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Abstract
Accurate identification of explicit discourse connectives is crucial for analysing discourse relations, which supports
NLP tasks such as summarisation and question answering. However, annotation inconsistencies remain a challenge,
particularly for ambiguous prepositions with both discourse and non-discourse usages. This paper presents a
pipeline that leverages large language model (LLM) prompting, cross-model agreement, and syntactic pattern
analysis to detect likely under-annotated connectives. Evaluated on four prepositions (by, with, without, and for), the
approach effectively identifies likely under-annotations for some, but not all prepositions. Results show that while the
method is promising, its generalisability depends on improved prompt design, model choice, and syntactic analysis
tools. The findings highlight both the potential and limitations of LLM-based approaches for corpus error detection
and demonstrate how improved discourse annotation can contribute to more reliable data for downstream NLP tasks.
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1. Introduction

The Penn Discourse Treebank (PDTB) (Prasad
et al., 2008, 2019) is the largest English corpus
annotated with discourse relations, in which re-
lations are marked between text spans linked by
discourse connectives (Webber et al., 2019; Pitler
and Nenkova, 2009). ldentifying these relations
is important for downstream NLP tasks such as
summarisation, question answering, and text gen-
eration (Scholman et al., 2021; Atwell et al., 2021).
A critical step in discourse annotation and pars-
ing is correctly detecting explicit discourse connec-
tives—lexical items that directly signal relations be-
tween clauses or sentences. For example, in “He
was fined for he had violated the safety regulations,”
the preposition for functions as a discourse con-
nective signaling a causal relation.

Most previous discourse parsing research has
relied on PDTB-2 for model training and evalua-
tion (Pitler and Nenkova, 2009; Lin et al., 2014).
Despite PDTB-3’s expanded connective coverage
and refined annotation guidelines (Webber et al.,
2019), few studies have re-examined its explicit
connective annotations. Recent work has instead
focused on implicit discourse relations, which are
more challenging to detect. As a result, the quality
and consistency of explicit discourse connective an-
notations in PDTB-3 remain under-explored, partic-
ularly for prepositions that had not been annotated
in the PDTB-2 as connectives.

Meanwhile, large language models (LLMs) have
grown rapidly in scale and capability, thanks to ad-
vances in training data, algorithms, and hardware.
Prompting has emerged as a popular way to guide
LLMs in performing NLP tasks without requiring any

weight updates, by providing carefully designed
instructions and examples directly in the prompt
(Dong et al., 2024). This capability makes them
promising tools for assisting in annotation error de-
tection in corpus.

In this study, we propose an LLM-based pipeline
to identify potentially under-annotated explicit dis-
course connectives in PDTB-3, focusing on four
prepositions—by, with, without, and for—which
are especially prone to ambiguity between dis-
course and non-discourse usage. The pipeline
combines prompt-based LLM classification, cross-
model agreement analysis, and syntactic pattern
analysis using Penn Treebank (PTB) features to
narrow down high-confidence candidate instances
for annotation review.

This work aims to evaluate whether LLMs can ef-
fectively detect under-annotated explicit discourse
connectives and assist in improving corpus con-
sistency. By providing a semi-automatic approach
to highlight likely annotation gaps, the proposed
method offers a practical step toward improving
annotation reliability and supporting future parser
development.

2. Background and Related Work

2.1. Discourse Connectives

Discourse connectives signal relationships be-
tween textual units such as clauses or sentences,
contributing to discourse coherence and interpreta-
tion (Rouchota, 1996). These expressions can be
explicit, as in because, however, or for example, or
implicit, where the relation must be inferred from
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context (Pitler et al., 2009). This study focuses on
explicit connectives, particularly prepositions such
as by, with, without, and for, whose syntactic and
semantic flexibility makes them prone to annotation
inconsistency.

A key challenge lies in distinguishing discourse
from non-discourse usage. As noted by Pitler and
Nenkova (2009), a common ambiguity occurs when
a connective word can be used in both discourse
and non-discourse contexts. For example, in the
discourse usage shown in Table 1, by functions as a
connective indicating a causal relationship between
two clauses. However, in the non-discourse usage
shown in Table 1, by does not link two discourse
segments but instead operates within a clause to
convey temporal information.

Pitler and Nenkova (2009) demonstrated that
such ambiguity can be partially resolved using syn-
tactic cues from the Penn Treebank (PTB) (Marcus
et al., 1993). In particular, the parent and right sib-
ling categories of the connective node are highly
informative: a connective is more likely to be used
in a discourse function when its right sibling in the
parse tree is a clausal structure.

