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Abstract 

The economic impact of artificial intelligence extends across all stages, including re-
sources, manufacturing, and consumption and services. Against this background, how 
linkages among the upstream, midstream, and downstream stages of the industrial chain 
evolve, and what this evolution implies for asset allocation, are important questions for 
understanding the interaction between technological change and capital markets. Taking 
the multifactor model as its theoretical starting point, this study uses DCC-ARMA-
GARCH to extract dynamic coefficients that measure each stage’s response to AI-related 
information, employs TVP-VAR to characterize cross-stage linkages, and incorporates 
linkage information into asset allocation. The results show that responses to AI-related 
information generally exhibit a linkage pattern in which the upstream stage transmits out-
ward and the midstream stage receives transmissions from the other stages. In contrast, 
overall return linkages feature the midstream stage as the principal transmitter, whereas 
transmission roles in the former system vary more across periods. Thus, the financial 
transmission position of the same industrial stage changes with information content and 
time. Portfolios constructed from AI-related linkage information produce more balanced 
cross-stage holdings and higher cumulative returns than covariance-based benchmark 
portfolios, alongside higher volatility and larger drawdowns. By translating each stage’s 
dynamic response to AI changes into information about industrial-chain relationships, 
this study reveals distinctive connections between the industrial chain and AI and offers 
a new perspective on industrial-chain linkages and their asset allocation implications in 
the AI era. 

Keywords: AI; industrial-chain linkages; DCC-ARMA-GARCH; asset allocation 

MSC: 62M10; 91G10; 91G45 
 

1. Introduction 
Artificial intelligence is expanding from individual technological applications into 

an important force driving industrial-chain restructuring. Its influence encompasses pro-
duction organization, factor inputs, and value creation, and extends to the division of la-
bor and cooperation across industrial stages. General-purpose technologies connect in-
dustries through broad applicability and complementary innovation, while their 
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economic benefits depend on complementary investment and organizational adjustment 
[1,2]. The efficiency effects of generative AI in professional tasks and real-world work-
places further underscore these cross-industry impacts and their heterogeneity [3,4]. From 
the perspective of the macroeconomic division of production, upstream resource indus-
tries, midstream manufacturing industries, and downstream consumption and service in-
dustries are interdependent. Industrial-chain restructuring in the AI era involves both ad-
justments within each stage and the reshaping of cross-stage relationships. Understanding 
this process requires examining the upstream, midstream, and downstream stages as an 
interconnected whole, with attention to how a shared technological background interacts 
with stage-specific differences and how the resulting linkage structures and transmission 
relationships evolve. Changes in cross-stage relationships also raise new questions for as-
set allocation: how to identify dynamic adjustments in industrial relationships and use the 
information they contain in allocation decisions. Examining dynamic industrial-chain 
linkages and their allocation implications therefore provides an important perspective on 
the evolution of interindustry relationships in the AI era. 

Existing studies explain interindustry interdependence and transmission through 
production networks and information diffusion [5,6], and further explore the use of net-
work information in portfolio construction [7]. Related AI research examines task struc-
tures, firm adoption, and innovation activities, providing multiple perspectives on tech-
nological impacts [8,9]. These studies establish a basis for understanding industrial-chain 
relationships in the AI era. A further issue is how the responses of different stages to AI-
related information are interconnected, and how these connections differ from overall in-
dustrial-chain comovement. The overall market performance of each stage incorporates 
diverse operating and market information, whereas its dynamic response to AI-related 
information offers another perspective on cross-stage adjustment under a specific techno-
logical background. Distinguishing these two types of relationships helps extend the anal-
ysis of individual stages to the overall relationships within the macroeconomic industrial 
chain. This study therefore asks what linkage structure emerges among the upstream, 
midstream, and downstream stages in response to AI-related information, how linkage 
strength and transmission direction evolve, how this structure differs from overall return 
linkages, and whether such relational information can be translated into cross-stage allo-
cations with different characteristics. 

To address these questions, this study examines linkages among the three stages and 
their asset allocation implications, starting from each stage’s dynamic response to AI-re-
lated information. Taking the multifactor model as its theoretical starting point, it estab-
lishes a separate trivariate DCC-ARMA-GARCH system comprising each stage’s returns, 
AI-related changes, and CSI 300 returns. Dynamic partial regression coefficients condi-
tional on market returns, termed AI Betas, are calculated from time-varying conditional 
covariance matrices to characterize each stage’s conditional response to AI-related 
changes. The vector comprising the three Beta series is incorporated into a TVP-VAR 
model. Generalized forecast error variance decomposition is then used to construct a link-
age matrix, distinguishing own-stage explanatory shares from cross-stage explanatory 
shares, to examine linkage strength, net transmission directions, and their time-varying 
characteristics, with the raw return system serving as a comparison. On this basis, the 
innovation covariance matrix and pairwise linkage matrix of the AI Beta system are used 
to generate weights for covariance-based portfolios and minimum connectedness portfo-
lios, respectively, while a covariance-based portfolio from the raw return system is intro-
duced as a benchmark. All sets of weights are applied to the actual returns of the corre-
sponding industrial-chain stages. Allocation structures and performance are compared 
under common holding constraints and a consistent return accounting convention to 
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examine how different relational information is reflected in allocation choices and perfor-
mance differences. 

This study makes three main marginal contributions. First, from the perspective of 
adjustments in macroeconomic industrial-chain relationships in the AI era, it extends in-
dustrial-chain linkage research from overall comovement to the joint adjustment of differ-
ent stages in response to AI-related information. China’s comprehensive industrial sys-
tem, with its complete range of industries and well-developed supporting capacity, pro-
vides an important real-world basis for examining interactions across industrial stages. 
Drawing on this representative research setting, the study places resources, manufactur-
ing, and consumption and services within the overall industrial division of labor and ex-
amines how differentiated responses to a shared technological background form cross-
stage relationships. It thus provides evidence from China for understanding AI-related 
linkages and their evolution in a comprehensive industrial system. Second, it converts AI 
sensitivity information contained in time-varying conditional covariances into cross-stage 
linkage matrices and networks, connecting each stage’s response strength with its trans-
mission position within the industrial chain. This reveals differences in linkages under the 
same industrial division of labor across information dimensions and time periods, enrich-
ing the understanding of linkage strength and node roles. Third, it uses AI-related linkage 
information to generate cross-stage allocation weights and compares the resulting portfo-
lios with those based on the innovation covariance matrices of AI Betas and raw returns. 
By examining differences in holding structures and returns and volatility across infor-
mation bases, it provides evidence for evaluating the allocation value of industrial rela-
tionship information in the AI era. 

2. Literature Review 
2.1. Research on Industrial-Chain Linkages 

Research on industrial-chain linkages is grounded in input–output relationships. It 
emphasizes that production activities are connected through direct and indirect input de-
pendence, allowing localized shocks to propagate through production networks and gen-
erate cross-sector comovement. A sector’s network position and connection structure are 
important for understanding shock propagation and aggregate effects [10,11]. Input sub-
stitution and factor reallocation further influence propagation strength and nonlinear re-
sponses [12], while changes in technological conditions and input choices also induce ad-
justments in production network structures [13]. Firm-level evidence shows that input 
specificity affects the cross-firm propagation of disturbances and that production disrup-
tions can spread through supply chains to direct and indirect upstream and downstream 
firms [14,15]. Related studies also link network concentration, sparsity, and firms’ vertical 
positions to return performance and exposure to productivity risk [16,17]. These findings 
indicate that industrial-chain linkages have a clear structural basis: their manifestations 
depend on the degree of interdependence, the configuration of connections, and the ad-
justment capacity of different stages. 

