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Abstract 
This study has examined how artificial-intelligence-driven prescriptive analytics affects the management of supply chain 
disruptions and, through that mechanism, the operational performance of the firms that deploy it, and it has developed 
and tested a framework linking analytics capability to disruption outcomes across sourcing, planning, production, and 
distribution. The central problem has been that supply chain disruption management remains largely reactive, 
judgement-based, and escalation-driven, so that firms detect disruptions only once their operational consequences have 
become visible, respond through improvised expediting and reallocation decisions taken under time pressure with 
incomplete information, and absorb the resulting cost through premium freight, excess inventory, and lost service, while 
the analytic infrastructure now routinely present in these firms remains configured to report what has happened rather 
than to prescribe what should be done. Guided by five research questions, concerning how prescriptive analytics affects 
disruption management performance, which disruption categories are most effectively managed, which analytics maturity 
tiers are most effective across decision criteria, what risks reactive judgement-based regimes carry, and whether disruption 
management effectiveness transmits analytics capability into operational performance, the study has proposed a 
framework comprising five contributing constructs: data foundation and real-time visibility; predictive disruption 
sensing and risk forecasting; prescriptive decision automation and optimisation; human–AI decision governance and 
explainability; and supply chain reconfigurability and response capability, with disruption management effectiveness as 
the proximal outcome and operational performance as the distal outcome. A quantitative, cross-sectional design 
supplemented by a simulation-based evaluation has been used, and data have been collected from supply chain directors, 
sales and operations planning managers, procurement and sourcing managers, logistics and distribution managers, and 
analytics leads across manufacturing, retail, pharmaceutical, electronics, and logistics organisations. Out of 341 
distributed questionnaires, 277 valid responses have been retained, producing an 81.2% valid response rate. The analysis 
has included descriptive statistics, reliability and validity testing, correlation analysis, hierarchical multiple regression, 
bootstrapped mediation analysis, and a simulation evaluation of detection lead time, response optimality, and recovery 
trajectory across disruption categories. The findings have shown that all five constructs were significantly and positively 
associated with disruption management effectiveness, that the model was significant, F(5, 271) = 75.42, p < .001, 
explaining 58.2% of the variance, and that prescriptive decision automation and optimisation and data foundation and 
real-time visibility were the strongest predictors. Disruption management effectiveness in turn predicted operational 
performance and partially mediated the relationship between prescriptive analytics and performance, carrying 59.1% of 
the total effect.  
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INTRODUCTION 
Supply chain disruption has moved from a periodic operational nuisance to a central strategic concern, 
and the sequence of shocks across the past decade, from natural disasters and port congestion through 
pandemic-driven demand and supply dislocation to geopolitical realignment and export restriction, 
has made clear that disruption is not an exception to normal operating conditions but a recurring 
feature of them (Ivanov, 2020; Queiroz et al., 2022). The financial consequences are well documented: 
firms announcing supply chain glitches have historically suffered substantial and persistent 
shareholder-value losses, and the operational costs of disruption, in expediting, inventory, capacity, 
and lost sales, typically exceed the direct cost of the disrupting event by a wide margin (Hendricks & 
Singhal, 2003; Craighead et al., 2007). The question this study addresses is not whether disruption 
matters, which is settled, but whether the analytic capabilities now widely deployed in supply chain 
organisations are being used in a way that materially changes how disruption is managed. 
The evidence suggests they are not. Most supply chain analytics investment has produced descriptive 
and diagnostic capability, dashboards that report what has happened and root-cause analyses that 
explain why, and a growing but still minority share has produced predictive capability, forecasts of 
demand, lead time, and supplier risk (Schoenherr & Speier-Pero, 2015; Nguyen et al., 2018). 
Comparatively few organisations have progressed to prescriptive capability, in which the analytic 
system does not merely forecast a condition but computes and recommends the response to it, subject 
to the constraints under which the network actually operates (Lepenioti et al., 2020; Bertsimas & Kallus, 
2020). The gap matters because a disruption forecast that is not converted into a decision changes 
nothing: knowing that a supplier is likely to fail is operationally inert unless it is accompanied by a 
feasible, costed reallocation of the affected volume. This study takes that conversion, from prediction 
to prescription to executed decision, as its central object. 
 
Figure 1: AI-Driven Prescriptive Analytics Architecture for Supply Chain Disruption Management 

 
 
The structural reason that reactive management underperforms is a matter of timing rather than 
competence. A disruption creates a divergence between planned and achievable supply at the moment 
it occurs, but under a reactive regime that divergence becomes visible only when it manifests as a 
missed delivery, a stockout, or a production stoppage, by which point the set of available responses 
has narrowed sharply and the cheapest of them, a quiet reallocation before commitments harden, is no 
longer available. The ripple-effect literature has formalised the consequence: a disruption at one node 
propagates through the network, and the magnitude of the propagation is a function of the delay before 
countermeasures are applied (Dolgui et al., 2018; Ivanov et al., 2019). The premise of this study is 
therefore that the analytic capability that matters most is not forecast accuracy in the abstract but the 
reduction of the interval between the emergence of a disruption signal and the execution of a 
considered response. 
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Research on the individual components of this problem is substantial but fragmented. The supply chain 
risk and resilience literature has developed rich conceptual and quantitative accounts of vulnerability, 
resilience capacity, and recovery (Christopher & Peck, 2004; Pettit et al., 2013; Hosseini et al., 2019). The 
analytics literature has established that big data analytics capability is associated with firm and supply 
chain performance (Wamba et al., 2017; Gunasekaran et al., 2017; Dubey et al., 2019). And an emerging 
stream has applied artificial intelligence specifically to supply chain risk identification and assessment 
(Baryannis et al., 2019b; Brintrup et al., 2020). These streams, however, rarely meet. The resilience 
literature seldom specifies the analytic mechanism by which resilience is enacted, and the analytics 
literature seldom distinguishes prescriptive from predictive capability or examines whether the 
distinction affects disruption outcomes. This study addresses that gap by treating prescriptive analytics 
as a distinct capability, testing its association with disruption management effectiveness, and 
examining whether disruption management transmits that capability into operational performance 
(Md Mostafizur, 2025; Md Mesbaul, 2025; Muhammad Zahidul, 2024). 
This study is organised around five research questions. The first asks how AI-driven prescriptive 
analytics affects disruption management performance, and it is addressed by characterising the 
mechanism and magnitude of the improvement in the timing, depth, and duration of disruption 
impact. The second asks which categories of disruption are most effectively managed by prescriptive 
analytics relative to reactive management, and it is addressed by distinguishing disruption types and 
evaluating their differential manageability. The third asks which analytics maturity tiers are most 
effective across the decision criteria that matter operationally, and it is addressed by comparing five 
tiers on multiple dimensions. The fourth asks what risks reactive, judgement-based regimes carry, and 
it is addressed by identifying and rating those risks. The fifth asks whether disruption management 
effectiveness mediates the relationship between prescriptive analytics capability and operational 
performance, and it is addressed through a bootstrapped mediation analysis. The purpose of the study 
is therefore both explanatory, to characterise the effect of prescriptive capability and the risks of reactive 
regimes, and prescriptive in its own right, to identify the capabilities and governance practices that 
convert analytics investment into operational outcomes. 
The study contributes in three ways. Theoretically, it integrates the supply chain risk and resilience, 
business analytics capability, and artificial intelligence literatures into a single framework of disruption 
management effectiveness, grounded in the resource-based and dynamic-capabilities traditions, and it 
specifies disruption management as the mechanism through which analytic capability reaches 
operational performance rather than treating the link as direct. Empirically, it tests this framework 
against data from practitioners across five industries and four analytics maturity tiers, and it evaluates 
a simulation of detection lead time, response optimality, and recovery trajectory across disruption 
categories. Practically, it offers supply chain organisations a structured account of why reactive 
management fails, which disruption categories and analytics tiers matter most, and how decision 
governance converts recommendation into executed action. The remainder of the article reviews the 
relevant literature and develops the framework and hypotheses, formalises disruption dynamics and 
prescriptive decision-making, describes the method, presents the findings organised around the 
research questions, and concludes with recommendations, limitations, and directions for future work. 
LITERATURE REVIEW AND FRAMEWORK DEVELOPMENT 
The literature review develops the theoretical foundation for the framework by drawing on an 
extended body of research organised into eleven thematic subsections that collectively map onto the 
five constructs the framework proposes. It begins with the theoretical foundations in the resource-based 
view and dynamic capabilities, then examines supply chain disruption and the vulnerability literature, 
resilience as capacity and as practice, the ripple effect and disruption propagation, the analytics 
maturity progression from descriptive to prescriptive, data foundations and end-to-end visibility, 
predictive disruption sensing and machine learning for risk, prescriptive optimisation and decision 
automation, human–AI decision governance and explainability, supply chain reconfigurability and 
response capability, and the empirical evidence linking analytics capability to operational performance. 
It then consolidates the research gaps and synthesises the framework and hypotheses. Throughout, the 
review maintains that disruption management effectiveness, the capacity of an organisation to detect a 
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disruption early, respond to it optimally, and recover quickly, is jointly determined by the quality of 
its data foundation, the acuity of its predictive sensing, the sophistication of its prescriptive decision-
making, the governance under which those decisions are taken, and the physical and contractual 
reconfigurability of the network on which they act. 
Theoretical foundations 
The framework rests on two established theoretical traditions. The resource-based view holds that 
sustained competitive advantage derives from resources that are valuable, rare, imperfectly imitable, 
and non-substitutable, and it has been the dominant lens through which information-technology and 
analytics investments have been theorised as sources of firm performance (Barney, 1991). The dynamic-
capabilities perspective extends this by arguing that in rapidly changing environments advantage 
derives less from the possession of resources than from the capacity to integrate, build, and reconfigure 
them in response to environmental shift (Teece et al., 1997). For a study of disruption management, the 
second framing is the more apposite: a disruption is precisely an environmental shift that renders an 
existing configuration of suppliers, inventory, capacity, and routes suboptimal, and the capability at 
issue is the speed and quality with which the configuration can be revised. 
The business analytics literature has drawn on both traditions. Work on big data analytics capability 
has conceptualised it as a multidimensional organisational construct spanning tangible resources such 
as data and technology, human skills, and intangible assets such as a data-driven culture, and has 
demonstrated its association with firm performance both directly and through the mediation of 
process-oriented dynamic capabilities (Wamba et al., 2017; Mikalef et al., 2018; Karaboga et al., 2023). 
Related work has developed research frameworks for how analytics creates strategic business value, 
emphasising that value arises from the alignment of analytic capability with decision processes rather 
than from analytic sophistication as such (Grover et al., 2018). 
This foundation grounds the framework as a whole and shapes its structure in a specific way. It 
establishes that analytic capability should not be expected to affect performance directly, because 
analytics does not produce output, but through the decisions it informs and the operational processes 
those decisions govern. The framework accordingly positions disruption management effectiveness as 
the proximal outcome and operational performance as the distal one, and it tests the mediating path 
explicitly rather than assuming it (Md Syeedur & Sharmin, 2025; Tonay et al., 2024). 
Supply chain disruption and the vulnerability literature 
The disruption literature has developed a consistent conceptual vocabulary. A disruption is an 
unplanned event that interrupts the normal flow of goods, information, or funds through a supply 
chain, distinguished from ordinary operational variability by its discreteness and by the fact that it 
renders the existing plan infeasible rather than merely inaccurate (Craighead et al., 2007; Tang, 2006). 
Vulnerability describes the susceptibility of a network to such events, and the literature has established 
that it is driven by structural features, network density, node criticality, and the degree of geographic 
and supplier concentration, more than by the frequency of external shocks (Christopher & Peck, 2004; 
Blackhurst et al., 2011). 
An important finding of this literature concerns severity. The severity of a disruption is determined 
jointly by the characteristics of the disrupting event and by the characteristics of the network and its 
mitigation capabilities, so that identical events produce widely differing consequences across firms 
(Craighead et al., 2007). Empirical work on the financial consequences has reinforced this, documenting 
that the shareholder-value effect of announced disruptions is persistent rather than transitory and is 
moderated by firm response (Hendricks & Singhal, 2003). Reviews of the risk-management field have 
mapped its methods and identified the persistent dominance of qualitative assessment over 
quantitative modelling in practice (Ho et al., 2015; Fahimnia et al., 2015). 
This literature establishes the dependent phenomenon of the study and supplies its taxonomy. It shows 
that because severity is partly endogenous to firm response, disruption management capability is a 
legitimate object of study in its own right and not merely a proxy for exposure. The framework builds 
on this by treating disruption management effectiveness as a measurable organisational capability 
rather than as a property of the environment (Mst Shurovi, 2024). 
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Figure 2: A Taxonomy of Supply Chain Disruptions by Predictability and Propagation Reach 

