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Abstract

The opioid epidemic has ravaged the US for the past two decades and is still a persistent threat. During the same
time, the increasing use of social media has created a new avenue for people to share their journeys regarding opioid
use. In this context, research in automatically determining opioid use stages (e.g., misuse, addiction, recovery) based
on self disclosures in social media posts is gaining traction. In this paper, using a recent benchmark, we assess
different supervised strategies for identifying self-disclosed opioid use stages from Reddit posts. We consider distilled
reasoning traces from DeepSeek R1 (an open weights reasoning model), supervised contrastive learning (SCL), and
few-shot in-context learning (ICL) with GPT-5 to conduct a variety of experiments with encoder and encoder-decoder
models. We also conduct direct zero-shot (ZS) experiments with GPT 5 and GPT 5.2. Across different models and
datasets, our strategies provide improvements in performance with some nuances that are too subtle to elaborate in
the abstract. A surprising finding is that ZS results with GPT-5 are better than all supervised results, which ushers a
new frontier for LLM-based classification of opioid use in social media posts. Our code is available for reuse and

replication: https://github.com/bionlproc/Opioid-Stage.
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1. Introduction

The opioid crisis remains a major public health con-
cern in the United States. It has ravaged America
for over two decades with drug overdose deaths
reaching a peak of over 110K in 2022, 76% of which
are attributed to opioids (Spencer et al., 2024). Opi-
oid use disorder (OUD) is a related chronic con-
dition characterized by repeated use in the past
12 months. Specifically, OUD is defined based on
a variety of DSM criteria (National Center for In-
jury Prevention and Control, 2024) that are further
converted to ICD-10 codes. OUD diagnosis facil-
itates identification, tracking, and intervention for
individuals whose situation may exacerbate to over-
doses and more serious long term disability. With
regards to both overdoses and OUD, the situation
appears to have stabilized since peak levels during
the Covid-19 pandemic, as per the latest report
from the US Substance Abuse and Mental Health
Services Administration (2025).

Treatment for OUD often involves both behavioral
and pharmaceutical strategies (Wakeman et al.,
2020) and both aspects are discussed by users on
social media at length, especially on Reddit, which
has emerged as a key platform for peer support and
recovery discussions (Laud et al., 2025; Carpenter
et al., 2025). Reddit has several dedicated forums
(e.g., r/OpiatesRecovery) where individuals openly
share experiences and seek advice. Complement-
ing the clinical definitions of OUD, researchers have
identified discrete stages of opioid use to charac-
terize the journey of a user, warranted by the need
to design inter-stage transition-specific interven-

tions (Park et al., 2020). Yang et al. (2024) used
this need to come up with six stages: Not Using,
Medical Use, Misuse, Addiction, Recovery, and Re-
lapse, following the definitions by Smith et al. (2013)
and National Institute on Drug Abuse (2007).

In their seminal effort, Yang et al. (2024) created
a dataset and conducted baseline experiments to
classify Reddit posts discussing opioids into one of
these six stages. Our current paper deals with how
we can improve over their baseline experiments.
At this point, we note that their dataset included a
so called “explanation” for each input Reddit post
indicating the spans in the input that highlight the
textual evidence for the annotator’s decision to as-
sign a stage. This explanation was used as part
of the input to the model (along with the original
post). Since these explanations are not available
at test time, they designed a strategy to extract a
“silver” explanation that is generated by a different
supervised model. The silver explanation, in this
sense, does not need human inputs at test time.
However, our methods based on recent advances
in reasoning LLMs obviate this need for these sil-
ver explanations. As such, for brevity and space
limitations, we do not discuss or use the silver ex-
planations in all reported results of this paper. Due
to scarcity of expert time to create training labels,
Yang et al. (2024) used Amazon Mechanical Turk
to create significant portions of the dataset. The
entire training dataset consists of these so called
“novice” labeled examples while the test set has
both expert and novice labeled instances.

Some of the main challenges on this task is the
lack of expert labeled training examples, nontrivial
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semantic overlap between the stages, and limited
reasoning fidelity (and hence interpretability) of en-
coder and encoder-decoder models typically used
in classification tasks. We next outline how we
address these aspects in this paper.

Accurate stage detection often requires nuanced
logical deduction beyond surface-level cues. Re-
cent reasoning-capable LLMs like DeepSeek-R1
can produce detailed chain-of-thought traces or
summarized reasoning at inference time, and we
already have evidence that bigger more power-
ful models can improve downstream model per-
formance when distilled into smaller models (Wei
etal., 2022; Hsieh et al., 2023). However, it remains
unclear whether such reasoning is necessary for
opioid stage classification. We use DeepSeek R1
as a teacher model to generate two forms of rea-
soning: (a) summarized reasoning — concise 2—3
sentence justifications highlighting the most salient
linguistic cues, and (b) step-by-step reasoning —
detailed internal reasoning traces capturing the
model’s multi-step deductions. By distilling these
into smaller student models (T5-3B, T5-11B, and
DeBERTa v3), we test whether explicit reasoning
can improve classification accuracy.

Furthermore, Yang et al. (2024) identified that
opioid use stage classification suffers from signifi-
cant semantic overlap, particularly between adja-
cent stages like Misuse and Addiction or Recovery
and Relapse, as illustrated in Table 1. To address
this, we integrate supervised contrastive learning
(SCL), which, as shown by Gunel et al. (2020), en-
hances inter-class separability by explicitly pushing
apart representations of different stages in the la-
tent space. Finally, given the scarcity of expert
labels in existing opioid use corpora and the per-
sistent discrepancy between expert and novice an-
notations, we reduce our reliance on noisy novice
data by employing in-context learning (ICL). We use
GPT-5 as a synthetic annotator grounded in a small
set of expert examples to realign novice-labeled
training data toward expert standards. By system-
atically evaluating these three strategies, our work
provides a comparison of how reasoning-centric,
data-centric, and representation-centric techniques
impact classification across different model scales.

