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Abstract: In the context of increasing complexity and information interweaving in financial
markets, traditional quantitative investment models have encountered problems such as
reduced factor effectiveness and inaccurate risk measurement because they do not take into
account the supply chain network relationships between enterprises. This paper discusses
this issue from the perspective of supply chain networks and creates a quantitative
investment model that combines graph structure features with ensemble learning methods.
Relying on the upstream and downstream relationships of listed companies, we build an
enterprise-level supply chain network, collect multiple dimensional features such as
centrality, structural holes, node embedding, etc., detect the potential value transfer and risk
diffusion routes between enterprises, and use integrated learning algorithms such as
XGBoost and LightGBM to create a multi-model fusion framework to achieve accurate
estimation of stock excess returns. Relying on the empirical data of A-shares to carry out
strategy backtesting, the effectiveness of the model in terms of return improvement and risk
control is confirmed. What significantly improves the explanatory power and robustness of
the model is the embedding of the supply chain network, which opens up new horizons for
creating a more systematic quantitative investment strategy. This article has built a
methodological framework for multi-source financial data integration and network financial
modeling, and also provides theoretical support for risk prevention and control and factor
innovation in the actual investment process.

1 Introduction

1.1 Research Motivation

In recent years, as the financial market has been moving towards a highly information-based and
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complex development context, widespread attention has focused on data-driven quantitative
investment methods. Today's mainstream quantitative models focus more on building factors in a
company's own financial, market, valuation and other dimensions, ignoring the "relationship data™
between companies, that is, the structural information implicit in the supply chain network. Due to
this neglect, the model lacks the ability to respond when faced with macro shocks, industrial chain
transmission risks and information diffusion. When the COVID-19 pandemic first broke out in early
2020, the stock prices of some Chinese core industrial chain companies fell rapidly due to supply
chain disruptions, and their upstream and downstream companies also experienced chain
fluctuations. Systematically introducing the structural characteristics of the supply chain network
into the quantitative model can make up for the defects of the isolated and static traditional factors,
and also provide a new research paradigm for the identification of financial market linkages and the
assessment of systemic risks. Ensemble learning models have been widely used in financial
forecasting tasks. Algorithms such as XGBoost and LightGBM have significant advantages in
factor selection, nonlinear mapping, and model risk resistance. If combined with network structure
characteristics, it is expected to create a quantitative investment strategy that is both explanatory
and predictive.

1.2 Literature review

Most traditional quantitative research relies on the Fama-French three-factor model (1993) and
its subsequent extended models, involving the Carhart four-factor model and the machine learning
factor model that has emerged in recent years (Gu et al., 2020). From the perspective of supply
chain networks, a large number of studies on corporate correlations have been carried out in the
fields of economics and accounting. The "supply chain effect” was proposed by Cohen and Frazzini
(2008), reflecting that the financial performance of suppliers can predict the stock returns of
customer companies; Barrot and Sauvagnat (2016) explored the propagation path of supply chain
shocks in the network; Li et al. (2022) used a graph neural network model to characterize the
transmission mechanism of the industrial chain. Most of these studies are used in risk management,
credit analysis and industrial policy formulation, and are rarely used in quantitative stock selection.
A few financial engineering studies (such as Chen et al.) a., 2021) attempts to introduce graph
structure features into quantitative models. However, its weaknesses in model integration, feature
engineering, and strategy empirical research are still prominent. It is necessary to consider it from
the perspective of quantitative investment, systematically construct a factor system based on supply
chain network characteristics, and then combine it with an integrated learning model to create a
complete investment decision-making framework.

1.3 Study Structure

This study as a whole is divided into five parts. The first part starts with an introduction,
explaining the research background, related literature and overall structure. The second part starts
with the limitations of the existence of "information islands" and discusses the shortcomings of
traditional models in capturing network connections between enterprises. The third part reconstructs
the investment factor system from the perspective of network finance, involving methods such as
constructing network indicators, verifying stock price linkage and measuring the degree of risk
transmission. The fourth part gives an integrated learning investment model that integrates supply
chain characteristics, and then implements empirical tests with the help of A-share data. The fifth
part summarizes the research findings, explains the theoretical and practical significance of this
study, and then gives relevant prospects for future research.
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2 From information islands to network perspectives

2.1 Model limitations

Today, quantitative investment factors are mostly constructed at the level of individual stocks,
and no systematic modeling is done for the "relationship variables" between companies, showing
the problems of static and segmented. Taking the CSI 300 sample stocks as an example, if only
conventional factors (such as price-to-earnings ratio, momentum, ROE, etc.) are used to construct a
stock selection model, from 2017 to 2022, its IC (information coefficient) showed a downward
trend, averaging nearly 0.03, and volatility showed a significant upward trend, demonstrating that
the effectiveness of the single-factor model is weakening. Traditional models cannot explain the
non-independence of factor returns and the resonance mechanism under macro shocks. Changes in
the performance of an upstream manufacturing company may be quickly transmitted to multiple
downstream companies through the industrial chain, and this impact cannot be captured by financial
factors. This kind of information loss actually exposes the cognitive blind spots in modeling the
nested relationships of corporate ecosystems.