 

 
Figure 2 organises the disruption categories the literature identifies into a two-axis taxonomy that 
structures the study’s subsequent analysis. The vertical axis represents predictability, distinguishing 
recurrent and anticipable events with stable statistical signatures, such as seasonal demand swings, 
from operational and structural events with intermittent signatures, and from catastrophic and 
systemic events for which no reliable base rate exists. The horizontal axis represents propagation reach, 
distinguishing disruptions whose consequences remain local to a node from those that cascade across 
tiers. The taxonomy matters because the analytics tiers reviewed below address different regions of this 
space, and because the study’s second research question is precisely a question about which regions 
prescriptive management reaches. 
Resilience as capacity and as practice 
Where the vulnerability literature describes exposure, the resilience literature describes the capability 
to withstand it. Resilience has been conceptualised as the ability of a supply chain to prepare for 
unexpected events, respond to disruption, and recover to an acceptable performance level, and the 
literature has converged on a decomposition into absorptive, adaptive, and restorative capacity, 
corresponding to redundancy held in advance, flexibility exercised during the event, and reconstitution 
afterwards (Pettit et al., 2013; Hosseini et al., 2019; Kamalahmadi & Parast, 2016). 
A recurring theme is the tension between resilience and efficiency. Redundancy in inventory, capacity, 
and supplier base buys absorptive capacity at a carrying cost that lean practice has spent decades 
eliminating, and the literature has examined how firms navigate the trade-off, noting that flexibility-
based resilience is generally more cost-efficient than redundancy-based resilience but requires greater 
managerial and informational capability to exercise (Sodhi et al., 2012; Snyder et al., 2016). More recent 
theoretical work has distinguished an engineering conception of resilience, in which the system returns 
to its prior state, from a social-ecological conception, in which it adapts to a new one, arguing that the 
latter better describes supply chains facing structural change (Wieland & Durach, 2021). Empirical 
studies of the pandemic period have documented which capabilities in fact proved protective, finding 
visibility, supplier collaboration, and digital capability among the most consistently associated with 
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successful adaptation (Belhadi et al., 2021; Queiroz et al., 2022). 
This literature contributes directly to the supply chain reconfigurability and response capability 
construct. It establishes that analytic capability cannot produce disruption management effectiveness 
on its own, because a recommendation to shift volume to an alternative supplier is worthless if no 
qualified alternative exists or if contractual terms prevent the shift. The framework accordingly treats 
reconfigurability as a distinct construct capturing the physical, contractual, and organisational latitude 
available to act on a recommendation (Muhammad Zahidul & Amena Begum, 2022; Mukut Kanti, 
2025). 
The ripple effect and disruption propagation 
A distinct and highly developed stream addresses propagation. The ripple effect describes the 
downstream and upstream diffusion of a disruption through a supply network, in which the failure of 
one node degrades the performance of others through material, capacity, and information linkages, 
and it has been distinguished from the bullwhip effect by its origin in structural disruption rather than 
in demand-signal distortion (Dolgui et al., 2018). The literature has developed quantitative methods for 
characterising propagation, including simulation, optimisation, and control-theoretic approaches, and 
has established that propagation magnitude depends on network structure, on the criticality of the 
disrupted node, and critically on the latency of the response (Hosseini et al., 2019; Ivanov et al., 2017). 
Work at the intersection of the ripple effect and digital technology has argued that Industry 4.0 
technologies alter propagation dynamics by improving observability of the network state, and has 
proposed the digital supply chain twin as the mechanism through which that observability is achieved: 
a computerised model representing network states in real time, combining model-based and data-
driven approaches to link risk data, disruption modelling, and performance assessment (Ivanov et al., 
2019; Ivanov & Dolgui, 2021; Ivanov, 2023). Related theorising on viability has extended the frame from 
recovery of a firm to survival of an intertwined network under long-duration systemic shock (Ivanov 
& Dolgui, 2020; Ivanov, 2020). 
This literature is foundational to the study’s central argument about timing. It establishes formally what 
the introduction asserted informally: that the cost of a disruption is a function not only of its magnitude 
but of the delay before countermeasures are applied, because propagation continues during that delay 
and each additional affected node enlarges the recovery problem. The framework accordingly treats 
detection lead time and response latency as the primary channel through which analytic capability 
affects outcomes (Md Mostafizur et al., 2025). 
The analytics maturity progression 
The analytics literature conventionally distinguishes descriptive analytics, which characterises what 
has happened, diagnostic analytics, which explains why, predictive analytics, which forecasts what will 
happen, and prescriptive analytics, which determines what should be done (Lepenioti et al., 2020; 
Waller & Fawcett, 2013). The progression is not merely one of increasing sophistication but of 
increasing proximity to the decision: descriptive output requires a human to infer implications, 
predictive output requires a human to determine a response, whereas prescriptive output supplies the 
response itself, subject to an explicit objective function and constraint set. 
The methodological literature on prescriptive analytics has developed frameworks for combining 
machine learning with optimisation, most influentially by using auxiliary observational data to 
construct conditional distributions from which optimal decisions are derived directly, rather than 
passing a point forecast into a downstream optimiser (Bertsimas & Kallus, 2020). Reviews of the field 
have catalogued the methods in use, spanning mathematical programming, simulation, evolutionary 
computation, and reinforcement learning, and have identified the integration of prescriptive output 
with organisational decision processes as the dominant open challenge (Lepenioti et al., 2020; Relich, 
2023). Reviews specific to operations have made a parallel argument, noting that the operations-
management contribution of analytics lies in the decision structures it enables rather than in the 
algorithms themselves (Choi et al., 2018). 
This literature grounds the prescriptive decision automation and optimisation construct and supplies 
the study’s third research question. It establishes that the maturity tiers differ not only in accuracy but 
in decision latency, cost, and interpretability, so that the appropriate tier depends on the disruption 
category and the decision context rather than being uniformly the most advanced available (Debasish, 
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2021; Shima Ali et al., 2024). 
Data foundations and end-to-end visibility 
All analytic capability rests on data, and the supply chain literature has been unusually explicit about 
the fragility of that foundation. Supply chain data originates in heterogeneous transactional systems, 
enterprise resource planning, warehouse management, and transportation management platforms, 
each with its own master data, granularity, and update cadence, and it must be reconciled with 
supplier-provided data of variable quality and with external feeds whose provenance the firm does not 
control (Waller & Fawcett, 2013; Schoenherr & Speier-Pero, 2015). 
Visibility, the ability to observe the state of the network beyond the firm’s own boundaries, is the 
specific data problem that disruption management poses. Firms typically hold good data on tier-one 
suppliers and progressively worse data beyond, yet the disruptions that propagate most severely 
frequently originate in tiers the firm cannot observe at all, so that the first indication of a tier-two failure 
is often a tier-one delivery miss weeks later (Ivanov & Dolgui, 2021; Brintrup et al., 2020). The analytics 
literature has established more generally that decision quality is bounded by data quality, and that 
