLM-as-a-Judge). In triage,
Reason2Decide is rationale source-robust across LLM-generated, nurse-authored, and nurse-post-processed
rationales. In our experiments, while using only LLM-generated rationales in Stage-1, Reason2Decide outperforms
other fine-tuned variants. This indicates that LLM-generated rationales are suitable for pretraining models, reducing
reliance on human annotations. Remarkably, Reason2Decide achieves these gains with models 40x smaller than
contemporary foundation models, making clinical reasoning more accessible for resource-constrained deployments

while still providing explainable decision support.
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1. Introduction

The integration of reasoning capabilities with pre-
diction tasks has been a critical research prob-
lem in natural language processing (NLP). Exist-
ing state-of-the-art large language models (LLMs)
struggle to balance high predictive accuracy while
also generating human-interpretable explanations
(Niu et al., 2025). Although LLMs have demon-
strated strong performance on various question-
answering benchmarks (Hendrycks et al., 2021;
Srivastava et al., 2023), their ability to provide ra-
tionales that align with their predictions remains
limited. This limitation is substantially amplified
in healthcare where explanations are essential for
trust and adoption.

Current approaches for rationale generation
face two fundamental challenges. First, the expo-
sure bias problem (Schmidt, 2019), which arises
when models are trained to generate rationales
conditioned only on ground-truth labels, but need
to explain their own potentially incorrect predic-
tions during inference. Second, the task sep-
aration problem, which occurs when prediction
and rationale generation are treated independently
rather than as mutually supporting tasks (Narang
et al., 2020). While multi-task learning has shown
promising performance, existing methods have
failed to address the train-test discrepancy: mod-
els exclusively learn to explain gold-standard la-
bels during training, leaving them unprepared for

rationalizing their own predictions during infer-
ence.

Recent work has acknowledged these chal-
lenges and explored various approaches to
improve model interpretability. For example,
“Chain-of-Thought” (CoT) prompting (Wei et al.,
2022) demonstrates that step-by-step reasoning
can improve complex reasoning; similarly, self-
consistency techniques (Wang et al., 2023) show
the value of aggregating multiple reasoning paths.
However, these methods primarily focus on infer-
ence time strategies rather than addressing the
fundamental training dynamics that help estab-
lish more robust reasoning capabilities. Knowl-
edge distillation approaches (Hsieh et al., 2023)
and rationale-augmented training (Lampinen et al.,
2022) have also shown benefits, but do not train
models to generate explanations conditioned on
their own predictions during training.

Here we propose Reason2Decide (Figure 1), a
framework which trains a single model to jointly
predict and generate rationales. Our approach
consists of a two-stage training regime, based on
insights from curriculum learning (Bengio et al.,
2009) and scheduled sampling (Bengio et al,
2015). The idea is to first learn to model expla-
nation fundamentals and then jointly produce pre-
dictions and rationales, where we gradually shift
from gold-label conditioning to self-conditioning.
Through this process, the model learns to explain
its own predictions. This addresses the exposure
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bias problem while promoting alignment between
predictions and rationales. The main contributions
of this paper are:

* We propose Reason2Decide, a two-stage
training framework for LLMs that first learns
the fundamentals of explanation generation
from rationales and then jointly optimizes pre-
dictions and rationales in a multi-task setup.

» We introduce a scheduled sampling mecha-
nism that gradually transitions from gold la-
bels to predicted label conditioning, mitigating
exposure bias in self-rationalization.

2. Related Work

Our work builds upon research in rationale gener-
ation, multi-task learning, and existing methods to
mitigate exposure bias.

2.1. Rationale Generation and
Explainable Al

A primary goal of Explainable Al (XAl) is making
model predictions transparent and interpretable.
The development of early XAl methods focused
on post-hoc explanation generation by analyzing
learned model internal attributes or feature impor-
tance (Ribeiro et al., 2016; Lundberg and Lee,
2017). Recently, the field has shifted towards self-
explaining models that can learn to generate ratio-
nales simultaneously with their predictions (Cam-
buru et al., 2018). Our work aligns with the latter.
For instance, Narang et al. (2020) fine-tuned T5
(Raffel et al., 2023) models to generate explana-
tions by treating them as a separate task. Simi-
larly, Lampinen et al. (2022) demonstrate that in-
corporating natural language explanations during
training can improve reasoning and generalization.
However, these approaches often treat the expla-
nation as a secondary output, which creates a sep-
aration between the prediction and its explanation.
In contrast, our Reason2Decide framework is de-
signed to align the predictive task with the explana-
tory one, to help ensure that the explanation is an
integral part of the reasoning process.

2.2. Multi-Task Learning and Knowledge
Distillation

Multi-Task Learning aims to improve generaliza-
tion by leveraging shared representations across
related tasks (Ruder, 2017; Caruana, 1997). In
NLP, models like T5 are considered multi-task
learners because they combine diverse problems
into a unified text-to-text format. We similarly use
this foundation but specifically focus on the align-
ment between prediction and rationales. Closely

related work includes knowledge distillation ap-
proaches that use rationales. For example, Hsieh
et al. (2023) distills the capabilities of a larger
teacher model that generates step-by-step ratio-
nales into a smaller student model. While this
approach can be effective in improving predictive
accuracy, it does not explicitly enforce prediction—
explanation coordination. The student model ben-
efits from teacher rationales but is not trained to en-
sure that its own predictions and explanations are
self-consistent. Our method addresses this weak-
ness by explicitly training the coordination between
prediction and rationale generation.

