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Abstract: The Chinese stock market, marked by rapid growth and significant volatility, presents unique challenges

for investors and analysts. A-share stocks, traded on the Shanghai and Shenzhen exchanges, are crucial to

China’s financial system and offer opportunities for both domestic and international investors. Accurate stock

recommendation tools are vital for informed decision-making, especially given the ongoing regulatory changes

and economic reforms in China. Current stock recommendation methods often fall short, as they typically fail to

capture the complex inter-company relationships and rely heavily on financial reports, neglecting the potential of

unlabeled data and historical price trends. In response, we propose a novel approach that combines graph-based

structures with historical price data to develop self-learned stock embeddings for A-share recommendations. Our

method leverages self-supervised learning, bypassing the need for human-generated labels and autonomously

uncovering latent relationships and patterns within the data. This dual-input strategy enhances the understanding

of market dynamics, leading to more accurate stock predictions. Our contributions include a novel framework

for label-free stock recommendations with modeling stock connections and pricing information, and empirical

evidence demonstrating the robustness and adaptability of our approach in the volatile Chinese stock market.

Keywords: stock recommendation; graph neural network; gated recurrent network; self-supervised learning

1. Introduction

The Chinese stock market [1–3] holds an increasingly pivotal role within the global financial
landscape, distinguished by its rapid expansion, significant trading volumes, and pronounced volatility
[4,5]. These unique attributes present a combination of both challenges and opportunities for investors
and analysts seeking to maximize returns while managing risks. As the market becomes more intricate,
driven by diverse factors ranging from global economic conditions to domestic policy shifts, the
demand for sophisticated stock recommendation systems has never been higher. These systems
must be capable of navigating the unpredictable nature of the market while providing investors with
actionable and precise insights.

A-share stocks, primarily traded on the Shanghai and Shenzhen exchanges, form the backbone of
China’s financial ecosystem. They play a crucial role in providing both domestic and international
investors with access to China’s economic engine. These stocks represent companies in sectors ranging
from technology and manufacturing to finance and consumer goods, offering a broad spectrum of
opportunities for portfolio diversification. Effective recommendation tools for A-share stocks are
indispensable for ensuring that investors make informed decisions based on market realities and
evolving trends. Such tools are not only vital for portfolio optimization but also for sustaining overall
market liquidity and stability. Moreover, as China continues to introduce regulatory reforms and
implement structural economic adjustments, having the ability to forecast A-share market movements
with accuracy becomes even more critical for investors aiming to capitalize on market changes.

A unique aspect of the A-share market is its concept-based trading approach [6–8], where stocks
are often grouped and evaluated based on broader thematic concepts rather than traditional industry
classifications. For instance, stocks linked to emerging technologies such as artificial intelligence or
clean energy are bundled together based on their shared potential to drive future growth, regardless
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of their specific sector. This concept-based trading adds another layer of complexity to stock recom-
mendation systems, as it necessitates an understanding of both sector-specific dynamics and broader
macroeconomic themes driving investor sentiment.

However, current stock recommendation methods face several notable shortcomings in capturing
these intricacies. First, they often fail to account for the complex, interdependent relationships between
companies, such as competitive pressures or cooperative ventures within or across sectors [9]. Second,
many traditional models rely too heavily on financial reports and historical performance metrics,
which limits their ability to extract valuable insights from alternative data sources, such as company
filings, news reports, or investor sentiment analysis [10,11]. These models typically overlook the
added value that comes from integrating document-based data with historical price trends [12,13] to
provide a more comprehensive view. Third, traditional approaches are constrained by their reliance
on explicitly labeled data, which is often provided by financial experts or mutual fund managers [14].
This dependency can limit the scope of the model, as it fails to capitalize on the potential insights
hidden within the vast amount of unlabeled data that the market generates.

To address these challenges, we propose a novel framework that leverages two core perspectives:
1) graph-based neural network [15–17], which are designed to capture the intricate interconnections
and relationships between companies within the stock market, and 2) recurrent neural network [18–
20], which helps to identify patterns and trends of historical price data over time. By employing
self-supervised learning, our model autonomously uncovers hidden relationships and subtle patterns
within these two streams without the need for human-generated labels. This enables a more flexible and
adaptive recommendation system that is capable of learning from both structured and unstructured
data sources.

Our dual-input strategy provides a comprehensive analysis by combining the structural insights
obtained from stock graphs with the temporal signals derived from price movements. The integration
of these two perspectives offers a more nuanced understanding of the market, capturing both the overt
and subtle factors that influence stock prices. This approach not only enhances the accuracy of stock
recommendations but also provides investors with deeper insights into the underlying factors driving
market trends, enabling more informed and timely decision-making in the volatile and fast-evolving
A-share market.

