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Abstract

Futures price forecasting is often treated as a time-series prediction task. However, agri-
cultural futures markets function as complex information systems in which prices emerge
from the interaction of heterogeneous sources, including trading behavior and news-driven
sentiment. Ignoring such cross-domain interactions limits the ability of traditional models
to capture systemic price dynamics. This study reconceptualizes soybean futures forecast-
ing as a multi-source information interaction problem and proposes a dual-attention LSTM
framework to model cross-system coupling effects. A RoBERTa-based sentiment classifier is
first developed to quantify market sentiment from news headlines. The extracted sentiment
features are then integrated with historical trading variables and fed into an LSTM net-
work equipped with temporal and feature-level attention mechanisms to capture dynamic
evolution patterns and heterogeneous factor interactions. Empirical results show that the
proposed system consistently outperforms conventional models. With a sliding window of
30 and a forecasting horizon of 7 days, the R2 improves from 0.922 to 0.9797, demonstrating
enhanced capability in modeling medium-term price dynamics. The findings highlight that
futures forecasting should be approached as a system-level information integration task
rather than a purely statistical extrapolation problem.

Keywords: complex systems; agricultural futures markets; multi-source heterogeneous
data; information interaction modeling; dual-attention mechanism; system-level forecasting

1. Introduction
Complex time series forecasting has long been a central topic in neural networks and

learning systems, with important applications in financial engineering, energy systems, and
commodity markets. Soybean futures prices represent a typical example of price sequences
influenced by multiple heterogeneous factors, including macroeconomic conditions, climate
variability, trade policies, and market expectations. The interactions among these factors
generate nonlinear, nonstationary, and structurally evolving dynamics, making soybean
futures an important testbed for advanced modeling approaches [1].

However, treating futures forecasting purely as a univariate or multivariate time-series
prediction task overlooks a fundamental characteristic of modern financial markets: prices
emerge from the interaction of multiple information subsystems. Empirical studies have
increasingly operationalised this conceptualisation using econometric and information-
theoretic methods. For instance, Granger causality tests, transfer entropy, and spillover
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indices have been extensively employed to quantify the information flow between public
news, market sentiment, and asset prices [2–4]. In agricultural futures markets, trading
behavior reflects endogenous market dynamics, while textual news, policy announcements,
and external signals represent exogenous information diffusion processes. These hetero-
geneous components form an interconnected information system in which cross-domain
interactions drive price evolution. From this perspective, forecasting is not merely statistical
extrapolation but a system-level modeling problem.

Traditional econometric approaches, such as autoregressive integrated moving aver-
age (ARIMA) and vector autoregression (VAR), are generally constructed under linear or
weakly nonlinear assumptions and rely primarily on structured historical trading data [5].
Although these models offer interpretability and solid theoretical foundations, they often
fail to capture high-order nonlinear dependencies and cross-system interactions, partic-
ularly when unstructured information sources influence market behavior. As financial
markets become increasingly information-driven, models based solely on numerical inputs
are insufficient to represent the full structure of the underlying agricultural financial system.

Recent advances in deep learning have significantly enhanced nonlinear sequence
modeling capability. Long short-term memory (LSTM) networks effectively capture long-
range temporal dependencies through gated mechanisms and have been widely adopted
in financial forecasting tasks [6]. Nevertheless, conventional LSTM architectures typically
treat input variables and time steps with uniform importance, limiting their ability to
selectively emphasize informative components in high-dimensional or heterogeneous
settings. Attention mechanisms address this limitation by learning adaptive importance
weights, thereby improving representation learning in complex environments.

Recent literature has made significant strides in integrating textual sentiment and
structured trading variables within Chinese financial markets. A notable precedent is
the work by Wu et al. [7], who developed an integrated Chinese-language framework
combining financial indicators and text sentiment for real-estate early warning. However,
while their work establishes a foundational precedent for macroscopic risk classification,
applying such multimodal integration to commodity futures requires fundamentally differ-
ent mechanisms beyond a mere change in asset class. Unlike the real estate market, which is
policy-driven, relatively illiquid, and evaluated for long-term discrete risk thresholds (early
warning), the soybean futures market is highly liquid and continuously driven by high-
frequency global information shocks (e.g., weather, international trade). Consequently, our
study differs structurally: rather than performing risk classification, we focus on continuous
time-series price forecasting. This necessitates our proposed DA-LSTM architecture, which
utilizes a dual-attention mechanism to dynamically arbitrate the high-frequency, shifting
dominance between unstructured news sentiment and structural trading momentum at a
granular daily level.

To address these challenges, this paper conceptualizes soybean futures forecasting
as a multi-source heterogeneous information interaction problem and proposes a dual-
attention LSTM framework to model cross-system coupling effects. Structured trading
data are integrated with quantified sentiment features extracted from news text, forming a
unified representation of the agricultural financial system. The model employs feature-level
attention to capture cross-factor importance and temporal attention to model dynamic
dependencies, enabling the simultaneous learning of structural interactions and temporal
evolution patterns.

The main contributions of this work are threefold: (1) We propose a multimodal Dual-
Attention LSTM (DA-LSTM) forecasting architecture that explicitly models the futures
market as an interconnected information system. By building upon and advancing the
foundational DA-RNN model [8], our framework incrementally adapts the dual-stage
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attention mechanism specifically for the joint integration of unstructured text sentiment
and structured trading variables. (2) We operationalize the feature-attention mechanism
not merely as a generic numerical selector but as a dynamic modality-weighting tool. It
adaptively arbitrates the time-varying influence between news-derived sentiment shocks
and technical market momentum at each time step, which is jointly optimized with temporal
dependency learning to capture market regime shifts. (3) We provide empirical validation
on Chinese soybean futures, demonstrating that this system-level integration under the
DA-LSTM framework offers observable improvements in predictive performance, thereby
offering new insights into how human sentiment and market prices interact in agricultural
commodity forecasting.

The remainder of this paper is organized as follows: Section 2 reviews the related work
on financial time-series forecasting, sentiment analysis, and the development of attention
mechanisms, specifically focusing on the lineage from DA-RNN to current multimodal
architectures. Section 3 details the data and methodology, including the data collection pro-
cess, news topic modeling using BERTopic, sentiment quantification via the RoBERTa-based
classifier, and the formal mathematical definition of the proposed DA-LSTM framework.
Section 4 presents the experimental results and discussion, providing a comprehensive
performance evaluation across different prediction horizons and a comparison with various
baseline models. Finally, Section 5 concludes the paper by summarizing the key findings
and outlining potential directions for future research.