Research on information diffusion further explains how industrial relationships are 
reflected in market linkages across economic agents. Information transmission between 
customers and suppliers, gradual information diffusion within industries, and investor 
specialization are all associated with lead–lag relationships and cross-predictability in re-
turns [6,18,19]. The ability of some industry returns to predict the overall market is also 
consistent with the gradual incorporation of industry information into market prices [20]. 
Changes in the attention of analysts who jointly cover customers and suppliers, and insti-
tutional investors who hold shares in both, affect the speed of supply-chain information 
diffusion [21]. Return predictability also exists among technologically related firms, indi-
cating that information links extend beyond traditional industry boundaries [22]. 
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Interindustry linkages are therefore rooted in the division of production and are also 
shaped by information content, the scope of attention, and the speed of information ab-
sorption. The transmission position of a given industrial stage in different information 
relationships must be examined in its specific context. 

Overall, these studies explain interindustry relationships through production de-
pendence, network structures, and information transmission, providing theoretical and 
empirical evidence for understanding relational adjustments amid technological change. 
Building on this foundation, further investigation is needed into the reshaping of macro-
economic industrial-chain linkages in the AI era, particularly how the responses of re-
sources, manufacturing, and consumption and services to AI-related information are con-
nected and how the transmission positions of these stages change over time. Overall re-
turn comovement incorporates diverse operating and market information, whereas dy-
namic responses to AI-related changes offer another dimension for observing cross-stage 
relationships under a shared technological background. Distinguishing these two types 
of relationships and comparing their linkage strength, transmission directions, and phase-
specific changes from an integrated macroeconomic perspective on the upstream, mid-
stream, and downstream stages provide the starting point for this study and help deepen 
the understanding of industrial-chain evolution in the AI era. 

2.2. The Impact of Artificial Intelligence on the Industrial Chain 

The impact of artificial intelligence on the industrial chain combines broad applica-
bility with differentiated adjustment. The distribution of machine learning across indus-
tries and research and development activities indicates its potential as a general-purpose 
technology, providing a basis for understanding AI impacts beyond any single industry 
[23]. At the same time, differences in the ability structures of occupations and industries 
correspond to different levels of AI exposure, while actual firm adoption is closely associ-
ated with size, complementary digital technologies, and organizational characteristics 
[8,24]. At the organizational level, automation and human augmentation are interdepend-
ent. Realizing the value of technology involves task allocation, decision coordination, and 
business-process adjustment. When tasks are strongly interdependent, the benefits of an 
individual application are also constrained by organization-wide arrangements [25,26]. 
These studies extend AI analysis from specific tasks to production organization and com-
plementary inputs, helping explain differentiated adjustments across industrial-chain 
stages under a shared technological background. 

Empirical evidence further reveals the economic effects of AI on production effi-
ciency, labor demand, and innovation. Experiments involving professional writing and 
studies of customer-service settings show that generative AI can improve the efficiency of 
specific tasks, with substantial differences in benefits across skill and experience groups 
[3,4]. Firm recruitment data show that AI adoption is accompanied by changes in job de-
mand and skill requirements, reflecting the relationship between technology adoption 
and the division of labor [27]. Corporate AI investment is associated with product inno-
vation and growth, while research on Chinese facial-recognition firms further reveals how 
access to data supports commercial innovation [9,28]. Related discussions also extend to 
the channels through which AI affects firm valuation via expectations of future cash flows 
and information processing [29]. At the aggregate level, the accumulation of gains from 
localized applications depends on the coverage of affected tasks and the size of those 
gains, which are important conditions for understanding the scale and heterogeneity of 
AI’s economic effects [30]. 

Overall, these studies reveal the economic effects of AI through technological expo-
sure, firm adoption, productivity, and innovation. However, there remains scope to in-
vestigate the information about dynamic relationships that emerge as industrial-chain 
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stages respond to AI changes. Existing evidence largely addresses how different agents 
apply AI, what benefits they obtain, and why these benefits vary. In contrast, systematic 
empirical evidence remains limited on identifying AI-related dynamic responses within 
the aggregate changes in resources, manufacturing, and consumption and services, and 
on revealing the relationships among these responses. Differences in response strength 
across stages and their joint cross-stage adjustment reflect, respectively, agent-specific and 
relational aspects of AI’s effects. The latter are particularly important for understanding 
changes in the industrial chain as a whole. This study therefore focuses on the industrial-
chain linkage information embedded in AI-related dynamic responses, examining associ-
ation strength, transmission roles, and their evolution over time to provide a complemen-
tary perspective on macroeconomic industrial-chain adjustment in the AI era. 

2.3. Industrial-Chain Asset Allocation 

Asset allocation research examines the trade-off between returns and volatility when 
different assets are held jointly. Assets’ own return characteristics and their interrelation-
ships together underpin portfolio choice. Classical portfolio theory emphasizes that diver-
sification depends on comovement in asset returns, making covariance relationships cen-
tral to understanding portfolio risk [31]. Research has further shown that time-varying 
correlations affect diversification opportunities and optimal holdings. Allocation deci-
sions therefore need to consider adjustments in both individual volatility and common 
variation [32]. Meanwhile, parameter estimation error can erode the theoretical gains from 
optimized allocation, making it difficult for complex strategies to consistently outperform 
simple allocation rules out of sample [33]. These studies indicate that cross-asset allocation 
hinges on identifying economically meaningful comovement and evaluating the practical 
value of that information in portfolio management. They provide a theoretical basis for 
examining allocation relationships among resources, manufacturing, and consumption 
and service assets. 

The network perspective further extends asset allocation analysis to the position of 
assets within the overall structure of relationships. Research on securities networks shows 
that network centrality is related to optimal holdings and that an asset’s relative position 
can inform diversification, although its allocation value must also be assessed in conjunc-
tion with the asset’s own return and volatility characteristics [34]. Cross-asset studies fur-
ther find that incorporating network structure into investment decisions can improve the 
return–volatility trade-off in the samples examined, while the realization of such gains 
also depends on investment objectives and implementation conditions [35]. Research on 
green bond markets directly incorporates interasset linkages into portfolio management, 
demonstrating the value of linkage-oriented allocation for improving risk-adjusted per-
formance in the relevant sample [7]. Relationships among assets thus provide both a basis 
for understanding market comovement and important information for arranging hold-
ings and assessing diversification opportunities. 

These studies establish a foundation for combining linkage information with asset 
allocation, but the allocation implications of changing macroeconomic industrial-chain re-
lationships in the AI era require further investigation. Existing evidence focuses largely 
on overall return linkages and asset network positions. There has been limited systematic 
examination of how the joint adjustments of resources, manufacturing, and consumption 
and services in response to AI changes can inform cross-stage allocation. In particular, 
whether AI-related linkages offer allocation information distinct from overall price 
comovement, and how that information changes holding distributions, diversification ef-
fects, and the return–volatility trade-off, remain open questions. This study therefore ex-
amines the value of AI-related industrial-chain linkages for portfolio management, con-
necting the identification of dynamic relationships among stages with the arrangement of 
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cross-stage holdings. By approaching industrial-chain asset allocation through differences 
in information sources, it provides complementary empirical evidence for investment de-
cisions in the AI era. 

3. Research Methods and Data 
3.1. Research Models 

3.1.1. DCC-ARMA-GARCH and Dynamic Beta Extraction 

Multifactor models characterize comovement in asset returns through common fac-
tors and their loadings [36]. This study incorporates AI-related changes into a factor 
framework while using market returns to control for common market movements. A gen-
eral multifactor return model can be expressed as follows: 𝑌௜,௧ = 𝑐௜ + 𝛽௜ெ𝑀௧ +෍ 𝑏௜,௞𝐹௞,௧௄௞ୀଵ + 𝑢௜,௧ (1)

Here, 𝑌௜,௧ and 𝑀௧ denote the returns of industrial-chain stage 𝑖 and the market in 
period 𝑡, respectively, and 𝛽௜ெ is the market factor loading; 𝐹௞,௧ denotes factor 𝑘 other 
than the market factor, 𝐾 is the number of such factors, 𝑏௜,௞ is the corresponding loading, 𝑢௜,௧ is the unexplained component of returns, and 𝑐௜ is the intercept. 

Fixed loadings summarize average sensitivity over the sample period, whereas time-
varying conditional covariances further capture how exposures adjust with changing 
states. Drawing on the modeling approach that connects factor exposures with dynamic 
covariances [37,38], this study allows the loadings on AI-related changes and market re-
turns to vary over time, extending static sensitivity to daily conditional sensitivity. 

