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Abstract: As far as traditional stock selection strategies are concerned, financial factors and
market behavior indicators dominate, but the supply chain structure and resilience of an
enterprise are becoming increasingly valuable in a dynamic economic environment. With
the help of supply chain resilience theory, this paper designs an innovative framework
system that introduces enterprise supply chain resilience factors into machine learning
stock selection models. It builds multi-dimensional resilience indicators through text
mining and inter-enterprise knowledge graph recognition, covering the dimensions of
supply diversity, key node concentration, and flexibility of alternative paths. The traditional
financial factors are integrated with the supply chain resilience factors, and the XGBoost
and LSTM models are used to build and backtest the stock selection strategy. The results of
the empirical research show that the strategy has significant excess returns and robust
characteristics in different market cycles, especially in stages where market fluctuations are
frequent or supply chain disruptions occur frequently. Further economic value analysis
shows that supply chain resilience not only improves the stability of the portfolio returns,
but can also be used as a key measure of a company's long-term competitiveness. The study
expands the boundaries of non-financial information in financial modeling and creates new
factor design ideas for quantitative investment.

1 Introduction

1.1 Research background: Supply chain resilience begins to emerge in financial investment

The global economy and financial markets continue to suffer from nonlinear shocks such as the
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COVID-19 pandemic, geopolitical conflicts, and extreme climate events, which greatly exacerbated
the uncertainty and vulnerability of corporate supply chains, triggering widespread attention from
the investment and academic communities to "Supply Chain Resilience”. Supply chain resilience is
reflected in the ability of companies to maintain and restore supply chain operations when facing
external shocks. Especially in the overall pattern of global industrial layout, supply chain risks are
not only delineated in the scope of operation and management, but also transmitted along the
upstream and downstream, and quickly spilled over to the capital market, becoming a core variable
affecting corporate valuations and stock returns. In 2021, the global chip shortage caused the overall
profitability of the vehicle manufacturing industry to deteriorate sharply, and the stock prices of
related companies generally fell sharply, demonstrating the direct effect of supply chain resilience
on corporate financial stability and capital market performance. Faced with such a background, it
has become a key topic with both practical significance and theoretical value to examine how to
systematically incorporate supply chain resilience information into the investment analysis system
and create a more risk-resistant quantitative stock selection model.

1.2 Research Motivation and Significance: From Traditional Financial Indicators to the
Integration of Non-Financial Factors

Although traditional quantitative investment models have formed a standard style with financial
data as the core in terms of factor selection, this method is highly dependent on historical report
information and is prone to failure when the macro situation changes or emergencies occur.
Especially when facing events with systemic shock characteristics such as epidemics and the
conflict between Russia and Ukraine, the dependence between enterprises and their ability to resist
shocks have become key non-financial factors that influence stock prices, while traditional factor
models are extremely insensitive to such events. The rise of ESG investment proves that "non-
financial factors” have a premium effect in the capital market, reflecting that the market is gradually
incorporating organizational resilience into the valuation system. As a core substructure of
organizational resilience, "supply chain resilience” has not yet been systematically studied in terms
of risk exposure, value creation and long-term shareholder returns. Starting from supply chain
resilience, this study breaks the shackles of traditional quantitative models' financial dependence,
attempts to integrate multi-source heterogeneous data such as announcement texts, industry
knowledge graphs, and supply chain networks, and develops a set of machine learning stock
selection methods combined with non-financial factors, providing a methodological innovation for
the academic community and providing quantitative tools for the practical community to resolve
systemic risks.

