FINS 1s your favor: A Task-Driven Data Evaluation
Framework for Financial Sentiment Analysis

1% Liangzhou Qu
Shenzhen Audencia
Financial Technology Institute

Shenzhen University
Shenzhen, China
liangzhou.qu@audencia.com

4™ Qixian Li
School of National Finance
Guangdong University of Finance
Guangzhou, China
rambolgx @ 163.com

Abstract—Currently, datasets for Financial Sentiment Analysis
(FSA) often contain rich multimodal information, yet the task-
oriented evaluation metrics for processing this sentiment remain
singular. Consequently, performance comparisons across differ-
ent datasets are challenging, which hinders researchers from
selecting appropriate resources for specific tasks. To address
this problem, we propose FINS (Financial Integration Nexus
of Standards), a data evaluation framework that systematically
summarizes existing studies and abstracts the main application
tasks of FSA into five core dimensions: cycle, risk, causality, entity
and wording. On this basis, we establish a unified quantitative
evaluation system for data. FINS combines large language models
with financial toolchains to achieve an automated evaluation
process, and presents the adaptability of data across different
task dimensions through multi-dimensional quantitative score
maps. Empirical results and real financial scenario experiment on
several representative data sources show that FINS can effectively
capture structural differences, which provides systematic support
for researchers in data selection and modeling practices for
specific tasks.

Index Terms—Financial Sentiment Analysis, Data Evaluation,
Large Language Model, Task Adaptability, Quantitative Metrics.

I. INTRODUCTION

Financial Sentiment Analysis (FSA) refers to the identifica-
tion and quantification of opinions, attitudes, and emotions in
financial texts [1]. It is commonly applied in market sentiment
profiling [2], investment decision support [3], stock price
prediction [4], and risk monitoring [5]. However, the further
development of FSA is constrained by the limitations of data
quality and task adaptability, and this contradiction highlights
the urgent need for a systematic evaluation approach.

Existing studies have preliminarily established some evalua-
tion systems within specific domains of FSA. For example, in
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causality extraction, FinCausal focuses on identifying causal
relations in financial texts [6]. In multimodal expression, Fin-
MME attempts to enhance sentiment analysis by integrating
textual and visual information [7]. Although these studies have
made contributions within their respective dimensions, their
excessive focus on single tasks makes it difficult to provide
researchers with cross-task selection and systematic evaluation
criteria in practical applications. As a result, the field still lacks
a unified fine-grained standard for overall FSA applications.

This paper presents FINS (Financial Integration Nexus of
Standards), a task-driven data evaluation framework for FSA.
FINS takes the task dimension as its entry point and, based
on a systematic review and integration of existing studies,
abstracts financial application requirements into five core di-
mensions: market cycle patterns, risk analysis, causality mod-
eling, entity relationship modeling, and wording difference
analysis. On this basis, it establishes a unified quantitative
evaluation system for data. Across these dimensions, FINS
combines large language models (LLMs), financial domain
tools such as FinBERT [8], and structured graph algorithms
to design automated evaluation processes for each dimension.
Finally, the scores of each dimension are aggregated into a task
adaptability profile under multi-task settings, which supports
the fine-grained selection of FSA datasets. To validate the
effectiveness of FINS, we conducted a systematic empirical
evaluation on five representative financial text datasets. The
real finance scenario experimental results show that FINS
can effectively capture the structural differences of different
datasets across the five task dimensions and provide systematic
support for researchers in dataset selection and modeling
practices for specific tasks.

The main contributions of this paper are as follows:

(1)We propose the FINS framework to systematically evalu-
ate the structural characteristics and task performance of FSA
datasets, providing a basis for dataset selection and model



design through result analysis.

(2)We develop an automated evaluation pipeline that incor-
porates LLMs, addressing the consistency issues of manual
evaluation and significantly reducing the required manpower
and time costs.

II. EVOLUTION OF FSA TASKS

The data evaluation paradigm for FSA is not static. Instead,
it has undergone a natural evolution from singular polarity
classification to multi-dimensional signal parsing, accompany-
ing the deepening demand for information processing in finan-
cial markets. To explore the latent structure governing financial
text quality, we systematically reviewed classic literature over
the past two decades. We found that the research focus of FSA
has experienced a significant process from differentiation to
deepening and revealed the critical theoretical attributes that
high-quality financial data must possess.