2.3. Mitigating Exposure Bias and
Scheduled Sampling

Exposure bias in self-rationalization occurs when
models are trained to generate explanations con-
ditioned on gold labels but at inference time must
justify their own predictions. Scheduled sam-
pling (Bengio et al., 2015) addresses the issue by
gradual replacement of teacher-forced tokens with
model-generated ones. Here, we adapt this prin-
ciple to the task level, thus treating the model’s
predicted label as the conditioning context for ra-
tionale generation. Our mechanism systematically
transitions from using gold labels to the model’s
own predictions, directly mitigating this bias and
preparing models for real-world deployment.

3. Methodology

Our method addresses the problem of combined
prediction and rationale generation, where given
an input = (clinical note or biomedical question),
a model must predict a discrete label y € Y and
generate a free-text rationale r which justifies the
prediction.

We employ a single encoder-decoder architec-
ture f, (T5 variants) without modifications to its
core components including the number of atten-
tion heads, hidden layer dimensions, relative po-
sitional encodings, and activation functions which
are identical to the original specification. T5’s text-
to-text formulation is ideal for our rationale-driven
paradigm, as it naturally supports autoregressive
decoding for both discrete label prediction (e.g.,
“Yes”, “No”, or “Go to ED Now.”) and free-form ratio-
nale generation from task-specific prompts. This
allows seamless multi-tasking with explanations
under a single objective, unlike encoder-only mod-
els like BERT (Devlin et al., 2019), which require
separate classification heads and lack native sup-
port for conditional explanation generation.

Our training configuration is designed to handle
both tasks: predict a discrete label and generate a
free-text rationale. The model first predicts the la-
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Figure 1: Overview of Reason2Decide. Stage-1 trains rationale generation. Stage-2 jointly predicts
labels and generates label-conditioned explanations with task-level scheduled sampling. A single T5
model is used throughout; inference conditions explanations on the model’s own prediction.

bel as predict :z + ¢, then employs the label to
condition the rationale as: given label:y* or
9, explain:z+— 7, where y* is the gold label, ¢
is the model’s predicted label, and # is the gener-
ated rationale.

3.1. Stage-1: Rationale Foundation

Training

Previous work has shown that domain-specific pre-
training significantly improves model performance
in specialized tasks (Lewis et al., 2020; Lee et al.,
2019). With this motivating background, our first
stage teaches explanation fundamentals by train-
ing the model to generate rationales. Let # denote
the parameters of the T5 model. Given a gold ra-
tionale r*, we optimize:

Lstaget = —10g Py(r* | explain:x)

where Py(r* | -) denotes the autoregressive proba-
bility of the full rationale token sequence. The best
model checkpoint is used to initialize Stage-2.

This two-stage structure follows a curriculum-
inspired design, where the model first learns expla-
nation fundamentals before being required to jus-
tify its own predictions.

3.2. Stage-2: Joint Optimization of
Prediction and Explanation with
Task-Level Scheduled Sampling

The second stage jointly optimizes prediction and
explanation, starting with gold labels and gradually
shifting to predicted labels for conditioning.

Prediction Task: The model treats label predic-
tion as a text generation task, optimized via cross-
entropy loss:

Epred = —log Py (y*

where Py(y* | -) denotes the autoregressive prob-
ability of the full gold label sequence.

predict ::I:)

Explanation with Task-Level Scheduled
Sampling: To mitigate exposure bias in self-
rationalization, we introduce a scheduled sampling
mechanism. Unlike prior token-level scheduled
sampling (Bengio et al., 2015), which replaces
target tokens within sequences, we apply it at the
task level by switching the conditioning context
from gold labels to model-predicted labels. For
instance, instead of gradually replacing reference
tokens in a generated sequence, our method
gradually replaces reference labels used for
conditioning the rationale generation.

For each example we condition on either the
gold label y* or the model prediction 3 (greedily
decoded during training):

.y
Yy=19 -
{y

where m, follows a linear schedule. With total
training steps T', warm-up phase w = 0.05T, tran-
sition phase m = 0.607, for step ¢:

with probability 1 — 7,
with probability 7,

0, 0<t<w,
. t—
T = < min (0.9,w), w<t<w+m,
m

0.9, t>w-+m.
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The ceiling of 0.9 was a design choice to prevent
the model from fully relying on self-generated la-
bels during training, in order to help avoid error am-
plification from incorrect predictions. The hyperpa-
rameters (0.05 and 0.6) were determined through
hyperparameter optimization using a few sets of
predefined tuples, and are motivated by two key
considerations:

Warm-up Phase: During 0 <=t < w, we lin-
early increase «; from 0 to 0.7. This is to pri-
oritize explanation loss Le over prediction loss
Lored, t0 provide a smoother transition from single-
task to multi-task optimization. After this phase a;
is held constant at 0.7 for the rest of the training.
We heuristically selected 0.7 to balance both tasks,
with a slight bias towards predictions, as Stage-1
already teaches rationale generation.

Transition Phase: Exposure bias arises in au-
toregressive rationale generation from the train-
test mismatch: training conditions explanations on
gold labels, but inference must use model predic-
tions, risking error propagation. During w < t <
w + m, we gradually increase the fraction of pre-
dicted labels used for conditioning from 0 to 0.9.
This transition period is to systematically address
exposure bias by training the model to learn co-
herent rationale generation conditioned on its own
(potentially imperfect) predictions, bridging the gap
between training and inference conditions.

The explanation loss is:
Lexpl = —l0g Py (r* | prompt)

where prompt = given label:y, explain:z.
Py(r* | -) denotes the autoregressive probability of
the full rationale token sequence.

The total loss combines both objectives with
adaptive weighting:

Liotal = Oétﬁpred + (1 - at)ﬁexpl

3.3. Inference

During inference, we first predict the label via
greedy decoding:

g =argmax Py(y | predict:x)
Y

and then generate the rationale, via greedy decod-
ing, conditioned on that prediction:

7 = argmax Py(r | prompt),

where prompt = given label:y, explain:z.