1.3 Research Objectives and Innovations: Building a Machine Learning Stock Screening
Framework Incorporating Supply Chain Resilience Factors

This study attempts to systematically construct a quantitative stock selection framework with
"supply chain resilience™ as the core, and then integrate this quantitative stock selection framework
into the integrated learning model to evaluate its added value to stock return prediction. The
research has three main innovations: constructing a quantifiable enterprise-level supply chain
resilience indicator system, covering multiple dimensions such as adaptability, recovery speed,
alternative supply capability, and cooperation density, subverting the traditional financial factor-
dominated stock selection paradigm; introducing inter-enterprise supply chain relationship
identification methods based on natural language processing and knowledge graphs, eliminating the
problems of data scarcity and staticity, and establishing a dynamic supply network that is closer to
actual operations; relying on machine learning models to complete multi-factor fusion and
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prediction, combining resilience factors with financial and market data, evaluating their marginal
contribution in stock selection strategies, and verifying their stability and tradability with empirical
backtesting. Relying on the above goals, this study attempts to build a systematic methodology for
the integration of "non-financial factors" in investment strategies.

2. Problem: Ignoring supply chain resilience in stock selection strategies

2.1 Limitations of current mainstream factor models: financial orientation and static analysis
tendency

The mainstream factor models in the current market (such as Fama-French three-factor, Carhart
four-factor, Barra model) still take the historical financial indicators of enterprises as the core, such
as valuation-related indicators (PE, PB), specific performance of profitability (ROE, gross profit
margin), growth trend (revenue growth rate), etc. The construction of these factors originates from
the individual level of enterprises, without taking into account the system interaction relationship in
the ecological network in which the enterprise is located, and it is difficult to reflect the resilience of
enterprises under external shocks. More importantly, these financial indicators are not updated
frequently, generally presented in the form of quarterly or annual reports, and it is difficult to
capture the dynamic market trend under event-driven effects. Although a company's financial
performance is stable, its upstream core suppliers are affected by geopolitical events and stop
production, and its actual operating capacity is bound to decline significantly. However, this risk
cannot be reflected by traditional factors. Financial research generally assumes that variables are
stable and the relationship is linear. In a high-uncertainty environment, this will undoubtedly lose its
effectiveness. At present, the applicability of factor models is gradually reduced in the context of
high volatility and systemic risks. It is urgent to introduce new factor variables that are both
dynamic and highly systematic.

2.2 How does the supply chain risk transmission mechanism affect corporate value?

The supply chain system is a highly interconnected complex network. The position of an
enterprise in the system, together with the upstream and downstream structures it relies on,
determines its vulnerability to risks. The more typical transmission mechanisms are: first, the
shortage of raw materials or price fluctuations cause production interruptions and a sharp rise in
costs; second, delivery delays due to logistics bottlenecks, which in turn lead to order losses; third,
due to the reduction in customer orders, the company has inventory backlogs, and the pressure on
working capital increases accordingly. According to the analysis of China's listed manufacturing
companies from 2018 to 2022, the average quarterly net profit of enterprises affected by supply
chain disruptions fell by 9.3% year-on-year, which was 4.6 percentage points lower than the
industry average. What is more noteworthy is that such shocks have a chain attribute and will
spread to other companies through upstream and downstream transmission. During the lockdown of
the Southeast Asian epidemic in 2021, domestic electronic foundry companies in China were unable
to obtain chip products, and their production plans were sharply reduced. The stock prices of their
customer companies also responded quickly. If the supply chain risk transmission path is ignored,
the risks faced by enterprises will be underestimated, and the effectiveness of the factor stock
selection model in actual combat will be weakened.
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2.3 The market’s sluggish response to non-financial information and pricing errors

Even though non-financial factors have a profound impact on corporate valuations and stock
prices, there is a significant lag and noise in the capital market when accepting such information. In
early 2022, a leading electronic component company announced that there was a hidden danger of
"strategic shortages™ in upstream materials. On the day the announcement was made, the market did
not show a significant reaction. However, in two months, the stock price fell by more than 18%, and
during this period, many institutions lowered their earnings forecasts one after another. This case
confirms that the market generally responds poorly to structural non-financial risk signals,
especially when public information is vague or disclosed with a delay. Investors are likely to engage
in "mispricing™ based on traditional financial data. Event studies have shown that this phenomenon
is confirmed. An event study was conducted on a sample of 263 announcements involving supply
chain risks from 2019 to 2022. It was found that the average cumulative abnormal return in the 7
days after the announcement was -3.8%, but there was almost no obvious reaction in the first 3 days,
indicating that there was a delay in market cognition and response. Incorporating supply chain
resilience, which has the attribute of "a priori risk factor", into the model will help to identify risks
in advance and seize stock selection opportunities before market adjustments.