2.2 Network Loss

Enterprises do not actually operate in isolation, but are based in complex supply chain networks,
creating structural interdependence and feedback cycles. According to the map constructed based
on Wind industry supply chain data, in the A-share market, the average number of direct suppliers
for each listed company is 5.7, and the number of customers is 4.2, reflecting a significant
aggregation tendency and industry embeddedness. As far as the electronics industry chain is
concerned, core companies such as Luxshare Precision and BOE have a high network-centric status,
which significantly affects upstream and downstream companies. If this network structure is
omitted, the ability to identify the path of systemic risk transmission and the direction of
information diffusion will be lost, resulting in a decline in model robustness, stock selection that
does not meet expectations, or risk misjudgment.

2.3 Data barriers

The acquisition, processing and modeling of supply chain network data are significantly difficult.
The data comes from multiple channels and is unstructured. It is necessary to integrate text
information such as announcements, annual reports, industry reports, and build a stable inter-
enterprise relationship map. The problem of data timeliness is extremely prominent. The update of
most public supply chain data lags behind by more than half a year, which creates an obstacle to
real-time adjustment of strategy implementation. Network data exhibits high-dimensional and
sparse properties, and it is quite difficult to directly process traditional quantitative methods. It can
be combined with graph mining technologies such as Node2Vec and GraphSAGE to achieve
embedding. However, there is still no unified approach to how to integrate structural information
with time series data during the model training phase. Building a structured network indicator
system and introducing integrated algorithms to integrate multi-source heterogeneous features have
become the core ways to achieve breakthroughs.
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3 Reconstruction of investment factors from the perspective of network finance

3.1 Network indicator construction

With the support of public data from Wind and Tianyancha, this study uses a graph construction
method to create a directed supply chain network diagram of A-share listed companies. The nodes
in the diagram represent enterprises, and the edges represent supply chain relationships, such as
"customer — supplier”. Based on this foundation, typical network indicators are extracted as
structural factors to be input into the quantitative model: including (1) degree centrality: calculating
the number of connections of an enterprise; (2) node betweenness centrality: explaining the
intermediary significance of the node on the shortest path; (3) PageRank score: measuring the key
significance of the node; (4) network group clustering coefficient: reflecting the clustering density
of the network sub-cluster in which the enterprise is located; (5) vector with embedded features:
using Node2Vec to generate a structural embedding presentation method with a dimension of 128.
These features can be used as new factors to input into the model and then spliced with
conventional financial factors to form a feature matrix. Preliminary regression analysis shows that
network betweenness centrality has a significant positive correlation in explaining the excess return
in the next quarter, and has a weak correlation with market factors, and has independent explanatory
power.

3.2 Stock Price Co-movement Analysis

In order to test the persuasiveness of the supply chain network's explanation of stock price
linkage, this paper uses panel cointegration and Granger causality tests to model the relationship
between upstream and downstream enterprises, selects typical supply chain pairs in the CSI 300
sample from 2020 to 2023, and calculates the correlation coefficients and lagged causality of their
daily returns. The results show that for enterprise pairs with obvious supply relationships, the
returns show a high degree of synchronization. In up to 65% of the cases, the supplier's profits can
Granger cause changes in customer profits. The Rolling window is further used to calculate the
overall linkage level within the industry chain. After exploration, it is found that enterprises with
higher network embeddedness during market volatility have higher price synchronization rates,
reflecting that the role of supply chain networks in crisis propagation and market adjustments
cannot be underestimated.

