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EXAMINING THE ROLE OF TEXT ANALYSIS IN
SOYBEAN OIL FUTURES PRICE PREDICTION

ABSTRACT

This paper proposes an innovative framework that combines multi-source text analytics
with machine learning to address the serious challenge of information asymmetry in the
derivatives market. To address the limitations of traditional structured data models in
capturing speculative trading behaviour, this paper quantifies the transmission mecha-
nism of investor sentiment to the futures market through synergistic modelling with
natural language processing and complex network analysis. Firstly, we construct a sen-
timent dictionary extension method for the futures domain based on the BERT model,
which solves the problem of insufficient coverage of futures terms in general-purpose
dictionaries. Second, we construct a dynamic user relationship network through Lou-
vain's algorithm, integrating the three-modal interaction features of content similarity,
time synchronisation, and attribute relevance, to reveal the structural evolution patterns
of the high-frequency trading groups and technical analysis communities in the soybean
oil futures bar. Finally, we design a Generative Adversarial Network (GAN)-driven title-
text consistency optimisation mechanism to dynamically identify sentiment-conflicting
texts using the Transformer-CNN-MLP architecture and fill in the missing values by com-
bining with a neutral filler strategy. Empirical evidence shows that the LSTM model that
combines a new sentiment lexicon and fuses community influence metrics with adver-
sarial consistency weights has the best predictive performance compared to other
benchmark models. This framework provides an interpretable technical path for social
media-driven financial forecasting by synergising textual implicit features with group
interaction patterns, and its modular design can be extended to the field of commaodity
risk management and RegTech.

Keywords: financial derivatives, unstructured financial data analysis, financial
sentiment dictionary, agricultural futures pricing, community impact monitoring, market
stability, risk management

JEL Classification: G11, Q11, C53

INTRODUCTION

As one of the most important varieties of vegetable oil in the world, the fluctuation of
soybean oil futures price not only directly affects the production cost and profit margin
of the crushing enterprises but also affects the stable operation of the downstream
industrial chain, such as feed processing and food manufacturing, and ultimately leads
to the consumption end of the population. In the agricultural futures market, soybean
oil futures, with their active trading volume and wide market participation, have become
a key wind vane reflecting the supply and demand pattern and price expectations of oil
and oilseeds. Especially in the context of the turbulent global trade pattern of agricul-
tural products and the frequent occurrence of climate anomalies, the accurate prediction
of soybean oil futures prices is of irreplaceable strategic significance in guaranteeing
national food security, stabilising the income of farmers, and guiding the risk manage-
ment of the industrial chain.

As an important renewable agricultural commaodity, soybean oil's futures price fluctua-
tions have a direct impact on the stability of the agricultural industry chain and farmers'
returns. In recent years, with the rise of social media platforms, the interaction between
investor sentiment and market information has changed significantly. Traditional studies
have constructed prediction models based on historical trading data and macroeconomic
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indicators (Lin et al., 2022; Zhang et al., 2023). However, such structured data have limited ability to capture sudden
public opinion events, making it difficult to fully reflect the psychological dynamics and group interaction behaviour of
market participants. Especially in the context of high social media penetration, investor sentiment spreads rapidly and
creates a resonance effect through online forums, but there is still a systematic lack of mining multi-dimensional textual
features (e.g., sentiment polarity, community influence, and headline-text consistency) of user-generated content (UGC)
in existing studies. For example, the Universal Sentiment Dictionary has insufficient coverage of futures terms, leading to
biased quantification of sentiment intensity (Catelli et al., 2022). Traditional models ignore the dynamic interaction patterns
of user groups, making it difficult to capture the diffusion of panic or the structural evolution patterns of technical analysis
groups (Cordeiro et al., 2016). In addition, sentiment clashes between headlines and body text are frequent in social
media, but existing methods lack mechanisms to dynamically suppress the noise (Alshemali, 2022). These limitations
severely restrict the incremental value of text data in price prediction.

From the perspective of financial economics, soybean oil futures price volatility is essentially the equilibrium result of the
game between market information asymmetry and investor expectations. According to the efficient market hypothesis,
traditional pricing models rely on historical prices and macro indicators that reflect only weak efficient market information
(Fama, 1970), while unstructured text data generated by social media carry real-time interactions between investor sen-
timent and private information, which may affect the efficiency of futures pricing by altering the expectation of risk pre-
mium (Tetlock et al., 2008). Especially in the agricultural futures market, unexpected public opinion is prone to negative
feedback loops due to the characteristics of long production cycles and fragile supply chains (Gilbert & Morgan, 2010).
The stability and synergy of the financial architecture are crucial to sustain economic growth, especially in the context of
globalised markets.

This paper proposes an innovative framework that fuses deep learning and complex network analysis to enhance multi-
feature collaborative modelling capabilities by drawing on (Chavarnakul & Enke, 2008)'s idea of combining neural networks
with traditional technical analysis, as well as (Daradkeh, 2022)'s hybrid data framework. By synergistically exploiting textual
implicit features and group interaction patterns, this framework provides an interpretable technical path for social media-
driven financial forecasting, and its modular design can be extended to the fields of commodity risk management and
RegTech, which provides a practical reference for cross-market sentiment contagion modelling (Zhang et al., 2025) and
systemic risk prevention and control.

LITERATURE REVIEW

In recent years, advances in text analytics in financial forecasting have provided new ideas for agricultural futures research.
(Zheng et al., 2023) proposed a dynamically updated sentiment knowledge learning framework to enhance cross-domain
adaptability through knowledge distillation techniques. (Zhu et al., 2021) developed a GL-GCN model that significantly
improved sentiment classification accuracy by jointly modelling global semantic and local syntactic dependencies. In finan-
cial time-series forecasting, (Igbal et al., 2022; Daoudi et al., 2025) validated the effectiveness of deep learning models in
fine-grained sentiment analysis, while (Gurav & Kotrappa, 2020) captured the non-linear impact of market sentiment on
stock prices by fusing sentiment analysis with RNN networks. In addition, (Zhao et al., 2023) systematically explored the
application of semi-supervised learning and transfer learning in reducing annotation dependency, which provides a solution
for resource-constrained scenarios. However, most of the existing studies focus on news headline sentiment analysis (Gong
etal., 2022), and there is still a gap in the deep mining of unstructured text in community forums and a lack of multimodal
interaction feature modelling for futures markets (Gach & Hao, 2013).

Text sentiment analysis, as an important technical tool in the field of financial forecasting, has experienced an evolution
in methodology from traditional lexicographic methods to deep learning. (Yadollahi et al., 2017) systematically reviewed
the technological path of sentiment analysis from viewpoint mining to sentiment computation, pointing out the core posi-
tion of machine learning and deep learning in semantic modelling, but stressing that contextual understanding and multi-
modal fusion are still the key challenges. (Zhang et al., 2018) focus on deep learning techniques and verify the advantages
of CNN, RNN and attention mechanisms in sentiment polarity capture, while pointing out that data scarcity and model
interpretability constrain its application in financial scenarios. Aiming at the problem of insufficient domain adaptation,
(Zhu & Mao, 2023) proposed a knowledge-guided fine-tuning framework based on BERT to optimise financial text repre-
sentation by incorporating a sentiment lexicon, which provides methodological support for the semantic capture of futures
terms. It is worth noting that the precise parsing of financial texts needs to consider the impact of institutional safeguards,
and (Zhukovska, 2025) confirm that a collaborative regulatory framework can enhance market information transparency
through a multi-domain self-organising mechanism for equities, credit, etc., which provides the theoretical references for
the construction of interference-resistant domain-adaptive strategies in this study. (Das & Singh, 2023) further compare
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the technical routes of multimodal sentiment analysis and emphasise the importance of cross-modal alignment and noise
suppression for financial opinion modelling, providing a theoretical basis for this study to fuse textual, temporal and attrib-
ute features.

Collaborative modelling of multimodal data injects new dynamics into financial forecasting. (Sun et al., 2024) proposed a
multimodal sentiment analysis method based on similar modal complementation, which solved the problem of missing
data through adversarial learning and verified the effectiveness of cross-modal correlations for modelling market sentiment.
(Liu et al., 2024), on the other hand, constructed a modal shift framework to reconstruct missing modal data using gen-
erative adversarial networks, and their robustness enhancement strategy provides a reference for noise suppression in
social media texts. At the financial application level, (Kamara et al., 2022) integrated LSTM-GRU model with technical
indicator analysis to confirm that multimodal feature fusion can significantly improve the accuracy of stock price prediction,
and (Abdullah et al., 2024) verified the nonlinear association between news sentiment and stock price through an inter-
pretable deep learning model, which provided an empirical basis for constructing a hybrid framework of sentiment-trading
data in this study. However, most of the existing studies focus on the stock market, and there is still a gap in mining
multimodal interaction features in the field of agricultural futures.