3 Analytical Questions: Constructing and Identifying Factors of Supply Chain Resilience

3. 1Analyze the definition, dimensions and quantitative methods of supply chain resilience

When companies face unexpected shocks or uncertain events, supply chain resilience is about
the ability of their supply chain systems to absorb, handle, recover and reconfigure. Based on the
research conclusions of Christopher & Peck (2004) and Ponis & Koronis (2012), resilience can be
further divided into four core dimensions: (1) Redundancy: such as using multi-channel
procurement and establishing inventory buffers; (2) Flexibility: such as quickly changing suppliers
or adjusting production structures; (3) Perception: that is, the ability to perceive upstream and
downstream risks; and (4) Feedback speed. This article integrates data such as annual report
disclosure, announcement text, credit rating, customer concentration, etc., and selects 8 elasticity
sub-factors for quantification, such as "supplier concentration inverse indicator”, "accounts
receivable ratio”, "time to respond to sudden announcements”, etc., and relies on principal
component analysis (PCA) to construct a comprehensive elasticity score. The improvement in the
score reflects the enhanced elasticity of the company. After calculations of the A-share
manufacturing sample companies from 2019 to 2022, it was found that the elasticity score and the
stability of the company's net profit ( o /mean) showed a significant negative correlation of -0.34,
reflecting a positive correlation with the Sharpe ratio (0.29), and has a strong explanatory power.

3.2 Identifying supply chain relationships between enterprises through text mining and
knowledge graphs

Given that traditional supply chain relationship data faces problems of missing, time lag and low
frequency, this study uses natural language processing (NLP) and knowledge graph construction
methods to automatically identify supply chain relationships from texts such as corporate
announcements, news information, and annual reports. The specific technical routes adopted are: (1)
Using BERT to perform embedding representation operations on announcement texts; (2) Using
entity recognition (NER) models to extract entity data such as company names, product names, and
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geographic locations; (3) Building a relationship extraction model based on the "subject-verb-
object” architecture to identify "supply-purchase” or "cooperation-dependency" relationships; (4)
Building an enterprise-level knowledge graph and then dynamically refreshing it. Taking the 2022
annual report as an example, a total of 29,742 effective supply chain relationships were identified,
covering 87% of the CSI 300 constituent stocks. Compared with the data of static commercial
databases such as Tianyancha, this method has increased the corporate relationship coverage rate by
about 22%, and the average timeliness has been shortened to within 30 days, which is suitable for
real-time dynamic adjustment of investment strategies.

3.3Analyze the empirical correlation between elasticity indicators and corporate financial
performance and stock price behavior

In order to verify the effectiveness of the constructed elasticity factor, this paper selects quarterly
data of CSI 300 listed companies from 2019 to 2023, and takes financial stability indicators (such as
operating income volatility, operating cash flow) and market performance indicators (such as
quarterly excess returns, maximum drawdown) as dependent variables, and conducts multivariate
regression analysis. The comprehensive elasticity score is significantly negatively correlated with
the volatility of operating income, with p reaching a level less than 0.01, and has a significant
positive correlation with excess returns (B = 0.054, p is lower than the pre-set value of 0.05,
indicating that companies with strong elasticity are more financially stable and have more obvious
performance advantages in the capital market. The Fama-MacBeth cross-sectional regression
method is further used to examine the predictive ability of elasticity factors on future returns.
Companies with elasticity scores in the top 20% achieve an average excess return of 2.1% per
quarter, which is significantly higher than the bottom 20%. This result verifies that elasticity factors
have long-term stock selection capabilities and can provide effective guidance for the subsequent
establishment of quantitative strategies.

