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Abstract: Supply chains are increasingly exposed to systemic disruptions arising from geopolitical tensions, climate extremes, and 

volatile demand patterns, challenging traditional risk management approaches. Conventional predictive analytics often rely on 

correlational models that perform poorly under structural breaks, cascading failures, and policy-driven shocks. From a broader 

perspective, advances in artificial intelligence and data science offer new opportunities to model complex interdependencies, anticipate 

nonlinear propagation effects, and support resilient decision making across global supply networks. This abstract focuses on causal 

machine learning and advanced data analytics as an emerging paradigm for supply chain resilience modeling. Causal approaches move 

beyond prediction to explicitly represent cause–effect relationships among suppliers, transportation links, inventories, policies, and 

external stressors. By integrating causal graphs, structural causal models, and counterfactual reasoning with large-scale operational 

data, these methods enable analysts to distinguish spurious correlations from actionable drivers of disruption. When combined with 

probabilistic forecasting, graph-based learning, and simulation, causal models provide a robust foundation for stress testing supply 

chains under hypothetical geopolitical sanctions, climate-induced infrastructure failures, and abrupt demand surges. The discussion 

narrows to practical implementation considerations, including data integration from trade flows, climate observations, and policy 

indicators; model identification under partial observability; and validation using historical shock events. The abstract also highlights 

how causal analytics support scenario planning, intervention evaluation, and resource allocation decisions, allowing organizations to 

compare mitigation strategies before deployment. Ultimately, causal machine learning enhances supply chain resilience by improving 

interpretability, adaptability, and decision confidence in environments characterized by uncertainty, interdependence, and rapid 

change, positioning it as a critical capability for resilient global operations. Future research should integrate policy feedbacks, 

governance mechanisms, and real-time decision support systems. 
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1. INTRODUCTION 
1.1 Global Fragility of Modern Supply Chains  

Global supply chains have evolved into highly interconnected 

networks spanning jurisdictions, climates, and regulatory 

regimes, making them structurally vulnerable to systemic 

disruption [1]. Geopolitical tensions such as sanctions, trade 

restrictions, and conflict-induced port closures can rapidly 

sever critical links, while climate-related extremes including 

floods, heatwaves, and hurricanes increasingly impair 

transportation, production, and energy availability [2]. At the 

same time, demand shocks driven by pandemics, 

technological shifts, or sudden policy interventions propagate 

nonlinearly across suppliers and markets, amplifying local 

disturbances into global failures [3]. 

Traditional approaches to supply chain resilience have 

focused on static buffers, redundancy, and rule-based 

heuristics intended to absorb uncertainty [4]. While these 

mechanisms can mitigate routine variability, they are often 

costly, slow to adapt, and poorly suited to cascading shocks 

that alter system structure itself. Inventory buffers may 

become inaccessible, redundant suppliers may share hidden 

dependencies, and heuristic decision rules frequently break 

down under unprecedented conditions [5]. 

These limitations motivate a shift toward data-driven 

resilience modeling that can capture dynamic 

interdependencies and evolving risk profiles [6]. Advances in 

data availability from logistics systems, sensors, trade 

databases, and external intelligence sources provide an 

opportunity to move beyond intuition-based planning, 

enabling organizations to anticipate complex disruption 

pathways [7]. 

1.2 Limits of Predictive and Correlational Analytics  

Predictive analytics has long underpinned supply chain 

planning through forecasting demand, lead times, and costs 

using historical patterns [8]. Under stable conditions, 

correlational models can deliver acceptable accuracy; 

however, they perform poorly when systems experience 

structural breaks that invalidate past relationships. 

Geopolitical shocks, climate extremes, and regulatory 

interventions frequently alter incentives, constraints, and 

network topology, rendering prior data distributions unreliable 

[2]. 

A central limitation of predictive approaches is that accuracy 

alone does not translate into effective decision support. 

Forecasts estimate what is likely to happen, but they do not 

explain why outcomes occur or how alternative actions might 

change them [9]. As a result, decision makers lack guidance 
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when evaluating trade-offs such as rerouting logistics, 

diversifying suppliers, or absorbing short-term losses to 

protect long-term resilience [4]. 

Correlational models also struggle with confounding and 

feedback effects common in supply chains. Demand signals 

influence production, production affects prices, and prices 

reshape demand, creating circular dependencies that obscure 

causal drivers [6]. Without explicit treatment of these 

mechanisms, predictions may appear precise while remaining 

operationally misleading [1]. 

These gaps highlight the need for explainable, intervention-

aware models that can inform action under uncertainty. Rather 

than optimizing forecasts, analytics must support reasoning 

about consequences, alternatives [5]. 

1.3 Transition to Causal Machine Learning  

Causal machine learning offers a principled transition from 

descriptive prediction toward decision-oriented resilience 

analysis by explicitly modeling cause–effect relationships [3]. 

In supply chain contexts, causality matters because managers 

and policymakers do not merely observe shocks; they 

intervene through sourcing changes, inventory policies, 

pricing decisions, and regulatory actions. Understanding 

which factors genuinely drive outcomes is therefore essential 

for evaluating interventions before they are deployed [7]. 

Causal machine learning integrates ideas from statistics, 

econometrics, and artificial intelligence, combining structural 

causal models, graphical representations, and modern learning 

algorithms [8]. These tools enable analysts to distinguish 

correlation from causation, identify confounders, and estimate 

the effects of hypothetical actions using counterfactual 

reasoning. When coupled with advanced data analytics, causal 

methods can incorporate high-dimensional operational data 

while preserving interpretability and policy relevance [6]. 

This article adopts causal machine learning as the central 

analytical lens for modeling supply chain resilience under 

geopolitical, climate, and demand shocks. The discussion 

progresses logically from conceptual foundations to 

mathematical formulation, followed by a detailed 

methodology and Python-based implementation framework 

[9]. Empirical scenarios are then used to demonstrate how 

causal insights support stress testing, scenario comparison, 

and robust decision making. The article concludes by 

synthesizing implications for practitioners and researchers [4] 

globally. 

