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Abstract 
Delivery failure is often visible only after upstream supplier stress has already 
constrained production. This paper develops a business-intelligence framework for 
supply-disruption early warning that combines transactional indicators, external 
context, exposure and owned mitigation actions. Supplier-part signals are normalized 
against information available at the scoring date and qualified using consistent 
supplier-week contingency counts and mitigation lead times. An inverse noise-to-
signal weighting scheme produces a risk propensity index, which requires separate 
calibration before it can be interpreted as a disruption probability. A synthetic panel 
of 80 supplier-part pairs over 156 weeks illustrates threshold and workload trade-offs. 
The reported backtest is a design demonstration, not evidence of performance at a 
specific manufacturer. The contribution is an auditable connection between signals, 
decision timing and mitigation responsibility. Validation requires temporally 
separated training and testing, a complete simulation specification, alarm-episode 
definitions and event-level evaluation. The framework provides a basis for comparing 
useful warning time with the false-alert workload that procurement and engineering 
teams can manage. 
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1. Introduction 

The U.S. electric power sector is in the middle of its largest build-out in decades. Load growth from data centers, manufacturing 

reshoring and electrification, together with transmission expansion and the replacement of aging assets, has pushed demand for 

grid equipment well above the capacity of the domestic manufacturing base. The Department of Energy's 2022 supply chain 

assessment for large power transformers and high-voltage direct current systems identified heavy import dependence, limited 

domestic grain-oriented electrical steel production and long qualification cycles as structural vulnerabilities (U.S. Department 

of Energy, 2022b). By 2023 and 2024, industry reporting described transformer lead times stretching beyond two years in many 

categories, while switchgear, breakers and power electronics experienced extended and erratic delivery promises. 

For manufacturers that build this equipment, the result is a supply base in which a single late lot of laminations, a molded 

component, a vacuum interrupter or a microcontroller can idle a production line that serves utility customers with firm in-service 

dates. Disruption is costly: firms that announce supply chain glitches experience significant and persistent declines in shareholder 

value and increases in equity risk (Hendricks & Singhal, 2005). Yet in many plants, disruption detection still depends on the 

expedite call, the missed receipt or the shortage report. These are lagging indicators. By the time they fire, the cheapest mitigation 
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options, such as qualifying an alternate source, pulling 

forward a buy or re-sequencing production, have often 

expired. 

At the same time, most manufacturers already own the raw 

material for earlier warning. Enterprise resource planning 

(ERP) systems record every promise date and receipt. 

Supplier portals capture acknowledgment times. 

Procurement teams subscribe to commodity, freight and 

supplier financial data. BI platforms aggregate these feeds 

into dashboards. What is usually missing is not data but a 

disciplined method for deciding which signals actually lead 

disruption, by how much, how to combine them, and what 

action each level of risk should trigger. 

Prior research offers several building blocks for such a 

method. Supply chain risk management (SCRM) research has 

long distinguished between risk identification, assessment, 

mitigation and monitoring. Chopra and Sodhi (2004) 

categorized disruption, delay, systems, forecast, intellectual 

property, procurement, receivables, inventory and capacity 

risks, and argued that mitigation must be tailored to the risk 

driver. Tang (2006) reviewed quantitative models for supply 

chain risk, and Sheffi (2005) emphasized redundancy and 

flexibility as foundations of the resilient enterprise. 

Craighead et al. (2007) showed that disruption severity 

depends on supply network density, complexity and node 

criticality, as well as on recovery and warning capabilities. 

Wagner and Bode (2008) found empirically that supplier-side 

risk sources are associated with measurable performance 

losses. Simchi-Levi, Schmidt and Wei (2014) introduced the 

risk exposure index, which estimates the impact of a node 

failure regardless of its probability, a concept that informs the 

exposure multiplier used here. 

The early-warning literature in macroeconomics offers a 

well-tested method for selecting leading indicators. 

Kaminsky, Lizondo and Reinhart (1998) proposed the signals 

approach, in which each indicator issues a signal when it 

crosses a threshold, and indicators are ranked by their noise-

to-signal ratio: the share of false signals in tranquil periods 

divided by the share of correct signals in pre-crisis windows. 

In the supply chain domain, the Federal Reserve Bank of New 

York's Global Supply Chain Pressure Index (Benigno et al., 

2022) demonstrated that a composite of transportation costs 

and manufacturing survey components can track systemic 

supply stress. Such indices are valuable context but operate 

at a macro level; they cannot tell a plant which supplier of 

which part is about to fail. 

Chen, Chiang and Storey (2012) described the evolution of 

BI and analytics from reporting toward predictive and 

prescriptive use. Baryannis et al. (2019) reviewed artificial 

intelligence in SCRM and noted that most work concentrates 

on risk identification and assessment, with less attention to 

interpretability and integration with decision processes. 

Ivanov (2020) used simulation to show how the timing of 

facility closures and recovery shapes disruption impact, 

underscoring the value of early detection. Supplier financial 

distress models, from Altman's (1968) Z-score onward, 

provide one well-established family of leading signals. 

Even so, few frameworks address supplier-and-part-level 

early warning in heavy electrical equipment manufacturing, 

where lead times are long, sources are concentrated and 

customer commitments are rigid. Practitioner BI dashboards 

typically display many metrics without a principled method 

for deciding which ones lead disruption, and risk scores are 

often disconnected from pre-agreed actions, so an alert 

produces discussion rather than mitigation. 

This paper therefore examines how a power-systems 

manufacturer can design a BI-driven early-warning system 

that detects supply disruption risk early enough to act, with a 

false-alarm rate that procurement and operations teams can 

sustain. It specifies a leading-indicator design procedure that 

qualifies BI signals by measured lead time and noise-to-

signal ratio, develops a transparent risk-scoring framework 

that separates disruption likelihood from business exposure 

and maps scores to a tiered mitigation playbook, and grounds 

both in practitioner experience proactively identifying 

disruptions and building mitigation strategies to protect 

continuity of supply. The behavior of the framework is 

illustrated with a backtest on a synthetic supplier panel whose 

structure reflects practitioner-reported conditions; the results 

demonstrate design trade-offs rather than field performance. 

The remainder of the paper is organized as follows. Section 

1.1 reviews related research and derives the design 

implications adopted by the framework. Section 2 describes 

the research method, including the design of the leading 

indicators, the risk-scoring framework, the BI 

implementation and the synthetic backtest. Section 3 presents 

and discusses the illustrative results, and Section 4 concludes. 

 

1.1. Related Research and Design Implications for 

Supplier-Level Early Warning 

Five literatures bear directly on the design problem set out 

above: how supplier assessment criteria become monitored 

risk signals, how early-warning models score those signals, 

whether the underlying BI data are visible and trustworthy 

enough to act on, how disruption risk and resilience are 

conceptualized, and who owns the response once an alert is 

raised. Content-analysis and state-of-the-art reviews show 

that supply chain risk management research is extensive but 

concentrates on identification and assessment rather than on 

monitoring routines tied to decisions (Emrouznejad et al., 

2023; Baryannis et al., 2019). The subsections below 

therefore read each stream for the specific design choice it 

informs in the proposed early-warning system and identify 

the requirement (R1 to R4, Section 2.1) that it supports. 

 

1.1.1. Supplier assessment criteria as monitored risk 

signals 

Supplier selection research supplies most of the criteria that 

an early-warning system later monitors. Strategic selection 

models weigh cost, quality, delivery and capacity (Sarkis & 

Talluri, 2002; Vonderembse & Tracey, 1999), and later work 

adds ecosystem and risk criteria to performance measures 

(Viswanadham & Samvedi, 2013) or builds supplier risk 

impacts directly into the selection model (Straube et al., 

2016). In engineering, procurement and construction supply 

chains, Micheli et al. (2008) contrasted managing supply risk 

through supplier selection with managing it through ongoing 

supply risk management, a distinction that matters here 

because selection fixes the supplier base while early warning 

must operate on that base afterward. Joint lot-size, supplier 

and carrier decisions (Choudhary & Shankar, 2013), 

multiple-sourcing allocations designed proactively against 

risk (Ghamari, 2020) and closed-loop network designs that 

include supplier selection (Ghassemi et al., 2018) show that 

order allocation itself creates the exposure that the multiplier 

E(i) later scores. 

Several streams explain why selection-time assessments age. 

Buyer and supplier power shifts over the life of a relationship 
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(Cox, 2001), supplier economies of scale shape which 

suppliers are chosen in the first place (Badorf et al., 2019), 

and supplier-buyer risk in raw-material procurement evolves 

with market conditions (Handayani, 2018). Tender 

evaluation methods in public procurement (Bergman & 

Lundberg, 2013), Kraljic-matrix green procurement screens 

(Garzon et al., 2019), fuzzy evaluation with smart and 

sustainable criteria (Demiralay & Paksoy, 2022), 

intuitionistic fuzzy AHP for e-procurement (Deepika, 2023) 

and enablers of green supplier selection (Gong et al., 2024) 

each produce a point-in-time ranking, and optimization 

models for emergency procurement in energy supply (Noh & 

Hwang, 2023) address what to buy once a shortage has 

already occurred. The proposed system instead re-scores 

every supplier-part pair weekly, so that the selection rationale 

is tested continuously against transactional evidence, which 

is the purpose of requirement R1. 

Digital procurement narrows the gap between selection and 

monitoring. E-procurement and supply chain innovation are 

associated with the supply chain performance of 

manufacturers (Ibrahim et al., 2023), information sharing 

acts through supplier quality management and agility 

(Setyawan Firmansyah & Siagian, 2022), and the digital 

transformation of procurement is increasingly framed as a 

supply chain risk question (Mizgier, 2024). Artificial 

intelligence frameworks for supplier selection and 

performance monitoring (Mohammed, 2023) and hybrid 

multi-criteria and machine learning approaches that keep 

supplier selection explainable (Abdulla & Baryannis, 2024) 

point toward continuous supplier scoring, while aerospace 

experience shows that supplier risk mitigation needs a 

structured methodology rather than ad hoc review (Raj Sinha 

et al., 2004). The design implication is that the supplier drill-

down view (Section 2.8) must display which indicators drive 

a score, so that an alert remains as explainable as the selection 

decision that created the exposure. 

 

1.1.2. Early-Warning Models and Supplier Risk Scoring 

Early-warning systems have been proposed at several levels 

of the supply chain. Genc et al. (2014) designed an event-

based supply chain early-warning system that feeds adaptive 

production control, and Fu et al. (2012) combined fuzzy risk 

measurement with early warning for project material supply. 

Nagy and Foltin (2022) argued that early-warning signals 

extracted through big-data analysis can increase supply chain 

resilience, and Wang (2024) proposed a multimodal deep 

learning approach that combines natural language processing 

with anomaly detection, which corresponds to the news-

sentiment indicator in Table 1. Financial early-warning 

models apply particle swarm optimization to supply chain 

default risk (Yin & Li, 2022) and convolutional neural 

networks to supply chain financial risk (Computational 

Intelligence and Neuroscience, 2023), although the latter 

article carries a retraction notice, as does a pollution-risk 

early-warning model for an urban drinking water supply 

chain (Cao et al., 2022). These retractions strengthen the case 

for transparent, auditable indicator qualification over opaque 

model output. 

At the supplier level, Steinberg et al. (2023) used machine 

learning to predict late supplier deliveries of low-volume, 

high-variety products in the German machinery industry, a 

setting close to power-systems equipment and a target close 

to the OTD indicator used here. Risk indices aggregate 

several criteria into one number, as in a supply chain risk 

assessment index for small and medium enterprises after 

COVID-19 (Babu & Yadav, 2023), a grey multi-objective 

binary linear programming model for risk assessment 

(Vafadarnikjoo et al., 2023), structural modeling for 

classifying and prioritizing disruption risks (Alora & Barua, 

2019), formal models of disruption risk within supply chain 

risk management (Bilsel & Ravindran, 2012) and a data-

fusion index of cyber resilience for additive manufacturing 

supply chains (Rahman et al., 2021). Predictive risk analytics 

for enterprise technology estates (Okwesa et al., 2024) adds 

a lesson about data pipelines: an alert must distinguish an 

abnormal supplier signal from one created by stale, missing 

or inconsistent system data. Two design choices follow. 

Indicators enter the composite only after lead-time and noise-

to-signal qualification (R1), and the composite is reported as 

a risk propensity index rather than a probability until 

calibration is shown (Section 2.5). 

 

1.1.3 Visibility, Information Sharing and Bi Data Quality 

Visibility determines whether the indicators in Table 1 can be 

observed at all. Francis (2008) showed that supply chain 

visibility is defined inconsistently, Messina et al. (2022) 

proposed a model for assessing how visible a supply chain 

actually is, and Goswami et al. (2013) compared information 

visibility in two supply chain management information 

systems. Interorganizational information systems visibility is 

associated with supply chain performance (Lee et al., 2014), 

and the impact of increased visibility has been evaluated 

quantitatively (Baycik, 2024). Supply chain digitalization 

improves performance through visibility and survivability 

(Al Tera et al., 2024), and information integration supports 

innovativeness and resilience among manufacturing firms 

(Muhwezi et al., 2023). For this framework, visibility means 

that each indicator has a defined source, refresh interval and 

availability timestamp, so that only information available on 

the scoring date enters the score. 

Information sharing research explains what suppliers are 

willing to provide and who benefits. Early studies related 

information sharing and ordering coordination to 

performance (Zhao et al., 2002) and estimated the value of 

shared information for inventory management (Cachon & 

Fisher, 2000). Design, integration and information sharing 

have distinct effects on performance (Sezen, 2008), 

integration enhances sharing (Koçoğlu et al., 2011), and 

sharing works together with visibility, agility and 

collaboration (Baah et al., 2021). Backward sharing benefits 

some partners more than others (Han et al., 2021), 

interdependence shapes sharing in the extended supply chain 

(Kembro & Selviaridis, 2015), and agency theory can guide 

incentives for sharing (Manatsa & McLaren, 2008). Studies 

of internal sharing during an innovation project (Ruel et al., 

2013), visibility and resource sharing among humanitarian 

practitioners (Maghsoudi & Pazirandeh, 2016), system 

dynamics models of sharing (Feng, 2012), RFID-enabled 

sharing moderated by supply chain culture (Kim et al., 2015), 

interoperability in a circular economy (Khan & Abonyi, 

2022) and frameworks for sharing risk information among 

partners (Ahmed et al., 2023) indicate that upstream data are 

negotiated rather than given. Work linking sharing to 

resilience through artificial intelligence and collaboration 

(Ali et al., 2024), to sustainable performance through digital 

supply chains (Le et al., 2024) and to sustainability in small 

firms (Mehmood et al., 2024, an article since retracted) points 

the same way. Accordingly, the framework relies first on 
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signals the manufacturer already owns, such as 

acknowledgment delay and lead-time drift, and treats 

supplier-shared capacity data as an enhancement (Section 

3.6). 