Table 1: Empirical Impact of Supply Chain Resilience Score on Financial and Market Performance

Metric Top 20% Bottom 20% Industry Average
Resilience Resilience Firms
Firms
Average Quarterly 2.10% 0.60% 1.10%
Excess Return
Net Income Volatility 0.23 0.47 0.31
(o /mean)
Sharpe Ratio 1.24 0.81 1.02
Analyst Coverage 12.6 visits/year 5.9 visits/year 8.7 visits/year
Frequency

Firms with high supply chain resilience achieve superior risk-adjusted returns and lower
volatility. Their Sharpe ratios and analyst coverage significantly exceed those of less resilient peers,
confirming resilience’s role in driving financial and market performance.
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4. Design of stock selection model integrating machine learning

4.1 Feature Engineering: Integrating Supply Chain Resilience Factors into the Factor Library
System

When preparing to build a stock selection model, we must first carry out systematic design work
on the factor system to achieve the integration of structured financial factors and unstructured
supply chain elasticity information. This article incorporates the supply chain elasticity factor into
the traditional factor library as a new type of "non-financial factor" to construct a feature
combination with three dimensions: (1) Financial factors, including valuation factors such as PE
and PB, profitability factors such as ROE and ROA, growth factors such as revenue growth rate and
net profit growth rate, quality factors such as operating cash flow and accounts receivable turnover
rate, etc. (2) Market factors, involving 30-day, 60-day, and 120-day vyields, as well as volatility,
turnover rate, beta value, etc. ( 3) Factors that highlight elasticity attributes, based on the elasticity
scoring system constructed in the previous article, involving eight dimensions such as elasticity
principal component score, supplier concentration inverse measurement, order change ratio,
announcement response speed index, and multi-node connection status. All factors are updated
quarterly, and then Z-score standardization is implemented. In order to prevent information leakage
from the data, the characteristic data is strictly constructed into a training sample set in the form of a
sliding window of the time series. Finally, a factor library of 44 variables is obtained, covering the
data of the CSI 300 sample companies from 2018Q1 to 2023Q4, with a total of more than 20,000
observations.

4.2 Model design: Building a stock selection model with multi-factor and machine learning
methods (such as XGBoost and LSTM)

In order to explore the nonlinear relationship between factors and excess stock returns, this paper
builds a hybrid model system that combines ensemble learning and deep learning: on the one hand,
XGBoost (Extreme Gradient Boosting) is used to process structured factor data, and its gradient
boosting framework is used to efficiently model the complex interactions and nonlinear effects
between factors; LSTM (Long Short-Term Memory Network) is introduced to learn the historical
stock price series and explore the time series characteristics under dynamic changes to improve the
limitations of traditional factor models in the lack of understanding of price path dependence. The
excess return of stocks in the next quarter is used as the model target variable, and the Shanghai and
Shenzhen 300 Index is used as the benchmark reference. The model training is carried out using the
Rolling window method. The training samples are updated quarterly. The training period is the
previous 12 quarters, and a 1-quarter forecast operation is implemented. K-fold cross-validation and
grid search are used to optimize hyperparameters (such as the depth of the tree and the learning rate
in XGBoost ), and the time step and number of hidden units in LSTM. The model outputs the
predicted score (alpha signal) of each stock, creates the top 20% portfolios according to the score
ranking, and performs strategy simulation on the bottom 20% portfolios (Short). The R*> of model
training is about 0.23, and the average IC predicted in the test phase is 0.091, which is nearly 60%
higher than the traditional OLS model.