organisations systematically underestimate the effort required to reach the data condition their analytic 
ambitions presuppose (Janssen et al., 2017; Nguyen et al., 2018). 
This literature grounds the data foundation and real-time visibility construct. It establishes that this 
construct is a precondition rather than a complement: a prescriptive engine operating on stale, partial, 
or unreconciled data will produce confident recommendations that are wrong, and will do so faster 
and at greater scale than a human analyst would. The framework treats it as the first construct for that 
reason (Md Mesbaul, 2023; Sharif Md Yousuf et al., 2025). 
Predictive disruption sensing and machine learning for risk 
An expanding literature applies machine learning to the identification and assessment of supply chain 
risk. Comprehensive mapping studies have categorised this work by AI methodology and by the risk-
management task addressed, identification, assessment, or response, and have found the response task 
markedly less studied than the first two, which is precisely the gap that prescriptive analytics occupies 
(Baryannis et al., 2019b). Applied work has demonstrated supervised prediction of supplier disruption 
from historical delivery, financial, and relational data, achieving practically useful discrimination in 
industrial settings (Brintrup et al., 2020), and has combined machine learning with simulation for 
resilient supplier selection under disruption risk (Cavalcante et al., 2019). 
A finding of particular relevance concerns the trade-off between predictive performance and 
interpretability (Debasish, 2021; Mukut Kanti, 2020). Work comparing model families for supply chain 
risk prediction has shown that the most accurate models are frequently the least interpretable, and that 
in a domain where predictions trigger costly interventions and must be justified to internal and external 
counterparties, the loss of interpretability may outweigh the gain in accuracy (Baryannis et al., 2019a). 
Reviews of AI for supply chain resilience have reached compatible conclusions, emphasising that 
adoption is constrained less by algorithmic capability than by organisational trust and integration 
(Modgil et al., 2022). This literature grounds the predictive disruption sensing and risk forecasting 
construct and anticipates the governance construct that follows (Md. Abdur & Iftekhar, 2021; 
Mohammad Abir Chowdhury & Tonay, 2022; Mohammad Shoriful Hossan, 2021). It establishes that 
prediction is a necessary input to prescription but not a substitute for it, and that predictive capability 
deployed without a decision pathway generates alerts that accumulate faster than they are acted upon 
(Muhammad Zahidul, 2025). 
Prescriptive optimisation and decision automation 
The prescriptive layer converts forecast into action, and its methods are drawn principally from 
operations research (Md Mesbaul, 2023; Mst Shurovi, 2024; Muhammad Zahidul & Amena Begum, 
2022). The classical formulation treats disruption response as a constrained optimisation problem: 
given a predicted supply shortfall, determine the allocation of remaining supply across demand, the 
activation of alternative sources, the repositioning of inventory, and the expediting of transportation 
that minimises expected cost subject to capacity, contractual, and service constraints (Muhammad 
Zahidul, 2024; Mukut Kanti, 2024; Shima Ali et al., 2024). The methodological advance of recent years 
has been the integration of this optimisation with machine learning, so that the uncertainty 
characterisation feeding the optimiser is learned from data rather than assumed (Bertsimas & Kallus, 
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2020; Lepenioti et al., 2020). 
Simulation-based approaches occupy a complementary position, particularly for the ripple effect, 
where the objective is less to compute a single optimal action than to evaluate candidate actions against 
a propagating network state (Ivanov, 2020; Ivanov, 2023; Hosseini et al., 2019). The digital supply chain 
twin literature has argued for the combination, using the twin to maintain the network state and the 
optimiser to search the response space against it (Ivanov & Dolgui, 2021). Across these approaches, a 
consistent practical finding is that the binding constraint on prescriptive deployment is rarely 
computational tractability and usually the fidelity of the constraint set: an optimiser that does not know 
about a contractual minimum-volume commitment or a qualification lead time will recommend actions 
that the organisation cannot take (Md Arif Uz et al., 2025; Tonay et al., 2024). This literature completes 
the prescriptive construct. It establishes that the value of prescriptive analytics depends on the 
completeness with which the real decision problem, including its unglamorous contractual and 
qualification constraints, has been encoded, and that this encoding, rather than algorithm selection, is 
where most implementation effort is properly spent (Mohammad Shoriful Hossan, 2021). 
Human–AI decision governance and explainability 
Prescriptive output is consequential: a recommendation to reallocate volume, activate an alternative 
supplier, or expedite at premium freight commits real money and affects counterparty relationships. 
The explainability literature has developed model-agnostic methods for attributing a prediction to its 
inputs, including local surrogate explanation and additive feature attribution (Ribeiro et al., 2016; 
Lundberg & Lee, 2017; Guidotti et al., 2018), alongside the influential argument that for high-stakes 
decisions inherently interpretable models should be preferred to post-hoc explanation of opaque ones 
(Rudin, 2019). 
In the supply chain setting this debate takes a specific operational form. A planner presented with a 
recommendation to switch a component to a secondary supplier must decide whether to accept it, and 
that decision turns on knowing what drove the recommendation: a genuine deterioration in the 
primary supplier’s delivery reliability, a transient data-quality artefact, or an external risk signal of 
uncertain relevance . Without that information the planner either accepts everything, in which case the 
organisation has delegated commercial judgement to a model it cannot interrogate, or overrides 
routinely, in which case the analytic investment yields nothing. The literature on decision-making 
quality under big data has documented exactly this pattern, identifying the governance of the human–
system boundary as a primary determinant of realised value (Janssen et al., 2017; Baryannis et al., 2019a; 
Modgil et al., 2022). This literature grounds the human–AI decision governance and explainability 
construct. It establishes that governance is not a constraint on analytic value but a condition of it, 
encompassing the definition of decision rights, the thresholds above which human review is 
mandatory, the explanation accompanying each recommendation, and the audit trail through which 
decisions can subsequently be reconstructed (Md. Abdur & Iftekhar, 2021; Shima Ali et al., 2025). 
Reconfigurability and the capacity to act 
A recommendation is inert without the latitude to execute it, and a distinct literature addresses that 
latitude. Work on supply chain flexibility has distinguished sourcing flexibility, the availability of 
qualified alternative suppliers, capacity flexibility, the ability to shift volume across internal and 
contract manufacturing sites, logistics flexibility, the availability of alternative modes and routes, and 
product flexibility, the ability to substitute components or specifications (Sodhi et al., 2012; 
Kamalahmadi & Parast, 2016). Empirical studies of disruption response have consistently found these 
flexibilities among the strongest predictors of recovery speed (Blackhurst et al., 2011; Belhadi et al., 
2021). 
The critical observation for this study is that reconfigurability is largely established before a disruption 
occurs, through dual-sourcing decisions, supplier qualification programmes, contractual flexibility 
clauses, and network design, and cannot be created during one (Md Mostafizur et al., 2025; Md Syeedur 
& Sharmin, 2025). Qualification lead times for regulated components are measured in months, and a 
contractual minimum-volume commitment cannot be renegotiated in the days available during a 
shortage. Analytic capability and reconfigurability are therefore complements with an asymmetric time 
structure: the analytics can be improved incrementally and continuously, whereas the latitude on 
which it depends must be provisioned in advance (Pettit et al., 2013; Wieland & Durach, 2021). 

