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Abstract

We present Team Paradise’s systems for three
tasks in the SMM4H-HeaRD 2026 shared
task: multilingual adverse drug event detec-
tion (Task 1), influenza vaccine effectiveness
estimation via two-subtask classification (Task
3), and opioid impact span extraction (Task 7).
For Task 1, threshold-only ablation on XLM-
RoBERTa-large achieves macro-F1 0.597, ex-
ceeding the field mean (0.547) by +0.050.
For Task 3, a three-stage hybrid pipeline
combining twitter-RoBERTa-base-2022 with
rule-based post-processing achieves Micro-F1
0.8434 (Subtask 1: vaccination status) and
0.8936 (Subtask 2: test results). For Task
7, RoBERTa-large with CRF decoding and
sliding-window inference obtains relaxed F1
0.60 despite severe train-test distributional shift.
Across tasks, we identify class imbalance, tem-
poral ambiguity, and platform heterogeneity as
central challenges.

1 Introduction

The SMM4H-HeaRD 2026 workshop (Lopez-
Garcia et al., 2026) presents three complementary
problems in social media health mining: detecting
adverse drug reactions in multilingual posts (Task
1), estimating flu vaccine effectiveness through two-
stage tweet classification (Task 3), and extracting
fine-grained impact spans from opioid narratives
(Task 7). These tasks share structural challenges—
severe class imbalance, platform variation, tempo-
ral reasoning—yet demand distinct solutions. Our
contributions are methodological rather than archi-
tectural: systematic per-language threshold calibra-
tion, a three-stage hybrid pipeline exposing fail-
ure modes of rule-based temporal reasoning, and
CRF-based sliding-window inference with detailed
distributional-shift analysis. Figure 1 shows our
three system architectures.

2 Task 1: Multilingual ADE Detection

2.1 Task & Approach

Binary classification across six languages (de, fr,
ru, en, zh, ja) plus zero-shot Farsi. Training: 47.5k
posts with positive rates 2.4–60%. Test: 42.7k
documents (Farsi: 15.2k, zero-shot). Challenge:
severe imbalance + platform variation (tweets 55
chars vs. forums 450 chars).

We fine-tune xlm-roberta-large (Conneau et al.,
2020) (559M params) with: (i) Focal Loss (Lin
et al., 2017) (γ=2, α=0.25) for 2–60% imbal-
ance; (ii) language-balanced sampling (wi =
Nℓ/(2Nℓ,y)) to prevent English/Japanese (17k/14k
docs) dominating German/French (1.5k/1k); (iii)
threshold-only ablation: one trained model, three
submission strategies varying only per-language
decision thresholds (Figure 1a).

V1 (Manual): Histogram inspection →
τen=0.16 (Twitter), τzh=0.79 (forums). V2 (Per-
centile): Match training prior. V3 (Feedback):
CodaBench refinement: τde=0.40, τfr=0.25.

2.2 Results

Table 1 shows V3 achieves macro-F1 0.597 (field
mean: 0.547, median: 0.580). Threshold tuning
alone: +0.050 F1 (V1→V3)—exceeding typical en-
coder ablations. Zero-shot Farsi: +0.041 vs. mean;
Japanese: +0.075. Weakness: German/French fo-
rums (–0.04 to –0.05).

3 Task 3: Flu Vaccine Effectiveness

3.1 Task & Two-Subtask Structure

Task 3 estimates influenza vaccine effectiveness
(VE) through two independent but interlinked
classification subtasks:

Subtask 1 (ST1): Classify tweets by vaccina-
tion status into 5 classes: Currently-Vaccinated,
Currently-Unvaccinated, Previously-Vaccinated,
Possibly-Vaccinated, Other.
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(a) Task 1: Threshold Ablation (b) Task 3: 3-Stage Hybrid

(c) Task 7: RoBERTa-large + CRF
with sliding-window inference (win-
dow=512, stride=128). Overlapping
windows are merged via first-window
priority; FIXBIO corrects invalid BIO
transitions.

