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Abstract—Event-level financial sentiment analysis aims to
identify sentiment polarities associated with financial events
mentioned in text. Existing approaches typically represent events
as abstract labels without explicitly modeling the textual evidence
that signals event occurrences, which limits interpretability and
robustness, especially in texts containing multiple events. To
address this limitation, we propose EFSA-TD, a joint modeling
framework for event-level financial sentiment analysis with trig-
ger detection. EFSA-TD simultaneously detects financial events
and their corresponding trigger spans while performing event-
level sentiment analysis. By grounding event recognition and sen-
timent prediction in explicit textual evidence, EFSA-TD enables
more accurate, robust, and explainable sentiment modeling. We
further construct FinEvent-Trigger, a newly annotated dataset
consisting of 9,120 financial news articles, in which 18,158 events
are annotated with explicit event trigger spans. Experimental
results show that the joint modeling of events and triggers
by EFSA-TD improves both event classification and sentiment
classification performance. We open source our data and code at
https://github.com/forw30000/EFSA-TD.

Index Terms—Financial sentiment analysis, Event-level senti-
ment analysis, Financial event extraction, Event trigger detection,
Interpretability

I. INTRODUCTION

Financial sentiment analysis plays a crucial role in under-
standing market dynamics, investor behavior, and risk percep-
tion by extracting affective signals from financial texts such as
news articles, earnings reports, and analytical commentaries
[1]. With the rapid growth of online financial information,
large volumes of financial news are generated daily, conveying
complex sentiment signals that can significantly influence
investment decisions and market movements [2]. Accurately
identifying sentiment information from such texts has there-
fore become an important problem in both academic research
and real-world financial applications [3] [4].

Early studies in financial sentiment analysis mainly focus
on coarse-grained sentiment classification, where a single
sentiment label is assigned to an entire document or sentence
[5] [6]. While effective in simple scenarios, such approaches
struggle to handle real-world financial texts that often describe
multiple financial events with different sentiment polarities
within the same context [7]. To address this limitation, event-
level financial sentiment analysis associates sentiment polarity
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Fig. 1. An example of financial text sentiment analysis based on event trigger

with specific financial events mentioned in text, enabling more
fine-grained and actionable sentiment interpretation [8].

Despite the advantages of event-level modeling, existing
approaches typically represent events as abstract categorical
labels without explicitly modeling the textual evidence that
signals event occurrences [9]. In complex financial narratives,
sentiment expressions are often driven by concrete event
descriptions, such as stock price movements, earnings an-
nouncements, or regulatory actions [10]. Ignoring the textual
segments that trigger these events makes it difficult to explain
why a particular event is identified or why a specific senti-
ment is assigned, thereby limiting model interpretability and
robustness, especially in texts containing multiple overlapping
events [11] .

To address the above issues, we propose an event-level
financial sentiment analysis framework based on event trigger
spans. As shown in Fig. 1. By jointly modeling events and
their trigger spans, the framework enables event recognition
and sentiment prediction grounded in textual evidence. Exper-
imental results show that this approach effectively improves
performance in both event classification and sentiment classi-



fication tasks.
The main contributions of this paper are summarized as

follows:
• We present FinEvent-Trigger, the first human-annotated

benchmark dataset for event-level financial sentiment
analysis with trigger detection, consisting of 9,120 finan-
cial news articles and 18,158 events. For each financial
event, both sentiment annotations and explicit event trig-
ger spans are provided.

• We introduce EFSA-TD, an event-level financial senti-
ment analysis framework that explicitly leverages event
trigger information to ground event recognition and sen-
timent prediction in textual evidence.

• We conduct comprehensive experimental evaluations on
the proposed dataset, demonstrating the effectiveness of
event trigger spans and that EFSA-TD achieves state-
of-the-art performance in both event classification and
sentiment classification.