3.3 Risk Transmission Measurement

Considering the propagation path of systemic risks from a network perspective, this paper
introduces the network VAR (Vector Auto Regression) model, combined with the node impact
simulation method, and takes the electronics manufacturing industry as an example to create a
supply chain network VAR system consisting of 40 companies. The propagation of the profit path
of upstream key companies (such as SMIC) after a performance shock such as a 20% drop in net
profit is simulated. The simulation results show that due to the direct connection relationship, the
first-level downstream enterprises experienced an average drawdown of 4.7%, and the secondary
transmission effect is still very significant. The SRISK and CoVaR methods are used to measure the
systemic risk exposure of enterprises with higher network centrality. The CoVaR value of the top
10% of the PageRank companies is nearly 1.6 times higher than the average level, indicating that
the network structure has a high degree of differentiation in explaining the phenomenon of systemic
risk exposure. This result has important reference significance for financial supervision, industry
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allocation and multi-factor stock selection strategies.

4 Factor model design driven by ensemble learning

4.1 Feature Engineering Solution

In order to achieve the effective integration of supply chain network characteristics and
traditional quantitative factors, this study used three types of factors in combination during the
feature engineering stage: (1) Financial factors: including common value indicators (PE, PB),
profitability indicators (ROE, year-on-year growth rate of net profit), growth indicators (revenue
growth performance), quality indicators (asset-liability ratio, cash flow coverage ratio), etc. The
data is obtained from the Wind financial terminal and is updated quarterly; (2) Factors related to
market performance: involving momentum (the performance of the rise and fall in the past 30 days,
60 days and 120 days), volatility, turnover rate, volume-price divergence indicators, etc., using a
daily frequency to show the actual market behavior; (3) Supply chain network-specific factors:
including degree centrality, betweenness centrality, clustering coefficient on the supply chain
network, and node embedding vectors trained by the Node2Vec algorithm, with the dimension set
to 64), etc., to build an updateable dynamic network diagram based on public data from 2020 to
2023. The above factors are preprocessed by adopting feature standardization, filling missing values
with KNN interpolation, and feature screening based on information gain and mutual information.
Finally, a multi-factor input matrix with 76 dimensions is created. The samples cover the listed
entities of CSI 300, and the time range is from January 2019 to December 2023. The training
samples are replaced on a quarterly basis. The feature importance evaluation shows that the top 10
principal components in the network embedding dimension contribute about 22% of the model's
explanatory power. In multiple models, betweenness centrality and PageRank factors enter the Top
10 factor combination, proving that they have significant information gain value.

Table 1: Contribution of Supply Chain Network Features in the Model

Feature Type Top Features (by Contribution to Model Average IC
importance) (%) (2021 - 2023)
Traditional Financial ROE, PE, Revenue 38.2 0.041
Growth
Market Behavior Momentum (30d), 345 0.038
Volatility, Turnover Rate
Network Structure Betweenness Centrality, 27.3 0.061
PageRank, Node2Vec

Table 1 reveals that network structure features contribute over 27% of model explanatory
power—despite being newly introduced. Notably, their average IC (0.061) exceeds traditional
factors, confirming their standalone predictive value and complementarity in an ensemble
framework. Their inclusion strengthens both the robustness and interpretability of the investment
model.

4.2 Model Integration Framework

This study constructed a prediction framework through the Ensemble Learning method, aiming
to enhance the stability and nonlinear fitting ability of the model. In particular, a two-layer fusion
structure was adopted: the first layer uses the basic learner to select models with excellent
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performance and significant complementarity, (2) XGBoost tree based on gradient boosting; (3)
lightweight gradient boosting machine; (4) regression model derived from support vector machine
(SVM); (5) shallow neural network with 1 hidden layer, using ReLU activation). The second layer
uses a meta-learner, which uses Ridge Regression to perform weighted fusion on the output of the
first layer model. The target variable of the model is the excess return relative to the CSI 300
benchmark in the next quarter (60 trading days). The training adopts a sliding window approach ,
and the training set and validation set are updated quarterly to prevent data leakage in the future. A
5-fold cross-validation and early stopping mechanism are introduced to control overfitting. The
average predicted IC of the integrated model between 2021 and 2023 is 0.087, which is much
higher than that of the single model. The IC presented by the neural network is 0.048). Its R? is
0.211, which is nearly 45% higher than the traditional multi-factor regression model. The SHAP
value is used to analyze the contribution of factors. Network factors show stable marginal
contributions in different stages, especially when the market is in a volatile stage (such as during the
Russia-Ukraine conflict in 2022), the performance is most prominent.