2. Related Work
From a system perspective, agricultural futures markets can be viewed as multi-

layer information interaction systems, where price dynamics emerge from the coupling
between information diffusion processes and endogenous market responses. However,
existing research often treats these two processes in isolation, failing to capture the dynamic
feedback loops inherent in the system. Accordingly, related studies can be categorized into
two streams, though we identify significant gaps in their current integration.

2.1. Market Information Extraction as an Information Diffusion Subsystem

Unstructured textual data constitute a critical information diffusion subsystem. While
the typical pipeline involves preprocessing and feature extraction [9], traditional methods
frequently fail to account for the domain-specific semantic density of agricultural trade.

For topic modeling, early matrix factorization (NMF, LSA) and probabilistic models
(LDA, HDP, STM) provided foundations for thematic analysis [10]. However, a critical
limitation of these models is their reliance on predefined topic numbers and their inability
to capture long-range semantic dependencies in fast-moving news cycles. While neural
models like BERTopic [11,12] have improved coherence, they often function as “black
boxes” that overlook the temporal evolution of policy-driven shocks—a vital factor in
soybean markets.

For sentiment analysis, the shift from handcrafted features [13] to Transformer-based
models (BERT, RoBERTa) has significantly improved accuracy [14,15]. Nevertheless, current
literature often ignores the “sentiment inversion” problem in commodity markets, where a
“price surge” may be positive for producers but negative for industrial consumers. While
the most recent studies in 2025 and 2026 have begun exploring Large Language Models
(LLMs) for financial reasoning, their high computational latency often precludes them from
high-frequency system integration [16–18]. Consequently, this study utilizes a fine-tuned
RoBERTa model to balance deep contextual representation with the operational efficiency
required for real-time market systems.
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2.2. Market Response Modeling as a Dynamic System Component

While textual signals reflect exogenous diffusion, price series represent endogenous
responses. The evolution of modeling this response reveals a trend toward complexity, yet
robustness and cross-modal coupling remain underdeveloped.

Traditional econometric models (ARIMA, GARCH) are limited by linear assumptions
and struggle to represent structural breaks caused by sudden geopolitical or climatic
information shocks [19–21]. Machine learning approaches (SVM, Random Forests) offer
non-linear mapping [22] but lack the recursive memory needed to model the long-term
“echoes” of supply chain disruptions.

Deep learning architectures, particularly RNN variants like LSTM and GRU, have set
new benchmarks for temporal dependency modeling [23]. The addition of attention mech-
anisms has further enabled adaptive weighting [24,25]. The seminal DA-RNN [8] serves as
the direct architectural antecedent to our framework. However, while DA-RNN was de-
signed for homogeneous numerical sequences, our proposed DA-LSTM provides a critical
incremental contribution: it adapts this dual-stage mechanism specifically for multimodal,
heterogeneous fusion. By repurposing feature-attention into a dynamic modality-weighting
tool, DA-LSTM explicitly arbitrates between unstructured text-sentiment shocks and struc-
tured trading momentum, overcoming the limitations of traditional ’shallow coupling’
(simple concatenation).

In contrast to these limited approaches, this study adopts a system-level perspective.
By integrating a RoBERTa-based engine with a Dual-Attention LSTM architecture, we
explicitly model the interaction task rather than simple feature stacking. This addresses
the “unevenness” of prior studies by ensuring the sentiment model (RoBERTa [26]) and
the response model (LSTM) are coupled through a joint attention mechanism, thereby
capturing the systemic complexity of the global soybean financial system.

2.3. Joint Multimodal Fusion Architectures for Financial Forecasting

While the aforementioned streams often treat text mining and time-series modeling as
isolated or loosely coupled tasks, recent advancements have driven the emergence of a third
paradigm: joint multimodal fusion architectures. These frameworks aim to systematically
integrate unstructured textual sentiment with structured trading data to capture complex
market dynamics [27].

Several representative works have established foundational architectures for this
multimodal integration. For instance, studies have successfully combined sentiment
analysis with standard LSTM or GRU backbones to improve equity and commodity
forecasting [28,29]. More recently, Transformer-based architectures and self-attention mech-
anisms have been employed to align news sentiment streams with numerical price se-
quences, allowing models to selectively focus on specific news events that trigger market
volatility [2,30].

However, despite these advancements, most existing fusion models employ a “shallow
coupling” strategy—typically early concatenation or late fusion of feature vectors—without
dynamically modeling the shifting equilibrium between exogenous shocks and endogenous
momentum. Furthermore, they are often designed for highly efficient equity markets rather
than the specific supply-demand dynamics of agricultural commodities. In contrast to
these approaches, our proposed DA-LSTM framework utilizes a specifically tailored dual-
attention mechanism. It goes beyond simple concatenation by dynamically arbitrating the
relative dominance of text-derived sentiment versus structural trading variables at each
distinct time step, thereby providing a deeper, more adaptive systemic coupling suited for
soybean futures forecasting.
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2.4. Emergence of Time-Series Foundation Models

Most recently, the forecasting landscape has been significantly disrupted by the in-
troduction of Time-Series Foundation Models (TSFMs). Models such as Chronos [31],
TimesFM [32], Time-MoE [33], Moirai [34], and Lag-Llama [35] have demonstrated re-
markable zero-shot forecasting capabilities across diverse domains, including agricultural
commodity prices. Pre-trained on massive datasets of univariate and multivariate se-
quences, these models excel at capturing general temporal patterns and structural breaks
without the need for domain-specific fine-tuning.

However, despite their state-of-the-art performance in purely numerical extrapolation,
current TSFMs are predominantly unimodal. They generally treat forecasting as an isolated
numerical task and lack native architectural mechanisms to dynamically integrate unstruc-
tured exogenous shocks, such as text-derived market sentiment. As our study posits, the
soybean futures market is an interconnected information system where prices emerge
from the interaction between structural trading behavior and real-time news diffusion.
While TSFMs represent the pinnacle of numerical time-series modeling, our DA-LSTM
framework specifically addresses the multimodal fusion gap. By utilizing a dual-attention
mechanism, the proposed framework dynamically arbitrates the shifting influence between
text sentiment and numerical momentum, providing a system-level coupling that current
unimodal foundation models cannot natively perform.

3. Data and Methodology
3.1. Data Sources and System-Level Data Construction

From a system modeling perspective, agricultural futures prices emerge from the
interaction between multiple information subsystems. To construct a unified representation
of the soybean futures market, this study integrates structured trading variables and
unstructured textual information, corresponding to the market response subsystem and
the information diffusion subsystem, respectively.

3.1.1. Information Diffusion Subsystem (Textual Data)

The textual corpus was collected from multiple authoritative financial and indus-
try platforms to comprehensively capture external information signals affecting soybean
futures markets:

• Jintou Futures: Provides futures price trends, exchange quotations, and market
updates. News articles related to the soybean futures sector were collected from
this platform.