Early FSA research primarily focused on validating the
predictive power of textual information on markets. Classical
quantitative analysis on Media Pessimism [9] revealed a key
fact: textual sentiment alone cannot function independently. Its
informational value is highly coupled with the market prevail-
ing macro state, such as bull or bear markets. This indicates
that textual data detached from the temporal dimension and
market cycle context lacks explanatory power. Meanwhile, the
construction of Domain-specific Lexicons [10] challenged the
applicability of general dictionaries. This research explicitly
pointed out that the characteristics of financial text lie in its
Ambiguity and Uncertainty, rather than a simple accumulation
of negative words. Research from this period demonstrates that
high-quality data evaluation must include clear market cycle
markers and precise wording characteristics.

As research deepened, scholars realized that macro indica-
tors could not explain heterogeneity at the micro level, shifting
the evaluation perspective to micro-subjects. The proposal
of the Financial PhraseBank dataset [11] pushed research
toward fine-grained, sentence-level sentiment analysis. Its core
discovery was that financial sentiment possesses high object
specificity, meaning the same text often contains opposing
evaluations for different subjects. This requires data to possess
precise entity recognition capabilities. Furthermore, empirical
research on investor sentiment Network Contagion [12] [13]
found that discussions on specific stocks exhibit significant
topological clustering features on social media. This shift in
focus marks that high-quality financial text must include clear
entity granularity and their interconnecting network structures.

In recent years, the task objectives of FSA have upgraded
from describing states to explaining mechanisms and pre-
dicting consequences. The establishment of the FinCausal
shared task emphasized that simple sentiment classification
is insufficient to assist complex decision-making; extracting
the logical chains or Causal Chains implied in text is cru-
cial for understanding market dynamics. Meanwhile, research
such as News Implied Volatility (NVIX) and systemic risk
modeling [14] [15] has pushed text analysis to the forefront
of risk management. These works no longer focus on ordinary

sentiment fluctuations but on the text ability to alert against
extreme volatility and Tail Risk. This trend indicates that deep
financial data should encompass clear deductive logic and
acute sensitivity to extreme consequences.

With the rise of Generative Al represented by LLMs,
FSA application scenarios have expanded to complex tasks
like investment advice generation [16]. Although task forms
are changing, we argue that the underlying evaluation logic
presents a unification of the fundamental paradigm. Even
for state-of-the-art generative tasks represented by FinGPT
[17], the core capability remains the comprehensive invocation
of the aforementioned elements: the model must understand
market context to avoid spatiotemporal dislocation, identify
trading entities to ensure specific referencing, warn of risk
consequences to meet risk control requirements, construct rea-
soning logic to enhance persuasion, and employ professional
wording to build trust.

Based on the above evolutionary logic, we propose follow-
ing five FSA task dimensions, including market cycle patterns,
wording difference analysis, entity relationship modeling,
causal relationship modeling, and risk analysis—constitute the
minimum complete basis for describing the quality of financial
texts. Any high-order financial NLP task is essentially a linear
combination of these five basis vectors.

III. METHODOLOGY

Guided by this theoretical convergence, we propose FINS,
a task-driven data evaluation framework. Unlike previous
works that focus on single metrics, FINS is designed to
explicitly quantify these five orthogonal dimensions—Cycle,
Risk, Causality, Entity, and Wording—thereby providing a
comprehensive and structured assessment of financial datasets.

This section provides a detailed introduction to the overall
design and implementation of the FINS framework (Fig.1).

A. Market Cycle Patterns

Financial market modeling aims to characterize the per-
formance of data across different market environments by
combining economic cycle data with textual data. If the data
adequately cover both bull and bear market cycles, they are
more applicable in subsequent analysis and modeling. Thus,
we propose the Macro Cycle Coverage Rate (MCCR) indicator
to quantify the coverage of data within economic cycles:
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Here, D is the dates where dataset actually contains docu-
ments, B; represents the ¢-th bull or bear market cycle, defined
using economic cycle data provided by Yardeni Research !,
and T refers to the dataset’s time window. MCCR measures
the dataset’s coverage ability by summing the coverage ratio
for each bull and bear market cycle.

'www.yardeni.com
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Fig. 1. FINS ingests datasets simultaneously across five tasks: market cycle patterns, entity relationship modeling, risk analysis, causality modeling, and

wording difference analysis. Each task evaluates datasets using quantitative metrics. Finally, result gives each dataset scores across these task dimensions,

providing assessment of its performance and adaptability.