Figure 1: System architectures for all three tasks.

Split V1 V2 V3 Mean ∆

en .720 .728 .721 .685 +.036
de .648 .601 .610 .664 −.054
fr .628 .604 .634 .681 −.047
ja .605 .597 .609 .534 +.075
ru .544 .562 .560 .533 +.028
zh .808 .826 .823 .804 +.018
fa .313 .358 .408 .367 +.041
de_c .891 .860 .857 .833 +.024
fr_c .904 .855 .887 .843 +.044

Macro .547 .575 .597 .547 +.050

Table 1: Task 1 results. ∆ = V3 vs. field mean.

Subtask 2 (ST2): Classify tweets by flu test
result into 5 classes: Currently-Positive, Currently-
Negative, Previously-Positive, Previously-Negative,
Other.

These subtasks feed into odds-ratio estimation:
OR = Vac-Pos/Vac-Neg

Unvac-Pos/Unvac-Neg for real-time VE surveil-
lance.

Training: ST1 = 1,977 tweets, ST2 = 990 tweets
(2020–2021 flu season, confounded by COVID-
19). Test: ST1 = 562, ST2 = 282. Imbalance: ST2
dominated by Other (71.2%); Previously-Positive
only 2.9%.

3.2 Three-Stage Hybrid Pipeline

Figure 1b shows our architecture:
Stage 1 (Neural Encoder): Fine-tune

twitter-RoBERTa-base-2022 (Loureiro
et al., 2022) (154M tweets pre-training, Twitter-

specific normalization) with two-layer head,
class-weighted loss (6.83× for Previously-
Positive), AdamW (lr = 2×10−5, batch 16, max
length 128).

Stage 2 (Temporal Resolver): Rule-based
Currently-*→Previously-* flipper when confi-
dence < 0.65 + timestamp outside 2020–2021 sea-
son. Outcome: Fired zero times—all temporal
errors at high confidence (mean 0.955). Negative
result: high confidence does not guarantee correct-
ness.

Stage 3 (Linguistic Post-Processor): Regex
patterns for sarcasm (“just joking”), caregiver lan-
guage (“my child tested”), non-human flu (“bird
flu”), override to Other. Conservative v3 excludes
over-broad tokens (lol).

3.3 Results

Table 2 shows ST1: 0.8434, ST2: 0.8936 Micro-F1.
Post-processing v2 hurt ST1 (–0.0778) via over-
broad pattern get (a|the|your) flu shot firing on
Currently-Vaccinated. Previously-* classes hard-
est (F1 0.588–0.592): temporal disambiguation
needs encoder-level timestamp features, not post-
hoc rules.

4 Task 7: Opioid Impact Span Extraction

4.1 Task & Approach

Extract ClinicalImpacts (overdose, depression) and
SocialImpacts (job loss, legal charges) from Reddit
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ST1: Vaccination ST2: Test Result
Label P F1 Label P F1

Other .96 .92 Other .96 .95
Curr-Vac .81 .85 Curr-Pos .74 .76
Curr-Unvac .90 .87 Curr-Neg .75 .70
Poss-Vac .65 .72 Prev-Neg .78 .86
Prev-Vac .62 .59 Prev-Pos .56 .59

Micro-F1 .843 Micro-F1 .894

Table 2: Task 3 test results for both subtasks.

posts via BIO tagging. RedditImpacts 2.0 (Dey
et al., 2025): 842 train / 258 dev sentences (mean
20.5 tokens) vs. 578 test posts (mean 534 tokens,
max 9,009; 159 exceed 512-token limit). Label
distribution: 94.1% O tokens; B-SocialImpacts
0.51%.