II. RELATED WORK

A. Financial Sentiment Analysis

Financial Sentiment Analysis (FSA) is a core research task
in financial natural language processing [6] [12], aiming to
identify and model sentiment information related to market
expectations, investor attitudes, and risk perceptions from
unstructured texts such as financial news, analyst reports, and
corporate disclosures [13]. Existing FSA approaches mainly
focus on sentiment classification at the event or text level,
emphasizing the prediction outcome while overlooking the
explicit modeling of the underlying event factors or semantic
cues that drive sentiment, which leads to limited interpretabil-
ity [14]–[16]. Although some studies have begun to explore
more fine-grained sentiment modeling paradigms [17], their
expressive power remains constrained in complex financial
contexts due to limitations in modeling capacity and appli-
cation scope.

B. Financial Sentiment Analysis Dataset

Early financial sentiment analysis datasets were primarily
annotated at the sentence or document level. Malo et al. [18]
introduced the Financial Phrase Bank, and Cortis et al. [19]
developed SemEval-2017, where sentiment labels are assigned
to entire sentences or documents without explicitly considering
the financial entities involved. Subsequently, research shifted
toward entity-centric datasets for financial news analysis.
Sinha et al. [20] proposed SEntFiN, which provides entity
recognition and corresponding sentiment annotations based on
a predefined set of entities. More recently, Tang et al. [21]
introduced the financial sentiment analysis benchmark Fin-
Entity, aiming to jointly predict entities and their associated
sentiments from financial news, partially addressing the lack
of entity-level annotations in earlier datasets.

Nevertheless, sentiment expressions in financial texts are
often not determined solely by entities themselves but are
closely tied to specific financial events [22]. To this end,
Chen et al. [23] introduced the task of Event-Level Financial

Sentiment Analysis (EFSA),which has attracted considerable
attention and represents an important step toward modeling
sentiment at the event level rather than the entity level. Despite
this progress, existing event-level financial sentiment datasets
typically annotate only the overall sentiment polarity of events,
without providing fine-grained semantic grounding for the
sources of sentiment, resulting in limited interpretability [24]
[25].

Interpretability is widely regarded as an important research
direction in financial sentiment analysis [14] [26]. If sentiment
in financial news is only assigned abstract classifications,
the resulting event information is often overly simplified,
which makes it difficult to analyze and trace events and
their associated sentiment. Moreover, large language models
(LLMs) may produce hallucinations and generate inaccurate
information, further affecting analysis reliability. We argue that
the key sentences triggering events in financial news contain
highly important information, such as the magnitude of stock
price changes or investment amounts, which are crucial for
supporting rational decision-making by investors. Therefore,
our work aims to bridge this gap.

III. DATASET CONSTRUCTION

Table I provides an overview of our dataset in comparison
with existing financial sentiment analysis datasets. Unlike
previous datasets, ours not only supports entity-level finan-
cial sentiment analysis but also enables event-level sentiment
analysis, with explicit event trigger spans provided to support
semantic grounding. In this section, we describe the data
sources and the detailed process of dataset construction.

TABLE I
COMPARISON OF FINANCIAL SENTIMENT ANALYSIS TASKS AND

DATASETS.

Dataset Number Entity Sentiment Event Trigger

FinEntity 979 ✓ ✓ × ×
EFSA 12,160 ✓ ✓ ✓ ×
Ours 9,120 ✓ ✓ ✓ ✓

A. Data Collection and Preprocessing

The data used in this study were collected from multiple
mainstream Chinese financial news and information plat-
forms, including the financial information provider JRJ1, listed
company announcements, and financial databases including
Infobank2. The collected texts cover companies across a wide
range of industries and scales, and involve diverse types of
financial events, providing a realistic representation of event
distributions in real-world financial news.

In the initial stage, approximately 22,000 news articles were
collected. During preprocessing, we conducted systematic
filtering and cleaning procedures to improve data quality.
Specifically, advertisements, company profile introductions,

1https://www.jrj.com/
2http://bjinfobank.com



Fig. 2. Dataset statistics for event-level financial sentiment analysis.(a)Distribution of event categories.(b) Distribution of text length and event trigger spans
length.(c) Distribution of the number of events per news instance.(d)–(e) Distribution of event-level sentiment polarity.

and news articles that did not contain explicitly described
financial events were removed. Only articles with complete
metadata (including title, content, and source) and clear, well-
defined financial event descriptions were retained for subse-
quent annotation.