4. Experiments

Here we introduce the datasets and provide imple-
mentation details, followed by the experimental re-
sults.

4.1.

We evaluate Reason2Decide on one proprietary
clinical decision-making task (triage notes),
and two public biomedical QA benchmarks
(PubMedQA, BioASQ). As models we use
T5-Small/Base/Large and zero-shot LLMs as
non-fine-tuned references.

Tasks and Datasets

4.1.1. Clinical Triage Dataset

The Clinical Triage Dataset is derived from Alberta
Health Link 811, a provincial telephone-based
health advice service operated by Alberta Health
Services (AHS), Canada. The dataset contains
triage notes authored by nurses during telephone
consultations with patients, along with the recom-
mended care disposition and a rationale explain-
ing the decision.

Task: Given a nurse triage note, predict a dispo-
sition (care pathway) and generate a rationale for
that recommendation. The label space consists of
12 classes ranging from low (Home Care) to high
urgency (e.g., "Go to Emergency Department (ED)
now”)."

Rationale sources: We use three versions of
rationales to assess source robustness:

» Nurse-authored rationales (original)

* Nurse post-processed rationales

edited by an LLM)

(lightly

» LLM-generated rationales (full generation us-
ing an LLM)

Table 1 shows sample rationales of each type. The
post-processed version is there because the orig-
inal version consists of atomic facts and is not al-
ways grammatically correct. We use? a Qwen-3
8B (Team, 2025) model to convert them into gram-
matically correct full sentences without adding new
information. For LLM-generated notes, we provide
the model the triage note and disposition and ask it
to explain why the disposition was chosen. For ex-
periments on the whole dataset, we used the LLM-
generated rationales.

Data split: The train, validation and test sets
consist of roughly 171k, 21k and 9.7k samples, re-
spectively.

A complete list of the 12 disposition classes is pro-
vided in the Appendix, Subsection 10.2

2All prompts used are provided in the Appendix, Sub-
section 10.1.
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Nurse- Post- LLM-generated

authored processed

[1] Earache The patient has  Persistent

AND [2] an earache with  severe ear pain

MODERATE moderate or without fever or

pain OR severe pain infection signs

SEVERE pain inadequately requires timely

inadequately treated medical

treated per according to evaluation to

guideline advice guideline prevent

- yes advice. complications
and ensure
appropriate
treatment.

[1] MILD- The patient has  Urgent

MODERATE mild to evaluation

pain AND [2] moderate pain  needed due to

constant AND that is constant  persistent

[3] present » 2
hours

and has been
present for
more than two
hours.

abdominal pain,
bowel changes,
and recent
confusion, to

rule out serious
conditions and
ensure
appropriate
treatment.

Table 1: Sample rationale variants.

4.1.2. PubMedQA

Task: Biomedical question answering with
Yes/No/Maybe labels (Jin et al., 2019). We con-
catenate the question and context as the model
input as triage note replacement.

Rationales: We use the dataset’s
long_answer field as the gold-standard ra-
tionale.

Data split: We draw 100k stratified random
samples (by labels) using a fixed seed from
pga_artificial (the dataset artificially generated),
and create a 70k/20k/10k train/validation/test split.
We then augment the test set with the 1k sam-
ples in pga_labeled, as they are human anno-
tated data, resulting in final splits of 70k (train),
20k(validation), and 11k (test: 10k pga_artificial +
1k pga_labeled).

4.1.3. BioASQ (Task B, Yes/No)

Task: Biomedical question answering dataset
from the BioASQ 13 challenge (Nentidis et al.,
2025). For our experiments, we focus on yes/no
questions (binary classification).

Rationales: We extract and concatenate the
snippets to serve as rationales for each ques-
tion. Because the concatenated snippets can be

long, we first summarize them with a Qwen-3-8B
model and use the summary as the gold rationale.

Data split: The official training dataset consists
of 1,459 yes/no questions. We randomly select
250 questions for our validation set, and 1,209
questions for the train set. For the test set, we use
the concatenation of the four official test batches,
yielding 82 questions.

4.2. Implementation Details

We implement® Reason2Decide using T5 Small
(77M), Base (250M), Large (800M) architectures
using A100 X 4 GPUs. Training uses AdamW opti-
mizer (Loshchilov and Hutter, 2019) with learning
rate 5 x 10~°, max input length = 1024, and effec-
tive batch size = 64. Model-specific configuration
is provided in Table 2.

For Stage-1, we monitor validation loss and
early stop with patience of 3 validation evaluations.
For Stage-2, we use delayed early stopping, with
a patience of 5, that activates only after the sched-
uled sampling phase completes. This is to en-
sure the model fully benefits from our warm-up and
scheduled sampling recipe.

During validation, we evaluate only the pre-
diction task using F1-score, treating rationales
as an auxiliary training signal. The best
model checkpoint (highest F1-score) is loaded
at the end of training. The models are
trained using publicly available packages from
https://github.com/huggingface/transformers.

Model Per-GPU Batch Grad Accum
T5-Small 16 1
T5-Base 4 4
T5-Large 2 8

Table 2: Training configuration by model size. Ef-
fective batch size is Per-GPU Batch x #GPUs x
Grad Accum.

4.3. Baselines

We compare Reason2Decide against the follow-
ing:

+ Standard fine-tuning (SFT): Single-task la-
bel prediction without rationales (Howard and
Ruder, 2018); model selection by validation
Macro-F1.

« Distilling Step-by-Step (DSS): Multi-task
training following (Hsieh et al., 2023). We run
two selection criteria:

3Source code available at; https://github.com/
quamranhasan/Reason2Decide
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— DSS-Loss: Model selection by validation
loss (as in Hsieh et al. (2023)).