This study focuses on the AI factor 𝑋௧ and includes market returns 𝑀௧ as a control. 
Allowing the loadings to vary over time, the conditional linear projection of industrial-
chain returns 𝑌௜,௧ is: 𝑌௜,௧ = 𝑐௜,௧ + 𝛽௜,௧௑ 𝑋௧ + 𝛽௜,௧ெ𝑀௧ + 𝑢௜,௧ (2)

Here, 𝑖 corresponds to the upstream, midstream, and downstream stages; 𝛽௜,௧௑  de-
notes dynamic AI sensitivity after controlling for common market movements; 𝛽௜,௧ெ de-
notes market sensitivity while simultaneously controlling for the AI factor; and 𝑐௜,௧ is the 
intercept. Separate trivariate systems are constructed to characterize the dynamic factor 
exposures of the industrial-chain stages through time-varying conditional covariances. 
The AI factor follows an ARMA(1,1) mean equation. Innovations extracted from the mean 
equations are used to estimate subsequent conditional volatility and correlation struc-
tures. Each variable’s volatility process is then combined with the dynamic correlations 
among variables to obtain daily conditional covariance matrices, from which the dynamic 
sensitivities in Equation (2) are calculated. The industrial-chain subscript 𝑖 is retained be-
low and refers separately to the upstream, midstream, and downstream stages. 

Let 𝜀௜,௧ = (𝜀௜,௒,௧ , 𝜀௜,௑,௧ , 𝜀௜,ெ,௧)′ denote the mean innovations of system 𝑖. To account for 
persistence in volatility, the three marginal processes follow GARCH(1,1) specifications 
[39]: ℎ௜,௝௝,௧ = 𝜔௜,௝ + 𝛼௜,௝𝜀௜,௝,௧ିଵଶ + 𝛾௜,௝ℎ௜,௝௝,௧ିଵ, 𝑗 ∈ {𝑌,𝑋,𝑀} (3)

Here, ℎ௜,௝௝,௧ is the conditional variance of variable 𝑗. Variance dynamics are jointly 
determined by the variance intercept, the most recent squared innovation, and the previ-
ous period’s conditional variance. Industrial-chain responses to AI changes also depend 
on relationships among variables. A DCC structure is therefore adopted to decompose 
conditional covariance into volatility magnitudes and correlations [40]: 𝐻௜,௧ = Var(𝜀௜,௧|ℱ௧ିଵ) = 𝐷௜,௧𝑅௜,௧𝐷௜,௧ (4)
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𝐷௜,௧ = diag(ඥℎ௜,௒௒,௧,ඥℎ௜,௑௑,௧ ,ඥℎ௜,ெெ,௧) (5)

The information set ℱ௧ିଵ contains previously available information; 𝐷௜,௧ character-
izes the volatility magnitudes of the three variables, and 𝑅௜,௧ captures their time-varying 
correlations. Dividing the mean innovations by their respective conditional standard de-
viations yields the standardized innovations used in the correlation recursion: 𝑧௜,௧ = 𝐷௜,௧ିଵ𝜀௜,௧ (6)

Under the DCC(1,1) structure, the correlation state is influenced by both recent inno-
vations and the preceding correlation state: 𝑄௜,௧ = (1− 𝑎௜ − 𝑏௜)𝑄௜ + 𝑎௜𝑧௜,௧ିଵ𝑧௜,௧ିଵᇱ + 𝑏௜𝑄௜,௧ିଵ (7)𝑅௜,௧ = diag(𝑄௜,௧)ିଵ/ଶ𝑄௜,௧diag(𝑄௜,௧)ିଵ/ଶ (8)

Here, 𝑄௜ is the long-run covariance benchmark for the standardized innovations; 𝑎௜ 
and 𝑏௜  represent the impact of new information and the persistence of the correlation 
structure, respectively. Both parameters are constrained to be nonnegative, and their sum 
is less than one. Changes in the variables’ own volatilities and their interrelationships 
jointly form the following conditional covariance matrix: 

𝐻௜,௧ = ቎ℎ௜,௒௒,௧ ℎ௜,௒௑,௧ ℎ௜,௒ெ,௧ℎ௜,௒௑,௧ ℎ௜,௑௑,௧ ℎ௜,௑ெ,௧ℎ௜,௒ெ,௧ ℎ௜,௑ெ,௧ ℎ௜,ெெ,௧቏ (9)

From the conditional linear projection in Equation (2), the dynamic Beta is 𝛽௜,௧௑ = ℎ௜,௒௑,௧ℎ௜,ெெ,௧ − ℎ௜,௒ெ,௧ℎ௜,௑ெ,௧ℎ௜,௑௑,௧ℎ௜,ெெ,௧ − ℎ௜,௑ெ,௧ଶ  (10)

Equation (10) captures the conditional sensitivity of industrial-chain returns to AI-
related changes given historical information. The volatilities and correlations of the up-
stream, midstream, and downstream stages adjust daily, producing three dynamic AI 
Beta series. 

Model parameters are obtained through numerical optimization of the likelihood 
function, and time-varying conditional correlation and conditional covariance matrices 
are constructed accordingly. Dynamic Betas are calculated from the corresponding ele-
ments of the conditional covariance matrices to characterize conditional sensitivities after 
controlling for overall market movements. Numerical checks include the positive definite-
ness of the conditional covariance matrices at each date, the positivity of the denominators 
in the Beta calculations, and the finiteness of the resulting values to ensure that the calcu-
lations at each date satisfy the corresponding numerical requirements. 

3.1.2. TVP-VAR Linkages and Asset Allocation 

Dynamic Betas characterize the sensitivity of individual industrial-chain stages to AI 
changes, but economic relationships within the industrial chain are also reflected in joint 
adjustments in sensitivities across stages. This study therefore places the three dynamic 
AI sensitivity series in a single system to examine how these adjustments are transmitted 
among the upstream, midstream, and downstream stages. The raw return system serves 
as a benchmark for comparing price linkages with AI sensitivity linkages. 

A vector autoregressive (VAR) model uses each variable’s own lags and the lags of 
other variables to describe the system’s dynamic relationships. This study adopts a time-
varying parameter vector autoregressive (TVP-VAR) framework, allowing regression co-
efficients and innovation covariances to change over time to capture phase-specific 
changes in industrial-chain linkage strength and direction. Compared with rolling-
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window VAR models, this framework requires no prespecified window length and avoids 
the additional loss of observations caused by window truncation [41]. The three dynamic 
Betas form a vector, and their demeaned series enter the model: 𝑏௧ = (𝛽ଵ,௧௑ ,𝛽ଶ,௧௑ ,𝛽ଷ,௧௑ )′, 𝑣௧ = 𝑏௧ − 𝑏 (11)

Based on the Schwarz Bayesian information criterion [42], the lag order of the AI Beta 
system is set to one. The model is written as 𝑣௧ =෍ 𝐴ℓ,௧𝑣௧ିℓ௣ℓୀଵ + 𝑢௧, 𝑢௧|ℱ௧ିଵ ∼ N(0,𝛴௧) (12)

Here, 𝐴ℓ,௧ describes the effects of the preceding states of the stages on their current 
states, and 𝛴௧ is the time-varying covariance matrix of system innovations. The coefficient 
matrices at each lag are stacked into the state vector 𝜗௧, whose evolution is expressed as 𝜗௧ = 𝜗௧ିଵ + 𝜂௧, 𝜂௧|ℱ௧ିଵ ∼ N(0,𝑊௧) (13)

Here, 𝜂௧ is the coefficient-state innovation, and 𝑊௧ is its covariance matrix. The co-
efficient state follows the random walk in Equation (13). A Bayesian prior is used for ini-
tialization, followed by recursive updating through a Kalman filter with forgetting factors, 
yielding the response matrices for forecast error decomposition: 𝛹଴,௧ = 𝐼, 𝛹௛,௧ =෍ 𝐴ℓ,௧𝛹௛ିℓ,௧௠௜௡(௣,௛)ℓୀଵ , ℎ ≥ 1 (14)

This recursive framework draws on forgetting-factor estimation [43], while the gen-
eralized forecast error variance decomposition follows a response construction that is in-
variant to variable ordering [44]. The forgetting factor is set to 0.99 following Koop and 
Korobilis [43]. 

