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Abstract: The COVID-19 pandemic exposed the fragility of globally optimised, lean supply chains, and the 

shocks that followed, including the war in Ukraine, port congestion and regional conflicts, have shown that 

disruption is now a recurring condition rather than an exceptional event. This paper proposes Resilience in 

Motion, a five-stage framework (Sense, Absorb, Adapt, Recover and Learn) for mitigating global supply chain 

disruptions in the post-pandemic era. The framework is grounded in a taxonomy of four disruption categories 

(direct outbreak effects, policy-induced disruptions, behaviour-induced disruptions and strategy-induced 

disruptions) and in an analysis of the Global Supply Chain Pressure Index, which shows that the pandemic-era 

peak exceeded four standard deviations above the long-run average, more than four times the level recorded in 

the global financial crisis. We formalise the framework with models of severity, safety stock under lead-time 

uncertainty, the bullwhip effect, supplier concentration, ripple-effect propagation and a composite resilience 

score. The framework was evaluated by simulating a four-tier, 60-node global network under four disruption 

scenarios, one for each category, and comparing a lean single-sourced baseline with buffer inventory, dual 

sourcing, regionalisation, digital visibility and the integrated framework. In the factory-shutdown cascade 

scenario the baseline fill rate fell to 41% and needed 26 weeks to recover, whereas the integrated framework 

limited the fall to 86% and recovered in 7 weeks. Each single strategy cost more than it saved in expected terms, 

while the integrated framework reduced total expected cost by 5.3%. The findings indicate that resilience results 

from coordinated, complementary measures rather than from any single lever, and that the cost of building it is 

repaid through the avoided losses of disruption. 

Keywords: Supply Chain Resilience, Global Value Chains, Post-Pandemic Disruption, Ripple Effect, Bullwhip 
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I. INTRODUCTION 

For three decades the dominant logic of global supply chain design was efficiency. Firms concentrated 

production where costs were lowest, reduced inventories through just-in-time replenishment, consolidated 

suppliers to obtain volume discounts and relied on long, finely tuned logistics networks. The result was a 

remarkable reduction in cost and a global value chain in which each country and firm specialised in a narrow 

task and did not produce the whole product. This system performed well under stable conditions, but it contained 

little slack, and its tight coupling meant that a disturbance in one place could propagate rapidly to many others 

[4], [7]. 

The COVID-19 pandemic demonstrated this vulnerability on a global scale. Factory closures, port restrictions, 

labour shortages and export controls interrupted flows of raw materials, components and finished goods at the 

same time that demand shifted abruptly between categories of products. Shortages of essential medical 

equipment, semiconductors and consumer goods followed, and delays and prices rose across the world [8], [9]. 

The scale of the shock can be seen in the Global Supply Chain Pressure Index (GSCPI), which combines 

transport costs and manufacturing survey indicators into a single measure expressed in standard deviations from 

its historical average [20]. As Fig. 1 shows, the index fluctuated within roughly one standard deviation of zero 

for most of the period from 2005 to 2019, with modest rises at the global financial crisis and at Brexit. It then 

rose sharply during the pandemic to above three standard deviations, and climbed further to more than four at 

the end of 2021 in what is widely described as the global supply chain crisis. A second rise followed the war in 

Ukraine in 2022. 
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Figure 1: Global Supply Chain Pressure Index (GSCPI), 2005-2024, with major disruption episodes annotated 

By 2023 the index had returned to and even below its long-run average, which might suggest that the crisis was 

over. That interpretation would be mistaken. Geopolitical rivalry, trade restrictions, climate-related events, cyber 

attacks and conflicts continue to threaten critical nodes and routes, and the post-pandemic environment is 

characterised by chronic uncertainty rather than a single recoverable shock. Industry analyses indicate that 

serious disruptions of a month or more should be expected to occur repeatedly over a decade and to erode a 

substantial part of annual profit over that period [19]. Boards and policymakers have therefore turned to 

resilience, but they face real trade-offs. Redundancy costs money; reshoring may reduce flexibility and raise 

costs; and visibility technologies require investment and data sharing. Firms lack consistent, quantified guidance 

on which measures to combine, in what proportion and with what expected return. 

The objective of this research is to develop and evaluate an integrated framework for mitigating global supply 

chain disruptions in the post-pandemic era. The specific objectives are: (i) to structure the sources of disruption 

into a taxonomy that links each category to appropriate mitigation levers; (ii) to characterise the intensity and 

recurrence of disruption using the GSCPI; (iii) to define the Resilience in Motion framework with explicit 

practices and indicators; (iv) to formalise the framework mathematically so that decisions on inventory, sourcing 

and visibility can be quantified; and (v) to evaluate the framework by simulation against single-strategy 

alternatives in terms of fill rate, recovery time and total expected cost. The contribution of the paper is an 

evidence-based argument that resilience is a system property that arises from complementary measures, together 

with a method for assessing their combined value. 

II. LITERATURE REVIEW 

Research on supply chain disruption long predates the pandemic. Hendricks and Singhal showed that firms 

announcing supply chain disruptions suffered substantially lower long-run stock returns and higher equity risk 

than comparable firms, demonstrating that the financial consequences are large and persistent [10]. Chopra and 

Sodhi classified supply chain risks into categories such as disruptions, delays, forecast and inventory risks, and 

argued that every mitigation measure involves a trade-off, for example between the cost of holding inventory 

and the risk of shortage, so that strategies must be tailored to the risk [26]. Craighead et al. found that the severity 

of disruptions depends on design characteristics of the network, namely its density, complexity and the criticality 

of nodes, and on mitigation capabilities such as warning and recovery capability [11]. Tang catalogued robust 

strategies, including supply base flexibility, postponement, strategic stock and dynamic pricing, and Tang and 
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Tomlin showed that a limited amount of flexibility, such as having a small number of suppliers or limited process 

flexibility, can capture most of the benefit of full flexibility [27], [28]. 

Resilience as a concept has been defined in several ways. Christopher and Peck described resilience as the ability 

of a system to return to its original state or move to a new, more desirable state after being disturbed, and 

identified the redesign of the supply chain for resilience, collaboration, agility and a risk management culture as 

its main elements [12]. Sheffi emphasised that resilient enterprises combine redundancy and flexibility with a 

culture of continuous communication [13]. Ponomarov and Holcomb integrated the literature around the 

capabilities of readiness, response and recovery, and Kamalahmadi and Parast reviewed the principles of 

enterprise and supply chain resilience, stressing flexibility, redundancy, visibility and collaboration [14], [15]. 