Information quality affects performance through information 

sharing (Kankam et al., 2023), and IT advancement and 

assimilation build supply chain capabilities (Tigga et al., 

2021). Big data analytics creates both opportunities and 

challenges for supply chain management (Kache & Seuring, 

2017), and a case study of managing supply chain data shows 

that data handling is itself a source of future risk (Hoeksema, 

2019). These findings justify two features of the BI 

implementation: a data-quality flag that separates a supplier 

signal from a stale or missing feed, and an unscored status for 

suppliers whose indicators cannot be identified, so that 

missing evidence never produces a zero-risk classification. 

 

1.1.4. Disruption Drivers, Propagation and Exposure 

The disruption literature frames the risk that the composite 

score is meant to anticipate. Kleindorfer and Saad (2005) set 

out a framework for managing disruption risks, Konecka 

(2016) summarized the theoretical principles of managing 

supply chain disruption risk, and Friesz (2011) introduced a 

collection of analytical work on disruption and risk 

management. Grounding supply disruption risk in enactment 

theory (ELLIS et al., 2011) implies that managers can read 

the same signal differently unless thresholds are explicit. 

Empirical studies relate disruption risk drivers to 

organizational performance in Chinese supply chains (Parast 

& Subramanian, 2021) and among manufacturing firms in the 

CALABARZON region (Duay, 2023), link risk-taking 

propensity and security practices to disruption occurrence 

(Park et al., 2016), and examine how just-in-time practices 

affect disruption risk depending on supply chain 

centralization (Ye et al., 2022). Hamidu et al. (2023) 

examined the role of disruption in the relationship between 

resilience and performance in manufacturing firms. Together 

these studies support treating disruption as an observable 

event with a defined onset, which is how Section 2.4 

operationalizes it. 

Exposure depends on network position as well as on the 

supplier's own condition. Disruptions propagate as systemic 

risk through tightly coupled networks (Scheibe & Blackhurst, 

2018), network behavior under disruption risk evolves over 

time and space (Wang et al., 2022b), and multi-echelon 

disruption threatens customer service levels in ways that 

single-node views miss (Schmitt, 2011). Network design 

models incorporate disruption risk in global supply chains 

(Rienkhemaniyom & Ravindran, 2014), in bi-objective green 

networks (Wang et al., 2022), in resilient networks under 

ambiguous information (Chen & Chen, 2023) and in straw 

supply chains facing facility disruption (Mao et al., 2024), 

while Li and Ru (2014) proposed a disruption risk defense 

system and Yang et al. (2023) modeled logistics alliance 

decisions under disruption risk as an evolutionary game. 

Simchi-Levi et al. (2015) identified risks and mitigated 

disruptions in the automotive supply chain using exposure-

based analysis, and Wildgoose et al. (2012) argued that 

reducing disruption risk starts with understanding one's own 

supply chain. The exposure multiplier in Equation (6) is a 

deliberately simple, part-level proxy for these network 

effects: criticality, sourcing concentration and inventory 

vulnerability can be read from the bill of materials, sourcing 

records and inventory data that the BI environment already 

holds (R2). 

Disruption costs extend beyond lost production. Reputational 

risk must be managed with logistics providers during 

disruption recovery (Blom & Niemann, 2022), reverse 

logistics risk rises during recovery in omni-channel fashion 

retail (Ermes & Niemann, 2023), and pricing policy for green 

products must adapt under supply disruption (Chatterjee et 

al., 2024). Disruption orientation is linked to resilience and 

market performance (Stephens et al., 2022) and, through risk 

management practices and analytics capability, to resilience 

(Liu & Wei, 2022). The COVID-19 pandemic produced a 

catalogue of disruption management strategies (Moosavi et 

al., 2022), and additive manufacturing has been examined as 

a route to reshoring and shorter supply chains (Calignano & 

Mercurio, 2023). For a power-systems manufacturer whose 

utility customers hold firm in-service dates, these findings 

support scoring criticality c(i) by contractual penalties and 

customer commitments rather than by part cost alone. 

 

1.1.5. Resilience Capabilities and The Timing of 

Mitigation 

Mitigation research establishes that the value of a warning 

depends on the response options available when it arrives. 

Tomlin (2006) showed that the preferred mix of mitigation 

and contingency strategies depends on supplier reliability and 

on the capacity and speed of backup supply, and He et al. 

(2019) valued disruption mitigation as a real option. 

Flexibility-driven strategies differ in how well they mitigate 

supply disruption (Carbonara & Pellegrino, 2017), supply 

chain finance strategies address both disruption and 

commodity price volatility risks (Pellegrino, 2024), and 

resource sharing can serve as a disruption risk management 

measure (Cockx et al., 2019). Firm resilience to supply chain 

disruptions has been measured with a validated scale 

(Ambulkar et al., 2015), performance measurement during 

disruption has been studied (Saleheen & Habib, 2023), and 

resilience has been evaluated in relation to supply chain 

structure (Aguila & ElMaraghy, 2019). Section 3.4 applies 

this reasoning directly by comparing the response times of 

the actions in Table 2 with the indicator leads in Table 3. 

Resilience capabilities determine how much warning a firm 

needs. Ambidexterity, agility and resource flexibility support 

resilience (Aslam et al., 2020; Jamaludin et al., 2023), 

entrepreneurial leadership improves performance through 

resilience (Haq & Aslam, 2023), and resilience orientation 

underpins sustainable performance in business-to-business 

firms (Rahman et al., 2023). Supply chain finance 

strengthens resilience from a dynamic capability perspective 

(Lu et al., 2024) and under disruption (Shahzad & Irfan, 

2024). Studies of resilience enhancers in Kenyan 

manufacturing (ARANI, 2015), of managerial resilience 

strategies calibrated to anticipate global disruptions in export-

oriented manufacturers (Liana, 2024), of the importance of 

resilience in an empirical investigation (Alfarsi et al., 2019), 

of agricultural biomass supply chains under COVID-19 and 

sustainability compliance (Zahraee et al., 2022) and of 

integration and resilience in new energy vehicle 

manufacturing (Zhang et al., 2024) show that the response 

repertoire differs by sector and firm. The framework 

therefore does not prescribe universal actions; it requires each 

firm to pre-approve its own tier actions and owners (R4). 

Digital capabilities shorten detection and response. Digital 

supply chain twins support the management of disruption 

risks (Ivanov & Dolgui, 2021), digital technology and 
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Industry 4.0 affect the ripple effect and risk analytics (Ivanov 

et al., 2019), and investment constraints shape the roadmap 

to digital resilience (Al-Banna et al., 2023), as reviewed for 

the interplay of resilience, Industry 4.0 and investment (Al-

Banna et al., 2023b). Digital twins influence sustainability 

through resilience (Singh et al., 2023), information 

processing and digital technology support resilience through 

risk management (Azizah et al., 2024), and big data analytic 

capability combines with integration and resilience to 

improve performance (Sari et al., 2023), while artificial 

intelligence has been characterized as either disruptive 

innovation or innovative disruption for supply chain 

management (Hendriksen, 2023). Distributed manufacturing 

platforms (Villar et al., 2024), international manufacturing 

strategy in semiconductors (Fleisch & von Dzengelevski, 

2024), additive manufacturing for military logistics (Dymyt 

et al., 2024) and additive manufacturing supplier risk 

mitigation (Zerga, 2019) widen the set of alternate sources, 

but each carries a qualification lead time. Reviews of 

resilience in global distribution networks (Anene, 2021), of 

risk management culture (Akbar & Isfianadewi, 2023) and of 

building risk resilience (Singh & Singh, 2019), together with 

evidence on supply chain alertness and preparedness (Opoku, 

2024), stress that detection is valuable only when coupled to 

prepared responses, which is the rationale for the playbook in 

Table 2. 

 

1.1.6. Forecasting, Inventory and Planning Analytics 

Forecasting research separates prediction accuracy from 

operational use. Key performance indicator models for 

demand forecasting incorporate supply chain reliability and 

seasonality (Tadayonrad & Ndiaye, 2023), hybrid models 

combine logistic regression with neural networks to improve 

supply chain indicators (Pietukhov et al., 2023), multi-phase 

hierarchical machine learning forecasts operate at several 

aggregation levels (Taghiyeh et al., 2023), and ensemble 

deep learning forecasts feed order-up-to inventory policies 

(Seyedan et al., 2023). Predictive analytics can improve 

demand forecasting accuracy and reduce inventory 

inefficiencies (Aifuwa et al., 2020), analytics frameworks 

target forecasting accuracy and bottlenecks (Akin-Oluyomi 

& Akhigbe, 2023), and top management support conditions 

the value of big data predictive analytics (Shafique et al., 

2024). Reviews cover similarity-matching in supply chain 

analytics decisions (Herden, 2017) and analytics for targeted 

advertising in e-commerce (Pundir et al., 2024), showing 

how widely the analytics toolkit has spread beyond supply 

risk. Forecast sharing mitigates bias magnification (Sanders 

& Graman, 2016) and shapes cooperative pricing between a 

manufacturer and an e-retailer (Yan & Ghose, 2008), and 

behavioral regularities affect inventory and forecasting 

decisions (Manousiadou, 2024). The framework adopts the 

separation between accuracy and usefulness: Section 3.2 

reports recall and precision, but usefulness is judged by 

warning time relative to mitigation time. 

Inventory and capacity models explain why the same signal 

carries different risk for different parts. Variable lead time 

and random supplier capacity change optimal inventory (Wu, 

2001), job mix and capacity bottlenecks affect inventory and 

due-date performance (HUQ & BERNARDO, 1995), and 

demand planning, inventory and capacity planning interact in 

semiconductor supply chains (Uzsoy et al., 2018). 

Replenishment under an (R, s, S) policy (Žic et al., 2023),  

inventory systems for deteriorating items (Chandramohan et 

al., 2023) and models with dynamic lead time under carbon 

reduction and uncertain demand (Karthick & Uthayakumar, 

2022) all make lead time and coverage central variables. 

Early supplier involvement reduces lead time through the 

information supply chain (Hanson, 2018), and postponed 

manufacturing can absorb demand uncertainty (van Hoek, 

1997). These results motivate the inventory vulnerability 

factor v(i), the ratio of replacement lead time to weeks of 

coverage, which raises exposure when cover is thin relative 

to the time replacement would take. 

Planning studies add the product-transition problem. Supplier 

integration into new product development coordinates 

product, process and supply chain design (Petersen et al., 

2005), and supply chain readiness for a new product must be 

created during development (Tolonen et al., 2017). Data-

driven risk mitigation can be integrated into supply chain 

planning (Gillespie, 2023). For power-systems equipment, 

where engineering changes and new ratings regularly 

introduce new parts and suppliers, these studies imply that 

new supplier-part pairs need commodity-group baselines 

until their own history is long enough for normalization 

(Section 2.3), and that alerts on parts for products in transition 

should be reviewed jointly by procurement and engineering. 

 

1.1.7. Decision Behavior and The Case for Pre-Agreed 

Responses 

Behavioral research explains why alerts often produce 

discussion rather than action. Purchasing managers perceive 

bias in supplier-selected referrals (Hada et al., 2013), dual-

sourcing bias distorts responsible sourcing decisions 

(Mahmoudzadeh & Chaturvedi, 2024), and sustainable 

supply chain decisions in non-exemplar firms follow 

behavioral rather than purely economic logic (Kirchoff et al., 

2015). The behavioral agency model links managerial risk 

bearing to operations and supply chain decisions (Gomez‐

Mejia et al., 2021). Much of this evidence comes from 

laboratory experiments, whose rigor and usefulness in supply 

chain research have been debated (BACHRACH & 

BENDOLY, 2011; SIEMSEN, 2011; Knemeyer & Naylor, 

2011), and from classroom games and negotiation exercises 

on sourcing and coordination (Fawcett & McCarter, 2006; 

Gumus & Love, 2012; Inouye & Kling, 2020), while dyadic 

survey research faces its own nonresponse bias (Clottey & 

Benton, 2020). Negotiation has also been automated through 

agent-based protocols for supply chain formation (Wang et 

al., 2009; Kim & Cho, 2010) and supply chain finance 

(Fiedler, 2022), and collaborative decision models support 

reverse logistics in an automobile network (Hernández et al., 

2010). 

Two implications follow for the early-warning system. First, 

because buyers interpret ambiguous signals through their 

own incentives and heuristics, the escalation threshold must 

be fixed in advance and the score must show its drivers. 

Second, collaboration strategies require explicit 

implementation choices (Malviya et al., 2024) and relational 

capital (Saleh & Roslin, 2015), and collaboration is itself a 

governance arrangement (Jain & Dubey, 2005). Requirement 

R4 therefore binds each tier to a pre-approved action set and 

a named owner, so that the decision to act is taken once, 

deliberately and before any specific supplier is under stress, 

rather than renegotiated at each alert. 
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1.1.8. Governance, Integration and Measurement of The 

Response 

Governance research specifies who controls a response and 

on what evidence. Supply chain governance has been defined 

as a distinct management problem (Diaz, 2006), governs 

value creation in supply chain relationships (Hammervoll, 

2011) and influences supply chain performance (Dolci et al., 

2017). Governance mechanisms perform differently across 

supply networks of varying complexity (Tachizawa & Wong, 

2015), and additive manufacturing reshapes governance in 

the apparel supply chain (Hohn & Durach, 2021). Worker-

driven governance (Reinecke & Donaghey, 2020) and the 

contribution of non-commercial organizations (Shirgholami 

et al., 2024) show that governance can extend beyond buyer 

and supplier. Traceability supports transaction governance 

(Vo et al., 2016), digital governance integrates transparency, 

traceability and risk management (Omitoyin et al., 2024), 

agile digital transformation can embed IT risk and ISO 

compliance controls (Mbonu et al., 2020), and force majeure 

clauses define contractual resilience in energy supply chains 

(Uchechi et al., 2020). For a power-systems manufacturer, a 

substitute part approved under an Action-tier alert still 

requires engineering and quality sign-off, so the playbook 

assigns engineering approval explicitly (Table 2). 