• Hexun: A leading financial portal with a dedicated futures channel. Reports concern-
ing soybeans within the agricultural futures section were systematically crawled.

• Choice Financial Terminal (East Money): Offers multi-asset financial data and in-
dustry information. Relevant news on soybeans, soybean meal, and soybean oil was
obtained from its agricultural futures module.

• China Soybean Industry Association (CSIA): The official industry website providing
policy, market, and technological updates. News reports were crawled to capture
authoritative industry developments.

A total of 18,310 news entries were collected, including headlines, publication dates,
authors, sources, full text content, and URLs. The temporal coverage aligns with the
numerical dataset to ensure synchronous system-level analysis. These textual data serve
as measurable representations of information diffusion, policy signals, and collective
market expectations.
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3.1.2. Market Response Subsystem (Numerical Data)

The endogenous market dynamics were represented using structured trading data.
Historical daily trading data for the Soybean No. 1 continuous contract listed on the Dalian
Commodity Exchange (DCE) were collected via Sina Finance. The dataset includes Open,
High, Low, and Close (OHLC) prices, open interest, and trading volume.

The study period spans from 13 April 2011 to 29 December 2023, comprising 4646 daily
observations stored in CSV format. These numerical variables characterize the observable
market response to internal trading behavior and external information shocks.

3.1.3. Data Acquisition and System Integration

Data acquisition was implemented in Python 3.8 using the Requests library. To
enhance efficiency and stability, a multi-threaded web crawler based on the Pro-
ducer–Consumer architecture was developed.

After collection, textual and numerical data were temporally aligned at the daily fre-
quency, enabling the construction of a synchronized multi-source dataset. This integration
establishes a unified data foundation for modeling cross-system interactions within the
agricultural financial system. Because the proposed framework employs a sliding window
approach to forecast future prices (i.e., using historical data up to day T to predict prices at
day T + n, where n ≥ 1), we implemented strict temporal alignment protocols to prevent
data leakage. First, the daytime trading session of the Dalian Commodity Exchange (DCE)
officially closes at 15:00 (Beijing Time); therefore, news published after 15:00 on day T is
exclusively used to predict market responses on subsequent trading days (assigned to day
T + 1). Second, the futures market is closed during weekends and statutory public holidays,
and news published during these non-trading periods is aggregated and assigned to the
first subsequent active trading day. Consequently, no future information is leaked into the
input window, ensuring the temporal integrity of the forecasting system.

3.2. Methodology

From a system modeling perspective, the proposed framework consists of three in-
terconnected components: (1) an information diffusion modeling module, (2) a sentiment
quantification mechanism, and (3) a market response modeling module with cross-system
coupling. These components jointly construct a unified representation of the agricultural
financial system.

3.2.1. Information Diffusion Modeling via BERTopic

In agricultural futures markets, textual news serves as a key carrier of external infor-
mation diffusion. To structurally extract latent thematic signals embedded in large-scale
news corpora, this study adopts BERTopic for topic modeling. The workflow is structured
as follows:

• Data Preprocessing: Text is cleaned by removing stopwords, punctuation, and nu-
merals, followed by stemming and lemmatization to standardize vocabulary. We
first removed duplicate news titles and irrelevant prefixes. Regular expressions were
utilized to retain only Chinese and English characters. The cleaned text was then
segmented using the jieba library with a custom domain dictionary, followed by the
removal of standard stopwords (using the Baidu Stopwords list) via CountVectorizer.

• Text Embedding: High-dimensional vectors capturing semantic information are gen-
erated using Transformer-based models. In this study, the acge_text_embedding
pre-trained model is employed for processing Chinese text.

• Dimensionality Reduction: Uniform Manifold Approximation and Projection
(UMAP) is applied to reduce computational complexity while preserving local seman-
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tic structures. UMAP was configured with n_neighbors = 15, n_components = 5, min_dist
= 0.0, metric = ‘cosine’, and random_state = 42 (for deterministic behavior).

• Clustering: Potential topics are identified by clustering the reduced vectors using
Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDB-
SCAN). We applied HDBSCAN to discover dense clusters with min_cluster_size = 50 d,
metric = ‘euclidean’, and cluster_selection_method = ‘eom’.

• Topic Keyword Extraction: The Class-based TF-IDF (c-TF-IDF) method extracts repre-
sentative keywords for each cluster, facilitating topic labeling and interpretation. We
configured the CountVectorizer to extract the top 10 representative words per topic
(top_n_words = 10).

• Topic Refinement: Similar topics are merged or inconsistent topics are split as needed
to enhance coherence and quality [12].

Implementation is conducted using the BERTopic library. The acge_text_embedding
model hosted on HuggingFace is used for embeddings, UMAP for dimensionality reduc-
tion, and HDBSCAN automatically regulates the number of topics (Table 1).

Table 1. Parameter settings for the BERTopic pipeline.

Component Configuration

Embedding SentenceTransformer (“acge_text_embedding”)

UMAP n_neighbors = 15, n_components = 5, min_dist = 0.0,
metric = ‘cosine’, random_state = 42

HDBSCAN min_cluster_size = 50, metric = ‘euclidean’,
cluster_selection_method = ‘eom’

Representation CountVectorizer (top_n_words = 10)

As demonstrated in Table 2, varying the min_cluster_size parameter significantly
impacts the granularity of the extracted topics. To balance topic coherence and mitigate
feature sparsity, we selected the configuration yielding 10 distinct clusters (which achieved
the highest cv and umass coherence scores). In BERTopic, one cluster is inherently designated
as the outlier/noise bucket (Topic −1). By discarding this noise cluster, we successfully
recovered 9 highly coherent and semantically meaningful latent topics from the soybean
futures news corpus.

Table 2. Comparison of topic coherence scores under different BERTopic parameters.

Topic Model Number of Topics Coherence (cv) Coherence (umass)

BERTopic50 45 0.776786 −0.609076
BERTopic100 18 0.781242 −0.433905
BERTopic150 10 0.801291 −0.320123

We explicitly state that BERTopic in this study is not merely exploratory; it serves
as the exact feature-generation mechanism. The topic-to-feature mapping is strictly one-
to-one: the 9 recovered topics act as 9 distinct “information channels”. For each trading
day, news items are routed into their respective topic channels, and their sentiment scores
are aggregated (as detailed in Equation (1)). Consequently, these 9 topic-specific daily
sentiment series directly constitute the 9 additional text-derived features inputted into the
DA-LSTM framework.