In summary, this paper offers several key contributions to the field of financial analytics. First,
it introduces an innovative framework for generating stock recommendations that integrates graph-
based structures with historical price trends, eliminating the need for labeled data. Second, our
model improves the understanding of inter-company relationships within the stock market, offering a
multidimensional view of the market that surpasses the limitations of traditional models. Finally, we
provide empirical evidence demonstrating that our approach not only delivers robust and accurate
stock recommendations but also adapts effectively to the inherent volatility of the Chinese stock market,
empowering investors with tools to make more confident and data-driven investment decisions.

We organize this paper as follows: Section 2 presents a literature review, Section 3 formulates the
problem, Section 4 outlines the proposed method, Section 5 discusses the experimental results, and
Section 6 concludes the paper.

2. Related Work

This section provides a comprehensive review of the pertinent literature across three main
areas: stock recommendation systems, the application of graph learning in financial markets, and the
deployment of self-learning techniques in financial analytics.

2.1. Stock Recommendation Systems

Stock recommendation systems [21,22] are essential tools that help investors make well-informed
decisions. Initially, these systems relied heavily on fundamental and technical analyses conducted
by human experts [23]. However, recent methodologies have started integrating machine learning to

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 October 2024 doi:10.20944/preprints202410.0269.v1

https://doi.org/10.20944/preprints202410.0269.v1


3 of 18

handle vast datasets and unveil patterns not easily discernible by humans [24]. Particularly within
China’s A-share market, known for its high volatility and susceptibility to rapid changes due to policy
adjustments, these systems encounter distinctive challenges. Research by Gali et al. [25] discusses
how shifts in policy can significantly influence stock recommendations, underscoring the necessity for
models that can swiftly adapt to such changes.

2.2. Graph Neural Network Learning in Financial Markets

The adoption of graph learning to map out intricate relationships and interactions is on the rise
across various fields, including the financial sector. A comprehensive survey by Wang et al. [26] high-
lights how graph-based models can uncover latent structures within financial data, providing deeper
insights into market dynamics and interdependencies. Specifically, these models are adept at depicting
stocks and their interconnections, thereby illustrating the mutual influences and dependencies that
govern them [27]. This approach is exceptionally beneficial for navigating complex environments such
as the A-share market, offering a refined perspective on market behaviors.

2.3. Self-Learning in Stock Recommendations

Self-supervised learning learning has emerged as a potent strategy for exploiting unlabeled data,
thereby minimizing reliance on expensive labeled datasets [15,16,28]. This approach proves invaluable
in fields where extracting features from large volumes of unstructured data is paramount [29]. In
the context of financial markets, SL is instrumental in identifying latent features in market data that
forecast future trends [30]. The application of SL in stock recommendations is relatively embryonic but
holds considerable promise for enhancing the predictive capabilities of models by learning directly
from the intrinsic structure of financial data without significant human oversight.

3. Problem Definition

Our system is designed to provide tailored stock recommendations by linking stocks with financial
concepts derived from a diverse array of text-based resources, including news articles, tweets, and
corporate financial reports. Consider the following sets: 1) D: a collection of documents; 2) C: a set of
identified financial concepts; and 3) S: a set of stocks

We utilize advanced natural language processing, graph neural network and sequence modeling
techniques to construct vector representations hc for each concept c ∈ C and hs for each stock s ∈ S.
The cornerstone of our recommendation engine is the similarity function sim(hc, hs). This function
assesses the relevance of each stock s to a given concept c, enabling the system to recommend stocks
that most closely align with the user’s specified financial interests. As a result, the system dynamically
ranks stocks based on their calculated similarity to the chosen concept. This ranking mechanism
ensures that our recommendations adapt in real-time to both fluctuations in market conditions and
updates in the content of the source documents.

4. Method

Our method first extracts graph-based representations [31] for stock recommendation by analyzing
the relationships and interconnections between companies. Next, we derive temporal representations
based on historical pricing data. Finally, we integrate these two representations and apply self-
supervised learning to refine them, enabling accurate stock recommendations. The overall framework
of our approach is illustrated in Figure 1.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 October 2024 doi:10.20944/preprints202410.0269.v1

https://doi.org/10.20944/preprints202410.0269.v1


4 of 18

Figure 1. Our framework models the stock graph and pricing information jointly and use self-
supervised learning to label stock embedding without labels.

4.1. Construction of Stock-Stock Graph

The Stock-Stock Graph [32] is a streamlined representation specifically designed to analyze
relationships between different stocks.

In our graph, we use only one type of node: Stock Nodes: symbolize different stocks or financial
entities discussed within the documents. Each stock node represents an individual stock, capturing its
unique characteristics and market behavior.

The edges in our graph are defined solely to capture the relationships between stock nodes, which
are determined as follows: Stock-Stock Edges: To uncover potential correlations and interactions
between stocks, we calculate the Pointwise Mutual Information (PMI) scores based on their co-
occurrence within the same documents. The PMI score [33] for a pair of stocks si and sj is computed
using the formula:

PMI(si, sj) = log

(
P(si, sj)

P(si) · P(sj)

)
where P(si, sj) is the probability of co-occurrence of stocks si and sj, and P(si) and P(sj) are the
individual probabilities of occurrence of si and sj, respectively. This metric helps in identifying stocks
that frequently appear together, suggesting a potential linkage or dependency that could be of interest
for market analysis and investment strategies.