B. Event Annotation Scheme and Design

In the event annotation process, we adopt the event tax-
onomy proposed by Chen et al. in the Event-Level Financial
Sentiment Analysis (EFSA) framework [23]. The EFSA tax-
onomy is hierarchically structured, consisting of seven coarse-
grained event categories and 43 fine-grained event types. The
seven top-level categories cover Financial Affairs, Shareholder
Affairs, Stock Affairs, Compliance and Credit, Management
Affairs, Business Operations, and Financing and Investment.

At the sentiment annotation level, we categorize the senti-
ment polarity of each event, reflecting its potential impact on
the target entity, into positive, negative, and neutral classes.

Building upon the EFSA annotation framework, we further
introduce event trigger spans as an additional annotation field.
Event trigger spans are the core sentences that indicate the
occurrence of an event and serve as the key elements for our
joint modeling.

C. Annotation Platform and Process

To improve annotation efficiency and ensure consistency,
we developed a dedicated annotation platform tailored for
event-level financial sentiment analysis. The platform supports
news text visualization, event type selection, sentiment polarity

assignment, and event trigger spans highlighting, providing
annotators with a unified and user-friendly interface.

The annotation process was conducted by five domain ex-
perts with experience in financial text analysis. Each annotator
initially labeled 1,000 data samples. During this initial phase,
we collected statistics on inconsistencies and ambiguities in
their annotations. Based on these observations, we refined
a comprehensive annotation guideline addressing events and
contexts prone to ambiguity or disagreement, which was then
applied to the full annotation process.

For each news article, two annotators independently per-
formed event identification, event type classification, sentiment
polarity labeling, and event trigger spans annotation. In cases
of disagreement on any annotation item, a third annotator re-
viewed the instance and made the final decision. Through this
annotation process, we obtained 9,120 high-quality annotated
financial news articles from the initial pool, covering a total
of 18,158 annotated events.

D. Inter-Annotator Agreement
To assess the reliability of the annotations, we computed

inter-annotator agreement using Fleiss’ Kappa [27] for both
event-level sentiment polarity and event trigger spans annota-
tions.

For event-level sentiment polarity, the overall Fleiss’ κ score
is 0.7881, indicating a substantial level of agreement among
annotators. This result suggests that the annotators shared a
consistent understanding of sentiment judgment at the event
level.



For event trigger spans annotation, since trigger spans
are span-based annotations and may involve minor boundary
variations across annotators, we employed a token-level agree-
ment analysis. This approach captures partial agreement when
annotators identify the same trigger with slightly different span
boundaries (e.g., “significantly increased” vs. “increased”).
Under this evaluation setting, the Fleiss’ κ score for event trig-
ger spans reaches 0.81, indicating almost perfect agreement.

These results demonstrate that the dataset exhibits strong
and reliable annotation consistency for both sentiment polarity
and event trigger identification, providing a trustworthy basis
for subsequent model training and evaluation.

E. Dataset Analysis

We conducted a statistical analysis of the annotated data, as
shown in Fig. 2. Fig. 2(a) illustrates that the dataset covers all
predefined event categories in the event-level financial senti-
ment analysis framework, reflecting the diversity of financial
events in real-world financial news. Among them, Business
Operations events account for the largest proportion, approx-
imately 34%, which is consistent with the characteristics of
real-world financial news.

Fig. 2(b) presents the distribution of textual length charac-
teristics. The average length of a news article is approximately
437 characters, while the average length of an event trigger
span is around 55 characters, providing sufficient contextual
information for event understanding and sentiment polarity
assessment.

Fig. 2(c) shows the distribution of the number of events
contained in each news article. The dataset includes both
single-event instances and multi-event instances containing up
to four events, providing strong support for studying event
recognition and event-level sentiment analysis in complex
financial texts where multiple events coexist.