Supplier relationship management fosters collaboration and 

resilience across organizational boundaries (Ike et al., 2021), 

collaborative supply risk mitigation depends on the buyer-

supplier relationship (Mwesiumo et al., 2021), and strategic 

supplier relationship management can improve risk 

mitigation in maritime supply chains (Vaandrager, 2024). 

Supplier sustainability risk may be mitigated, avoided or 

accepted (Hajmohammad & Vachon, 2015), a typology that 

maps onto the choice between acting on an alert, exiting a 

supplier and documenting an accepted risk. Security threats 

in ICT product supply chains (Li et al., 2023) and information 

management in supply chain innovation (Zambujal-Oliveira, 

2019) have been analyzed with game theory, and supply 

chain decisions in governmental organizations carry their 

own constraints (Ferrer et al., 2016). Disruptive technologies 

are expected to reshape future supply chains (Tavana, 2023), 

and decision models address barriers to green supply chain 

management (Özaşkın & Görener, 2023) and bilevel green 

supply chain design (Caramia & Stecca, 2024). These works 

support recording, for every alert, the action chosen, its 

owner and its outcome, which the action log in Section 2.8 

provides. 

Integration and performance research warns that local 

improvements can shift cost elsewhere. Supply chain 

integration affects the cost efficiency of contract 

manufacturing (Kim & Schoenherr, 2018), decision support 

improves flow management in a supply chain subject to risks 

(Hilali et al., 2024), and stochastic optimization supports 

integrated network design for advanced air mobility aircraft 

manufacturing (Dulia & Shihab, 2024). Agility contributes to 

supply chain fit (Gligor, 2016) and mediates the link between 

supply chain orientation and performance (Dhaigude & 

Kapoor, 2017); lean, agile, resilient and green paradigms 

interact in sustainable performance (Anvari, 2021); and 

management strategy and practices (Sukati et al., 2012), 

supplier performance with transformational leadership 

(Purwanto & Juliana, 2022) and operational practices among 

early adopters of green supply chain management (Zhu & 

Sarkis, 2004) all shape measured performance. Lean has 

fragmented as a management concept (Schonberger, 2019), 

and combining business process management with lean 

improves information and documentation flows (Calçado et 

al., 2024). Life-cycle costing in the food packaging supply 

chain (James, 2003) shows that costs incurred at one stage are 

often borne at another. In this framework the analogous shift 

is between procurement time spent on false alerts and 

production losses from missed disruptions, which is why 

Table 4 reports false alarms per 100 supplier-weeks alongside 

recall and precision. 

 

2. Research Method 

2.1 Research Design 

The study combines design-oriented model building with a 

simulation-based illustration. Design requirements were 

derived from the literature reviewed in Section 1.1 and from 

practitioner experience, and the framework was then 

specified to meet them. The specification follows the 

established sequence of supply chain risk management, in 

which risks are identified, assessed, mitigated and monitored 

(Chopra & Sodhi, 2004; Tang, 2006), but places its emphasis 

on monitoring, the stage that the literature treats least 

formally. Because firm-level disruption records are 

proprietary, the behavior of the framework is examined on a 

synthetic supplier panel whose structure reflects practitioner-

reported conditions in power-systems manufacturing 

(Section 2.9). The synthetic results illustrate design trade-

offs; they are not estimates of field performance. 

The practitioner evidence comes from the first author's work 

in power-systems manufacturing supply chain management, 

where the core responsibility was to identify supply chain 

disruptions proactively and to develop mitigation strategies 

that protect continuity of supply. Four lessons from that work 

shaped the design. Delivery performance proved to be a late 

signal, which is why research on late supplier deliveries seeks 

to predict them before they occur (Steinberg et al., 2023): on-

time delivery (OTD) deteriorates only after a supplier's 

problem is already affecting shipments, while earlier signs 

typically appeared upstream as quoted lead times creeping 

outward on new requests for quotation, slower 

acknowledgment of purchase orders, partial-quantity 

confirmations and requests to change terms. External context 

mattered only when tied to exposure; commodity spikes in 

electrical steel, copper and aluminum, or freight disruptions 

on specific lanes, were relevant only for the suppliers and 

parts exposed to them, and undifferentiated market news 

created alert fatigue. The value of a warning depended on the 

mitigation lead time, since a warning is useful only if it 

arrives earlier than the time needed to qualify an alternate 

source, place a bridge buy or re-sequence a build, so 

indicators must be judged in weeks of lead rather than by 

correlation alone. Finally, mitigation moved fastest when 

procurement, engineering, quality and operations had agreed 

in advance which actions each risk level would trigger and 

who owned them. 

These observations translate into four design requirements: 

(R1) indicators must be qualified by measured lead time 

against disruption events; (R2) likelihood must be separated 

from exposure; (R3) alert levels must be calibrated to an 

acceptable false-alarm workload; and (R4) each alert level 

must map to an owned, pre-approved mitigation action. 

The early-warning system has five layers: (1) signal 

acquisition from BI sources, (2) normalization, (3) leading-

indicator qualification, (4) composite likelihood scoring with 

an exposure multiplier, and (5) tiered alerting linked to a 
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mitigation playbook. The unit of analysis is the supplier-part 

pair i observed weekly at time t. 

 

2.2. Signal Architecture 

Table 1 lists the candidate indicators. They are grouped into 

internal transactional signals, which the manufacturer 

controls and observes directly, and external context signals, 

which are licensed or public. All are typically available 

within an existing BI stack through ERP extracts, supplier 

portal logs and third-party data feeds. The internal signals 

follow the practitioner observation that supplier stress 

appears first in quoting and order-confirmation behavior: 

lead-time drift reflects capacity committed elsewhere in the 

supplier's order book, consistent with the central role of lead 

time in supplier involvement (Hanson, 2018), while 

acknowledgment delay and partial confirmations reveal 

allocation decisions before any shipment is late. The financial 

health composite draws on the ratio-based tradition of 

bankruptcy prediction (Altman, 1968), whose deterioration 

can precede operational failure by months. Commodity and 

freight indices translate macro pressure of the kind 

summarized by the Global Supply Chain Pressure Index 

(Benigno et al., 2022) into supplier-specific exposure, and the 

commodity group captures the price-volatility risk that 

supply chain strategies seek to mitigate (Pellegrino, 2024). 

News sentiment corresponds to text-based anomaly detection 

(Wang, 2024). Every indicator carries an availability 

timestamp, so a value enters the score only after the date on 

which it could actually have been observed. 

 

Table 1: Candidate leading indicators and BI data sources 
 

Indicator Definition (weekly, per supplier-part) Typical BI source Expected direction 

OTD decline 
Rolling 4-week on-time-in-full rate versus 26-week 

baseline 
ERP receipts vs. promise dates Falls before disruption 

Lead-time drift 
Change in quoted or confirmed lead time on new POs and 

RFQs 
ERP, sourcing tool Rises before disruption 

PO acknowledgment 

delay 

Days from PO issue to supplier confirmation; share of 

partial confirmations 
Supplier portal, EDI 855 Rises before disruption 

Financial health 
Composite of credit score change, payment behavior and 

Z-score proxy 
Credit-risk data provider 

Deteriorates before 

disruption 

Commodity index 
Price and volatility of exposed inputs (e.g., electrical steel, 

copper, aluminum, resin) 
Market data feed Spikes before disruption 

Freight index Lane-specific cost and transit-time variance Logistics provider, freight indices Rises before disruption 

News sentiment 
Count and tone of adverse events (labor, fire, sanctions, 

weather) mapped to supplier sites 
News or event-monitoring service 

Worsens before 

disruption 
Note: EDI 855 is the electronic purchase order acknowledgment transaction. Indicators are signed so that higher values indicate higher risk. 

 

2.3. Normalization 

Because suppliers differ in scale and historical volatility, each 

raw indicator x is converted to a robust z-score relative to that 

supplier-part's own history, using the median and the median 

absolute deviation (MAD): 

 

𝑧(𝑖, 𝑘, 𝑡) =
𝑥(𝑖,𝑘,𝑡)−median(𝑥(𝑖,𝑘,𝜏), 𝜏<𝑡)

1.4826×MAD(𝑥(𝑖,𝑘,𝜏), 𝜏<𝑡)
  (1)

  

The median and MAD are used instead of the mean and 

standard deviation because a supplier's own disruption 

episodes produce extreme values that would otherwise inflate 

the scale and mask the next episode; the constant 1.4826 

makes the MAD comparable with a standard deviation when 

the data are approximately normal. Normalizing against each 

pair's own history mirrors the signals approach, in which 

thresholds are set relative to each country's own indicator 

distribution rather than at a common absolute level 

(Kaminsky et al., 1998). The baseline uses a prespecified 

historical or rolling window ending before the scoring date, 

so future observations never enter it. Where the MAD is zero, 

as for a supplier whose acknowledgment time has never 

varied, an explicit positive scale floor or a documented 

fallback is applied and tested for sensitivity. New supplier-

part pairs without sufficient history use commodity-group 

baselines, frozen within each evaluation fold. 

 

2.4. Leading-Indicator Qualification 

A disruption event is defined operationally as the first week 

in which a supplier-part pair causes a shortage that delays a 

scheduled production order, after at least eight preceding 

weeks without such a shortage. Events are drawn from 

shortage logs and production schedule variance reports. 

Each candidate indicator is then evaluated on two criteria. 

The lead time is the lag, in weeks, at which the cross-

correlation between the indicator and the disruption series is 

maximized. The noise-to-signal ratio (NTS), following 

Kaminsky et al. (1998), is computed with a signaling 

threshold z > 1.5 and a pre-event window of eight weeks: 

 

NTS(𝑘) =
𝐵/(𝐵+𝐷)

𝐴/(𝐴+𝐶)
    (2) 

 

All contingency cells use a common supplier-week unit. Let 

Y equal one when a disruption begins within the next eight 

weeks and S equal one when the indicator crosses its 

threshold; A counts weeks with S = 1 and Y = 1, B counts S = 

1 and Y = 0, C counts S = 0 and Y = 1, and D counts S = 0 and 

Y = 0. Weeks without a complete eight-week outcome 

horizon are excluded. The numerator of Equation (2) is the 

false-signal rate in tranquil weeks and the denominator is the 

hit rate in pre-event weeks, so an NTS below one means that 

the indicator signals more often before disruptions than at 

other times. An indicator is not identifiable when either 

outcome class has no observations, and a numerical floor 

cannot repair an absent class; such an indicator is excluded, 

and a supplier with no remaining eligible indicators is labeled 

unscored and referred for manual review rather than assigned 

zero risk. Qualification requires an NTS below one and a 

useful warning time at least as long as the response time of 

the relevant mitigation action. Cross-correlation identifies the 

typical lead but does not by itself establish predictive validity, 

and event-level detection is evaluated separately in Section 

3.2. 
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2.5. Composite Likelihood Score 

Qualified indicators are combined with weights inversely 

proportional to their noise-to-signal ratio, so that more 

reliable indicators carry more influence; this extends the 

ranking of indicators by noise-to-signal ratio in the signals 

approach (Kaminsky et al., 1998) from selection to 

weighting: 

 

𝑤(𝑘) =
1/max(NTS(𝑘), 𝜂)

∑ 1𝑗 /max(NTS(𝑗), 𝜂)
, 𝜂 > 0  (3) 

 

𝐿(𝑖, 𝑡) =
100

1+exp[−𝛼(∑ 𝑤𝑘 (𝑘) 𝑧(𝑖,𝑘,𝑡)−𝛽)]
  (4) 

 

The logistic transform maps the weighted standardized signal 

onto a 0-to-100 risk propensity index. It is not a calibrated 

disruption probability: the index rises monotonically with the 

evidence of stress, but the share of pairs at a given index value 

that actually experience a disruption must be estimated 

separately. Setting β = 1 gives an index of 50 at a weighted 

standardized signal of one, and α controls steepness. The 

positive NTS floor η prevents infinite weights and is 

prespecified with sensitivity analysis. Weights, thresholds 

and scale parameters are estimated on training periods only. 

Equation (4) has the functional form of logistic regression, 

which hybrid forecasting models in supply chains already use 

(Pietukhov et al., 2023); replacing the fixed weights with 

fitted coefficients is therefore a natural extension, but it 

would still require temporal validation and probability 

calibration before scores could be read as probabilities. 

 

2.6. Exposure Multiplier 

Following the distinction between likelihood and impact 

(Simchi-Levi et al., 2014), and requirement R2, the final risk 

score scales likelihood by business exposure: 

 

𝑅(𝑖, 𝑡) = 𝐿(𝑖, 𝑡) × 𝐸(𝑖)   (5) 

 

𝐸(𝑖) = 0.5 + 0.5 ×
𝑐(𝑖)+𝑠(𝑖)+𝑣(𝑖)

3
  (6) 

 

Each exposure factor is scored from 0 to 1. Criticality c 

reflects whether the part is on the bill of materials for 

constrained, high-margin or contractually penalized products 

(for example, a utility transformer with liquidated damages). 

Sourcing concentration s is 1 for single-source parts, 0.5 for 

dual-source parts with limited qualified capacity, and 0 for 

parts with readily qualified alternates. For positive 

replacement lead time, inventory vulnerability is v = min(1, 

lead time / max(weeks of coverage, δ)), using a small positive 

numerical floor δ and the same time units. Zero coverage with 

positive lead time gives v = 1; zero replacement lead time 

gives v = 0. Missing inputs require an unscored status and 

manual review. The multiplier ranges from 0.5 to 1.0, so a 

highly exposed part is escalated at a lower risk-index value 

than a non-critical, multi-source part. 

 

2.7. Alert Tiers and The Mitigation Playbook 

Scores are mapped to three alert tiers. To suppress one-week 

noise, an alert is raised only when the score exceeds the tier 

threshold for two consecutive weeks. The confirmation rule 

has a cost, because it consumes one week of warning; the first 

actionable alert, not the first threshold crossing, is therefore 

the point from which useful warning time is measured. Each 

tier is tied to a pre-approved set of actions with named owners 

(requirement R4), as shown in Table 2. Response windows 

shorten as the tier rises because the actions differ in cost and 

reversibility: confirming signals with a supplier costs little, 

whereas spot purchases and engineering approval of 

substitutes commit money and engineering capacity. This 

ordering reflects the distinction between mitigation actions 

taken in advance and contingency actions taken once a 

disruption is under way (Tomlin, 2006). 