Complex network theory provides a new paradigm for the analysis of investor group behaviour. The Louvain algorithm
proposed by (Guillaume, 2008). achieves efficient community segmentation of large-scale networks through modularity
maximisation, and its hierarchical clustering mechanism lays the algorithmic foundation for dynamic user relationship
modelling. (Kojaku et al., 2024) break through the limitations of traditional heuristics and propose a community detection
framework based on neural embedding, validating the potential of end-to-end learning in time-series network analysis. In
the financial field, (Chen et al., 2025) constructed a community detection-driven ranking aggregation model to reveal the
manipulation behaviour patterns of abnormal node clusters, and their dynamic community feature extraction method
provides technical insights for identifying high-frequency trading groups in this study. These theories complement the
empirical findings of (Jamal & Singh, 2025), who demonstrated that mandatory forensic accounting in the banking system
suppresses the flow of fraudulent information, which is of inspirational value to this study in designing a headline-body
consistency optimisation mechanism to block the propagation of noise in community networks. Existing studies are mostly
based on static networks or single-modal features, and have not yet systematically integrated the three-modal interactions
of content, time and attributes, which restricts the quantitative analysis of the resonance effect of group emotions.

Text noise suppression is a core aspect to enhance the reliability of financial prediction. (Liu et al., 2020) proposed an
adversarial training framework for pre-trained language models, which enhances model robustness by dynamically gener-
ating adversarial samples, and its game optimisation mechanism provides a technical prototype for headline-text con-
sistency modelling. (Elazar et al., 2021) constructed a logical consistency assessment system to reveal the interference
effect of semantic contradictions on model output and proposed an antagonistic fine-tuning strategy, which provided
theoretical support for designing a dynamic weighting mechanism in this study. In the financial scenario, (Agoraki et al.,
2022) combine textual sentiment with bank microdata to confirm that emotional conflicts exacerbate market volatility,
highlighting the incremental value of consistency features in price prediction. However, existing methods mostly rely on
rule filtering or fixed weights, which are difficult to adapt to the dynamic evolution of the opinion environment, and there
is an urgent need to introduce an adaptive noise suppression mechanism.

Financial economics theory states that the price discovery function of derivatives relies on the ability of market participants
to aggregate information about the value of underlying assets (Grossman & Stiglitz, 1980). Existing research on the appli-
cation of textual data is mostly limited to sentiment pricing in the stock market (Jegadeesh & Wu, 2013), while the unique
attributes of agricultural futures, such as seasonal supply shocks, frequent policy interventions, and rigidity of the industry
chain's hedging needs, make the sentiment transmission present a non-linear characteristic. For example, when a trend
consensus is formed in the technical analysis community, price volatility may be amplified through the *herd effect’ (Sanders
& Irwin, 2010). When hedgers are pessimistic, the basis risk premium may widen abnormally (Adjemian et al., 2014). The
Louvain multimodal community detection method proposed in this paper is able to identify the evolutionary patterns of
such structural sentiment factors, which complements Daradkeh's hybrid data framework and jointly explains the second-
order transmission mechanism specific to the futures market. In addition, the adversarial consistency optimisation mech-
anism reduces the interference of non-fundamental sentiment noise on pricing efficiency by suppressing headline party
noise, which has theoretical echoes of the market microstructure theory's hypothesis that ‘information purity affects the
speed of price convergence (O’hara, 2015). As a result, existing studies are deficient in domain dictionary adaptability,
group interaction modelling and noise suppression mechanisms.
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AIMS AND OBJECTIVES

This study is dedicated to developing a machine learning framework that incorporates multi-source text analysis to sys-
tematically address the core problem of underutilised social media data in soybean oil futures price prediction. To address
the limitations of existing research in terms of domain dictionary suitability, group interaction modelling and noise sup-
pression mechanisms, we establish three core objectives.

First, the financial sentiment lexicon is extended by a domain-adaptive strategy of BERT modelling to enhance the semantic
capturing ability of futures terms. Specifically, the informal corpus subset of the Chinese financial sentiment dictionary is
extended by screening seed terms in the futures domain based on contextual semantic clustering of BERT-base-chinese
and designing a mutual exclusion constraint algorithm to resolve cross-polarity conflicts. Combining artificial semantic
auditing with an influence weighting mechanism, we quantify the effect of textual sentiment propagation and improve the
precision of sentiment representation of futures terms.

Second, to reveal the driving mechanism of investor community structure evolution on price volatility. By constructing a
tri-modal user relationship network with content similarity, time synchronisation and attribute relevance, and adopting
Louvain's algorithm to achieve dynamic community detection, we identify typical structures such as high-frequency trading
groups and technical analysis groups. The features of community size, activity and sentiment volatility are extracted to
establish the correlation model between group sentiment resonance and price fluctuation.

Finally, robust noise suppression mechanisms are designed to optimise prediction reliability. A Transformer-CNN-MLP ad-
versarial consistency framework is developed, where the generator dynamically outputs headline weights and the discrim-
inator evaluate the probability of headline-text sentiment consistency. Implement a neutral padding strategy to solve the
temporal missing problem, and block the propagation of headline party noise by minimising the loss function through
alternating optimisation.

METHODS

Data retrieval

As an important pricing benchmark in the global agricultural derivatives market, the fluctuation of soybean oil futures
prices directly affects the hedging strategies of crushing enterprises and the planting decisions of farmers. The Dalian
Commodity Exchange (DCE) soybean oil futures main continuous contract has the characteristics of high liquidity and
strong market attention, which can effectively characterise the soybean oil futures price trend. Therefore, the futures price
is selected as the dependent variable in this study, and we define the formula for the dependent variable futures price as:

) Open + Close
Price =———F7——
2

The daily frequency price series from May 2011 to November 2024 is obtained through Choice Financial Terminal, a
database that provides authoritative and continuous financial market trading data covering major global futures varieties,
ensuring the reliability and integrity of the data. The final obtained dependent variable series contains 3,292 valid obser-
vations, with a time span covering key historical stages such as China's agricultural policy adjustment and international
commodity price fluctuations.

In terms of independent variable selection, this study constructed two types of explanatory variables, structured market
data and unstructured textual data, i.e., historical futures market trading data and textual posting information of the
futures soybean oil bar.

The structured data contains daily frequency trading indicators of the soybean oil futures market, and we select 9 daily
frequency trading indicators, of which the price series include opening price, closing price, high price, low price, settlement
price, the volatility indicators include up/down value and up/down amplitude, and the liquidity indicators include turnover
and turnover. All of these data come from the transaction-by-transaction records officially released by the Dalian Com-
modity Exchange, which are strictly aligned with the dependent variable data, and form a complete synchronised time
series after outlier detection and missing value processing.

Unstructured data comes from the content of user postings in the Soybean QOil Futures Bar on the Oriental Wealth Network,
and the timeframe is consistent with the price data. The raw data contains basic fields such as posting time, user name,
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title, body text, and interactive data reflecting the characteristics of information dissemination, such as the number of
likes, reads and comments.

Soybean oil data collection and pre-processing

We crawled posts published by netizens from the Soybean QOil Bar on the Oriental Wealth Network (OWN), crawling the
web is a strategy widely used by programmers to efficiently download data from web systems (Zhou et al., 2024). We
crawled the text data from May 2011 to November 2024, with a total of 162,979 valid data points, including the time of
publication, username, title, body, likes, reads, and comments.

After crawling the soybean oil futures bar text data, we need to perform a series of data preprocessing to clean, insert
and manipulate the downloaded text data. Firstly, we carried out the removal of noise, including HTML tags, URLs, emails,
punctuation marks, special symbols, retaining Chinese, English and nhumbers. Remove redundant spaces, line breaks, tabs
and other operations. Then, we deal with missing values based on title and body de-emphasis, fill the title with body if
there is no title, fill the body with title if there is no body, and delete the records that still have an empty title or empty
body. Through these efforts, we obtained 154,486 valid data points.

Considering that there are multiple daily textual data and people can publish information (trading or non-trading) at any
time, in order to aggregate multiple articles within a day into daily frequency data, we merge the published articles from
23:00 on day T-1 to 23:00 on day T and assign them to day T-1 as shown in Figure 1, which is published on day T-1, and
our processing operation consists of two main rules: (1) News published before 23:00 is classified as an article from the
previous trading day. (2) News published after 23:00 is classified as articles of the current trading day. Having formulated
these rules, we can generate a training model for day T-1 by training the model.

Figure 1. Schedule.

This guide describes the posting schedule for the Soybean Qil Bar. Considering that the trading hours of soybean oil futures
are 9:00-10:15, 10:30-11:30; 13:30-15:00; and 21:00-23:00, we take the textual data from 23:00 (the date of day T-1)
to 23:00 (the date of day T), such as on the day of T-1. Thus, we can use the text function of the previous trading day to
train the model to predict the soybean oil futures price on the current trading day.

For each time interval, filter out all article titles and body content within that interval. The filtered titles and body contents
are merged into one piece of data, respectively, connected using spaces or other separators. At the same time, the number
of likes, comments, and reads of the articles is also aggregated using summation. Then we processed the title and body
part of the article with the word segmentation, and this paper used Jieba, a third-party library for Chinese word segmen-
tation in Python. By aggregating daily frequency data, a total of 2857 pieces of data were obtained.

