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Background & Motivation - Why Causal Language Understanding?

* (ausal reasoning is central to NLP but underexplored in informal

social media text.
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* Existing datasets focus on explicit causality 1n structured domains

(e.g., news, biomedical).

* Social media: messy, implicit, gist-driven — critical for public health,

misinformation, decision-making.

* Gap: lack of datasets that connect detection, classification, extraction,

and gist generation

Dataset - CausalTalk
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* Source: Reddit posts (2020-2024), 43 public health subreddits (COVID-

19, vaccines, lockdowns).

* Size: 239k submissions + 19M comments; 10,120 annotated posts.

* Annotation Tasks:
* Binary causal classification

* Explicit vs. Implicit causality
* Cause—effect span extraction

* Causal gist generation
* Annotations:

* Gold: 1,320 posts (expert consensus)
* Silver: 8,800 posts (GPT-40 + human verification)
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Methodology - Annotation & Benchmark Setup

Annotation Pipeline

+ Gold Annotations (n = 1,320 posts): Evaluation Criterion Score Fleiss’ «
* Five annotators trained in causal linguistics + public health. Causality Accuracy ACCupg = 0902  0.892
* Independent labeling for 4 tasks — disagreements resolved via sixth adjudicator. Causality Type Accuracy ACCgpg = 0.702  0.780
* Outputs: causal classification, explicit/implicit type, span extraction, causal gists. Relevance (Span Extraction) Mean = 4.30 0.839

* Silver Annotations (n = 8,800 posts): Conciseness (Gist Generation) Mean = 4.50 0.864

* Generated by GPT-40 with RBIC.

* Human annotators verified & refined every output; and Dimensions assessed:

1. Causality Accuracy (binary correctness)

2. Type Accuracy (explicit vs. implicit)

3. Span Relevance (5-point Likert)

4. Gist Conciseness & Coherence (5-point Likert)

* High inter-annotator agreement (x = 0.78—0.89 across tasks).

Benchmark Setup

 Task Coverage: (1) Binary causal classification; (2) Explicit vs. implicit detection; (3) Cause—

effect span extraction; (4) Causal gist generation

* Models (Tasks 1-3):

 BERT-base, RoBERTa-base, XLNet-base, DeBERTa-v3, SpanBERT

* Models (Task 4):

e Fine-tuned: T5, FLAN-TS, GPT-2, BART

* Instruction-tuned LLMs: LLaMA-3.2, Gemini 2.0 Flash, DeepSeek-V3, Claude 3.5 Haiku