 

Table 2: Alert tiers, thresholds and mitigation playbook 
 

Tier Score R Response window Pre-approved actions Owner 

Watch 50 to 64 Review within 1 week 
Confirm signals with supplier; verify open PO promise dates; check inventory 

coverage; flag in S&OP review 
Category buyer 

Alert 65 to 79 Act within 72 hours 
Supplier risk call and recovery plan; increase safety stock or pull forward buys; 

initiate alternate-source qualification; notify planning 

Supply chain 

manager 

Action 
80 and 

above 
Act within 24 hours 

Cross-functional response team; bridge buys or spot purchases; engineering 

approval of substitutes; production re-sequencing; customer communication 

where commitments are at risk 

Director, supply 

chain and 

operations 

Thresholds are set by explicit agreement on acceptable 

workload: managers decide how many false alerts per period 

they are willing to investigate in exchange for earlier warning 

(requirement R3). The thresholds in Table 2 (50, 65 and 80) 

are illustrative starting values that a firm would revise from 

its own action log. Section 3.2 illustrates the resulting trade-

off. 

 

2.8. BI Implementation 

The framework is designed to run within an existing BI 

environment. A weekly extract-transform-load job pulls ERP 

purchase order and receipt tables, supplier portal 

acknowledgment logs and third-party feeds into a supplier-

part fact table. Normalization and scoring run as scheduled  

SQL or Python transformations. The BI layer presents three 

views: a portfolio heat map of all supplier-part pairs by tier, 

a supplier drill-down showing which indicators drive the 

score, and an action log recording who responded, what was 

done and whether a disruption followed. The load job also 

records the refresh time of every feed, and the drill-down 

flags any score that rests on a stale, missing or inconsistent 

input, so that a reviewer can tell a supplier problem from a 

data problem (Hoeksema, 2019). This design follows the 

progression of BI from descriptive reporting toward 

predictive and prescriptive use (Chen et al., 2012). The action 

log closes the loop, supplying labeled outcomes for quarterly 

recalibration of thresholds and weights. 
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2.9. Design of the synthetic backtest 

The synthetic panel contains 80 supplier-part pairs observed 

weekly over 156 weeks, or 12,480 supplier-weeks. In the 

generator, a latent stress process for each pair is perturbed by 

random shocks, disruptions arise from elevated stress, and 

each of the seven indicators reflects that stress with its own 

lead and noise level; the generator produced 108 disruption 

events under the definition in Section 2.4. This use of 

simulation follows studies of how the timing of disruption 

and recovery shapes impact (Ivanov, 2020), but the 

parameters reflect practitioner-reported conditions rather 

than estimates from firm records. All results in Section 3 are 

therefore synthetic and illustrative: they show how the 

framework's thresholds trade detection against workload, not 

how it would perform at a specific manufacturer, and they 

should not be read as out-of-sample estimates. A field 

evaluation would separate training and testing in time, fitting 

normalization, weights and thresholds on training periods 

only, with a purge interval covering the eight-week prediction 

horizon. It would also group persistent signals into alarm 

episodes, keep event-level hit rates distinct from supplier-

week contingency measures, and estimate uncertainty with 

methods that account for repeated supplier observations and 

overlapping outcome windows. 

3. Results and Discussion 

3.1. Indicator Qualification Results 

Table 3 reports the illustrative lead times, NTS values and 

weights obtained on the synthetic panel. All seven NTS 

values are below one, so every indicator signals more often 

before disruptions than in tranquil weeks, which is the first 

qualification criterion of the signals approach (Kaminsky et 

al., 1998). Lead-time drift has the lowest NTS (0.15), the 

highest pre-event hit rate (0.44) and therefore the largest 

weight (0.192), while news sentiment has the highest NTS 

(0.24) and the smallest weight (0.118). Peak leads range from 

two weeks for OTD decline to eight weeks for financial 

health, matching the practitioner ordering in Section 2.1: 

delivery performance moves last, and balance-sheet stress of 

the kind captured by Z-score-type ratios (Altman, 1968) 

moves first. Peak cross-correlations are low (0.17 to 0.26), as 

expected for rare events, which is why qualification relies on 

NTS rather than correlation. Full qualification also depends 

on the response time of the relevant mitigation: a two-week 

OTD lead can support a bridge buy but cannot qualify a 

months-long alternate-source action (Section 3.4). The values 

demonstrate the intended weighting logic, not empirical 

indicator quality. 

 

Table 3: Leading-indicator qualification (synthetic panel) 
 

Indicator Peak lead (weeks) Peak cross-correlation NTS ratio Hit rate in pre-event window Composite weight 

OTD decline 2 0.26 0.22 0.35 0.129 

Lead-time drift 5 0.24 0.15 0.44 0.192 

PO acknowledgment delay 4 0.22 0.18 0.38 0.162 

Financial health 8 0.18 0.22 0.30 0.130 

Commodity index 6 0.19 0.19 0.33 0.147 

Freight index 3 0.19 0.23 0.31 0.121 

News sentiment 7 0.17 0.24 0.27 0.118 
Note: Synthetic panel. NTS computed with threshold z > 1.5 and an 8-week pre-event window. Hit rate is the share of pre-event weeks in which the indicator 
signaled. Weights are inverse-NTS normalized and sum to 1; they were computed from unrounded NTS values and may differ slightly from weights 

recomputed from the rounded ratios shown. 

 

3.2. Early-Warning Performance 

Table 4 compares, on the synthetic panel, the composite score 

at each tier threshold with two single-indicator monitors and 

an equal-weighted composite. An alarm counts as a correct 

warning if a disruption for the same supplier-part pair follows 

within 12 weeks; this evaluation window is wider than the 

eight-week qualification window so that indicators with the 

longest leads, such as financial health, are not penalized for 

early signals. Recall is the share of disruptions preceded by 

at least one alarm, precision is the share of alarms followed 

by a disruption, and median warning is the number of weeks 

between the first confirmed alarm and the disruption. 

Precision and the false-alarm rate per 100 supplier-weeks are 

reported alongside recall because the signals approach treats 

false signals in tranquil periods as a cost of equal standing 

with missed crises (Kaminsky et al., 1998). 
 

Table 4: Backtest performance on the synthetic panel (108 events, 80 supplier-part pairs, 156 weeks) 
 

Monitor Recall Precision Median warning (weeks) Total alarms False alarms per 100 supplier-weeks 

OTD only (z > 1.5) 0.82 0.44 2 216 0.96 

Lead-time drift only (z > 1.5) 0.76 0.43 5 210 0.95 

Equal-weight composite 0.82 0.31 6 320 1.77 

Composite, Watch (R ≥ 50) 0.82 0.31 6 314 1.75 

Composite, Alert (R ≥ 65) 0.74 0.41 5 207 0.98 

Composite, Action (R ≥ 80) 0.60 0.59 5 115 0.38 
Note: Synthetic panel. The exposure multiplier is set to 1.0 for all pairs in this illustration so that tiers reflect likelihood only. Alarms require two consecutive 

weeks above threshold. 

 

Three patterns stand out in these illustrative results. First, the 

composite at the Watch tier detects the same share of 

disruptions as OTD monitoring (82 percent) but does so with 

a median of six weeks of warning rather than two. For a 

buyer, those additional weeks are often the difference 

between a planned bridge buy and an emergency expedite. 

Second, raising the threshold improves precision sharply, 

from 0.31 at Watch to 0.59 at Action, and cuts false alarms 

per 100 supplier-weeks by nearly 80 percent (from 1.75 to 

0.38), at the cost of lower recall (from 0.82 to 0.60). This is 

the explicit workload trade-off described in Section 2.7, and 

it is why the tiers are tied to different response intensities 

rather than treated as a single binary alert. Third, inverse-NTS 

weighting performs about the same as equal weighting on this 
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panel, because the indicators were generated with similar 

quality. In real data, where indicator quality varies widely, 

the weighting step is expected to matter more, and the 

qualification procedure is what prevents weak indicators 

from entering the composite at all. 

On its own, lead-time drift matches the composite's Alert tier 

on this panel (recall 0.76 versus 0.74, precision 0.43 versus 

0.41, both with a five-week median warning). This is 

consistent with practitioner experience, although the 

synthetic design may favor it, and it has a practical 

implication: firms that cannot yet license external data could 

start by instrumenting lead-time drift and acknowledgment 

latency from their own ERP and supplier portal data, the two 

indicators with the largest weights in Table 3. The expected 

advantage of the composite lies less in average accuracy than 

in breadth, since it remains informative when a supplier's 

quoting behavior is stable but its finances or input markets 

deteriorate. Testing that expectation requires real supplier 

data, of the kind already used to predict late supplier 

deliveries in machinery manufacturing (Steinberg et al., 

2023). 

 

3.3. From Dashboards to Decisions 

The central design choice is to treat early warning as a 

decision system rather than a reporting system. Many BI 

deployments in procurement already display delivery 

metrics, spend and supplier scorecards. The framework adds 

three things those dashboards usually lack: evidence about 

which metrics lead disruption and by how much, a single 

score that separates likelihood from exposure, and a mapping 

from score to owned action. This reflects the practitioner 

lesson that mitigation moves fastest when actions are agreed 

before the alert arrives. It also responds to the observation 

that artificial intelligence research in supply chain risk 

management gives less attention to interpretability and 

integration with decision processes than to identification and 

assessment (Baryannis et al., 2019): the drill-down view 

explains each score, and the action log ties each score to what 

was done. Analytics capability contributes to resilience 

through risk management practice rather than on its own (Liu 

& Wei, 2022), which is the role the playbook gives the score. 

 

3.4. Matching Warning Time to Mitigation Time 

The usefulness of an indicator depends on whether its lead 

exceeds the time needed to respond. In power-systems 

manufacturing, responses vary widely in lead time: a bridge 

buy from distribution stock can take days, re-sequencing 

production one to two weeks, and qualifying an alternate 

source of a critical component months. Comparing Table 3 

with Table 2 makes the matching concrete. OTD decline, 

with a two-week lead reduced by one week of confirmation, 

supports Watch-tier verification and a bridge buy but leaves 

little or no margin for re-sequencing a constrained build. 

Lead-time drift and acknowledgment delay, at four to five 

weeks, cover re-sequencing and pull-forward buys. Even the 

longest-lead indicator, financial health at eight weeks, falls 

well short of the months needed to qualify an alternate source 

of a critical component. For such parts, warning cannot 

substitute for preparation: dual sourcing or strategic 

inventory must be decided before any alert, consistent with 

the distinction between mitigation and contingency strategies 

(Tomlin, 2006), and the system's role is to signal when to 

draw on that preparation. The Department of Energy's review 

of large power transformer supply identified limited domestic 

grain-oriented electrical steel production and long 

qualification cycles as structural vulnerabilities (U.S. 

Department of Energy, 2022b), which places many 

transformer components, together with large castings, in this 

category. Managers should therefore map each part family's 

fastest viable mitigation to the indicators whose lead exceeds 

it and give longer-lead signals such as supplier financial 

health and commodity indices more attention for strategic 

items, even though they are noisier. Upstream capital-project 

research reaches the same conclusion from the investment 

side, arguing that long-lead equipment, contractor capacity 

and logistics feasibility must enter the decision before 

commitment rather than after it (Nwangwu et al., 2021). 

 

3.5. Exposure-Aware Prioritization 

The exposure multiplier keeps attention on the parts that 

matter most. In practice, a manufacturer may track thousands 

of active supplier-part pairs; without exposure scaling, a 

commodity spike can trigger alerts across low-risk, multi-

source parts and bury the single-source component that 

actually threatens a utility delivery. Equation (6) makes the 

effect concrete. A critical (c = 1), single-source (s = 1) part 

whose replacement lead time exceeds its coverage (v = 1) has 

E = 1.0, whereas a non-critical part with readily qualified 

alternates and coverage far exceeding its replacement lead 

time has E close to 0.5. At the same likelihood index of 70, 

the first scores R = 70 and enters the Alert tier, while the 

second scores about 35 and raises no alert. The multiplier thus 

implements the observation that disruption severity depends 

on node criticality (Craighead et al., 2007) and that impact 

should be assessed separately from probability (Simchi-Levi 

et al., 2014). Because Table 4 fixes E at 1.0, its results 

describe likelihood screening only. Linking exposure to bill-

of-materials criticality and customer penalty terms aligns the 

early-warning system with the firm's continuity-of-supply 

commitments. 

 

3.6. Governance 

Sustained use requires governance. A recommended cadence 

is weekly review of Alert and Action tiers within the sales 

and operations planning process, monthly review of supplier 

drill-downs with category managers, and quarterly 

recalibration of thresholds and weights from the action log. 

Supplier collaboration can also improve signal quality: 

suppliers who share capacity and sub-tier information 

through portals reduce reliance on indirect proxies. 

Collaborative risk mitigation depends on the quality of the 

buyer-supplier relationship (Mwesiumo et al., 2021), and 

suppliers share information more readily when mutual 

interdependence is recognized (Kembro & Selviaridis, 2015). 

Firms should therefore be transparent with suppliers about 

the use of risk scores, explaining which signals drive an 

escalation, to avoid damaging relationships through 

unexplained escalation. 

 

3.7. Policy Relevance 

Federal policy has emphasized supply chain resilience for 

critical energy equipment since Executive Order 14017 

(2021) and the subsequent Department of Energy supply 

chain strategy (U.S. Department of Energy, 2022a). The 

Department's review of large power transformers and high-

voltage direct current systems (U.S. Department of Energy, 

2022b) assesses vulnerability at the level of the national 

supply base, whereas the framework here operates at the 
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supplier-part level inside one manufacturer. Firm-level early-

warning capability therefore complements these sector-level 

efforts: it identifies which suppliers and parts are under stress, 

while sector-level reviews identify which materials and 

capacities are scarce. Aggregated, anonymized risk signals 

from manufacturers could also inform industry and 

government monitoring of grid equipment supply, much as 

composite indices such as the Global Supply Chain Pressure 

Index summarize systemic pressure (Benigno et al., 2022), 

provided that confidentiality constraints on supplier-specific 

information are respected. 