Usage Example

Discourse By pressuring taxi and bus drivers

usage who needed licenses, he gained a
ready cache of information.

Non- By 1997, almost all remaining uses

discourse of cancer-causing asbestos will be

usage outlawed.

Table 1: Examples of discourse and non-discourse
usage of the explicit discourse connective by.

2.2. The Penn Discourse Treebank

The Penn Discourse Treebank (PDTB) (Prasad
et al., 2008, 2019) provides large-scale manual
annotation of discourse relations over Wall Street
Journal articles. The 2.0 version (PDTB-2) (Prasad
et al., 2008), released in 2008, contains 18,459
instances of explicitly annotated discourse con-
nectives (Pitler and Nenkova, 2009; Prasad et al.,
2017). Building upon PDTB-2, the 2019 release of
PDTB-3 (Prasad et al., 2019) expanded coverage
to 24,240 explicit connectives and introduced new
connective types, finer-grained sense labels, and
improved annotation consistency (Webber et al.,
2019).

A key addition in PDTB-3 is the inclusion of
subordinators to improve the annotation of intra-
sentential discourse relations—specifically, when
the connective is fully contained within the span of
a top-level S-node in the Penn Treebank (Webber

et al., 2019). As a result, prepositions such as de-
spite, for, by or in are only considered subordinators
when they introduce a clause. This introduces chal-
lenges for annotation accuracy due to the discourse
and non-discourse ambiguity of such prepositions,
as illustrated in the example in Table 1.

2.3. Detecting Annotation Errors in NLP
Corpora

Human-annotated corpora serve as training and
evaluation benchmarks across NLP, yet they in-
evitably contain label noise and omissions due to
annotator subjectivity, linguistic ambiguity, and task
complexity (Plank, 2022).

A growing body of research has proposed auto-
mated methods to detect such errors. Swayamdipta
et al. (2020) proposed a model-based diagnostic
tool, Data Maps, which helps identify mislabeled or
ambiguous examples that are difficult for models to
learn effectively. Northcutt et al. (2021) introduced
Confidence Learning, a framework for identifying
label errors in classification datasets by estimating
the joint distribution of noisy observed labels and
latent true labels. A broader comparison by Klie
et al. (2023) across various NLP tasks showed that
these methods remain sensitive to dataset proper-
ties and are less reliable for tasks requiring deeper
syntactic or semantic reasoning.

These studies target sentence-level classifica-
tion or sequence labeling. In contrast, discourse
annotation involves more complex interactions be-
tween syntax and semantics, making manual re-
view costly and time-consuming. This motivates
exploring methods that can assist annotators in sys-
tematically detecting possible under-annotation.

2.4. Prompting with Large Language
Models (LLMs)

Recent advances in large language models (LLMs)
have opened new possibilities for semi-automatic
annotation error detection. Prompting allows mod-
els to perform classification or reasoning tasks us-
ing natural language instructions and examples,
without fine-tuning (Brown et al., 2020; Dong et al.,
2024). Different prompting strategies have been
proposed to improve reliability and interpretability.
Wei et al. (2022) introduce Chain-of-Thought (CoT)
prompting which encourages models to generate
step-by-step reasoning, while Rubin et al. (2022)
trained a dense retriever to identify and rank can-
didate demonstrations based on their likelihood of
improving output performance.

LLMs’ capacity to reason about syntax and se-
mantics makes them promising tools for identifying
annotation inconsistencies. However, they are also
sensitive to prompt phrasing and example choice
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(Mizrahi et al., 2024). Furthermore, they may pro-
duce hallucinated or inconsistent outputs, includ-
ing “faithfulness hallucination” where the answer
contradicts the input and "factuality hallucination”
where the answer is not able to be verified from
reliable sources. Despite these limitations, LLMs
offer an efficient and interpretable way to highlight
potentially inconsistent annotations that can later
be verified by human experts.

2.5. Research Motivation

Building on these strands of work, this study inves-
tigates whether LLM prompting can support error
detection in discourse-annotated corpora, focusing
on a subset of ambiguous prepositions in PDTB-3.
We propose a pipeline that combines prompt-based
classification, model agreement analysis, and syn-
tactic pattern extraction from PTB parses to identify
potential under-annotated explicit discourse con-
nectives. By automating part of the error discovery
process, this approach aims to improve annotation
consistency and, consequently, enhance the relia-
bility of discourse resources used in downstream
NLP tasks.