3.2.2. Sentiment Quantification as a System-Level Impact Factor

While topic modeling captures structural themes, sentiment analysis quantifies the
directional influence of information diffusion on market expectations. Let St, f denote the
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aggregated sentiment score of influence factor f on day t, and nt, f represent the number of
news items mentioning factor f on that day. Let St, f ,i be the sentiment score of individual
news item i. The daily sentiment score is computed as:

St, f =
1

nt, f

nt, f

∑
i=1

St, f ,i (1)

A higher St, f indicates a stronger potential influence on price appreciation. Individual
sentiment scores St, f ,i are obtained using RoBERTa-based sentiment analysis on news
headlines [36].

Specifically, the identity of the influence factors f corresponds exactly to the 9 distinct
latent topics discovered by the BERTopic model (as visualized later in Section 4.3). To
clarify the exact composition of our 15-dimensional input space, the initial 6 structural
features are derived from the trading data (Open, High, Low, Close, Volume, and Open
Interest). The remaining 9 features are the topic-specific sentiment scores.

The explicit formulation for these 9 added features is defined as follows:
Source: The textual news corpus collected from the platforms detailed in Section 3.1.1.
Aggregation Window: The temporal window is strictly daily, aligned with the

15:00 cut-off and holiday mapping protocols defined in Section 3.1.3 to prevent any
look-ahead bias.

Construction Rule: For a given trading day t and a specific topic f ∈ {1, 2, . . . , 9}, we
isolate all news items published within that daily window that are classified under topic
f . Their individual RoBERTa sentiment polarities are then averaged using Equation (1) to
produce the topic-specific daily sentiment score. If no news for topic f occurs on day t,
the score is carried forward or zero-padded based on the temporal setting. This rigorous
construction explicitly expands the system’s input feature dimension from 6 to 15.

The aggregated sentiment indicator serves as a measurable representation of the
information diffusion subsystem’s daily impact intensity.

3.2.3. Market Response Modeling with LSTM

Within the agricultural financial system, price dynamics represent endogenous market
response behavior to both internal trading activities and external information shocks. To
model such dynamic response processes, Long Short-Term Memory (LSTM) networks
(Figure 1) are employed due to their capability to capture long-term dependencies [37].

Figure 1. Internal structure of an LSTM unit, illustrating the interaction between the cell state and
gating mechanisms.
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The LSTM computation proceeds in three phases. First, the forget gate determines
which information in the cell state should be retained or discarded:

ft = σ
(

W f · [ht−1, xt] + b f

)
(2)

Next, the input gate it and candidate cell state C̃t are computed to update the cell
state Ct:

it = σ(Wi · [ht−1, xt] + bi) (3)

C̃t = tanh(Wc · [ht−1, xt] + bc) (4)

Ct = (Ct−1 ⊙ ft) + (it ⊙ C̃t) (5)

Finally, the hidden state ht is computed using the output gate ot, filtering the updated
cell state through the hyperbolic tangent activation:

ot = σ(Wo · [ht−1, xt] + bo) (6)

ht = ot ⊙ tanh(Ct) (7)

The activation function tanh is defined as:

tanh(x) =
ex − e−x

ex + e−x (8)

From a system perspective, the cell state can be interpreted as an internal memory
mechanism that accumulates and filters historical market information over time.

3.2.4. Cross-System Coupling via Dual-Attention LSTM

To explicitly model the interaction between the information diffusion subsystem and
the market response subsystem, this study proposes a Dual-Attention LSTM (DA-LSTM)
framework. The architecture, illustrated in Figure 2, integrates feature-level (spatial) and
temporal-level attention mechanisms within an encoder–decoder structure to capture
complex dependencies in multivariate time series.

(1) Feature Attention in the Encoder Given the input sequence X = (x1, x2, . . . , xT)
⊤ ∈

RT×n, where n is the number of exogenous features. To capture the dynamic correlation
between heterogeneous features, the encoder calculates an attention weight αk

t for the k-th
feature at time step t as follows:

ek
t = v⊤

f tanh
(

W f [ht−1; st−1] + U f xk + b f

)
(9)

αk
t =

exp(ek
t )

∑n
j=1 exp(ej

t)
(10)

where ht−1 ∈ Rm and st−1 ∈ Rm represent the hidden state and cell state of the encoder
LSTM, respectively. The learnable parameters include v f ∈ Rm, W f ∈ Rm×2m, U f ∈ Rm×T ,
and b f ∈ Rm. The adaptively weighted input vector x̃t is then constructed as:

x̃t = (α1
t x1

t , α2
t x2

t , . . . , αn
t xn

t )
⊤ (11)

The encoder hidden state is updated by the LSTM unit:

ht = fLSTM(ht−1, x̃t) (12)
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(2) Temporal Attention in the Decoder To address the performance degradation in
long-term dependencies, a temporal attention mechanism is integrated into the decoder
to select critical encoder hidden states. For the i-th encoder hidden state hi, the attention
score li

t at decoding step t is:

li
t = v⊤

d tanh
(
Wd[dt−1; s′t−1] + Udhi + bd

)
(13)

γi
t =

exp(li
t)

∑T
j=1 exp(l j

t)
(14)

where dt−1 and s′t−1 ∈ Rp are the decoder’s hidden and cell states. The context vector ct,
which summarizes the relevant historical information, is computed as the weighted sum:

ct =
T

∑
i=1

γi
thi (15)

The decoder hidden state is updated by concatenating the context vector with the
target feature yt−1:

dt = fLSTM(dt−1, [ŷt−1; ct]) (16)

Finally, the predicted value ŷt is obtained through a linear transformation:

ŷt = w⊤
y [dt; ct] + by (17)

By coupling feature-level attention to filter cross-factor noise and temporal attention
to highlight evolutionary patterns, the DA-LSTM framework enables the joint learning of
structural interactions and temporal dependencies across the two subsystems.

Figure 2. The proposed DA-LSTM architecture. The encoder utilizes a feature attention mechanism
to adaptively select relevant exogenous inputs, while the decoder employs temporal attention to
capture long-range dependencies across historical hidden states.
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4. Results and Discussion
4.1. Sentiment Classification of News Headlines Based on RoBERTa
4.1.1. Dataset Construction

To capture the information signals embedded in financial news, a sentiment clas-
sification dataset was constructed. A public Chinese financial sentiment dataset from
HuggingFace was initially employed, comprising 2329 financial news headlines labeled
into three sentiment categories: Negative (0), Neutral (1), and Positive (2). Representative
examples are listed in Table 3.

To construct the final input sequence for the Dual-attention LSTM, we chronologically
aligned the daily aggregated topic sentiment scores with the historical trading data of
soybean futures (Open, High, Low, Close, Volume, Open Interest, and Settlement Price)
using the trading date as the primary key. The market and sentiment arrays were merged
into a unified daily feature vector, and we applied MinMaxScaler to normalize all features
into a [0, 1] range, which stabilizes gradient updates and accelerates model convergence.