Figure 2 visualises the dynamic characteristics of user-generated content over the sample period. From May 2011 to
November 2024, we can observe a significant upward trend in the posting volume of the soybean oil bar, with an average
of 1,000 articles per month and a CAGR of 18.7%, until November 2024, when the number of posts in a single month
exceeded 1,500 articles. This continuously growing scale of user-generated content (UGC) indicates that with the popularity
of social media and the maturity of the soybean oil futures market, investors' reliance on online communication platforms
continues to increase, and the soybean oil bar has gradually become the core field for investors’ information exchange,
and its text content can systematically reflect the collective cognitive evolution of market participants, and the high activity
and continuous growth of the textual data provide an adequate data base for the study, ensuring the model training. The
high activity and continuous growth of text data provide a sufficient database for the study and ensure the sample size
requirement for model training.
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Figure 2. Histogram of the total number of articles per month in the Soybean Oil Futures Bar.

Extracting textual information from soybean oil futures bars allows us to extend the existing dataset and thus improve the
performance of predictive models. In addition, due to the rapid development of NLP techniques, it is feasible and conven-
ient to extract potential features from soybean oil futures bar articles. Therefore, this study hopes to improve prediction
accuracy by extracting more predictive features from soybean oil futures bars.

The analysis of people's sentiment has long been recognised as a predictive driver of economic activity and financial
markets (Bork et al., 2020; Clerides et al., 2022; Lemmon & Portniaguina, 2006; Liu & Matthies, 2022). With the rapid
development of mass media, investors have greater access to up-to-date financial news and information, which may
contain different public sentiments or attitudes and may influence investor behaviour in financial markets (Bai et al., 2022;
Cookson & Niessner, 2020; Tetlock, 2007). Thus, text mining in this study consists of three parts. Firstly, we designed a
domain-adaptive sentiment dictionary construction method based on BERT for the domain characteristics of financial texts,
and obtained five indicators: total sentiment score, average sentiment score, total reads, total likes, and total comments.
Secondly, we introduced Louvain's algorithm to divide users' dynamic communities, constructed users' relationship net-
works through multimodal similarity, and obtained the community size, community activity, five indicators of average
community sentiment score, sentiment fluctuation rate, and sentiment propagation speed. Finally, we propose an adver-
sarial consistency model based on Transformer-CNN-MLP to suppress headline party noise through dynamic weight ad-
justment, and obtain three metrics: aggregated headline sentiment score, aggregated body sentiment score, and aggre-
gated headline dynamic weight. In addition, we predict the soybean oil futures price using an LSTM model.

Constructing emotion indicators for the emotion lexicon based on the BERT-Base-Chinese model

In order to systematically extract the market sentiment features in the text of soybean oil futures bar, this study designs
a method for constructing a sentiment dictionary combined with domain knowledge enhancement, with the following
process.

After data cleaning, daily frequency data aggregation, and lexical segmentation are performed on the text data of soybean
oil futures bar, based on the semantic properties of financial texts, the informal corpus subset of the Chinese financial
sentiment dictionary constructed by (Yao Gajuan et al., 2021), which is applicable to the sentiment analysis of financial
texts, such as annual reports and social media, is selected as the initial dictionary. In order to solve the problem of
insufficient coverage of futures market terms in the general-purpose financial dictionary, this paper introduces a domain
adaptation strategy.

Based on semantic similarity and sentiment co-occurrence, the lexicon is extended on the basis of the original lexicon.
Contextual semantic clustering analysis is performed on the soybean oil bar corpus through the BERT model to filter out
domain seed words that are strongly related to futures trading, so as to construct a domain-sensitive thesaurus.

In this paper, the BERT-Base-Chinese pre-trained model is used to generate dynamic word vectors, which are mathemat-
ically expressed as:

ew=BERTWC—k, k€R768e,, = BERT (w|C|_ix]) € R7%®
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Where C|_, ) denotes the context window centred on the target word w (setting k = 5).

For the seed word set S = {sy,s5, -, s,}, the semantic similarity of the candidate word c; is computed:

€s;° ec]-

les.l

e

sim(si, c]-) =

A similarity threshold = = 0.85 is set to filter the candidate words that satisfy the conditions to be added to the extended
dictionary. To avoid cross-polarity conflicts, we introduce a mutual exclusion constraint mechanism; if the similarity be-
tween the candidate words and the positive and negative seed words both exceeds the threshold, they are categorised
according to the direction of maximum similarity. We use a collection data structure to store the extended dictionaries. In
addition to this, to ensure the accuracy of the constructed sentiment dictionaries, we manually re-screened the vocabulary
and sentiment tendencies of the extended dictionaries and merged the selected original positive and negative dictionaries
with the extended positive and negative dictionaries, thus constructing a comprehensive sentiment dictionary.

Sentiment intensity is achieved by word frequency statistics and normalisation. Min-Max normalisation of sentiment word
frequencies in daily granularity text:

fw fw

Intensity; = ————— Intensity, = - ———
Y maxgeyt fi v Maxgey- fi

where f,, denotes the positive word frequency of the word; maxc,+ fi andmaxe,- f;, denote the maximum positive and
maximum negative word frequencies.

Then for the body text, we define T = {w;,w,,--,w,} to denote the set of textual words after disambiguation, P =
{(w, sp(w))} to be the positive sentiment lexicon, where s, (w) is the positive intensity of word w, and N = {(w, s,(w))}
to be the negative sentiment lexicon, where s, (w) is the negative intensity of word n.

Firstly, the scores are initialised, positive score positive_score = 0 and negative score negative_score = 0.

Then construct a dictionary mapping to convert the positive and negative sentiment dictionaries into a hash table with
keys as words and values as intensities to improve query efficiency. Next, we traverse each word in the text and perform
the following operations on each word w after word splitting:

If w is in the positive lexicon, then its positive intensity is accumulated to ¥ ernp s, (W) += s, (W).
If w is in the negative lexicon, then its negative intensity is accumulated to Y., cray Sn(W) += s, (w).
From there, we can calculate the raw sentiment score for each article with the following formula:

Si= ) s Y 5w

WETNP WETNN

Further, we introduce communication influence weights, and the single text weighted sentiment score is calculated as:
S, = Qweut Intensityt — Y, eo- Intensityy,) X Wiikes * likes + Weomments - COMMeENts + Wyeqqs - reads)

The impact score of the article was combined with the sentiment score to calculate a weighted sentiment score:
Score =51 X S,

Where S, is the sentiment score for each article, and S, is the impact score for each article.

Multimodal user community detection metrics based on Louvain's algorithm

In order to deeply explore the interaction patterns of the user community of soybean oil futures bar and its influence on
the propagation of market sentiment, this study proposes a dynamic community detection method incorporating multi-
modal similarity to capture the spatio-temporal evolution of the propagation of group sentiment by constructing a dynamic
user relationship graph and extracting community-level sentiment features. The core innovation of this method lies in the
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introduction of multidimensional relationship definitions to construct user networks and the combination of Louvain's al-
gorithm to identify potential community structures, which breaks through the assumption of individual independence in
traditional sentiment analysis and provides a new perspective for group sentiment modelling.

Firstly, a weighted undirected graph G = (V, E) is constructed based on the user's posting behaviour, where node V de-
notes the user ID, and the edge E weights are computed by a combination of three-modal similarities:

First, based on content similarity, TF-IDF is used to quantify the body of users' postings, calculate the cosine similarity
between users u; and u;, filter the deactivated words, and add edges if they exceed a threshold, weighted by the similarity
value.

vl . v

SiMcontent = —]: v; € R4
lvall]|v]

where d is the TF-IDF feature dimension.

Secondly, based on the time proximity, the time difference between two users' posting times is calculated, and the weights
are generated according to the exponential decay formula; the smaller the time difference is, the higher the weights are:

. At
SiMiime = €XP (— ?),r =6

Thirdly, based on attribute similarity, the Euclidean distance similarity of the number of likes, comments, and reads of a
user's posting is calculated to add edges if it exceeds a threshold, and the weight is the similarity value, which is publicised
as:

||ai - a]-||
R [
StMater o+ + ¢

where ¢ = 1e~5 prevents division by zero errors.

If there are multiple relationships between two users, the final edge weights are the weighted sum of the weights of the
relationships, and only edges with weights above a threshold of 0.5 are retained.

Based on the principle of maximising modularity, the Louvain algorithm is used to segment the daily user relationship
graph into communities and identify closely interacting user groups. The maximised modularity degree Q is:

1 kik;
Q=g |2 =] 9 )

ij
where m s the total edge weight, k; is the weighting degree of node i, and c; s the community label.

The algorithm iteratively performs the following steps until convergence:

Firstly, local optimisation, assigning each node to the position with the largest modularity gain in the neighbouring com-
munity. Secondly, network coarsening, nodes in the same community are merged into supernodes and edge weights are
updated.