3. Methodology
3.1.

This study examines four prepositions—by, with,
without, and for—which were newly annotated
as discourse connectives in PDTB-3. In the
corpus, these prepositions were annotated only
when aligned with PropBank argument structures
(Webber et al., 2019), resulting in limited cover-
age. Using GPT-40 and LLaMA-3-70B, we ap-
ply a prompting-based pipeline to identify poten-
tial under-annotated instances, combining cross-
model agreement and syntactic pattern analysis to
enhance reliability.

Each preposition is evaluated separately be-
cause their frequency, syntactic roles, and likeli-
hood of signalling discourse relations differ substan-
tially (Taboada, 2006). In addition, prompt effec-
tiveness can vary with minor phrasing differences
(Mizrahi et al., 2024), making per-preposition opti-
misation necessary.

The experimental pipeline (Figure 1) proceeds
in multiple stages. First, a prompt evaluation is
conducted for each preposition using 40 manually
selected PDTB-3 examples (20 annotated, 20 unan-
notated) to compare prompt templates and identify
the best configuration for each model.

Next, the better-performing model-prompt combi-
nation is applied to all corpus instances of the target
preposition to generate predictions. Cases where
model output disagrees with the gold annotation
are then re-evaluated by the second model using

Experimental Pipeline

Model
Agreement
Analysis

Prompt
Designing
& Testing

Full-Scale
Experiment

Syntactic Pattern
Analysis

« Test multiple prompts
on 40 examples per
preposition.

« Re-test flagged cases
with the second model
using its best prompt.

« Retain only instances

« Apply stronger model
+ prompt to all data

+ Use Penn Treebank
parses to find patterns
and filter unlikely

« Flag instances where
cases.

+ Test on both models model output disagrees where both models
and pick best for each with PDTB-3 agree on the positive
model. annotation label.

Figure 1: Pipeline for identifying potential under-
annotations in PDTB-3.

Preposition Annotated Total Annotated
Instances Instances (%)

by 435 5,626 7.73

with 297 5,327 5.58

without 94 348 27.01

for 60 10,097 0.59

Table 2: Annotated instances of four prepositions
in the PDTB-3 corpus.

its own optimal prompt to assess model agreement.
High-agreement instances are treated as stronger
candidates for potential under-annotation.

Finally, syntactic pattern analysis is applied to
the full set of extracted instances. By examining
features such as the parent and right sibling cat-
egories from the PTB parse trees, we investigate
whether certain syntactic configurations are sys-
tematically associated with discourse use. These
structural cues serve to validate model predictions
and filter out unlikely candidates.

3.2. Data Preparation

The selection of the four prepositions (by, with, with-
out, and for) is based on the number of annotated
instances in PDTB-3, as shown in Table 2. These
four are prepositions with a relatively higher number
of annotations, as they are more likely to function
as discourse connectives in the PTB texts. Addi-
tionally, prompting benefits from having multiple
positive examples, making prepositions with more
annotated cases more suitable for prompt-based
experimentation.

The Penn Treebank (PTB) comprises 25 sections
(Section 0 to Section 24), each containing multiple
text files. For each target preposition, we extract all
sentences from these files that contain either anno-
tated or unannotated instances of that preposition.
In the extracted sentences, the target preposition
is marked with square brackets (e.g., [with]).

Sentences with multiple occurrences of the target
preposition are split into separate instances, each
containing only one bracketed occurrence. Prepo-
sitions that appear as part of multi-word discourse
connectives (e.g., for example) are excluded, as
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these are annotated differently in PDTB-3 and are
not the focus of this study. Figure 2 shows exam-
ples of how the preprocessing is performed.

The plan calls for closing at least nine The plan calls [for] closing at least nine
plants and eliminating about 3,600 jobs. plants and eliminating about 3,600 jobs.

Campbell said Mr. McGovern had withdrawn
his name as a candidate [for] re-election as a

5 3 director at the annual shareholder meeting,
Qampbell said Mr. McGovem had W|fhdrawn scheduled for Nov. 17.
his name as a candidate for re-election as a

director at the annual shareholder meeting,
scheduled for Nov. 17. Campbell said Mr. McGovern had withdrawn

his name as a candidate for re-election as a

director at the annual shareholder meeting,
scheduled [for] Nov. 17.

Apple Il owners, for example, had to use
their televisionsets as screens and stored ——>
data on audiocassettes.

X Not included as an instance.

Figure 2: The figure illustrates the text preprocess-
ing workflow, including marking, splitting and ex-
cluding of preposition instances.