4.3 Strategy Backtesting Verification

After the verification of the model's predictive ability is completed, this paper constructs a
quantitative stock selection strategy based on the prediction score, and uses the A-share market's
real data for backtesting. The logic behind the strategy is: implement the forecast of the CSI 300
constituent stocks, select the top 10% of the scoring stocks to build an equal-weighted investment
portfolio, and adjust the portfolio after holding it for a full quarter. This strategy does not use
leverage and takes the 0.1% unilateral transaction cost into consideration. The backtesting period is
from the first quarter of 2020 to the fourth quarter of 2023. The backtesting is carried out on the
Python Backtrader platform and uses daily data frequency. The backtesting results show that the
annualized return of the model strategy is 26.8%, significantly exceeding the annualized return
achieved by the CSI 300 during the same period; its maximum drawdown is -11.2%, showing a
Sharpe ratio of 1.41. From the perspective of market segment performance, the strategy
demonstrated strong resistance to declines during the early stages of the epidemic in 2020 and the
market volatility in mid-2022, reflecting the stability of the model under high-risk situations.
Compared with the pure factor model without network factors (the model has an annualized return
of 18.3% and a Sharpe ratio of 1.01), the model in this study has shown significant advantages in
both return improvement and risk control. In the analysis of industry distribution, the network
embedded factor focuses on selecting core node companies in the electronics, pharmaceutical,
machinery and other industries, demonstrating its ability to identify "key node companies” in the
industrial chain. The strategy has good adaptability to multiple rounds of bull-bear transitions and
has potential feasibility for actual deployment.

Table 2: Strategy Performance — With vs. Without Supply Chain Network Features

Strategy Type Annualized Sharpe Max Alpha (vs.
Return (%) Ratio Drawdown (%) CSI1300)
Without Network Features 18.3 1.01 -15.8 6.7
With Network Features 26.8 1.41 -11.2 13.2

Table 2 shows that integrating supply chain network features enhances strategy performance
significantly. Annualized return improves by 8.5%, with a Sharpe ratio boost of 0.4 and reduced
drawdown. Alpha nearly doubles, underscoring the unique predictive value of network-informed
factors in portfolio construction and risk-adjusted outperformance.
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5 Research summary and future prospects

5.1 Main Findings

This study takes the limitations of quantitative investment modeling as its starting point, adopts
the unique perspective of supply chain network structure, and develops a quantitative stock
selection model driven by ensemble learning. It uses systematic means to extract factors such as
network centrality and embedded features, and integrates them with traditional financial and market
factors, which greatly enhances the explanatory power of the factor system and the accuracy of
model prediction. The structural position of an enterprise in the supply chain network proactively
affects its stock price trend. Companies with high network centrality tend to show stronger linkage
and risk diffusion effects under market shocks. The implementation of combined forecasting with
the help of integrated models such as XGBoost and LightGBM has effectively improved the
model's ability to resist noise and stability. The empirical test results show that this strategy has
performed well in multiple market stages, with an annualized return of more than 25 percentage
points and the maximum drawdown controlled within 12%, significantly outperforming traditional
quantitative models.

5.2 Application Inspiration

The research framework proposed in this article is not only applicable to the construction of
quantitative stock selection strategies, but also provides a different analytical tool for the
management and supervision of financial risks. Taking the asset management level as the entry
point, network factors structurally supplement the factor diversification, assist in identifying related
companies with systemic importance, and improve the efficiency of asset allocation; in the field of
financial technology, this research method reveals how to integrate graph structure learning and
machine learning, and provides a way to create financial application models on complex networks;
in the scope of macro-prudential supervision, identifying "network core companies” can predict the
potential sources and transmission paths of financial risks in advance, which is of great significance
to maintaining the stability of systemic finance. The framework has scalable properties and can be
adapted to other corporate networks (such as equity relationships, public opinion diffusion, etc.),
and has promotion significance in various investment situations.

5.3 Further research directions

Even though this study has achieved initial results in terms of methods and empirical evidence,
there are still some issues that deserve further discussion. The dynamics of the supply chain
network have not been fully modeled. At this stage, a quarterly static network form is used, but the
actual network structure will evolve with market changes, the state of business operations and the
dynamic evolution of industry policies. In the future, we can try to introduce dynamic graph neural
networks (taking Dynamic GAT as an example) for modeling; obtaining network data still relies on
public information or structured combing, and faces problems in timeliness and data completeness.
Subsequent research may wish to introduce natural language processing (such as BERT) to perform
entity recognition and relationship extraction on news and announcement texts to enhance network
accuracy; in the process of factor selection, the traditional feature importance evaluation approach is
still used. In the future, we can explore the use of automatic feature generation ( AutoML ) and
Bayesian optimization to further improve model performance; we can try to expand this research
method to multiple asset categories and analyze the impact mechanism of network structure and
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asset prices at the global level. A key trend in financial data science research is the integration of
supply chain network characteristics and quantitative models, which has a very broad development
space in the future.
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