Our results show that the optimal reasoning for-
mat depends on the evaluation setting: summa-
rized reasoning yields the strongest performance
on the expert test set, while step-by-step reason-
ing achieves the best results on the novice test
set. The integration of SCL improves performance
by enhancing inter-class discrimination, while ICL-
based realignment produces higher agreement with
expert test sets. While none of our methods is a
silver bullet, these techniques yield nontrivial gains
in both accuracy and interpretability, demonstrat-
ing a promising pathway toward scalable, expert-

aligned opioid use monitoring from social media.
The dataset is only available from its creators (Yang
et al., 2024) but all our code is available for reuse
and replication: https://github.com/bionl
proc/Opioid-Stage.

2. Related Works

As already discussed, Yang et al. (2024) demon-
strated that explanation-augmented models im-
proved detection of opioid use stages from Red-
dit posts. Earlier work examined substance-use
detection more broadly from forums and Twitter,
in identifying misuse, overdose risk, and relapse
signals from user-generated content (Fodeh et al.,
2021; Raza et al., 2023; Ahmad et al., 2026; Yang
et al., 2022). Our lab has recently showed how
Reddit posts can be used to glean evolving barriers
to opioid recovery (Ekanayake et al., 2025).

Prior work has shown that models can benefit
from human or model-generated rationales, which
enhance both predictive accuracy and interpretabil-
ity. Camburu et al. (2018) and Rajani et al. (2019)
demonstrated that jointly training models to gen-
erate explanations alongside labels yields supe-
rior performance in reading comprehension and
commonsense reasoning. Recent reasoning LLMs
such as DeepSeek R1 (Guo et al., 2025) and chain-
of-thought (COT) prompting have shown that de-
composing complex problems into intermediate,
step-by-step reasoning steps significantly improves
robustness and logic in large language models (Wei
et al., 2022). Subsequent work has further demon-
strated that these reasoning rationales can be dis-
tilled to train smaller, more efficient, and effective
task-specific models (Hsieh et al., 2023; Hancock
et al., 2018). Our work applies these ideas to a
high-stakes, fine-grained social health text task
and compares the effectiveness of summarized
vs step-by-step rationales.

Supervised contrastive learning has been shown
to improve representation quality in classification
problems by explicitly pulling together representa-
tions of same-label examples and pushing apart
different labels (Khosla et al., 2020; Gunel et al.,
2020; Kim et al., 2022). In health NLP, contrastive
objectives have been used to better separate se-
mantically adjacent classes, for example in auto-
mated diagnostic coding from clinical notes (Kailas
et al., 2023). Separately, in-context learning and
related prompting strategies with powerful LLMs
have been used for expert-like few-shot annotation
and label refinement in clinical and mental-health
tasks, including clinical NER, suicidality phenotyp-
ing, and OUD identification from electronic health
records (Baroian, 2025; Li et al., 2025; Huang et al.,
2025; Molina et al., 2025). We build on this line of
work by using GPT-5 to realign noisy novice labels
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OUD Stage

Reddit Post Excerpt (Title + Text)

Medical Use

[TITLE] Codeine doses [TEXT] So | was recently prescribed Tylenol 3’s
with 30mg Codeine. Is it safe to take two, ingesting 60mg of codeine?
Has anyone ever done it with this amount or more? Comment below!

Misuse

[TITLE] I'm on tramadol first time [TEXT] | took 350mg first time on this,
it'’s kinda underwhelming but it’s Ight. | hit a juul and that took me way
higher but idk | expected more from this

Addiction

[TITLE] Hydrocodone dosage [TEXT] Is 30mg too much if | just started
taking it daily a week ago? | can tell my tolerance is going up so I'm just
wondering if | can start to slowly increase my dosage.

Recovery

[TITLE] Venting [TEXT] I'm just ready to feel like myself again | won’t give
up though My life is not so bad but my mind is hopefully it a be over soon
...stay strong everybody it does get easier

Relapse

[TITLE] Withdrawal question please help? [TEXT] So | tried to get clean
went 4 days and | was starting to get over the withdrawal then | used again
will | feel the effects of the withdrawal all over again?

Table 1: Representative opioid use stage examples from the training dataset

toward a small expert subset and then measuring ~ 3.1.

Reasoning Distillation

how this affects downstream models.

3. Methodology

Recall our goal is to improve the fine-grained clas-
sification of Reddit posts into six opioid use stages
(Not Using, Medical Use, Misuse, Addiction, Recov-
ery, and Relapse) using the dataset from Yang et al.
(2024). The dataset is created using opioid related
posts from three subreddits (r/OpiatesRecovery,
r/Opiates, and r/Drugs) with sufficient accommo-
dations to only retain opioid related posts. The
inputs to the models consist of the Reddit post’s
titte concatenated with its body text. To ensure
comparisons with prior work, we followed the exact
data partitioning from Yang et al. (2024):

* Novice-annotated data: 1936 training in-
stances and 150 test instances,

» Expert-annotated data: 442 test instances
(experts do not contribute to training).

All models are evaluated across the two test sets
(novice and expert) to align with the evaluation
framework introduced in Yang et al. (2024). The
top class in novice annotated posts is addiction
(29%) but for expert dataset it is not using (34%).
To illustrate the nature of the self-disclosed Reddit
posts and the fine-grained opioid use stages, we
provide representative examples from the dataset
introduced by Yang et al. (2024) in Table 1. These
examples demonstrate how user narratives are cat-
egorized into distinct phases, highlighting the con-
textual nuances our models aim to capture.