 

3.8. Limitations and Future Research 

Several limitations should be noted. First, the evaluation uses 

synthetic data. Although the simulation reflects practitioner-

reported conditions, actual lead times, noise levels and event 

frequencies will differ by firm and commodity, the reported 

values are not out-of-sample estimates, and empirical 

validation on real shortage logs is the most important next 

step. Second, disruption events are rare for any single 

supplier-part pair, which makes threshold and weight 

estimates unstable early in deployment; pooling by 

commodity family and Bayesian shrinkage are promising 

remedies. Third, the framework detects supplier-level stress 

but has limited visibility into sub-tier suppliers, where many 

disruptions originate and from which they propagate (Scheibe 

& Blackhurst, 2018); integrating sub-tier mapping and 

supplier-shared data is a natural extension. Fourth, the 

logistic transform and inverse-NTS weights are deliberately 

simple. Future work could compare them with supervised 

learning models while preserving interpretability (Baryannis 

et al., 2019), for example through monotonic constraints or 

feature attribution. Finally, the cost side is not modeled 

explicitly. A natural extension would choose thresholds by 

minimizing the expected sum of false-alarm investigation 

cost and missed-disruption cost. 

 

4. Conclusion 

This paper set out a business-intelligence framework for 

supply-disruption early warning in power-systems 

manufacturing that links supplier signals to exposure, useful 

warning time and owned mitigation actions. Indicators enter 

the score only after qualification by lead time and noise-to-

signal ratio, likelihood is separated from exposure, alert 

thresholds are set by acceptable review workload, and each 

tier carries pre-approved actions and named owners. The 

composite score remains a risk propensity index until 

probability calibration is demonstrated. 

The synthetic illustration shows the trade-offs that the 

framework is designed to manage. On that panel, the 

composite at its lowest tier detected the same share of 

disruptions as delivery monitoring with three times the 

median warning, and raising the threshold improved 

precision while reducing recall and review workload. Lead-

time drift alone performed as well as the composite's middle 

tier, which suggests that firms can begin with signals already 

held in their ERP and supplier portal data. These results 

describe design behavior; they do not establish effectiveness 

in a manufacturing operation or prove loss prevention. 

Implementation depends on a small set of controls that keep 

escalation auditable: consistent signal definitions with 

timestamped availability, normalization on historical data 

only, an unscored status rather than a reassuring zero when 

indicators cannot be identified, consistent units for coverage 

and replacement lead time, and measurement of warning time 

from the first confirmed alert rather than the first threshold 

crossing. For long-lead strategic parts, where no indicator 

leads by as much as alternate-source qualification requires, 

the system complements dual sourcing and strategic 

inventory rather than replacing them. Reviews of longitudinal 

data trends in mature asset portfolios show that 

harmonization and quality control of long, non-stationary 

records are preconditions for trend analysis (Nwangwu et al., 

2022), which applies equally to the multi-year supplier 

histories from which the indicator baselines are computed. 

Prospective validation should use temporally separated 

training and testing with a purge interval covering the 

prediction horizon, group repeated signals into alarm 

episodes, and measure missed disruptions, actionable lead 

time, false alarms, reviewer workload and mitigation 

completion. Such evidence would allow thresholds to be 

calibrated for different supplier and product conditions and 

would show whether linking signals to exposure and response 

ownership improves continuity of supply in practice. 

 

References 

1. Abdulla A, Baryannis G. A hybrid multi-criteria 

decision-making and machine learning approach for 

explainable supplier selection. Supply Chain Anal. 

2024;7:100074. doi:10.1016/j.sca.2024.100074 

2. Aguila JO, ElMaraghy W. Supply chain resilience and 

structure: An evaluation framework. Procedia Manuf. 

2019;28:43-50. doi:10.1016/j.promfg.2018.12.008 

3. Ahmed W, Khan MA, Najmi A, Khan SA. Strategizing 

risk information sharing framework among supply chain 

partners for financial performance. Supply Chain Forum. 

2023;24(2):233-50. 

doi:10.1080/16258312.2022.2162321 

4. Aifuwa SE, Oshoba TO, Ogbuefi E, Ike PN, Nnabueze 

SB, Olatunde-Thorpe J. Predictive analytics models 

enhancing supply chain demand forecasting accuracy 

and reducing inventory management inefficiencies. Int J 

Multidiscip Res Growth Eval. 2020;1(3):171-81. 

doi:10.54660/.IJMRGE.2020.1.3.171-181 

5. Akbar HM, Isfianadewi D. The role of supply chain 

resilience to relationships supply chain risk management 

culture and firm performance during disruption. Int J Res 

Bus Soc Sci. 2023;12(2):643-52. 

doi:10.20525/ijrbs.v12i2.2392 

6. Akin-Oluyomi OT, Akhigbe R. A proposed supply chain 

analytics framework for improving forecasting accuracy 

and reducing bottlenecks. Int J Adv Multidiscip Res 

Stud. 2023;3(1):1686-703. 

doi:10.62225/2583049X.2023.3.1.5338 

7. Al Tera A, Alzubi A, Iyiola K. Supply chain 

digitalization and performance: A moderated mediation 

of supply chain visibility and supply chain survivability. 

Heliyon. 2024;10(4):e25584. 

doi:10.1016/j.heliyon.2024.e25584 

8. Al-Banna A, Rana ZA, Yaqot M, Menezes BC. Supply 

Chain Resilience, Industry 4.0, and Investment 

Interplays: A Review. Prod Manuf Res. 

2023;11(1):2227881. 

doi:10.1080/21693277.2023.2227881 

9. Al-Banna A, Yaqot M, Menezes B. Roadmap to digital 

supply chain resilience under investment constraints. 

Prod Manuf Res. 2023;11(1):2194943. 

doi:10.1080/21693277.2023.2194943 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2161 | P a g e  

 

10. Alfarsi F, Lemke F, Yang Y. The Importance of Supply 

Chain Resilience: An Empirical Investigation. Procedia 

Manuf. 2019;39:1525-9. 

doi:10.1016/j.promfg.2020.01.295 

11. Ali AAA, Sharabati AA, Alqurashi DR, Shkeer AS, 

Allahham M. The impact of artificial intelligence and 

supply chain collaboration on supply chain resilience: 

Mediating the effects of information sharing. Uncertain 

Supply Chain Manag. 2024;12(3):1801-12. 

doi:10.5267/j.uscm.2024.3.002 

12. Alora A, Barua MK. An integrated structural modelling 

and MICMAC analysis for supply chain disruption risk 

classification and prioritisation in India. Int J Value 

Chain Manag. 2019;10(1):1. 

doi:10.1504/ijvcm.2019.096538 

13. Altman EI. Financial ratios, discriminant analysis and 

the prediction of corporate bankruptcy. J Finance. 

1968;23(4):589-609. 

14. Ambulkar S, Blackhurst J, Grawe S. Firm's resilience to 

supply chain disruptions: Scale development and 

empirical examination. J Oper Manag. 2015;33-34:111-

22. doi:10.1016/j.jom.2014.11.002 

15. Anene UN. Supply chain resilience and risk management 

in global distribution networks: A review of advances 

post-disruption. Int J Eng Technol Res Manag. 

2021;5(11):137-61. 

16. Anvari A. The integration of LARG supply chain 

paradigms and supply chain sustainable performance (A 

case study of Iran). Prod Manuf Res. 2021;9(1):157-77. 

doi:10.1080/21693277.2021.1963349 

17. ARANI WN. ENHANCERS FOR BUILDING 

SUPPLY CHAIN RESILIENCE IN 

MANUFACTURING FIRMS IN KENYA. Strateg J Bus 

Change Manag. 2015;2(2). 

doi:10.61426/sjbcm.v2i2.146 

18. Aslam H, Khan AQ, Rashid K, Rehman S. Achieving 

supply chain resilience: the role of supply chain 

ambidexterity and supply chain agility. J Manuf Technol 

Manag. 2020;31(6):1185-204. doi:10.1108/jmtm-07-

2019-0263 

19. Azizah A, Santosa W, Satitidjati Dewayana T. The Role 

of Information Processing and Digital Supply Chain 

Technology in Supply Chain Resilience through Supply 

Chain Risk Management in Manufacturing Companies 

in DKI Jakarta. Asian J Eng Soc Health. 

2024;3(10):2268-81. doi:10.46799/ajesh.v3i10.420 

20. Baah C, Opoku Agyeman D, Acquah ISK, Agyabeng-

Mensah Y, Afum E, Issau K, et al. Effect of information 

sharing in supply chains: understanding the roles of 

supply chain visibility, agility, collaboration on supply 

chain performance. Benchmarking. 2021;29(2):434-55. 

doi:10.1108/bij-08-2020-0453 

21. Babu H, Yadav S. A supply chain risk assessment index 

for small and medium enterprises in post COVID-19 era. 

Supply Chain Anal. 2023;3:100023. 

doi:10.1016/j.sca.2023.100023 

22. BACHRACH DG, BENDOLY E. RIGOR IN 

BEHAVIORAL EXPERIMENTS: A BASIC PRIMER 

FOR SUPPLY CHAIN MANAGEMENT 

RESEARCHERS. J Supply Chain Manag. 2011;47(3):5-

8. doi:10.1111/j.1745-493x.2011.03230.x 

23. Badorf F, Wagner SM, Hoberg K, Papier F. How 

Supplier Economies of Scale Drive Supplier Selection 

Decisions. J Supply Chain Manag. 2019;55(3):45-67. 

doi:10.1111/jscm.12203 

24. Baryannis G, Validi S, Dani S, Antoniou G. Supply 

chain risk management and artificial intelligence: State 

of the art and future research directions. Int J Prod Res. 

2019;57(7):2179-202. 

25. Baycik NO. A quantitative approach for evaluating the 

impact of increased supply chain visibility. Supply Chain 

Anal. 2024;6:100065. doi:10.1016/j.sca.2024.100065 

26. Benigno G, di Giovanni J, Groen JJJ, Noble AI. The 

GSCPI: A new barometer of global supply chain 

pressures (Staff Report No. 1017). Federal Reserve Bank 

of New York; 2022. 

27. Bergman MA, Lundberg S. Tender evaluation and 

supplier selection methods in public procurement. J 

Purch Supply Manag. 2013;19(2):73-83. 

doi:10.1016/j.pursup.2013.02.003 

28. Bilsel RU, Ravindran AR. Modeling Disruption Risk in 

Supply Chain Risk Management. Int J Oper Res Inf Syst. 

2012;3(3):15-39. doi:10.4018/joris.2012070102 

29. Blom T, Niemann W. Managing reputational risk during 

supply chain disruption recovery: A triadic logistics 

outsourcing perspective. J Transp Supply Chain Manag. 

2022;16. doi:10.4102/jtscm.v16i0.623 

30. Cachon GP, Fisher M. Supply chain inventory 

management and the value of shared information. Manag 

Sci. 2000;46(8):1032-48. 

doi:10.1287/mnsc.46.8.1032.12029 

31. Calignano F, Mercurio V. An overview of the impact of 

additive manufacturing on supply chain, reshoring, and 

sustainability. Clean Logist Supply Chain. 

2023;7:100103. doi:10.1016/j.clscn.2023.100103 

32. Calçado R, Ávila L, Rosa MJ. Combining business 

process management and lean manufacturing to improve 

information and documentation flows: a case study. Bus 

Process Manag J. 2024;30(7):2564-85. 

doi:10.1108/bpmj-10-2023-0773 

33. Cao Y, Zhang X, Chen Z, Zhang Z, Wei H. Retracted: 

Construction of pollution risk early warning model for 

urban drinking water supply chain. Water Supply. 

2022;22(12):8540-56. doi:10.2166/ws.2022.353 

34. Caramia M, Stecca G. A quadratic-linear bilevel 

programming approach to green supply chain 

management. Supply Chain Anal. 2024;6:100064. 

doi:10.1016/j.sca.2024.100064 

35. Carbonara N, Pellegrino R. How do supply chain risk 

management flexibility-driven strategies perform in 

mitigating supply disruption risks?. Int J Integr Supply 

Manag. 2017;11(4):354. doi:10.1504/ijism.2017.089852 

36. Chandramohan J, Asoka Chakravarthi RP, Ramasamy 

U. A comprehensive inventory management system for 

non-instantaneous deteriorating items in supplier-

retailer-customer supply chains. Supply Chain Anal. 

2023;3:100015. doi:10.1016/j.sca.2023.100015 

37. Chatterjee P, Pandey R, Liu Y, Amini M. Optimal 

pricing policy for green products under supply 

disruption. Clean Logist Supply Chain. 2024;13:100186. 

doi:10.1016/j.clscn.2024.100186 

38. Chen H, Chiang RHL, Storey VC. Business intelligence 

and analytics: From big data to big impact. MIS Q. 

2012;36(4):1165-88. 

39. Chen S, Chen Y. Designing a resilient supply chain 

network under ambiguous information and disruption 

risk. Comput Chem Eng. 2023;179:108428. 

doi:10.1016/j.compchemeng.2023.108428 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2162 | P a g e  

 

40. Chopra S, Sodhi MS. Managing risk to avoid supply-

chain breakdown. MIT Sloan Manag Rev. 

2004;46(1):53-61. 

41. Choudhary D, Shankar R. Joint decision of procurement 

lot-size, supplier selection, and carrier selection. J Purch 

Supply Manag. 2013;19(1):16-26. 

doi:10.1016/j.pursup.2012.08.002 

42. Clottey T, Benton WC. Technical Note: 

Recommendations for Assessing Unit Nonresponse Bias 

in Dyadic Focused Empirical Supply Chain Management 

Research. Decis Sci. 2020;51(2):423-47. 

doi:10.1111/deci.12431 

43. Cockx R, Armbruster D, Bendul JC. Resource Sharing 

as Supply Chain Disruption Risk Management Measure. 

IFAC-PapersOnLine. 2019;52(13):802-7. 

doi:10.1016/j.ifacol.2019.11.228 

44. Computational Intelligence and Neuroscience. 

Retracted: A convolutional neural network-based model 

for supply chain financial risk early warning. Comput 

Intell Neurosci. 2023;2023:9864372. 

doi:10.1155/2023/9864372 

45. Cox A. Understanding Buyer and Supplier Power: A 

Framework for Procurement and Supply Competence. J 

Supply Chain Manag. 2001;37(1):8-15. 

doi:10.1111/j.1745-493x.2001.tb00094.x 

46. Craighead CW, Blackhurst J, Rungtusanatham MJ, 

Handfield RB. The severity of supply chain disruptions: 

Design characteristics and mitigation capabilities. Decis 

Sci. 2007;38(1):131-56. 