The central question in linkage analysis is what proportion of a stage’s future varia-
tion is associated with innovations in other stages. Following the forecast error variance 
decomposition approach [45,46], this study uses generalized decomposition to measure 
contributions from different sources. For a forecast horizon of 𝐻, the contribution of var-
iable 𝑗 to variable 𝑖 is 𝑔௜௝,௧(𝐻) = 𝜎௝௝,௧ିଵ ∑ (𝑒௜ᇱ𝛹௛,௧𝛴௧𝑒௝)ଶுିଵ௛ୀ଴∑ 𝑒௜ᇱ𝛹௛,௧𝛴௧𝛹௛,௧ᇱ𝑒௜ுିଵ௛ୀ଴  (15)

Here, 𝑒௜ is a selection vector with one in position 𝑖, and 𝜎௝௝,௧ is diagonal element 𝑗 
of 𝛴௧. Contributions to each recipient are normalized by row so that the shares from all 
sources sum to one: 𝜃෨௜௝,௧(𝐻) = 𝑔௜௝,௧(𝐻)∑ 𝑔௜௞,௧(𝐻)௡௞ୀଵ , ෍ 𝜃෨௜௝,௧(𝐻)௡௝ୀଵ = 1 (16)

Rows of the normalized matrix represent recipients, and columns represent sources. 
Diagonal entries are own contributions, and off-diagonal entries are cross-stage contribu-
tions. The sample averages of the dynamic shares form the static linkage table: 𝜃෨௜௝(𝐻) = 1𝑇෍ 𝜃෨௜௝,௧(𝐻)௧்ୀଵ  (17)

The total connectedness index summarizes the average share of each stage’s variation 
explained by other stages: TCI௧ = 100𝑛 ෍ ෍ 𝜃෨௜௝,௧௡௝ୀଵ,௝ஷ௜௡௜ୀଵ  (18)

Beyond overall strength, this study distinguishes the extent to which an industrial-
chain stage receives influences from other stages from the extent to which it transmits 
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influences to them. The former is obtained by summing off-diagonal shares along rows, 
and the latter by summing them along columns: FROM௜,௧ = 100෍ 𝜃෨௜௝,௧௡௝ୀଵ,௝ஷ௜  (19)

TO௜,௧ = 100෍ 𝜃෨௝௜,௧௡௝ୀଵ,௝ஷ௜  (20)

NET௜,௧ = TO௜,௧ − FROM௜,௧ (21)

Positive net transmission indicates that a stage transmits a larger share outward than 
it receives, whereas a negative value indicates net reception. To identify specific transmis-
sion directions within the network, the two directional contributions are compared for 
each pair of stages: NPDC௜௝,௧ = 100(𝜃෨௜௝,௧ − 𝜃෨௝௜,௧) (22)

Under the row–column convention above, NPDC௜௝,௧ > 0 indicates net transmission 
from 𝑗 to 𝑖; a negative value indicates the reverse direction. Network arrows are deter-
mined by these net transmission values. Asset allocation additionally requires a measure 
of the two-way relationship between each pair of stages. The pairwise connectedness in-
dex is defined as PCI௜௝,௧ = 200 𝜃෨௜௝,௧ + 𝜃෨௝௜,௧𝜃෨௜௜,௧ + 𝜃෨௜௝,௧ + 𝜃෨௝௜,௧ + 𝜃෨௝௝,௧ (23)

The pairwise connectedness indices form a symmetric matrix, 𝐶௧ , translating the 
strength of joint industrial-chain adjustment into information for allocation. Focusing on 
the minimum connectedness portfolio (MCoP), this study examines the cross-stage hold-
ings and performance associated with AI sensitivity linkages and uses covariance-based 
portfolios (MVPs) as comparison benchmarks. The MCoP uses the pairwise linkage ma-
trix of AI Betas; the MVPs use the innovation covariance matrix of the AI Beta system, 𝛴ఉ,௧, and that of the raw return system, 𝛴௥,௧, respectively, to construct weights. All portfo-
lios are evaluated using actual industrial-chain returns, with dynamic Betas supplying 
allocation information. 

Following Broadstock et al. [7], the MCoP and MVPs use inverse-matrix weights. Let 𝑆௧ denote the covariance matrix used for an MVP, taken from either the AI Beta or the 
raw return system’s innovation covariance; 1 denotes a vector of ones, and † denotes the 
Moore–Penrose generalized inverse. The initial weights for the two types of portfolios are 𝑣௧୑େ୭୔ = 𝐶௧ற11′𝐶௧ற1 (24)

𝑣௧୑୚୔ = 𝑆௧ற11′𝑆௧ற1 (25)

The MCoP maps the pairwise linkage structure of AI sensitivities into allocation 
weights, while the MVPs provide a comparison of holdings based on covariance infor-
mation. The initial weights are restricted to the interval [0,1] and then normalized so that 
their sum equals one: 𝑤௜,௧௞ = min{1,max{0, 𝑣௜,௧௞ }}∑ min{1,max{0,𝑣௝,௧௞ }}௡௝ୀଵ , k ∈ {MCoP,MVP} (26)

For portfolio evaluation, each asset’s daily log return is first converted into a simple 
return: 𝑅௜,௧ = 𝑒௥೔,೟ − 1. 
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Let 𝑅௧ denote the vector of daily simple returns for the three industrial-chain stages. 
Applying the previous period’s weights to current returns, the portfolio’s daily simple 
return is 𝑅௣,௧௞ = 𝑤௧ିଵ௞ ′𝑅௧ (27)

Cumulative returns are calculated by compounding the portfolio’s daily simple re-
turns over successive periods: 

𝐼௣,ఛ௞ =ෑ(1 + 𝑅௣,௧௞ )ఛ
௧ୀଵ − 1 (28)

Allocation performance is further evaluated in terms of returns, volatility, draw-
downs, and hedging effectiveness. Let 𝑇௣ be the number of valid return observations, and 
let 𝑅௣ and 𝑠௣ be the sample mean and sample standard deviation of the portfolio’s daily 
simple returns, respectively. Annualized returns are calculated using geometric com-
pounding, and volatility is annualized from the daily standard deviation using 252 trad-
ing days: AR௣ = (1 + 𝐼௣, ೛்)ଶହଶ೛் − 1, AV௣ = √252𝑠௣ (29)

Under an evaluation convention that sets the risk-free return to zero, the Sharpe ratio 
is defined as 

SR௣ = √252𝑅௣𝑠௣  (30)

The cumulative path is also used to measure the largest decline from a preceding 
peak: MDD௣ = min଴ஸఛஸ்[ 1 + 𝐼௣,ఛmax଴ஸ௦ஸఛ(1 + 𝐼௣,௦)− 1] (31)

Here, the initial value of the cumulative path is zero. Hedging effectiveness compares 
the variance of portfolio returns with that of holding the reference asset alone, using sim-
ple returns: HE௜ = 1− Var(𝑅௣,௧)Var(𝑅௜,௧)  (32)

Higher hedging effectiveness indicates a larger variance reduction relative to the ref-
erence asset. This study evaluates the allocation implications of AI sensitivity information 
jointly through linkage structures, portfolio weights, and performance measures. 