B. Risk Analysis

Risk analysis task focuses on identifying early signals of
extreme negative sentiment and potential volatility. Studies
have shown that a sudden surge in company-related texts often
corresponds to abnormal changes in market sentiment and may
trigger risk events [18]. To quantify the amplification effect of
discursive shocks on market behavior, we propose the Event
Sentiment Shock Index (ESSI). This index evaluates the risk
impact implied by text surges by measuring the statistical
correlation between the volume of event-related texts and the
intensity of market reactions.

We define the event-driven text volume N;. Using the
DeepSeek-V3 model to enrich company labels, we count the
number of strongly event-related texts for companies at time .
The market reflect intensity M,., following Cheng et al. [19],
is measured as the absolute deviation of trading volume from
its mean, standardized by its standard deviation:
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We first measure the Spearman rank correlation coefficient
ps between text volume N, and market reflect intensity M,..
To comprehensively capture the relationship, we decompose it
into three dimensions: mean correlation p,,eq,, represents the
overall strength of association, effective event coverage (COV)
indicates the proportion of events with significant associations,
and stability of association (STA) reflects the robustness of the
correlation over the time series. Finally, ESSI is defined as the
product of the three dimensions:
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Here, K denotes the total number of event windows, pg
represents the Spearman rank correlation coefficient in the
k-th event window, I is the indicator function, 7 is the
significance threshold, and o,  is the standard deviation of
the Spearman coefficients. This multiplicative form ensures
that ESSI effectively filters out random noise and enhancing
reliability.

C. Causality Modeling

Causality modeling aims to identify and quantify the causal
transmission mechanisms driven by sentiment signals in un-
structured financial texts [20]. Since financial events often
affect prices and risk behaviors through complex chains, cap-
turing causal semantics is crucial for uncovering the relation-
ship between sentiment and market dynamics [21]. However,
traditional rule-based methods that rely on dependency syntax
and causal verbs are difficult to generalize in financial texts
characterized by diverse expressions and ambiguous contexts
[22]. Therefore, we introduce LLMs in combination with fi-
nancial domain lexicons to achieve causal extraction and chain
construction across sentences and documents. We propose the
Causal Training Index (CTI) to quantify the adaptability of
data in the causality dimension:

CTI =a-EDCqayy+ (1 —a)-CCS (7)



Here, a is a weighting parameter that balances the im-
portance of causal chain complexity and cross-document
causal density. Causal chain complexity EDCl,, and cross-
document causal density CC'S are respectively used to char-
acterize the depth of causal relations in texts and the extent of
cross-document coverage:
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Here, C' denotes the set of event chains, and the length
L (¢cx) of a single chain ¢, € C represents the number of
causal relations it contains. D, is the number of documents,
and S is the average number of sentences per document.
CTI can capture both the complexity and the coverage of
causal expressions in financial texts, providing a comprehen-
sive assessment of data adaptability in the causality modeling
dimension.
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D. Entity Relationship Modeling

Financial texts often involve multiple entities and their in-
terrelations, with sentiment propagating along these relational
chains and exerting varying degrees of impact [23]. Thus, it is
necessary to examine whether it contains sufficient financial
entity information and the connections among those entities.

We design a method of entity density and relation parsing.
First, we use DeepSeek-V3 model to identify entity names
such as financial institutions, individuals, indicators, and stock
codes [24]. Next, we extract semantic relations between en-
tities and inject the results into a Neo4j 2> knowledge graph
to construct entity nodes and relational networks. Finally, we
calculate the graph density pg..qpn to measure the distribution
of financial entity relations in the dataset:

-
VIV = 1)

Here, V' is the number of nodes in the graph, and E
denotes the number of edges. A higher value of pgrapn
indicates that entities and relations in the dataset are more
densely connected, which helps support sentiment modeling
and propagation analysis at the entity level.

(10)

E. Wording Difference Analysis

Wording difference analysis is used to measure the impact of
variations in wording across different events or time periods on
sentiment expression [25]. In the financial domain, even subtle
differences in wording may lead to significant sentiment shifts,
making its quantification highly important.