2. CONCEPTUAL FOUNDATIONS OF 

CAUSAL SUPPLY CHAIN MODELING 
2.1 Supply Chains as Causal Systems  

Modern supply chains can be rigorously conceptualized as 

causal systems composed of interacting nodes, flows, 

constraints, and feedback mechanisms that jointly determine 

operational outcomes [6]. Nodes represent entities such as 

suppliers, manufacturers, logistics hubs, and markets, while 

flows describe the movement of materials, capital, and 

information across these entities. Constraints including 

capacity limits, contractual terms, regulatory rules, and 

infrastructure availability restrict feasible actions, while 

feedback loops arise when decisions modify future system 

states, such as inventory adjustments influencing downstream 

demand signals [7]. 

Within this framework, performance outcomes such as 

delivery reliability, cost volatility, and recovery time are not 

random; they emerge from causal interactions among system 

variables. These interactions can be formalized using a 

structural causal representation: 

 

 
 

Here, denotes an outcome of interest (e.g., lead time, service 

level, or disruption duration). The vector represents 

endogenous variables that are at least partially controllable by 

decision makers, such as sourcing strategies, routing choices, 

production schedules, and inventory policies. The term 

captures exogenous disturbances and unobserved factors, 

including geopolitical shocks, extreme weather events, 

regulatory changes, or latent supplier vulnerabilities [8]. 

The implication of this formulation is fundamental for 

resilience analysis. Changes in can be decomposed into 

effects driven by managerial decisions ( ) and those driven 

by uncontrollable shocks ( ) [9]. This distinction enables 

analysts to identify which disruptions can be mitigated 

through intervention and which require adaptive response 

mechanisms [10]. Treating supply chains as causal systems 

therefore provides the conceptual foundation for evaluating 

resilience strategies beyond reactive buffering. 

2.2 Directed Acyclic Graphs (DAGs) for Supply Chain 

Dependencies  

Directed acyclic graphs (DAGs) provide a formal and 

interpretable mechanism for representing causal dependencies 

within complex supply chains [11]. In a DAG, each node 

corresponds to a variable such as supplier reliability, 

transportation lead time, demand variability, policy 

constraints, or inventory levels, while directed edges encode 

assumed cause–effect relationships between variables. The 

absence of cycles ensures that causal direction is well defined, 

enabling unambiguous reasoning about propagation paths [6]. 

In supply chain applications, DAGs can encode multi-tier 

supplier dependencies, logistics bottlenecks, demand 

amplification effects, and policy-induced constraints. For 

instance, a geopolitical sanction may causally affect supplier 

availability, which then influences production capacity and 

downstream delivery performance [12]. Explicitly encoding 
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such relationships allows analysts to visualize how shocks 

propagate across tiers rather than treating risks as independent 

events. 

A critical analytical role of DAGs is the identification of 

confounders and mediators. Confounders are variables that 

causally influence both a candidate cause and an outcome, 

such as global fuel prices affecting both transportation costs 

and supplier behavior. Mediators lie on the causal pathway, 

transmitting effects from one variable to another, such as port 

congestion mediating the effect of weather events on delivery 

delays [7]. 

Formally, a DAG implies the following factorization of the 

joint distribution: 

 
 

Here, denotes a system variable and represents its 

direct causal parents in the graph [13]. The implication is that 

each variable depends only on its immediate causes, enabling 

modular simulation and targeted intervention analysis. 

 

Figure 1: Causal DAG of a multi-tier global supply chain 

under exogenous shocks 

2.3 Causal vs Predictive Risk Interpretation  

Risk interpretation in supply chains differs fundamentally 

between predictive and causal models [14]. Predictive 

approaches estimate the probability of outcomes based on 

historical correlations, optimizing forecast accuracy without 

modeling the mechanisms that generate those outcomes. 

Under structural shocks, such correlations frequently break 

down, producing misleading confidence in forecasts [8]. 

Causal interpretation instead focuses on how outcomes 

change when specific variables are deliberately altered. This 

distinction is operationally critical. A predictive model may 

indicate that delivery delays increase following a climate 

event, but it cannot determine whether rerouting shipments, 

diversifying suppliers, or increasing safety stock would reduce 

delays [6]. Causal models explicitly address such intervention 

questions. 

The backdoor adjustment criterion provides a formal 

condition for estimating causal effects from observational 

data: 

 

 
 

In this expression, denotes an intervention that 

externally sets variable to a specific value. The variable 

represents a set of confounders that must be conditioned on 

to block non-causal paths between and outcome [10]. The 

summation marginalizes over these confounders to isolate the 

true causal effect. 

The implication for resilience modeling is substantial. 

Predictive risk scores may rank vulnerabilities but cannot 

reliably guide action. Causal analysis enables stress testing of 

alternative strategies and comparison of their expected 

impacts before deployment [11]. As shocks become more 

compound and systemic, causal interpretation becomes 

essential for allocating resources, prioritizing interventions, 

and building genuinely resilient supply chains [9]. 

3. MATHEMATICAL FRAMEWORK 

FOR CAUSAL RESILIENCE ANALYSIS 
3.1 Structural Causal Models (SCMs)  

Structural Causal Models (SCMs) provide a formal 

mathematical framework for representing how outcomes in 

complex systems arise from underlying causal mechanisms 

rather than surface-level correlations [13]. An SCM consists 

of a set of endogenous variables, a set of exogenous variables, 

and a collection of structural equations that describe how each 

endogenous variable is generated. In supply chain contexts, 

SCMs allow analysts to encode assumptions about how 

sourcing decisions, logistics constraints, demand signals, and 

external shocks jointly determine system performance [14]. 