https://doi.org/10.1287/mnsc.2018.3253
https://doi.org/10.1016/j.ijinfomgt.2019.04.003
https://doi.org/10.1016/j.tre.2020.101922
https://doi.org/10.1016/j.ijpe.2023.108938
https://doi.org/10.1016/j.tre.2019.03.001
https://doi.org/10.1080/09537287.2020.1768450
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1145/3236009
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1016/j.jbusres.2016.08.007
https://doi.org/10.1016/j.future.2019.07.059
https://doi.org/10.1108/IJLM-02-2021-0094
https://doi.org/10.1111/j.1937-5956.2011.01251.x
https://doi.org/10.1016/j.ijpe.2015.10.023
https://doi.org/10.1111/j.2158-1592.2011.01032.x
https://doi.org/10.1016/j.techfore.2020.120447
https://doi.org/10.1016/j.techfore.2020.120447
https://doi.org/10.1111/jbl.12009
https://doi.org/10.1111/jbl.12271


American Journal of Data Science and Analytics, January 2026, 194-220 
 

202 
 

 
This literature grounds the supply chain reconfigurability and response capability construct and 
explains why the framework treats it as a distinct contributor rather than folding it into the prescriptive 
construct. An organisation may hold an excellent optimiser and a rigid network, in which case its 
recommendations will be technically optimal and operationally infeasible (Md Arif Uz et al., 2025). 
Analytics capability and operational performance 
A substantial body of empirical work has examined the association between analytics capability and 
performance. Studies grounded in the resource-based view have found positive associations between 
big data analytics capability and firm performance, frequently mediated by process-oriented dynamic 
capabilities (Wamba et al., 2017; Mikalef et al., 2018). Supply-chain-specific studies have found 
analogous associations with supply chain and organisational performance (Gunasekaran et al., 2017; 
Fosso Wamba et al., 2020), and with supply chain agility and resilience, with organisational flexibility 
and culture identified as complements (Dubey et al., 2019; Dubey et al., 2021). 
Two features of this evidence base motivate the present study. First, it has generally treated analytics 
as an undifferentiated capability, without distinguishing predictive from prescriptive maturity, so that 
a firm with sophisticated forecasting and no decision automation is scored similarly to one with both. 
Second, where mediation has been tested it has typically been through broad constructs such as agility 
or dynamic capability, rather than through a specific operational mechanism (Muhammad Zahidul, 
2025; Mukut Kanti, 2025). This study responds by isolating prescriptive capability as a distinct construct 
and by specifying disruption management effectiveness, a concrete and measurable operational 
capability, as the mediating mechanism (Grover et al., 2018; Karaboga et al., 2023). This literature 
grounds the outcome structure of the framework and the fifth research question. It establishes both the 
expectation of a positive analytics–performance association and the requirement that the mechanism 
be specified rather than assumed (Sharif Md Yousuf et al., 2025; Shima Ali et al., 2025). 
Research gaps and the contribution of the present study 
Read together, these streams leave four gaps that the present study addresses. First, the resilience and 
analytics literatures have developed largely in parallel: the former specifies capabilities without the 
analytic mechanism that enacts them, the latter specifies capability without the operational process 
through which it acts. Second, the analytics-performance literature has not systematically distinguished 
prescriptive from predictive maturity, despite a strong theoretical reason to expect the distinction to 
matter, since only the former closes the gap between forecast and action. Third, the disruption literature 
evaluates response predominantly through recovery outcomes and only rarely through detection lead 
time, notwithstanding the ripple-effect finding that latency drives propagation. Fourth, the governance 
of the human–AI boundary in prescriptive supply chain decision-making has been identified as an 
adoption barrier but seldom operationalised as a measurable construct or tested as a determinant of 
outcomes. 
The present study addresses these gaps by proposing an integrated framework in which prescriptive 
capability and its governance are distinct constructs, by measuring it against practitioner assessment 
across five industries and four analytics maturity tiers, by evaluating a simulation in which detection 
lead time and recovery trajectory are primary outcomes, and by testing the mediating path from 
analytic capability through disruption management to operational performance (Muhammad Zahidul, 
2024; Md Mostafizur, 2025). 
Synthesis: the disruption management framework and hypotheses 
Synthesising the eleven streams yields the framework this study tests. The framework holds that 
disruption management effectiveness, the capacity to detect a disruption early, respond to it optimally, 
and recover quickly, is jointly determined by five constructs: data foundation and real-time visibility; 
predictive disruption sensing and risk forecasting; prescriptive decision automation and optimisation; 
human–AI decision governance and explainability; and supply chain reconfigurability and response 
capability. A deficiency in any one undermines the whole: without a sound data foundation the system 
observes the wrong network state, without predictive sensing it observes the state too late, without 
prescriptive capability it cannot convert observation into action, without governance its 
recommendations are neither trusted nor auditable, and without reconfigurability its recommendations 
cannot be executed. The framework further holds that these capabilities affect operational performance 
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not directly but through disruption management effectiveness, consistent with the dynamic-
capabilities account of how analytic resources reach operational outcomes. 
From the framework, eight hypotheses are derived. H1: Data foundation and real-time visibility is 
positively associated with disruption management effectiveness. H2: Predictive disruption sensing and 
risk forecasting is positively associated with disruption management effectiveness. H3: Prescriptive 
decision automation and optimisation is positively associated with disruption management 
effectiveness. H4: Human–AI decision governance and explainability is positively associated with 
disruption management effectiveness. H5: Supply chain reconfigurability and response capability is 
positively associated with disruption management effectiveness. H6: The five constructs jointly explain 
a significant proportion of the variance in disruption management effectiveness. H7: Disruption 
management effectiveness is positively associated with operational performance. H8: Disruption 
management effectiveness mediates the relationship between prescriptive decision automation and 
optimisation and operational performance. These hypotheses are tested in the analysis, alongside a 
simulation evaluation of how disruption categories differ in manageability and how analytics maturity 
tiers compare, to address the five research questions. 
METHODS 
This study adopted a quantitative, cross-sectional research design supplemented by a simulation-based 
evaluation. The quantitative design was selected because the study measured relationships among five 
contributing constructs, a mediating outcome, and a distal outcome through numerical survey 
responses, and the cross-sectional design was used because data were collected at a single point in time, 
capturing practitioners’ assessments of the analytic, governance, and network capabilities present in 
their organisations. The simulation evaluation complemented the survey by modelling disruption 
onset, propagation, detection, and response under reactive and prescriptive regimes, providing a 
mechanism-level counterpart to the perceptual measures. The unit of analysis was the individual 
respondent, understood as an informed practitioner engaged in the planning, sourcing, execution, or 
analytic support of supply chain operations. 
The population comprised supply chain directors and vice-presidents, sales and operations planning 
managers, procurement and sourcing managers, logistics and distribution managers, and analytics and 
data science leads across manufacturing, retail and consumer packaged goods, pharmaceutical and 
healthcare, electronics and high technology, and logistics service organisations. A purposive sampling 
strategy was used because respondents were selected for their direct involvement in disruption 
detection and response. Primary data were collected through a structured questionnaire using a five-
point Likert scale (1 = strongly disagree to 5 = strongly agree), distributed through online forms and 
professional networks. The instrument included multi-item measures for each of the five constructs, 
for disruption management effectiveness, and for operational performance, demographic and 
analytics-maturity items, and rating items on disruption manageability, maturity-tier effectiveness, and 
reactive-regime risk that fed the analyses addressing the research questions. 
A pilot test was conducted with practitioners and academics to check clarity and terminological 
precision, and feedback was used to refine wording and to distinguish predictive from prescriptive 
items unambiguously, since conflation of the two was the principal risk to construct validity. Validity 
was ensured through literature-based item development, expert review, and alignment among the 
framework, hypotheses, and items, with convergent validity assessed against the average-variance-
extracted criterion and discriminant validity against the square-root-of-AVE comparison (Fornell & 
Larcker, 1981; Hair et al., 2019). Reliability was tested through Cronbach’s alpha with a .70 threshold. 
Because all measures were self-reported from a single source, procedural remedies against common-
method variance were applied, including item separation, psychological separation of predictor and 
criterion sections, response anonymity, and reverse-worded items, and Harman’s single-factor test was 
conducted post hoc (Podsakoff et al., 2003). Analysis was conducted in SPSS and Python, the latter 
using the pandas, NumPy, SciPy, scikit-learn, and SimPy libraries for data preparation, statistical 
testing, bootstrapping, and discrete-event simulation (Harris et al., 2020; Virtanen et al., 2020). Ethical 
considerations were observed: participation was voluntary, informed consent was obtained, responses 
were anonymised, and no commercially sensitive supplier, pricing, or volume data were collected. 
Formalising disruption dynamics and prescriptive decision-making 
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A supply network is represented as a directed graph in which nodes are facilities and suppliers and 
arcs are flows, with the network state at time t comprising inventory, capacity, in-transit quantity, and 
open demand, as defined in Equation (1): 