Fig. 2(d) and (e) show the distribution of event-level senti-
ment polarity. Positive events mainly involve improved busi-
ness performance, stock price increases, and intellectual prop-
erty–related activities; negative events are primarily associated
with operational risks and compliance issues; neutral events
are mostly related to information disclosure and executive
changes.

IV. EXPERIMENTS

In this section, we benchmark FinEvent-Trigger with some
widely used language models. We first introduce the task and
experimental setup, then describe the benchmark methods and
detail our proposed framework EFSA-TD, and finally present
the evaluation metrics.

A. Tasks and Settings

We evaluate our dataset and method on four financial
sentiment analysis tasks with increasing granularity:

• Entity-Level FSA: Predicts a pair (entity, sentiment),
assigning an overall sentiment label to each financial
entity mentioned in the text, without distinguishing un-
derlying events.

• C-EFSA: Predicts a triplet (entity, coarse-grained event
type, sentiment), introducing event-level modeling with
coarse-grained financial event categories.

• F-EFSA: Predicts a quadruple (entity, coarse-grained
event type, fine-grained event type, sentiment), requir-
ing deeper understanding of event categories and specific
event attributes.

• T-EFSA: Predicts a quintuple (entity, coarse-grained
event type, fine-grained event type, sentiment, event
trigger span), grounding sentiment predictions in explicit
evidence. This is the most fine-grained task and the main
focus of our dataset and method.

Across all tasks, sentiment analysis is uniformly formulated
as a three-class classification problem, with sentiment labels
defined as positive, negative, and neutral.

B. Baseline Models

In our experiments, we select a diverse set of representative
LLMs as baseline methods, covering both closed-source and
open-source categories of models. This design aims to sys-
tematically compare the modeling capacity and adaptability of
different model families for financial sentiment analysis tasks.

For closed-source models, we evaluate GPT-5.13 [28],
GLM-4.74 [29], Qwen3-Max5 [30], and DeepSeek-R16 [31].
All experiments are conducted by querying the official API
interfaces provided by their respective vendors [32] [33].
Under this setting, model parameters are kept frozen, and
all predictions are generated based on carefully designed
prompts. This allows us to assess the generalization ability of
closed-source LLMs under zero-shot or few-shot conditions
for financial sentiment analysis.

For open-source models, we adopt LLaMA-3.1-8B-Instruct
[34], ChatGLM3-6B-Chat [35], Baichuan2-13B-Chat [36] and
Qwen2.5-7B-Instruct [37]. Experiments are conducted on 4
RTX 3090 and 2 RTX 4090 GPUs. Fine-tuning uses the
AdamW optimizer with a learning rate of 2 × 10−5 for 3
epochs, incorporating gradient clipping and dynamic learning
rate scheduling. We randomly split the data into 8:2 for
training and testing.

C. EFSA-TD Framework

We propose EFSA-TD (Event-Level Financial Sentiment
Analysis with Trigger Detection), a structured prompting
framework that guides LLMs to jointly detect event triggers
and perform financial event classification and sentiment analy-
sis. Our framework leverages step-by-step reasoning and self-
verification mechanisms to ensure the validity, consistency, and
completeness of extracted event triggers, event categories, and
sentiment predictions.

To systematically guide the model, we design a structured
prompt P that enforces explicit constraints on company-related

3https://platform.openai.com
4https://open.bigmodel.cn/dev/api
5https://qwen.ai/home
6https://api-docs.deepseek.com



Fig. 3. The overall workflow of the proposed framework EFSA-TD.

event detection, event classification, and sentiment prediction.
Formally, the framework is defined as a four-tuple:

P = ⟨S, T, I, C⟩.

1) System Message (S): The system message S defines the
model’s expert role as a financial event sentiment analysis
assistant and specifies that outputs should be produced in a
predefined structured format.

2) Task Description (T): Given a financial news document
x containing a set of financial entities e ∈ E, we formulate
event-level financial sentiment analysis as a structured joint
prediction task. For each entity-related event, the model pre-
dicts a five-tuple

y = (e, c, f, s, t),

where c denotes the coarse-grained event type, f the fine-
grained event type, s ∈ {Positive,Negative,Neutral} the
sentiment polarity, and t the event trigger span that provides
explicit textual evidence for the event.