3.3. Models

This study employs OpenAl's GPT-40 (OpenAl,
2023) and Meta’s LLaMA-3-70B (Touvron et al.,
2024) for prompt-based discourse connective clas-
sification. GPT-40 was accessed through the Uni-
versity of Edinburgh’s Edinburgh Language Models
(ELM) platform, which provides API access to Ope-
nAl models under a fixed usage quota.! LLaMA-3-
70B was accessed via the Groq API (Inc., 2024).

Both models were selected for their strong perfor-
mance in few-shot and general NLP tasks without
fine-tuning (Grattafiori et al., 2024; Shahriar et al.,
2024). The 70B variant of LLaMA-3 was chosen for
its balance between computational efficiency and
representational capacity.

Prompts were issued as plain text with a temper-
ature of 1.0, balancing determinism and response
diversity. A consistent system prompt was used
across all experiments: “You are a linguist who al-
ways provides the correct answer as succinctly as
possible. Answer precisely and avoid unnecessary
elaboration.” This instruction encouraged concise
and linguistically grounded responses while con-
trolling for verbosity.

3.4. Evaluation Metrics

When detecting errors in a human-annotated cor-
pus—especially for identifying discourse usages
of prepositions, which more often serve non-
discourse functions—the data is typically highly im-
balanced, with far more correct than incorrect labels
(Klie et al., 2023). To address this, we use precision,

'Unlike LLaMA-3-70B, which was accessed via the
Groq API at no cost, GPT-40 usage through ELM is sub-
ject to a fixed allocation limit, influencing design decisions
in this study.

recall and F1 score as evaluation metrics to bet-
ter assess model and prompt performance under
such imbalance. A high recall indicates the model’s
ability to recover existing annotations, which we as-
sume are mostly correct. On the other hand, low
precision may suggest either that the model suc-
cessfully detects under-annotated discourse con-
nectives, or that it tends to over-predict positive
cases. The F1 score provides a unified measure
that balances precision and recall, making it partic-
ularly useful for evaluating performance on imbal-
anced data.

3.5. Prompt Design and Testing

We acknowledge that LLM performance is often
sensitive to prompt formulation. Rather than con-
ducting an extensive prompt search, we intention-
ally limited our design to three structured templates
that vary in the amount and type of linguistic infor-
mation provided. This controlled variation allows us
to examine how additional explanatory and contex-
tual cues influence model behaviour, while reducing
the risk of overfitting results to highly specialised
prompts.

We designed three prompt templates—Basic
Prompt, Explanation Prompt, and Contextualised
Explanation Prompt—shown in Figure 3. Each
template includes a task description followed by
k example sentences presented in random order.
Due to computational constraints,? k was set to 4,
balancing two positive and two negative examples
to minimise token use. The final input to the model
combines the selected template and the query sen-
tence.

The Basic Prompt uses a standard few-shot for-
mat, pairing an instruction with a small set of exam-
ples. Few-shot prompting allows LLMs to infer task
patterns from limited demonstrations (Brown et al.,
2020; Dong et al., 2024).

The Explanation Prompt and Contextualised Ex-
planation Prompt adapt the idea of chain-of-thought
prompting (Wei et al., 2022), embedding short ex-
planations within each example to show how a
preposition functions as a discourse connective.
For positive examples, we highlight the linked ar-
guments and discourse sense; for negatives, we
briefly explain why the instance is not annotated as
a discourse connective. The task description also
asks the model to provide a short justification for
its prediction.

The Contextualised Explanation Prompt extends
this by adding linguistic context from the PDTB-3
annotation guidelines (Webber et al., 2019), includ-
ing the instruction: “A preposition should only be

2GPT-40 was accessed via the University of Edin-
burgh’s Edinburgh Language Models (ELM) platform,
which provides a fixed API quota.
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annotated as an explicit discourse connective if it
takes a clausal complement.” A concise definition
of clausal complement is included to ensure clarity.

Examples were manually selected to maximise
syntactic and positional diversity. For positive ex-
amples, we also ensured coverage of different dis-
course senses, capturing the range of relations that
connectives may express.

Template 1 - Basic Prompt

Task Description: Classify whether the token [with] in the
sentence functions as an explicit discourse connective. Answer
"Yes" or "No".

} Instruction
} Positive Example

} Negative Example

Here are the examples:

Sentence: [With] the market overbuilt, builders are finding limited
opportunities and increased risks.

Answer: Yes

Template 2 - Explanation Prompt

/Task Description: Classify whether the token [with] in the semea
functions as an explicit discourse connective. Provide the answer

and explain the reasoning.