— DSS-F1: Model selection by validation
Macro-F1 (to align with our selection pro-
tocol).

Implementation follows the authors’ release.

+ Zero-shot LLMs: Zero-shot baselines
without task-specific fine-tuning, using open-
source models including Qwen-3-8B and
Qwen-3-32B (Team, 2025), as well as Llama-
3.1-Aloe-Beta-8B (Garcia-Gasulla et al.,
2025).

Protocol: For all fine-tuned baselines, we use
the same optimizer, learning rate, and effective
batch size as in our method; per-device batch
sizes are set following Table 2. Early stopping
is used with patience of 5 validation evaluations.
Model selection is by validation Macro-F1 unless
otherwise stated (DSS-Loss). We report means
over three seeds/runs. We use greedy decoding
to ensure run-to-run determinism.

4.4. Evaluation

We provide a comprehensive evaluation across
predictive performance and rationale quality:

Predictive Performance: We report Accuracy
and Macro-F1 on the discrete label space (dispo-
sitions for triage; Yes/No/Maybe for PubMedQA;
Yes/No for BioASQ). Scores are computed on held-
out test sets. Due to the high class imbalance in
the Triage Dataset (major and minor classes have
33,633 and 239 samples respectively in the training
set), we primarily rely on Macro-F1.

Rationale Fidelity: We assess explanation qual-
ity with:

« BERTScore (Zhang et al., 2020) (F1 variant):
Semantic similarity between generated and
gold rationales.

* BLEU (Papineni et al., 2002): N-gram overlap
for surface-level quality.

* LLM-as-a-Judge: Following recent work
demonstrating strong alignment between LLM
and human evaluation (Zheng et al., 2023;
Niu et al., 2025), we employ Qwen-3-8B for
expert-style assessment on random 2k sam-
ples for the Triage Dataset and PubMedQA,
and the whole test set for BioASQ (82 sam-
ples). We evaluate three defined metrics:

Correctness: 5-point scale for clinical align-
ment between the rationales and predictions.

The motivation is “If the predicted disposition
is Go to L&D now, does the generated ra-
tionale justify the decision - not homecare?”
To ensure consistent evaluation, we gener-
ated standardized disposition definitions us-
ing prompt-based refinement with a Qwen-3-
32B model.

Coverage: 5-point scale that evaluates infor-
mation retention. Scores measure how much
relevant clinical information from the gener-
ated rationale is in the original triage note.

Overlap: 5-point scale for semantic content
preservation between the gold and generated
rationale.

For the triage dataset, we report all three LLM-
as-a-Judge metrics. For PubMedQA and BioASQ,
we only report overlap, as the others do not
strictly align with QA datasets, due to missing
triage notes and simple (yes/no/maybe) labels,
respectively.

4.5. Results

4.5.1. Rationale Source Robustness

We evaluate Reason2Decide’s robustness to ratio-
nale source variations by training Stage-1 exclu-
sively on LLM-generated rationales, and in Stage-
2, using the matching rationale variant (LLM-
generated, nurse-authored, post-processed). As
shown in Table 3, Reason2Decide maintains
consistent performance across rationale variants
while outperforming all baselines on both predic-
tion and rationale metrics, with +0.37 to +6.09 F1
over DSS variants. Although this experiment was
conducted on only 12% of the dataset, our method
produces observable gains in data-scarce clinical
situations.

Despite training on LLM-generated rationales
only during Stage-1, Reason2Decide shows 51%
lower F1 variation than DSS-F1 (1.08-point spread
vs 2.21) and better rationale metrics. The F1 gains
demonstrate that rationale pretraining provides
transferable reasoning benefits that improve pre-
diction, and not only explanation generation. This
pattern suggests that LLM rationales may substi-
tute for human-authored rationales during pretrain-
ing, thereby reducing reliance on costly human ra-
tionales. Our method demonstrates strong ratio-
nale source robustness, successfully adapting to
different rationale styles during Stage-2 training,
achieving best performance on post-processed ra-
tionales (51.14 F1) with consistent gains across
rationale sources in BERTScore, BLEU, and LLM-
as-a-Judge Overlap.
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Rationale Source Method Macro F1 BERTSc. BLEU Overlap

SFT 48.78 +0.44 - - -
DSS-F1 49.69 £0.58  90.68 +0.12 15.00 £ 0.44 2.43
LLM-generated DSS-Loss 47.27+0.40  90.38 = 0.05 13.72 +0.17 2.37
Reason2Decide 50.06 +0.14 91.02+0.02 16.46 +0.06 2.50
DSS-F1 48.01 +£0.39  87.67+£0.06  24.88 +£0.40 2.51
Nurse-authored DSS-Loss 46.76 £1.02  87.51 +£0.07 23.87 £0.39 2.47
Reason2Decide 50.76 +1.01 88.06 -0.23 26.62 +1.44 2.62
DSS-F1 4748 +2.11 90.15+£0.13 22474+ 0.85 2.54
Post-processed DSS-Loss 45.05 £3.07  89.89+0.03  20.68 4+ 0.23 2.48

Reason2Decide 51.14+044 9046 +0.07 24.03+0.55 2.64

Table 3: Rationale Source Robustness on Clinical Triage (T5-Small on 12% of Clinical Triage Dataset)