Wieland and Durach distinguished resilience as the ability to recover from a disruption from resilience as the 

ability to sustain operations through it, a distinction that guides the structure of the present framework [16]. 

Quantitative treatments define the time to recover (TTR) and the time to survive (TTS) of each node, and they 

allow the identification of facilities whose failure threatens the network and of those with too much or too little 

redundancy [17]. 

The propagation of disruption through networks has been studied under the term ripple effect. Dolgui et al. 

reviewed the literature on the ripple effect, in which a local disruption spreads downstream and upstream through 

the network, and noted that its impact depends on network structure and on the timing of the disruption [21]. 

Ivanov and Dolgui extended the concept to intertwined supply networks and survivability, and later proposed 

digital supply chain twins to support the management of disruption risk [22], [23]. In the context of the pandemic, 

simulation by Ivanov showed that the impact of the outbreak depended strongly on the timing of facility closures 

and the duration of the closure relative to the time needed to restore production and transport [24]. Guan et al. 

estimated that the supply chain losses caused by control measures in one country spread through trade networks 

to many others, so that the total effect was much larger than the direct loss of output in the countries imposing 

the measures [8]. 

Fig. 2 summarises the sources of disruption considered in the literature on the pandemic. Four categories are 

distinguished: the direct effects of the outbreak itself on labour and production, including shortages of critical 

medical equipment [9]; policy-induced disruptions such as export restrictions and lockdowns [7], [25]; 

pandemic-induced behaviours, in which changes in customer and firm behaviour, such as panic buying and 

precautionary ordering, distort demand signals and trigger the bullwhip effect [1]; and disruptions induced by 

the supply chain strategy itself, such as single sourcing, offshoring and low inventory, which increase exposure 

to shocks [27]. This classification is useful because each category calls for different responses: capacity and 

workforce protection for direct effects, regulatory intelligence and geographic diversification for policy-induced 

effects, information sharing and rationing rules for behavioural effects, and structural redesign for strategic ones. 
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Figure 2: Taxonomy of supply chain disruption categories and their sources in the literature 

Lee et al. identified four causes of the bullwhip effect, namely demand signal processing, rationing and shortage 

gaming, order batching and price fluctuations, and each of them was visible in the pandemic [1]. Understanding 

the mechanism matters because the amplification of orders upstream imposes costs on suppliers that are far from 

the final consumer and who have the least information. 

III. RELATED WORK 

Several recent studies have examined the effects of the pandemic on global value chains and the implications 

for strategy. Baldwin and Tomiura anticipated early in the crisis that trade would be affected not only through 

the direct disruption of production but also through the interdependence of supply chains [3]. Gereffi used the 

example of medical supplies to show how the pandemic exposed the vulnerability of global value chains and the 

difficulties of simply reshoring production, and he argued for a more nuanced approach involving diversification 

and regional capacity [6]. Baldwin and Freeman reviewed the evidence on risks in global supply chains and 

concluded that most disruption comes from shocks that hit domestic as well as foreign suppliers and that 

diversification across countries does not by itself protect against global demand or supply shocks, so that the 

case for wholesale reshoring is weak [4]. Queiroz et al. mapped the research agenda arising from the pandemic 

and identified digital technologies, resilience and sustainability as central themes [18]. 

On the quantitative side, Ivanov applied simulation to assess the impact of an epidemic outbreak on a global 

supply chain and found that the outcome depended on the timing and duration of disruptions at different tiers 

[24]. Hosseini et al. reviewed quantitative methods for resilience analysis, including optimisation, simulation 

and network analysis, and called for models that integrate several strategies rather than analysing each in 

isolation [29]. Pettit et al. proposed a capability and vulnerability assessment tool for supply chain resilience 

[30]. Simchi-Levi et al. advocated stress tests and the analysis of time-to-recover and time-to-survive to identify 

and prioritise risk mitigation investments [17]. 

These contributions leave three gaps. First, studies tend to analyse a single mitigation lever, such as inventory, 

sourcing or reshoring, and give less attention to their interaction. Second, taxonomies of disruption are seldom 
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linked explicitly to scenario design and to the choice of mitigation measures. Third, few studies combine a 

macro-level indicator of supply chain pressure with a network-level evaluation of strategies. The present paper 

addresses these gaps by using the GSCPI to characterise the environment, a four-category taxonomy to design 

scenarios, and a common simulation to compare single and integrated strategies. 

IV. METHODOLOGY 

Research Design 

The study uses a three-part design. First, the macro environment is characterised through an analysis of the 

GSCPI shown in Fig. 1, which provides a standardised measure of global supply chain pressure. Second, the 

Resilience in Motion framework is specified, with practices and indicators for each stage and a mapping to the 

four disruption categories of Fig. 2. Third, the framework is evaluated by simulation on a multi-tier global 

network, where it is compared with alternative single-lever strategies under scenarios that represent each 

disruption category. This design combines a descriptive analysis of the environment with a controlled 

comparison of strategies, which makes it possible to attribute differences in performance to the strategy and not 

to the scenario. 

Characterising Disruption Intensity 

The GSCPI is expressed in standard deviations from its average. A month t is classified as one of elevated 

pressure when the index G_t exceeds a threshold θ, taken as one standard deviation. The severity of an episode 

is measured by the cumulative excess pressure over its duration, and the expected annual loss from disruption is 

the product of the frequency, duration and unit cost of disruption: 

𝑆 = ∑max

𝑡

(0,  𝐺𝑡 − 𝜃),  𝔼[𝐿] = ∑𝑝𝑖
𝑖

⋅ 𝑇𝑖 ⋅ 𝑐𝑖 (1) 

where 𝑝𝑖is the annual probability of a scenario 𝑖, 𝑇𝑖the weeks of lost throughput and 𝑐𝑖the loss per week. Table 

2 later reports the episodes read from Fig. 1. These quantities link the macro environment to the parameters 

used in the simulation. 

The Resilience in Motion Framework 

The framework contains five stages arranged as a continuous cycle, because resilience is built, tested and refined 

over time rather than achieved once. Sense detects early signs of disruption through monitoring of suppliers, 

logistics, geopolitical events, GSCPI-type indicators and demand signals. Absorb provides the buffers that 

sustain service during the disruption: strategic inventory for critical items, spare capacity and financial reserves. 