Here are the examples:
Sentence: [With] the market overbuilt, builders are finding limited
opportunities and increased risks.
Answer: Yes, because with serve as a discourse connective
Positive Example
} Explanation

signaling a Contingency.Cause.Reason relationship between the two
arguments: "builders are finding limited opportunities and increased
risks" and "the market overbuilt".

Negative Example

because in this sentence, the preposition with does not
4 Explanation

take a clausal complement or establish a logical or causal
\relallonsh\p between different parts of the text.
3-C i ion Prompt

Task Description: Classify whether the token [with] in the sent%
functions as an explicit discourse connective. A preposition should }

only be annotated as an explicit discourse connective if it takes a .
Definition and

clausal complement. A clausal complement is any complement that A e
Linguistic Context

contains a subject and a predicate, including gerund clauses
Provide the answer and explain the reasoning.

Here are the examples:

Sentence: [With] the market overbuilt, builders are finding limited
opportunities and increased risks.

Answer: Yes, because with serve as a discourse connective
signaling a Contingency. Cause.Reason relationship between the
two arguments: "builders are finding limited opportunities and
increased risks" and "the market overbuilt"

& /

Figure 3: The three prompt templates used in this
study.

All templates were tested in both zero-shot and
few-shot conditions with GPT-40 and LLaMA-3-70B
across four prepositions. Zero-shot tests assessed
whether enhanced task descriptions alone could
guide model behaviour, following the rationale of
Reynolds and McDonell (2021) that well-formulated
instructions may outperform few-shot examples for
certain tasks.

Table 3 shows the best-performing configura-
tions. GPT-40 generally outperformed LLaMA-3-
70B, though optimal prompts varied across prepo-
sitions. All selected configurations used few-shot
prompts, confirming that in-context examples con-
sistently improve classification of discourse con-
nectives.

While the Contextualised Explanation Prompt of-
fers the richest linguistic cues, it was not always op-
timal—more complex prompts sometimes reduced
precision. Performance for for was weakest across
models, likely due to its low annotation rate (0.59%,

Best
Prep. Model Prompt P R F1
b GPT Ctx. Expl. 0.87 1.00 0.93
y LLaMA  Expl. 0.73 0.95 0.83
without GPT Ctx. Expl. 0.72 0.90 0.80
LLaMA Cix. Expl. 059 1.00 0.74
with GPT Expl. 0.76 0.95 0.84
LLaMA  Expl. 0.67 1.00 0.80
for GPT Basic 0.67 0.80 0.73
LLaMA Ctx. Expl. 058 0.75 0.65

Note. GPT = GPT-40; LLaMA = LLaMA-3-70B; Expl. =
Explanation; Ctx. Expl. = Contextualised Explanation; P
= Precision; R = Recall.

Table 3: Best-performing prompt type and corre-
sponding scores for each preposition and model.
All prompts are few-shot.

see Table 2), which produces highly imbalanced
training data and a less consistent contextual pat-
terns (Reynolds and McDonell, 2021).

LLaMA-3-70B exhibited more frequent overgen-
eralisation, generating higher false-positive rates.
However, model agreement between GPT-40 and
LLaMA-3-70B improved reliability: instances jointly
identified as positive were typically strong candi-
dates for true discourse usage.

3.6. Full-Scale Experiment

Based on the prompt evaluation results, we found
that GPT-40 consistently achieved the best perfor-
mance across all four prepositions. Consequently,
we conducted full-scale experiments using GPT-40,
employing the best-performing prompt configura-
tion for each preposition, as shown in Table 3.

We report precision, recall, and F1 score to eval-
uate the model’s performance. Recall serves as
the primary indicator of whether GPT-40 can reli-
ably identify discourse usage, while precision and
F1 score provide further insight into the quality and
balance of the predictions. These metrics offer a
foundational assessment of performance; we com-
plement this quantitative evaluation with qualitative
analyses of false positives, to better understand
the model’s predictions and the possibility of under-
annotation in PDTB-3.

3.7. Model Agreement Analysis

Recent studies have proposed using LLMs as eval-
uation tools (Chang et al., 2024). One approach
uses a separate LLM to evaluate the outputs of a pri-
mary model (Zheng et al., 2023). Another, like LLM-
EVAL, proposes a unified prompt-based framework
for multi-dimensional evaluation in open-domain
conversations (Lin and Chen, 2023). Inspired by
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this perspective, we adopt a second LLM as ad-
ditional classifier to assess a subset of instances
flagged as potential errors by the first model.