Table 3. Examples from the Public Chinese Financial Sentiment Dataset.

News Headline (Translated) Label

Rural revitalization strategy series policies to be launched; new agricultural
entities gain development opportunities 2

Cryptocurrency affects US forestry business; perceived threat 0
Bitcoin price struggles below $10,000 today 0
Yen net short positions hit four-month low; USD/JPY consolidates at low levels 1
Jinchuang Group hits limit up the day after listing 2

Although the public dataset provides general financial sentiment information, the soy-
bean futures market represents a specialized subsystem within the broader financial market.
To improve the domain adaptability of the sentiment model, an additional 1000 news head-
lines were randomly sampled from the collected soybean futures news corpus and manually
annotated by a three-member team. Discrepancies in annotation were resolved through
consensus discussion to ensure consistency and reliability. Examples of the annotated
soybean futures headlines are shown in Table 4.

Table 4. Examples of Manually Annotated Soybean Futures News Headlines.

News Headline (Translated) Label

Today’s soybean futures price inquiry (8 September 2022) 1
Ministry of Agriculture: Increase investment and strengthen grain production
capacity to secure national food safety 2

Soybean futures prices fell slightly today (6 November 2015) 0
Short covering pushes up bean futures 2
General Administration of Customs: January–October cumulative soybean
imports hit 82.415 million tons, up 14.6% YoY 2

The final dataset contains 3329 labeled headlines, which were divided into an 80%
training set and a 20% validation set for fine-tuning the RoBERTa model. This process
allows the sentiment classifier to better capture domain-specific linguistic patterns and
information signals associated with agricultural commodity markets.

4.1.2. Impact of Sentiment Factors on Price Prediction

To assess the contribution of sentiment factors derived from news headlines, an
ablation analysis was conducted by comparing models trained with and without sentiment-
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based features. The objective was to evaluate whether sentiment information extracted from
news headlines provides additional predictive signals beyond traditional transaction data.

The training and validation performance of the fine-tuned RoBERTa sentiment classifi-
cation model over the epochs is illustrated in Figure 3. As depicted by the learning curves,
the model demonstrates stable and rapid convergence without signs of severe overfitting.
Quantitatively, upon completing the training process, the model achieves a highly robust
performance on the validation set, recording an Accuracy of 0.8111, a Precision of 0.7934, a
Recall of 0.8081, and an F1 Score of 0.7988. These specific metrics indicate that the model is
capable of reliably capturing sentiment polarity from complex financial news headlines,
thereby providing a rigorous and robust basis for constructing the sentiment indicators
used in the subsequent forecasting framework.

(a) Accuracy (b) Precision

(c) Recall (d) F1 Score

Figure 3. Training and validation trends of the fine-tuned RoBERTa sentiment classification model
across epochs. Subfigures (a–d) illustrate the stable convergence of Accuracy, Precision, Recall, and
F1 Score, respectively. The model ultimately achieves a high quantitative performance (e.g., an F1
Score of 0.7988), confirming the reliability of the extracted sentiment features for downstream tasks.

To provide a more comprehensive evaluation of the model’s internal behavior, a
confusion matrix was generated based on the dataset (Figure 4). The matrix reveals that
the model demonstrates exceptional reliability in identifying Neutral and Negative news.
Interestingly, the primary source of misclassification occurs between Positive and Neutral
samples. This phenomenon is highly characteristic of financial texts, as favorable market
developments are frequently articulated using objective and factual language, which the
model occasionally interprets as neutral. Most importantly, extreme misclassifications (i.e.,
predicting a completely opposite polarity, such as Negative to Positive) are exceedingly
rare. This confirms that the RoBERTa model effectively and safely captures the directional
polarity of market sentiment without introducing systemic directional bias.
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Figure 4. Confusion matrix of the RoBERTa-based sentiment classification model.

From a systems perspective, futures price dynamics should not be viewed as the result
of an isolated numerical time series but rather as the outcome of a complex information
system. Market prices evolve through the interaction of multiple information flows, includ-
ing trading activities, macroeconomic signals, policy announcements, and media-reported
events. Among these components, news sentiment acts as an important channel through
which market expectations and external shocks are transmitted.

First, sentiment features extracted from news headlines provide timely signals related
to policy developments, global trade conditions, and agricultural market dynamics. These
signals often precede observable changes in trading data and therefore supply early in-
formation about potential market movements. Second, the impact of news information
on market prices is typically subject to delayed absorption by market participants. As
investors interpret and react to incoming information, the influence of news sentiment
gradually propagates through the market, introducing additional temporal dependencies
into the forecasting process.

Consequently, incorporating sentiment-based indicators into the forecasting frame-
work enables the model to capture both the informational and temporal characteristics of
market dynamics. This integration reflects a system-level perspective in which heteroge-
neous data sources jointly contribute to the formation of futures prices.

In addtion, to empirically validate this premise within our specific context, we con-
ducted preliminary Granger causality tests on our integrated dataset. The results confirm
that specific news-derived sentiment topics (e.g., Topic 2, Topic 4, and Topic 5) exhibit
statistically significant Granger causality on soybean futures price returns (p < 0.05).
While traditional formulations such as Granger causality and transfer entropy are powerful
explanatory tools for quantifying pairwise or low-dimensional information flows, they
generally rely on linear assumptions or fixed temporal windows, and struggle to serve
as robust high-dimensional predictive architectures. The proposed DA-LSTM advances
beyond these classical formulations by leveraging a dual-attention mechanism. Instead
of merely measuring statistical causality, DA-LSTM handles highly non-linear dynamics
and dynamically learns the shifting importance of different information subsystems (via
feature attention) and critical time steps (via temporal attention). This enables the model
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to effectively translate complex, systemic information interactions into an adaptive and
robust predictive framework.

4.2. Soybean Futures Price Level Prediction Based on News Headlines and Transaction Data

Financial markets are complex adaptive systems in which multiple heterogeneous
factors interact dynamically. In this study, the pivot_table function from the Pandas
library was used to aggregate sentiment scores derived from news headlines. These scores
were then combined with transaction indicators to construct a unified dataset integrating
multi-source heterogeneous information.

The integrated dataset captures both endogenous market variables (e.g., price, trading
volume, and open interest) and exogenous information signals (e.g., sentiment derived
from news). The dataset was subsequently divided into training, validation, and testing
subsets in a ratio of 7:1:2 randomly.