3.2. Data and Variables 

This study uses the CSI Industrial Chain Index Series compiled by China Securities 
Index Co., Ltd. (Shanghai, China), comprising the CSI Upstream Resources Industry Index 
(000961.CSI), the CSI Midstream Manufacturing Industry Index (000962.CSI), and the CSI 
Downstream Consumption and Services Industry Index (000963.CSI). Drawing its sample 
universe from the constituents of the CSI 800 Index, the series selects securities of larger 
listed companies in the Shanghai and Shenzhen markets with the corresponding indus-
trial-chain characteristics. The three indices reflect the market performance of upstream 
resource industries, midstream manufacturing industries, and downstream consumption 
and service industries, respectively, providing representative index samples for studying 
dynamic linkages and asset allocation across industrial-chain stages. According to the 
Methodology for the CSI Industrial Chain Index Series, securities within each of the three 
industrial categories are ranked in descending order of average daily total market 
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capitalization over the preceding year to form the corresponding index constituents. Con-
stituent adjustments and index maintenance follow the official rules. Daily closing levels 
for the three indices are obtained from the Wind database and used to calculate daily log 
returns as proxies for the return performance of the upstream, midstream, and down-
stream stages. 

Under the official classification, the upstream index includes oil, natural gas, coal, 
non-ferrous metals, and non-metallic mining and products, while the midstream index 
includes chemicals, steel, machinery, and communications equipment. The downstream 
index includes automobiles, consumer services, consumer durables and apparel, food and 
beverages, healthcare, and telecommunications services. As an illustrative constituent 
snapshot, the official factsheets for 2026 list Zijin Mining and China Shenhua among the 
major upstream constituents, Contemporary Amperex Technology and Foxconn Indus-
trial Internet among the major midstream constituents, and Kweichow Moutai and Midea 
Group among the major downstream constituents. 

This study uses the AI-E (Economy) index as the AI-related variable. The index 
counts newspaper articles containing both artificial-intelligence and economy-related 
keywords, scales the daily matching count by the total number of newspaper articles that 
day, and normalizes the 2015–2021 mean to 100, capturing the relative intensity of AI-
related economic topics. The data are obtained from https://www.policyuncer-
tainty.com/aieu_daily.html (accessed on 18 September 2026). The AI-E index measures the 
frequency of newspaper coverage jointly addressing artificial intelligence and economic 
topics and serves as a proxy for AI-related economic information. Related AI information 
has been used to study stock market volatility and risk transmission [47,48]. The CSI 300 
Index represents the broad market. Its daily closing levels are obtained from the Wind 
financial terminal and used to calculate daily log returns as the market control variable. 
The sample comprises 2847 trading days from 6 January 2015 to 18 September 2026. The 
data were accessed on 18 September 2026, and model estimation was completed on 21 
September 2026. All datasets used in the analysis were available at the time of access. All 
series are aligned on common stock trading dates to maintain temporal consistency across 
variables. 

Table 1 reports descriptive statistics for the series. The mean log returns of the up-
stream, midstream, and downstream stages are all positive and close to zero, and their 
volatilities decrease in that order, indicating differences in return fluctuations across in-
dustrial stages. All series exhibit left skewness and fat tails. The JB test [49] rejects normal-
ity, while the ADF and PP tests [50,51] reject the unit-root hypothesis. The Q(20), Q2(20), 
and ARCH-LM(10) tests indicate serial correlation and conditional heteroskedasticity, 
supporting the modeling of time-varying conditional volatility alongside mean dynamics. 

Table 1. Descriptive statistics. 

Variable Mean Std. Dev. Skewness Kurtosis JB ADF PP Q(20) Q2(20) ARCH-
LM(10) 

CSI upstream 0.000173 0.017613 −0.597 6.129 1325.246 *** −52.235 *** −52.257 *** 35.674 ** 1239.519 *** 372.927 *** 
CSI mid-
stream 

0.000193 0.017031 −0.603 7.837 2935.866 *** −51.468 *** −51.575 *** 36.605 ** 1684.365 *** 456.850 *** 

CSI down-
stream 

0.000060 0.014706 −0.611 8.026 3160.993 *** −51.019 *** −50.997 *** 67.385 *** 1922.656 *** 496.843 *** 

AI-E 0.001674 0.947957 −0.059 8.819 4001.190 *** −20.763 *** −263.098 *** 728.423 *** 1733.963 *** 618.371 *** 
CSI 300 0.000075 0.013597 −0.758 9.852 5819.232 *** −52.046 *** −52.031 *** 81.898 *** 1401.067 *** 413.018 *** 

Note: ** and *** indicate rejection of the corresponding null hypothesis at the 5% and 1% levels, 
respectively. 

4. Empirical Results and Analysis 
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4.1. Dynamic Beta Results 

Table 2 reports the key parameters and diagnostics for the three DCC-ARMA-
GARCH models. All three models converge successfully, the sums of their DCC parame-
ters are below one, and conditional correlations exhibit strong persistence. The conditional 
covariance matrices and the denominators in the Beta calculations pass basic numerical 
checks. For the Q(20), Q2(20), and ARCH-LM(10) tests of standardized marginal residuals, 
all p-values for the Y, X, and M margins in the three systems exceed 0.10. There is no 
significant remaining linear serial correlation, squared serial correlation, or ARCH effect 
at the selected lags [52,53]. The results indicate a good model fit. 

Table 2. Evaluation of DCC-ARMA-GARCH results. 

Industrial 
Stage 

Residual 
Variable DCC-a DCC-b a + b Beta Mean Beta Std. Dev. Q(20) Q2(20) 

ARCH-
LM(10) 

Upstream 
Y 

0.0262 0.9643 0.9905 0.000491 0.002374 
18.491 15.461 6.852 

X 22.404 2.560 1.034 
M 23.866 8.853 3.844 

Midstream 
Y 

0.0268 0.9594 0.9862 0.000706 0.001347 
19.906 10.339 6.231 

X 22.404 2.560 1.034 
M 23.866 8.853 3.844 

Downstream 
Y 

0.0312 0.9611 0.9923 0.000110 0.001326 
22.773 13.328 7.304 

X 22.404 2.560 1.034 
M 23.866 8.853 3.844 

Note: Y, X, and M denote the corresponding industrial-chain stage, AI, and the CSI 300, respectively. 
The DCC parameters a and b govern the impact of the latest standardized innovations and the car-
ryover of the previous correlation state, respectively. 

Figure 1 presents the dynamic Betas of the upstream, midstream, and downstream 
stages. The sample means of all three series are positive, but their signs change during 
some periods, indicating pronounced time variation in the conditional sensitivity of in-
dustrial-chain returns to AI changes. Differences also exist across stages: the midstream 
stage has a higher average sensitivity, sensitivity fluctuations are more pronounced in the 
upstream stage, and the downstream stage has a relatively low average sensitivity. Over-
all, the conditional associations of industrial-chain stages with AI changes adjust over time 
in both direction and strength, exhibiting distinct stage-level heterogeneity. 

4.2. Industrial-Chain Linkage Results 

4.2.1. Static Linkage Analysis 

Table 3 reports AI sensitivity linkages across the upstream, midstream, and down-
stream stages, while own-stage explanatory shares remain dominant, indicating the coex-
istence of stage-specific dynamics and joint adjustment. In terms of overall pairwise 
strength, upstream–midstream linkages are relatively strong, followed by upstream–
downstream linkages, whereas midstream–downstream linkages are relatively weak. 
However, the differences in strength across the three pairs are limited. This indicates that 
AI sensitivity linkages span resources, manufacturing, and consumption and services, 
without being highly concentrated in any single pair of industrial relationships. Overall, 
industrial-chain relationships in the AI era show a degree of integration while retaining 
substantial stage-level heterogeneity: sensitivity changes across stages are interconnected 
and retain their own characteristics. 
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Figure 1. Dynamic Betas of the upstream, midstream, and downstream stages with respect to AI. 

This pattern reflects production dependence and technological complementarity. In-
put relationships connect adjustments in resources and manufacturing, while substitution 
opportunities and conditions for resource reallocation differentiate intersectoral relation-
ships [5,12]. AI applications also require complementary investment in organization, data, 
and processes, and the conditions for adaptation and the realization of benefits differ 
across stages [2,26]. From this perspective, the relatively strong upstream–midstream link-
age and the predominance of own-stage information correspond to two dimensions: in-
dustrial input dependence and heterogeneity in technological responses. Industrial-chain 
linkages in the AI era thus reflect joint adjustment while retaining independent variation 
associated with different production functions. 