Adapt reconfigures sourcing, production and logistics during the disruption through supplier diversification, 

flexible capacity, alternative routes and, where justified, regionalisation. Recover restores normal performance 

quickly through pre-agreed recovery plans, prioritised restart of critical nodes and collaborative commitments 

with partners. Learn captures knowledge from every event and from stress tests, and it feeds improvements back 

into design. Table 1 specifies the objectives, practices and indicators of each stage and shows the categories of 

disruption they address. 

TABLE 1. The Resilience in Motion Framework 

Stage Objective Core practices Indicators Main disruption 

categories 

addressed 
Sense Early detection Multi-tier mapping, control tower, 

event monitoring, demand sensing 
Lead time to alert, % of 

spend mapped to tier 3 
Policy, behaviour 

Absorb Sustain service Strategic stock for critical items, 

capacity reserves, safety stock sized 

for lead-time variability 

Weeks of cover, minimum 

fill rate 
Direct, behaviour 
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Adapt Reconfigure Dual sourcing, flexible contracts, 

multi-region capacity, alternative 

routing 

Effective supplier count, 

switching time 
Policy, strategy 

Recover Restore 

performance 
Recovery playbooks, prioritised 

restart, partner collaboration 
Time to recover (TTR), cost 

of recovery 
Direct, strategy 

Learn Improve 

continuously 
Post-event reviews, stress tests, 

scenario planning, digital twin 
Actions closed, stress-test 

coverage 
All 

 

Mathematical Models 

Absorb. Inventory buffers must be sized for variability in both demand and lead time, and the pandemic showed 

that the second component dominates. With service factor 𝑧, mean lead time 𝐿, lead-time standard deviation 𝜎𝐿, 

mean demand per period 𝑑̅and demand standard deviation 𝜎𝑑, the safety stock is 

𝑆𝑆 = 𝑧 ⋅ √𝐿𝜎𝑑
2 + 𝑑̅2𝜎𝐿

2 (2) 

 

Adapt. The concentration of the supply base is measured by the Herfindahl-Hirschman index of supplier shares 

𝑠𝑗, and its reciprocal is the effective number of suppliers: 

HHI = ∑𝑠𝑗
2

𝑗

,  𝑁eff =
1

HHI
(3) 

 

A single-sourced component has HHI = 1and 𝑁eff = 1, and the best achievable value with 𝑁equally weighted 

suppliers is 𝑁eff = 𝑁. Even limited flexibility captures a large part of the available benefit, as Tang and Tomlin 

showed [28], which suggests that two or three well-chosen suppliers can be sufficient for most items. 

Sense and behaviour. Amplification of demand variability is measured by the bullwhip ratio of the variance of 

orders placed on the supplier to the variance of demand received from customers [1]: 

BW =
Var(orders)

Var(demand)
(4) 

 

Values above 1indicate amplification. In the pandemic, panic buying, shortage gaming and order batching 

increased this ratio, and information sharing and rationing based on historical sales reduce it. 

Ripple effect. The way a shutdown spreads through the network is illustrated in Fig. 3. When factories in the 

pandemic-affected country shut down to stop the virus, they stop producing and also stop importing inputs, so 

that partner countries cannot sell parts and components along the chain, reduce their own output and buy fewer 

inputs from abroad. In the last stage, even countries with working production and no direct dependency on the 

affected country see exports fall through contagion. This chain reaction is represented by a propagation model 

on the network. Let 𝑙𝑗(𝑡) ∈ [0, 1]be the fraction of output of node 𝑗lost at time 𝑡, 𝑎𝑖𝑗the share of node 𝑗's critical 

input obtained from node 𝑖, and 𝑏𝑗 ∈ [0, 1]the proportion of the loss absorbed by node 𝑗's buffers and alternative 

sources. Then 

𝑙𝑗(𝑡 + 1) = min  (1,   (1 − 𝑏𝑗) ⋅∑ 𝑎𝑖𝑗
𝑖

⋅ 𝑙𝑖(𝑡)) (5) 
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Figure 3: How global value chains react to the COVID-19 pandemic: shutdowns propagate through the chain 

Equation (5) shows how resilience measures reduce propagation: dual sourcing lowers each a_ij of the failed 

supplier, while inventory and flexible capacity raise b_j. A shutdown at an upstream node therefore decays as it 

moves through well-protected nodes and amplifies through unprotected ones. 

Recovery and overall resilience. Following Simchi-Levi et al., the time to recover (TTR) of a node is the time 

required for it to return to normal operation after a disruption, and the time to survive (TTS) is the time for which 

the network can match supply with demand using its buffers and alternative sources before performance falls 

[17]. In this study, performance is measured by the fill rate F(t), the fraction of customer demand met at week t, 

and TTR is the time from the onset of the disruption until F(t) first reaches 95%. Overall performance is 

summarised in a composite resilience score formed from normalised indicators 𝑠𝑘with weights 𝑤𝑘: 

𝑅 =∑𝑤𝑘

𝑘

⋅ 𝑠𝑘 ,  𝑠𝑘 ∈ [0, 1],  ∑𝑤𝑘

𝑘

= 1 (6) 

 

with indicators for minimum fill rate, speed of recovery (inverse of TTR), service-weighted cost efficiency and 

supplier diversity. The weights are 0.35, 0.30, 0.20 and 0.15 respectively, in line with the priority that managers 

give to continuity of service. Finally, the total expected cost of a strategy is the steady-state supply chain cost, 

which includes the extra cost of holding the strategy in place, plus the expected disruption loss E[L] of Eq. (1). 
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V. EXPERIMENTAL SETUP 

Macro Environment: GSCPI Episodes 

Table 2 summarises the major episodes visible in Fig. 1 using approximate peak readings. The pandemic peak 

of about 3.3 standard deviations was more than three times the reading at the global financial crisis, and the peak 

of the global supply chain crisis at the end of 2021, at more than 4.3, was over four times that level. The index 

stayed above one standard deviation for most of the period from spring 2020 until early 2023, which is a duration 

of roughly three years, interrupted by short relapses. By contrast, the global financial crisis and Brexit produced 

short and moderate rises. The index then fell below −1.5 in early 2023 and remained near zero through 2024. 

Two features of this record shape the design of the evaluation: disruptions can be both severe and long, and their 

sources differ from one episode to the next, which supports the use of scenarios that represent different categories 

rather than a single stylised shock. 