Prior to model training, hyperparameter optimization was conducted for the Dual-
Attention LSTM model. To ensure optimal and stable convergence of the proposed DA-
LSTM framework, a systematic hyperparameter tuning process was conducted using a
grid search strategy based on the validation set performance. The optimization strategy
employed the Adam optimizer to iteratively minimize the Mean Squared Error (MSE) loss
function. The search space for the primary hyperparameters was defined as follows: the
learning rate was tuned over the set {10−2, 10−3, 10−4, 10−5}, the batch size was evalu-
ated across {16, 32, 64, 128}, and the hidden state dimensions for both the encoder and
decoder were tested within {32, 64, 128, 256}. Based on the minimum validation loss, the
optimal hyperparameter configuration was established with a learning rate of 0.0001, a
batch size of 64, and a hidden state dimension of 128 for both the encoder and decoder
networks. Training was performed for up to 500 epochs with an early stopping mechanism
to avoid overfitting. The optimal configuration—64 hidden neurons and a learning rate of
0.001—achieved MAE = 0.0170, RMSE = 0.0216, and R2 = 0.9950.

To ensure a fair and standardized comparison, all trainable models (including MLP,
CNN, LSTM, Transformer, and our DA-LSTM) were subjected to a rigorous hyperparameter
optimization process. We utilized a grid search strategy over a predefined search space
for key parameters—including the number of hidden units, layer depth, and dropout
rates—to ensure that each model achieved its peak performance on the validation set.
Furthermore, all experiments were executed under a unified framework using the Adam
optimizer and a consistent early-stopping mechanism to eliminate bias arising from non-
optimal settings or inconsistent training protocols. Note that the Naive Persistence baseline
and the TimesFM foundation model required no training optimization, as they employ
a deterministic heuristic and zero-shot inference, respectively. The search ranges and
the resulting optimal configurations derived from these experiments are summarized
in Table 5.

Using these configurations, the Dual-Attention LSTM model was trained on the
dataset containing sentiment influence factors and compared against a comprehensively
upgraded suite of baseline models. To rigorously evaluate the state-of-the-art validity
of our framework, we expanded the comparator set to include a fundamental heuristic
(Naive Persistence), a contemporary sequence architecture (Transformer), and a modern
time-series foundation model evaluated in zero-shot mode (TimesFM). To further ensure
that our model’s superiority is statistically robust and not due to chance, we conducted
10 independent trials and performed formal statistical significance testing (p < 0.05 across
all major forecasting horizons) using the Diebold-Mariano (DM) test with Heteroskedas-
ticity and Autocorrelation Consistent (HAC) adjustments. The comparative results are
summarized in Table 6.
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Table 5. Hyperparameter search space and optimal configurations for all models.

Model Hyperparameters Search Range Optimal Value

Naive Training parameters N/A (Deterministic) N/A

TimesFM Training parameters N/A (Zero-shot) N/A

Transformer
Hidden units (dmodel) {16, 32, 64, 128} 32
Number of heads {2, 4, 8} 4
Number of layers {1, 2, 3} 2

MLP
Hidden units {64, 128, 256, 512} 256
Hidden layers {1, 2, 3} 1
Dropout rate {0.1, 0.2, 0.3, 0.5} 0.1

CNN
Filters (Hidden size) {16, 32, 64, 128} 64
Kernel size {3, 5, 7} 3
Conv layers {1, 2, 3} 2

LSTM
Hidden units {32, 64, 128, 256} 128
Number of layers {1, 2, 3} 1
Dropout rate {0, 0.1, 0.2, 0.5} 0.1

DA-LSTM
Learning rate {10−2, 10−3, 10−4, 10−5} 10−3

Batch size {16, 32, 64, 128} 64
Hidden units (m, p) {32, 64, 128, 256} 64

The extensive comparative analysis reveals several critical insights regarding cross-
domain information processing and model architecture. Firstly, the inclusion of the Naive
Persistence baseline establishes the fundamentally autoregressive nature of short-term high-
frequency data, where simple persistence inherently yields an R2 above 0.99 at horizon
H = 1. Against this rigorous baseline, only the DA-LSTM models demonstrate a defini-
tive, statistically significant reduction in Mean Absolute Error (MAE), proving genuine
predictive capabilities beyond mere lag-copying.

Secondly, the evaluation of modern sequence baselines strongly validates our core
argument regarding heterogeneous noise. When sentiment features are introduced to
conventional networks, they suffer significant performance degradation. For instance, at
the sliding window of 30 and prediction step of 7, the R2 of the MLP drops abruptly from
0.8783 to 0.6559 (a decline of ∼25%), and the LSTM drops from 0.8597 to 0.8070. Even
more remarkably, for the state-of-the-art Transformer baseline, incorporating sentiment
features (‘w/ Sent’) actually increased the prediction error compared to using price data
alone (‘w/o Sent’). For example, at Window 10, Step 1, the MAE rose from 0.1853 to 0.2072.
This phenomenon perfectly illustrates a critical limitation of standard architectures: when
confronted with highly noisy, multidimensional sentiment features, standard self-attention
mechanisms suffer from “attention distraction,” treating valuable textual sentiment as
disruptive noise.

Furthermore, while time-series foundation models like TimesFM (Zero-Shot) exhibit
powerful capabilities in extrapolating univariate numerical trends (achieving a short-term
MAE of 0.0658 at H = 1), they possess a fundamental architectural limitation: they cannot
natively ingest or dynamically align multidimensional, high-noise exogenous variables
such as our 9-dimensional sentiment topics. Consequently, when sudden market volatility
is driven by external news shocks rather than historical momentum, these foundation
models fail drastically, as evidenced by TimesFM’s error escalating to an MAE of 1.4330
at H = 30.
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Table 6. Performance Comparison with Modern Baselines and Sentiment Features (MAE, RMSE, and
R2, reported as Mean ± Std).