Formally, an SCM specifies that each endogenous variable is 

a deterministic function of its direct causes and an exogenous 
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disturbance term. This separation is captured through the 

following functional representation: 

SCM functional equations 

 
 

Here, denotes an endogenous supply chain variable such as 

production output, lead time, or inventory level. The set 

represents the direct causal parents of , for 

example upstream supplier reliability or transportation 

capacity. The term captures exogenous influences and 

unobserved factors, including geopolitical events, climate 

disruptions, or latent operational inefficiencies [15]. 

A critical implication of this formulation is the explicit 

separation between the data-generating process and the 

observed data distribution. While observational data reflect 

correlations among variables, SCMs encode the mechanisms 

that generate those correlations [16]. This distinction enables 

analysts to reason about how the system would behave under 

conditions not previously observed, such as unprecedented 

sanctions or compound climate shocks. 

For supply chain resilience, SCMs provide a principled basis 

for distinguishing between structural vulnerabilities and 

incidental statistical patterns. By modeling how disruptions 

causally propagate, SCMs support robust stress testing and 

policy evaluation, even when historical data are sparse or 

partially informative [17]. 

3.2 Interventions and Do-Calculus  

Interventions are central to causal analysis because they 

reflect deliberate actions taken to alter system behavior rather 

than passive observation [18]. In supply chains, interventions 

correspond to managerial or policy decisions such as changing 

suppliers, rerouting logistics, imposing sanctions, or adjusting 

inventory policies. SCMs provide a formal language for 

modeling such actions through the do-operator, which 

represents external manipulation of a variable. 

The effect of an intervention is expressed through the 

interventional distribution: 

 
 

In this expression, denotes an outcome of interest, such as 

delivery reliability or recovery time. The term 

indicates that variable is forcibly set to value 

, breaking its natural dependence on its causal parents [19]. 

For example, may represent a sourcing decision, and the 

intervention models the effect of switching to an alternative 

supplier regardless of prior conditions. 

The implication of this formulation is that causal effects 

cannot be inferred from conditional probabilities alone. 

Observational quantities such as conflate 

causal influence with confounding factors, whereas 

isolates the effect of the intervention 

itself [14]. Do-calculus provides a set of rules for 

transforming observational data into valid estimates of 

interventional effects when certain graphical conditions are 

met [20]. 

In resilience modeling, this distinction enables analysts to 

evaluate the consequences of sanctions, climate-induced 

infrastructure failures, or demand surges before they occur. 

Rather than extrapolating from historical correlations, 

decision makers can compare intervention outcomes directly, 

supporting proactive rather than reactive strategies [21]. 

3.3 Counterfactual Reasoning for Resilience Evaluation  

Counterfactual reasoning extends causal analysis by 

addressing questions of the form “what would have happened 

if a different action had been taken?” [13]. In supply chains, 

such questions are central to resilience evaluation, where 

managers must compare alternative mitigation strategies 

under identical shock conditions. Counterfactuals are distinct 

from interventions because they condition on observed 

outcomes while imagining alternative decisions. 

A counterfactual query can be expressed generically as: 

Counterfactual query expression 

 
 

Here, represents the outcome that would have 

occurred if variable had been set to an alternative value , 

given the same underlying exogenous factors . The 

conditioning on reflects the factual scenario 

that actually occurred [15]. 

The practical implication is that counterfactual reasoning 

allows direct comparison between competing strategies. For 

example, analysts can evaluate whether rerouting shipments 

would have reduced disruption severity compared to 

increasing inventory buffers, holding all other factors constant 

[18]. This capability is particularly valuable under compound 

shocks, where multiple mitigation options interact 

nonlinearly. 

Counterfactual analysis also supports learning from past 

disruptions. By reconstructing alternative trajectories, 

organizations can identify which decisions amplified fragility 

and which enhanced recovery [20]. In resilience planning, this 

insight enables continuous improvement and evidence-based 

policy design rather than reliance on post hoc explanations. 
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Figure 2: Intervention vs counterfactual reasoning in supply 

chain shock scenarios 

4. METHODOLOGY: CAUSAL 

MACHINE LEARNING PIPELINE 
4.1 Data Architecture and Integration Strategy  

Causal resilience modeling requires a data architecture 

capable of integrating heterogeneous sources that capture both 

internal supply chain operations and external shock drivers 

[18]. Core internal data include trade flows, shipment 

volumes, lead times, inventory levels, and supplier 

performance metrics derived from enterprise systems and 

logistics platforms. These variables describe endogenous 

system behavior and form the backbone of causal analysis. 

External data sources provide contextual signals, including 

climate indices measuring temperature anomalies, 

precipitation extremes, and disaster frequency, as well as 

geopolitical indicators such as sanctions announcements, trade 

policy changes, and conflict intensity measures [19]. Demand 

signals, including point-of-sale data, order backlogs, and 

macroeconomic indicators, complete the picture by capturing 

downstream response dynamics. 

A central challenge in integrating these data is missingness 

and partial observability. Supply chain data are often 

fragmented across organizations, regions, and time scales, 

leading to systematic gaps rather than random missing values 

[20]. Climate and geopolitical indicators may be observed at 

coarse temporal resolutions, while operational data are 

recorded at high frequency. To address this mismatch, 

temporal alignment strategies such as aggregation, 

interpolation, and hierarchical indexing are applied, ensuring 

that causal relationships are not distorted by inconsistent 

granularity [21]. 

From a causal perspective, missing data are not merely a 

technical inconvenience; they may themselves be informative, 

reflecting unobserved constraints or reporting failures during 

disruptions [22]. The data architecture therefore distinguishes 

between missing-at-random and structurally missing 

variables, incorporating uncertainty into downstream 

estimation. This structured integration enables causal models 

to remain robust when observations are incomplete, 

supporting resilience analysis under real-world data 

limitations [23]. 