Dataset Model Method Macro F1 Accuracy BERTSc. BLEU
SFT 52.69 + 0.86 - - -
T5-Small DSS-Loss 52.73 £0.99 - 91.14 +£0.09 17.37+0.45
DSS-F1 52.09 = 0.50 - 90.99 £0.06 16.72 +0.33
Reason2Decide 55.88 + 0.01 - 91.52 +£0.06 19.33+0.29
SFT 57.10 £ 1.15 - - -
DSS-Loss 53.26 + 0.89 - 91.78 £ 0.04 20.86 + 0.27
T5-Base DSS-F1 54.53 + 2.63 - 91.56 £ 0.32 19.50 + 1.70
Clinical Triage Reason2Decide 59.92 + 0.42 - 92.09£0.02 22.74 £ 0.06
SFT 56.85 + 7.21 - - -
T5-Large DSS-Loss 58.09 +0.77 - 92.08 £ 0.05 22.73+0.17
9 DSS-F1 59.43 +1.07 - 92.20 £ 0.03  23.56 + 0.09
Reason2Decide 60.58 + 0.46 - 92.30 £0.03 24.13+0.19
Aloe-8B 24.73 £ 0.00 - - -
Qwen-3-8B  Zero-Shot 23.28 +0.00 - - -
Qwen-3-32B 28.03 = 0.00 - - -
SFT 52.18+£0.07 91.87+0.34 - -
T5-Small DSS-F1 53.63 £0.57 93.12+0.16 89.14+0.01 6.36 £ 0.06
DSS-Loss 53.63 £0.07 93.14 +£0.08 89.11 +0.05 6.27 £0.07
Reason2Decide 55.02+0.16 93.51+0.14 89.30+0.03 6.76 +£0.15
SFT 57.31+£0.16 94.58 £0.11 - -
T5-Base DSS-F1 58.16 +0.11 95.00 £0.03 89.404+0.04 6.93+0.13
PubMedQA DSS-Loss 57.69 £0.25 94.79+0.14 89.40+0.01 6.82+0.10
Reason2Decide 58.10 £0.22 95.04+0.09 89.51+0.03 7.17+0.04
SFT 59.60 £0.26  95.72 +0.17 - -
T5-Large DSS-F1 59.92 +0.21 95.90+0.06 89.62+0.04 7.41+0.12
9 DSS-Loss 59.74+£0.26 95.70 £0.28 89.61 +0.03  7.08 £ 0.09
Reason2Decide 60.28 +0.05 96.05+0.01 89.60+0.05 7.64+0.15
Aloe-8B 45.33 £0.00 95.25+0.00 - -
Qwen-3-8B  Zero-Shot 52.85+0.00 87.89 +0.00 - -
Qwen-3-32B 58.33 £0.00 90.83 +0.00 - -
SFT 64.81 £2.09 72.76 + 1.86 - -
T5-Small DSS-F1 66.024+1.19 71.144+0.70 84.16+043 2.68+0.14
DSS-Loss 40.47+2.14 65.04+1.41 82.80+0.39 1.86+0.15
Reason2Decide 67.574+-226 73.58+0.70 85.1440.18 3.274+0.09
SFT 53.70 = 12.29 67.88 £2.54 - -
T5-Base DSS-F1 66.28 £0.54 71.544+1.86 85.78+0.14 3.85+0.02
BioASQ DSS-Loss 59.99 +13.58 71.14 £6.72 X X
Reason2Decide 68.02+2.19 7398 +1.41 85.64+0.30 3.55+0.10
SFT 66.80 +2.64 73.98 +1.41 - -
T5-Large DSS-F1 65.73+£2.15 70.73+244 85.79+0.25 3.43+0.29
9 DSS-Loss 44.55+£4.19  67.48 £1.41 X X
Reason2Decide  66.58 +4.57 73.17+2.44 85.80+0.11 3.39+0.26
Aloe-8B 79.09 +0.00 81.71+0.00 - -
Qwen-3-8B  Zero-Shot 50.32+£0.00 75.61 +0.00 - -
Qwen-3-32B 50.69 +0.00 76.83 +0.00 - -

Table 4: Performance comparison across datasets. Best F1 score per dataset is bold+underlined. Best
fine-tuning strategy per model size is bold. Standard deviations are shown as + values. Instances where
rationale generation is non-applicable are shown as -. Instances where the model failed to generate a
rationale are shown as X.
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4.5.2. Consistent Performance Across Model
Sizes and Tasks

From Table 4, across all three datasets, Rea-
son2Decide shows improvement over other
fine-tuned variants. For Clinical Triage, Rea-
son2Decide outperforms every other baseline,
across model sizes.

Similar results are observed with PubMedQA,
with Reason2Decide outperforming other variants
with the Small and Large models. Despite slightly
lagging behind DSS-F1 with the Base model, Rea-
son2Decide outperforms DSS-F1 on BLEU and
BERTScore.

BioASQ proved to be a challenging dataset for
all fine-tuned variants, possibly due to its limited
data size. Although Reason2Decide outperforms
the baselines on the Small and Base models, SFT
takes the win with the Large model.

Reason2Decide outperformed both Qwen mod-
els on all datasets. However, Aloe-8B scores
the highest on BioASQ. This can be attributed
to its pretraining on biomedical literature, which
closely matches the domain and format of BioASQ,
but differs from the conversational and reasoning-
oriented style of the triage and PubMedQA
datasets.

While T5-Large (800M) is 40x smaller than the
32B Qwen model and is not a foundation model
pretrained on medical corpora, it outperformed
Qwen-3-32B on all three datasets and Aloe-8B on
2/3 datasets, narrowing the performance gap be-
tween LLMs and smaller language models.

4.5.3. Rationale Analysis

BLEU and BERTScore: As shown in Table 4,
on Clinical Triage, for all three model sizes, Rea-
son2Decide outperforms DSS variants in both met-
rics. On PubMedQA and BioASQ, we observe sim-
ilar trends with Reason2Decide scoring competi-
tively with DSS variants.