Main Results & Insights - Benchmark Findings

Dataset Model Precision Recall F1 Score Dataset Model Precision Recall F1 Score Model Type Causal Gist Generation Dataset Model Precision Recall Kl
ROUGE-1 ROUGE-2 ROUGE-L BERTS —
BERT-base 0'760.023 0.74{].[]23 0-75[].024 BERT-base 0.61g.021 0.999.024 0.58p.027 e . L — BER1-base
- : - I'S-basc SK1 [].fizfj'{]_[}lg [].:;:;-’1{]_[].[]5} [].512{]_[}]3 []'.h?[]”_”]ﬁ .I. k {} HE | {} H.; {} H?.
Gold RoBERTa-base = 0.8lgg21  0.80p.020  0.800.021 Gold RoBERTa-base 0.61p019 0.60p020 0.60p021  FLAN-TS-base*  SFT 0.559, 00 0.3540011  0.521p00x  0.7040 012 - loken 940012 U-020014 V940,013
X[ Net-base 0.800021  0.780020  0.800.021 >0 X1 Net-base 0635092 0.625018 0.63p00  CPT2 SFT 0.281p014 0.0890010 0235007  0.3050 016 - Span 0.7Lpms 0689015 0.700.014
DeBERTa-v3*  0.820.021 0.800.021 0.830.022 DeBERTa-v3*  0.680017 0.680015 0.69 015 —onione ST 04%0s 020loow O0A00ws 0520 o . SpanBERT
________ BERT-base 0.81g025 0.79.02¢ 0.800.027  BERT-base  0.66p026 0.650025 0.650027 LlaMA-323g  Zcroshot 0432z 0.2430m7 0400004 0.5320.01 - Token 0840011 0850013  0.840.012
_ RoBERTa-base  0.850.020  0.830.020  0.840.020 RoBERTa-base  0.68p.022 0.660003 0.670.010 = S T - Span 0.750.014  0.730.015  0.740.014
Sllver * . - Sil‘.’er - : ! . : {__1 1 [_ . ot I.Cfﬂ—ﬂhﬂt [].55?{]_[].1“ ﬂ.dlﬁ”_{]] - ﬂ.igsn_{]] 7 “.T ﬁ-:l[]._mm HHH EH’I‘H 'l]H.EE
XLNB[—bﬂSB 0-84(]'[]24 0-82{](]23 083(][]24 XLNﬂl—hﬂHG G-TGHDZI ﬂ-ﬁgﬂﬂlq nﬁgﬂﬂ?l’] J00gic Liemint few-shot [].5*‘15{]_[].1] ”.‘12?{]_[}1.1 ”5?1{][}]] “.?-’15“_”]{] T I{ [} HT {} H?' {} H?‘
DeBERTa-v3T  0.870.025 0.860024 0.870.027 DeBERTa-v3T 0750016 0.740.015 0.740014 DecpSeek V3 zero-shot 05260008 0411p016  0.5680012  0.731p.014 ) SEEEH “-Tqu-mn {}L?T"-"” ”'TH"'{]"]
Seck-V: _— 5370000 0422001 0549%0a 0715001 : T9.013  0.7To012  (.780.013
A +0.05 10.06 +0.04 — DeBERTa-v3t 069 ms  0.700017  0.700.018 il DeBERTa-v3
- . zero-shot [].f’l:if}{]_[}m [].Jl[]‘{]_[}m [].Jﬁf}{]_[}] fi []'.-’lf:rz_."'u_n] T
Claude 3.5 Haiku *
TAHEE 2 few-shot 04230018 0.221g016  0.3660015  0.4750.016 - Token 0.8%.010 089010 0.899.010
Tablel: Performance on Task 1 (Causal Classification) Table 2: Performance on Task 2 (Explicit vs. Ao 1 o AN 10.002 10082 10067 10060 -Span” B 0.82m2  0.80p013 0.81p012
across gold and silver datasets. Results are reported on the  Implicit Causality Classification). Results are mean + “Ll:‘_l:mﬁ'e - - —
respective held-out test sets (20% of each dataset), with standard deviation over five random seeds on the Table 3: Performance on Task 3 (Cause-Effect ) ;E? ”‘T;{"-“” - [_"-"” ”‘?H"-“”
« e . 1 1 - . A1) 5 TREINIF
mean + standard deviation over five random seeds. respective heldout test sets (20% of each dataset). SpanExtraction) between gold and s.1lver standard o anI:_’-EH’l‘ 0014 00k 0014
datasets.Each model is evaluated using both token-level  Silver P
and spanlevel metrics - Token ”.ﬂl"_{]]{] ”.92"_"]1 ”.ﬂl"_{]]{]
' - Span 0.820.mz  0.80pp14  0.81p.m3
RoBERTa-base
L. . . . - Token 0.99m0 095010 0.9 010
1. Implicit Causality Remains Challenging - Span 0.86p.m2 0.840013  0.850.012
o o o o . o o o D HEH’I' - -3
« Models frequently misclassifty implicit cases that lack explicit markers (e.g., because, therefore).Error analysis shows ¢ o
9 9 T
. . . . - Token “.9’5"_“1“ “.95"_“1[. “.9’5"_“1n
difficulty 1n leveraging discourse context and world knowledge. - Spant 0890011 0.875012 0.88001;
2. Span Extraction is Sensitive to Boundaries Aot Token® +0.06 1006  10.06
Agant - Soant +0.07 1007  10.07

* Models 1dentify correct cause/effect tokens but often fail on span boundary precision.Over-extended spans absorb
irrelevant clauses; under-extended spans miss essential modifiers.

3. Silver Data Helps Generalization

* Silver-trained models generalize well even when evaluated on gold test sets (cross-evaluation).Suggests verified silver data

1s a scalable strategy for building causal benchmarks.

Main Results & Insights - Benchmark Findings

Contribution:
Introduced CausalTalk, the first multi-level benchmark for
causal language understanding in informal social media
discourse.

Covers four interconnected tasks: binary classification,
explicit vs. implicit detection, span extraction, and causal
g1st generation.

Combines gold-standard expert annotations with large-scale
silver-standard annotations (GPT-40 + human verification),
achieving both quality and scalability.

Key Findings:
Silver-standard data, once human-verified, 1s highly reliable
and 1improves robustness, especially for implicit causality.

Benchmark results show state-of-the-art models still struggle
with implicit and gist-based causality, highlighting an open
challenge in NLP.

Demonstrates the importance of aligning NLP resources with
human cognitive strategies (fuzzy-trace theory, gist
reasoning).

Future Work

Table 4: Performance of causal gist generation on the
silver-standard dataset. The upper section
includessupervised fine-tuned models (SFT), while the
lower section shows zero-shot and few-shot prompting

results frominstruction-tuned L1 Ms.

Dataset Expansion:
Incorporate multilingual forums (e.g., r/AskEurope, r/mexico) to
capture culturally diverse causal expressions.
Extend beyond Reddit to other platforms for cross-platform causal
discourse analysis.

Annotation Enhancements:
Recruit more demographically diverse annotators to reduce bias.
Develop context-aware annotation tools allowing annotators to

consider surrounding conversation, not just single posts.
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