Table 1. Data sources, variables, temporal resolution, and 

causal role 

Data Source 
Representative 

Variables 

Temporal 

Resolution 

Causal Role 

in DAG 

Global Event & 

Shock 

Databases 

(pandemic 

trackers, 

geopolitical risk 

indices, climate 

disaster 

registries) 

Pandemic 

severity index, 

conflict 

escalation score, 

trade restriction 

indicators, 

extreme weather 

frequency 

Weekly / 

Monthly 

Exogenous 

causes – root 

nodes 

introducing 

external 

shocks 

independent of 

supply chain 

operations 

Tier-3 Supplier 

Records (raw 

material 

producers, 

extractive 

industries) 

Production 

volume, 

capacity 

utilization, input 

availability, 

shutdown 

duration 

Monthly 

Upstream 

causal nodes – 

transmit shock 

effects into 

material 

availability 

constraints 

Tier-2 Supplier 

Systems 

(component 

manufacturers) 

Component 

output, defect 

rates, supplier 

lead times, order 

backlogs 

Weekly / 

Monthly 

Intermediate 

mediators – 

propagate and 

amplify 

upstream 

disruptions 

Tier-1 Supplier 

ERP Systems 

(OEM-facing 

suppliers) 

Final part 

availability, 

order fulfillment 

rate, contract 

compliance 

Weekly 

Direct 

antecedents – 

determine 

manufacturing 

feasibility 

Manufacturing 

Execution 

Systems (MES) 

Throughput 

rate, line 

stoppages, 

capacity 

utilization, cycle 

time 

Daily / 

Weekly 

Central 

endogenous 

node – 

converts input 

shocks into 

production 

outcomes 
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Data Source 
Representative 

Variables 

Temporal 

Resolution 

Causal Role 

in DAG 

Logistics & 

Transportation 

Data (ports, 

shipping lines, 

carriers) 

Transit time, 

port dwell time, 

freight rates, 

route 

disruptions 

Daily / 

Weekly 

Transmission 

channels – 

mediate flow 

delays without 

feedback to 

upstream 

causes 

Inventory & 

Warehouse 

Management 

Systems 

Safety stock 

levels, inventory 

turnover, days 

of cover 

Weekly 

Buffering 

mediators – 

dampen or 

expose 

downstream 

effects 

Distribution & 

Wholesale 

Records 

Order fill rate, 

shipment 

delays, 

allocation ratios 

Weekly 

Downstream 

mediators – 

pass inventory 

constraints to 

markets 

Retail & Market 

Data 

Stock-out 

frequency, shelf 

availability, 

sales volume 

Weekly 

Immediate 

outcomes – 

observable 

market-level 

impacts 

Macroeconomic 

& Pricing Data 

Consumer 

prices, inflation 

contribution, 

demand 

elasticity 

Monthly / 

Quarterly 

Final outcome 

nodes – 

welfare and 

price volatility 

effects 

4.2 Causal Graph Discovery and Expert-Informed 

Constraints  

Constructing a valid causal graph is a critical step in resilience 

modeling because erroneous structure can lead to biased or 

misleading conclusions [24]. Purely data-driven causal 

discovery algorithms often struggle in supply chain settings 

due to limited samples, feedback effects, and latent 

confounders. To mitigate these challenges, a hybrid causal 

discovery approach is adopted, combining constraint-based 

statistical tests with expert-informed structural constraints 

[18]. 

Constraint-based methods assess conditional independence 

relationships among variables to infer possible causal links. 

These tests identify whether two variables are statistically 

independent given a conditioning set, suggesting the absence 

of a direct causal relationship. Expert knowledge is then used 

to impose directionality, exclude implausible edges, and 

encode known physical or institutional constraints, such as the 

impossibility of downstream demand causing upstream 

climate events [25]. 

The statistical foundation of constraint-based discovery relies 

on conditional independence testing: 

 
 

In this expression, and are variables under consideration, 

and represents a conditioning set. If is independent of 

given , no direct causal edge is assumed between them. 

The implication is that causal structure emerges from a 

combination of empirical evidence and domain realism, 

reducing the risk of spurious edges driven by noise or 

coincidental correlations [26]. 

Preventing spurious edges is essential for resilience analysis 

because false dependencies can distort intervention effects. By 

integrating expert constraints, the resulting graph remains 

interpretable, auditable, and aligned with operational realities, 

forming a reliable foundation for downstream causal 

estimation [27]. 

4.3 Identification and Estimation Strategy  

Once a causal graph is specified, the next step is determining 

whether causal effects of interest are identifiable from the 

available data [19]. Identifiability refers to whether a causal 

query, such as the effect of a sourcing intervention on delivery 

performance, can be uniquely estimated from observational 

data given the assumed causal structure. Some effects are 

identifiable through appropriate adjustment for confounders, 

while others remain non-identifiable without experimental or 

additional data [20]. 

In supply chain settings, identifiability is often challenged by 

hidden confounders, such as unobserved supplier capabilities 

or informal coordination mechanisms. To address these 

issues, estimation strategies emphasize transparent 

assumptions and robustness checks rather than point estimates 

alone [21]. When identification conditions are satisfied, causal 

effects can be estimated using reweighting and matching 

techniques. 

A commonly used estimand is the Average Treatment Effect 

(ATE): 

 

Here, represents a binary intervention, such as adopting an 

alternative supplier strategy, and denotes an outcome like 

lead time or recovery duration. The ATE measures the 

expected difference in outcomes between treated and 

untreated scenarios. Propensity scores are used to balance 

covariates between groups, approximating randomized 

conditions [22]. 

The implication of this approach is that resilience strategies 

can be compared on a consistent causal scale, enabling 
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evidence-based prioritization. Rather than relying on 

anecdotal experience, organizations can quantify how much 

specific interventions improve resilience under comparable 

conditions [23]. 

4.4 Validation Using Historical Shock Events  

Validation is essential to ensure that estimated causal effects 

generalize beyond the data used for model construction [24]. 

In resilience modeling, validation focuses on historical shock 

events that represent extreme but realistic stressors, including 

geopolitical sanctions, severe weather disruptions, and 

pandemic-induced demand shocks. These events provide 

natural experiments against which causal predictions can be 

assessed [18]. 