47. Deepika M. Selection of ideal supplier in e-procurement 

for manufacturing industry using intuitionistic fuzzy 

AHP. Int J Bus Perform Supply Chain Model. 

2023;14(1):56. doi:10.1504/ijbpscm.2023.130484 

48. Demiralay E, Paksoy T. Strategy development for 

supplier selection process with smart and sustainable 

criteria in fuzzy environment. Clean Logist Supply 

Chain. 2022;5:100076. doi:10.1016/j.clscn.2022.100076 

49. Dhaigude A, Kapoor R. The mediation role of supply 

chain agility on supply chain orientation-supply chain 

performance link. J Decis Syst. 2017;26(3):275-93. 

doi:10.1080/12460125.2017.1351862 

50. Diaz A. Governance of Supply Chains. Supply Chain 

Forum. 2006;7(2):2-3. 

doi:10.1080/16258312.2006.11517163 

51. Dolci PC, Maçada ACG, Paiva EL. Models for 

understanding the influence of Supply Chain 

Governance on Supply Chain Performance. Supply 

Chain Manag. 2017;22(5):424-41. doi:10.1108/scm-07-

2016-0260 

52. Duay D. Effects of Supply Chain Disruption Risk on 

Organizational Performance of Manufacturing Firms in 

CALABARZON region. Int J Res Publ. 2023;129(1). 

doi:10.47119/ijrp1001291720235285 

53. Dulia EF, Shihab SA. An integrated supply chain 

network design for advanced air mobility aircraft 

manufacturing using stochastic optimization. Supply 

Chain Anal. 2024;8:100083. 

doi:10.1016/j.sca.2024.100083 

54. Dymyt M, Wincewicz-Bosy M, Skubisz O. Challenges 

of additive manufacturing based supply chain resilience 

for the military logistics. Rocz bezpieczeństwa morsk. 

2024;xviii:857-72. Doi:10.5604/01.3001.0054.8333 

55. Ellis sc, shockley j, henry rm. Making sense of supply 

disruption risk research: a conceptual framework 

grounded in enactment theory. J supply chain manag. 

2011;47(2):65-96. Doi:10.1111/j.1745-

493x.2011.03217.x 

56. Emrouznejad A, Abbasi S, Sıcakyüz Ç. Supply chain 

risk management: A content analysis-based review of 

existing and emerging topics. Supply Chain Anal. 

2023;3:100031. doi:10.1016/j.sca.2023.100031 

57. Ermes T, Niemann W. Managing omni-channel reverse 

logistics risk during supply chain disruption recovery in 

the South African fashion industry. J Transp Supply 

Chain Manag. 2023;17. doi:10.4102/jtscm.v17i0.932 

58. Executive Order 14017. America's supply chains. Fed 

Regist. 2021;86:11849-54. 

59. Fawcett SE, McCarter MW. The Supply Chain Puzzle 

Game: Highlighting Behavioral Issues in SCM. Decis 

Sci J Innov Educ. 2006;4(2):337-42. doi:10.1111/j.1540-

4609.2006.00124.x 

60. Feng Y. System Dynamics Modeling for Supply Chain 

Information Sharing. Phys Procedia. 2012;25:1463-9. 

doi:10.1016/j.phpro.2012.03.263 

61. Ferrer G, Vastag G, Lee GM. Supply Chain Decisions in 

Governmental Organizations. Decis Sci. 

2016;47(6):995-7. doi:10.1111/deci.12263 

62. Fiedler A. An agent-based negotiation protocol for 

supply chain finance. Comput Ind Eng. 

2022;168:108136. doi:10.1016/j.cie.2022.108136 

63. Fleisch L, von Dzengelevski O. Supply chain resilience 

and international manufacturing strategy: a case study 

from the semiconductor industry. J Manuf Technol 

Manag. 2024;35(6):1151-74. doi:10.1108/jmtm-03-

2023-0091 

64. Francis V. Supply chain visibility: lost in translation?. 

Supply Chain Manag. 2008;13(3):180-4. 

doi:10.1108/13598540810871226 

65. Friesz TL. Supply chain disruption and risk 

management. Transp Res Part B. 2011;45(8):1125-7. 

doi:10.1016/j.trb.2011.05.020 

66. Fu XF, Li JJ, Li LX. Risk Fuzzy Measurement and 

Early-Warning of the Project in Material Supply Chain. 

Appl Mech Mater. 2012;226-228:1844-7. 

doi:10.4028/www.scientific.net/amm.226-228.1844 

67. Garzon FS, Enjolras M, Camargo M, Morel L. A green 

procurement methodology based on Kraljic Matrix for 

supplier`s evaluation and selection: a case study from the 

chemical sector. Supply Chain Forum. 2019;20(3):185-

201. doi:10.1080/16258312.2019.1622446 

68. Genc E, Duffie N, Reinhart G. Event-based Supply 

Chain Early Warning System for an Adaptive Production 

Control. Procedia CIRP. 2014;19:39-44. 

doi:10.1016/j.procir.2014.04.076 

69. Ghamari ZK. Supplier selection in multiple sourcing: a 

proactive approach to manage the supply chain risk. Int 

J Integr Supply Manag. 2020;13(1):54. 

doi:10.1504/ijism.2020.107779 

70. Ghassemi A, Asl-Najafi J, Yaghoubi S. A dynamic bi-

objective closed-loop supply chain network design 

considering supplier selection and remanufacturer 

subcontractors. Uncertain Supply Chain Manag. 

2018:117-34. doi:10.5267/j.uscm.2017.9.001 

71. Gillespie J. Integrating data-driven risk mitigation into 

supply chain planning and management. J Supply Chain 

Manag Logist Procure. 2023;6(1):35. 

doi:10.69554/gtmo5049 

72. Gligor DM. The Role of Supply Chain Agility in 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2163 | P a g e  

 

Achieving Supply Chain Fit. Decis Sci. 2016;47(3):524-

53. doi:10.1111/deci.12205 

73. Gomez‐Mejia LR, Martin G, Villena VH, Wiseman RM. 

The behavioral agency model: Revised concepts and 

implications for operations and supply chain research. 

Decis Sci. 2021;52(5):1026-38. doi:10.1111/deci.12547 

74. Gong X, Zaman SI, Zaman SAA, Khan S, Khan SA. The 

impact of the enablers of green supplier selection and 

procurement on supply chain performance. Int J Procure 

Manag. 2024;21(3):349-77. 

doi:10.1504/ijpm.2024.142031 

75. Goswami S, Engel T, Krcmar H. A comparative analysis 

of information visibility in two supply chain 

management information systems. J Enterp Inf Manag. 

2013;26(3):276-94. doi:10.1108/17410391311325234 

76. Gumus M, Love EC. Supply Chain Sourcing Game: A 

Negotiation Exercise. Decis Sci J Innov Educ. 

2012;11(1):3-12. doi:10.1111/j.1540-

4609.2012.00368.x 

77. Hada M, Grewal R, Lilien aGL. Purchasing Managers' 

Perceived Bias in Supplier‐Selected Referrals. J Supply 

Chain Manag. 2013;49(4):81-95. 

doi:10.1111/jscm.12007 

78. Hajmohammad S, Vachon S. Mitigation, Avoidance, or 

Acceptance? Managing Supplier Sustainability Risk. J 

Supply Chain Manag. 2015;52(2):48-65. 

doi:10.1111/jscm.12099 

79. Hamidu Z, Boachie-Mensah FO, Issau K. Supply chain 

resilience and performance of manufacturing firms: role 

of supply chain disruption. J Manuf Technol Manag. 

2023;34(3):361-82. doi:10.1108/jmtm-08-2022-0307 

80. Hammervoll T. Governance of Value Creation in Supply 

Chain Relationships. Supply Chain Forum. 

2011;12(2):116-26. 

doi:10.1080/16258312.2011.11517265 

81. Han Z, Huo B, Zhao X. Backward supply chain 

information sharing: who does it benefit?. Supply Chain 

Manag. 2021. doi:10.1108/scm-03-2019-0098 

82. Handayani DI. Risk Management Of Supplier-Buyer In 

Procurement Of Raw Materials For Improving Supply 

Chain Performance. J Manaj. 2018;22(3):293. 

doi:10.24912/jm.v22i3.423 

83. Hanson JD. Lead time reduction: early supplier 

involvement and the information supply chain. Int J 

Procure Manag. 2018;11(3):370. 

doi:10.1504/ijpm.2018.10010977 

84. Haq MZu, Aslam H. Impact of entrepreneurial 

leadership on supply chain performance: the mediating 

role of supply chain resilience. J Manuf Technol Manag. 

2023;34(5):694-712. doi:10.1108/jmtm-10-2022-0376 

85. He J, Alavifard F, Ivanov D, Jahani H. A real-option 

approach to mitigate disruption risk in the supply chain. 

Omega. 2019;88:133-49. 

doi:10.1016/j.omega.2018.08.008 

86. Hendricks KB, Singhal VR. An empirical analysis of the 

effect of supply chain disruptions on long-run stock price 

performance and equity risk of the firm. Prod Oper 

Manag. 2005;14(1):35-52. 

87. Hendriksen C. Artificial intelligence for supply chain 

management: Disruptive innovation or innovative 

disruption?. J Supply Chain Manag. 2023;59(3):65-76. 

doi:10.1111/jscm.12304 

88. Herden TT. Similarity-matching in decision-making 

processes of Supply Chain Analytics: a systematic 

literature review. Supply Chain Forum. 2017;18(1):13-

20. doi:10.1080/16258312.2017.1278670 

89. Hernández JE, Poler R, Mula J, Lario FC. The Reverse 

Logistic Process of an Automobile Supply Chain 

Network Supported by a Collaborative Decision-Making 

Model. Group Decis Negot. 2010;20(1):79-114. 

doi:10.1007/s10726-010-9205-7 

90. Hilali H, Dallery Y, Jemai Z, Sahin E. A decision support 

framework to improve flow management in a supply 

chain subject to risks. Supply Chain Forum. 

2024;25(3):337-52. 

doi:10.1080/16258312.2024.2335874 

91. Hoeksema M. Understanding and managing future risk: 

Case study on managing supply chain data. J Supply 

Chain Manag Logist Procure. 2019;2(2):122. 

doi:10.69554/cybf5613 

92. Hohn MM, Durach CF. Additive manufacturing in the 

apparel supply chain — impact on supply chain 

governance and social sustainability. Int J Oper Prod 

Manag. 2021;41(7):1035-59. doi:10.1108/ijopm-09-

2020-0654 

93. HUQ Z, BERNARDO JJ. The sensitivity of job mix and 

load capacity bottlenecks on inventory and due date 

performance in a manufacturing system. Prod Plan 

Control. 1995;6(6):516-29. 

doi:10.1080/09537289508930310 

94. Ibrahim M, Karollah B, Mahdani R. The effect of supply 

chain innovation and e-procurement implementation on 

supply chain performance of manufacturing 

organization. Uncertain Supply Chain Manag. 

2023;11(2):697-706. doi:10.5267/j.uscm.2023.1.011 

95. Ike PN, Ogbuefi E, Nnabueze SB, Olatunde-Thorpe J, 

Aifuwa SE, Oshoba TO, et al. Supplier relationship 

management strategies fostering innovation, 

collaboration, and resilience in global supply chain 

ecosystems. Int J Multidiscip Evol Res. 2021;2(2):52-62. 

doi:10.54660/IJMER.2021.2.2.52-62 

96. Inouye TM, Kling JA. From Farm to Cup: A Coffee 

Supply Chain Negotiation Role‐Play*. Decis Sci J Innov 

Educ. 2020;18(3):344-73. doi:10.1111/dsji.12215 

97. Ivanov D. Predicting the impacts of epidemic outbreaks 

on global supply chains: A simulation-based analysis on 

the coronavirus outbreak (COVID-19/SARS-CoV-2) 

case. Transp Res E Logist Transp Rev. 

2020;136:101922. 

98. Ivanov D, Dolgui A. A digital supply chain twin for 

managing the disruption risks and resilience in the era of 

Industry 4.0. Prod Plan Control. 2021;32(9):775-88. 

doi:10.1080/09537287.2020.1768450 

99. Ivanov D, Dolgui A, Sokolov B. The impact of digital 

technology and Industry 4.0 on the ripple effect and 

supply chain risk analytics. Int J Prod Res. 

2019;57(3):829-46. 

doi:10.1080/00207543.2018.1488086 

100. Jain K, Dubey A. Supply Chain Collaboration: A 

Governance Perspective. Supply Chain Forum. 

2005;6(2):50-7. doi:10.1080/16258312.2005.11517147 

101. Jamaludin M, Yuniarti Y, Rustandi I, Sumiati I, 

Oktavian A. The Impacts of Supply Chain 

Ambidexterity and Resource Flexibility on Supply 

Chain Resilience in Manufacturing SMES in Bandung, 

Indonesia. J Manaj Agribisnis. 2023. 

doi:10.17358/jma.20.2.330 

102. James K. Environmental Life Cycle Costs in the 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2164 | P a g e  

 

Australian Food Packaging Supply Chain. Int J Life 

Cycle Assess. 2003;8(4):243. doi:10.1007/bf02978479 

103. Kache F, Seuring S. Challenges and opportunities of 

digital information at the intersection of big data 

analytics and supply chain management. Int J Oper Prod 

Manag. 2017;37(1):10-36. doi:10.1108/IJOPM-02-

2015-0078 

104. Kaminsky G, Lizondo S, Reinhart CM. Leading 

indicators of currency crises. IMF Staff Pap. 

1998;45(1):1-48. 

105. Kankam G, Kyeremeh E, Som GNK, Charnor IT. 

Information quality and supply chain performance: The 

mediating role of information sharing. Supply Chain 

Anal. 2023;2:100005. doi:10.1016/j.sca.2023.100005 

106. Karthick B, Uthayakumar R. Impact of carbon emission 

reduction on supply chain model with manufacturing 

decisions and dynamic lead time under uncertain 

demand. Clean Logist Supply Chain. 2022;4:100037. 

doi:10.1016/j.clscn.2022.100037 

107. Kembro J, Selviaridis K. Exploring information sharing 

in the extended supply chain: an interdependence 

perspective. Supply Chain Manag. 2015;20(4):455-70. 

doi:10.1108/scm-07-2014-0252 

108. Khan AA, Abonyi J. Information sharing in supply 

chains – Interoperability in an era of circular economy. 