Reasoning distillation aims to improve downstream
model performance by providing student models
with explicit intermediate rationales. These ratio-
nales reflect how a stronger teacher model jus-
tifies its predictions. To generate them, we use
DeepSeek R1, a recent large language model
optimized for structured reasoning (Guo et al.,
2025). For each training instance, DeepSeek R1
is prompted in a zero-shot setting with the Reddit
post and its ground-truth stage label, and asked
to produce an explanation for why the post corre-
sponds to that label. The full prompting template
used to obtain reasoning is provided in Figure 1 of
the Appendix.

3.1.1. Reasoning Formats

We generate two forms of teacher rationales:

» Summarized reasoning: A concise explana-
tion (with 2-3 sentences) in which DeepSeek
R1 provides a high-level justification for the
label, highlighting the most salient cues or lin-
guistic indicators present in the post. These
summaries average approximately 62 words
in length.

 Step-by-step reasoning: A detailed internal
reasoning trace obtained from the model’s
<think> segment. These traces represent
DeepSeek R1’s hidden intermediate deliber-
ations, including multi-step deductions, latent
evidence extraction, and fine-grained decision
heuristics. Compared to the summarized ra-
tionales, these internal reasoning sequences
are significantly longer and more granular, av-
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eraging approximately 322 words per post, re-
flecting the full chain-of-thought the model pro-
duces before emitting its final answer.

The two formats allow us to evaluate whether stu-
dent models benefit more from concise rationales
or from richer, model-internal reasoning traces.

3.1.2. Student Model Training

The reasoning outputs are incorporated directly
into model supervision for T5-3B and T5-11B mod-
els (Raffel et al., 2020). During fine-tuning, the
student models are trained to generate both the la-
bel y; followed by its associated reasoning r; (sum-
marized or step-by-step) given input z;, using a
conditional language modeling objective:

Log=— ) log Py(yi,ri | ).

similar to other efforts (Wadhwa et al., 2023). This
setup enables us to quantify the impact of distilled
reasoning on classification accuracy and to com-
pare the relative benefits of short versus detailed
reasoning representations.

3.2. Supervised Contrastive Learning

To improve the separability of closely related opioid
use stages, we incorporate supervised contrastive
learning (SCL) as a two-stage training procedure
applied uniformly across all model architectures
evaluated in this work.

3.2.1. Stage 1: Contrastive Pretraining

In the first stage, the model encoder is optimized us-
ing a supervised contrastive objective. Each train-
ing batch is constructed using a balanced class
sampling strategy, where a fixed number of exam-
ples are drawn from each of the 6 opioid use stages.
Two examples per class are used in all models.
This construction ensures that all batches contain
well-defined positive and negative relationships.

View generation For each text instance z;, we
generate a single augmented variant z; using a ran-
dom text-level operation (synonym substitution, to-
ken deletion, or token swapping). Both the original
and augmented inputs are encoded independently:

V= fola), 0 = foli),

where fy(-) denotes the encoder.

Projection and normalization The encoded rep-
resentations are passed through a two-layer pro-
jection head (Linear — ReLU — Linear — Layer-
Norm). We apply L2 normalization to the resulting
projection to produce unit vectors (z;), suitable for
contrastive learning.

Contrastive objective We adopt the supervised
contrastive loss from Khosla et al. (2020). Let I =
{1,...,2N} be the set of indices for all augmented
views in the batch. For an anchor embedding i € I,
let y; be its corresponding opioid stage label. The
set of positive indices is defined as

P(i) = {p € I|y, = y; and p # i},

representing all other views in the batch with the
same label, while A(i) = I'\ {¢} contains all remain-
ing views. The loss is then defined as:

2N

Z Zlo

pep( )

exp (sim(zs, zp)/T)
2 ac i) €xp (sim(z;, 24)/T)’

where sim(-, -) is cosine similarity computed us-
ing the dot product between L2-normalized embed-
dings, and 7 = 0.07 is the temperature parameter.
This step yields an encoder whose latent space is
structured to better reflect stage distinctions.

3.2.2. Stage 2: Task-specific Fine-tuning

Following contrastive pretraining, we load the re-
sulting encoder weights into the downstream opioid
stage classifier. To preserve the structure learned
during SCL and mitigate catastrophic forgetting, we
freeze the lower portion of the encoder and fine-
tune only the upper k layers (determined based
on validation experiments) alongside the prediction
head (or decoder in seg2seq settings).

3.3. Zero-shot with GPT5

To establish a strong baseline we evaluated the
most recent OpenAl large language models (GPT-5
and GPT-5.2) in a zero-shot setting, that is, without
any task-specific fine-tuning or in-context exam-
ples. Two prompting strategies were explored: (1)
Simple prompt (baseline), which directly mirrors
the prompt used in the original study for zero-shot
inference (Figure 3 in the Appendix). This mini-
mal formulation tests the model’s ability to map raw
Reddit text to the six opioid use stages with only
the label list as guidance. (2) Guideline-enhanced
prompt, that incorporates the full class definitions
that were provided to the human annotators in the
original dataset (Figure 4 in the Appendix). Both
prompts were submitted to GPT-5 and GPT-5.2 via
the OpenAl API with default temperature (0) and
greedy decoding to obtain a deterministic label.

3.4. Novice-to-Expert Realignment of
Training Data

While reasoning distillation and supervised con-
trastive learning improve model learning dynam-
ics and representation quality, their effectiveness
remains ultimately bounded by the quality of the
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underlying training labels. Note that the training
split is exclusively novice-only; as per Yang et al.
(2024) the novice turkers need only a 60% accu-
racy threshold, on a small sample of expert labeled
instances, to be selected for this task. Thus test-
ing on expert annotated test data is expected to
give worse performance. To address this, we use
few-shot in-context learning (ICL) with GPT-5 (Ope-
nAl, 2025) to realign novice labels toward expert
annotation standards.