A key validation challenge is out-of-distribution behavior. 

Shocks often push systems into regimes not represented in 

training data, causing predictive models to fail [25]. Causal 

models are validated by comparing estimated intervention 

effects against observed outcomes during historical shocks, 

evaluating whether predicted directional impacts and relative 

magnitudes align with reality [26]. 

Rather than optimizing forecast accuracy, validation 

emphasizes qualitative consistency and robustness. For 

example, if a model predicts that supplier diversification 

reduces recovery time during sanctions, this prediction is 

checked against multiple sanction episodes across regions and 

time periods. Discrepancies prompt revision of causal 

assumptions rather than parameter tuning alone [21]. 

This validation logic reinforces the resilience objective: 

models are judged by their ability to support reliable decisions 

under stress, not by in-sample fit. By grounding causal 

estimates in historical shock performance, the methodology 

builds confidence that recommended interventions will remain 

effective under future disruptions [27]. 

 

Figure 3: Validation of causal effects across historical shock 

events 

5. PYTHON-BASED 

IMPLEMENTATION FRAMEWORK 
5.1 Computational Environment and Libraries  

The computational implementation of causal supply chain 

resilience modeling is grounded in the Python ecosystem, 

which offers mature libraries for causal inference, graph 

learning, simulation, and data integration [25]. Python’s 

flexibility enables seamless combination of statistical 

modeling, machine learning, and domain-specific logic within 

a unified environment. Core components include libraries for 

causal modeling, probabilistic inference, graph manipulation, 

and numerical computation, allowing analysts to 

operationalize theoretical constructs introduced in earlier 

sections. 

Causal inference libraries provide functionality for specifying 

structural causal models, estimating interventional effects, and 

performing counterfactual analysis. Graph-oriented libraries 

support construction, manipulation, and visualization of 

directed acyclic graphs, enabling transparent inspection of 

assumed causal structures [26]. Simulation and numerical 

libraries facilitate scalable experimentation under multiple 

shock scenarios, while data-handling tools support integration 

of heterogeneous operational and external datasets. 

Reproducibility is a central design requirement in resilience 

analytics. The computational environment is therefore 

structured using modular pipelines, where data ingestion, 

graph construction, estimation, and validation are 
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implemented as separable components. This modularity 

ensures that updates to one stage, such as incorporating new 

climate indicators or policy variables, do not invalidate the 

entire workflow [27]. Version control, environment 

specification, and parameter logging further support 

auditability and regulatory scrutiny. 

The implication of this design is that causal analyses remain 

transparent and repeatable, enabling organizations to justify 

decisions based on documented assumptions rather than 

opaque algorithms. In high-stakes supply chain contexts, such 

reproducibility is essential for building trust in analytics-

driven resilience strategies [28]. 

5.2 Building the Causal Graph in Python  

The construction of a causal graph in Python translates 

conceptual dependencies into an explicit computational object 

that can be interrogated and modified [29]. Graph building 

begins by defining nodes corresponding to key variables, 

including supplier reliability, transportation capacity, 

inventory buffers, demand volatility, climate disruptions, and 

geopolitical constraints. Directed edges are then added to 

encode hypothesized causal relationships, informed by both 

data-driven discovery and expert knowledge. 

Constraint encoding plays a critical role in ensuring validity. 

Domain rules are imposed to prevent implausible directions, 

such as downstream demand influencing upstream climate 

conditions. Temporal ordering constraints further restrict 

edges so that causes precede effects in time, reducing 

ambiguity in dynamic systems [25]. These constraints are 

encoded programmatically, ensuring that causal assumptions 

are explicit and testable. 

Visualization is not merely cosmetic; it is a core 

interpretability tool. Python-based graph visualization enables 

analysts and stakeholders to inspect the causal structure, 

identify feedback paths, and assess whether assumptions align 

with operational understanding [30]. Node attributes can be 

annotated to reflect variable type, observability, or role in 

interventions, while edge attributes capture strength or 

confidence in causal links. 

The implication of this step is twofold. First, the causal graph 

serves as a shared artifact bridging technical analysis and 

managerial reasoning. Second, errors or omissions in causal 

assumptions can be identified early, before estimation or 

simulation amplifies their effects. This transparency 

distinguishes causal modeling from black-box predictive 

approaches, particularly in resilience planning where 

stakeholder trust is critical [31]. 

 

Figure 4: Python-generated causal graph for supply chain 

resilience 

5.3 Estimating Interventions and Counterfactuals  

Once the causal graph is specified, Python-based tools are 

used to estimate the effects of interventions and evaluate 

counterfactual scenarios [26]. Interventions are simulated by 

modifying structural equations or graph connections to reflect 

imposed changes, such as supplier diversification, rerouting 

logistics, or inventory policy adjustments. These simulations 

enable direct comparison of mitigation strategies under 

identical shock conditions. 

The core estimand for intervention analysis is the conditional 

expectation of an outcome under a specified action: 

 

Here, represents an outcome of interest, such as recovery 

time or service level, while denotes the intervention 

variable, for example a sourcing decision. The expectation 

operator averages over all remaining uncertainties, isolating 

the causal impact of setting to value [27]. 

In practice, this expectation is approximated through 

simulation or reweighting techniques that leverage 

observational data while respecting the causal structure. 

Counterfactuals extend this logic by comparing realized 

outcomes with hypothetical alternatives, holding exogenous 

conditions constant [29]. For instance, analysts can evaluate 
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whether earlier rerouting would have reduced disruption 

severity during a climate event. 

The implication for decision making is substantial. Rather 

than relying on intuition or retrospective analysis, 

organizations can evaluate the expected benefits of competing 

resilience strategies before committing resources. This 

capability supports proactive planning and evidence-based 

prioritization under uncertainty [32]. 