Sₜ = { ( Iᵢ,ₜ , Kᵢ,ₜ , Tᵢⱼ,ₜ , Dᵢ,ₜ ) : i, j ∈ N } (1) 

A disruption is an exogenous event that reduces the feasible capacity or supply at one or more nodes 
for a finite duration, as expressed in Equation (2), where δ is the severity of the reduction and τ its 
duration: 

e = ( i , t₀ , δ , τ ) ,   Kᵢ,ₜ′ = ( 1 − δ ) · Kᵢ,ₜ   for t₀ ≤ t ≤ t₀ + τ (2) 

The predictive layer estimates the probability of a disruption at each node over a forward horizon h, 
conditional on observed features x, as in Equation (3): 

pᵢ,ₜ = P( eᵢ occurs in [ t , t + h ] | xᵢ,ₜ ) (3) 

Detection lead time, the central timing variable of the study, is the signed interval between the time at 
which a disruption is recognised by the organisation and the time at which it materially affects 
operations, as in Equation (4), where positive values denote anticipation: 

L = t[impact] − t[detect] (4) 

Predictive performance is measured by precision, recall, and their harmonic mean, defined in Equations 
(5) to (7), where TP, FP, and FN denote true positives, false positives, and false negatives over the alert 
set: 

Precision = TP / ( TP + FP ) (5) 

Recall = TP / ( TP + FN ) (6) 

F1 = 2 · ( Precision · Recall ) / ( Precision + Recall ) (7) 

The prescriptive layer selects a response action a from the feasible set A, minimising expected cost over 
the conditional distribution of the uncertain quantities, in the general form given in Equation (8), where 
w denotes data-driven weights over historical observations conditioned on the current covariates: 

a* = argmin over a ∈ A of Σ(k=1 to n) wₖ( xₜ ) · C( a , ξₖ ) (8) 

The cost function aggregates the operational consequences of the action, including expediting, 
alternative-sourcing premium, holding cost, and the penalty attaching to unmet demand, as in 
Equation (9): 

C( a , ξ ) = c[exp] · q[exp] + c[alt] · q[alt] + c[hold] · I + π · U( a , ξ ) (9) 

Actions are constrained by capacity, contractual commitment, and qualification status, so that the 
feasible set is defined as in Equation (10): 

A = { a : qⱼ(a) ≤ Kⱼ ∀ j ,  qⱼ(a) ≥ mⱼ ∀ j ∈ M ,  aⱼ = 0 ∀ j ∉ Q } (10) 

Ripple propagation is captured by the expected number of downstream nodes whose performance falls 
below threshold, which grows with the delay before countermeasures are applied, as expressed in 
Equation (11): 

R( Δ ) = E [ | { j ∈ N : Pⱼ < P[min] } | ]  ,   ∂R / ∂Δ > 0 (11) 

Recovery is characterised by the depth of the performance trough and the time required to return to 
the pre-disruption level, defined in Equations (12) and (13): 

Depth = max over t of ( P₀ − Pₜ ) / P₀ (12) 

TTR = inf { s > t₀ : Pₛ ≥ ( 1 − ε ) · P₀ } − t₀ (13) 

Disruption management effectiveness, the proximal outcome, is operationalised perceptually through 
survey items and, in the simulation, as a weighted composite of anticipation, response optimality, 
trough depth, and recovery speed, as in Equation (14): 

DME = w₁ · σ( L ) + w₂ · F1 + w₃ · ( 1 − Depth ) + w₄ · ( 1 − TTR / TTR[max] ) (14) 
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Statistical models and simulation design 
The principal hypothesis test used ordinary least squares multiple regression of disruption 
management effectiveness on the five constructs, with DFRV denoting data foundation and real-time 
visibility, PDRF predictive disruption sensing and risk forecasting, PDAO prescriptive decision 
automation and optimisation, HAGE human–AI decision governance and explainability, and SCRC 
supply chain reconfigurability and response capability, as specified in Equation (15): 

DMEᵢ = β₀ + β₁ DFRVᵢ + β₂ PDRFᵢ + β₃ PDAOᵢ + β₄ HAGEᵢ + β₅ SCRCᵢ + εᵢ (15) 

The mediation hypothesis was tested through the paths specified in Equations (16) and (17), with the 
indirect effect estimated as the product a · b and its confidence interval obtained by bias-corrected 
bootstrapping with 5,000 resamples: 

DMEᵢ = α₀ + a · PDAOᵢ + uᵢ (16) 

OPPᵢ = γ₀ + c′ · PDAOᵢ + b · DMEᵢ + vᵢ ,   indirect = a · b (17) 

Model significance was assessed through the F-statistic, explanatory power through R-squared and 
adjusted R-squared, residual independence through the Durbin–Watson statistic, and multicollinearity 
through the variance inflation factor, all confirmed within conventional bounds. The simulation 
modelled a four-tier network with stochastic demand, lead times, and disruption arrivals across the 
five disruption categories, applying each analytics maturity tier to the detection and response problem 
and recording detection lead time, response optimality relative to a full-information benchmark, trough 
depth, and time-to-recover. Recommendations produced by the prescriptive configuration were 
accompanied by feature-attribution explanations so that the simulated review gate could be modelled 
as a function of explanation quality rather than as unconditional acceptance (Ribeiro et al., 2016; 
Lundberg & Lee, 2017; Rudin, 2019). 
RESULTS 
Sample and descriptive statistics 
Table 1: Respondent profile and response rate 
Variable Category Frequency Percentage 
Questionnaires Distributed 341 100.0% 
Questionnaires Returned 302 88.6% 
Questionnaires Valid and retained 277 81.2% 
Role S&OP / demand-supply planning 

manager 
71 25.6% 

Role Procurement / sourcing manager 58 20.9% 
Role Logistics / distribution manager 54 19.5% 
Role Supply chain director / vice-

president 
47 17.0% 

Role Analytics / data science lead 47 17.0% 
Industry Manufacturing / industrial 89 32.1% 
Industry Retail / consumer packaged goods 66 23.8% 
Industry Pharmaceutical / healthcare 45 16.3% 
Industry Electronics / high technology 42 15.2% 
Industry Logistics / third-party providers 35 12.6% 
Analytics maturity Predictive forecasting 88 31.8% 
Analytics maturity Diagnostic analysis 71 25.6% 
Analytics maturity Descriptive reporting only 62 22.4% 
Analytics maturity Prescriptive / autonomous 56 20.2% 
Experience 5–10 years 118 42.6% 
Experience More than 10 years 102 36.8% 
Experience Under 5 years 57 20.6% 

 
Table 1 shows an 81.2% valid response rate, with 277 usable responses. The sample spanned the roles 
involved in detecting and responding to disruption, from the planners who hold the balancing decision 
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(25.6%), through procurement (20.9%) and logistics (19.5%), to the directors accountable for the 
outcome (17.0%) and the analytics leads who build the systems (17.0%). The industry distribution 
across manufacturing (32.1%), retail and consumer goods (23.8%), pharmaceuticals (16.3%), electronics 
(15.2%), and logistics providers (12.6%) covers sectors whose disruption profiles differ substantially in 
regulatory constraint, product perishability, and network depth. The analytics maturity distribution is 
the most consequential feature of the sample: only 20.2% of respondents placed their organisation at 
the prescriptive or autonomous tier, while 48.0% remained at descriptive or diagnostic capability, 
which establishes that prescriptive analytics remains a minority practice among organisations that have 
nonetheless invested substantially in data infrastructure. In total, 79.4% of respondents had five or more 
years of experience. 