LLM-as-a-Judge Evaluation: To assess the
quality of generated rationales, we evaluate three
metrics as defined earlier. These were scored on a
(1—5) Likert scale. From Table 5, Reason2Decide
scores the highest in all metrics with the Small and
Base model variants. With the Large model, the
overlap and coverage scores are very close,
with our proposed method scoring comparatively
higher in correctness.

A sample prediction and rationale is provided in
Table 6.

4.6. Ablation Study

We performed ablations to assess the contribution
of each component in our Reason2Decide frame-
work. Table 7 shows that removing Stage-1 consis-

Model Size Method Coverage Correctness Overlap
DSS-Loss 4.52 4.02 2.50
T5-Small DSS-F1 4.50 3.96 2.48
Reason2Decide 4.62 4.26 2.58
DSS-Loss 4.74 4.09 2.57
T5-Base DSS-F1 4.71 4.05 2.55
Reason2Decide 4.76 437 2.61
DSS-Loss 4.78 4.13 2.60
T5-Large DSS-F1 4.81 4.19 2.61
Reason2Decide 4.80 4.43 2.63

Table 5: LLM-as-a-Judge evaluation metrics.

Method Rationale and Prediction

Gold Standard  Rationale: Infant has repeated episodes of gasping for air, indicat-
ing possible serious breathing difficulty requiring immediate medical
evaluation.
Prediction: Go to ED Now

Reason2Decide Rationale: Infant has repeated episodes of gasping for air, indicat-
ing possible serious breathing difficulty requiring immediate medical
evaluation.
Prediction: Go to ED Now

DSS-F1 Rationale: Infant’s frequent gasping episodes with fever require im-
mediate evaluation to rule out serious respiratory issues despite nor-
mal appearance and no worsening symptoms.

Prediction: See Physician or PCP within 24 Hours

Rationale: Infant’s frequent gasping episodes with normal breathing
and no fever require prompt medical evaluation to rule out serious
respiratory issues.

Prediction: Go to ED Now

DSS-Loss

Table 6: Sample rationale and prediction. Rea-
son2Decide produced gold-aligned rationale and
prediction; DSS-F1 gave contradicting rationale
and prediction; DSS-Loss made correct prediction
but with inaccurate rationale.

tently hurts performance across datasets, confirm-
ing that explanation-focused pretraining improves
downstream decision-making. Stage-2 is essen-
tial for predictions, because the Stage-1 model
only learns to generate explanations.

The primary purpose of scheduled sampling is
rationale alignment via exposure-bias mitigation.
This is reflected with its equal or higher BERT
and BLEU scores across both datasets. Addition-
ally, it improves prediction on complex, multi-class
datasets like Clinical Triage (59.92 vs. 57.28 F1),
suggesting that training with realistic inference con-
ditions could provide a greater benefit for challeng-
ing prediction tasks.

Including warm-up steps slightly improved per-
formance on Clinical Triage across all metrics. Re-
moving warm-up steps on BioASQ caused a sub-
stantial F1 drop despite small BERT/BLEU gains,
indicating the importance of gradual adaptation
from the single-task to the multi-task objective in
Stage-2.

5. Conclusion and Future Work

We have introduced Reason2Decide, a two-stage
training framework for LLMs designed to enhance
decision quality and interpretability in clinical NLP
tasks. Through this framework, the model learns
to generate rationales that align with its predictions.
Experiments on nurse triage and biomedical QA
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Method Accuracy F1 BERT BLEU
Clinical Triage

w/o Stage-1 58.25 91.65  19.95

w/o Stage-2 0.00 91.78  20.72

57.28 92.09  22.59
59.51  92.07  22.64

w/o Scheduled sampling
w/o Warm-up steps

Reason2Decide 59.92 9209 2274
BioASQ

w/o Stage-1 71.95 65.99  85.55 3.32

w/o Stage-2 0.00 0.00 84.17 2.95

w/o Scheduled sampling 72.76 68.06 84.15 3.07

w/o Warm-up steps 69.10 61.27 8568 3.71

Reason2Decide 73.98 68.02  85.64 3.55

Table 7: Ablation results on Clinical Triage and
BioASQ (Base model).

datasets show that Reason2Decide outperforms
other fine-tuning variants in both prediction and ex-
planation metrics. With our low cross-source F1
variation, we show that synthetic rationales can
substitute for costly human rationales.

In future work, our aim is to extend this approach
to broader clinical and biomedical subdomains, to
assess its generalizability. We also want to inves-
tigate the effect of integrating rule-based or CoT-
style rationales. In addition, our goal is to add hu-
man evaluation for better assessing the rationales.

6. Limitations

While Reason2Decide demonstrates strong perfor-
mance over other fine-tuning variants, certain lim-
itations remain. Firstly, the datasets used in this
work fall under nurse triage and biomedical QA.
To effectively assess Reason2Decide, it should
be extended to other subdomains in clinical NLP.
Secondly, the LLM-generated rationales were not
rule-based. It would be valuable to see the im-
pact of using CoT-style rationales during Stage-
1 on predictions. Moreover, our two-stage train-
ing framework requires increased computational
resources during training. However, inference is
fully end-to-end from the final Stage-2 checkpoint
alone: it both predicts the label and generates
self-conditioned explanations. Our approach in-
volved several hyperparameters that were chosen
heuristically. A more granular hyperparameter op-
timization strategy may lead to Reason2Decide’s
further improved performance. Finally, our ratio-
nale evaluation lacks human oversight. Although
LLM-as-a-Judge methods are becoming increas-
ingly adopted, they may be imperfect. For high-
stakes domains like clinical NLP, human verifica-
tion remains essential.