By focusing on the construction of the Stock-Stock Graph, we can directly analyze the intercon-
nectedness and dynamics between different stocks, making it a valuable tool for financial analysts
and investors aiming to understand market trends and develop informed investment decisions. This
targeted approach allows for a deeper exploration of stock interactions without the complexity of
additional node types and edge relationships.

4.2. Initializing Stock Embeddings with FastText

To initialize high-quality embeddings for the stock nodes in our graph, we utilize FastText [34], a
powerful word embedding [35] technique designed to capture both syntactic and semantic nuances
of text. This approach ensures that our stock embeddings are contextually rich, providing a robust
foundation for our analysis.
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FastText Overview: FastText extends the Word2Vec model by representing words as bags of
character n-grams, enabling it to generate better embeddings for rare words and capture subword in-
formation. This feature is particularly beneficial in our domain, where financial terminology frequently
includes specific jargon and technical terms.

Stock Embeddings Process: For each stock node, we derive embeddings from textual data such
as news articles, financial reports, and analyst comments related to the stock. Let S be the set of all
stocks, and let Ws be the set of words associated with stock s ∈ S. The embedding hs for stock s is
calculated as:

hs =
1

|Ws| ∑
w∈Ws

vw

where vw represents the FastText embedding of word w.
Training FastText: The FastText model is trained on a comprehensive corpus comprising texts

related to various stocks. We employ the skip-gram model with negative sampling, aiming to maximize
the log-likelihood:

∑
(w,c)∈D

log σ(vw · uc) + ∑
n∈N(w)

log σ(−vn · uc)


where (w, c) denotes a word-context pair in the corpus D, vw and uc are the embeddings for the word
and context, respectively, σ is the sigmoid function, and N(w) represents the set of negative samples
for word w.

By focusing solely on generating initial stock embeddings with FastText, we ensure that our
analysis is grounded in detailed and context-aware vector representations of each stock, forming a
crucial element of our financial modeling framework.

4.3. Generating Graph Embeddings with Graph Attention Networks

To enhance the representation of stocks in a relational context, we employ Graph Attention
Networks (GAT) [28], which effectively aggregate features from neighborhood nodes through attention
mechanisms. This step is pivotal for capturing the dynamic relationships among stocks, thus enriching
the initial FastText embeddings with relational insights from the stock market graph.

GAT Overview: GAT introduces an attention-based architecture that assigns different importances
to nodes in a neighborhood, allowing for a more flexible and powerful aggregation of features. This is
particularly advantageous for stock market analysis, where the influence of one stock on another can
vary significantly.

Feature Transformation Process: Let G = (V , E) denote the graph with nodes V representing
stocks and edges E depicting the relationships between them (e.g., co-movement, sector similarity).
Each node s ∈ V is initially embedded using FastText as hs. The updated embedding h′

s after applying
GAT is computed as follows:

h′
s =

K⊕
k=1

σ

 ∑
i∈N (s)

α
(k)
si W(k)hi


where N (s) includes the neighbors of stock s, α

(k)
si are the attention coefficients determining the impor-

tance of node i’s features to node s in the k-th attention head, W(k) is a learnable linear transformation
applied to the neighbors’ features, σ is a non-linear activation function, and

⊕
denotes concatenation

of the outputs from multiple attention heads. The attention [36] coefficients αsi are computed as:

αsi =
exp(LeakyReLU(aT [Whs∥Whi]))

∑j∈N (s) exp(LeakyReLU(aT [Whs∥Whj]))
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where a is a learnable weight vector, and ∥ denotes concatenation. This formulation allows the network
to focus more on important neighbors, adapting to the context-specific relationships inherent in the
financial domain.

By integrating GAT into our model, we obtain graph embeddings h′
s, enabling them to re-

flect not only the intrinsic properties of stocks but also their contextual relationships. This dual
approach—leveraging both textual data and graph structures—provides a comprehensive framework
for stock analysis, enhancing the predictive power of our financial modeling tools.

4.4. Generating Temporal Embeddings with Gated Recurrent Units

To capture the temporal dynamics inherent in stock market data, we utilize Gated Recurrent Units
(GRU) [37], designed to process sequential data by efficiently managing information flow over time.
This approach enables us to transform sequences of technical indicators into meaningful, time-sensitive
embeddings for each stock.

GRU Overview: GRU is a type of recurrent neural network that uses gating mechanisms to
control the flow of information. These gates—update and reset—help the model to decide how much
of the past information needs to be passed along to the future, making GRUs particularly adept at
handling issues like vanishing gradients and dependencies of varying time lengths.