For the detected community C,, we extracted feature data measuring community size, activity, and sentiment character-
istics, and finally, to match the daily frequency prediction requirements, we merged the aggregated daily frequency data
according to the following rules. For community size, the total number of users is the sum of the number of users in each
community, and for activity and sentiment weighted average, the number of users in the community or the activity is used
as the weight, and the weighted average value of the indicator is calculated.

Headline-Body Adversarial Consistency Metrics Based on the Transformer-CNN-MLP Model

Aiming at the problem of inconsistency between the title and the body sentiment in social media text, this paper proposes
an adversarial consistency modelling method based on a generative adversarial network (GAN), which suppresses the
noise interference by dynamically adjusting the title weights. The model framework is shown in Figure 3.
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Figure 3. Flowchart of Transformer-CNN-MLP model.

The generator uses the Transformer encoder structure, and the input is a sequence of sentiment scores for the headline
and body text, as follows:

The headline sentiment score S;;;;. and body sentiment score S.,,:en: are spliced into a two-dimensional sequence X €
RB*2 where B is the batch size, and mapped through a linear layer to a high-dimensional space X,,,.q € RE*?*4, where
d = 64. A 2-layer Transformer encoder is used to capture the global dependencies of the sequence, with the number of
attention headers n.qq = 4, the feed-forward network dimensionality d;; = 256, and the output features H € RE*2x4,
After taking the mean value of the sequence dimensionality, a scalar weight w € [0,1] is output through the fully-connected
layer, and it is computed as:

2
1
w=oc| MLP (Ez Hl->

i=1
where o is a Sigmoid function that ensures weights are normalised.

The discriminator consists of a one-dimensional convolutional neural network (CNN) with a multilayer perceptron (MLP)
for evaluating the sentiment consistency of the input features as follows:

The convolutional layer input feature X € RBX1 is convolved by two layers to extract the local pattern, with channels
32—64, a convolution kernel 3, padding 1, and dimensionality reduction by adaptive maximum pooling to RE*¢4, The
classification layer MLP (64—32—1) outputs the probability value p € [0,1], which indicates the degree of consistency
between the title and the body of the text, and the loss function is the binary cross entropy (BCE Loss).

The generator and the discriminator achieve a dynamic game through alternate optimisation, where the discriminator and
the generator are optimised to minimise the classification error between real and generated samples, and to maximise the
probability of generating the discriminatory probability of the weights:

N[~

Lp ==[BCE(D(G(SS.)), 1) + BCE(D(zy),0)]

Lg = BCE(D(G(S.,5.)),1)
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where z, is random noise; S, and S are headline and body sentiment scores, respectively.

After the training is completed, the generator outputs the original weight w for each text, which is normalised to the
interval [0,1] by the Sigmoid function; the closer the weight is to 1, the higher the emotional consistency between the title
and the body of the text, and vice versa, the emotional impact of the title needs to be suppressed.

weight = m

Soybean oil futures price prediction based on LSTM model

In this paper, Long Short-Term Memory Network model is used to analyse the prediction. Long Short-Term Memory (LSTM)
is a special type of Recurrent Neural Network (RNN) that excels in processing and predicting time series data. LSTM
network was proposed by (Hochreiter & Schmidhuber, 1997), and its main feature is that it can effectively solve the
problem of gradient vanishing or gradient explosion that traditional RNN are prone to when dealing with long sequence
data.

LSTM network consists of a cell, which contains input gate, forget gate and output gate inside the cell, through which the
input, forget and output of information are controlled to achieve the learning and memory of long-term dependencies. The
following is the computational process inside the LSTM unit:

Firstly, the input gate decides which information can pass, then the forgetting gate decides which information needs to be
forgotten, and finally, the output gate decides which information will be output to the next layer of the network. This
design allows the LSTM network to better handle long-term dependencies in time series data and is suitable for data with
complex time series characteristics such as crude oil futures prices.

The following are the mathematical formulas for the internal computational process of the LSTM cell:

L;t = 0 (Wyixe + Wyiheq + by)

C; = tanh(Wycxy + Wyche—q + b.)
0 = 0(WyoXe + Wyoheq + by)

ﬁ = O_(foxt + Wufht—l + bf)

Ce = fiCrq + it Gy

he = o; - tanh(C;)

Where, f; is the forgetting gate, i. Is the input gate, o, is the output gate, C~t Is the value of the candidate memory cell, C;
Is the value of the updated memory cell, x, is the input value, h, is the output value, o. tanh is the Sigmoid function, W
Is the weight matrix and b is the error.

In addition to the above formulas, Figure 4 shows a schematic diagram of the LSTM:

\ 4
v

Figure 4. LSTM cells.
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LSTM networks have attracted attention for their excellent performance in processing time series data, and thus have a
wide range of applications in areas such as soybean oil futures price prediction. In order to visually assess the prediction
results, we choose three metrics to quantify the prediction performance of the model, including R?, RMSE, and MAE. These
metrics are widely used to assess the performance of prediction models (Baek & Kim, 2018; Wang & Wang, 2020; Wang
et al., 2019; Wen et al., 2016) and are defined as follows:

Yi=1(ye — P)?

RZ =1- - < -
2ie1 (e — P0)?

RMSE =

n
1
MAE == ) |9, —
an’t Vel
t=1
In the above equation, n is the sample size, J, is the predicted value, y; is the true value, and y, is the predicted mean.

RESULTS

Domain Adaptive Sentiment Dictionary Construction

This subsection is based on the text data of soybean oil futures domain, combined with the sentiment dictionary and
influence weighting method extended by the BERT model, to systematically analyse the sentiment score calculation, the
dictionary construction process, and the characteristics of sentiment propagation, and the core content of the experiment
includes the domain sentiment dictionary construction, the quantification of the sentiment intensity, and the calculation of
the influence weighting score.

In order to solve the problem of insufficient term coverage in futures scenarios in a general-purpose financial sentiment
lexicon, the experiment is based on an informal corpus of the developed financial sentiment lexicon, which contains 912
positive words versus 965 negative words, and introduces a BERT-base-chinese pre-training model for domain word ex-
pansion. Positive and negative words in the base dictionary are selected as seed words, and the context-aware word
vectors are generated by the local pre-trained BERT model to fully capture the semantic features in the future text. The
cosine similarity between the candidate words and the seed words is calculated, and the words with similarity higher than
the threshold of 0.85 are filtered and the set mutual exclusion mechanism is used to ensure that the same candidate word
belongs to the positive or negative lexicon only. The expanded candidate words are manually semantically audited to
eliminate ambiguous words, and finally, the base lexicon and expanded words are merged to construct a comprehensive
sentiment lexicon.

In order to quantify the influence of words on sentiment scores, the experiment calculates sentiment intensity based on
word frequency statistics and normalisation methods. The body text of the soybean oil futures bar from 2011 to 2024 is
traversed to count the number of occurrences of positive and negative sentiment words in the daily frequency corpus. The
word frequency of each sentiment word was normalised to the [0,1] interval, with positive values of normalised intensity
for positive words and negative values for negative words. Table 1 demonstrates the normalised intensity values for
selected emotion words. The results show that the intensity of high-frequency words is significantly higher than that of
low-frequency words, indicating that the word frequency statistics are effective in identifying the dominant words of market
sentiment. In addition, the absolute values of negative word intensities are generally higher than those of positive words,
implying that negative emotions have a stronger impact on market participants' decisions.

Table 1. Affective intensity scale for some positive and negative words.

Positive lexicon Emotional intensity value Negative vocabulary Emotional intensity value
Surety 0.0157 Figure a weak and inept person -0.0015
Rise suddenly 0.0368 in stocks -0.0757
Successes 0.0255 retreat -0.0152
Mature 0.0013 flee -0.0066
Number one 0.0851 landmine -0.0002
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Based on the intensity values of the words in the text in the positive and negative sentiment lexicons, we calculated the
raw sentiment score. The number of likes, comments, and reads of each article can reflect the influence and spread of the
article. Articles with a high number of likes, comments, and reads have a greater impact on sentiment spread. To explore
the influence of article spread on sentiment score, the experiment introduces the number of likes, comments, and reads
to construct the influence score and calculate the weighted sentiment score.

Specifically, we use correlation analysis to determine the actual impact of the amount of likes, comments, and readings
on sentiment dissemination, and then determine the weights. Firstly, we standardise the amount of likes, comments and
readings, and calculate the correlation between the amount of likes, comments and readings and the sentiment score to
obtain the correlation matrix, as shown in Table 2. The sentiment score has the highest correlation with the amount of
likes, followed by the amount of readings and comments.

Table 2. Correlation matrix of variables.

Number of likes Volume of comments Volume of reading Emotional score
Number of likes 1.000000 0.057693 0.112753 0.181284
Volume of comments 0.057693 1.000000 0.026506 0.027643
Volume of reading 0.112753 0.026506 1.000000 0.058358
Emotional score 0.181284 0.027643 0.058358 1.000000

Based on the correlation analysis between extraction and sentiment scores, we assigned weights by normalisation as
shown in Table 3.

Table 3. Variable weights.