We compute the consensus rate, defined as the
proportion of positive predictions from one model
that are confirmed by the other. To further estimate
precision, we also perform manual inspection on
random samples of these consensus cases.

In preliminary analyses, we observed that both
models frequently flagged overlapping instances as
potential under-annotated connectives, suggesting
that they capture similar high-confidence signals.
At the same time, due to the inherent ambiguity of
prepositions such as by, with, without, and for, the
two models often diverged in their complete lists
of potential errors. Such divergence appears to
reflect task-level ambiguity rather than consistent
bias in either model. To obtain a conservative and
transparent filtering mechanism, we therefore priori-
tise instances on which both models agree, treating
cross-model consensus as a high-confidence indi-
cator for manual validation.

3.8. Syntactic Pattern Analysis

Previous research has shown that the parent cate-
gory and right sibling category in a parse tree are in-
formative for determining whether a word functions
as a discourse connective (Pitler and Nenkova,
2009; Ibn Faiz and Mercer, 2013). In this study,
we extract these two features for the prepositions
from Penn Treebank (PTB) parse trees. They are
later used to identify patterns associated with dis-
course usage and to filter out unlikely cases from
the candidate set.

The syntactic pattern filtering stage is designed
as a precision-enhancement layer rather than a
core detection component. The primary identifi-
cation of potential under-annotated connectives is
performed by the LLM-based classification stage,
which operates independently of syntactic parses.
The use of PTB parse trees in this work is motivated
by their close alignment with the PDTB annotation
framework, facilitating direct structural comparison.
However, the overall framework is not inherently
tied to PTB constituency parses; adapting the filter-
ing stage to alternative syntactic resources, such as
dependency parses or other high-quality parsers,
would be straightforward in principle.

4. Results and Discussion

41.

The results of the full-scale experiments are sum-
marised in Table 4. Overall performance declines
compared to the earlier small-scale experiment,
as reflected by lower recall and F1 scores, which
is expected given the larger task scale. GPT-40,

Overall Performance

Prep. Prec. Rec. F1 Count (Ann./Tot.)
by 0.70 0.92 0.80 435/5,626
with 0.33 0.91  0.49 297 /5,327
without 0.60 0.88 0.71 94 /348

for 0.02 0.58 0.04 60/10,097

Table 4: GPT-40’s performance in identifying dis-
course usage of four prepositions in PDTB-3. Low
scores are highlighted in red. The last column
shows the annotated and total counts in the corpus.

however, maintains high recall for three preposi-
tions—by, with, and without—ranging from 0.88 to
0.92.

The results mirror earlier prompt evaluations:
for performs weakest, while by, with, and without
achieve reliable alignment with human annotations.
F1 scores reveal that with (0.49) is limited by low
precision despite high recall, whereas for (0.04)
is weak in both metrics, suggesting frequent false
positives for with and general difficulty for for.

Notably, the best-performing prompts differ: Ex-
planation Prompt for with and Basic Prompt for for
offer less contextual guidance than the Contextu-
alised Explanation Prompts used for by and without.
This may contribute to higher false positive rates, a
topic we explore further in the general discussion.

4.2. Model Agreement Analysis

To assess potentially under-annotated instances
identified by GPT-40, we perform a model agree-
ment analysis using LLaMA-3-70B. Instances
where GPT-40 predicts a preposition as a discourse
connective despite being unannotated in PDTB-3
are re-evaluated with LLaMA-3-70B using its best-
performing prompt (Table 3). Agreement between
models is interpreted as a likely indication of under-
annotation.

Figure 4 shows the proportion of agreement and
disagreement for each preposition. Consensus
rates range from 70.6% for for to 94.6% for with-
out. The two prepositions with the highest consen-
sus rates (with and without) use the same prompt
format across both models. In contrast, by and
for, which show lower agreement, are associated
with different prompt formats in each model — sug-
gesting that prompt alignment may influence cross-
model consistency.