Table 2: Descriptive statistics and reliability of study constructs (N = 277) 
Construct Mean SD Cronbach’s α 
Prescriptive decision automation & 
optimisation (PDAO) 

4.28 0.57 .91 

Data foundation & real-time visibility 
(DFRV) 

4.21 0.60 .89 

Predictive disruption sensing & risk 
forecasting (PDRF) 

4.14 0.63 .88 

Supply chain reconfigurability & response 
capability (SCRC) 

4.06 0.65 .87 

Human–AI decision governance & 
explainability (HAGE) 

3.99 0.69 .86 

Disruption management effectiveness 
(mediator, DME) 

3.88 0.74 .92 

Operational performance (outcome, OPP) 3.81 0.78 .90 
Overall instrument — — .95 

 
Table 2 presents the descriptive statistics and reliability. All constructs exceeded the neutral midpoint 
and all Cronbach’s alpha values exceeded .70, ranging from .86 to .92 with overall reliability of .95. 
Average variance extracted exceeded .50 for every construct and the square root of AVE exceeded all 
inter-construct correlations, satisfying the convergent and discriminant validity criteria (Fornell & 
Larcker, 1981). Harman’s single-factor test yielded a first factor accounting for 31.4% of variance, below 
the 50% threshold, indicating that common-method bias is unlikely to account for the observed 
relationships (Podsakoff et al., 2003). The ordering of the means is diagnostically informative and is 
examined below. 
RQ1: How AI-driven prescriptive analytics affects disruption management performance 
Prescriptive decision automation (4.28) and data foundation and real-time visibility (4.21) recorded the 
highest means, indicating that practitioners regard decision automation resting on a sound data 
foundation as the core of modern disruption management. Disruption management effectiveness (3.88) 
and operational performance (3.81) recorded the lowest means and the widest dispersions (SD = 0.74 
and 0.78), a revealing pattern: practitioners rate their realised disruption outcomes lower than any of 
the contributing capabilities, and the wide spread indicates that realised effectiveness varies 
substantially across organisations holding nominally similar capability. This gap between capability 
and outcome foreshadows the study’s central finding, that possessing analytic capability is not the 
same as managing disruption well, which depends on the conversion of capability into governed and 
executable decisions. Figure 3 presents the simulation evidence for the first research question and 
shows the mechanism of the improvement directly.  
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Figure 3: Disruption Response Trajectory and Cost Decomposition: Prescriptive Versus Reactive 

Management 

 
 
Under reactive management the performance index falls steeply after onset, reaching a trough 
approximately 30% below baseline around day twelve, and recovers slowly thereafter, returning to 
baseline near day thirty-eight. Under prescriptive management the decline is arrested early, the trough 
is limited to roughly 13% below baseline and reached by day five, and recovery to baseline is complete 
by day nineteen. Three distinct improvements are visible in a single trajectory: the disruption is 
detected and acted upon earlier, the depth of the operational loss is less than half as great, and time-to-
recover is approximately halved. The shaded area between the curves represents the cumulative 
performance loss avoided. The right panel converts that area into cost, decomposing the total 
disruption cost into lost sales and service penalties, expediting and premium freight, excess inventory 
holding, and recovery labour: prescriptive management incurs 39 index points against the reactive 
regime’s 100, avoiding 61% of the total cost, and the reduction is proportionally largest in the lost-sales 
component, which is the element most sensitive to how quickly the response begins. 
 

Figure 4: Shift in Disruption Detection-to-Response Stage Under Prescriptive Management 
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Figure 4 makes the operational consequence concrete by decomposing the stage at which disruptions 
are first acted upon under each regime. Under reactive management the distribution is weighted 
toward the later stages, with 53% of disruptions first addressed only after impact had been confirmed 
or escalation had begun, and a further 22% addressed only during recovery; under prescriptive 
management 62% are first acted upon at the pre-onset weak-signal or onset-detection stage, before 
impact has materialised. Each pair of markers is joined to show the movement, and the point shifts are 
annotated at the right: the pre-onset and onset stages gain 23 and 19 percentage points respectively, 
while the three post-impact stages lose 7, 19, and 16. The shaded bands mark the operationally decisive 
boundary: above it a response can still pre-empt the impact, so that the disruption is absorbed rather 
than experienced, while below it the response is damage limitation, and its best achievable outcome is 
a smaller loss rather than no loss. This redistribution is the practical face of the curve separation in 
Figure 3, and it clarifies the mechanism through which prescriptive analytics acts. The improvement 
does not come from responding better to disruptions that have already struck, where the scope for 
improvement is bounded by the physical constraints of the network, but from responding at all to 
disruptions that under a reactive regime would not yet have been visible. 
RQ2: Which disruption categories are most effectively managed 
 

Figure 5: Response Effectiveness by Disruption Category Across Performance Metrics 
 

 
 
Figure 5 addresses the second research question by mapping the effectiveness of prescriptive 
management for each disruption category across the principal performance metrics. Each row plots the 
five metric scores for one category, with the connecting bar showing the spread between the weakest 
and strongest metric and the category mean reported at the right. Demand volatility shocks (mean 0.89) 
and supplier delivery failures (0.84) sit furthest right and cluster tightly, transportation and logistics 
disruptions follow at 0.81, capacity and production outages fall to 0.74, and geopolitical and regulatory 
shocks drop to 0.56, the only category falling entirely below the practical usability threshold. The 
spread within each row is also informative: the tight clustering in the upper rows indicates uniformly 
usable performance, whereas the wide spread in the bottom row shows that even the best metric for 
geopolitical shocks barely reaches the level of the worst metric for capacity outages. The pattern is 
theoretically coherent and follows directly from the taxonomy in Figure 2. Demand volatility is 
managed best because it is the category with the richest historical record and the most stable statistical 
structure: seasonality, promotional response, and price elasticity recur, so that a learned model has a 
genuine base rate to exploit. Supplier delivery failure follows closely because it is typically preceded 
by observable deterioration in delivery reliability, quality metrics, and financial indicators, giving the 
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predictive layer a leading signal. Transportation disruption is intermediate, well served by external 
feeds on port congestion and weather but subject to abrupt carrier-side changes that no external signal 
anticipates. Capacity and production outages trail because equipment failure is only partially 
predictable from condition data and because the response space is narrower, since alternative capacity 
must be qualified in advance to be usable. Geopolitical and regulatory shocks perform poorly on every 
metric and worst on prediction accuracy (0.49), which is close to uninformative, because these events 
are genuinely low-frequency and structurally novel, so that the historical record contains too few 
analogous instances to support learning. The dot plot thus answers the second research question with 
more resolution than an aggregate figure: prescriptive analytics is most effective where a base rate 
exists and a response space is pre-provisioned, and least effective where the event is unprecedented, 
which is the boundary that determines where scenario planning and strategic redundancy must 
substitute for analytics. 
 
RQ3: Which analytics maturity tiers are most effective 
 

Figure 6: Analytics Maturity Tiers Compared Across Five Decision Criteria 
 

 
 
Figure 6 addresses the third research question by profiling the five analytics maturity tiers across five 
decision criteria rather than on a single effectiveness score, which reveals trade-offs that a linear 
maturity model conceals. The single most informative feature of the plot is the crossing point between 
response speed and cost efficiency, where every line changes rank: the tiers that lead on the three 
operationally decisive criteria to the left are precisely those that trail on the two adoption-cost criteria 
to the right, and vice versa. Descriptive reporting runs along the bottom of the left region, negligible on 
detection lead time (1.6), decision quality (2.2), and response speed (1.9), then rises to the top of the 
right region, scoring highest of all tiers on cost efficiency (4.6) and interpretability (4.8), since a 
dashboard is cheap to build and transparent by construction. Diagnostic analysis tracks it closely 
without changing its character. Predictive forecasting is the flattest line in the plot, hovering near 3.4 to 
3.9 across all five criteria, which is the graphical signature of its structural limitation: it improves what 
the organisation knows without improving what the organisation does, so it neither excels nor fails 
anywhere. Prescriptive optimisation runs highest across the three decisive criteria, with detection lead 
time, decision quality, and response speed all at or above 4.4, before falling to 2.9 on both cost criteria. 
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Autonomous execution runs above it on response speed (4.9), the highest value recorded anywhere in 
the plot, but drops to the lowest interpretability in the set (2.1) and dips slightly below the prescriptive 
tier on decision quality, reflecting the loss of human correction on edge cases outside the model’s 
encoded constraint set. The crossing pattern answers the third research question with nuance: the 
operationally decisive transition is from predictive to prescriptive, not from descriptive to predictive, 
because it is at that boundary that analytic output begins to change what the organisation does rather 
than only what it knows. The further transition to autonomous execution buys speed at an 
interpretability cost that the governance findings below suggest is not universally worth paying. 
 