We begin by selecting 40 expert-labeled in-
stances, with 5-8 examples per class depending
on availability. This selection counters the strong
class imbalance in the expert subset, (e.g., Not
Using: 34.51% vs. Medical Use: 3.52%), while
ensuring that each stage is represented by multiple
high-quality exemplars. From the pool of 40 ex-
pert examples, we construct 10 distinct ICL prompt
sets, chosen to balance diversity of expert demon-
strations with computational feasibility. Each set
contains one demonstration per class (six total),
providing GPT-5 with a balanced snapshot of ex-
pert decision patterns across all stages.

For each novice-labeled post, GPT-5 is prompted
ten times, once with each of the ten ICL demonstra-
tion sets. Each prompt contains the full annotation
gutidelines used by Yang et al. (2024), six expert
few-shot exemplars, and the target Reddit post.
GPT-5 is instructed to produce a JSON-formatted
output containing a corrected label selected from
the six opioid use stages and a rationale consisting
of the minimal text span from the post that justifies
the prediction. This process yields ten indepen-
dent candidate labels for each instance. The final
“aligned” label is determined through majority voting
over these ten predictions. The complete prompt
template is provided in Figure 2 of the Appendix.

The resulting relabeled dataset is used to train
the same models evaluated in the main experi-
ments, including both label-only and reasoning-
augmented variants. We refer to this curated ver-
sion as ICL-aligned. To avoid any form of data
leakage, the 40 expert examples selected for the
ICL demonstration sets were excluded entirely from
both training and evaluation, and were removed
from the original expert test split so that no item
used in the ICL prompts appeared in the test set.

4. Results

We evaluate our framework across three dimen-
sions: (1) reasoning distillation, comparing summa-
rized vs step-by-step rationales; (2) supervised con-
trastive learning (SCL); and (3) expert realignment
via ICL. All models were trained on novice-labeled
dataset, and evaluated on both the novice and ex-
pert test sets using accuracy and macro F1 score.
Each method is compared against baseline models
that we reproduced (as described in Section 4.1)
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using the original input—output format (title + post
— label), so that observed improvements can be
attributed to methodological changes rather than
optimization differences.

4.1. Reproduced Baselines

To enable fair comparison across all methods eval-
uated in this study, we first reproduced the baseline
models from the original paper by Yang et al. (2024)
using the same input-output with updated training
configurations (see Table A in the Appendix for full
hyperparameter specifications across all models).
Table 4.2.1 reports the performance for all archi-
tectures, for both test sets. Most models showed
modest improvements of 1-3 points over the origi-
nally reported numbers (Appendix’s Table A), with
T5-3B exhibiting the largest improvements on both
expert and novice splits with improvements of 4-6
points. We interpret all reasoning distillation, SCL,
and ICL results with respect to these reproduced
baselines.

4.2. Reasoning Distillation Results

Our initial experiments evaluated the effectiveness
of reasoning distillation using two distinct reasoning
formats generated by DeepSeek R1: summarized
(Table 4.2.1) and step-by-step traces (Table
4.2.1), evaluated for T5-3B and T5-11B.

4.2.1. Comparison with Reproduced

Baselines

Relative to the reproduced baselines, reasoning
distillation has a clear positive effect on the smaller
T5-3B model and a consistently negative effect on
T5-11B. For T5-3B, adding reasoning supervision
improves performance on novice test set: step-by-
step rationales increase novice F1 from 0.755 in the
baseline to 0.791, an improvement of 3.6 F1 points,
while summarized reasoning also improves novice
F1 to 0.784. On the expert test set, both reason-
ing variants slightly reduce F1 relative to the base-
line (0.703), producing 0.698 (step-by-step) and
0.683 (summarized), although accuracy increases
marginally in both cases (1-2 percentage points).
For the T5-11B model, reasoning distillation con-
sistently degrades performance over standard fine-
tuning. On the expert test set, F1 drops from 0.739
to 0.723 (summarized) and 0.674 (step-by-step),
and on the novice test set from 0.814 to 0.763 and
0.809, respectively. These results indicate that, at
this scale, additional reasoning supervision does
not provide clear benefits and can interfere with the
model’s pre-trained decision boundaries.

4.2.2. Impact of Reasoning Format

The comparison between summarized and step-
by-step formats reveals that the optimal reasoning



Model Dataset Accuracy F1
DeBERTA-v3-Base Expfart 0.681 0.675
Novice 0.707 0.712
DeBERTa-v3-Large Expfart 0.708 0.707
Novice  0.727 0.737
T5-38 Expfart 0.690 0.703
Novice 0.747 0.755
T5-11B Exp.ert 0.732 0.739
Novice  0.813 0.814

Table 2: Reproduced baseline results for DeBERTa and T5 Models

Model Dataset Accuracy F1

T5.38 Expfart 0.713 0.683
Novice 0.787 0.784

T5-11B Exp.ert 0.733 0.723
Novice 0.760 0.763

Table 3: Models trained with summarized reasoning

Model Dataset Accuracy F1

T5-38 Exp.ert 0.708 0.698
Novice 0.787 0.791

T5-11B Expfart 0.683 0.674
Novice 0.807 0.809

Table 4: Models trained with step-by-step reasoning

format depends on student model size and dataset.
For T5-3B, step-by-step reasoning is consistently
more effective than summarized reasoning on both
expert and novice test sets. On expert annotations,
step-by-step achieves higher F1 than summarized
(0.698 vs 0.683, +1.5 points), and on novice an-
notations it achieves the best overall performance
with F1 0.791 compared to 0.784 for summarized
reasoning. For T5-11B, step-by-step reasoning
substantially outperforms summarized reasoning
on the novice test set (F1 0.809 vs. 0.763), whereas
summarized reasoning is less harmful on the ex-
pert set (F1 0.723 vs. 0.674), though both formats
remain below the baseline. Taken together, these
results show that explicit reasoning supervision is
most helpful for the smaller T5-3B model, espe-
cially on the noisier novice data where step-by-step
traces produce the largest gains over the baseline.
For the larger T5-11B model, which already per-
forms strongly under standard fine-tuning, reason-
ing distillation reduces performance on both expert
and novice test sets, suggesting that reasoning
supervision may be ill-suited for larger models.