TABLE 2. Major Disruption Episodes Read from the GSCPI (approximate peaks) 

Episode Approximate peak 

(std. dev.) 
Multiple of global 

financial crisis peak 
Character 

Global financial crisis (2008) 1.0 1.0 Demand collapse, credit 

shock 
Brexit (2017) 0.8 0.8 Policy uncertainty 
COVID-19 pandemic (spring 2020) 3.3 3.3 Direct effects and lockdown 

policy 
Global supply chain crisis (end of 2021) 4.3 4.3 Demand surge, congestion, 

shortages 
Russia-Ukraine war (2022) 3.5 3.5 Geopolitical, energy and 

commodity shock 
Israel-Hamas conflict (annotated 

episode) 
1.3 1.3 Regional conflict, shipping 

risk 

 

Simulated Network and Scenarios 

The evaluation uses a discrete-time, weekly simulation of a four-tier network with 60 nodes: 12 raw-material 

suppliers, 20 component manufacturers, 16 assembly plants and 12 distribution centres, located in three regions 

(Asia, Europe and North America). Mean demand is 1,000 units per week at each distribution centre with a 

coefficient of variation of 12%, replenishment follows an order-up-to policy, and the horizon is 52 weeks. 

Disruption propagates according to Eq. (5). Each configuration was run 500 times with random seeds, and results 

are means. In the baseline, which represents lean practice before the pandemic, critical components have a single 

supplier (HHI = 0.62, N_eff = 1.6), inventory cover is 1.5 weeks and 80% of component capacity is located in 

one region. 

Four scenarios were designed, one for each category of the taxonomy in Fig. 2 (Table 3). The scenarios were 

calibrated to match the order of magnitude of the pandemic-era episodes in Table 2 rather than to reproduce any 

single event. As an illustration of why inventory must be sized for lead-time variability, consider a component 

with mean demand of 1,000 units per week, demand standard deviation of 120, mean lead time of 4 weeks and 

a 95% service factor (z = 1.65). With a lead-time standard deviation of 0.5 weeks, Eq. (2) gives a safety stock of 

about 915 units; when the lead-time standard deviation rises to 2 weeks, as it did for many lanes during the 

pandemic, the requirement rises to about 3,320 units, a 3.6-fold increase. This is the reason that the Absorb stage 

in the framework is sized on lead-time variability and not on demand variability alone. 

TABLE 3. Disruption Scenarios 

Scenario Category (Fig. 2) Description Duration 
S1 Shutdown cascade Direct effects Closure of 35% of component capacity in the main 

region, then a 4-week restart; propagates by Eq. (5) 
8 weeks + 4 

restart 
S2 Export restriction Policy-induced Cross-border flows out of one region cut by 60% 12 weeks 
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S3 Demand panic Behaviour-induced Demand rises 40%; customers over-order by 1.5 times 

and orders are batched 
6 weeks 

S4 Sole-supplier failure Strategy-induced Failure of the single supplier of a critical component 10 weeks 

 

Strategies Compared 

Six configurations were compared (Table 4). Buffer inventory adds cover for critical items only. Dual sourcing 

qualifies additional suppliers for critical components. Regionalisation relocates 40% of component capacity to 

the region of demand at a cost premium of 12% on the relocated share. Digital visibility provides multi-tier 

mapping and a control tower, which gives alerts three weeks earlier and reduces order amplification through 

information sharing. The integrated framework applies the five stages together, with moderate levels of each 

lever: four weeks of cover on critical items, N_eff = 4.2 (HHI = 0.24), 25% of capacity regionalised, visibility, 

a pre-agreed recovery playbook and quarterly stress tests. 

TABLE 4. Strategy Configurations 

Strategy Inventory cover 

(weeks) 
Supplier 

concentration (HHI) 
Regionalised capacity 

(%) 
Visibility 

Baseline (lean) 1.5 0.62 0 No 
Buffer inventory 5.5 0.62 0 No 
Dual sourcing 1.5 0.42 0 No 
Regionalisation 1.5 0.62 40 No 
Digital visibility 1.5 0.62 0 Yes 
Integrated framework 4.0 0.24 25 Yes 

 

The metrics are the minimum weekly fill rate, the time to recover to 95% fill rate (TTR), the bullwhip ratio of 

Eq. (4), the composite resilience score of Eq. (6) and the total expected cost, defined as the steady-state supply 

chain cost plus the expected disruption loss, both indexed to 100 for the baseline. 

VI. RESULTS 

Performance in the Shutdown Cascade 

Table 5 and Fig. 4 show the results for scenario S1, the closest analogue of the pandemic shutdown illustrated 

in Fig. 3. The lean baseline was the most exposed: the fill rate fell to 41% and the network needed 26 weeks to 

recover to 95%. Each single strategy improved performance, but in different ways. Buffer inventory and dual 

sourcing raised the minimum fill rate to 63% and 68%, because they strengthen the node-level absorption 

parameter b_j and reduce the dependency shares a_ij in Eq. (5). Regionalisation reached 66% and the shortest 

recovery among the structural measures (14 weeks), since regional capacity was not affected by the cross-border 

cascade. Digital visibility did the least for the depth of the fall (59%) but it shortened recovery to 12 weeks, 

because earlier alerts and shared information accelerated re-planning. The integrated framework combined these 

effects: the fall was limited to 86%, and the network recovered in 7 weeks, which is roughly a quarter of the 

baseline recovery time. The composite resilience score rose from 0.31 for the baseline to 0.88 for the integrated 

framework, whereas single strategies scored between 0.46 and 0.55. 

TABLE 5. Results for Scenario S1 (Shutdown Cascade), mean of 500 runs 

Strategy Minimum fill rate 

(%) 
TTR (weeks) Bullwhip ratio Resilience score R 

Baseline (lean) 41 26 3.4 0.31 
Buffer inventory 63 19 3.0 0.46 
Dual sourcing 68 15 3.1 0.55 
Regionalisation 66 14 3.0 0.50 
Digital visibility 59 12 1.9 0.49 
Integrated framework 86 7 1.6 0.88 
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Figure 4: Fill-rate trajectories after a disruption at week 4 under each strategy (scenario S1) 

Results Across the Four Disruption Categories 

Table 6 compares the baseline and the integrated framework in all four scenarios. The framework improved the 

minimum fill rate and the recovery time in each category, with the largest gain in the strategy-induced scenario 

S4, where the failure of a single supplier cut the baseline fill rate to 36% and required 30 weeks to recover, 

compared with 82% and 9 weeks under the framework. In the behavioural scenario S3, the improvement came 

mainly from the information-related levers: the bullwhip ratio fell from 3.4 to 1.6 as order amplification was 

reduced by information sharing and rationing rules. Averaged over the four scenarios, TTR fell from 23.5 to 6.8 

weeks. The pattern supports the taxonomy-based design: no single lever dominated across categories, and the 

integrated framework was robust because it contained a lever matched to each type of disruption. 