5.4 Computational Complexity and Scalability  

Causal resilience modeling introduces computational 

challenges that differ from those of conventional predictive 

analytics [28]. Graph construction and causal discovery can 

scale poorly with the number of variables, particularly when 

conditional independence tests are required. Similarly, 

simulation-based estimation of interventional effects may 

become computationally intensive in large, high-dimensional 

systems. 

A key trade-off emerges between model fidelity and 

scalability. Rich causal graphs capture nuanced dependencies 

but increase computational burden, while simplified models 

improve tractability at the cost of detail [30]. Practical 

implementations therefore balance granularity against 

decision relevance, focusing computational resources on 

variables most influential for resilience outcomes. 

Scalability is further constrained in real-time decision 

environments, where interventions must be evaluated quickly 

during unfolding disruptions. To address this, approximate 

inference techniques, parallel computation, and scenario 

precomputation are employed, enabling rapid assessment of 

likely outcomes without full recomputation [31]. 

The implication is that causal analytics must be engineered 

with operational constraints in mind. While exact inference 

may be infeasible at scale, well-designed approximations 

preserve causal interpretability while supporting timely 

decisions. This balance ensures that causal machine learning 

remains actionable in real-world supply chain resilience 

applications [32]. 

6. RESILIENCE METRICS, 

SCENARIOS, AND DECISION SUPPORT 
6.1 Defining Causal Resilience Metrics  

Resilience measurement is central to translating causal 

analysis into actionable insight, yet traditional metrics often 

conflate correlation with robustness [30]. Causal resilience 

metrics explicitly quantify how system performance responds 

to shocks and interventions, rather than how it fluctuates 

historically. One foundational metric is time-to-recovery, 

defined as the causal duration required for an outcome 

variable, such as service level or throughput, to return to a 

predefined baseline following a disruption. Unlike descriptive 

recovery metrics, causal time-to-recovery isolates the effect of 

specific decisions from coincidental external improvements 

[31]. 

A second metric is causal fragility, which measures the 

sensitivity of outcomes to perturbations in key causal 

variables. High fragility indicates that small changes in 

upstream drivers, such as supplier reliability or transportation 

capacity, produce disproportionate downstream impacts. This 

metric helps identify structural weaknesses that are not 

apparent in average-case performance [32]. A third metric, 

intervention sensitivity, captures how responsive outcomes 

are to deliberate actions, such as rerouting or supplier 

diversification, enabling comparison of strategic leverage 

points. 

These concepts can be unified in a causal resilience index, 

expressed as: 

 
 

Here, denotes the expected performance under 

normal conditions, represents expected 

performance under a shock given intervention , and 

is the causal time-to-recovery. The index 

increases when interventions reduce performance degradation 

or accelerate recovery [33]. 

The implication is that resilience becomes a decision-

dependent quantity rather than a static attribute. Organizations 

can compare strategies on a consistent causal scale, enabling 

prioritization based on impact rather than intuition [34]. 

Table 2. Comparison of predictive vs causal resilience 

metrics 

Dimension 

Predictive 

Resilience 

Metrics 

Causal Resilience 

Metrics 

Primary 

Objective 

Forecast future 

disruptions, 

delays, or demand 

shortfalls 

Quantify why 

disruptions occur and 

which interventions 

change outcomes 

Analytical 

Paradigm 

Correlation-driven 

statistical learning 

Structural causal 

modeling and 

counterfactual 

reasoning 

Typical Methods 

Time-series 

forecasting, 

regression, LSTM, 

GNN, XGBoost 

Causal DAGs, 

Structural Causal 

Models (SCMs), do-

calculus, causal GNNs 

Data Dependency 

Large historical 

datasets with 

stable patterns 

Can operate under 

sparse or shifted data 

using structural 
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Dimension 

Predictive 

Resilience 

Metrics 

Causal Resilience 

Metrics 

assumptions 

Handling of 

Exogenous 

Shocks 

Treated implicitly 

as noise or latent 

variables 

Explicitly modeled as 

root causes in the 

DAG 

Interpretability 

Limited—feature 

importance often 

correlational 

High—paths, 

mediators, and 

intervention effects 

are interpretable 

Robustness to 

Distribution Shift 

Degrades under 

regime change or 

rare events 

More robust under 

novel or extreme 

shocks 

Policy & 

Intervention 

Testing 

Cannot reliably 

test “what-if” 

scenarios 

Enables counterfactual 

simulations (e.g., 

inventory buffering, 

rerouting) 

Bias & 

Confounding 

Control 

Vulnerable to 

spurious 

correlations 

Explicit adjustment 

for confounders and 

mediators 

Temporal 

Consistency 

Often ignores 

causal time 

ordering 

Enforces temporal and 

directional constraints 

Operational 

Insight 

Signals risk 

likelihood 

Identifies leverage 

points for resilience 

investment 

Decision-Making 

Use 

Tactical 

forecasting and 

alerting 

Strategic planning, 

stress testing, and 

resilience design 

Example Output 

Probability of 

stock-out next 

month 

Expected reduction in 

stock-outs under a 

targeted intervention 

Suitability for 

Regulation & 

Policy 

Limited 

evidentiary value 

Strong justification for 

policy and governance 

decisions 

6.2 Scenario Analysis: Geopolitical, Climate, and Demand 

Shocks  

Scenario analysis provides a structured way to evaluate 

resilience under heterogeneous shock types that differ in 

origin, duration, and propagation pathways [35]. Policy 

shocks, such as sanctions or export controls, are typically 

discrete and externally imposed, directly constraining supplier 

access or logistics routes. Natural shocks, including extreme 

weather events, tend to disrupt infrastructure and capacity, 

often with spatially correlated effects. Demand shocks emerge 

endogenously from market behavior, policy responses, or 

consumer sentiment, and may amplify upstream disruptions 

[30]. 

Causal modeling enables these scenarios to be represented 

consistently by altering specific variables within the structural 

model while holding others constant. This allows analysts to 

isolate the effects of each shock type on resilience metrics. 