4.3. Supervised Contrastive Learning

We next evaluate the impact of integrating an SCL
objective on all our model architectures (Table 4.3).
Each SCL-enhanced model is directly comparable
to its baseline counterpart in Table 4.2.1.

SCL generally improves performance on novice-
labeled test sets for smaller and mid-sized models,
while its effect on very large models is mixed. For
DeBERTa-v3-Base, DeBERTa-v3-Large, and T5-
3B, SCL yields substantial F1 gains on novice data,
whereas T5-11B experiences slight degradation in
this regime. On expert test set, the impact of SCL
is more modest and model-dependent.

On the expert test set, SCL produces small but
noticeable changes. For T5-3B, SCL improves ex-
pert F1 from 0.703 to 0.724 (+2.1 points), along-
side a corresponding 2 point increase in accuracy.
DeBERTa-v3-Base and DeBERTa-v3-Large show
only modest shifts in expert F1 under SCL, remain-
ing close to their respective baselines. In contrast,
T5-11B experiences a clear degradation: expert
F1 decreases from 0.739 to 0.690 (-5 points), and
accuracy falls from 0.732 to 0.686.

On the novice test set, the impact of SCL is con-
siderably larger particularly for smaller and mid-
sized models. For T5-3B, SCL increases novice
F1 from 0.755 to 0.820 (+6.5 points), with accu-
racy rising from 0.747 to 0.800. DeBERTa-v3-Base
and DeBERTa-v3-Large also achieve strong novice
performance under SCL, with F1 scores of 0.726
and 0.756, respectively indicating robustness to
noisy labels compared to their non-SCL baselines.
By contrast, T5-11B exhibits a slight reduction in
novice F1, from 0.814 to 0.803, suggesting that
SCL is less beneficial at this scale in the realistic
inference setting.

These patterns suggest that SCL is especially
beneficial for DeBERTa-v3-Base and T5-3B under
noisy novice supervision, where it yields multi-point
F1 gains and more stable performance. Larger
models such as DeBERTa-v3-Large and T5-11B
exhibit more limited benefits.
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Model Dataset Accuracy F1
DeBERTA-v3-Base Expfart 0.677 0.660
Novice 0.720 0.726
DeBERTa-v3-Large Expfart 0.710 0.703
Novice 0.753 0.756
T5-38 Expfart 0.710 0.724
Novice 0.800 0.820
T5-11B Exp.ert 0.686 0.690
Novice 0.800 0.803

Table 5: Effect of Supervised Contrastive Learning (SCL) on model performance.

Model Dataset Prompt w/o guidelines Prompt w/ guidelines
Accuracy F1 Accuracy F1
GPT5 Expert 0.649 0.647 0.79 0.796
Novice 0.625 0.593 0.749 0.739
GPT-5.2 Exp(.art 0.652 0.644 0.739 0.722
Novice 0.622 0.588 0.749 0.739

Table 6: Zero-shot performance of GPT-5 models with/without guidelines, averaged across 3 runs.

4.4. Zero-shot Performance with GPT-5

Table 4.3 lists zero-shot performances of GPT-5
and GPT-5.2 on both expert and novice test sets.
With the concise prompt from the original paper,
GPT-5 attained an accuracy of 0.649 and an F1
score of 0.647 on the expert set, and 0.625 accu-
racy (F1 0.593) on the novice set. GPT-5.2 per-
formed similarly on both sets, achieving 0.652 ac-
curacy (F1 0.644) for expert data and 0.622 accu-
racy (F1 0.588) for novice data. But introducing
the elaborate guideline-enhanced prompt consis-
tently improved performance for both GPT-5 and
GPT-5.2 across both expert and novice datasets.
GPT-5 achieved an F1 score of 0.796 on the expert
dataset, a 15 point bump compared to the simple
prompt. Notably, for GPT-5, the performance on the
expert-labeled data was higher than on the novice-
labeled data, even surpassing the results of the
newer GPT-5.2 by 7.4 points (F1 0.722 vs 0.796).
This comparison suggests that for zero-shot stage
classification, GPT-5 demonstrated stronger perfor-
mance on expert data with the enhanced prompting
strategy compared to its successor.

4.5. Realignment via ICL

Our final set of experiments assessed whether few-
shot ICL with GPT-5 could realign noisy novice-
labeled data toward expert annotation standards
and hence produce better performance on the ex-
pert test set.

On the expert test set, ICL-based realignment
gave mixed but often positive effects across all ar-
chitectures, particularly in accuracy (Table 4.5). For

DeBERTa-v3-Base, expert F1 increases from 0.675
in the baseline to 0.694, a gain of around 2 points.
T5-3B also shows a modest improvement in expert
F1, rising from 0.703 to 0.718 (+1.5 points), with ac-
curacy increasing from 0.690 to 0.744. Conversely,
DeBERTa-v3-Large experiences a slight decline in
expert F1, from 0.707 to 0.682 (-2.5 points). How-
ever, the accuracy rises by 2 points. T5-11B also
sees a nearly 2 point decrease in F1 score, with the
accuracy slightly increasing from 0.732 to 0.736.

However, the improvements in the expert-set
performance were accompanied by substantial de-
clines in novice test set performance. Most notably,
T5-3B’s accuracy dropped from 0.840 to 0.727 af-
ter ICL realignment (-11.3 points). So, ICL-based
label refinement successfully achieves its stated ob-
jective, improved alignment with expert evaluation
standards using only 40 expertly annotated exem-
plars. This efficiency is operationally valuable for
scenarios where expert evaluation is the primary
validation metric. The reduction in performance
on the novice evaluation set is expected, as the
realigned labels impose stricter expert-style deci-
sion boundaries that differ from the noisier patterns
present in novice annotations.