Technical Features: For each stock s, we consider a sequence of technical indicators over time,
denoted by xs = {x1, x2, . . . , xT}, where T is the number of time steps and xt represents the vector of
technical features at time t. These features include:

1. Open price (ot): The price at which a stock first trades upon the opening of an exchange on a
given trading day.

2. Close price (ct): The last price at which a stock trades during a regular trading session.
3. High price (ht): The highest price at which a stock traded during the course of the trading day.
4. Low price (lt): The lowest price at which a stock traded during the course of the trading day.
5. Additional derived technical indicators, such as moving averages, relative strength index (RSI),

and volume-weighted average price (VWAP), which provide further insights into price trends
and momentum.

Embedding Generation with GRU: The GRU network processes the sequence xs, updating its
hidden state ht at each time step as follows:

ht = GRU(ht−1, xt)

where ht−1 is the hidden state from the previous time step, and xt is the input at the current time step.
The final embedding h′′

s for stock s is obtained by taking the hidden state at the last time step T:

h′′
s = hT

This process ensures that each stock’s embedding captures not only the static characteristics
inferred from its price movement but also the dynamic changes over time, reflecting short-term
fluctuations and long-term trends. By leveraging GRU for embedding generation, our model effectively
incorporates historical price movements and technical indicators, offering a deeper understanding of
each stock’s behavior.

4.5. Integrating Graph and Temporal Embeddings for Comprehensive Stock Representation

To form a comprehensive embedding for each stock, we integrate the graph-based embeddings
h′

s from the Graph Attention Network and the temporal embeddings h′′
s from the Gated Recurrent

Units. This simple yet effective concatenation approach captures both the spatial relationships and
temporal dynamics of stock behavior.

Combination Strategy: We concatenate the graph-based and temporal embeddings to leverage
the contextual information from the stock’s relational environment and its historical performance
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patterns. This method ensures a straightforward fusion of information without introducing additional
complexity into the embedding space.

We fuse graph embeddings with temporal embeddings by:

hfinal
s = h′

s ⊕ h′′
s

where ⊕ denotes the concatenation operation. This results in an integrated embedding that retains all
significant features from both the graph and temporal representations.

4.6. Self-Learning Strategy for Stock and Concept Embeddings

To effectively train the integrated stock embeddings hfinal
s alongside the concept embeddings

obtained from FastText, we implement a training regime that employs two self-learning loss functions.
These functions are designed to reconstruct the Pointwise Mutual Information (PMI) between concepts
and stocks, and to model the relationships between stocks as represented in the stock graph.

Concept and Stock Embeddings: Concept embeddings, ck, are derived from FastText, capturing
the semantic nuances of financial concepts. The stock embeddings, hfinal

s , combine graph-based and
temporal data to provide a comprehensive representation of each stock.

PMI Reconstruction Loss: This loss function reconstructs the PMI between concepts and stocks,
quantifying the association strength based on their co-occurrence probabilities:

LPMI = ∑
(k,s)∈D

(
PMI(k, s)− σ(cT

k hfinal
s )

)2

where D includes concept-stock pairs, and σ denotes the sigmoid function, mapping the dot product
of concept and stock embeddings to a probability-like score that models their likelihood of meaningful
association.

Stock-Stock Edge Reconstruction Loss: The second loss function aims to maintain the integrity
of the relationships between stocks as defined in the stock graph. This loss helps in preserving the
structural connections which are critical for analyzing market behaviors:

Lstock = ∑
(s,s′)∈E

(
1 − σ(hfinal

s hfinal
s′ )

)2

where E represents the set of edges between stocks in the graph. This loss function penalizes the model
when stock embeddings do not reflect their actual market relationships, ensuring that the learned
embeddings represent true market connections effectively.

Combined Training Objective: The total loss is computed as a weighted sum of both losses,
allowing the model to optimize for a balanced embedding space that considers both conceptual
relevance and market dynamics:

Ltotal = λ1LPMI + λ2Lstock

where λ1 and λ2 are hyperparameters that control the influence of each loss function. Adjusting these
parameters provides flexibility in focusing on either aspect depending on specific financial modeling
objectives.

This dual-loss training strategy ensures that the embeddings not only reflect individual stock and
concept characteristics but also the complex interdependencies and structural relationships within the
financial market. Such a comprehensive approach enhances the predictive power and analytical depth
of financial models, facilitating more informed decision-making in market analysis and investment
strategies.
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5. Experiments

To rigorously evaluate our proposed graph-based recommendation system, we have conducted
extensive experiments using meticulously curated datasets derived from authoritative sources in the
Chinese financial sector. Here, we detail the datasets employed and the structure of our experimental
framework.

