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To leverage the zoning information, we placed the
corresponding zoning label in front of each sentence in an
abstract. The zoning label of each sentence is not golden
label but predicted by HSLN (Jin and Szolovits, 2018).

AbstRCT dataset (token level):
• Neoplasm corpus, only includes abstracts concerning
neoplasm, used for train, development and test.
• Glaucoma corpus only includes abstracts concerning
glaucoma, used for test.
• Mixed corpus includes abstracts concerning five
diseases (neoplasm, glaucoma, hypertension,
hepatitis and diabetes), used for test.
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SciARG dataset (sentence-level). It’s a fine-grained
dataset that contains eleven types of argumentative
components (i.e., proposal, observation).
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Table 1: Statistics of the datasets
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Table 2: Results for sentence-level argument mining. Best
results are highlighted in bold. SLAM is our sentence-level
argument mining model.
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Figure 3: Overview of our model. 𝑡! represents zoning
labels, and 𝑐𝑙𝑠 is the special token [CLS] in SciBERT

RESULT
Heuristic method: Sentences labelled as Background, Objective and Method are classified as nonargumentative sentences, and all the tokens of non-argumentative sentences are all labelled as O (Outside).
Sentences labelled as Result are considered evidences and labelled as Conclusion are classified as claims.
TLAM_Single_{B,O,M,R,C}: The model only exploits a single zoning label, i.e., Background, Objective,
Method, Result and Conclusion respectively.

Objective, Method, Result and Conclusion.
Relevance between zoning and argument:
• Argumentative components mainly exist in the Result
and Conclusion zones,
• premises are more likely to occur in the Result zone，
• claims are more likely to occur in the Conclusion
zone.

Table 3: Results for token-level argument mining. All the reported results are statistically significant. Best results are
highlighted in bold. TLAM is our token-level argument mining model. F1 and f1 stand for macro- and micro-averaged F1scores, respectively. C-F1 and E-F1 stand for macro-averaged F1-scores for claim and evidence, respectively.
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Figure 2: Distribution of argumentative components and zoning
information within the training subset of PubMedRCT dataset.
Zoning labels are predicted labels using a tool named HSLN
(Jin and Szolovits, 2018)

We propose a method leveraging zoning information
for the argumentative component identification and
classification tasks in the biomedical domain.
Specifically, we added the predicted zoning label in
front of each sentence, which is then given as input to
the encoding layer. Experiment results performed at
sentence-level and token-level demonstrate the
effectiveness of utilizing zoning information for the
task of argument mining.
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