RQ4: Risks of reactive, judgement-based disruption management 
 

Figure 7: Risk Map of Reactive, Judgement-Based Disruption Management 
 

 
 
Figure 7 addresses the fourth research question by mapping the risks of reactive management against 
both their reported frequency and their mean severity, so that exposure rather than severity alone 
determines position. The most severe risks were late detection of upstream supplier failure (4.44), 
cascading ripple effects across supply tiers (4.36), and expediting and premium freight cost escalation 
(4.29), followed by inconsistent, judgement-based response decisions (4.20), lost service levels and 
customer attrition (4.12), and excess safety stock held as blanket insurance (3.94). Plotting severity 
against frequency separates these into distinct management problems. Three risks fall in the critical 
quadrant, being both frequent and severe, and inconsistent judgement-based decision-making records 
the highest exposure of all (18.9) despite ranking only fourth on severity, because it occurs almost 
continually. Conversely, cascading ripple effects rank second on severity but record the lowest 
exposure in the set (14.0), because they are comparatively rare; they are a tail risk rather than a running 
cost. The map is instructive in two further respects. First, the two most severe risks are the two that 
compound: late detection is what permits propagation, and propagation is what converts a single-node 
problem into a network-wide one, so the top of the ranking describes a causal sequence rather than a 
list of independent hazards, consistent with the ripple-effect literature (Dolgui et al., 2018; Ivanov et al., 
2019). Second, the presence of inconsistent judgement-based decision-making among the high-severity 
risks identifies a cost that reactive regimes rarely account for: because responses are improvised under 
time pressure by whichever manager is available, identical situations receive materially different 
treatment, and the organisation cannot learn from its own responses because it cannot reconstruct why 
they were taken. The single sub-threshold risk on severity, excess safety stock (3.94), nonetheless carries 
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the second-highest exposure (18.0) because it is near-continual, and it is the one that reactive 
organisations most readily recognise and address, precisely because it appears on the balance sheet, 
whereas the more severe risks above it appears only as an elevated run-rate of expediting and service 
failure that is absorbed into normal operating cost. 
 
Correlation and regression across the framework 
 

Figure 8: Descriptive Means of Study Constructs with Standard Deviations 
 

 
 
Figure 8 displays the construct means. The analytic and data capabilities stand highest, the governance 
and reconfigurability constructs are lower, and the two outcome constructs stand lowest and most 
variable, their widest ±1 SD ranges giving graphical evidence that realised disruption management and 
operational performance lag the capabilities that contribute to them. The ordering carries a diagnostic 
message: human–AI governance (3.99) is the lowest-rated of the five contributing constructs, indicating 
that organisations have built analytic capability faster than they have built the decision structures 
through which it operates. 

Figure 9: Pearson Correlation Matrix Among Study Variables 
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Note. N = 277. All reported correlations significant at p < .001 (two-tailed). 
Figure 9 presents the correlation structure. Every construct is significantly and positively associated 
with disruption management effectiveness, with the strongest association for prescriptive decision 
automation (r = .72), followed by data foundation and real-time visibility (r = .68), predictive disruption 
sensing (r = .66), reconfigurability (r = .63), and human–AI governance (r = .60). Disruption 
management effectiveness in turn correlates .68 with operational performance, and each contributing 
construct correlates more strongly with disruption management than with operational performance, a 
pattern consistent with the mediated structure the framework proposes and tested formally below. 
Inter-construct correlations range from .47 to .65, indicating related but distinct facets of a coherent 
capability rather than a single undifferentiated maturity factor. 
Table 3: Hierarchical regression predicting disruption management effectiveness and operational 

performance (N = 277) 
Predictor B SE β t p  

Model 1: DV = disruption management 
effectiveness (DME) 

      

(Constant) 0.298 0.171 — 1.743 .083  
Prescriptive decision automation 
(PDAO) 

0.294 0.053 0.32 5.547 <.001  

Data foundation & real-time visibility 
(DFRV) 

0.239 0.054 0.26 4.426 <.001  

Predictive disruption sensing (PDRF) 0.186 0.054 0.20 3.444 <.001  
Reconfigurability & response capability 
(SCRC) 

0.145 0.053 0.16 2.736 .007  

Human–AI governance & explainability 
(HAGE) 

0.110 0.051 0.12 2.157 .032  

Model 2: DV = operational performance 
(OPP) 

      

(Constant) 0.411 0.192 — 2.141 .033  
Disruption management effectiveness 
(DME) 

0.512 0.061 0.49 8.393 <.001  

Prescriptive decision automation 
(PDAO) 

0.221 0.062 0.21 3.565 <.001  

Note. Model 1: R² = .582; Adjusted R² = .574; F(5, 271) = 75.42, p < .001; Durbin–Watson = 1.97; all VIF < 2.6. Model 2: R² = .417; 
Adjusted R² = .413; F(2, 274) = 98.03, p < .001. 

 
Table 3 presents the hierarchical regression. Model 1 was significant, F(5, 271) = 75.42, p < .001, with R² 
= .582, indicating that the five constructs jointly explain 58.2% of the variance in disruption 
management effectiveness and confirming H6. All five constructs made significant positive 
contributions, supporting H1 through H5. Prescriptive decision automation (β = .32) and data 
foundation and real-time visibility (β = .26) were the strongest predictors, followed by predictive 
disruption sensing (β = .20), reconfigurability (β = .16), and human–AI governance (β = .12). Model 2 
was likewise significant, F(2, 274) = 98.03, p < .001, R² = .417, with disruption management effectiveness 
the dominant predictor of operational performance (β = .49), supporting H7, alongside a smaller but 
significant direct contribution from prescriptive decision automation (β = .21). The relative magnitudes 
across the two models are theoretically important: prescriptive capability is the strongest driver of 
disruption management, but disruption management is a far stronger driver of operational 
performance than prescriptive capability is directly, which is the pattern a mediated structure predicts. 
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Figure 10: Standardized Beta Coefficients Predicting Disruption Management Effectiveness 
 

 
 
Figure 10 ranks the contributing constructs by standardised coefficient. The ordering repays attention. 
That prescriptive capability leads confirms the study’s central proposition, but the second position of 
the data foundation is equally consequential, because it indicates that the marginal value of analytic 
sophistication is bounded by the quality of the network state on which it operates, consistent with the 
data-quality literature (Janssen et al., 2017). The relatively modest coefficient on predictive sensing (β 
= .20), despite its high bivariate correlation (r = .66), is the most theoretically interesting result in the 
table: it indicates that much of the apparent contribution of predictive capability operates through its 
association with prescriptive capability rather than independently of it, which is precisely the argument 
that forecasting without a decision pathway generates limited operational value. The smallest 
coefficient, on human–AI governance (β = .12), should not be read as unimportance; governance was 
also the lowest-rated construct, and its restricted range in a sample where few organisations have 
mature decision governance attenuates the coefficient it can attain. 
RQ5: Mediation of analytics capability through disruption management 
 

Figure 11: Mediation of Prescriptive Analytics on Operational Performance Through Disruption 
Management Effectiveness 

 