5.1. Stock Candidate Data

Our stock candidate pool comprises a comprehensive dataset of individual stocks extracted
directly from the official websites of the Shanghai Stock Exchange and the Shenzhen Stock Exchange.
This dataset includes a total of 3,326 individual stocks, each featuring detailed trading information
and historical performance metrics. The richness of this dataset provides a robust basis for assessing
the efficacy of our recommendation system across a diverse array of stock profiles.

5.2. Finance Documents Data

The finance document data serves as a foundational element in constructing our recommendation
model’s knowledge graph. We have collected a vast corpus of 452,569 financial news articles spanning
from 2018 to 2023, sourced from the reputable Jinrongjie financial news website. This dataset includes
diverse financial documents, such as analyst reports, news articles, and earnings summaries, which
are crucial for extracting nuanced financial sentiments and trends that influence stock movements.

5.3. Technical Pricing Data

To obtain the technical pricing features for each stock from 2018 to 2023, we use Yahoo Finance,
a reliable platform for accessing stock market data. 1 By navigating to the historical data section,
we can download key trading metrics such as open price, close price, high price, and low price for
each stock over this period. Additionally, Yahoo Finance offers tools to calculate important technical
indicators like moving averages, relative strength index (RSI), and volume-weighted average price
(VWAP). This data provides a comprehensive view of stock trends and momentum, which is crucial
for our recommendation system.

5.4. Concept Recommendation Data

Our concept recommendation datasets are derived from two prominent Chinese financial websites,
Jinrongjie and Tonghuashun. These sites are noted for their expertly curated lists of concept stocks,
compiled by experienced financial analysts. These datasets are pivotal for our study as they encapsulate
the collective wisdom of financial experts, reflecting nuanced market insights. Samples are shown in
Table 1.

1 https://finance.yahoo.com
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Table 1. Examples of Concepts and Related Companies

Concept Company Code Company Description
3D Glass 300083 As of June 1, 2016, the company stated in an inter-

action that its wholly-owned subsidiary Genesis
Glass Machines is mainly used for processing 2D
and 2.5D glass products, with the 3D glass proto-
type still under development.

Security Monitoring 300150 The company’s main products belong to the "post-
station project," holding a monopolistic position in
certain sub-markets such as railway security moni-
toring systems.

5G 002364 In March 2014, the company used its funds to in-
crease the capital of its wholly-owned subsidiary
Dinglian Science Communication. The purpose of
the capital increase was to meet the qualification
review requirements for bidding business partici-
pants and to align with Dinglian’s current produc-
tion and operational needs.

5G Messaging/RCS 300608 The company has been actively laying out indus-
tries related to integrated communications, based
on Yixin, in addition to traditional 5G text messag-
ing business opening and billing.

4D Printing 002473 The company invested 79.83 million yuan in a high-
precision titanium-nickel alloy memory tempera-
ture control device automation production line for
technological expansion and production increase.

Heavy Stock Holding 000423 As of March 31, 2019, China Pacific Life Insurance
Co., Ltd. - Dividend - Individual Dividend holds
a 1.2423% share, and China Pacific Life Insurance
Co., Ltd. - Traditional - Ordinary Insurance Product
holds a 0.9582% share.

CAR-T Therapy 300109 In January 2018, the company signed a strategic
cooperation agreement with Yongtai Biology, which
is at a leading level in domestic cell immunology
research. EAL has been successfully applied in
clinical settings and is researching CAR-T.

The Jinrongjie dataset includes 356 unique investment concepts, with each concept comprising
an average of 23 stocks. These stocks are manually selected based on their relevance to the specific
investment theme, providing a targeted framework for our recommendation model.

In contrast, the Tonghuashun dataset is broader, containing 1023 distinct investment concepts
with an average of 16.2 stocks per concept. This dataset offers a more extensive exploration of market
trends and stock correlations, enriching our model’s predictive capacity.

5.5. Data Splitting

We partition the concept recommendation dataset into training, development, and testing subsets
with a distribution ratio of 70%, 10%, and 20%, respectively. This structured partitioning ensures that
our model is exposed to comprehensive training scenarios, refined through the development phase,
and rigorously evaluated on unseen data. This approach facilitates robust training and provides a
reliable measure of the model’s performance and its generalization capability across diverse market
conditions.

Through these experiments, we aim to demonstrate the effectiveness of our graph-based approach
in harnessing complex relationships and dynamics within the financial market, significantly enhancing
the accuracy of stock recommendations.
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5.6. Baselines and Parameter Settings

To rigorously evaluate the efficacy of our proposed recommendation system, we compare it
against several established baselines that represent a spectrum of techniques from simple retrieval
to advanced concept expansion strategies. The following are the baseline models against which our
method was benchmarked:

1. BM25 [38]: As a naive information retrieval baseline, this model leverages the BM25 scoring
metric to rank stocks. For each stock s and concept c, it queries an inverted index to retrieve
the top-k ranked documents based on their relevance to the stock-concept pair. Stocks are then
ranked by averaging the BM25 scores from these top documents, providing a straightforward,
non-contextual baseline for comparison.