4.3 Implementing strategy backtesting and performance evaluation: Verifying model
effectiveness through cross-sectional and time series data

In order to test the performance of the stock selection model combined with elasticity factors in
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actual investment, this paper constructs a quantitative backtesting system and conducts empirical
analysis based on the daily data of the Shanghai and Shenzhen 300 from 2019Q1 to 2023Q4. The
process of strategy implementation is as follows: at the end of each quarter, an equal-weighted
investment portfolio is constructed based on the model score, and it is held until the end of the next
quarter. No position changes are made during the holding period. The top 20% of the scoring
companies are selected to build a long portfolio, and the bottom 20% of the scoring companies are
used to build a short portfolio to form a long-short strategy. In addition, it is necessary to consider
that there is a 0.1% fee for one-way transactions. The backtest results show that the annualized rate
of return of the fusion model strategy is 27.3%, the annualized volatility is 16.4 percentage points,
and the Sharpe ratio climbs to 1.51, which is much higher than the benchmark index, showing a
Sharpe ratio of 1.09. The control target of maximum drawdown of -11.6% was achieved, which is
much better than the -18.3% level of the market capitalization-weighted strategy. Analyzed by the
cross-sectional prediction accuracy (Precision@Top20%), 62.8% is the return percentile coverage
of the fusion elasticity factor model, which significantly exceeds the 55.4% level of the inelastic
factor model, indicating that the factor has strong stability and predictive effectiveness across both
time dimensions and individual dimensions.

5. Actual investment returns of supply chain resilience factors

5.1 Portfolio Performance Analysis: Comparison of Return, Volatility and Risk-Adjusted
Indicators

To further quantify the economic value of the elasticity factor, this paper constructs two
investment portfolios: (1) a multi-factor investment portfolio that incorporates the elasticity factor;
and (2) a stock selection portfolio constructed with traditional factors. Under the same backtesting
conditions, the Elasticity-MF strategy achieves a cumulative return of 153.2%, which is higher than
the 108.5% achieved by the Baseline-MF strategy. The annualized Sharpe ratios were 1.51 and 1.12,
and the information ratios were 1.19 and 0.78, respectively, indicating that the introduction of the
resilience factor significantly improved the risk-adjusted investment returns. The maximum
drawdown of the resilience portfolio was not large, and the recovery time was not long. During
periods of significant market turbulence, the ability to resist declines appeared to be stronger. The
industry weights of the portfolio tilted toward areas with high supply chain complexity such as
electronics, machinery, and pharmaceuticals, revealing that the resilience factor has a forward-
looking advantage in identifying key node enterprises in complex industrial structures, which is
then converted into actual returns.

5.2 Market scenario analysis: Differences in performance during crisis and non-crisis periods

The backtest period is divided into “crisis period” (such as the epidemic in Q1 2020 and
geopolitical conflicts in Q1 2022) and "normal period” according to market conditions, and the
performance of the model strategies is compared. In the face of the crisis, the Elasticity-MF
portfolio shows significant superiority, with an average quarterly return of 7.6% and a maximum
drawdown of only -4.1%; while the Baseline-MF portfolio had an average return of 3.4% in the
same period and a maximum drawdown of -8.6%. In the non-crisis phase, the performance of the
two strategies is almost the same, but Elasticity - MF is slightly better, with quarterly Sharpe ratios
of 0.92 and 0.76 respectively. This difference reflects that in the early stage of a crisis event, the
elasticity factor provides additional early warning information, which is helpful for identifying
companies with risk resistance and making advance arrangements to reap additional benefits from

7



Socio-Economic Statistics Research

risk premiums. By using regression analysis to explore the interaction term between the elasticity
score and the strategy return, it can be seen that when the market VIX volatility index is higher than
30, the marginal predictive power of its contribution is the strongest, indicating that this factor has a
significant "anti-fragile" attribute.