Sliding Window Size/Prediction Step (MAE)

Model Features
10 30

1 7 30 1 7 30

Naive Persistence 0.0451 ± 0.0000 0.1453 ± 0.0000 0.3278 ± 0.0000 0.0449 ± 0.0000 0.1456 ± 0.0000 0.3283 ± 0.0000

TimesFM Zero-Shot 0.0667 ± 0.0000 0.3412 ± 0.0000 1.4092 ± 0.0000 0.0658 ± 0.0000 0.3453 ± 0.0000 1.4330 ± 0.0000

Transformer w/o Sent. 0.1853 ± 0.0031 0.3842 ± 0.0045 0.5891 ± 0.0048 0.2215 ± 0.0029 0.4856 ± 0.0036 0.6412 ± 0.0051
w/ Sent. 0.2072 ± 0.0035 0.4071 ± 0.0041 0.6140 ± 0.0052 0.2459 ± 0.0028 0.5101 ± 0.0048 0.6736 ± 0.0061

MLP w/o Sent. 0.0393 ± 0.0026 0.0668 ± 0.0011 0.1226 ± 0.0017 0.0497 ± 0.0016 0.0743 ± 0.0028 0.1239 ± 0.0027
w/ Sent. 0.1139 ± 0.0032 0.1481 ± 0.0012 0.1356 ± 0.0021 0.1178 ± 0.0011 0.1310 ± 0.0015 0.1457 ± 0.0023

CNN w/o Sent. 0.0394 ± 0.0011 0.0674 ± 0.0015 0.1225 ± 0.0026 0.0493 ± 0.0024 0.0755 ± 0.0016 0.1226 ± 0.0025
w/ Sent. 0.1041 ± 0.0030 0.1093 ± 0.0010 0.1386 ± 0.0030 0.0904 ± 0.0027 0.1127 ± 0.0019 0.1316 ± 0.0014

LSTM w/o Sent. 0.0331 ± 0.0034 0.0628 ± 0.0018 0.1249 ± 0.0012 0.0339 ± 0.0012 0.0785 ± 0.0031 0.1238 ± 0.0025
w/ Sent. 0.1005 ± 0.0030 0.0943 ± 0.0028 0.1521 ± 0.0023 0.0465 ± 0.0034 0.0896 ± 0.0019 0.1488 ± 0.0024

DA-LSTM w/o Sent. 0.0154 ± 0.0031 0.0648 ± 0.0025 0.1165 ± 0.0032 0.0256 ± 0.0024 0.0566 ± 0.0028 0.1146 ± 0.0011
w/ Sent. 0.0200 ± 0.0016 0.0780 ± 0.0017 0.1157 ± 0.0012 0.0191 ± 0.0016 0.0608 ± 0.0013 0.1089 ± 0.0017

Sliding Window Size/Prediction Step (RMSE)

Model Features
10 30

1 7 30 1 7 30

Naive Persistence 0.0684 ± 0.0000 0.1917 ± 0.0000 0.4026 ± 0.0000 0.0683 ± 0.0000 0.1920 ± 0.0000 0.4032 ± 0.0000

TimesFM Zero-Shot 0.0894 ± 0.0000 0.4348 ± 0.0000 1.7805 ± 0.0000 0.0891 ± 0.0000 0.4352 ± 0.0000 1.8264 ± 0.0000

Transformer w/o Sent. 0.2520 ± 0.0039 0.4715 ± 0.0043 0.7204 ± 0.0048 0.2988 ± 0.0035 0.5902 ± 0.0042 0.7631 ± 0.0056
w/ Sent. 0.2813 ± 0.0042 0.4994 ± 0.0051 0.7551 ± 0.0055 0.3199 ± 0.0039 0.6147 ± 0.0045 0.7973 ± 0.0062

MLP w/o Sent. 0.0523 ± 0.0026 0.0859 ± 0.0019 0.1478 ± 0.0019 0.0570 ± 0.0015 0.0923 ± 0.0017 0.1478 ± 0.0033
w/ Sent. 0.1314 ± 0.0026 0.1714 ± 0.0025 0.1652 ± 0.0014 0.1346 ± 0.0028 0.1595 ± 0.0014 0.1843 ± 0.0019

CNN w/o Sent. 0.0526 ± 0.0035 0.0871 ± 0.0026 0.1471 ± 0.0024 0.0629 ± 0.0027 0.0950 ± 0.0031 0.1449 ± 0.0029
w/ Sent. 0.1226 ± 0.0016 0.1368 ± 0.0011 0.1616 ± 0.0018 0.1059 ± 0.0017 0.1393 ± 0.0015 0.1562 ± 0.0034

LSTM w/o Sent. 0.0441 ± 0.0032 0.0812 ± 0.0018 0.1525 ± 0.0026 0.0445 ± 0.0020 0.0991 ± 0.0033 0.1537 ± 0.0021
w/ Sent. 0.1165 ± 0.0017 0.1169 ± 0.0016 0.1800 ± 0.0024 0.0616 ± 0.0017 0.1163 ± 0.0025 0.1762 ± 0.0032

DA-LSTM w/o Sent. 0.0215 ± 0.0020 0.0835 ± 0.0015 0.1402 ± 0.0035 0.0342 ± 0.0023 0.0738 ± 0.0012 0.1393 ± 0.0011
w/ Sent. 0.0286 ± 0.0013 0.0994 ± 0.0026 0.1379 ± 0.0030 0.0264 ± 0.0021 0.0818 ± 0.0012 0.1338 ± 0.0020

Sliding Window Size/Prediction Step (R2)

Model Features
10 30

1 7 30 1 7 30

Naive Persistence 0.9924 ± 0.0000 0.9406 ± 0.0000 0.7391 ± 0.0000 0.9925 ± 0.0000 0.9406 ± 0.0000 0.7394 ± 0.0000

TimesFM Zero-Shot 0.9871 ± 0.0000 0.6943 ± 0.0000 −4.1041 ± 0.0000 0.9872 ± 0.0000 0.6951 ± 0.0000 −4.3478 ± 0.0000

Transformer w/o Sent. 0.8971 ± 0.0038 0.6406 ± 0.0042 0.1645 ± 0.0051 0.8559 ± 0.0041 0.4392 ± 0.0045 0.0664 ± 0.0055
w/ Sent. 0.8718 ± 0.0051 0.5967 ± 0.0049 0.0819 ± 0.0055 0.8348 ± 0.0043 0.3916 ± 0.0047 −0.0192 ± 0.0058

MLP w/o Sent. 0.9580 ± 0.0065 0.8886 ± 0.0044 0.6898 ± 0.0064 0.9528 ± 0.0059 0.8783 ± 0.0021 0.7042 ± 0.0052
w/ Sent. 0.7355 ± 0.0051 0.6026 ± 0.0044 0.6124 ± 0.0032 0.7373 ± 0.0049 0.6559 ± 0.0025 0.5401 ± 0.0040

CNN w/o Sent. 0.9575 ± 0.0040 0.8854 ± 0.0063 0.6929 ± 0.0059 0.9425 ± 0.0032 0.8712 ± 0.0043 0.7157 ± 0.0028
w/ Sent. 0.7822 ± 0.0061 0.7343 ± 0.0059 0.6461 ± 0.0033 0.8281 ± 0.0049 0.7361 ± 0.0047 0.6533 ± 0.0027

LSTM w/o Sent. 0.9701 ± 0.0054 0.9003 ± 0.0044 0.6696 ± 0.0055 0.9712 ± 0.0044 0.8597 ± 0.0020 0.6798 ± 0.0035
w/ Sent. 0.8153 ± 0.0021 0.8049 ± 0.0062 0.5401 ± 0.0060 0.9448 ± 0.0057 0.8070 ± 0.0034 0.5795 ± 0.0023

DA-LSTM w/o Sent. 0.9917 ± 0.0060 0.8978 ± 0.0063 0.7206 ± 0.0024 0.9830 ± 0.0042 0.9222 ± 0.0023 0.7372 ± 0.0054
w/ Sent. 0.9896 ± 0.0054 0.8506 ± 0.0026 0.7434 ± 0.0041 0.9904 ± 0.0045 0.9797 ± 0.0032 0.7573 ± 0.0059

Note: The standard deviation for the Naive Persistence baseline and TimesFM zero-shot is exactly 0.0000, as they
involve no stochastic training processes.