By comparison, the estimated TCI is 50.08% for raw returns and 26.55% for AI Betas, 
a difference of 23.53 percentage points. The raw-return system also has the closest rela-
tionship between the midstream and downstream stages and more pronounced differ-
ences in strength across industrial pairs. AI Betas exhibit weaker cross-stage linkages and 
a more even distribution of linkage strength, with a more prominent upstream–midstream 
relationship. This difference reflects the information content of the two types of linkages. 
Raw returns jointly reflect industrial operations, market expectations, and other infor-
mation, with manufacturing and consumption and services more closely connected in 
overall price changes. AI Betas instead focus on each stage’s sensitivity to AI-related 
changes, highlighting the coexistence of joint adjustment and differentiated responses un-
der a technological background. Strong connections in the overall market performance of 
the industrial chain therefore do not imply equally strong AI sensitivity linkages. AI-re-
lated relationships reveal connections within the industrial chain that differ from those 
captured by aggregate price changes. 
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Table 3. Static linkage matrices of AI Betas and raw returns for the CSI industrial chain. 

Variable/ 
Indicator Data Upstream Midstream Downstream FROM 

Upstream AI Beta 74.65 12.75 12.61 25.35 
Midstream AI Beta 15.75 71.85 12.40 28.15 

Downstream AI Beta 14.52 11.63 73.85 26.15 
TO AI Beta 30.27 24.38 25.00 TCI = 26.55 

Upstream Raw returns 52.98 27.92 19.11 47.02 
Midstream Raw returns 24.64 46.14 29.22 53.86 

Downstream Raw returns 18.03 31.33 50.64 49.36 
TO Raw returns 42.67 59.25 48.32 TCI = 50.08 

Note: The two systems comprise dynamic AI Betas and raw log returns, respectively. Rows repre-
sent recipients and columns represent sources. FROM and TO denote the shares received from and 
transmitted to other stages, respectively; TCI is the total connectedness index. All values are per-
centages. 

4.2.2. Network Structure Analysis 

Panel A of Figure 2 shows distinct node roles in the AI Beta net transmission network. 
Net transmission and reception refer to model-based predictive connectedness derived 
from forecast error variance decomposition. The upstream stage transmits to both the 
midstream and downstream stages in net terms and is the network’s principal transmitter, 
with net pairwise connectedness of approximately 3.0 and 1.9 percentage points, respec-
tively. The midstream stage receives net transmissions from both the upstream and down-
stream stages, forming a concentrated reception structure. The downstream stage com-
bines reception and transmission: it receives net transmission from the upstream stage 
while transmitting to the midstream stage. Although the downstream stage is a net re-
ceiver in the overall system, it acts as a net transmitter in its bilateral relationship with the 
midstream stage, demonstrating that node roles depend on the specific counterpart. Over-
all, the network features outward transmission from the upstream stage and convergence 
toward the midstream stage from both the upstream and downstream stages, highlighting 
distinct stage roles within AI sensitivity linkages. 

This directional pattern can be interpreted through the interaction between input 
connections and technological adaptation. Upstream resources enter multiple production 
stages, while manufacturing connects input procurement with end-use applications. In-
put choices and vertical positions under technological change therefore have different val-
uation implications [13,17]. In this study’s network, the upstream stage’s outward links 
reflect cross-stage information contained in adjustments to resource-sector AI sensitivity. 
The midstream stage’s position as a convergence point reflects its simultaneous associa-
tion with supply-side and demand-side changes, while the downstream stage participates 
in sensitivity transmission through demand and application relationships. 

Industry-level AI exposure varies with the occupational abilities and tasks involved, 
while existing research documents substantial sectoral differences in AI adoption [8,24]. 
For the industries represented here, a plausible transmission channel is that AI-related 
economic information changes expectations about energy and material demand in re-
source industries, production and equipment upgrading in manufacturing, and product 
and service applications downstream. Energy and raw materials connect the upstream 
index to multiple purchasing industries, so adjustments in resource-sector AI sensitivity 
can contain information relevant to costs and investment across the chain. Evidence on 
supplier-shock propagation and the asset-pricing role of production networks [14,16] sup-
ports interpreting the upstream stage’s prominent outward links in terms of these broad 
input connections. 
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By comparison, the raw return network in Panel B features the midstream stage as 
the principal transmitter, with the upstream stage receiving net transmissions from the 
midstream and downstream stages. The difference between the two networks reflects the 
information dimension under examination. Returns jointly reflect costs, demand, and 
earnings expectations, so market changes in manufacturing contain information relevant 
to upstream and downstream operations. The gradual absorption of customer infor-
mation and differences in investors’ information coverage provide a pricing explanation 
for return linkages from the midstream and downstream stages toward the upstream 
stage [6,19]. AI Betas instead focus on adjustments in technology-related sensitivity, and 
the reach and pricing of technological information can extend beyond established indus-
try relationships [22]. The same industrial stage therefore holds different transmission po-
sitions in the overall price network and the AI sensitivity network. These model-based 
network roles can be interpreted in relation to industrial specialization and the type of 
information examined. 

 

Figure 2. Transmission networks. Note: (A) shows AI Betas and (B) shows raw returns. Arrows 
point from net transmitters to net receivers, and line widths represent pairwise net transmission 
strength. 

4.2.3. Dynamic Linkage Analysis 

Figure 3 shows that overall industrial-chain AI sensitivity linkages alternate between 
phases of strengthening and decline, combining persistent adjustment with localized 
surges. Early in the sample, the TCI of AI Betas gradually decreases from a relatively high 
level and moves into a lower fluctuation range. Linkages strengthen markedly in the mid-
dle of the sample, forming a relatively strong phase around 2022. They subsequently de-
cline overall, with local rebounds alternating with weaker linkages, before rising again 
near the sample end. This process indicates continual shifts between joint adjustment and 
differentiated variation in the AI sensitivities of the upstream, midstream, and down-
stream stages. By comparison, the TCI of raw returns is higher during most periods. The 
turning points and adjustment magnitudes of the two systems differ, indicating distinct 
temporal patterns in overall industrial-chain price relationships and AI sensitivity rela-
tionships. 
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This evolution can be interpreted through the alternating effects of shared technolog-
ical expectations and differentiated industrial adaptation. The benefits of AI depend on 
complementary inputs and organizational coordination, while adaptation and benefit re-
alization proceed at different speeds across stages [2,26]. Evidence on generative AI’s ef-
fects on task efficiency and real-world workplaces provides a microeconomic basis for 
understanding the translation of technological potential into application-specific gains 
[3,4]. From this theoretical perspective, stronger linkages reflect more concentrated sensi-
tivity adjustments to common information, whereas subsequent declines reflect the re-
newed prominence of stage-specific differences. The phase changes shown in the figure 
thus reflect an alternation between common expectations and differentiated responses. 

 

Figure 3. Dynamic TCI. 

Figure 4 shows pronounced variation over time in the net transmission roles of in-
dustrial-chain stages within AI sensitivity linkages, with all three stages switching be-
tween net transmission and net reception. In Panel A, the upstream stage is a relatively 
strong net transmitter for part of the early sample, while the midstream stage primarily 
acts as a net receiver; their roles subsequently reverse several times. Around 2022 and for 
a period thereafter, the upstream and downstream stages more often act as net transmit-
ters, while the midstream stage’s net reception is pronounced. Later in the sample, the 
upstream stage experiences a distinct net-reception phase, with the midstream and down-
stream stages becoming net transmitters, before the pattern adjusts again near the sample 
end. The downstream stage also participates in changes in net transmission directions 
across periods, reflecting continual adjustment in interactions among the three stages. By 
comparison, the raw return linkages in Panel B display greater persistence in node roles: 
the midstream stage remains a net transmitter for most of the sample, and the upstream 
stage primarily acts as a net receiver. The two systems therefore differ: node roles in return 
linkages are relatively stable, whereas transmission positions in AI sensitivity linkages are 
more phase-dependent. 
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Switches in net transmission roles further reflect the joint effects of industrial position 
and the focus of information pricing. Technological change alters input choices and valu-
ation exposures at different vertical stages, while the speed of information absorption is 
influenced by the attention of investors connected to those stages [17,21]. Compared with 
aggregate price changes, AI sensitivity emphasizes the market’s relative responses to in-
formation about resource inputs, manufacturing adaptation, and end-use applications. 
Different stages alternate as important information sources, generating phase-specific 
switches between outward and inward links. AI affects multiple dimensions, including 
technology applications, expectations, and information processing, providing a theoreti-
cal background for the greater phase dependence of its linkage roles relative to those of 
raw returns [29]. 