Manual inspection of sampled agreement cases
confirms that many are indeed valid discourse con-
nectives. For example, in “He hurt himself further
this summer [by] bringing homosexual issues into
the debate”, both models correctly identify by as in-
troducing a causal relation. However, the remaining
errors are typically due to syntactic misinterpreta-
tion or limitations in prompt design. For instance,
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LLaMA-3-70B Agreement (Proportional + Actual Counts)

Disagree (%)
Agree (%)

Total: 169 Total: 529 Total: 56 Total: 1603
(38D/131A) (80D /449 A) (3D/53A) (471 D/ 1132 A)
1.0

e
@
L

70 6%
77.5%

Percentage
=4
(=]

o
S
L

0.2+
29 4%
22.5%
15.1%

5.4%
0.0

bly wwlth wthout ﬁ:;r
Preposition

Figure 4: Proportion of agreement and disagree-
ment between LLaMA-3-70B and GPT-40 on poten-
tially under-annotated instances for each preposi-
tion. Each bar represents the percentage of LLaMA-
3-70B predictions that agree or disagree with GPT-
40’s classification. Numerical labels show the exact
percentage breakdown within each bar and the to-
tal number of instances evaluated per preposition
(D = Disagree, A = Agree).

Pl:e.- Parent F.lig_hl Count Likeli-
position Category Sibling hood
by PP-MNR S-NOM 81 High
by PP NP-LGS 25 Low
with PP NP 349 Low
with PP S-NOM 9 High

Table 5: Syntactic patterns for under-annotated
candidates agreed by both models.

in “Big Board traders praised the Jacobson special-
ists for getting through yesterday [without] a trading
halt”’, both models misinterpret the noun phrase "a
trading halt" as a clausal complement.

Overall, model agreement provides a practical
way to detect likely under-annotations while also
exposing systematic syntactic errors. These find-
ings motivate the use of syntactic pattern analysis
as an additional filtering step.

4.3. Syntactic Patterns

After model agreement filtering, we performed a
syntactic analysis using PTB parse trees to exam-
ine whether certain syntactic patterns could rein-
force or disconfirm model predictions. We focused
on the prepositions by and with, which have compa-
rable frequencies (5,626 and 5,327) and annotation
rates (7.73% and 5.58%) in PDTB-3, making them
suitable for comparison. A complete inventory of
syntactic patterns observed in model-agreed under-
annotated instances is provided in Appendix A.

Following Pitler and Nenkova (2009), we exam-
ined the parent and right sibling categories of each
preposition. Both features were informative, but
patterns differed from those reported for other con-
nectives, since prepositions were not annotated in
PDTB-2.

For most annotated instances, the parent node
was a prepositional phrase (PP), often marked with
a function tag such as -MNR (manner), —-TMP (tem-
poral), or —-EXT (extent). Discourse-related usages
of by frequently appeared under PP-MNR, while
with showed greater variation, including a notable
number of PP-CLR (closely related) cases among
unannotated instances, which typically signal a non-
discourse relation.

Right sibling patterns further distinguished dis-
course and non-discourse uses. For by, 99.5% of
annotated instances had an s—-NOM (gerund clause)
sibling, while unannotated ones were mostly fol-
lowed by an NP-1.GS (logical subject). Similarly,
with was more likely to be discourse-related when
followed by an s—-NoM rather than an NP. This sug-
gests that prepositions followed by clausal comple-
ments are strong candidates for under-annotation.

Table 5 summarises the dominant syntactic pat-
terns among candidate instances identified by both
GPT-40 and LLaMA-3-70B. Patterns combining a
PP-MNR parent and S-NOM sibling are particularly
indicative of discourse usage, while cases with
nominal right siblings (NP or NP-1.GS) are less likely
to signal discourse relations. These features can
thus help prioritise which instances to review man-
ually.

These findings show that parse-tree features can
strengthen confidence in model-predicted under-
annotations and filter out unlikely cases, though
inconsistencies in PTB parses (notably for with)
limit reliability. Future work should validate these
observations through targeted annotation of high-
confidence cases.

4.4. Discussion

The results indicate that PDTB-3 likely contains
under-annotated explicit discourse connectives,
and that the proposed LLM-based pipeline can ef-
fectively narrow large candidate sets into smaller,
high-confidence subsets.

Prompt design had a substantial impact on per-
formance. While optimal templates varied across
prepositions and models, the Contextualised Ex-
planation Prompt, which combined definitions and
examples yielded the most stable results. GPT-40
consistently outperformed LLaMA-3-70B, and in-
cluding examples improved classification accuracy
across all tasks.

In the full-scale evaluation, GPT-40 achieved
high recall for by, with, and without, but strug-
gled with for. A clear trade-off emerged: prompts
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with stronger constraints improved precision but
missed valid cases, while less constrained prompts
encouraged overgeneralisation and false posi-
tives—particularly for with and for. Model agree-
ment between differently prompted LLMs reduced
this effect, yielding smaller and more reliable can-
didate lists. Remaining errors were mainly due
to syntactic misinterpretation or “faithfulness hallu-
cination,” where models confidently labelled non-
discourse uses as positive.