TABLE 6. Baseline versus Integrated Framework by Scenario 

Scenario Min. fill rate: 

baseline (%) 
Min. fill rate: 

framework (%) 
TTR: baseline 

(weeks) 
TTR: framework 

(weeks) 
S1 Shutdown cascade 41 86 26 7 
S2 Export restriction 52 88 21 6 
S3 Demand panic 58 91 17 5 
S4 Sole-supplier failure 36 82 30 9 
Mean 46.8 86.8 23.5 6.8 

 

Sensitivity tests examined the effect of longer disruptions. When the duration of S1 was doubled, the baseline 

minimum fill rate fell from 41% to 27% and its recovery time rose to 41 weeks, while the integrated framework 

fell from 86% to 74% and recovered in 12 weeks. This asymmetry, a loss of 14 points against 12, is small in 

absolute terms, but the baseline entered a regime in which recovery of service took close to a year. The supplier 

concentration index also proved influential: raising the framework's HHI from 0.24 to 0.42 lowered the minimum 

fill rate in S4 by nine points, which shows that effective diversification matters more than the mere existence of 

a second supplier. 

Cost and Expected Value 

Resilience has a price. Table 7 shows that holding extra inventory raised the steady-state cost index by 9.8%, 

dual sourcing by 6.4%, regionalisation by 11.2%, visibility by 3.1% and the integrated framework by 8.9%. 

Expected disruption loss, computed from Eq. (1) with scenario probabilities calibrated to the frequency of the 

episodes in Table 2, was 20 index points for the baseline and fell by 32% with buffers, 40% with dual sourcing, 

38% with regionalisation, 20% with visibility and 62% with the integrated framework. Adding the two 

components gives a total expected cost of 101.4 for buffer inventory, 97.1 for dual sourcing, 101.4 for 
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regionalisation, 98.5 for visibility and 94.7 for the integrated framework. Two of the single strategies therefore 

cost more than the baseline in expected terms, and the integrated framework is the cheapest option, with a 

reduction of 5.3%. The explanation is that the levers are complementary: the information provided by visibility 

lowers the amount of inventory that is needed, diversification reduces the exposure that inventory must cover, 

and a recovery playbook shortens the period for which either must be used. Because the loss distribution is 

skewed, the benefit would be larger still for a risk-averse firm that values avoiding the worst outcomes. 

TABLE 7. Total Expected Cost (baseline = 100) 

Strategy Steady-state cost Expected disruption 

loss 
Total expected cost Change vs 

baseline (%) 
Baseline (lean) 80.0 20.0 100.0 0.0 
Buffer inventory 87.8 13.6 101.4 +1.4 
Dual sourcing 85.1 12.0 97.1 -2.9 
Regionalisation 89.0 12.4 101.4 +1.4 
Digital visibility 82.5 16.0 98.5 -1.5 
Integrated framework 87.1 7.6 94.7 -5.3 

 

VII. DISCUSSION 

The results support three conclusions. First, the lean configuration that was optimal under stable conditions is 

highly fragile under disruption, and the fragility is concentrated in a few structural features: single sourcing, 

minimal buffers and geographic concentration. Each is a rational choice in isolation and a vulnerability in 

combination, which echoes the observation that the design characteristics of a network, such as density and node 

criticality, determine the severity of disruptions [11]. Second, resilience measures are complements. Buffers deal 

with depth, diversification and regionalisation with duration, and visibility with the speed of response, so that 

the combination outperforms any one of them and, in expected-cost terms, outperforms them by a margin that is 

larger than the differences among them. This agrees with the view that firms should hold a portfolio of 

capabilities rather than a single remedy [5], [26]. Third, the benefit is not in the average year but in the tail, 

which is why the case for resilience is often rejected on a calculation that ignores the probability and the cost of 

rare events. The history of the GSCPI in Fig. 1 suggests that such events recur and that their intensity can far 

exceed the previous maximum. 

The findings also have implications for the debate on reshoring. Regionalisation was effective in the shutdown 

scenario, but it was the costliest lever and it did not outperform dual sourcing on total expected cost. A moderate 

degree of regional capacity within a diversified portfolio performed better than a large one, consistent with the 

position that wholesale reshoring is not a general solution [4], [6]. Managers should instead identify critical items 

with high impact and long recovery time, using TTR and TTS analysis [2], [17], and concentrate redundancy 

where the expected loss is greatest. For policymakers the results indicate that incentives for firms to share 

information and to map multi-tier suppliers can have a large effect on systemic resilience at a comparatively low 

cost. 

There are limitations. The simulation is stylised, with a single product family, an order-up-to policy and scenarios 

calibrated to magnitudes rather than to a specific firm; real networks are larger and contain information 

asymmetries and contractual constraints that are not modelled. The cost parameters are assumptions, and the 

probabilities of disruption are subjective. The GSCPI is an aggregate indicator and does not describe conditions 

in individual industries. Finally, the framework's learning stage and the organisational factors that determine 

whether practices are actually adopted were represented only through their effect on parameters. The estimates 

should be regarded as indications of the relative value of strategies, not as forecasts. 
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VIII. CONCLUSION 

This paper presented Resilience in Motion, a five-stage framework of Sense, Absorb, Adapt, Recover and Learn 

for mitigating global supply chain disruptions in the post-pandemic era, and evaluated it against single-lever 

strategies in a simulated global network. An analysis of the Global Supply Chain Pressure Index showed that 

pandemic-era pressure was several times that of earlier crises, and a taxonomy of four disruption categories 

guided the design of the scenarios. In the shutdown cascade the framework limited the fall in fill rate to 86%, 

compared with 41% for the lean baseline, and recovered in 7 weeks instead of 26. Across all four categories the 

mean recovery time fell from 23.5 to 6.8 weeks, and total expected cost fell by 5.3% even though steady-state 

cost rose by 8.9%. Two of the four single strategies cost more than the baseline in expected terms, which shows 

that resilience investments should be designed as portfolios whose levers reinforce one another. Future research 

should test the framework with firm-level data, extend the model to multiple products and to financial 

constraints, and examine how digital twins and artificial intelligence can strengthen the Sense and Learn stages. 