5. Discussion

Our work addresses three persistent challenges
in fine-grained opioid use stage classification from
social media data: (1) limited high-quality expert an-
notations, (2) semantic overlap across stages, and
(3) the lack of interpretable, reasoning-driven mod-
els suitable for public health applications. Our find-
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Model Dataset Accuracy F1
DeBERTA-v3-Base Expfart 0.734 0.694
Novice 0.647 0.620
DeBERTa-v3-Large Expfart 0.729 0.682
Novice 0.693 0.663
T5-38 Expfart 0.744 0.718
Novice 0.747 0.739
T5-11B Exp.ert 0.736 0.720
Novice 0.713 0.697

Table 7: Performance of models trained on ICL-realigned data.

ings showed that reasoning distillation, supervised
contrastive learning, and ICL-based label realign-
ment, each address different challenges in stage
classification, with distinct benefits depending on
model size and label quality.

5.1.

The reasoning distillation experiments highlight the
importance of explanation format in transferring
knowledge from a larger teacher model into smaller
student architectures. We find that for smaller mod-
els such as T5-3B, both summarized and step-
by-step explanations provide performance gains,
but their effectiveness varies by explanation qual-
ity. Summarized reasoning proves more helpful on
the expert test set, while step-by-step reasoning
provides the largest improvements on the noisier
novice test set. We hypothesize that explicit reason-
ing steps help smaller models disentangle ambigu-
ous decision boundaries by exposing the under-
lying decision-making process, which is valuable
when training labels are noisy. These patterns sug-
gest that detailed reasoning helps a smaller model
handle noisy novice labels by exposing underly-
ing decision patterns, whereas concise rationales
better align with expert decision boundaries.

However, reasoning distillation does not uni-
formly benefit larger models. For T5-11B, both sum-
marized and step-by-step explanations tend to de-
grade performance relative to standard fine-tuning.
Summarized reasoning produces only marginal
changes on the expert set and step-by-step rea-
soning can substantially reduce expert accuracy.
Since larger models such as T5-11B already learn
to infer implicit reasoning patterns during standard
fine-tuning, adding explicit teacher rationales may
over-constrain their learned representations or in-
troduce conflicting supervision signals, leading to
performance degradation. This trade-off suggests
that reasoning augmentation is most effective for
smaller models on noisy data, where the explicit
signal provides genuine benefit.

To illustrate the impact of reasoning-aware su-
pervision, we present a representative example in

Reasoning Distillation

Figure 5 in the Appendix, where the baseline fine-
tuned model fails to predict the correct stage, while
the reasoning-distilled T5-3B model succeeds. In
this instance, the baseline model misclassifies the
post as Addiction, likely due to strong lexical as-
sociations with terms such as “morphine”, “high
dose”, and “high”, which are frequently correlated
with the Addiction class. This behavior indicates a
reliance on surface-level cues rather than a deep
understanding of the user’s behavioral context. In
contrast, the model trained with summarized rea-
soning correctly predicts Misuse. Using rationales
distilled from the DeepSeek-R1 teacher model, the
student model may have internalized the logical dis-
tinctions required for this task. The rationale gener-
ated at inference time demonstrates that the model
prioritizes key factors, such as non-therapeutic in-
tent (seeking a “good buzz”) and limited usage fre-
quency, rather than over-weighting the presence of
high-risk keywords. This example highlights how
reasoning distillation enables the model to cap-
ture subtle distinctions between semantically over-
lapping classes. In particular, it shows that the
approach aligns the model’s decision boundaries
with annotation guidelines by distinguishing intent-
driven, non-therapeutic use (Misuse) from compul-
sive or dependence-driven behavior (Addiction).

5.2. Supervised Contrastive Learning

SCL consistently strengthened the discriminative
capabilities of many models, with the largest ben-
efits observed for smaller to mid-sized architec-
tures particularly on the noisy novice test set. Both
DeBERTa-v3-Base and DeBERTa-v3-Large exhibit
clear novice F1 gains in this setting, indicating that
SCL effectively helps untangle closely related opi-
oid use stages such as Misuse versus Addiction or
Recovery versus Relapse which often exhibit over-
lapping linguistic cues. T5-3B sees the largest rela-
tive improvement on novice data, substantially clos-
ing the performance gap to the T5-11B baseline. In
fact, with SCL, T5-3B slightly surpasses the perfor-
mance of the fine-tuned T5-11B baseline. On the
expert set, SCL produced more modest and model-
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dependent effects; T5-3B and DeBERTa-v3-Base
showed small F1 gains, whereas DeBERTa-v3-
Large was largely unchanged and very large mod-
els (T5-11B) showed a clear performance degra-
dation. Overall, these results indicate that SCL
acts as a noise-robust regularizer that is particu-
larly helpful for moderate-capacity models trained
on noisy novice annotations. The benefits tend
to diminish or even reverse for very large models
whose baselines are already strong, especially on
expert-labeled data.

5.3. Zero-shot Performance with GPT-5

GPT-5 had substantial gains (+15 points in F1 on ex-
pert test set) with the detailed prompt containing full
guidelines provided to human annotators compared
to a brief prompt just listing the class names. It ap-
pears that current frontier LLMs equipped with rea-
soning capabilities are capable of digesting longer
instructions and leverage them in excelling at off-
the-shelf zero-shot tasks. More importantly, the
expert set zero-shot F1 of 0.796 by GPT-5 is al-
most six points above the best supervised F1 of
0.739 by T5-11B. The GPT-5 score was based on
average from three different runs and hence it is un-
likely it's a fluke. Also, we do not suspect any label
leakage from the dataset into GPT-5’s training data
considering the dataset creators did not publicly
release the dataset and we could not find any other
online availability based on Web search. Thus, we
believe this could be a new frontier in the abilities
of frontier LLMs for social media based analytics.