 

Figure 4. Dynamic NET. 

Dynamic adjustments in net transmission roles and pairwise relationships provide 
additional state information for industrial-chain allocation. Asset allocation must account 
for both the volatility of individual stages and cross-stage comovement, and changes in 
correlation structures can influence capital allocation and holding adjustments [32]. This 
study further maps pairwise AI sensitivity linkages into weights to examine how they 
differ from allocations guided by the covariances of AI Betas and raw returns. 

4.3. Asset Allocation Results 

4.3.1. Allocation Structure and Portfolio Performance 

Table 4 shows that the MCoP produces relatively balanced average allocations across 
the upstream, midstream, and downstream stages, with substantial participation by all 
three. Compared with the two MVPs, the MCoP increases the weights of the upstream 
and midstream stages and reduces concentration in the downstream stage. Both MVPs 
allocate more heavily to the downstream stage, with the raw-return-based allocation 
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being the most concentrated; the AI-Beta-based allocation increases the participation of 
manufacturing. Pairwise AI sensitivity linkage information thus corresponds to a more 
balanced industrial-chain allocation, incorporating resources, manufacturing, and con-
sumption and services into portfolio holdings. 

The MCoP’s holding structure illustrates the role of industrial-chain linkage infor-
mation in asset allocation. Its weights are determined by each stage’s pairwise relation-
ships with the entire system, incorporating joint cross-stage adjustments in AI sensitivities 
into capital allocation. The MVPs provide covariance-based comparisons. The effects of 
network relationships on allocation depend on the relationship matrix and the specific 
weighting rule [7,34,35]. The more balanced holdings in this study should be understood 
in the context of the overall relationships among resources, manufacturing, and consump-
tion and services, reflecting the complementary role of AI linkage information in cross-
stage capital allocation. 

In terms of performance, the MCoP has higher annualized returns, cumulative re-
turns, and Sharpe ratios than both MVPs, alongside higher return volatility and a larger 
maximum drawdown. By comparison, the raw-return-based MVP performs better in con-
trolling volatility and drawdowns, while the AI-Beta-based MVP lies between the other 
two portfolios. The MCoP’s annualized return exceeds that of the raw-return-based MVP 
by about 2.9 percentage points, while its Sharpe ratio is higher by 0.125; annualized vola-
tility and maximum drawdown magnitude are also higher by 1.53 and 4.64 percentage 
points, respectively. Its allocation implications concern both cumulative performance and 
the volatility and drawdowns experienced over the holding period. More balanced indus-
trial-chain holdings thus correspond to a different return–volatility combination. 

Accounting for rebalancing, the MCoP has higher turnover than the two MVPs (Table 
4B). After proportional transaction costs of 5, 10, and 20 basis points per unit traded, it 
retains the highest cumulative return and Sharpe ratio among the three portfolios. 

Table 4. Asset allocation weights, performance, and transaction-cost sensitivity. (A) Asset allocation 
weights and gross performance. (B) Turnover and transaction-cost-adjusted performance. 

(A) 

Portfolio 
Matrix 
Source 

Average Up-
stream 
Weight 

Average 
Midstream 

Weight 

Average 
Downstream 

Weight 
Ann. Return 

Ann. Vola-
tility 

Sharpe 
Maximum 
Drawdown 

Cum. Return 

MCoP AI Beta 0.34 0.35 0.31 3.89% 23.79% 0.280 −55.90% 53.82% 
MVP AI Beta 0.24 0.28 0.48 3.08% 23.43% 0.248 −54.89% 40.93% 

MVP 
Raw re-

turns 
0.29 0.08 0.63 0.96% 22.26% 0.155 −51.26% 11.43% 

(B) 

Portfolio Matrix Source 
Average 

Daily 
Turnover 

5 bps 10 bps 20 bps 

MCoP AI Beta 2.14% 49.12%/0.269 44.57%/0.257 35.87%/0.234 

MVP AI Beta 1.22% 38.44%/0.241 35.99%/0.234 31.21%/0.221 

MVP Raw returns 1.70% 8.72%/0.145 6.06%/0.135 0.95%/0.116 

Note: Each cost cell in (B) reports cumulative return (%)/Sharpe ratio. Turnover is total purchases 
plus sales relative to portfolio value, measured from return-adjusted pre-rebalancing weights [33]. 
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4.3.2. Dynamic Performance 

Figure 5 shows that the cumulative paths of the MCoP and MVPs share their main 
fluctuations while diverging during particular phases. In the early and middle parts of the 
sample, the MCoP lies below the two MVPs for many periods. Later in the sample, its 
cumulative returns rise more markedly and reach the highest level at the sample end. The 
MCoP’s relative performance thus shifts from lagging to leading, as allocation differences 
associated with AI linkage information gradually emerge through the accumulation of 
returns across periods. The same industrial-chain assets follow different return paths un-
der different holding structures, and the allocation role of dynamic linkage information 
must be assessed in conjunction with cumulative performance over the full sample. 

 

Figure 5. Cumulative returns of the MCoP and MVPs. 

4.4. Robustness Tests 

4.4.1. Alternative Industrial-Chain Index Series 

This section replaces the CSI industrial-chain indices with the SSE Upstream Industry 
Index (000094), SSE Midstream Industry Index (000095), and SSE Downstream Industry 
Index (000096). The SSE series uses securities from the relevant industries in the Shanghai 
market and is constructed according to official industry classifications; historical index 
levels are also obtained from Wind. This substitution changes market coverage and in-
dustrial weights, while all other variable treatments and model specifications remain un-
changed. Figure 6 shows broadly consistent principal fluctuations in the Betas of the two 
index series, supporting the similarity of sensitivity paths under alternative index con-
structions. 

4.4.2. Alternative Conditional Distribution 

To account for fat tails, this section replaces the Gaussian likelihood with a t-distri-
bution likelihood while keeping the variable combinations, mean structures, and GARCH 
and DCC orders unchanged, thereby allowing a heavier-tailed innovation distribution 
[54]. Table 5 shows that both specifications converge and that their DCC parameter sums 
are below one. The residual diagnostics comprise the Q(20), Q2(20), and ARCH-LM(10) 
tests of standardized marginal residuals for Y, X, and M in all models. It should be noted 
that the residual diagnostic tests do not reject their respective null hypotheses at the 10% 
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significance level. Thus, the main residual diagnostic conclusions remain unchanged un-
der the alternative working distribution, indicating stability in the results. 

 

Figure 6. Comparison of dynamic Betas for the CSI and SSE industrial chains. 

Table 5. DCC-ARMA-GARCH model evaluation under different conditional distributions. 

Model Residual 
Variable 

a b a + b Q(20) Q2(20) ARCH-LM(10) Converged 

t·Upstream 
Y 

0.0259 0.9645 0.9905 
18.268 15.893 6.722 

Yes X 23.092 1.949 0.721 
M 23.931 9.324 4.544 

t·Midstream 
Y 

0.0233 0.9642 0.9874 
19.883 11.237 7.228 

Yes X 23.092 1.949 0.721 
M 23.931 9.324 4.544 

t·Downstream 
Y 

0.0285 0.9637 0.9922 
22.838 13.462 7.622 

Yes X 23.092 1.949 0.721 
M 23.931 9.324 4.544 

Note: Y, X, and M denote the corresponding industrial-chain stage, AI, and the CSI 300, respectively. 
The DCC parameters a and b govern the impact of the latest standardized innovations and the car-
ryover of the previous correlation state, respectively. 
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4.4.3. Alternative AI Indicator 

This study further replaces the AI-E index with the AI Index, and both daily indices 
come from the same website. The AI Index only requires articles to contain AI-related 
keywords, whereas AI-E additionally requires them to contain economy-related key-
words. The data analysis results remain broadly consistent. Figure 7 shows that overall 
linkages in both Beta systems undergo phases of strengthening and weakening and follow 
similar paths. 