2. Rank [39]: This baseline improves upon simple retrieval by incorporating a two-step process.
Initially, for each concept c, the model retrieves the top-5 documents from the finance documents
data. Subsequently, it integrates these documents with the concept to rank stocks across the two
major exchanges, providing a basic framework for assessing stock relevance based on recent
financial literature.

3. Word2Vec [40]: Utilizes the Word2Vec embedding model to directly rank stocks by measuring
the naive semantic relatedness Sim(c, s) between concepts and stocks. This method assesses how
closely the embedded representations of stocks and concepts align, offering a simple yet effective
measure of semantic similarity.

4. Word2Vec+: This model extends the basic Word2Vec approach by including the eight most
semantically similar words to the original concept in the analysis. This expansion aims to
capture broader semantic fields and nuanced meanings associated with each concept, potentially
enhancing the model’s ability to discern relevant stocks.

5. Word2Vec++: Further develops the Word2Vec+ method by incorporating additional words that
exhibit a similarity score higher than 0.65. On average, this method considers 6.3 concepts
for expansion. This extensive expansion is designed to thoroughly explore the semantic space
around each concept, thereby improving the precision of stock recommendations.

6. MineEvidence [7]: Previously established as the state-of-the-art, this model employs reinforce-
ment learning techniques to dynamically expand the concept representation before ranking
stocks. By iteratively refining the concept expansion based on reinforcement feedback, MineEvi-
dence aims to optimize the selection of stocks that best match the refined concepts, offering a
sophisticated comparison point for our proposed method.

These baseline models provide a comprehensive set of comparisons that range from basic to
advanced methodologies, enabling us to thoroughly evaluate the performance improvements offered
by our approach. Through these comparisons, we aim to demonstrate the superior capability of our
model in leveraging complex, dynamic relationships within the financial domain to deliver more
accurate and relevant stock recommendations.

5.7. Training Parameters

Our model, sets the window size to 5 in training FastText, the embedding size to 300, and the
vocabulary size to 100,000. The mini-batch size is 50. We set the learning rate for Adam to 0.01 and
apply gradient clipping to prevent gradient explosion and vanishing during training.

5.8. Metrics

We evaluated the algorithms using four key performance metrics to assess the effectiveness and
precision of our recommendation system across different aspects:

First, we use the Mean Average Precision (MAP), which provides a single-figure measure of
quality across recall levels. It involves averaging the precision obtained after each relevant document
is retrieved, and then computing the mean of these average precisions across all queries. This metric is
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crucial for understanding the average effectiveness of our algorithm at retrieving relevant items across
all possible recall levels.

Second, we report Precision at K (P@K), specifically precision at 5 and 10 (P@5, P@10). This metric
evaluates the proportion of recommended items in the top-k set that are relevant. P@5 and P@10 are
important as they help us understand the accuracy of the algorithm in its topmost recommendations,
which is essential for ensuring user satisfaction in practical applications where only the top few
recommendations are typically considered.

Third, we use Recall at 30 (R@30) to measure the proportion of relevant items that are retrieved in
the top 30 recommendations. This metric assesses the capability of the algorithm to retrieve a larger set
of relevant items, which is important for scenarios where offering a wider array of potential interests is
necessary.

These metrics collectively provide a thorough evaluation of both the precision and the recall
capabilities of our algorithms, offering a balanced view of their performance in practical scenarios. This
suite of metrics is integral to our continuous optimization processes for enhancing recommendation
effectiveness.

5.9. Recommendation Accuracy

To effectively assess our new recommendation system’s performance, we juxtapose it with
a range of established baselines, from simple information retrieval methods like BM25 to more
sophisticated models incorporating concept expansion and semantic analysis. This comprehensive
comparative analysis highlights our approach’s nuanced improvements and overall efficacy across
various evaluation metrics. The results are shown in Table ??.

The main results from Table 2 demonstrate that our proposed method significantly outperforms
existing baselines in the domain of concept stock recommendation. The baseline models, ranging from
simple information retrieval methods like BM25 to more advanced models such as MineEvidence,
provide a broad spectrum of comparison points that allow us to evaluate the effectiveness of our
approach comprehensively.

Table 2. Concept stock recommendation results.