On the flip side, GPT-5 obtained considerable
gains compared against the newer GPT-5.2 model.
This outcome suggests that newer LLM versions
do not always guarantee improved reliability or ac-
curacy across all specialized applications. Without
insight into proprietary training data or architec-
tural changes, explaining these performance dif-
ferences remains challenging. This highlights that
newer LLM iterations may not consistently enhance
or replicate the performance of prior versions on
specific tasks.

5.4. Label Realignment via ICL

The ICL realignment experiments used GPT-5 as
an offline oracle to shift novice-labeled training data
towards expert annotation standards. This is op-
erationally valuable because it avoids the need for
extensive expert annotation to improve label qual-
ity. The relabeled training data improved expert-
set performance for smaller models, specifically
DeBERTa-v3-Base and T5-3B. However, it pro-
duced less consistent improvements for larger mod-
els. T5-11B, for instance, consistently showed
lower F1 compared to its already strong baseline.
As expected, models trained on the realigned la-
bels showed reduced performance on the novice

evaluation set; F1 scores dropped across architec-
tures with significant drops in the T5 models. This
reflects the substantive differences between novice
and expert annotation practices, despite being pro-
vided the same guidelines.

6. Conclusion

This paper provides a comprehensive evaluation of
reasoning distillation, supervised contrastive learn-
ing, and expert-guided ICL realignment for fine-
grained opioid use stage classification using a new
benchmark dataset introduced in 2024. This is the
first effort to attempt and improve upon the results
from the original paper by Yang et al. (2024). Our
results show that each method offers distinct bene-
fits, improving interpretability, latent separability, or
expert alignment depending on model size and the
quality of supervision. In the end, none of our meth-
ods is a silver bullet offering gains across the board
for all model sizes. Surprisingly, zero shot classi-
fication with the GPT-5 model (which already has
inbuilt reasoning) with the full annotation guidelines
as part of the prompt improves over best super-
vised results. Ultimately, method selection should
be driven by the target evaluation, infrastructure,
and operational constraints (e.g., privacy leakage
concerns might rule out API calls to frontier LLMs
in the healthcare domain). Together, our findings
offer practical ideas for building more reliable, in-
terpretable, and expert-aligned public-health NLP
systems under realistic constraints.

7. Limitations

Several limitations warrant consideration. First, rea-
soning distillation depends on the quality of teacher
explanations; alternative teacher models or more
structured prompting strategies may yield further
improvements. Second, while SCL improves class
separability for many models, its interaction with
larger models (e.g., T5-11B) remains less clear,
with diminishing returns on expert data. Third, the
ICL realignment process depends entirely on the
quality of the teacher model used. Moreover, one
methodological consequence of our expert realign-
ment procedure is that the 40 expert-annotated
examples used to construct the ICL demonstration
sets were removed from the original expert test split
to prevent data leakage. As a result, our expert
evaluation set is not identical to that used in Yang
et al. (2024), and direct numerical comparison to
their expert-test results should be interpreted with
caution (just for the ICL results in Table 4.5). With
all our strategies, while improvements on smaller
models are nice, the gains are simply not there or
minimal with larger models such as T5-11B. What
would it take to improve larger models would be
part of our future work.
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A. Appendix

Model Explanation Dataset Accuracy F1
Original Results (Yang et al. 2024)
DeBERTa-v3-Large wo_explanation Expert 0.676 0.657

Novice 0.740 0.744

w_explanation Expert 0.738 0.726

Novice 0.813 0.819

T5-3B wo_explanation Expert 0.635 0.612
Novice 0.727 0.714

w_explanation Expert 0.644 0.655

Novice 0.787 0.773

T5-11B wo_explanation Expert 0.714 0.704
Novice 0.809 0.815

w_explanation Expert 0.766 0.770

Novice 0.840 0.840
Reproduced Results (This Work)

DeBERTa-v3-Base wo_explanation Expert 0.681 0.675
Novice 0.707 0.712

w_explanation Expert 0.674 0.661

Novice 0.733 0.739

DeBERTa-v3-Large wo_explanation Expert 0.708 0.707
Novice 0.727 0.737

w_explanation Expert 0.735 0.739

Novice 0.793 0.800

T5-3B wo_explanation Expert 0.690 0.703
Novice 0.747 0.755

w_explanation Expert 0.738 0.750

Novice 0.840 0.843

T5-11B wo_explanation Expert 0.732 0.739
Novice 0.813 0.814

w_explanation Expert 0.772 0.788

Novice 0.853 0.854

Table 8: Comparison of Original and Reproduced Baseline Results for DeBERTa and T5 Models
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Classify the following post into one of these categories: "Medical Use", "Misuse”, "Addiction",
"Recovery", "Relapse”, "Not Using"

» Medical Use: Medical use is defined as the use of prescription opioids that were prescribed by
a medical professional for the purpose of treating a medical condition.

» Misuse: Misuse is defined as the use of a substance that does not follow medical indications
or prescribed dosing. Substances are commonly used for nontherapeutic purposes to obtain
psychotropic effects (euphoric, sedative, or anxiolytic). Misuse is not restricted to prescription
opioids.

Addiction: Addiction is defined as compulsive opioid use that occurs despite personal harm or
negative consequences. It may involve impaired control and craving, neurobiologic dysfunction,
physical and psychological dependence, and withdrawal.

» Recovery: Recovery is a process of change through which individuals improve their health and
wellness, live a self-directed life, and strive to reach their full potential without using opioids.

* Relapse: Relapse is defined as the return to opioid use after an attempt to quit.