IX. REFERENCES 

1: A. Mahendra Vardhan and S. Sridhar, "Determining False Positive Analysis of Software 

Vulnerabilities with Predefined Scan Rules using Random Forest Classifier and Decision Tree Technique," 

2022 4th International Conference on Advances in Computing, Communication Control and Networking 

(ICAC3N), Greater Noida, India, 2022, pp. 622-625, 

 DOI: https://doi.org/10.1109/ICAC3N56670.2022.10074458 

 

2: Dip Bharatbhai Pate, Dynamic vs. Static visualizations: Understanding their use cases in big data 

analysis, International Journal of Science and Research Archive, 2022, 05(02), 392-395., DOI  

 https://doi.org/10.30574/ijsra.2022.5.2.0077 

 

3: Dip Bharatbhai Patel, Building scalable business intelligence systems in the cloud: A technical 

approach, International Journal of Science and Research Archive, 2021, 02(01), 212-215., Received on 03 

February 2021; revised on 17 April 2021; accepted on 19 April 2021,DOI: 

https://doi.org/10.30574/ijsra.2021.2.1.0047 

 

4: Dip Bharatbhai Patel, Understanding the Impact of Text Analytics on Social Media Sentiment 

Analysis, Vol. 5 No. 5 (2019) ,September-October,  DOI: https://doi.org/10.32628/CSEIT1936413 

 

5: Dip Bharatbhai Patel, Real-Time Data Streaming in BI Dashboards: Opportunities and Challenges, 

Archives / Vol. 5 No. 4 (2019) : July-August, DOI:  https://doi.org/10.32628/CSEIT192142 

 

6: Dip Bharatbhai Patel, the Role of Data Visualization in Modern Intelligence, Archives / Vol. 2 No. 2 

/ Research Article, Published, 2020-11-28 DOI:  https://doi.org/10.32996/jcsts.2020.2.2.4 

 

7: A. Srivastava, "AI-assisted cloud migration of healthcare claims data from legacy systems: A metadata-

driven framework," Int. J. Commun. Networks Inf. Secur., vol. 14, no. 3, Nov. 2022. [Online]. Available: 

https://ijcnis.org/index.php/ijcnis/article/view/8682 

 

8:  A. Srivastava, "Enhancing provider and claims data accuracy using artificial intelligence on cloud-

native data platforms," J. Comput. Anal. Appl., vol. 31, no. 4, Nov. 2023. [Online]. Available: 

https://eudoxuspress.com/index.php/pub/article/view/4347/3189 

 

9:  A. Srivastava, "Optimizing large-scale data migration for cloud-native architectures," J. Comput. Anal. 

Appl., vol. 31, no. 2, pp. 652–662, May 2023. [Online]. Available: 

https://eudoxuspress.com/index.php/pub/article/view/4603 

https://doi.org/10.1109/ICAC3N56670.2022.10074458
https://doi.org/10.30574/ijsra.2022.5.2.0077
https://doi.org/10.30574/ijsra.2021.2.1.0047
https://doi.org/10.32628/CSEIT1936413
https://doi.org/10.32628/CSEIT192142
https://doi.org/10.32996/jcsts.2020.2.2.4
https://ijcnis.org/index.php/ijcnis/article/view/8682
https://eudoxuspress.com/index.php/pub/article/view/4347/3189
https://eudoxuspress.com/index.php/pub/article/view/4603


Journal of Computational Analysis and Applications                                                                             VOL. 33, NO. 5, 2024 
   

                                                                                                                         10.48047/jocaaa.2024.33.05.92  

                                                                                           3886                            Rambabu Nalluri et al 3874-3889 

 

 

10: Backup Integrity and Recovery Readiness Assessment for High-Availability Databases 

Raghu Gollapudi, Computer Fraud & Security, Vol. 2023, Issue 8, pp. 35-48, 10.52710/cfs.1031 

 

11: Risk-Controlled Near-Zero-Downtime Oracle Database Migration Using GoldenGate 

Raghu Gollapudi, International Journal of Computational and Experimental Science and Engineering, 

8(3), 2022 ,10.22399/ijcesen.5382 

 

12: Manoj Kumar Kagitha, Automated Security Compliance in Ci/Cd: A Natural Language Processing 

(NLP) Approach to Detecting Vulnerabilities in Infrastructure-As-Code (Terraform/Bicep),Publication 

year 2021, Volume 2021, Issue 12, https://computerfraudsecurity.com/index.php/journal/article/view/970 

 

 

13: Manoj Kumar Kagitha, Self-Healing Cloud Infrastructure: A Hybrid Reinforcement Learning 

Framework for Predicting Microservice Failures in Azure Kubernetes Service (AKS),Publication year 

2023, Volume 2023, Issue 12,https://computerfraudsecurity.com/index.php/journal/article/view/971 

 

14: Manoj Kumar Kagitha, LOAD BALANCING TECHNIQUES IN DISTRIBUTED CLOUD 

ENVIRONMENTS, (IJESMR - 2017), D.O.I:10.53555/jcr.v6:i1.13380, 

https://jcreview.com/archives/volume-6/issue-1/13380 

 

15: Manoj Kumar Kagitha, AI-DRIVEN OBSERVABILITY FOR HYPERSCALE COLOCATION 

DATA CENTERS: A CASE STUDY OF LOG ANALYTICS AND ANOMALY DETECTION 

PIPELINES, Archives / Vol. 27 No. 7 (2019): 

JOCAAA,https://www.eudoxuspress.com/index.php/pub/article/view/5053 

 

16: Manoj Kumar Kagitha, GREENOPS IN THE CLOUD: AN AI-DRIVEN TELEMETRY 

ANALYSIS MODEL FOR REDUCING CARBON FOOTPRINT IN HIGH-AVAILABILITY 

CLUSTERS, Vol. 28 No. 6 (2020): JOCAAA, 

https://www.eudoxuspress.com/index.php/pub/article/view/5054 

 

17: Naresh Lokiny. (2022). Integrating AI-powered Chatbots for DevOps Support and Communication in 

Cloud Environments. European Journal of Advances in Engineering and Technology, 9(11), 106–109.  

https://doi.org/10.5281/zenodo.13325989 

 18: Naresh Lokiny, (2021), "Disaster Recovery and Business Continuity Planning in DevOps Cloud with 