Importantly, causal frameworks also support analysis of cross-

shock interactions, where multiple shocks occur 

simultaneously or sequentially. For example, a climate-

induced port closure may coincide with a geopolitical trade 

restriction, producing nonlinear impacts that exceed the sum 

of individual effects [36]. 

By simulating such compound scenarios, organizations can 

identify strategies that remain robust across diverse stressors. 

Predictive models often fail in this context because historical 

data rarely contain comparable combinations of shocks. 

Causal scenario analysis, by contrast, relies on structural 

assumptions rather than frequency, enabling extrapolation 

beyond observed regimes [31]. 

The implication for resilience planning is that scenario 

analysis shifts from narrative speculation to quantitative 

evaluation. Decision makers can assess how interventions 

perform across a spectrum of plausible futures, reducing 

reliance on single-scenario optimization and improving 

preparedness for systemic disruption [37]. 

 

Figure 5: Resilience outcomes across geopolitical, climate, 

and demand scenarios 
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6.3 Managerial and Policy Decision Implications  

Causal resilience insights fundamentally alter how resources 

are allocated and policies are designed [32]. Traditional 

decision frameworks often prioritize actions that historically 

correlated with improved performance, such as increasing 

inventory buffers. Causal analysis reveals whether such 

actions genuinely reduce vulnerability or merely coincide 

with favorable conditions. This distinction is critical in 

environments where resources are constrained and trade-offs 

are unavoidable [33]. 

For managers, causal metrics enable pre-deployment 

evaluation of mitigation strategies. Rather than implementing 

changes reactively, organizations can simulate interventions, 

compare expected outcomes, and select strategies that 

maximize resilience per unit cost. For example, causal 

estimates may reveal that modest supplier diversification 

yields greater resilience gains than large inventory 

investments, informing capital allocation decisions [34]. 

From a policy perspective, causal insights support evidence-

based regulation and coordination. Policymakers can assess 

how interventions such as trade restrictions or infrastructure 

investments affect systemic resilience, accounting for indirect 

effects and unintended consequences [35]. This capability is 

particularly valuable in multinational supply chains, where 

unilateral actions can propagate globally. 

The implication is a shift from reactive crisis management to 

proactive resilience governance. By grounding decisions in 

causal evidence, both firms and policymakers can justify 

actions transparently and adapt strategies as conditions 

evolve. This approach enhances accountability while reducing 

exposure to systemic risk [36]. 

Table 3. Decision outcomes under alternative intervention 

strategies 

Interventio

n Strategy 

Primary 

Causal 

Target 

(DAG 

Node/Pat

h) 

Expecte

d 

Short-

Term 

Outcom

e 

Expecte

d Long-

Term 

Outcom

e 

Key 

Trade-

offs / 

Risks 

Decision 

Relevanc

e 

Increase 

Safety 

Stock 

Levels 

Inventory 

Buffers → 

Retail 

Availabili

ty 

Reduced 

stock-

outs 

during 

initial 

shock 

propagat

ion 

Higher 

holding 

costs; 

improve

d 

service 

continui

ty 

Capital 

lock-in, 

obsolesce

nce risk 

Effective 

for shock 

absorptio

n but 

costly if 

shocks 

persist 

Supplier 

Diversifica

tion 

(Multi-

Tier-2 / 

Tier-3 

Suppliers 

→ 

Manufact

Reduced 

depende

ncy on 

single 

supplier

Improve

d 

structur

al 

resilienc

Qualificat

ion 

delays, 

quality 

High 

strategic 

value for 

systemic 

risk 

Interventio

n Strategy 

Primary 

Causal 

Target 

(DAG 

Node/Pat

h) 

Expecte

d 

Short-

Term 

Outcom

e 

Expecte

d Long-

Term 

Outcom

e 

Key 

Trade-

offs / 

Risks 

Decision 

Relevanc

e 

Sourcing) uring s e across 

tiers 

variance reduction 

Nearshori

ng / 

Regionaliz

ation 

Supplier 

Tiers → 

Logistics 

Path 

Length 

Shorter 

lead 

times, 

lower 

transpor

t 

disrupti

on 

Increase

d supply 

stability

, 

reduced 

geopolit

ical 

exposur

e 

Higher 

unit costs 

Best for 

critical or 

high-

value 

compone

nts 

Logistics 

Rerouting 

& Mode 

Switching 

Logistics 

& 

Transport

ation → 

Inventory 

Faster 

recovery 

from 

port or 

route 

disrupti

ons 

More 

flexible 

transpor

t 

network 

Increased 

freight 

cost 

volatility 

Tactical 

response 

to 

infrastruc

ture-level 

shocks 

Capacity 

Flexibility 

(Overtime, 

Modular 

Lines) 

Manufact

uring 

Throughp

ut → 

Output 

Tempor

ary 

producti

on 

stabiliza

tion 

Enhance

d 

adaptive 

capacity 

Workforc

e fatigue, 

operation

al strain 

Useful for 

short-

lived 

demand–

supply 

mismatch

es 

Demand 

Shaping 

(Pricing, 

Allocation 

Controls) 

Retail 

Availabili

ty → 

Final 

Outcomes 

Dampen

ed panic 

buying 

and 

demand 

spikes 

Stabiliz

ed 

market 

signals 

Customer 

dissatisfa

ction 

Effective 

when 

supply-

side 

interventi

on is 

constrain

ed 

Digital 

Visibility 

& Early 

Warning 

Systems 

Exogenou

s Shocks 

→ 

Upstream 

Nodes 

Earlier 

detectio

n of 

disrupti

on 

signals 

Improve

d 

anticipat

ory 

decision

-making 

Data 

integratio

n 

complexit

y 

High 

leverage 

when 

paired 

with 

causal 

analytics 

Policy & 

Contractu

al 

Safeguards 

(force 

majeure 

Exogenou

s Shocks 

→ 

Supplier 

Capacity 

Reduced 

legal 

and 

operatio

nal 

exposur

Instituti

onal 

resilienc

e 

Reduced 

supplier 

flexibility 

Critical 

for 

regulated 

or 

strategic 
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Interventio

n Strategy 

Primary 

Causal 

Target 

(DAG 

Node/Pat

h) 