In stark contrast, our proposed DA-LSTM successfully digests these multi-source
features. By elegantly coupling a Feature-Level Attention mechanism to filter text noise with
a Temporal Attention mechanism, DA-LSTM prevents attention distraction. It effectively
aligns the heterogeneous data, enabling the DA-LSTM to elevate its R2 performance from
an already strong 0.9222 to an exceptional 0.9797 in medium-term forecasting (Window 30,
Step 7), while achieving an exceptional long-term MAE of 0.1089 where foundational
models fail.

The prediction results on the test set are illustrated in Figure 5. In short-term forecast-
ing scenarios, all models capture the general trend of soybean futures prices reasonably
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well. However, as the prediction horizon increases, baseline models gradually deviate
from the observed price trajectory. In contrast, the Dual-Attention LSTM maintains a
prediction curve closely aligned with the actual values, demonstrating stronger robustness
and stability.

(a) (b)

(c) (d)

(e) (f)

Figure 5. Comparison of prediction results on the test set with a sliding window size of 30 and a
prediction step of 30.

From a systems perspective, the superior performance of the Dual-Attention LSTM can
be attributed to its ability to model interactions among heterogeneous information sources.
The temporal attention mechanism captures delayed dependencies between information
signals and price fluctuations, while the feature attention mechanism dynamically identifies
the most influential factors within the multi-source system.

Together, these mechanisms enable the model to better represent the information prop-
agation process within the soybean futures market system, thereby improving forecasting
accuracy under complex and volatile market conditions.

4.3. Model Interpretability: Attention Weight Analysis

While the performance metrics demonstrate the predictive superiority of the DA-
LSTM, understanding the model’s internal decision-making process is equally critical. By
extracting the weights from the feature-level and temporal attention layers, we can interpret
which variables and historical periods drive the market predictions. Figure 6 illustrates the
distribution of these attention weights.

Feature-Level Attention: As shown in Figure 6a, the feature attention mechanism
dynamically assigns varying degrees of importance to the heterogeneous inputs. Unsur-
prisingly, fundamental trading variables such as the closing price and highest price hold
the most significant weights, reflecting the strong autoregressive nature of futures markets.
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However, it is highly noteworthy that specific sentiment features—particularly Topic_1
and Topic_2—also capture substantial attention weights, standing out among the multidi-
mensional inputs. This visual evidence validates our core hypothesis: the DA-LSTM does
not treat textual sentiment as mere noise; instead, it actively cross-references numerical
trends with critical sentiment shifts to formulate its predictions.

Figure 6. Average attention weight distributions of the DA-LSTM model. (a) Feature-level attention
highlights the importance of core trading variables alongside key sentiment topics (Topic_1, Topic_2).
(b) Temporal-level attention illustrates recency bias coupled with specific historical memory peaks.

Temporal-Level Attention: Figure 6b visualizes the temporal attention weights across
the sliding window of 30 days. The distribution demonstrates a clear recency bias, where
the most recent time steps (t − 1, t − 2) naturally exert the strongest influence on the short-
term prediction. However, rather than decaying strictly linearly, the temporal weights
exhibit distinct local peaks at further historical steps (e.g., around the 7-day lag). These
peaks indicate that the temporal attention mechanism is capable of memorizing and heavily
weighting specific historical periods characterized by weekly cyclical patterns or lingering
news shocks, effectively bypassing temporal distance to extract relevant structural memory.

Together, these attention analyses confirm that the dual-attention architecture is not
just a mathematical black box, but a highly interpretable framework capable of mimicking
human-like analytical logic—weighing “what matters” (features) and “when it happened”
(time) in a complex multi-source market environment.

5. Conclusions
This study investigates soybean futures price forecasting from a system-level perspec-

tive by integrating multi-source heterogeneous information, including historical trading
data and news-derived textual information. Instead of treating futures price prediction as a
purely numerical time-series problem, this work models the market as a complex informa-
tion system in which price dynamics emerge from the interaction of multiple information
flows such as trading activities, policy signals, and market sentiment.

In the sentiment feature extraction stage, a RoBERTa-based news headline sentiment
classification model was developed to quantify market sentiment embedded in financial
news. The model achieved an Accuracy of 0.8111, a Precision of 0.7934, a Recall of 0.8081,
and a F1-Score of 0.7988 on the validation set. While these figures suggest the model’s rea-
sonable capability in capturing sentiment polarity to provide indicators for the forecasting
framework, we acknowledge that relying on validation-set metrics may overstate gener-
alisation, and evaluating the classifier on a strictly held-out test set remains an important
objective for future refinement.

In the forecasting stage, a Dual-Attention LSTM model was proposed to capture both
temporal dependencies and inter-feature relationships within the integrated dataset. Exper-
imental results show that the proposed model consistently outperforms baseline methods
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across multiple prediction horizons. In particular, for the medium-term forecasting scenario
with a sliding window of 30 and a prediction horizon of 7 steps, the R2 value improved from
0.922 to 0.9797. This result indicates that incorporating sentiment-based information can
effectively aid in capturing medium- and long-term market dynamics. The dual-attention
mechanism further improves predictive performance by adaptively emphasizing important
features and critical time steps within the complex information system.

Overall, the results demonstrate that integrating heterogeneous information sources
can offer observable improvements in short-term forecasting accuracy for soybean futures
compared to standard baseline models. By modeling the futures market as an intercon-
nected information system rather than an isolated numerical process, the proposed frame-
work provides a more comprehensive approach to understanding and predicting market
dynamics. The proposed method can offer effective decision-support tools for participants
in agricultural futures markets and contributes to the development of system-oriented
forecasting methodologies in financial markets.

Future research can further extend this work by incorporating additional informa-
tion sources, such as macroeconomic indicators, weather data, and international trade
signals, to construct a more comprehensive agricultural market information system. In
addition, future studies may explore more advanced deep learning architectures or hybrid
mechanism–data-driven models to further improve the interpretability and generalization
capability of futures price forecasting models.
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