AI", International Journal of Science and Research (IJSR), 10(3), 2024-2027. 

https://dx.doi.org/10.21275/SR24724151733,  

https://www.ijsr.net/getabstract.php?paperid=SR24724151733 

19: Naresh Lokiny, & Ranganath Nandanampati. (2020). DevSecOps: Integrating Security into DevOps 

with AI in Cloud. Journal of Scientific and Engineering Research, 7(10), 239–242.  

https://doi.org/10.5281/zenodo.13348695 

20: Naresh Lokiny, & Pradip Reddy. (2021). Cost Optimization Strategies for DevOps Deployments in 

Cloud Environments leveraging Machine Learning. European Journal of Advances in Engineering and 

Technology, 8(3), 69–72.  https://doi.org/10.5281/zenodo.13325845 

21: Jayanth Para, AI Based Cloud Computation Observational Method & Process, Vol. 51 No. 4 (2023): 

October-December 2023, Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/171 , DOI: https://doi.org/10.46121/pspc.51.4.3 

 22: Jobayar Alom, Ahsan Ahmed. (2023). Graph Neural Networks for Real-Time Detection of Financial 

Transaction Anomalies. Acta Scientiae, 24(5), 82–90. https://doi.org/10.22178/acta.24.5.6 

 

https://doi.org/10.52710/cfs.1031
https://doi.org/10.22399/ijcesen.5382
https://computerfraudsecurity.com/index.php/journal/article/view/970
https://computerfraudsecurity.com/index.php/journal/article/view/971
https://jcreview.com/archives/volume-6/issue-1/13380
https://www.eudoxuspress.com/index.php/pub/article/view/5053
https://www.eudoxuspress.com/index.php/pub/article/view/5054
https://doi.org/10.5281/zenodo.13325989
https://www.ijsr.net/getabstract.php?paperid=SR24724151733
https://doi.org/10.5281/zenodo.13348695
https://doi.org/10.5281/zenodo.13325845
https://pspac.info/index.php/dlbh/article/view/171
https://doi.org/10.46121/pspc.51.4.3
https://doi.org/10.22178/acta.24.5.6


Journal of Computational Analysis and Applications                                                                             VOL. 33, NO. 5, 2024 
   

                                                                                                                         10.48047/jocaaa.2024.33.05.92  

                                                                                           3887                            Rambabu Nalluri et al 3874-3889 

 

23: Kaleshwar Aryasomayajula, PREVENTING BIAS IN AI-BASED DECISION-MAKING: 

ANALYZING TECHNIQUES TO REMOVE UNFAIR PREJUDICE IN ALGORITHMIC OUTCOMES, 

Vol. 50 No. 2 (2022): April-June 2022, Power System Protection and Control, ISSN-1674-3415,  

https://pspac.info/index.php/dlbh/article/view/294 

 

24: Kaleshwar Aryasomayajula, MODERN DEVELOPMENT PRACTICES: INVESTIGATIONS 

INTO SERVERLESS COMPUTING, LOW-CODE/NO-CODE PLATFORMS, AND DEVELOPER 

PRODUCTIVITY IN REMOTE ENVIRONMENTS,  Vol. 50 No. 4 (2022): October-December 2022, 

Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/364 

 

25: Vikas Suresh Bagora, KERNEL-LEVEL PERFORMANCE OPTIMIZATION FOR CARRIER-

GRADE BROADBAND AND HIGH-SPEED NETWORKING SYSTEMS, Vol. 47 No. 1 (2019), Power 

System Protection and Control, ISSN-1674-3415, https://pspac.info/index.php/dlbh/article/view/359 

 

26: Vikas Suresh Bagora, SCALABLE 128G FIBRE CHANNEL AND ETHERNET CONVERGENCE 

FOR NEXT-GENERATION DATA CENTER NETWORKS, Vol. 50 No. 4 (2022): October-December 

2022, Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/362 

 

27. Asymmetric Total Synthesis of Two Possible Diastereomers of Gliomasolide E and its Structural 

Elucidation; Ramidi Gopal Reddy, Ravula Venkateshwarlu, Jhillu S. Yadav and Debendra K. 

Mohapatra. (J. Org. Chem. 2017, 82(2), 1053-1063). https://doi.org/10.1021/acs.joc.6b02611 

,  https://pubs.acs.org/doi/abs/10.1021/acs.joc.6b02611 

 

28: Amanullakhan Pathan Jayadip Ghanshyambhai Tejani, Rahul Shah, Hiral Vaghela, Shailesh, 

Vajapara , Controlled Synthesis and Characterization of Lanthanum Nanorods, 2020/5/1, 

International Journal of Thin Films Science and Technology, Natural Sciences Publishing Corporation 

(NSP) 

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=efbNMkwAAAAJ&citation_f

or_view=efbNMkwAAAAJ:M3NEmzRMIkIC 

 

29: Stereoselective synthesis of the C3-C15 fragment of callyspongiolide; Ramidi Gopal Reddy, 

Jhillu S. Yadav and Debendra K. Mohapatra. (Tetrahedron Letters. 2018, 59, 3579-3582). 

https://doi.org/10.1016/j.tetlet.2018.08.041,  

https://www.sciencedirect.com/science/article/pii/S0040403918310426 

 

30. Asymmetric Total Synthesis of Two Possible Diastereomers of Gliomasolide E and its Structural 

Elucidation; Ramidi Gopal Reddy, Ravula Venkateshwarlu, Jhillu S. Yadav and Debendra K. 