First, we use FinBERT to assign sentiment scores to each
text, outputting {negative, neutral, positive} to represent the
probability distribution of the three sentiment categories [26].
Then, we define the uncertainty expansion factor e, which

Zhttps://meodj.com/

maps the sentiment probabilities into a fuzzy triangular num-
ber (a;, 4m,ap). an, represents the median level of positivity,
while the interval width Aw = a; — ay, reflects the uncertainty
of the model’s prediction [27]. For the same event ¢, we define
the maximum knowledge deviation Ae. to characterize the
maximum wording difference within the group:

Awi + ij

5 (1)

Aec = max [am,i — am ;| +
0,J
We propose the DSg.,s metric to quantify the sensitivity
of sentiment distribution caused by wording differences:

1
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IV. EXPERIMENT AND RESULT
A. Datasets Description

We selected five representative datasets, including news,
news headlines, financial reports and tweets, effectively sup-
porting multi-dimensional evaluation tasks (see in Tablel).

TABLE I
DATASETS OUTLINE

Dataset” Type Timestamp Company label
KrossKinetic News, Headlines 2006-2024 v
JanosAudran Financial reports 1993-2020 v

Bloomberg News, Headlines 2006-2013 X
Financial Tweets Tweets 2018 v
S&P 500 News headlines 2008-2024 X

Note: The source of datasets can be viewed in the GitHub repository we created:
https://github.com/PeterQLz/FINS-data-evaluation-framework

B. FINS Scores

The empirical results in Table 2 (with visualization in Fig.2)
show significant differences across the five quantitative di-
mensions, revealing the varying adaptability and performance
advantages of different corpora.

TABLE II

PERFORMANCE OF DATASETS ON FIVE EVALUATION METRICS

Dataset Metrics
MCCR ESSI CTI Pgraph DSsens

KrossKinetic 0.3480 0.0086 1.0149 0.0003 0.7921
JanosAudran 0.5154 0.0040  1.0148 0.0075 0.8502
Bloomberg 0.7385 0.0114  5.1064 0.0002 0.7924
Financial Tweets 0.0759 0.0003 1.0150 0.0041 0.7843
S&P 500 0.5931 0.0140  1.0090 0.0027 0.7962

Note: In the ESSI and D Sg., s metric, the significance threshold 7 is set to 0.3.
In the CTI metric, the parameter « is set to 0.5.

(1) MCCR: Bloomberg dataset achieves the highest score
(0.7385), demonstrating its advantage in time span and syn-
chronization with market cycles.

(2) ESSI: S&P 500 dataset records the highest score (0.0140),
indicating that its related texts provide immediate responses
to major market events, which leads to higher volatility and
stronger correlation with trading volume. Bloomberg (0.0114)
focuses on offering comprehensive market analysis and fore-
casts rather than instant reactions, making it relatively less
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Fig. 2. Radar Chart of Dataset Performance Across Five Metrics (after
processing with z-score and sigmod)

sensitive to market shocks and less effective in capturing short-
term fluctuations.

(3) CTI: Bloomberg dataset achieves 5.1064, which is signif-
icantly higher than other datasets. This indicates that its texts
are longer and contain richer causal narrative structures, en-
abling effective causal relationship modeling. In comparison,
the CTI values of the Tweets and KrossKinetic are close to 1,
reflecting their limited capacity for causal semantic modeling
due to shorter texts that lack sufficient context and causal logic.
(4) pgrapn: JanosAudran financial reports dataset obtains the
highest score (0.0075), which is clearly higher than news
datasets. Since financial reports typically contain structured
information that explicitly specifies entities and their inter-
connections, they are more suitable for fine-grained entity
relationship modeling.

(5) DSsens: JanosAudran financial reports also lead with a
score of 0.8502, indicating that their sentiment polarity aligns
more consistently with actual market reactions. In contrast,
news and social media texts are influenced by wording vari-
ations and media selectivity, which results in relatively lower
sentiment consistency.

C. Verification Experiment

1) Experimental Objective: This section is to empirically
validate the effectiveness of the quantitative evaluation met-
rics proposed by the FINS. While FINS provides multi-
dimensional static scores for financial datasets, it is imperative
to verify whether these scores possess significant predictive
validity regarding the actual performance of models in down-
stream applications. Since MCCR is essentially a descriptive
statistical metric measuring the cycle coverage , its validity is
established through explicit data distribution analysis.

2) Experimental Setup and Pipeline: To validate the effec-
tiveness of FINS metrics, this study established a standardized
source training and downstream testing evaluation pipeline.