3) Instructions (I): The instructions I consist of a carefully
designed five-step reasoning sequence that guides the LLMs
through the analysis. Formally,

I = ⟨I1, I2, I3, I4, I5⟩,

where each step is defined as follows:
• I1: Instruct the model to read the news document x and

decompose it into all independent company-related events
by selecting the trigger span t. This step corresponds to
the factor P (t | x).

• I2: For each extracted trigger span t, match it to the
corresponding company e involved in the event. This step
begins the conditional prediction of event attributes given
the trigger, i.e., P (e | t, x).

• I3: Given the trigger t and company e, determine the
coarse-grained event category c. This corresponds to the
factor P (c | t, e, x) in the conditional prediction.

• I4: Based on the trigger t, company e, and coarse-grained
category c, identify the fine-grained event subtype f , i.e.,
P (f | t, e, c, x).

• I5: Finally, conditioned on the trigger t, company e,
and event types (c, f), predict the sentiment polarity s,
corresponding to P (s | t, e, c, f, x). This step completes
the joint prediction according to

P (e, c, f, s, t | x) = P (t | x)P (e, c, f, s | t, x).
4) Self-Check (C): A key component of our framework is

the final self-check mechanism, which asks the model to verify
four critical conditions before producing its final predictions:
(1) Event Category Consistency Check: Both coarse-grained
(c) and fine-grained (f ) event types must strictly belong to the
predefined taxonomy, and f must be semantically consistent
with c. (2) Trigger Span Integrity Check: Every predicted
trigger span (t) must be a contiguous substring of the original
document x. (3) Sentiment Alignment Check: The predicted
sentiment polarity (s) must align with the event expressed
by t (e.g., a stock price increase is positive, a regulatory
investigation is negative). (4) Event Coverage Check: For
each entity (e), all independent events must be fully extracted,
without omission or duplication.



TABLE II
THE RESULTS OF EFSA-TD AND BASELINE MODELS. THE BEST RESULTS ARE IN BOLD; SECOND-BEST RESULTS ARE UNDERLINED.

Settings Models Entity-Level FSA C-EFSA F-EFSA T-EFSA

• Closed-Source Models

zero-shot

GPT-5.1 74.09 65.54 61.26 49.73
GLM-4.7 67.36 55.65 52.51 43.24
Qwen3-Max 76.55 63.48 60.87 49.94
DeepSeek-R1 63.19 49.20 44.58 37.43

3-shot

GPT-5.1 75.87 68.96 64.01 51.33
GLM-4.7 69.12 58.26 56.84 45.95
Qwen3-Max 78.24 66.83 64.13 53.21
DeepSeek-R1 63.98 51.85 46.15 40.07

• Open-Source Models

LoRA fine-tune

Llama-3.1-8B-Instruct 69.78 56.83 48.18 44.21
ChatGLM3-6B-Chat 70.73 62.48 57.11 47.18
Baichuan2-13B-Chat 84.47 67.97 61.79 51.06
Qwen2.5-7B-Instruct 83.03 67.65 61.38 54.57

CoT

Llama-3.1-8B-Instruct 70.42 57.51 48.96 44.85
ChatGLM3-6B-Chat 71.21 63.05 57.74 47.92
Baichuan2-13B-Chat 85.04 68.61 62.47 51.69
Qwen2.5-7B-Instruct 83.78 68.32 63.09 55.23

EFSA-TD

Llama-3.1-8B-Instruct 71.88 58.18 49.64 42.47
ChatGLM3-6B-Chat 73.43 63.47 59.23 49.71
Baichuan2-13B-Chat 85.42 69.13 63.52 52.63
Qwen2.5-7B-Instruct 84.08 70.26 64.56 55.34

D. Evaluation Metrics

We use the Micro-F1 score as the primary evaluation metric
to assess model performance across different financial senti-
ment analysis tasks. For each event, a prediction is considered
correct if and only if all fields required by the task are correctly
predicted.