Expecte

d 

Short-

Term 

Outcom

e 

Expecte

d Long-

Term 

Outcom

e 

Key 

Trade-

offs / 

Risks 

Decision 

Relevanc

e 

clauses, 

strategic 

reserves) 

e industries 

7. DISCUSSION: ADVANTAGES, 

LIMITATIONS, AND RESEARCH 

EXTENSIONS 
7.1 Advantages Over Traditional Analytics  

Causal machine learning offers several decisive advantages 

over traditional predictive and correlational analytics in the 

context of supply chain resilience [35]. Most notably, causal 

models provide interpretability, explicitly revealing why 

outcomes change rather than merely predicting that they will 

change. By encoding cause–effect relationships, decision 

makers can trace disruptions to their structural origins, 

enhancing transparency and trust [36]. 

Robustness is another critical advantage. Because causal 

models rely on structural assumptions rather than historical 

frequency alone, they remain informative under distribution 

shifts caused by geopolitical crises, climate extremes, or 

policy interventions [37]. Predictive models trained on past 

data often degrade sharply under such conditions. 

Finally, causal approaches are inherently intervention-aware. 

They support direct evaluation of alternative actions before 

implementation, enabling organizations to compare mitigation 

strategies on a consistent causal basis. This capability 

transforms analytics from a descriptive tool into a decision-

support system aligned with resilience objectives [38]. 

7.2 Limitations and Practical Challenges  

Despite their advantages, causal resilience models face 

important limitations that must be acknowledged [39]. Data 

quality remains a primary constraint, as supply chain data are 

often fragmented, incomplete, or inconsistently reported 

across organizations and regions. Such gaps can undermine 

causal identification if not handled explicitly. 

Identifiability poses another challenge. Certain causal effects 

cannot be estimated from observational data alone due to 

latent confounders or insufficient variation, requiring strong 

assumptions or additional data sources [35]. Overconfidence 

in poorly identified estimates risks misinformed decisions. 

Governance and organizational adoption also present barriers. 

Causal models require explicit articulation of assumptions, 

which may expose disagreements among stakeholders. 

Moreover, integrating causal insights into existing decision 

processes demands cultural change, analytical literacy, and 

institutional support beyond technical implementation [40]. 

7.3 Future Research Directions  

Future research should focus on extending causal resilience 

modeling toward real-time causal learning, where models 

update dynamically as new data arrive during unfolding 

disruptions [36]. Such capabilities would enable adaptive 

decision making under rapidly changing conditions. 

Another promising direction is the integration of causal 

models with digital twins of supply chains. Combining 

structural causality with simulation-based representations 

could support continuous stress testing and scenario 

exploration across operational horizons [37]. 

Finally, incorporating policy feedback loops represents a 

critical frontier. Supply chain interventions often reshape 

incentives and behaviors, altering the system they seek to 

stabilize. Modeling these feedbacks explicitly would improve 

long-term resilience planning and support coordinated public–

private responses to systemic risk [38]. 

8. CONCLUSION: TOWARD 

CAUSALLY RESILIENT SUPPLY 

CHAINS 
This article has advanced a comprehensive framework for 

understanding and strengthening supply chain resilience by 

shifting the analytical focus from correlation-driven prediction 

to causality-centered decision support. From a theoretical 

standpoint, the work reframed global supply chains as causal 

systems characterized by interdependent nodes, flows, 

constraints, and feedback loops. By grounding resilience 

analysis in structural causal models, directed acyclic graphs, 

and counterfactual reasoning, the article demonstrated how 

disruptions propagate through supply networks and how 

outcomes depend not only on shocks themselves, but on the 

decisions taken in response to them. 

Methodologically, the article established a rigorous pipeline 

for causal resilience modeling. It detailed how heterogeneous 

data sources including trade flows, climate indicators, 

geopolitical signals, and demand dynamics can be integrated 

into a coherent data architecture that respects partial 

observability and uncertainty. The use of hybrid causal graph 

discovery, combining statistical tests with expert-informed 

constraints, addressed a central challenge in applied causality: 

balancing empirical evidence with domain realism. 

Identification and estimation strategies were articulated to 

distinguish between causal effects that are recoverable from 

observational data and those that are not, emphasizing 

transparency over overconfidence. Validation through 

historical shock events reinforced the credibility of causal 

estimates by testing their robustness under extreme, real-

world conditions. 

At the computational level, the article showed how these 

concepts can be operationalized using Python-based tools. By 

translating causal assumptions into explicit graph structures, 

simulating interventions, and evaluating counterfactual 

scenarios, the framework enables organizations to compare 
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mitigation strategies before deployment. This computational 

approach transforms causal theory into an actionable 

capability, allowing resilience planning to move beyond static 

heuristics toward evidence-based, scenario-aware decision 

making. 

The implications for global supply chain governance are 

significant. Causal resilience modeling provides a common 

analytical language for firms, regulators, and policymakers to 

assess systemic risk and coordinate responses. Rather than 

reacting to crises after the fact, stakeholders can evaluate the 

downstream consequences of policies, sanctions, 

infrastructure investments, or sourcing decisions in advance. 

This supports more coherent governance across borders and 

sectors, reducing the likelihood that well-intentioned 

interventions generate unintended fragility elsewhere in the 

system. 

In synthesis, causality emerges not merely as a technical 

refinement, but as a foundational enabler of resilient supply 

chains. By clarifying why disruptions occur, how they 

propagate, and which actions genuinely mitigate harm, causal 

machine learning equips decision makers to navigate 

uncertainty with greater confidence and accountability. As 

global supply chains confront increasingly compound and 

systemic shocks, the ability to reason causally about resilience 

will be essential for sustaining economic stability, societal 

welfare, and long-term operational continuity. 
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