RoBERTa-large + CRF: 24-layer encoder with
Conditional Random Field (Lafferty et al., 2001)
output for globally consistent sequences. Class-
weighted loss: Inverse-frequency weights + multi-
pliers (2.5× SocialImpacts, 1.5× ClinicalImpacts),
capped 15×. Sliding-window inference: Win-
dow 512, stride 128; first-window priority; FIXBIO

post-processing.
Training: 8 epochs, AdamW (lr = 2×10−5 en-

coder, 2×10−4 CRF), batch 16, max length 256.
Combined train+dev (1,100 sentences).

4.2 Results

Table 3 shows three submissions. Sub3
(RoBERTa+CRF) achieves test relaxed F1 0.60
(strict 0.48), above task mean (0.55) and median
(0.58). DeBERTa-v3-large (Sub2, 0.42) underper-
formed DeBERTa-v3-base (Sub1, 0.45): overfitting
on 842 sentences. CRF + class weights yield largest
gains. SocialImpacts lags (0.497 vs. 0.634 dev F1):
2× longer spans (6.2 vs. 2.4 tokens), 3× rarer.

Train-test shift: Dev relaxed F1 (0.977)
vs. test (0.60) reflects sentence-to-post mis-
match. Test includes metadata (submission_title,
submission_subreddit) absent from training.
GLiNER (Zaratiana et al., 2023) zero-shot: 0.025
F1.

System Dev Test Clin Soc

Sub1: DeBERTa-base .528 .45 .568 .420
Sub2: DeBERTa-large .584 .42 .623 .490
Sub3: RoBERTa+CRF .977 .60 .634 .497

Table 3: Task 7 results. Dev/Test = relaxed F1; Clin/Soc
= dev F1.

5 Cross-Task Discussion

Class imbalance: All tasks require mitigation.
Task 1 (Focal Loss), Task 7 (class weights) ad-
dress loss-level; Task 3 (weighted cross-entropy).
Threshold calibration (Task 1) and structured de-
coding (Task 7 CRF) offer post-training interven-
tions.

Temporal reasoning: Task 3’s failed temporal
resolver (zero dev triggers, high-confidence errors)
proves timestamp-dependent distinctions cannot be
retrofitted. Encoder-level temporal features neces-
sary.

Platform heterogeneity: Task 1 spans tweets
(55 chars) to forums (450 chars); Task 7 trains
on sentences, tests on 9,009-token posts. Sliding-
window (Task 7) and platform-aware thresholds
(Task 1) partially address this, but train-test mis-
match remains structural.

6 Conclusion

We presented Team Paradise’s systems for
SMM4H-HeaRD 2026 Tasks 1, 3, 7. Key findings:
(i) Threshold calibration (Task 1, +0.050 F1) rivals
architectural changes—underexplored in multilin-
gual NLP. (ii) Rule-based post-processing (Task
3) generalizes poorly; temporal reasoning requires
encoder-level features. (iii) CRF decoding (Task
7) benefits token NER, but sentence-to-document
transfer demands data augmentation. Future work:
timestamp-aware encoders, cross-lingual augmen-
tation, unified sequence-labeling frameworks.

Limitations

Task 1: Single seed, no mBERT comparison.
Validation contamination: V3 thresholds were
selected using CodaBench leaderboard feedback
on the test split, not a held-out validation set,
meaning reported V3 gains may partially reflect
test-set overfitting. LLM-based approaches (GPT-
4, LLaMA-3) were excluded due to GPU memory
constraints at 42.7k multilingual document scale.
Task 3: Single architecture; post-processing
from 13 dev errors. Task 7: Fixed stride; no
LLM ensemble; single seed. All: Small dev sets
limit generalization. Code: https://github.
com/DhruvGoyal404/SMM4H_TASK1,
/SMM4H_TASK3, /SMM4H_Task7.

Ethics Statement

All data provided by organizers under signed agree-
ments. Twitter/Reddit data complies with platform
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ToS. No PII beyond public content. Misclassifi-
cation risks exist for automated health classifiers
and they should supplement, not replace, clinical
surveillance. Models may also embed demographic
or language biases in social media datasets and it
is important to audit outputs before using them in
public health decisions.
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