In the event trigger span prediction task for event-level tasks,
we adopt a Partial Matching (PM) strategy to handle boundary
variations. Specifically, a predicted trigger span is considered
correct if its character-level overlap with the gold trigger span
exceeds 0.6.

V. RESULTS

Table II presents the performance comparison of different
models across four financial sentiment analysis tasks with in-
creasing granularity: Entity-Level FSA, C-EFSA, F-EFSA, and
T-EFSA. Overall, model performance consistently decreases as
task granularity becomes finer, reflecting the higher difficulty
of fine-grained event-level financial sentiment analysis and
event trigger detection.

A. Model Family Comparison

Different model families exhibit distinct performance char-
acteristics. The LLaMA-3.1-8B-Instruct performs the worst
across all tasks, while Qwen2.5-7B-Instruct performs consis-
tently well, achieving significant performance improvements,
especially under the enhanced EFSA-TD framework proposed
in this work. The Baichuan2-13B-Chat and ChatGLM3-6B-
Chat show similar trends, indicating that the intrinsic charac-
teristics of different models and their pre-training data have

a significant impact on performance in event-level financial
sentiment analysis tasks.

B. Technique Comparison

In experiments on open-source models, the proposed EFSA-
TD framework consistently outperforms direct LoRA fine-
tuning and standard Chain-of-Thought (CoT) methods. For
example, the Qwen2.5-7B-Instruct model equipped with the
EFSA-TD framework achieves the best results on the C-
EFSA, F-EFSA, and T-EFSA tasks, with F1 scores of 70.26,
64.56, and 55.34, respectively. These results confirm that the
proposed structured prompting framework with joint event
trigger spans can more effectively guide the model to identify
the sentiment of financial events.

C. Closed-Source vs. Open-Source Models

Closed-source models (e.g., GPT-5.1 and Qwen3-Max)
achieve strong performance across all evaluation metrics un-
der zero-shot and few-shot settings. Nevertheless, the best-
performing open-source models (e.g., Qwen2.5-7B-Instruct
and Baichuan2-13B-Chat equipped with the EFSA-TD frame-
work) outperform them, indicating that task-specific fine-
tuning on dedicated datasets enables open-source methods to
surpass commercial systems in financial sentiment analysis
tasks [38].

D. Ablation Study

To evaluate the contributions of the event trigger and dif-
ferent components in the EFSA-TD framework, we conducted
two ablation studies.



Module Ablation (Table III): Removing both instruction-
driven reasoning and the final self-check module (w/o I &
C) leads to consistent performance drops, e.g., Entity-Level
FSA decreases from 84.08 to 83.06, and T-EFSA from 55.34
to 54.61. Removing only the self-check module (w/o C)
also results in a performance drop, indicating that both the
instruction-driven reasoning and the self-check module are
equally important for the model’s performance.

TABLE III
ABLATION STUDY OF THE EFSA-TD FRAMEWORK ON

QWEN2.5-7B-INSTRUCT.

Settings Entity-Level FSA C-EFSA F-EFSA T-EFSA

Full 84.08 70.26 64.56 55.34
w/o C 83.50 (-0.58) 69.05 (-1.21)62.75 (-1.81)54.84 (-0.50)
w/o I & C 83.06 (-1.02) 67.70 (-2.56)61.40 (-3.16)54.61 (-0.73)

Event Trigger Ablation (Table IV): In the LoRA fine-
tuning setup, we fine-tune open-source models without in-
troducing any additional methods, and find that removing
event trigger spans (Without Trigger) leads to performance
drops across all EFSA sub-tasks. Adding trigger spans (With
Trigger) significantly improves results; for example, Qwen2.5
gains 2.36 points on Entity-Level FSA and 2.56 points
on C-EFSA. The improvement varies across models, with
Baichuan2 and Qwen2.5 benefiting the most, while Llama3.1
shows relatively smaller gains. These results indicate that event
triggers help enhance the model’s ability to capture event-
related information, not only improving the interpretability
of financial sentiment but also significantly benefiting the
performance of financial sentiment analysis.