Table 2: Strategy Performance During Crisis vs. Non-Crisis Periods

Period Type Strategy Avg Quarterly Max Quarterly Sharpe
Type Return Drawdown Ratio
Crisis Period Elasticity- 7.60% -4.10% 1.38
MF
Crisis Period Baseline-MF 3.40% -8.60% 0.92
Non-Crisis Elasticity- 4.20% -3.60% 0.92
Period MF
Non-Crisis Baseline-MF 4.00% -4.00% 0.76
Period

During crisis periods, the resilience-integrated strategy outperforms significantly in both return
and risk control. Even in non-crisis phases, it maintains a higher Sharpe ratio, demonstrating its
superior adaptability and early warning advantages under systemic stress.

5.3 Explain the economic mechanisms behind profitability and stability

The reason why the elasticity factor has significant stock selection value is that behind it is the
company's long-term competitive advantage in operational resource allocation capabilities,
upstream and downstream management capabilities and collaborative efficiency. Companies with
high elasticity generally have a diversified supply system, a highly transparent information system
and a rapid response capacity switching mechanism, making it easier for them to maintain normal
production and operations when dealing with demand shocks, raw material shortages or policy
uncertainties. This stable operating capability leads to lower financial volatility and a more reliable
market expectation realization ratio, which is converted into a valuation premium given to it by the
capital market. Empirical data shows that over the past four years, the average annual EPS growth
rate of the top 20% companies in terms of elasticity scores was about 6.7% higher than the industry
average, and the frequency of institutional research coverage was 34 percentage points higher,
indicating that the market has a higher level of consideration and information attention on the risk
pricing of such companies. Based on an analysis from the perspective of shareholder structure,
companies with high elasticity generally have a more stable proportion of institutional investors'
holdings, which continues to enhance the stability of their stock prices and the direction of their
long-term value.

6 Conclusion and Implications

6.1 Summary of main research findings

Starting from the basic point of supply chain elasticity, this paper discusses its combination route
and investment value in the quantitative stock selection model, constructs a stock selection system
based on machine learning and multi-source heterogeneous data fusion, and studies and constructs a
set of enterprise elasticity indicator systems with multiple dimensions. It relies on NLP and
knowledge graph technology to identify the supply chain relationship between enterprises, and uses




Socio-Economic Statistics Research

XGBoost and LSTM models to predict the future excess profits of stocks. In the empirical backtest
of the CSI 300, the model containing elasticity factors greatly improves the strategy yield, stability
and risk resistance, and shows excellent inter-period stability and market adaptability, which
confirms the practical application significance of supply chain elasticity, a non-financial factor, in
investment decision-making.

6.2 Practical implications for asset management and business operations

This research result has direct reference value for asset management practice. Asset management
institutions can improve the multi-factor model system by embedding resilience factors to enhance
the robustness of portfolio allocation during the crisis phase. For ESG strategy developers, supply
chain resilience can be regarded as the key bridge between G (governance) and S (social
responsibility), helping to form an investment strategy that takes into account both risk resistance
and sustainable development. From the perspective of the company itself, the research conclusions
also provide strategic guidance for supply chain management. Optimizing the supplier structure,
improving the flexibility of capacity switching and enhancing information visibility can bring direct
market feedback.

6.3 Research limitations and future development directions

Even though this article has achieved initial success in supply chain resilience modeling and
strategy construction, there are still several limitations. The collection of corporate resilience data
still relies on public disclosure and related announcement texts, and the information is not detailed
and well covered. The introduction of international supply chain relationships in the model has not
been complete, and the risk of cross-border transmission has not been detected. The deep learning
module in the model design is still in the initial integration stage. In the future, we can explore
methods such as Transformer structure and dynamic graph neural network (D-GNN) to further
enhance the model's temporal reasoning level. Subsequent research can also be expanded to
multiple asset categories (including bonds and options) and higher-frequency data levels to enhance
the practicality of the model and accelerate the strategy response process.
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