Variant Weights
Number of likes 0.763436
Volume of comments 0.071457
Volume of reading 0.165107

From this, we can calculate weighted sentiment scores for individual posts, and finally, we aggregate weighted sentiment
scores by time window on a daily basis to capture trends in sentiment spread.

Community detection for dynamic user relationship network modelling

Potential community structure is inferred from users' posting behaviour (posting time, body content). Users with close
posting times and similar body content may belong to the same community. The input data includes article data (posting
time, title, body text, likes, comments, reads) and user data (user ID, posting time, posting content), and the output data
is article and user data aggregated by day.

Next, a user-user relationship graph is constructed each day, defining relationships between users based on their posting
behaviour and article attributes. Each user acts as a node in the graph, and edges are defined based on posting time
proximity, posting content similarity, and article attributes similarity. For users with close posting times, the weights of
edges are calculated based on the time difference. For users with similar posting content, text similarity is calculated using
TF-IDF and cosine similarity and edges are added when the similarity exceeds a threshold. For users with similar post
attributes, the similarity of the number of likes, comments, and reads is calculated, and edges are added when the similarity
exceeds a threshold. If there are multiple relationships between users, the weights of edges are merged by weighting.
Figure 5 shows the relationship graph of randomly sampled users.
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Figure 5. A sampling of user relationships in the dynamic evolution of investor communities in soybean oil futures discussions: a) 2019-
08-09, b) 2019-08-12, c) 2019-08-13, d) 2019-08-14, e) 2019-08-15, f) 2019-08-23, g) 2019-11-05, h) 2019- 11-08, i) 2020-09-02.

We randomly sampled the user relationship graph for any day for analysis, and Figure 5 shows the results of the community
segmentation of the user relationship network of the Soybean Qil Futures Bar on 22 February 2022. The network contains
a total of 182 nodes (users) and 3318 edges (user interactions), with an average edge weight of 0.54 (range 0.5 to 1.0),
indicating that interactions between users are dominated by medium- to high-intensity associations. Six communities were
delineated by Louvain's algorithm with a modularity of 0.554 (>0.3 threshold), which is significantly higher than the
benchmark value of random networks, verifying the strong aggregation of community structure.

As shown in Figure 6 and Table 4, community 0 is a high-frequency trading group, as the largest community, the discussion
of this group revolves around 'price gaming strategy', and users form short-term market sentiment resonance through
intensive interaction. Community 1 is a panic diffusion group. The community in the soybean oil main contract during the
one-day plunge in the formation of the community, the interaction is mainly driven by the event of time synchronisation
contribution, keyword analysis reveals that its content has a strong emotionally oriented characteristics, the formation of
panic “snowball effect." Community 2 is the technical analysis group; the interaction of this community is driven by the
similarity of operation attributes, strictly follows the active trading hours, and the postings contain technical indicator
descriptions, forming a unique sub-network of technical strategy dissemination. Community 3 is the policy response com-
munity, with edge weights derived from attribute similarity and an average user read count of 284. This community focuses
on policy interpretation and shows the information processing mode of institutional investors. The remaining nodes are
ordered as Community 4 and Community 5, which are professional strategy nodes, both of which have an average of
1,668 readings despite accounting for only 1.1% of the total number of nodes.
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Figure 6. 2022.02.22 User relationship diagram.

The light blue area we named community 0, the dark blue area we named community 1, the light green area we named
community 2, the green area we named community 3, the purple area we named community 4, and the pink area we
named community 5.

Table 4. Multimodal user community detection information.

Community 0 Community 1 Community 2 Community 3 Community 4 Community 5

Number of users 53 48 44 35 1 1
Mean value of side weights 0.54 0.55 0.54 0.54 0 0
Percentage of content similar-

ity (%) 0 0 0 0 0 0

Proximity of time as a per-

centage (%) 51.1 51.9 50.1 50.9 0 0
Percentage of attribute simi-

larity (%) 48.9 48.1 49.9 49.1 0 0
Average daily postings 3.3 1.2 15 1.9 3 1
(posts/user)

Average number of likes 1 1 1 1 3 7
Average reading 277 185 402 284 1912 1424
time concentration 0.78 0.97 0.95 0.86 0.82 Nan

After dividing the community using Louvain's algorithm, the community characteristics for each day are extracted, including
community size (the number of users in the community on that day), community activity (the average posting frequency
of users in the community on that day and the average number of likes, comments, and reads on articles), and the
community sentiment characteristics (the average sentiment score of the community on that day, the sentiment volatility
rate, and the sentiment spreading rate).

The output is one row of data generated for each community, and there may be multiple communities on the same day,
resulting in multiple rows of data. In order to achieve the goal of one row of data per day, we need to aggregate the
community characteristics for each day to ensure that there is only one row of data per day. The community size is
aggregated by summing, and since direct averaging leads to the same weighting for small and large communities, the
community activity, average community sentiment score, sentiment volatility and sentiment spreading speed are all ag-
gregated by weighted averaging. Ultimately, the daily community characteristics are stored as a daily frequency community
characteristics table to provide data support for subsequent soybean oil futures price prediction.

This study breaks through the individual independence assumption of traditional sentiment analysis and constructs a three-
dimensional relational network model to achieve visual resolution of group interaction patterns. This provides a multi-level
input dimension for constructing a futures price prediction model incorporating social network features, and subsequent
studies can further capture the community evolution dynamics through a graph neural network (GNN).

274 DOI: 10.55643/fcaptp.5.64.2025.4823


https://fkd.net.ua/
https://www.fta.org.ua/

FINANCIAL AND CREDIT ACTIVITY: PROBLEMS OF THEORY AND PRACTICE
Volume 5 (64), 2025

Headline-Body Adversarial Consistency Modelling

Users may exaggerate or misrepresent the true sentiment when posting headlines for the sake of attracting attention,
which leads to inconsistency between the headline and the sentiment of the body. In this paper, we propose a method
based on title-body adversarial consistency to suppress title party noise. In order to verify the suppression effect of the
dynamic weighting mechanism based on antagonistic consistency on sentiment noise, systematic ablation experiments are
designed in this study. The experiments focus on the optimisation of the temporal data filling strategy and the validation
of the effectiveness of the adversarial module.

A Generative Adversarial Network (GAN) framework is first constructed, in which the generator adopts the Transformer
structure and the discriminator is based on Convolutional Neural Network (CNN) and Multilayer Perceptron (MLP) to judge
the emotional consistency of the headline with the body text. Through adversarial training, the generator learns to dy-
namically adjust the weight of the headline. If the headline is emotionally consistent with the body text, a higher weight
is assigned. If not, the weight is reduced or the anomaly detection mechanism is triggered.

The adversarial network model uses the Transformer-CNN-MLP model, and Figure 7 demonstrates the effect of the level
of headline and body sentiment congruence on the dynamic weight distribution through violin plots. The horizontal axis is
divided into three sentiment difference intervals of low, medium and high, and the vertical axis is the dynamic weight
value output by the model. Figure 8 demonstrates the trend of the loss of the generator and discriminator during adver-
sarial training. The horizontal axis is the number of training rounds, and the vertical axis is the loss value. The two curves
do not show dramatic oscillations or divergence, indicating that the training process is overall stable.
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Figure 7. Violin plot of dynamic weight distribution by emotional congruence.
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Figure 8. Loss Profile of Generator vs. Discriminator.
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When conducting ablation experiments to verify the advantages of this method, it was found that there are different filling
strategies for the time-series misalignment problem between social media comment data and futures prices which can
lead to prediction errors, therefore, five filling strategies were designed to carry out ablation experiments, including Delete,
Forward and Backward Fill (FFill), Zero Fill (ZFill), and Neutral Fill (Neutral Fill). Deletion (Drop) refers to the direct removal
of time points containing missing values. Forward Fill (FFill) is to fill the missing values using the previous day's data.
Backwards Fill (BFill) is the filling of missing values with data from the day after. Zero-fill is when sentiment scores and
interaction metrics are set to zero at the missing location. Neutral means that the sentiment scores of the questions and
text are zero, the dynamic weight is fixed at 1, and the interaction indicator is zero, reflecting the reasonable assumption
of ‘no comment means neutral’ in the financial scenario.

The adversarial consistency model learns the title-body dynamic weights through the GAN framework, and the adversarial
consistency ablation experiments are designed with four baselines, including Baselinel, Baseline2, the no-adversarial mod-
ule model, and the present model (TCAM). Among them, Baselinel refers to weighted sentiment features with fixed
weights (0.3) of the title set manually. Baseline 2 refers to the use of body text sentiment features only. The non-adver-
sarial module model is where the weight of the index question is fixed at 0.5, and no GAN training is introduced. This
model (TCAM) refers to the complete Transformer-CNN-MLP Adversarial Consistency framework, which dynamically gen-
erates title weights.