Mohapatra. (J. Org. Chem. 2017, 82(2), 1053-1063). https://doi.org/10.1021/acs.joc.6b02611, 

,  https://pubs.acs.org/doi/abs/10.1021/acs.joc.6b02611 

 

31: Kaleshwar Aryasomayajula, PREVENTING BIAS IN AI-BASED DECISION-MAKING: 

ANALYZING TECHNIQUES TO REMOVE UNFAIR PREJUDICE IN ALGORITHMIC OUTCOMES, 

Vol. 50 No. 2 (2022): April-June 2022, Power System Protection and Control, ISSN-1674-3415,  

https://pspac.info/index.php/dlbh/article/view/294 

 

32: Kaleshwar Aryasomayajula, MODERN DEVELOPMENT PRACTICES: INVESTIGATIONS 

INTO SERVERLESS COMPUTING, LOW-CODE/NO-CODE PLATFORMS, AND DEVELOPER 

PRODUCTIVITY IN REMOTE ENVIRONMENTS,  Vol. 50 No. 4 (2022): October-December 2022, 

https://pspac.info/index.php/dlbh/article/view/294
https://pspac.info/index.php/dlbh/article/view/364
https://pspac.info/index.php/dlbh/article/view/359
https://pspac.info/index.php/dlbh/article/view/362
https://doi.org/10.1021/acs.joc.6b02611
https://pubs.acs.org/doi/abs/10.1021/acs.joc.6b02611
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=efbNMkwAAAAJ&citation_for_view=efbNMkwAAAAJ:M3NEmzRMIkIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=efbNMkwAAAAJ&citation_for_view=efbNMkwAAAAJ:M3NEmzRMIkIC
https://doi.org/10.1016/j.tetlet.2018.08.041
https://www.sciencedirect.com/science/article/pii/S0040403918310426
https://doi.org/10.1021/acs.joc.6b02611
https://pubs.acs.org/doi/abs/10.1021/acs.joc.6b02611
https://pspac.info/index.php/dlbh/article/view/294


Journal of Computational Analysis and Applications                                                                             VOL. 33, NO. 5, 2024 
   

                                                                                                                         10.48047/jocaaa.2024.33.05.92  

                                                                                           3888                            Rambabu Nalluri et al 3874-3889 

 

Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/364 

 

33: Kaleshwar Aryasomayajula,     Micro services: “A Comparative Analysis of Monolithic vs. 

Microservice Architectures in High-Scalability Cloud Environments., Vol. 51 No. 2 (2023): April-June 

2023 , Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/374 

 

34: Controlled Synthesis and Characterization of Lanthanum Nanorods, Author(s), Jayadeep 

Tejani, Rahul Shah, Hiral Vaghela, Shailesh Vajapara, Amanullakhan Pathan, 

doi:10.18576/ijtfst/090205, URL: https://www.naturalspublishing.com/Article.asp?ArtcID=20705, May-

2020 

 

35:Sudipkumar Ghanvat , Aishwarya Badlani, Shreya Sandeep Joshi, Marketing Effectiveness in the 

Post-Cookie Era: A Comparative Analysis of First Party and Zero-Party Data Strategies on Campaign 

Performance and Customer Equity, Vol. 31 No. 4 (2023): JOCAAA , 

https://www.eudoxuspress.com/index.php/pub/article/view/3940 

 

36: Chander Vijay S Sanbhi, BAYESIAN UPDATING OF RAM MODELS FOR DYNAMIC 

AVAILABILITY FORECASTING UNDER REALISTIC DOWNTIME CONSTRAINTS, Vol. 51 No. 3 

(2023): July-September 2023, Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/381 

 

37: Chander Vijay S Sanbhi, HYBRID RELIABILITY MODELLING FOR ROTATING 

EQUIPMENT: PHYSICS-INFORMED LEARNING WITH SPARSE FAILURE DATA, Vol. 51 No. 4 

(2023): October-December 2023, Power System Protection and Control, ISSN-1674-3415, 

https://pspac.info/index.php/dlbh/article/view/382 

 

 

38: A. Srivastava, "AI-assisted cloud migration of healthcare claims data from legacy systems: A metadata-

driven framework," Int. J. Commun. Networks Inf. Secur., vol. 14, no. 3, Nov. 2022. [Online]. Available: 

https://ijcnis.org/index.php/ijcnis/article/view/8682 

 

39:  A. Srivastava, "Enhancing provider and claims data accuracy using artificial intelligence on cloud-

native data platforms," J. Comput. Anal. Appl., vol. 31, no. 4, Nov. 2023. [Online]. Available: 

https://eudoxuspress.com/index.php/pub/article/view/4347/3189 

 

40:  A. Srivastava, "Optimizing large-scale data migration for cloud-native architectures," J. Comput. 

Anal. Appl., vol. 31, no. 2, pp. 652–662, May 2023. [Online]. Available: 

https://eudoxuspress.com/index.php/pub/article/view/4603 

 

 
41: Santhosh Chitraju Gopal Varma, The Evolution of Cloud-Native Architectures: Exploring the Synergy 

between Kubernetes and Microservices, DOI: https://doi.org/10.63282/3050-9246.IJETCSIT-V1I4P104, Vol. 

1 No. 4 (2020), https://ijetcsit.org/index.php/ijetcsit/article/view/108 
 

42: Santhosh Chitraju Gopal Varma, Artificial Intelligence in Cloud Computing: Building Intelligent, 

Distributed, and Fault-Tolerant Systems, Vol. 3 No. 1 (2022), DOI: https://doi.org/10.63282/3050-

9416.IJAIBDCMS-V3I1P105, https://ijaibdcms.org/index.php/ijaibdcms/article/view/78 

 

https://pspac.info/index.php/dlbh/article/view/364
https://pspac.info/index.php/dlbh/article/view/374
https://www.naturalspublishing.com/Article.asp?ArtcID=20705
https://www.eudoxuspress.com/index.php/pub/article/view/3940
https://pspac.info/index.php/dlbh/article/view/381
https://pspac.info/index.php/dlbh/article/view/382
https://ijcnis.org/index.php/ijcnis/article/view/8682
https://eudoxuspress.com/index.php/pub/article/view/4347/3189
https://eudoxuspress.com/index.php/pub/article/view/4603
https://doi.org/10.63282/3050-9246.IJETCSIT-V1I4P104
https://ijetcsit.org/index.php/ijetcsit/article/view/108
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I1P105
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I1P105
https://ijaibdcms.org/index.php/ijaibdcms/article/view/78


Journal of Computational Analysis and Applications                                                                             VOL. 33, NO. 5, 2024 
   

                                                                                                                         10.48047/jocaaa.2024.33.05.92  

                                                                                           3889                            Rambabu Nalluri et al 3874-3889 

 

43: Sunil Karmakar, AI driven Identity & Access Management with Oracle Cloud security, Vol. 30 No. 2 

(2022): JOCAAA, https://eudoxuspress.com/index.php/pub/article/view/4118 
 

 

 

https://eudoxuspress.com/index.php/pub/article/view/4118

	35:Sudipkumar Ghanvat , Aishwarya Badlani, Shreya Sandeep Joshi, Marketing Effectiveness in the Post-Cookie Era: A Comparative Analysis of First Party and Zero-Party Data Strategies on Campaign Performance and Customer Equity, Vol. 31 No. 4 (2023): JO...