TABLE IV
ABLATION STUDY ON EVENT TRIGGER SPANS

Models Entity-Level FSA C-EFSA F-EFSA T-EFSA

• Without Trigger
Llama3.1 68.81 55.58 47.12 *
ChatGLM3 69.36 60.91 55.95 *
Baichuan2 82.52 65.81 59.74 *
Qwen2.5 80.67 65.09 59.11 *

• With Trigger
Llama-3.1 69.78 (+0.97) 56.83 (+1.25)48.18 (+1.06) 44.21
ChatGLM3 70.73 (+1.37) 62.48 (+1.57)57.11 (+1.16) 47.18
Baichuan2 84.47 (+1.95) 67.97 (+2.16)61.79 (+2.05) 51.06
Qwen2.5 83.03 (+2.36) 67.65 (+2.56)61.38 (+2.27) 54.57

E. Error Analysis

Through detailed analysis of model predictions, we identify
several representative error patterns, as shown in Table V.

• Event Entity Identification Errors: When multiple
related companies appear in the same article, the model
may confuse the attribution of events. For example, in
Case 1, the model incorrectly assigns an event belonging
to a subsidiary to its parent company.

• Sentiment Misclassification: When an event contains
multiple sentiment cues, the model may capture only
a single sentiment. For example, in Case 2, the model
overlooks the primary sentiment, leading to incorrect
sentiment classification.

• Trigger Boundary Errors: Models often struggle to
precisely identify trigger boundaries in complex sen-
tences. For example, in Case 3, when a single event is
expressed across multiple connected clauses, the model
may sometimes overextend or underextend the trigger
span.

TABLE V
CASE STUDIES OF ERROR EXAMPLES

Case study

Case#1

Content 华为集团近日发布称，其子公司华为终端
有限公司获得一项新型折叠屏手机的发明
专利。 Huawei Group recently announced that
its subsidiary, Huawei Device Co., Ltd., has
obtained a patent for a new type of foldable
smartphone.

Ground Truth {company: 华为终端有限公司, label1: 经营,
label2: 知识产权, sentiment: Positive}

Prediction {company: 华为集团, label1: 经营, label2: 知
识产权, sentiment: Positive} ✗

Case#2

Content 山西汾酒实现营业收入165.23亿元，同
比7.72%；净利润66.48亿元，同比-3.3%。
Shanxi Fenjiu achieved operating revenue of
CNY 16.523 billion, up 7.72% year-on-year, and
a net profit of CNY 6.648 billion, down 3.3%
year-on-year.

Ground Truth {company: 山西汾酒, label1: 财务, label2: 利
润公布, sentiment: Negative}

Prediction {company: 山西汾酒, label1: 财务, label2: 利
润公布, sentiment: Positive} ✗

Case#3

Content 长安汽车近日发布公告称，公司下半年将
加大产能，预计生产新能源车销量50万辆，
而公司旗下物流中心正在进行年度安全检
查。Changan Automobile recently announced
that it will expand production capacity in the
second half of the year, with an expected pro-
duction of 500,000 new energy vehicles, while
the company’s logistics center is undergoing its
annual safety inspection.

Ground Truth {event trigger: 公司下半年将加大产能，预计
生产新能源车销量50万辆}

Prediction {event trigger: 公司下半年将加大产能，预计
生产新能源车销量50万辆，而公司旗下物流
中心正在进行年度安全检查} ✗

VI. CONCLUSION

This paper introduces FinEvent-Trigger, a benchmark
dataset for fine-grained event-level financial sentiment analysis
with trigger spans, and the EFSA-TD framework, which
grounds sentiment predictions in explicit textual evidence.
Experiments with multiple LLMs show that jointly modeling
trigger spans consistently improves the performance of sen-
timent analysis. Ablation studies confirm that trigger super-
vision provides essential semantic support rather than merely
auxiliary signals. Our work aims to provide a foundation for
understanding both the sentiment polarities of financial events
and the reasons behind them, making event-level financial



sentiment analysis more transparent and traceable. We hope
this work advances methods for financial sentiment analysis.
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