The Hist Gradient Boosting Regressor model is used for single-step prediction, and the prediction performance is measured
in terms of mean square error (MSE) and mean absolute error (MAE). The experiments ensure the robustness of the
results through five-fold cross-validation and visualise the weight distribution versus the error, as shown in Figures 9 and
10 and Table 5.
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Figure 9. Comparative histogram of model prediction performance with different filling strategies (MAE).
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Figure 10. Comparative histogram of model prediction performance with different filling strategies (RMSE).

Table 5. Comparison of the prediction performance of different models under different filling strategies.

Drop FFill BFill Zero Neutral
MAE 541.28 516.68 514,10 518.15 518.15

Baselinel
RMSE 737.25 715.74 707.62 720.65 720.65
MAE 534,00 506.91 503.43 508.50 508.50

Baseline2
RMSE 730.20 704.62 698.35 709.11 709.11
Model without ad- MAE 481.69 457.58 456.04 456.13 456.13
versarial modules RMSE 649.26 622.72 629.77 629.77 629.77
Current model MAE 432.67 422.16 412.87 416.75 415.03
(TCAM) RMSE 583.84 578.80 563.54 575.96 569.36

The results show that the neutral filling strategy performs optimally in all five metrics, with the lesser optimisation being
backwards filling. Zero-filling leads to prediction bias by disrupting sentiment continuity, while the deletion strategy triggers
severe overfitting due to sample size reduction. Neutral filling effectively balances data utilisation and robustness by pre-
serving temporal integrity and suppressing noise.

Experiments show that when the headline-body sentiment difference exceeds a threshold |4S| > 0.5, the median headline
weight decreases, indicating that the model significantly reduces the contribution of inconsistent headlines. Conversely,
when the difference is smaller, |4S] < 0.1, the comment title weights are elevated, validating the sensitive capture of
sentiment consistency by adversarial training. The introduction of the adversarial consistency mechanism resulted in a
significant decrease in the full-sample prediction error compared to the non-adversarial model. Ablation experiments fur-
ther show that the dynamic weighting feature can capture the ‘headline party suppression effect’. The weight distribution
is significantly right-skewed in samples with high sentiment variance, suggesting that the model filters out noise by reduc-
ing the weight of anomalous headlines. In contrast, the fixed-weight model (Baselinel) shows increased fluctuations in
prediction errors in the high variance range.

The experimental results show that the dynamic weighting mechanism based on the adversarial consistency framework
can effectively identify and suppress the noise interference of title-text sentiment inconsistency, and the neutral filling
strategy further improves the model's generalisation ability by reasonably handling missing values. The method demon-
strates significant advantages in the financial text time-series prediction task and provides an interpretable technical path
for social media-driven price prediction.
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A

Descriptive statistics of data

When analysing the impact mechanism of social media text sentiment features on the financial market, descriptive statistics
is a fundamental step to reveal the intrinsic laws of the data. It can help us accurately capture data distribution character-
istics and identify potential anomalies and distribution patterns, thus providing empirical evidence for subsequent statistical
modelling and economic interpretation. Descriptive statistics is like the geological radar of an explorer, which can penetrate
the surface layer of data and reveal the deep information structure characteristics. The descriptive statistics of the variables
extracted from the text analysis in this study are shown in Table 6. From the concentration trend, the sentiment category
indicators show significant asymmetric characteristics. The mean value of the total sentiment score is 5821.4118, but its
standard deviation is as high as 23250.9524, indicating that the data are extremely discrete and there may be outliers
caused by extreme public opinion events. Further analysing the distribution pattern, the skewness and kurtosis of the total
sentiment score far exceeded the benchmark value of normal distribution, and the Jarque-Bera statistic amounted to 523
million, which verified its right-skewed and spiky thick-tailed distribution characteristics. Similarly, the average sentiment
score and sentiment volatility are both significantly right-skewed, reflecting that there is a long-tail effect in the distribution
of sentiment intensity of social media texts, with a few high sentiment intensity texts dominating the overall distribution.

Table 6. Descriptive statistics of text variables.

Mean Std Skewness Kurtosis Jarque-Bera statistic
Total Emotional Score 5821.4118 23250.9524 39.5222 1950.4561 522677268.2024
Average sentiment score 377.7728 1828.8019 11.5760 168.3612 3961582.4254
Community size 23.5343 35.9691 1.9028 4.43081 4679.4682
Community Activity 1.0464 0.9166 0.4041 0.6811 153.2382
Average community sentiment score -0.2784 3.3901 -7.5530 101.6497 1448597.8225
Sentiment volatility 0.5312 0.9337 11,1261 215.3090 6426686.0295
Speed of emotional transmission 0.6258 1.4231 18.5956 492.3588 33441286.6071
Aggregate Headline Sentiment Score 0.3446 0.2643 -0.5213 -1.6957 543.5127
Aggregate Body Emotion Score 0.3398 0.2604 -0.5259 -1.6971 546.8544
Dynamic weighting of aggregated headings 0.1880 0.1436 -0.5452 -1.7025903 560.7375
Total Likes 43.0860 74.2885 2.6385 11.8995 23241.9864
Total Comments 52.2245 90.4712 3.0342 17.0794 45063.4038
Total Reads 21952.2412 66447.8030 24.7002 765.7133 80757864.5935
opening price 7268.8724 1485.7623 0.5776 -0.7098 252.1316
highest price 7324.2193 1502.2184 0.5757 -0.7105 251.0670
lowest price 7213.5948 1470.0759 0.5831 -0.6968 253.2070
closing price 7268.0522 1486.4691 0.5778 -0.7086 252.0679
rise or fall in price -0.9976 101.4141 -0.6131 9.9328 13739.2760
Percentage increase/decrease -0.0065 1.3016 -0.1173 7.8643 8490.9180
turnover 196587.0981 250430.1543 1.6197 2.7722 2493.4664
turnover 14414121925.3554 | 19590759396.7465 1.8181 3.4943 3488.4930

In the group interaction characteristics, the mean value of community size is 23.53, with a standard deviation of 35.97,
indicating significant dynamic changes in the structure of the user community of Soybean Oil Bar, and the emergence of
large-scale communities on some trading days. The community activity indicator is relatively smooth, but the standard
deviation of sentiment spreading speed reaches 1.4231, implying significant differences in information diffusion efficiency
among different communities. It is worth noting that the average community sentiment score has a mean value of -0.2784
and a standard deviation of 3.3901, corroborating the bi-directional fluctuation characteristics of investor sentiment at the
community level.

In terms of market trading data, the average closing price of soybean oil futures was RMB 7,268.05 per tonne with a
standard deviation of 1,486.47, reflecting the typical volatility characteristics of the price series. The standard deviation of
volume and turnover reached 250,430 lots and 1.95 trillion yuan, respectively, indicating the existence of cyclical tightening
and expansion of market liquidity. The skewness of the up-and-down indicator is -0.6131, and the kurtosis is 9.9328,
which verifies the asymmetric fluctuation pattern of the futures market, which is "slow to rise and fast to fall.” The Jarque-
Bera test for all variables significantly rejects the assumption of normality, highlighting the complex distribution pattern of
financial time-series data, which requires a nonlinear modelling approach to capture its dynamics.
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Soybean Oil Futures Price Forecast Results

To validate the incremental contribution of sentiment features to soybean oil futures price prediction, this study designs a
prediction framework that incorporates data from multiple sources. The experiment uses a sliding window with a time step
of 10 days to construct time series data. The top 10 indicators with the highest correlation with soybean oil futures prices
are screened by the Pearson correlation coefficient method, including the total number of likes, the community size, the
total number of comments, the total number of readings, the sentiment volatility, the total sentiment score, the average
sentiment score of the community, the community activeness, the sentiment propagation speed, and the aggregated
headline dynamic weighting, which compensates for the traditional trading data's capturing of the market psychology
through the extraction of the sentiment indicators with strong explanatory power of traditional trading data to capture
market psychology. At the same time, we selected 9 daily frequency indicators such as opening price, closing price, and
volume, covering price, volatility and liquidity information, to provide basic market dynamics for the model. The data is
divided into a training set (2011-2020) and a test set (2021-2024) in a ratio of 7:3 to ensure that the model learns the
price evolution pattern in the long-period data.

We carried out feature validity validation, we set up comparison experiments including two groups, based on the inclusion
of structured data, the first group of experimental input features are all the extracted sentiment features and the compar-
ison of sentiment features after Pearson test, the second group of experimental input features are the comparison of
structured data and the introduction of the Pearson test after the introduction of the sentiment features. As shown in
Tables 7 and 8, the experiments verify the importance of the Pearson correlation test and text analysis. Specifically, as
shown in Table 7, we systematically evaluated the critical role of Pearson's relevance test in text feature screening. When
the model only uses raw sentiment features fused with transactional data as input, the prediction error performs poorly.
However, after introducing the 10 core sentiment features screened by the Pearson correlation test, the model performance
achieves a significant jump.

Table 7. Comparison of errors in the first group of ablation experiments.