* Not Using: Posts should be labeled 'Not Using’ when they discuss substances other than
opioids, another person’s opioid use, general opioid questions without evidence of personal
use, or irrelevant information.

A reference answer is provided solely to help guide accurate reasoning toward the correct conclusion.
However, the reasoning should not reference or rely on the presence of a reference answer in any
explicit way.

Respond ONLY with a JSON object:

{
"reasoning": "Because ...",
"label": "Recovery"

!

Post:

{text}

Reference Answer:
{label}

Figure 1: The prompt used with DeepSeek R1 to obtain reasoning traces along with the label
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Annotation Guidelines:

» Medical Use: Use of prescription opioids prescribed by a medical professional for a medical
condition.

* Misuse: Use of a substance not following medical indications or prescribed dosing. Includes
non-therapeutic use (e.g., euphoria, sedation). Misuse not restricted to prescription opioids.

+ Addiction: Compulsive opioid use despite harm or negative consequences. Includes impaired
control, craving, dependence, withdrawal.

» Recovery: Process of change where individuals stop using opioids, improve health and wellness,
and live without opioids.

» Relapse: Return to opioid use after an attempt to quit.

* Not Using: Posts about substances other than opioids (e.g., marijuana), another person’s
opioid use, general questions without evidence of personal use, or irrelevant info.

Rules:

1. Output must be in JSON format: label: <one of [Medical Use, Misuse, Addiction, Recovery,
Relapse, Not Using]>, rationale: <exact span(s) of text from the Reddit post that justify the
label>

2. Rationale must be verbatim from the post (no paraphrasing).
3. Use the minimum sufficient span that clearly justifies the label.

Prompt Template:
You are a substance use research expert tasked with labeling Reddit posts about opioid use disorder
(OUD).

{guidelines}

### Few-shot Examples
{examples_str}

#i## Task
Label the following post using the specified JSON output format and
rules:

{post_text}

Figure 2: The prompt used to relabel the posts using GPT-5 with few-shot ICL examples.

Given the following title and text, please identify the appropriate opioid usage category among the
following types: "Medical Use", "Misuse", "Addiction"”, "Recovery", "Relapse”, "Not Using"

{post_text}

Figure 3: The short prompt used with GPT-5 models in the zero-shot setting.
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You are a substance-use research expert tasked with labeling Reddit posts about opioid use disorder
(OUD) into one of the following OUD stages.

» Medical Use: Medical use is defined as the use of prescription opioids that were prescribed by
a medical professional for the purpose of treating a medical condition.

» Misuse: Misuse is defined as the use of a substance that does not follow medical indications
or prescribed dosing. Substances are commonly used for nontherapeutic purposes to obtain
psychotropic effects (euphoric, sedative, or anxiolytic). Misuse is not restricted to prescription
opioids.

+ Addiction: Addiction is defined as compulsive opioid use that occurs despite personal harm or
negative consequences. It may involve impaired control and craving, neurobiologic dysfunction,
physical and psychological dependence, and withdrawal.

» Recovery: Recovery is a process of change through which individuals improve their health and
wellness, live a self-directed life, and strive to reach their full potential without using opioids.

» Relapse: Relapse is defined as the return to opioid use after an attempt to quit.

* Not Using: Posts should be labeled 'Not Using’ when they discuss substances other than
opioids, another person’s opioid use, general opioid questions without evidence of personal
use, or irrelevant information.

#Task

Determine the single OUD stage that describes the author’s current situation at the time of writing.
Choose exactly one: "Medical Use", "Misuse", "Addiction", "Recovery", "Relapse”, "Not Using"

#Answer
Return only the label name on one line.

{post_text}

Figure 4: The guideline-enhanced prompt used with GPT-5 models in zero-shot setting.

Title: Opiates on amitriptyline

Post Text: Is there anybody who uses opiates on amitripty line? | used morphine like three times
when on this drug (I take it for 2.5 months now, | take 60mg every evening) but even though | took
high dose of morphine (on second try | had problems with breathing!) | don’t feel good buzz, no
satisfaction at all. Anyone knows how long do | have to give up the amitriptyline for the opiates to
work? | have problems with sleeping and depression and amitriptyline helps me with it, but | miss
my morphine high and at the moment it feels like waste of money.

Baseline prediction: Addiction

Reasoning-distilled prediction: Misuse. Reasoning: The post discusses using morphine three
times while on amitriptyline. The user is taking high doses of morphine (60mg) to achieve a ‘good
buzz’, indicating non-therapeutic use for psychotropic effects. This aligns with the definition of Misuse,
which involves using substances outside medical indications for purposes like achieving euphoria.

Gold label: Misuse

Figure 5: Example illustrating reasoning leading to correct prediction compared with the baseline T5-3B.
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Model Stage LR Epochs Batch Grad Acc Weight Decay

Baseline 1e-5 15 8 1 -
DeBERTa Base SCL Pretraining 3e-5 50 12 8 -
SCL Finetuning 2e-5 10 8 1 -
Baseline 1e-5 15 8 1 -
DeBERTa Large SCL Pretraining 3e-5 50 12 8 -
SCL Finetuning 2e-5 10 8 1 -
Baseline 1e-4 5 1 8 -
SCL Pretraining 2e-5 50 12 8 -
T5-3B SCL Finetuning 1e-4 5 1 8 0.01
Summarized Reasoning 1e-4 8 1 8 0.001
Step-by-Step 1e-4 15 1 8 0.01
Baseline 5e-5 5 1 8 -
SCL Pretraining 2e-5 50 12 8 -
T5-11B SCL Finetuning 1e-4 10 1 8 0.01
Summarized Reasoning 8e-5 20 1 8 -
Step-by-Step 5e-4 15 1 8 -

Table 9: Hyperparameter configurations for all models and training setups
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