Syntactic pattern analysis complemented model
agreement by identifying structural cues linked to
discourse usage. When a preposition’s right sib-
ling was a clausal constituent, especially an s-NoM
clause, the instance was far more likely to express
a discourse relation. Such patterns, common in
annotated cases but rare in unannotated ones, pro-
vide useful heuristics for prioritising manual review.
However, inconsistencies in PTB parses limit full
reliability.

Several limitations should be noted. Prompt de-
sign was explored only to a limited extent, and
computational constraints restricted the number
of models and examples tested. Expanding the
model pool may improve robustness, as agree-
ment across a broader set of architectures could
further strengthen confidence in high-likelihood can-
didates. In parallel, more systematic prompt engi-
neering which potentially tailored to model-specific
strengths, may improve stability and reduce over-
generalisation in the error-detection process.

Additionally, syntactic analysis relied solely on
the PTB; preliminary inspection with other parsers
revealed promising patterns, but these were not
systematically validated. The present analysis also
focused primarily on instances flagged by the mod-
els, and did not systematically examine cases that
were not identified as candidates. As a result, the
extent to which the pipeline may miss valid but
under-annotated instances remains unclear. Al-
though the present study focuses on prepositions
that can function as explicit discourse connectives,
the proposed semi-automatic pipeline is designed
to support human annotators rather than replace
them. With further refinement of prompts and syn-
tactic pattern filters, the framework could be gener-
alised to other types of ambiguous expressions.

Finally, this work provides a foundational step to-
ward more reliable explicit discourse connective de-
tection. By reducing annotation ambiguity in PDTB-
style corpora, improved corpus consistency may in
turn benefit downstream discourse parsers trained
on such resources, potentially enabling higher per-
formance in connective identification and relation
classification.

5. Conclusion

This study introduced a prompting-based LLM
pipeline for detecting potentially under-annotated
explicit discourse connectives in PDTB-3, focus-
ing on four newly annotated prepositions. The pro-
posed approach effectively reduces large candidate
sets to smaller, high-confidence subsets, providing
a practical semi-automatic aid for improving corpus
consistency.

While the pipeline achieved strong performance
for several prepositions, its generalisability remains
constrained. Performance depends on the avail-
ability of annotated examples, and syntactic incon-
sistencies in the PTB parses can affect the reliability
of structural filtering. Moreover, prompt sensitivity
and model-specific behaviour indicate that broader
model consensus and more systematic prompt de-
sign may further enhance robustness.

Future work will extend connective cover-
age, incorporate additional models to strengthen
agreement-based validation, and explore more sys-
tematic prompt engineering. Integrating alternative
syntactic resources may also improve structural re-
liability. Targeted analysis of cases not identified
by the models will also help characterise potential
false negative behaviour of the pipeline. A crucial
next step is the involvement of human annotators in
reviewing both high- and lower-confidence subsets
identified by the models. Evaluating the propor-
tion of valid annotations in each subset will provide
an empirical assessment of the pipeline’s practical
effectiveness.

More broadly, this work demonstrates how LLMs
can function as annotation-support tools in dis-
course research. By reducing ambiguity and im-
proving consistency in PDTB-style corpora, the pro-
posed framework has the potential to enhance the
reliability of downstream discourse parsing systems
trained on these resources.
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A1,

A. Syntactic Pattern Inventory

Preposition by

Appendix

Table 6: Syntactic patterns for under-annotated by
instances agreed upon by GPT-40 and LLaMA-3-

70B.
Parent Sibling Right Sibling Count
PP-MNR S-NOM 81
PP NP-LGS 25
PP S-NOM 8
PP-MNR NP 8
PP NP 3
PP-PRD S-NOM 2
WHPP-1 WHNP 2
PP S-NOM-LGS 1
PP SBAR-NOM-LGS 1

A.2. Preposition with

Table 7: Syntactic patterns for under-annotated with
instances agreed upon by GPT-40 and LLaMA-3-

70B.
Parent Sibling Right Sibling Count
PP NP 349
PP-CLR NP 51
PP-MNR NP 18
PP S-NOM 9
PP FRAG 3
SBAR S 3
SBAR-ADV S 3
S NP-SBJ 3
S PP 1
PRT NP-SBJ 1
PP-TMP NP 1
PP-3 NP 1
NP-SBJ NP 1
PP PRN 1
PP SBAR 1
PP UcP 1
PP-CLR-TPC-1 NP 1
PP-TPC-2 NP 1
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