Sentiment data + Transactional data Pearson's Post-test Sentiment Profile + Transactional Data Improvements
MSE 81868.567242 31708.607712 61.268886
MAE 228.155647 120.604446 47.139399
R? 0.915224 0.967165 5.675227

As shown in Table 8, we reveal the significant complementary value of social media text analysis to traditional trading
data. While the model achieves benchmark prediction capability when it relies only on trading data such as opening price
and volume, the introduction of the Pearson screened text features further reduces the prediction error. This enhancement
stems from the unique ability of text features to capture the psychological dynamics of the market. Through quantitative
experiments and visual analyses, the system verifies the effectiveness of multi-source data fusion and deep learning ar-
chitecture in price prediction, providing data-driven decision support for investor strategy optimisation and market regula-
tion.

Table 8. Comparison of errors in the second group of ablation experiments.

Transaction data Pearson's Post-test Sentiment Profile + Transactional Data Improvements
MSE 57834.986957 33322.645208 42.383241
MAE 146.197010 118.504811 18.941700
R? 0.940111 0.965494 2.699971

In the model construction phase, a three-layer LSTM network structure (128-64-32 neurons) is used, with each layer
followed by a Dropout layer, and the outgoing layer is a fully connected regression unit. The deep LSTM structure captures
the long-term dependencies in the price series, and the Dropout mechanism suppresses the risk of overfitting by randomly
masking the neurons. The benchmark model introduces SVR (radial basis kernel, linear kernel) and KNN (k=5, k=10) as
a comparison, and the parameters are optimised by grid search. The selection of conventional models aims to validate the
necessity of deep learning architectures in time-series prediction.

Figure 11 compares the trends of the loss values (MSE) and mean absolute error (MAE) of the LSTM model on the training
set and validation set with the number of training rounds. The horizontal axis is the number of training rounds, the left
vertical axis is the loss value, and the right vertical axis is the MAE. The loss curves of the training set and validation set
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A

converge gradually after a rapid decline in the early stage, and the difference between the two is extremely small, indicating
that the model is not overfitting. The MAE curve follows the same trend as that of the loss curve, and the validation set

error remains stable in the late stage of the training period, which proves that the model possesses strong generalisation

ability.
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Figure 11. LSTM loss value vs. MAE.

Figure 12 compares the prediction results of the LSTM, SVR and KNN models on the test set with the real soybean oil
futures price series. The LSTM prediction curve fits the real values most closely and still captures the trend changes
accurately, especially in the phase of severe price fluctuations. The SVR prediction curve fits the smooth trend better but
has a lag in the response to the sudden fluctuations. The KNN prediction curve exhibits obvious noise and deviations,
especially at price inflexion points. The visualisation results highlight the advantages of the LSTM model in complex time

series modelling.
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Figure 12. Comparison of model predictions with actual values.
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Figure 13 compares the performance of the LSTM, SVR (linear kernel/RBF kernel) and KNN (k=5/k=10) models on the
MAE, RMSE and R2 metrics. Table 9 quantitatively compares the prediction error (MAE, RMSE) and goodness of fit (R2) of
the different models. The results show that the histograms of the LSTM model are significantly lower or better than the
other models on all three metrics and perform optimally on all metrics, with MAE and RMSE significantly lower than the
traditional model, and R2 close to the theoretical maximum, suggesting that it is leading in terms of prediction accuracy
and goodness-of-fit across the board. The tabular data systematically support the technical advantages of the LSTM frame-
work in social media-driven prediction, and the results validate the effectiveness of deep learning models when fusing
multi-source features.
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Figure 13. Comparison of evaluation indicators by model.

Table 9. Error analysis.

MAE RMSE R?
SVR-Linear 213.623138 304.500484 0.902969
SVR-RBF 212.694966 332.037698 0.884625
KNN(k=10) 346.995399 462.347120 0.776297
KNN(k=5) 353.697546 481.124999 0.757757
LSTM 76.931359 117.433461 0.985568

From the perspective of microeconomics, this accuracy breakthrough directly reduces the hedging cost of crushing enter-
prises. Measured by the average daily crushing scale of 70,000 tonnes of soybean oil, every 10-point reduction in forecast
error can reduce the hedging margin occupied by about 140 million yuan, while the 135.76-point reduction in error of this
study compared with the traditional model SVR-RBF can theoretically reduce the annual financial cost of the enterprise by
1.9 billion yuan. More importantly, the model quantifies the ‘emotional contagion effect’ in behavioural finance by inte-
grating textual features such as community size and sentiment volatility. The correlation between sentiment spreading
rate and turnover verifies the positive impact of information diffusion rate on market liquidity. At the macro level, the
model's goodness-of-fit of 0.985 indicates that the expected information carried by social media texts is fully priced. This
provides a new path to break the dilemma of the financialisation of agricultural products. This study suppresses the
headline party noise through the dynamic weighting mechanism, which improves the pricing efficiency to a new level.
These findings profoundly echo the core propositions of this paper. The social media-driven multimodal learning framework
reshapes the commaodity pricing paradigm by deconstructing investor group behaviours and emotion transmission mecha-
nisms. It not only provides high-precision risk management tools for the industrial chain but also establishes an early
warning system for preventing cross-market risk contagion by identifying the threshold of emotional resonance, which
ultimately serves the construction of an agricultural market stabilisation mechanism under the national food security strat-

egy.

DISCUSSION

This study systematically improves the accuracy and explanatory power of soybean oil futures price prediction by con-
structing an innovative framework that integrates multi-source text analytics and machine learning. Empirical results show
that the LSTM model, which integrates a domain-adaptive sentiment lexicon, multimodal user community features, and an
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adversarial consistency-optimised noise reduction mechanism, exhibits significant advantages over traditional models that
rely only on structured market data. This success is mainly attributed to the breakthrough in the framework's ability to
deeply parse social media information. Firstly, our BERT-based extension strategy effectively captures futures market-
specific terms and their implied complex sentiment intensities, solves the semantic distortion problem of general-purpose
lexicons in professional scenarios, significantly improves the accuracy of sentiment quantification, and reduces the risk of
failure of hedging strategies due to sentiment misjudgements. Secondly, we use the dynamic relationship network con-
structed by Louvain's algorithm, combining content, time and attribute features to successfully identify key community
structures and their evolution patterns, such as high-frequency trading groups and panic spreading groups. This not only
quantifies the behavioural financial phenomena such as ‘herd effect’, but also reveals the transmission mechanism of
community size, sentiment volatility and other group characteristics on price fluctuations, which provides a new perspective
for understanding the structural sources of market sentiment. Finally, our Transformer-CNN-MLP adversarial consistency
model effectively suppresses ‘headline party’ noise through dynamic weight adjustment, and combined with a neutral filling
strategy, significantly improves the signal-to-noise ratio and robustness of text features in time-series modelling, which is
difficult to achieve by the existing rule-based filtering or fixed-weight methods. This is difficult to reach the existing rule-
based filtering or fixed weight methods.

The practical and theoretical implications of this study's findings are far-reaching. At the practical level, the framework
provides market participants with a highly accurate price forecasting tool, and its improved forecasting accuracy can
significantly optimise hedging strategies and risk management decisions, which theoretically can save companies huge
financial costs. At the same time, the dynamic evolution of the panic spreading community and technical analysis group
revealed in this study provides an actionable technical path for regulators to identify market manipulation, monitor systemic
risk and implement precise and forward-looking regulation. At the theoretical level, this study integrates the core assump-
tions of “limited rationality”, “motional contagion”, and “herd effect” in behavioural finance, through the computable com-
munity structure, sentiment spreading speed and consistency weights. The study empirically engineers the core assump-
tions of “limited rationality”, “emotional contagion” and “erding effect” in behavioural finance through computable com-
munity structure, emotional velocity and consistency weights, deepening the understanding of how non-fundamental fac-
tors in agricultural futures markets affect price formation mechanisms through specific group structures, and complement-

ing and expanding the limitations of the efficient market hypothesis in capturing weakly effective information.

Distinguishing from the established literature, the adversarial consistency model created in this study achieves financial
scenario fitness suppression of headline party noise, improves the linkage efficiency of fraud information identification and
suspicious transaction reporting, and fills the gap of intelligent monitoring of manipulative behaviour in commodity futures
markets. This study engineers the application of the ‘limited rationality’ assumption of behavioural finance to the commod-
ity futures market and integrates social media sentiment contagion into the systemic risk monitoring system. This provides
a technical buffer for emerging market countries to cope with commodity price volatility in the Fed's interest rate hiking
cycle, and provides a new scenario in the global battle for agricultural pricing power.

However, there are some limitations to the study. On data scope, it mainly relies on a single platform, and in the future,
it can integrate data from multiple platforms, such as Microblog and Snowball, to obtain a more comprehensive view of
sentiment and explore the modelling of cross-market sentiment contagion. On model generalisation, although the frame-
work has a modular design, its robustness under extreme market events still needs to be further validated on a wider
range of datasets.