Clean Logist Supply Chain. 2022;5:100074. 

doi:10.1016/j.clscn.2022.100074 

109. Kim HS, Cho JH. Supply chain formation using agent 

negotiation. Decis Support Syst. 2010;49(1):77-90. 

doi:10.1016/j.dss.2010.01.004 

110. Kim MG, Hwang YM, Rho JJ. The impact of RFID 

utilization and supply chain information sharing on 

supply chain performance: Focusing on the moderating 

role of supply chain culture. Marit Econ Logist. 

2015;18(1):78-100. doi:10.1057/mel.2015.16 

111. Kim YH, Schoenherr T. The Effects of Supply Chain 

Integration on the Cost Efficiency of Contract 

Manufacturing. J Supply Chain Manag. 2018;54(3):42-

64. doi:10.1111/jscm.12168 

112. Kirchoff JF, Omar A, Fugate BS. A Behavioral Theory 

of Sustainable Supply Chain Management Decision 

Making in Non‐exemplar Firms. J Supply Chain Manag. 

2015;52(1):41-65. doi:10.1111/jscm.12098 

113. Kleindorfer PR, Saad GH. Managing disruption risks in 

supply chains. Prod Oper Manag. 2005;14(1):53-68. 

doi:10.1111/j.1937-5956.2005.tb00009.x 

114. Knemeyer AM, Naylor RW. Using Behavioral 

Experiments to Expand Our Horizons and Deepen Our 

Understanding of Logistics and Supply Chain Decision 

Making. J Bus Logist. 2011;32(4):296-302. 

doi:10.1111/j.0000-0000.2011.01025.x 

115. Konecka S. Theoretical principles of managing supply 

chain disruption risk. Studia Prace WNEiZ. 2016;43:35-

44. doi:10.18276/sip.2016.43/1-03 

116. Koçoğlu İ, İmamoğlu SZ, İnce H, Keskin H. The effect 

of supply chain integration on information 

sharing:Enhancing the supply chain performance. 

Procedia Soc Behav Sci. 2011;24:1630-49. 

doi:10.1016/j.sbspro.2011.09.016 

117. Le TT, Nhu QPV, Behl A. Role of digital supply chain 

in promoting sustainable supply chain performance: the 

mediating of supply chain integration and information 

sharing. Int J Logist Manag. 2024;36(5):1439-62. 

doi:10.1108/ijlm-01-2024-0031 

118. Lee H, Kim MS, Kim KK. Interorganizational 

information systems visibility and supply chain 

performance. Int J Inf Manag. 2014;34(2):285-95. 

doi:10.1016/j.ijinfomgt.2013.10.003 

119. Li HQ, Ru YH. Model of Supply Chain Disruption Risk 

Defense System. Appl Mech Mater. 2014;511-

512:1239-43. 

doi:10.4028/www.scientific.net/amm.511-512.1239 

120. Li Q, Li Y, Yuan T, Chen D. Analysis of Security 

Threats in the Supply Chain of ICT Products Based on 

Evolutionary Game Theory. Group Decis Negot. 

2023;32(5):1183-209. doi:10.1007/s10726-023-09839-9 

121. Liana L. Calibration of Managerial Resilience Strategies 

in Anticipating Global Supply Chain Disruptions within 

Export-Oriented Manufacturing Firms. Smart Int Manag 

J. 2024;1(3):29-40. doi:10.70076/simj.v1i3.157 

122. Liu H, Wei S. Leveraging supply chain disruption 

orientation for resilience: the roles of supply chain risk 

management practices and analytics capability. Int J 

Phys Distrib Logist Manag. 2022;52(9/10):771-90. 

doi:10.1108/ijpdlm-04-2021-0135 

123. Lu Q, Lu W, Jiang Y, Zhang Q. Impacts of supply chain 

finance on supply chain resilience: empirical evidence 

from a dynamic capability perspective. J Manuf Technol 

Manag. 2024;36(2):534-52. doi:10.1108/jmtm-04-2024-

0207 

124. Maghsoudi A, Pazirandeh A. Visibility, resource sharing 

and performance in supply chain relationships: insights 

from humanitarian practitioners. Supply Chain Manag. 

2016;21(1):125-39. doi:10.1108/scm-03-2015-0102 

125. Mahmoudzadeh M, Chaturvedi A. A Behavioral Model 

of Responsible Sourcing in Supply Chains: The Role of 

Dual-Sourcing Bias. Decis Anal. 2024;21(4):196-214. 

doi:10.1287/deca.2023.0010 

126. Malviya RK, Kant R, Kumar P, Lahane S, Pujara AA. A 

hybrid fuzzy decision-making trial and evaluation 

laboratory and multi-criteria decision-making approach 

for successful implementation of supply chain 

collaboration strategies. Supply Chain Anal. 

2024;5:100053. doi:10.1016/j.sca.2023.100053 

127. Manatsa PR, McLaren TS. Information Sharing in a 

Supply Chain: Using Agency Theory to Guide the 

Design of Incentives. Supply Chain Forum. 

2008;9(1):18-26. 

doi:10.1080/16258312.2008.11517187 

128. Manousiadou A. Behavioral theories in inventory 

management and forecasting: Driving supply chain 

resilience. J Supply Chain Manag Sci. 2024;5(3-4):143-

58. doi:10.59490/jscms.2024.7758 

129. Mao J, Zhou Y, Shan L, Cheng J. Optimization of straw 

supply chain considering carbon emissions, supply 

uncertainty and facility disruption risk. Environ Dev 

Sustain. 2024;28(2):4855-89. doi:10.1007/s10668-024-

05165-5 

130. Mbonu IS, Iwuanyanwu U, Aliliele C, Uzoka E. A 

conceptual framework for agile supply chain digital 

transformation with embedded IT risk and ISO 

compliance controls. Iconic Res Eng J. 2020;3(11):566-

93. doi:10.64388/IREV3I11-1714916 

131. Mehmood S, Nazir S, Fan J, Nazir Z. RETRACTED: 

Achieving supply chain sustainability: enhancing supply 

chain resilience, organizational performance, innovation 

and information sharing: empirical evidence from 

Chinese SMEs. Mod Supply Chain Res Appl. 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2165 | P a g e  

 

2024;7(1):2-29. doi:10.1108/mscra-01-2024-0002 

132. Messina D, Soares AL, Barros AC, Zimmermann R. 

How visible is your supply chain? A model for supply 

chain visibility assessment. Supply Chain Forum. 

2022;24(4):462-74. 

doi:10.1080/16258312.2022.2079955 

133. Micheli GJ, Cagno E, Zorzini M. Supply risk 

management vs supplier selection to manage the supply 

risk in the EPC supply chain. Manag Res News. 

2008;31(11):846-66. doi:10.1108/01409170810913042 

134. Mizgier KJ. Digital transformation of procurement: A 

supply chain risk perspective. J Supply Chain Manag 

Logist Procure. 2024;7(1):74. doi:10.69554/qaah3250 

135. Mohammed IA. Artificial Intelligence In Supplier 

Selection And Performance Monitoring: A Framework 

For Supply Chain Managers. Educ Adm Theory Pract. 

2023. doi:10.53555/kuey.v29i3.8650 

136. Moosavi J, Fathollahi-Fard AM, Dulebenets MA. 

Supply chain disruption during the COVID-19 

pandemic: Recognizing potential disruption 

management strategies. Int J Disaster Risk Reduct. 

2022;75:102983. doi:10.1016/j.ijdrr.2022.102983 

137. Muhwezi M, Mutebi H, Tukamuhabwa B, Mayanja SS, 

Izimba Kasiko I, Balunywa R. Supply chain information 

integration, supply chain innovativeness and supply 

chain resilience among manufacturing firms in a 

developing context. Contin Resil Rev. 2023;5(3):229-

48. doi:10.1108/crr-12-2022-0034 

138. Mwesiumo D, Nujen BB, Buvik A. Driving 

collaborative supply risk mitigation in buyer-supplier 

relationships. Supply Chain Forum. 2021;22(4):347-59. 

doi:10.1080/16258312.2021.1932567 

139. Nagy J, Foltin P. Increase supply chain resilience by 

applying early warning signals within big-data analysis. 

Ekonomski Vjesnik. 2022;35(2):467-81. 

doi:10.51680/ev.35.2.17 

140. Noh J, Hwang S. Optimization Model for the Energy 

Supply Chain Management Problem of Supplier 

Selection in Emergency Procurement. Systems. 

2023;11(1):48. doi:10.3390/systems11010048 

141. Nwangwu CV, Duvbiama-Owasanoye OA, Akano OA. 

Aligning capital budgeting with field development 

execution in the upstream petroleum sector. 

Gyanshauryam Int Sci Ref Res J. 2021;4(4):259-82. 

142. Nwangwu CV, Duvbiama-Owasanoye OA, Akano OA. 

Resource discovery in mature asset portfolios: A review 

of longitudinal data trends for subsurface value 

extraction. Gyanshauryam Int Sci Ref Res J. 

2022;5(3):503-24. 

143. Okwesa IJ, Ashore-Onisemo F, Oyesiji SO, Abdulmalik 

AU. Predictive risk analytics for early-warning systems 

in enterprise technology estates. Shodhshauryam Int Sci 

Ref Res J. 2024;7(6):327-86. 

doi:10.32628/SHISRRJ24797 

144. Omitoyin G, Towobola A, Olayemi S. Digital supply 

chain governance integrating transparency, traceability, 

and risk management across global networks and 

compliance. Asian J Manag Commer. 2024;5(2):836-47. 

doi:10.22271/27084515.2024.v5.i2i.936 

145. Opoku RK. Green manufacturing, supply chain 

alertness, supply chain preparedness and manufacturing 

performance in a developing economy. J Manuf Technol 

Manag. 2024;35(8):1486-507. doi:10.1108/jmtm-02-

2024-0105 

146. Parast MM, Subramanian N. An examination of the 

effect of supply chain disruption risk drivers on 

organizational performance: evidence from Chinese 

supply chains. Supply Chain Manag. 2021;26(4):548-62. 

doi:10.1108/scm-07-2020-0313 

147. Park K, Min H, Min S. Inter-relationship among risk 

taking propensity, supply chain security practices, and 

supply chain disruption occurrence. J Purch Supply 

Manag. 2016;22(2):120-30. 

doi:10.1016/j.pursup.2015.12.001 

148. Pellegrino R. Supply Chain Finance: How Do Supply 

Chain Strategies Perform in Mitigating Supply Chain 

Disruption and Commodity Price Volatility Risks?. 

IEEE Eng Manag Rev. 2024;52(2):116-33. 

doi:10.1109/emr.2024.3358104 

149. Petersen KJ, Handfield RB, Ragatz GL. Supplier 

integration into new product development: Coordinating 

product, process and supply chain design. J Oper Manag. 

2005;23(3-4):371-88. 

150. Pietukhov R, Ahtamad M, Faraji-Niri M, El-Said T. A 

hybrid forecasting model with logistic regression and 

neural networks for improving key performance 

indicators in supply chains. Supply Chain Anal. 

2023;4:100041. doi:10.1016/j.sca.2023.100041 

151. Pundir S, Garg H, Singh D, Rana PS. A systematic 

review of supply chain analytics for targeted ads in E-

commerce. Supply Chain Anal. 2024;8:100085. 

doi:10.1016/j.sca.2024.100085 

152. Purwanto A, Juliana J. The effect of supplier 

performance and transformational supply chain 

leadership style on supply chain performance in 

manufacturing companies. Uncertain Supply Chain 

Manag. 2022;10(2):511-6. 

doi:10.5267/j.uscm.2021.12.001 

153. Rahman MS, Gani MO, Fatema B, Takahashi Y. B2B 

firms’ supply chain resilience orientation in achieving 

sustainable supply chain performance. Sustain Manuf 

Serv Econ. 2023;2:100011. 

doi:10.1016/j.smse.2023.100011 

154. Rahman S, Hossain NUI, Govindan K, Nur F, Bappy M. 

Assessing cyber resilience of additive manufacturing 

supply chain leveraging data fusion technique: A model 

to generate cyber resilience index of a supply chain. 

CIRP J Manuf Sci Technol. 2021;35:911-28. 

doi:10.1016/j.cirpj.2021.09.008 

155. Raj Sinha P, Whitman LE, Malzahn D. Methodology to 

mitigate supplier risk in an aerospace supply chain. 

Supply Chain Manag. 2004;9(2):154-68. 

doi:10.1108/13598540410527051 

156. Reinecke J, Donaghey J. Towards Worker‐Driven 

Supply Chain Governance: Developing Decent Work 

Through Democratic Worker Participation. J Supply 

Chain Manag. 2020;57(2):14-28. 

doi:10.1111/jscm.12250 

157. Rienkhemaniyom K, Ravindran AR. Global Supply 

Chain Network Design Incorporating Disruption Risk.  



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2166 | P a g e  

 

Int J Bus Anal. 2014;1(3):37-62. 

doi:10.4018/ijban.2014070103 

158. Ruel S, Evrard-Samuel K, Vignard N. Collaboration and 

Information Sharing in an Internal Supply Chain during 

an Innovation Project. Supply Chain Forum. 

2013;14(4):32-41. 

doi:10.1080/16258312.2013.11517326 

159. Saleh ZM, Roslin RM. Supply Chain Integration 

Strategy: A Conceptual Model of Supply Chain 

Relational Capital Enabler in the Malaysian Food 

Processing Industry. Procedia Soc Behav Sci. 

2015;172:585-90. doi:10.1016/j.sbspro.2015.01.406 

160. Saleheen F, Habib MM. Supply Chain Resilience during 

Disruption: A Study on Supply Chain Performance 

Measurement. Int Supply Chain Technol J. 2023;9(2). 

doi:10.20545/isctj.v09.i02.02 

161. Sanders NR, Graman GA. Impact of Bias Magnification 

on Supply Chain Costs: The Mitigating Role of Forecast 

Sharing. Decis Sci. 2016;47(5):881-906. 

doi:10.1111/deci.12208 

162. Sari VP, Santosa W, SD T. THE EFFECT OF BIG 

DATA ANALYTICAL CAPABILITIES, SUPPLY 

CHAIN INTEGRATION AND SUPPLY CHAIN 

RESILIENCE ON SUPPLY CHAIN PERFORMANCE. 