7. Ethics Statement

During this research, we ensured to follow ethical
guidelines for clinical NLP. The proprietary dataset

used was de-identified. No personally identifiable
information was accessible to the models or re-
searchers during training/evaluation. Only open-
source models were used, and were run on local
machines. All clinical predictions and rationales
generated by Reason2Decide should be treated
as a decision support tool requiring human verifi-
cation and not a replacement for human decisions.
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10. Appendix

10.1. Prompts Used

Prompt for Post-Processing Nurse-Authored
Rationales:

You are a helpful assistant who expands brief
medical notes into full, grammatically correct
sentences using fewer than 20 words. Do not
add new information.

Convert this to a sentence without adding new
information: [RATIONALE]

This created the nurse post-processed rationale
variant by replacing [RATIONALE] with each
original nurse note.

Prompt for Generating Standardized
Disposition Definitions:

You are building a clinical definition for the
disposition: [DISPOSITION_NAME].

Current working definition:
[CURRENT_DEFINITION]

You are given new examples of triage notes
and rationales for this disposition. Use them to
refine, expand, or correct the working definition.
Keep the definition concise but clinically
accurate.

Triage Notes and Rationales: [EXAMPLES]

Update the definition:

- Incorporate any new key symptoms, criteria,
or thresholds.

- Remove incorrect parts.

- Keep it as clear and specific as possible.
Output only the revised definition text, nothing
else.

Where [DISPOSITION_NAME],
[CURRENT_DEFINITION], and [EXAMPLES]
were replaced with actual data. This process
generated the standardized definitions used for
consistent LLM-as-a-Judge scoring.

Prompt for Zero-Shot Disposition
Classification:
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Issue: [ISSUE_ASSESSMENT]
Dispositions: [CLASSES_TEXT]

Classify the healthcare issue into one of the
dispositions above. Return your answer in the
following **strict** format:

Class: [chosen digit]

Do not ask for more information, and do not
provide any general statements. Only respond
with the digit.

Where [ISSUE_ASSESSMENT] contained the
triage note text and [CLASSES_TEXT] listed the
12 disposition options with their numerical
identifiers. This prompt was used for zero-shot
LLM evaluation.

Prompt for Summarizing BioASQ Snippets:

Please summarize the following medical
rationale in 100 words or less. Focus on the
key points and main conclusions. Keep it
concise and informative.

Rationale to summarize: [RATIONALE]
Summary:

Where [RATIONALE] was replaced with the
concatenated text snippets from BioASQ. This
created concise gold-standard rationales for
BioASQ experiments.

Prompt for LLM-as-a-Judge Correctness
Scoring:

You are an expert clinical trainer for telephone
triage nursing.
[DEFINITIONS]

Task: Given the following rationale and
disposition, score the alignment on a scale of 1
to 5, where:

5 - Excellent Alignment

4 - Good Alignment

3 - Moderate Alignment

2 - Poor Alignment

1 - Very Poor Alignment

Rationale: [RATIONALE]

Disposition: [DISPOSITION]

Output exactly one number (1, 2, 3, 4, or 5)
with no other text.

Where [DEFINITIONS] was replaced with the
standardized disposition definitions following
Subsection 10.2, [RATIONALE] with the

generated rationale, and [DISPOSITION] with the

predicted disposition.

Prompt for LLM-as-a-Judge Coverage
Scoring:

You are a medical text comparison assistant.
Task: Compare the triage note with the text pro-
vided. Determine how much of the information
in the text is also present in the triage note.

Output only one number based on this scale:

5 = The note contains everything mentioned in
the text.

4 = The note contains most things mentioned in
the text.

3 = The note contains some but not most things
mentioned in the text.

2 = The note contains almost nothing mentioned
in the text.

1 = The note contains nothing mentioned in the
text.

Triage Note: [NOTE]
Text: [TEXT]
Output only the number:

Where [NOTE] was replaced with the original
triage note and [TEXT] with the generated
rationale.

Prompt for LLM-as-a-Judge Overlap Scoring:

You are a clinical text comparison assistant.
Task: Compare the nurse’s original rationale
with the model’s predicted rationale and rate
how much of the nurse’s rationale is present in
the predicted rationale. Judge semantic

content, not wording. Paraphrases/synonyms
count as overlap. Ignore pleasantries and
generic instructions. Contradictions reduce
overlap.

Output exactly one number per line for each
pair, with no other text:

1 = No overlap

2 = Almost no overlap

3 = Some but not most overlap

4 = Most overlap

5 = Complete overlap

Nurse Rationale: [NURSE_RATIONALE]
Predicted Rationale:
[PREDICTED_RATIONALE]

Output only the number:

Where [NURSE_RATIONALE] was the

gold-standard nurse rationale and
[PREDICTED_RATIONALE] was the
model-generated rationale.
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10.2. Clinical Disposition Definitions

Home Care: Patients suitable for Home Care
disposition have mild to moderate, stable, and
non-progressive symptoms without signs of
immediate or severe complications requiring
emergency intervention. They exhibit no
respiratory distress, hemodynamic instability,
severe pain unresponsive to treatment, significant
bleeding, high fever with systemic symptoms,
spreading infection, altered mental status,
neurological deficits, or other urgent clinical
concerns. Their condition allows for safe
management, symptom relief, and observation at
home with appropriate follow-up. This includes
stable minor injuries, controlled localized
infections, mild chronic condition issues, and
non-urgent questions or concerns. Patients and
caregivers should be advised to seek urgent care
if symptoms worsen or new concerning signs
develop.

See Physician or PCP within 3 days: Patients
with mild to moderate, stable but persistent or
worsening symptoms that do not pose an
immediate threat to life or function, and who
require timely medical evaluation to prevent
complications. This includes conditions without
severe pain, respiratory distress, hemodynamic
instability, significant neurological deficits, acute
infection, or other urgent signs. The disposition
excludes any patients exhibiting signs of severe
or rapidly progressing illness, acute psychiatric
emergencies, or other urgent conditions
necessitating immediate or emergency care.