 
Note. N = 277. Standardized coefficients; bias-corrected bootstrap with 5,000 resamples. 
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Figure 11 addresses the fifth research question through the mediation analysis. Prescriptive decision 
automation was strongly associated with disruption management effectiveness (a = .62, p < .001), which 
in turn predicted operational performance controlling for prescriptive capability (b = .49, p < .001). The 
direct effect of prescriptive capability on operational performance remained significant but 
substantially smaller (c′ = .21, p < .001) relative to the total effect (c = .51, p < .001). The indirect effect 
of .30 had a bias-corrected bootstrap 95% confidence interval of [.212, .401], which excludes zero and 
therefore supports H8, and it accounts for 59.1% of the total effect, indicating partial mediation. The 
substantive interpretation is that the majority of the operational benefit of prescriptive analytics is 
realised through improved disruption management rather than through any parallel channel, which is 
consistent with the dynamic-capabilities account that analytic resources reach performance through the 
operational processes they reconfigure (Teece et al., 1997; Wamba et al., 2017). The persistence of a 
significant direct effect indicates that prescriptive capability also contributes through routine 
optimisation of undisrupted operations, in inventory positioning, replenishment, and transportation 
planning, which the disruption-focused mediator does not capture. 
DISCUSSION 
The findings support the framework and, taken together, answer the five research questions. This 
section synthesises the evidence and draws out its theoretical and practical implications. 
Synthesis across the research questions 
The five research questions resolve into a coherent account. AI-driven prescriptive analytics improves 
disruption management principally by moving the point of first response upstream of impact, and the 
simulation showed that this single change produces three compounding benefits: a shallower 
performance trough, a shorter recovery, and a smaller propagated footprint, because the ripple has less 
time to spread before countermeasures apply (RQ1). Demand volatility and supplier delivery failure 
are the most effectively managed categories because they possess stable statistical structure and leading 
indicators, while geopolitical and regulatory shocks resist prediction because they are structurally 
novel, so that analytics must be complemented rather than substituted for by scenario planning and 
provisioned redundancy at that end of the taxonomy (RQ2). The decisive transition in the maturity 
progression is from predictive to prescriptive, not from descriptive to predictive, because it is at that 
boundary that analytic output begins to change organisational action rather than only organisational 
knowledge; the further transition to autonomous execution buys speed at a cost in interpretability and 
edge-case decision quality (RQ3). The risks of reactive management are led by a causal sequence, late 
detection permitting propagation, rather than by independent hazards, and include a cost that reactive 
organisations rarely recognise, namely the inconsistency and irreproducibility of improvised response 
decisions (RQ4). And disruption management effectiveness carries the majority of the operational 
benefit of prescriptive analytics, mediating 59.1% of its total effect on operational performance (RQ5). 
The unifying insight is that the operational value of artificial intelligence in supply chains is realised at 
the point where prediction becomes decision. An organisation that invests in forecasting without 
building the prescriptive layer, the decision governance, and the network latitude to act on what it 
forecasts has purchased better information about outcomes it will continue to experience. This is the 
specific sense in which the study qualifies the general finding that analytics capability improves 
performance: the association holds, but it is carried by a particular kind of capability operating through 
a particular operational mechanism, and firms that stop short of that capability capture only a fraction 
of the available benefit. 
Theoretical implications 
Theoretically, the study makes three contributions. First, it integrates the supply chain resilience and 
business analytics literatures, which have developed in parallel, by specifying the analytic mechanism 
through which resilience capability is enacted and the operational process through which analytic 
capability reaches performance (Hosseini et al., 2019; Wamba et al., 2017). Second, it disaggregates 
analytics capability into predictive and prescriptive components and demonstrates empirically that the 
distinction matters: the regression showed predictive sensing contributing far less independently than 
its bivariate correlation suggests, which supports the theoretical claim that the predictive-prescriptive 
boundary is where operational value is created rather than a matter of degree along a single maturity 
dimension (Lepenioti et al., 2020; Bertsimas & Kallus, 2020). Third, it establishes disruption 
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management effectiveness as a mediating operational capability, which gives the dynamic-capabilities 
account of analytics a concrete and measurable mechanism rather than a general appeal to process 
reconfiguration (Teece et al., 1997; Mikalef et al., 2018). 
Practical implications 
Practically, the findings carry several implications that cut against common investment patterns. The 
prominence of the data foundation among the predictors indicates that organisations investing in 
advanced models before resolving master-data reconciliation and multi-tier visibility are sequencing 
their investment incorrectly, since the model will operate confidently on a network state that is wrong. 
The modest independent contribution of predictive sensing indicates that forecasting projects should 
be scoped from the outset with the decision they will inform, rather than delivered as standalone 
capability in the expectation that decisions will adapt around them. The finding that reconfigurability 
contributes significantly and independently indicates that analytic investment and network 
provisioning, dual sourcing, supplier qualification, and contractual flexibility must be planned jointly, 
because their time structures differ: analytics improves continuously, whereas latitude must be 
provisioned before it is needed. And the low rating of human–AI governance relative to the analytic 
constructs identifies the most immediately addressable gap in the sample, since decision rights, review 
thresholds, explanation standards, and audit trails require organisational rather than technical 
investment and can be established more quickly than either analytic capability or network flexibility. 
CONCLUSION 
This study set out to characterise how AI-driven prescriptive analytics affects supply chain disruption 
management and, through it, operational performance. It proposed that disruption management 
effectiveness is jointly determined by five constructs, data foundation and real-time visibility, 
predictive disruption sensing and risk forecasting, prescriptive decision automation and optimisation, 
human–AI decision governance and explainability, and supply chain reconfigurability and response 
capability, and that these capabilities reach operational performance principally through disruption 
management rather than directly. It tested this framework against 277 practitioners across five 
industries and four analytics maturity tiers, supplemented by a simulation of disruption onset, 
detection, response, and recovery. 
The empirical results supported the framework. All five constructs were significantly and positively 
associated with disruption management effectiveness, the model explained 58.2% of the variance, 
disruption management in turn predicted operational performance, and the mediation analysis showed 
that 59.1% of the total effect of prescriptive analytics on performance was carried through disruption 
management. Prescriptive decision automation and the data foundation were the strongest predictors. 
The simulation showed that prescriptive management shifted 62% of disruptions into the pre-impact 
response window, limited the performance trough to less than half its reactive depth, and 
approximately halved time-to-recover. Demand volatility and supplier delivery failure emerged as the 
most manageable categories and geopolitical shocks as the least, and the predictive-to-prescriptive 
transition emerged as the decisive step in the maturity progression. 
The central conclusion is that supply chain disruption management cannot be improved by better 
forecasting alone, because a forecast that is not converted into a decision leaves the organisation better 
informed about an outcome it will still experience. It requires instead that prediction be carried through 
into a prescriptive layer that computes feasible, costed responses against the constraints under which 
the network actually operates, a governance layer that makes those responses reviewable, explainable, 
and auditable, and a network configuration that leaves the latitude to execute them. In an operating 
environment where disruption is recurrent rather than exceptional, the speed and quality of the 
response, not the accuracy of the forecast, is the property that determines whether a supply chain 
performs. 
RECOMMENDATIONS 
Several recommendations follow from the findings. First, organisations should sequence investment 
by resolving the data foundation, master-data reconciliation, latency reduction, and multi-tier visibility, 
before advancing analytic sophistication, because the regression evidence establishes that the value of 
the analytic layer is bounded by the fidelity of the network state on which it operates. 
Second, organisations should scope every predictive initiative with the decision it will inform and the 
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action it will trigger, specified before the model is built, so that forecasting capability is not delivered 
as a standalone asset whose operational value depends on a decision pathway that no one has been 
made responsible for constructing. 
Third, organisations should prioritise the predictive-to-prescriptive transition over further refinement 
of forecast accuracy, because the comparative evidence in Figure 6 indicates that the operationally 
decisive gain lies at that boundary, and because marginal accuracy improvements do not change what 
the organisation does. 
Fourth, organisations should establish decision governance in parallel with analytic capability rather 
than after it, defining decision rights, the value and risk thresholds above which human review is 
mandatory, the explanation that must accompany each recommendation, and the audit trail through 
which decisions can subsequently be reconstructed, since governance was the lowest-rated construct 
in the sample and is the fastest to remediate. 
Fifth, organisations should provision network latitude in advance of need, through dual sourcing, 
supplier qualification, contractual flexibility clauses, and pre-negotiated alternative logistics capacity, 
recognising that this latitude cannot be created during a disruption and that without it even an optimal 
recommendation is infeasible. 
Sixth, organisations should complement rather than extend analytics at the low-predictability end of 
the disruption taxonomy, using scenario planning, stress testing, and strategic redundancy for 
geopolitical and systemic shocks, where the historical record cannot support learning. 
For researchers, the recommendation is to extend the framework through longitudinal and objective-
outcome designs that track detection lead time and recovery on live disruptions, through work on the 
governance of autonomous execution as decision automation extends further, and through 
investigation of how prescriptive capability performs on the low-predictability categories where this 
study found it weakest. 
LIMITATIONS OF THE STUDY 
Several limitations should be acknowledged. First, the cross-sectional survey identifies associations but 
not causation, and the mediation analysis, though bootstrapped, rests on cross-sectional data and 
therefore establishes statistical rather than temporal mediation; reverse causality cannot be excluded, 
since firms performing well operationally may invest more readily in prescriptive capability. Second, 
all measures were self-reported from a single source, and although procedural remedies and Harman’s 
test suggest common-method bias is unlikely to account for the findings, self-assessed capability may 
diverge from objective capability, and respondents at prescriptive-tier organisations may rate outcomes 
generously (Podsakoff et al., 2003). Third, the simulation used a stylised four-tier network with 
parameterised disruption arrivals rather than live enterprise data, so the reported lead times, trough 
depths, and recovery intervals should be read as indicative of mechanism rather than as realised 
benchmarks. Fourth, the purposive sample over-represents organisations already engaged with supply 
chain analytics and may therefore understate the prevalence of purely reactive management in the 
wider population. Fifth, operational performance was measured perceptually rather than through 
financial or service records, which limits comparability across firms with differing accounting and 
service-measurement conventions. Sixth, the framework treats the five constructs as distinct, but they 
interact, and their relative weights are likely to vary by industry, network depth, and regulatory 
intensity, so the ordering observed here may not transfer directly to, for example, regulated 
pharmaceutical supply chains where qualification constraints dominate. Finally, the field is moving 
quickly, and the boundary between prescriptive recommendation and autonomous execution, which 
this study treated as a maturity distinction, is likely to become a governance question of greater 
consequence than the present data can address. Future research using longitudinal designs, objective 
outcome data, and live disruption records would address these limitations and allow the causal path 
from analytic capability through disruption management to performance to be tested directly.  
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