Glob Res Rev Bus Econ. 2023;9(1):49-56. 

doi:10.56805/grrbe.23.9.1.6 

163. Sarkis J, Talluri S. A Model for Strategic Supplier 

Selection. J Supply Chain Manag. 2002;38(4):18-28. 

doi:10.1111/j.1745-493x.2002.tb00117.x 

164. Scheibe KP, Blackhurst J. Supply chain disruption 

propagation: A systemic risk and normal accident theory 

perspective. Int J Prod Res. 2018;56(1-2):43-59. 

doi:10.1080/00207543.2017.1355123 

165. Schmitt AJ. Strategies for Customer Service Level 

Protection under Multi-Echelon Supply Chain 

Disruption Risk. SSRN Electron J. 2011. 

doi:10.2139/ssrn.1433512 

166. Schonberger RJ. The disintegration of lean 

manufacturing and lean management. Bus Horiz. 

2019;62(3):359-71. doi:10.1016/j.bushor.2019.01.004 

167. Setyawan Firmansyah H, Siagian H. Impact of 

Information Sharing on Supply Chain Performance 

through Supplier Quality Management, Supply Chain 

Agility, and Supply Chain Innovation. Petra Int J Bus 

Stud. 2022;5(2):119-31. doi:10.9744/ijbs.5.2.119-131 

168. Seyedan M, Mafakheri F, Wang C. Order-up-to-level 

inventory optimization model using time-series demand 

forecasting with ensemble deep learning. Supply Chain 

Anal. 2023;3:100024. doi:10.1016/j.sca.2023.100024 

169. Sezen B. Relative effects of design, integration and 

information sharing on supply chain performance. 

Supply Chain Manag. 2008;13(3):233-40. 

doi:10.1108/13598540810871271 

170. Shafique MN, Yeo SF, Tan CL. Roles of top 

management support and compatibility in big data 

predictive analytics for supply chain collaboration and 

supply chain performance. Technol Forecast Soc 

Change. 2024;199:123074. 

doi:10.1016/j.techfore.2023.123074 

171. Shahzad A, Irfan M. Enhancing Supply Chain Resilience 

Through Supply Chain Finance: Moderating Role of 

Supply Chain Disruption. Pak J Commer Soc Sci. 

2024:306. doi:10.64534/commer.2024.042 

172. Sheffi Y. The resilient enterprise: Overcoming 

vulnerability for competitive advantage. Cambridge 

(MA): MIT Press; 2005. 

173. Shirgholami Z, Cole R, Aitken J. Shifting the perspective 

on labor exploitation: Non‐commercial organizations' 

contribution toward supply chain governance. J Supply 

Chain Manag. 2024;60(3):59-78. 

doi:10.1111/jscm.12321 

174. SIEMSEN E. THE USEFULNESS OF BEHAVIORAL 

LABORATORY EXPERIMENTS IN SUPPLY CHAIN 

MANAGEMENT RESEARCH. J Supply Chain Manag. 

2011;47(3):17-8. doi:10.1111/j.1745-

493x.2011.03227.x 

175. Simchi-Levi D, Schmidt W, Wei Y. From superstorms 

to factory fires: Managing unpredictable supply-chain 

disruptions. Harv Bus Rev. 2014;92(1-2):96-101. 

176. Simchi-Levi D, Schmidt W, Wei Y, Zhang PY, Combs 

K, Ge Y, et al. Identifying risks and mitigating 

disruptions in the automotive supply chain. Interfaces. 

2015;45(5):375-90. doi:10.1287/inte.2015.0804 

177. Singh G, Singh S, Daultani Y, Chouhan M. Measuring 

the influence of digital twins on the sustainability of 

manufacturing supply chain: A mediating role of supply 

chain resilience and performance. Comput Ind Eng. 

2023;186:109711. doi:10.1016/j.cie.2023.109711 

178. Singh NP, Singh S. Building supply chain risk resilience. 

Benchmarking. 2019;26(7):2318-42. doi:10.1108/bij-

10-2018-0346 

179. Steinberg F, Burggräf P, Wagner J, Heinbach B, 

Saßmannshausen T, Brintrup A. A novel machine 

learning model for predicting late supplier deliveries of 

low-volume-high-variety products with application in a 

German machinery industry. Supply Chain Anal. 

2023;1:100003. doi:10.1016/j.sca.2023.100003 

180. Stephens AR, Kang M, Robb CA. Linking Supply Chain 

Disruption Orientation to Supply Chain Resilience and 

Market Performance with the Stimulus–Organism–

Response Model. J Risk Financ Manag. 2022;15(5):227. 

doi:10.3390/jrfm15050227 

181. Straube F, Durach CF, Phung J. Developing and 

applying a supplier selection model to account for 

supplier risk impacts. Supply Chain Forum. 

2016;17(2):68-77. 

doi:10.1080/16258312.2016.1171958 

182. Sukati I, Hamid AB, Baharun R, Yusoff RM. The Study 

of Supply Chain Management Strategy and Practices on 

Supply Chain Performance. Procedia Soc Behav Sci. 

2012;40:225-33. doi:10.1016/j.sbspro.2012.03.185 

183. Tachizawa EM, Wong CY. The Performance of Green 

Supply Chain Management Governance Mechanisms: A 

Supply Network and Complexity Perspective. J Supply 

Chain Manag. 2015;51(3):18-32. 

doi:10.1111/jscm.12072 

184. Tadayonrad Y, Ndiaye AB. A new key performance 

indicator model for demand forecasting in inventory 

management considering supply chain reliability and 

seasonality. Supply Chain Anal. 2023;3:100026. 

doi:10.1016/j.sca.2023.100026 

185. Taghiyeh S, Lengacher DC, Sadeghi AH, Sahebi-

Fakhrabad A, Handfield RB. A novel multi-phase 

hierarchical forecasting approach with machine learning 

in supply chain management. Supply Chain Anal. 

2023;3:100032. doi:10.1016/j.sca.2023.100032 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2167 | P a g e  

 

186. Tang CS. Perspectives in supply chain risk management. 

Int J Prod Econ. 2006;103(2):451-88. 

187. Tavana M. Reinventing the future supply chains with 

disruptive technologies. Supply Chain Anal. 

2023;4:100047. doi:10.1016/j.sca.2023.100047 

188. Tigga GA, Kannabiran G, Arumugam V. Exploring 

relationships among IT advancement, IT assimilation, 

supply chain capabilities and supply chain performance. 

J Decis Syst. 2021;30(4):414-38. 

doi:10.1080/12460125.2021.1873022 

189. Tolonen A, Haapasalo H, Harkonen J, Verrollot J. 

Supply chain capability creation – The creation of the 

supply chain readiness for a new product during product 

development process. Int J Prod Econ. 2017;194:237-45. 

doi:10.1016/j.ijpe.2017.09.007 

190. Tomlin B. On the value of mitigation and contingency 

strategies for managing supply chain disruption risks. 

Manag Sci. 2006;52(5):639-57. 

191. U.S. Department of Energy. America's strategy to secure 

the supply chain for a robust clean energy transition. 

Washington (DC): U.S. Department of Energy; 2022a. 

192. U.S. Department of Energy. Electric grid supply chain 

review: Large power transformers and high voltage 

direct current systems. Washington (DC): U.S. 

Department of Energy; 2022b. 

193. Uchechi N, Ominyi M, Anichukwueze CC, Jones BC. 

Force majeure and contractual resilience in global 

energy supply chains: A systematic review. Int J 

Multidiscip Res Growth Eval. 2020;1(5):1247-64. 

doi:10.54660/.IJMRGE.2020.1.5.1247-1264 

194. Uzsoy R, Fowler JW, Mönch L. A survey of 

semiconductor supply chain models Part II: demand 

planning, inventory management, and capacity planning. 

Int J Prod Res. 2018;56(13):4546-64. 

doi:10.1080/00207543.2018.1424363 

195. Vaandrager C. Optimizing risk mitigation in maritime 

supply chains through strategic supplier relationship 

management. J Supply Chain Manag Sci. 2024;5(1-

2):48-65. doi:10.59490/jscms.2024.7478 

196. Vafadarnikjoo A, Moktadir MA, Paul SK, Ali SM. A 

novel grey multi-objective binary linear programming 

model for risk assessment in supply chain management. 

Supply Chain Anal. 2023;2:100012. 

doi:10.1016/j.sca.2023.100012 

197. van Hoek R. Postponed manufacturing: a case study in 

the food supply chain. Supply Chain Manag. 

1997;2(2):63-75. doi:10.1108/13598549710166113 

198. Villar A, Abowitz S, Read R, Butler J. Maximizing 

Supply Chain Resilience: Viability of a Distributed 

Manufacturing Network Platform Using the Open 

Knowledge Resilience Framework. Oper Res Forum. 

2024;5(2):26. doi:10.1007/s43069-024-00303-1 

199. Viswanadham N, Samvedi A. Supplier selection based 

on supply chain ecosystem, performance and risk 

criteria. Int J Prod Res. 2013;51(21):6484-98. 

doi:10.1080/00207543.2013.825056 

200. Vo VD, Mainetti N, Fenies P. Traceability and 

transaction governance: a transaction cost analysis in 

seafood supply chain. Supply Chain Forum. 

2016;17(3):125-35. 

doi:10.1080/16258312.2016.1188588 

201. Vonderembse MA, Tracey M. The Impact of Supplier 

Selection Criteria and Supplier Involvement on 

Manufacturing Performance. J Supply Chain Manag. 

1999;35(2):33-9. doi:10.1111/j.1745-

493x.1999.tb00060.x 

202. Wagner SM, Bode C. An empirical examination of 

supply chain performance along several dimensions of 

risk. J Bus Logist. 2008;29(1):307-25. 

203. Wang J. Multimodal Deep Learning Approach for Early 

Warning of Supply Chain Disruptions Using NLP and 

Anomaly Detection. Artif Intell Mach Learn Rev. 

2024;5(3):98-110. doi:10.69987/aimlr.2024.50308 

204. Wang J, Zhou H, Zhao Y. Behavior Evolution of Supply 

Chain Networks Under Disruption Risk — from Aspects 

of Time Dynamic and Spatial Feature. SSRN Electron J. 

2022. doi:10.2139/ssrn.4003129 

205. Wang M, Wang H, Vogel D, Kumar K, Chiu DK. Agent-

based negotiation and decision making for dynamic 

supply chain formation. Eng Appl Artif Intell. 

2009;22(7):1046-55. 

doi:10.1016/j.engappai.2008.09.001 

206. Wang X, Chen G, Xu S. Bi-objective green supply chain 

network design under disruption risk through an 

extended NSGA-II algorithm. Clean Logist Supply 

Chain. 2022;3:100025. doi:10.1016/j.clscn.2021.100025 

207. Wildgoose N, Brennan P, Thompson S. Understanding 

your supply chain to reduce the risk of supply chain 

disruption. J Bus Contin Emerg Plan. 2012;6(1):55. 

doi:10.69554/qrnj4967 

208. Wu K. A mixed inventory model with variable lead time 

and random supplier capacity. Prod Plan Control. 

2001;12(4):353-61. doi:10.1080/09537280152004978 

209. Yan R, Ghose S. Cooperative Pricing Under Forecasting 

Sharing in the Manufacturer-E-Retailer Supply Chain. 

Int J Inf Syst Supply Chain Manag. 2008;1(2):1-18. 

doi:10.4018/jisscm.2008040101 

210. Yang X, Jiang H, Chen W. Evolutionary Game Analysis 

of Cross-Border E-Commerce Logistics Alliance 

Subject Considering Supply Chain Disruption Risk. 

Sustainability. 2023;15(23):16350. 

doi:10.3390/su152316350 

211. Ye Y, Suleiman MA, Huo B. Impact of just-in-time (JIT) 

on supply chain disruption risk: the moderating role of 

supply chain centralization. Ind Manag Data Syst. 

2022;122(7):1665-85. doi:10.1108/imds-09-2021-0552 

212. Yin M, Li G. Supply Chain Financial Default Risk Early 

Warning System Based on Particle Swarm Optimization 

Algorithm. Math Probl Eng. 2022;2022:1-7. 

doi:10.1155/2022/7255967 

213. Zahraee SM, Shiwakoti N, Stasinopoulos P. Agricultural 

biomass supply chain resilience: COVID-19 outbreak vs. 

sustainability compliance, technological change, 

uncertainties, and policies. Clean Logist Supply Chain. 

2022;4:100049. doi:10.1016/j.clscn.2022.100049 

214. Zambujal-Oliveira J. Supply Chain Innovation 

Research: A Conceptual Approach of Information 

Management with Game Theory. Group Decis Negot. 

2019;30(2):377-94. doi:10.1007/s10726-019-09640-7 

215. Zerga S. Additive manufacturing supplier risk 

mitigation. J Supply Chain Manag Logist Procure. 

2019;2(2):111. doi:10.69554/dbam7420 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    2168 | P a g e  

 

216. Zhang Q, Feng Y, You L. Research on the Impact of 

Supply Chain Integration on Supply Chain Resilience in 

NEV Manufacturing Enterprises. Sustainability. 

2024;16(19):8546. doi:10.3390/su16198546 

217. Zhao X, Xie J, Zhang W. The impact of information 

sharing and ordering co‐ordination on supply chain 

performance. Supply Chain Manag. 2002;7(1):24-40. 

doi:10.1108/13598540210414364 

218. Zhu Q, Sarkis J. Relationships between operational 

practices and performance among early adopters of 

green supply chain management practices in Chinese 

manufacturing enterprises. J Oper Manag. 

2004;22(3):265-89. doi:10.1016/j.jom.2004.01.005 

219. Özaşkın A, Görener A. An integrated multi-criteria 

decision-making approach for overcoming barriers to 

green supply chain management and prioritizing 

alternative solutions. Supply Chain Anal. 

2023;3:100027. doi:10.1016/j.sca.2023.100027 

220. Žic S, Žic J, Đukić G. Efficient planning and 

optimization of inventory replenishments for sustainable 

supply chains operating under (R, s, S) policy. Sustain 

Futures. 2023;5:100110. doi:10.1016/j.sftr.2023.100110 

 