CONCLUSIONS

This paper systematically explores the incremental value of social media text data around the soybean oil futures price
prediction problem, and proposes a set of innovative frameworks integrating machine learning and complex network
analysis. Firstly, to address the domain characteristics of financial texts, a BERT-based domain adaptive sentiment diction-
ary construction method is designed to extend the seed thesaurus through contextual semantic clustering, combined with
an artificial review mechanism to improve the accuracy of sentiment intensity quantification, and solve the problem of
insufficient coverage of futures terms in a general-purpose dictionary. Secondly, the Louvain algorithm is innovatively
introduced to divide the user dynamic community, and the user relationship network is constructed through the multimodal
similarity of content, time, and attributes, which reveals the resonance effect of the community structure of the high-
frequency trading group and the panic diffusion group on the market sentiment, and breaks through the assumption of
the independence of individuals in the traditional sentiment analysis. Finally, an adversarial consistency model based on
Transformer-CNN-MLP is proposed to suppress the headline party noise through dynamic weight adjustment, and the
neutral filling strategy significantly improves the robustness of the model, which verifies the suppression effect of text
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consistency features on prediction error, and implements soybean oil futures price prediction by combining with LSTM time
series modelling.

The empirical results confirm that this research framework significantly improves the prediction accuracy and reduces the
error by more than 135 points compared with the traditional model. This breakthrough stems from three core innovations.
The domain-adaptive sentiment lexicon accurately maps the sentiment intensity of future terms, overcoming the semantic
distortion of generic models, and the multimodal community detection quantifies the structural evolution path of the “herd
effect”, e.g., the amplification mechanism of the surge of sentiment volatility on price in the community of panic diffusion.
The anti-collinearity mechanism effectively suppresses the headline party noise and combines with a neutral padding
strategy to guarantee the timing robustness. These findings reveal the micro-mechanism by which non-fundamental factors
affect the pricing efficiency through the resonance of community sentiment, which provides an important complement to
the traditional efficient market hypothesis.

Based on the above research results, this paper proposes the following practical paths with operability. At the level of
regulatory technology, relying on the community characteristics output by Louvain's algorithm, we can build a monitoring
system for the dynamics of public opinion dissemination, set up a real-time tracking module for high-frequency high-
intensity emotional words such as “short” and “stop-loss”, and automatically trigger a risk warning when the community's
emotional volatility exceeds 1.5 times the historical threshold. Financial institutions can integrate the dynamic weighting
mechanism of the anticonsistency model, develop a text credibility scoring plug-in, perform automated marking and down-
grading of posts with a deviation of more than 1.2 standard deviations between the title and the body of the post, and
optimise the data preprocessing process by combining the neutral filling strategy. For the investor group, it is suggested
to integrate the community-level sentiment index and LSTM prediction results to construct quantitative factors, and dy-
namically adjust the hedging position when the TF-IDF weight of policy keywords, such as “national dumping”, in the
policy-responsive community exceeds 0.15. In addition, the domain-adaptive sentiment dictionary and multimodal network
architecture constructed in this study can be quickly migrated to palm oil, corn and other agricultural futures markets, and
improve the systematic risk prevention and control system of the commodity market through the establishment of cross-
species sentiment contagion models.

By engineering theoretical mechanisms, dynamic risk monitoring and intelligent decision support, this study not only pro-
vides a transformative regulatory paradigm for the agricultural derivatives market but also continues to serve the strategic
goals of national food security and industry chain stability in deepening the integration of data, strengthening the resilience
of the model and expanding cross-market research. Looking ahead, the research can be deepened in three directions. In
the data dimension, we need to integrate text from multiple platforms, such as Microblog and Snowball, and heterogeneous
data such as satellite remote sensing to build a more comprehensive market sentiment observation system. At the model
level, we need to verify the robustness under extreme events and explore the introduction of adaptive learning mechanisms
to enhance the dynamic anti-interference ability. In terms of application scenarios, a cross-market sentiment contagion
network can be established to quantify the risk spillover effect, while promoting the real-time prediction system to provide
decision support for industrial chain risk management and macro-prudential supervision.

This study breaks through the traditional futures pricing model's reliance on structured data, innovatively constructs a
quantitative transmission mechanism between social media sentiment and capital flows, and provides a revolutionary
regulatory and risk control paradigm for the agricultural financial derivatives market. By establishing a domain-adaptive
financial sentiment dictionary, it realises the precise mapping of emotional intensity of professional terms, solves the
problem of hedging failure caused by semantic distortion of the generic model in the futures market, and significantly
improves the efficiency of raw material cost control of the crushing enterprises. More importantly, this framework reveals
the amplification effect of community structure evolution on systemic risk based on the panic diffusion groups identified
by dynamic multimodal networks, providing a response tool for countercyclical capital buffers.
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BMBYEHHSA POJII TEKCTOBOIOo AHAJI3Y B MPOrHO3YBAHHI LIH HA ®'FO4YEPCH HA COEBY
onIro

ABTOpM CTaTTi MPOMOHYOTb IHHOBALMHY CTPYKTYpY, Sika MOEAHYE TEKCTOBY aHamiTUKY 3 KiflbKOX [Kepes i3 MalMHHWUM
HaBYaHHSIM AN1s PO3B’A3aHHSA Cepito3Hoi NpobnemMu iHhopMaLinHOI acuMeTpii Ha puHKY aepuBaTueiB. LLL06 po3rnsiHyTh
Heaonikn TpaauLiMHUX CTPYKTYPOBaHUX Moaenei AaHux y dikcallii cnekynsTMBHOI TOProBoi NOBEAIHKM, aBTOPU KiflbKiCHO
OLIiHIOIOTb MEXaHi3M nepeaadi HacTpoiB iHBECTOPIB Ha h'lOYEPCHMIN PUHOK 3@ IONOMOroH0 CUHEPreTUYHOMO MOAENIOBAHHS
3 06po6KOI0 MPUPOAHOI MOBM Ta CKIAAHMM MepeXxeBuUM aHanisoM. Mo-neplue, NobyaoBaHO METOA PO3LIMPEHHS C/IOBHUKA
HacTpoiB Ans npeaMeTHOi obnacTi ¢'toyepciB Ha ocHoBi Mogeni BERT, skuii po3B’siaye npobneMy HeoCTaTHbOro OXor-
NeHHs 'toYepCHNX TePMIHIB y CTOBHMKaX 3aranbHOro npusHaveHHs. Mo-apyre, asTopun 6yayoTe AMHaMIYHY Mepexy CTo-
CYHKIB i3 KOpUCTYBa4aMu 3a AOMOMOrow anroputMy JlyBeHa, iHTErpyoun Tpy MoaasibHi 0CO6MBOCTI B3aEMOIi: CXOXICTb
KOHTEHTY, CUHXPOHIi3aLlito Yacy Ta aKTyanbHICTb aTpMbyTiB, — W06 BUSABUTK CTPYKTYPHI MOAENI €BOSIOLLiT BMCOKOYACTOTHUX
TOProBUX rpyn i CnifibHOT TEXHIYHOro aHanisy B 6api d'touepciB Ha COeBY onito. HapewTi BOHM po3pobnsitoTb MexaHi3m
ONTMMI3aLii Y3roaXeHoCTi 3arofioBkKiB i TEKCTIB Ha ocHOBi Generative Adversarial Network (GAN), wo6 AnHaMiYHO BUSBNSITU
TEKCTH, L0 KOHMNIKTYIOTb 38 HAacTposiMK, 3a gonomoroto apxitektypu Transformer-CNN-MLP i 3anoBHioBaTH BiACYTHi 3Ha-
YEHHSI LUNSIXOM KOMBiHaLlii 3i CTpaTerielo HelTpanbHOro 3anoBHIOBaYa. EMNipUYHi AaHi nokasyoTb, Wwo Moaens LSTM, ska
MOEAHYE HOBWI NTEKCUKOH HAcTPOIB i METPUKM BM/IMBY CMiIbHOTU 3i 3MarasibHUMU BaraMu y3rofpKeHOCTi, Ma€ HalKpalLi
MPOrHO3Hi MOKa3HMKM MOPIBHAHO 3 iHLWIMMM eTaNoHHUMM MoaensiMu. Liel aocsig 3abesnedye iHTepnpeToBaHWi TEXHIYHUN
Wwnsx ans hiHaHCOBOrO MPOrHO3YBaHHS Ha OCHOBI COLjia/ibHUX Mefia LWISXOM CUMHEPril TEKCTOBUX HESIBHMX (YHKL i3
MOAENSIMU TPYMNOBOi B3AEMOZji, @ MOro MOAy/bHUMA AM3aliH MoXe 6yTW MOLWMPEHUN Ha Li@apuHy YNpaBiiHHS TOBapHUMMU
pu3nkamu Ta RegTech.

Kmouosi cnoBa: iHaHCOBI AepvBaTUBK, aHani3 HeCTPYKTYPOBaHUX (DiHAHCOBMX AaHWX, CNOBHUK (iHAHCOBMX HAcTpoIB,
LiHOyTBOpeHHs @'toyepCiB Ha CinbCbKOroCnoAapCbKy NPOAYKLIKO, MOHITOPUHI BMAMBY Ha rpomagy, CTtabinbHiCTb pUHKY,
yrpasniHHA pU3nKamu
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