We utilized Qwen-2.5-0.5B as the base model and employed
Low-Rank Adaptation technology (LoRA) to fine-tune it under
identical hyperparameters on three corpora with distinct FINS
characteristics, specifically Bloomberg (High-FINS data), Fi-
nancial Tweets (Low-FINS data), and JanosAudran (high
specificity data). The models were subsequently evaluated on
three benchmark datasets:

o StockNet [28] is a comprehensive dataset that aligns
crowd-sourced social media texts with historical stock
price movements to support binary classification tasks.
StockNet validates the ESSI metric by examining the
capacity of the model to extract effective market signals
from social media noise to measure data impact.

o FinCausal is a specialized corpus derived from the Fi-
nancial Document Causality Detection Task, featuring
annotated complex cause-effect chains extracted from
financial news. FinCausal can validate CTI and pgrapn
by assessing the ability of the model to construct deep
causal chains and dynamic knowledge structures.

e SEC 10-K Snippets * comprise a collection of text
segments extracted from annual financial reports filed
with the U.S. Securities and Exchange Commission,
characterized by rigorous and specialized legal-financial
terminology. SEC 10-K Snippets for domain adaptation
validates DS,.,s by calculating Perplexity, also known
as PPL, to measure the generalization robustness of the
model when adapting to difficult professional terminol-
ogy. The PPL is calculated as follows:

PPL(X) _ e—% {_1InPy(z|wes) (13)

where Py(z;|x<;) represents the predicted probability
assigned by the model to the i-th token, and a lower PPL
indicates superior domain adaptation.
3) Results and Analysis: Table 3 reports the result of
performance evaluation on downstream tasks.

TABLE III
PERFORMANCE EVALUATION ON DOWNSTREAM TASKS

Training Dataset Source

Task Metric
Bloomberg Tweets JanosAudran
StockNet Accuracy 69.60% 63.25% 65.72%
FinC 1 Accuracy 60.49 % 8.79% 7.50%
mntausal "~ F| Score 18.24% 13.95% 11.87%
SEC 10-K  PPL () 7.6204 7.6954 9.1430

Note: PPL (Perplexity) measures model uncertainty, thus a lower score reflects better
domain adaptation.

On the StockNet benchmark, the Bloomberg model achieved
the highest accuracy (69.60%), surpassing even the in-domain
Tweets model (63.25%). This demonstrates that high-ESSI
data captures intrinsic market event-driving signals and sen-
timent shock that facilitate superior cross-domain generaliza-
tion, whereas the low-ESSI Tweets dataset suffers from signif-
icant noise interference that hampers predictive performance
despite domain consistency.

3https://huggingface.co/datasets/DerivedFunction/sec-filings-snippets- 10K



In the FinCausal task, the Bloomberg model dominated with
an F1 score of 18.24%, while baselines degraded to below
14%. This confirms that high CTI equips models with the deep
logical reasoning necessary to avoid mode collapse. Moreover,
the underperformance of JanosAudran, despite its high static
graph density (pgrapr), proves that true financial intelligence
relies on dynamic causal logic to activate entity connectivity
rather than the rote memorization of static structures.

On the SEC 10-K benchmark, the Bloomberg model
achieved the optimal perplexity (7.6204), significantly outper-
forming the report-based JanosAudran model (9.1430). This
reveals that the extremely high DS, s of JanosAudran leads
to overfitting and “brittle” adaptation to specific wording
styles. In contrast, the Bloomberg dataset strikes a critical
balance, maintaining professional adaptability while ensuring
robust generalization to unseen standardized filings.

V. CONCLUSION AND FUTURE WORK

To address the limitations of singular evaluation metrics, we
propose FINS task-driven data evaluation framework. FINS es-
tablishes the feature engineering mechanism and mathematical
expression for the evolution of FSA from simple polarity clas-
sification to multi-dimensional deep semantic features (cycle,
risk, causality, entity, wording). Empirical results demonstrate
that FINS can reveal differences in task alignment among
datasets. Specifically, downstream validation on StockNet,
FinCausal, and SEC 10-K confirms that High-FINS datasets
achieve superior performance in market prediction, logical
reasoning, and domain adaptation. Future work will extend
to three-dimensional evaluation involving datasets, tasks, and
large language models, in order to enhance the practicality and
interpretability of financial NLP systems.
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