 

Figure 7. Comparison of dynamic TCI under the alternative AI indicator. 

Table 6 shows that the MCoP continues to produce relatively diversified cross-stage 
allocations after the AI indicator is replaced, with a lower average midstream weight and 
a higher downstream weight. Under the common accounting convention, the AI-Index-
driven MCoP has higher cumulative returns and a higher Sharpe ratio, together with 
lower volatility and a smaller maximum drawdown. Under both AI indicators, the 
MCoP’s cumulative returns and Sharpe ratio exceed those of the corresponding MVP, re-
flecting allocation differences associated with linkage information and covariance infor-
mation. These findings indicate that the results of this study are robust. 

Table 6. Asset allocation results under the alternative AI indicator. 

Portfolio AI Indica-
tor 

Average Up-
stream 
Weight 

Average 
Midstream 

Weight 

Average 
Downstream 

Weight 
Ann. Return Ann. Volatil-

ity Sharpe Maximum 
Drawdown Cum. Return 

MCoP AI-E 0.34 0.35 0.31 3.89% 23.79% 0.280 −55.90% 53.82% 
MCoP AI Index 0.34 0.31 0.35 4.50% 23.40% 0.306 −53.83% 64.39% 
MVP AI-E 0.24 0.28 0.48 3.08% 23.43% 0.248 −54.89% 40.93% 
MVP AI Index 0.18 0.29 0.53 3.55% 23.19% 0.267 −53.03% 48.35% 
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4.4.4. Out-of-Sample Test 

This study further uses the first 70% of observations for initial estimation and con-
ducts period-by-period portfolio evaluation over the remaining 30% using an expanding 
window. At each step, the model is re-estimated using observations up to the current pe-
riod, and the resulting weights are applied to the next period’s returns to construct the 
portfolios. The results remain highly consistent with the original calculations over the 
same evaluation period (Table 7 and Figure 8). 

Table 7. Portfolio performance in the expanding-window evaluation. 

Portfolio Matrix Source Ann. Return Ann. Volatility Sharpe Maximum Drawdown Cum. Return 
MCoP AI Beta 6.45% 19.79% 0.415 −27.52% 23.60% 
MVP AI Beta 1.72% 19.06% 0.185 −30.04% 5.96% 
MVP Raw returns −4.48% 16.86% −0.188 −28.43% −14.39% 

Note: The initial window contains 1993 observations. The evaluation period runs from 16 March 
2023 to 18 September 2026 and contains 854 observations. The return-accounting convention is un-
changed from Table 4. 

 

Figure 8. Cumulative returns in the expanding-window evaluation. 

4.4.5. Alternative Information Factor 

As a sensitivity analysis, we replace AI-E with the Economic Uncertainty index while 
keeping the sample and model settings unchanged. The two TCI paths display clear dif-
ferences (Figure 9), indicating that the estimated connectedness dynamics vary with the 
information factor considered. 

4.4.6. Alternative Forecast Horizons 

In addition, we examine the sensitivity of the connectedness results to the forecast 
horizon by comparing variance decompositions over 10, 20, and 50 periods. Figure 10 
shows broadly consistent temporal fluctuations in the TCI across these horizons, support-
ing the robustness of the identified pattern of dynamic connectedness. 
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4.4.7. Alternative Forgetting Factors 

Figure 11 presents the dynamic TCI under forgetting factors of 0.99, 0.985, and 0.975. 
The three specifications exhibit broadly consistent temporal patterns, supporting robust-
ness. 

 

Figure 9. TCI comparison between AI-E and Economic Uncertainty. 

 

Figure 10. Dynamic TCI at different forecast horizons. 
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Figure 11. Dynamic TCI under alternative coefficient-state forgetting factors. 

5. Conclusions and Implications 
This study examines dynamic linkages and asset allocation across China’s industrial 

chain in the AI era, distinguishing overall industrial-chain linkages from cross-stage AI 
sensitivity linkages. It extracts dynamic AI Betas for the upstream, midstream, and down-
stream stages using trivariate DCC-ARMA-GARCH models, employs TVP-VAR to char-
acterize their linkage strength, net transmission structure, and phase-specific changes, and 
uses AI sensitivity linkage information to construct allocation weights. The analysis 
thereby extends the perspective from each stage’s individual response to AI changes to 
the interrelationships among sensitivity adjustments, and further examines the holding 
structures and allocation performance associated with this relational information. 

Three main conclusions emerge. First, AI sensitivities along the industrial chain com-
bine own-stage dynamics with cross-stage relationships, whereas raw returns exhibit 
stronger overall linkages. This indicates that common price movements and AI sensitivity 
adjustments have different association structures, with the AI perspective further reveal-
ing stage-level differences within overall market comovement. Second, the static AI Beta 
network features the upstream stage as the principal net transmitter and the midstream 
stage as the principal net receiver, while the raw return network features the midstream 
stage as the principal net transmitter. The dynamic results further show that node roles in 
the AI sensitivity network are more distinctly phase-dependent. The same industrial stage 
assumes different transmission roles across information dimensions, making industrial-
chain financial relationships information-dependent and time-varying. Third, compared 
with the MVPs constructed from AI Beta covariances and raw return covariances, the 
MCoP driven by the AI Beta linkage structure produces more balanced average cross-
stage allocations and higher cumulative returns. This finding extends the relevance of AI 
sensitivity linkage analysis to asset allocation, indicating that relational information across 
stages can complement covariance-oriented industrial-chain allocation. 

Accordingly, this study offers the following implications for industrial policy evalu-
ation and investment management. First, account for stage-specific differences and cross-
stage linkages when evaluating AI industrial policies. Given that upstream, midstream, 
and downstream AI sensitivities have both distinctive characteristics and interrelation-
ships, AI-related market responses can be used as supplementary information for 
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observing industrial-chain changes, taking into account the technological foundations and 
operating characteristics of each stage. Combining this information with actual firm-level 
AI applications and needs can inform policy evaluations for the resources, manufacturing, 
and consumption and services stages. This is consistent with the sector-specific imple-
mentation and intelligent supply-chain coordination emphasized by the “AI Plus” policy. 

Second, distinguish information sources in dynamic industrial-chain monitoring. In-
corporate overall return linkages and AI sensitivity linkages into a complementary mon-
itoring framework to track cross-stage linkage strength, principal transmission nodes, and 
changes in their roles. Assess financial market signals alongside information on business 
operations, input–output relationships, and technology applications, and adjust monitor-
ing priorities according to linkage structures in different periods to inform industrial ad-
ministration and financial regulatory authorities about industrial-chain dynamics. 

Third, use relational information as a supplementary basis for industrial-chain asset 
allocation. Institutional investors can compare different holding structures using cross-
stage AI sensitivity linkages alongside covariance analysis and comprehensively assess 
returns, volatility, and drawdowns. Practical implementation of the strategy can further 
incorporate transaction costs, holding constraints, and out-of-sample tests to examine the 
persistence of allocation performance. The findings can also serve as a reference for re-
search on index instruments for cross-industry allocation and are relevant to the policy 
direction of strengthening the asset allocation function of index funds. 

The measurement scope of this study is confined to AI-related economic information 
captured by newspaper coverage. Future research could incorporate firm-level data on AI 
adoption, investment expenditure, and utilization intensity to examine how information-
related market responses connect with actual AI implementation across industrial-chain 
stages. This study uses three broad Chinese industrial-chain indices representing the up-
stream, midstream, and downstream stages. Future research could examine more detailed 
industry classifications and extend the analysis to other countries, markets, and periods. 
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