Method P@5 P@10 R@30 MAP
Jinrongjie Concepts

BM25 0.402 0.315 0.338 0.296
Word2Vec 0.450 0.367 0.380 0.332
Word2Vec+ 0.471 0.370 0.391 0.352
Word2Vec++ 0.478 0.375 0.396 0.359
Rank 0.467 0.376 0.402 0.365
MineEvidence 0.524 0.427 0.428 0.398
Our Method 0.601 0.472 0.478 0.435

Tonghuashun Concepts
BM25 0.387 0.302 0.315 0.278
Word2Vec 0.437 0.347 0.360 0.327
Word2Vec+ 0.448 0.356 0.374 0.345
Word2Vec++ 0.453 0.362 0.380 0.351
Rank 0.458 0.373 0.381 0.356
MineEvidence 0.507 0.402 0.422 0.378
Our Method 0.562 0.441 0.452 0.430

For the Jinrongjie Concepts dataset, our method achieves a P@5 of 0.601, outperforming the
best-performing baseline, MineEvidence, which achieves a P@5 of 0.524. Similarly, our method
shows superior results across other metrics, with a P@10 of 0.472, R@30 of 0.478, and MAP of 0.435,
compared to MineEvidence’s 0.427, 0.428, and 0.398, respectively. The consistent improvements across
all evaluation metrics indicate the robustness of our model in delivering more accurate and relevant
stock recommendations.
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In the Tonghuashun Concepts dataset, our method also leads with a P@5 of 0.562, significantly
higher than the MineEvidence’s P@5 of 0.507. The gains in P@10, R@30, and MAP further reinforce the
superiority of our approach, with values of 0.441, 0.452, and 0.430, compared to MineEvidence’s 0.402,
0.422, and 0.378, respectively.

Overall, these results clearly illustrate that our method leverages the complex, dynamic relation-
ships within the financial domain more effectively than existing baselines, offering a more precise
and accurate recommendation system for concept stocks. This superiority is evident across multiple
datasets and performance metrics, underscoring the value of our model’s innovative approach.

5.10. Ablation

This section presents an ablation study to evaluate the impact of key components in our multi-
relation graph self-learning model designed for concept stock recommendation. The results, detailed
in Table 3, are derived from experiments conducted on two distinct datasets: Jinrongjie Concepts
and Tonghuashun Concepts. The ablations considered include: 1) removing graph embeddings, 2)
removing temporal embeddings, 3) omitting the RSI feature from the temporal module, 4) omitting
the VWAP feature from the temporal module, and 5) replacing the graph attention mechanism by
assigning equal weights to all neighbors (effectively canceling attention).

Table 3. Concept stock recommendation results.

Method P@5 P@10 R@30 MAP
Jinrongjie Concepts

No Graph Embeddings 0.571 0.455 0.439 0.410
No Temporal Embeddings 0.586 0.448 0.448 0.408
No RSI Feature 0.590 0.452 0.451 0.414
No VWAP Feature 0.595 0.455 0.450 0.419
No Attention 0.582 0.461 0.446 0.421
Our Method 0.601 0.472 0.478 0.435

Tonghuashun Concepts
No Graph Embeddings 0.543 0.421 0.441 0.381
No Temporal Embeddings 0.548 0.430 0.440 0.406
No RSI Feature 0.553 0.438 0.441 0.412
No VWAP Feature 0.556 0.436 0.442 0.415
No Attention 0.550 0.428 0.448 0.389
Our Method 0.562 0.441 0.452 0.430

Analyzing the results across both datasets, it is evident that each component contributes sig-
nificantly to the model’s overall performance. Removing graph embeddings results in the most
noticeable decline in performance across both datasets, particularly in Precision at 5 (P@5) and Mean
Average Precision (MAP), highlighting the importance of graph-based features in capturing the com-
plex relationships between stocks. Similarly, eliminating the temporal embeddings slightly reduces
performance, though less dramatically, suggesting that temporal dynamics are also crucial but perhaps
less so than the graph structure.

The ablations that remove the RSI and VWAP features lead to marginal decreases in performance,
with slightly greater impacts observed in the Jinrongjie dataset, which may indicate that these features
are more informative for that particular dataset. Notably, disabling the attention mechanism shows
mixed effects: while it causes a decrease in MAP for the Tonghuashun dataset, it surprisingly improves
Precision at 10 (P@10) and Recall at 30 (R@30) in the Jinrongjie dataset, suggesting that the benefit of
attention may vary depending on the specific characteristics of the dataset.

Overall, our full model, which includes all components, consistently achieves the best performance
across both datasets, underscoring the effectiveness of integrating graph embeddings, temporal
features, and attention mechanisms in our approach.
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5.11. Case Study

To gain deeper insights into the effectiveness of our method, we analyze the top-5 selected
recommended stocks as shown in Table 4.