Call Pharmacist within 24 Hours: This
disposition is used when a caller has
non-emergency medication-related questions or
concerns that require timely pharmacist expertise
within 24 hours to ensure safe, effective, and
appropriate medication use. It applies when
immediate urgent care is not needed but
professional assessment is necessary to clarify
dosing, manage side effects, verify medication
information, address potential interactions,
support adherence, assist with medication
access, or provide guidance on special
populations and circumstances. This ensures
optimized therapy, prevention of harm, and
informed patient decisions without delay.

See Physician or PCP within 4 Hours (or PCP
triage): Patients with new or worsening moderate
to severe symptoms, signs of infection, or
conditions at risk of rapid deterioration that
require timely clinical evaluation within hours to
prevent complications. This includes significant
pain unrelieved by initial treatment, progressive
neurological symptoms, signs of systemic
infection, post-procedural complications, unstable
vital signs, moderate to severe respiratory,

abdominal, or urinary symptoms,
pregnancy-related concerns, dehydration,
metabolic instability, mental health deterioration,
and other clinical presentations indicating
potential for rapid decline. The disposition
ensures prompt physician assessment to guide
urgent management and prevent adverse
outcomes.

Call EMS 911 Now: Initiate immediate
emergency medical services activation for any
patient presenting with signs or symptoms of a
potentially life-threatening condition. This
includes acute neurological deficits, severe chest
pain or cardiac symptoms, significant respiratory
distress, signs of anaphylaxis, major trauma or
uncontrolled bleeding, severe abdominal or back
pain with systemic symptoms, acute deterioration
in patients with serious underlying conditions,
active suicidal intent with risk of harm, critical
illness in infants or young children, shock or
imminent collapse, severe infection or sepsis,
altered mental status or unresponsiveness, and
any situation posing an immediate threat to life,
safety, or vital functions. Prompt EMS activation
is essential whenever there is concern for
compromised airway, breathing, circulation,
neurological status, or urgent mental health crisis
requiring rapid intervention.

Go to ED Now: Immediate emergency
department evaluation is required for patients
presenting with sudden, severe, or rapidly
worsening symptoms that pose an immediate risk
to life, limb, or function. This includes active
uncontrolled bleeding, significant head or neck
injuries, severe respiratory distress or airway
compromise, acute neurological deficits, severe
or persistent pain suggestive of surgical or
obstetric emergencies, signs of shock or altered
consciousness, severe allergic reactions,
prolonged seizures, suspected serious infections,
severe metabolic disturbances, and any other
critical conditions requiring urgent assessment
and intervention.

See Physician or PCP within 2 Weeks: Patients
with new, persistent, worsening, or recurrent
symptoms that are stable and do not require
emergency care but need timely medical
evaluation to diagnose, monitor, or adjust
treatment. This includes conditions without signs
of acute distress, hemodynamic instability, severe
pain, neurological deficits, respiratory
compromise, systemic infection, or other urgent
symptoms. The disposition applies to a broad
range of non-emergent but concerning clinical
presentations where prompt follow-up is
necessary to prevent progression or
complications.

Go to L&D Now: Immediate evaluation in Labor
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and Delivery is required for pregnant individuals
presenting with signs of active labor at or near
term, suspected or confirmed rupture of
membranes, significant vaginal bleeding,
decreased or absent fetal movement, new or
worsening moderate to severe abdominal or
pelvic pain, signs of preterm labor, pregnancy
complications or risk factors combined with
concerning symptoms, abdominal or pelvic
trauma, maternal conditions suggestive of serious
complications (e.g., preeclampsia, infection,
hemodynamic instability), or any other acute
symptoms indicating potential maternal or fetal
compromise. Prompt assessment is essential to
ensure maternal and fetal safety.

Call Poison Center Now: Immediate expert
toxicology consultation is required for any
suspected or confirmed exposure to potentially
harmful substances or situations with risk of
significant toxicity, overdose, or complications.
This includes exposures involving high-risk
medications, chemicals, toxins, unknown or
unlabeled agents, vulnerable populations (such
as children or pregnant women), or any new or
worsening symptoms suggestive of systemic
toxicity. Prompt specialist guidance is essential to
ensure safe management and appropriate
treatment.

See More Appropriate Guideline: Use this
disposition when the caller’s concerns do not
require emergency or urgent care but need
assessment, advice, or management under a
more specific, condition-focused guideline. It
applies to stable, non-urgent symptoms or
questions without red flags, including chronic
conditions, mild new symptoms, or informational
and care coordination needs. Avoid this
disposition for any signs of acute deterioration,
emergencies, or conditions requiring immediate
intervention. Direct callers to the guideline that
best matches their specific symptom or concern
to ensure appropriate care.

See Physician or PCP within 24 Hours:
Patients with new, worsening, or persistent
moderate symptoms that impact daily activities
but do not require emergency care. This includes
localized signs of infection or inflammation
without systemic involvement, moderate injuries
without severe complications, mild to moderate
neurological, respiratory, gastrointestinal, or
mental health symptoms without acute distress,
and other conditions needing timely medical
evaluation to prevent deterioration, ensure
appropriate management, and monitor
progression.

Call Dentist when Office is Open: This
disposition applies to patients with non-emergent
dental issues that do not exhibit signs of serious

infection, airway compromise, uncontrolled
bleeding, or systemic illness. It includes mild to
moderate pain or discomfort manageable with
analgesics, stable post-procedure symptoms,
minor dental trauma without active bleeding or
severe pain, and dental appliance-related
discomfort without urgent complications. Patients
should seek dental care during regular office
hours and be advised to obtain immediate
emergency care if symptoms worsen or signs of a
dental or medical emergency develop.
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