Table 4. Recommended concept stocks

Ours MineEvidence
New Energy Vehicles

Founder Motor Wanxiang Qianchao
Jiangling Motors China National Machinery Industry Corporation

Tianjin Motor Dies Company Tianjin Motor Dies Company
Shanghai Automobile & Electrical Asia-Pacific Mechanical & Electrical

Great Wall Motors Shanghai Lingang
Intelligent Logistics

YTO Express Fiyta
Fiyta China Chengtong Holdings

Meiling Eastcompeace
China Railway Tielong YTO Express

STO Express Hubei Feilihua Fiber

The recommended stocks in Table 4 illustrate the strength of our method in identifying key
stocks within the "New Energy Vehicles" and "Intelligent Logistics" sectors. For example, within the
"New Energy Vehicles" category, our method highlights companies like Founder Motor and Jiangling
Motors, which are significant due to their strong presence in the industry and continuous innovation.
The consistency observed in the selections, such as the recurrent appearance of Tianjin Motor Dies
Company, further validates the robustness of our approach. Similarly, in the "Intelligent Logistics"
sector, our method identifies YTO Express and Fiyta, both of which play crucial roles in logistics and
supply chain management. The comparison with the MineEvidence baseline reveals that our method
is more adept at uncovering less obvious yet strategically important companies, as seen in our selection
of companies like Meiling and China Railway Tielong. These findings underscore the potential of our
approach to not only align with established market leaders but also to discover emerging opportunities
that might be overlooked by other methods.

5.12. Visualization of Embedding

Shown in Figure 2, our method demonstrates a high level of precision in calculating the rela-
tionships between different stocks by leveraging advanced attention mechanisms that capture subtle
dependencies within the data. For example, our approach accurately identifies the strong relationship
between Ping An Insurance and Jiangsu Hengrui Medicine, as highlighted by the significant attention
value between these two stocks in the attention map. This precision allows us to detect and quantify
the influence that one stock may have on another, ensuring that even nuanced interactions, such as the
correlation between Ping An and Jiangsu Hengrui Medicine, are thoroughly captured and represented.
This capability not only enhances the interpretability of our results but also provides a solid foundation
for more informed and effective financial analysis and investment strategies.
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Figure 2. Attention Map between Stocks

5.13. Influence of Training Data

As shown in Figure 3, the Precision@5 scores for both the Jinrongjie and Tonghuashun datasets
increase as the proportion of training data rises. This demonstrates that the performance of both
models improves with more extensive training data.

Figure 3. Influence of Training data
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For the Jinrongjie dataset, the Precision@5 score shows a steady increase from 0.436 at 20% training
data to 0.591 at 100% training data. This trend indicates that the model benefits significantly from
additional data, leading to better precision and retrieval effectiveness.

Similarly, the Tonghuashun dataset exhibits a consistent upward trend in precision score, starting
at 0.410 with 20% training data and reaching 0.551 at 100% training data. Although the improvement
is slightly less pronounced compared to Jinrongjie, it still underscores the positive impact of increased
training data on model performance.

These observations reveal the benefits of using more data in our method.

5.14. Training Efficiency

Figure 4 illustrates the training time for our method on the Jinrongjie and Tonghuashun datasets
as the proportion of training data increases. The training time for the Jinrongjie dataset scales linearly,
starting at approximately 1 hour for 20% of the data and reaching around 2 hours for 100% of the
data. This suggests that the Jinrongjie dataset is computationally efficient and exhibits predictable
scalability. On the other hand, the Tonghuashun dataset shows a more significant increase in training
time, from about 2 hours at 20% of the data to over 7 hours at 100%. This steeper curve indicates that
the Tonghuashun dataset likely involves greater model complexity or computational demands. The
contrasting trends between the two datasets highlight that while Jinrongjie offers better scalability,
Tonghuashun may require advanced optimization strategies to mitigate its higher computational costs.
These insights are vital for effective resource allocation and model deployment in real-world scenarios.

Figure 4. Influence of Training data

6. Conclusions and Future Work

In this study, we have introduced a novel approach to stock recommendation for the Chinese
A-share market, combining graph-based structures with historical price data to develop self-learned
stock embeddings. By leveraging self-supervised learning, our method effectively captures the intricate
inter-company relationships and temporal patterns that are often overlooked by traditional models.
This approach not only eliminates the reliance on human-generated labels but also enhances the
accuracy of stock predictions by integrating both structural and temporal insights.
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Our empirical results demonstrate that this method is robust and adaptable, effectively navigating
the complexities and volatility of the Chinese stock market. The findings suggest that incorporating
graph structures and unlabeled data can significantly improve stock recommendation systems, offering
investors a more comprehensive tool for making informed decisions. As the Chinese stock market
continues to evolve, our approach provides a solid foundation for future advancements in financial
analytics and stock recommendation technologies.

The future work includes extending this work to the U.S. stock market further exploration and
refinement. The U.S. market, characterized by a broader array of sectors, higher liquidity, and more
diversified trading dynamics, shares some similarities with the Chinese A-share market but also
presents unique challenges. By applying our graph-based and temporal data integration approach
to U.S. stocks, we could capture the inter-company relationships and sectoral dynamics that are
especially prominent in industries such as technology, healthcare, and energy. Furthermore, the wealth
of publicly available data, including financial filings, news reports, and market sentiment, could
provide additional layers of insights when incorporated into the self-supervised learning framework.
Adapting the model to account for these factors could potentially enhance the precision of stock
recommendations in the highly competitive and volatile U.S. market, demonstrating its versatility and
broader applicability across different financial environments.
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