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Abstract

This study investigated risk mitigation and resilience modeling for consumer distribution networks operating
under demand shock conditions using a quantitative stochastic optimization and scenario-based analysis
framework. A multi-echelon distribution network was evaluated under a structured set of baseline and stress
demand scenarios to examine how mitigation policies and resilience-oriented capabilities influenced operational
performance. The analytical dataset comprised 1,520 scenario-level network observations, balanced across four
service regions and essential and non-essential product segments. Descriptive results indicated a mean service
continuity index of 0.81 with observable right-skewness, while the unmet demand ratio averaged 0.18, reaching
a maximum of 0.61 under severe stress scenarios. Cost escalation exhibited the greatest variability, with a mean
increase of 22.4% and a maximum observed value of 78.6%, confirming strong tail sensitivity in economic
outcomes. Reliability analysis of composite constructs demonstrated acceptable to excellent internal consistency,
with Cronbach’s alpha values ranging from 0.85 to 0.93, supporting measurement validity prior to inferential
testing. Regression analysis showed that resilience capability (f = 0.421, p < 0.001) and robustness stability (f =
0.276, p < 0.001) were statistically significant predictors of performance outcomes after controlling for demand
volatility, utilization intensity, and network scale. Inclusion of resilience constructs improved explanatory power,
increasing adjusted R? from 0.241 in the baseline model to 0.318 in the extended specification. Segment-level
analysis revealed that essential goods achieved higher service continuity (0.86) and lower unmet demand (0.13)
than non-essential goods, albeit with higher average cost escalation (26.9% versus 17.1%). Robustness testing
using out-of-sample and segmented evaluations confirmed stability of coefficient direction and significance across
alternative scenario partitions. Overall, the findings provided quantitative evidence that resilience and robustness
functioned as measurable attributes that systematically shaped distribution network performance under demand
shock conditions.
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INTRODUCTION

Risk mitigation and resilience modeling in consumer distribution networks are grounded in
quantitative frameworks that describe uncertainty, disruption, and system response within
interconnected supply and logistics structures. In economic and operations research literature, risk is
formally defined as the measurable exposure of system performance to uncertain events that can
negatively affect cost, service levels, or continuity (Qiu & Wang, 2016).Demand shocks represent
abrupt, statistically significant deviations from expected consumption patterns, often arising from
macroeconomic volatility, public health crises, geopolitical disruptions, or behavioral shifts at the
consumer level. Consumer distribution networks encompass the physical, informational, and financial
infrastructures that enable goods to flow from producers to end consumers across national and
international markets. These networks are characterized by multi-echelon structures, capacity
constraints, lead-time variability, and dependency relationships that amplify the effects of demand
uncertainty. Resilience, within this analytical context, refers to the capacity of a distribution system to
absorb shocks, adapt operational configurations, and maintain functional performance under stress
(Kahiluoto et al., 2020). Quantitative resilience modeling focuses on formalizing this capacity using
mathematical representations that capture recovery speed, flexibility, redundancy, and robustness. The
increasing frequency and magnitude of demand shocks observed across global markets have elevated
the importance of analytically grounded risk mitigation strategies that move beyond deterministic
planning assumptions. At the international level, consumer distribution networks serve as critical
infrastructures supporting food security, healthcare access, energy provision, and essential goods
delivery, making their stability a matter of economic and social importance. As global supply systems
become more integrated and data-intensive, the need for rigorous stochastic and scenario-based
modeling approaches has become central to understanding how distribution networks behave under
extreme demand variability (Martinelli et al., 2019).

Figure 1: Risk Mitigation in Distribution Networks
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Consumer distribution networks operate within globally interconnected economic systems where
localized demand shocks can propagate rapidly across regions and markets. International trade
integration, digital commerce platforms, and cross-border logistics dependencies have increased both
the scale and speed at which demand fluctuations affect distribution performance (Dell’Isola et al.,
2020). In many regions, consumer demand shocks have been observed to disrupt inventory availability,
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transportation capacity utilization, and service reliability simultaneously, revealing structural
vulnerabilities embedded within network design. From an international perspective, these disruptions
are not confined to isolated markets but frequently cascade through upstream suppliers, downstream
retailers, and supporting service providers. Quantitative research has documented how asymmetric
demand surges or collapses can destabilize pricing mechanisms, inventory policies, and replenishment
schedules across national boundaries. Distribution networks serving consumer markets are also subject
to heterogeneous regulatory environments, infrastructure constraints, and behavioral responses, all of
which shape system resilience under shock conditions (Ivanov & Dolgui, 2019). The international
significance of resilience modeling lies in its ability to support comparative analysis across regions,
enabling policymakers and firms to evaluate how alternative network configurations respond to
similar demand disturbances. Stochastic optimization and scenario analysis provide formal tools to
represent uncertainty distributions, correlation structures, and extreme-event realizations that
characterize global demand volatility. These methods allow analysts to quantify trade-offs between
cost efficiency and robustness, particularly in environments where lean inventory practices and just-
in-time distribution dominate. As consumer distribution networks increasingly support essential goods
and services, their ability to withstand demand shocks has become a central concern for economic
stability, humanitarian logistics, and cross-border supply coordination (Hobbs, 2020).

Figure 2: Stochastic Resilience Modeling Framework
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This study aimed to develop and evaluate a quantitative risk mitigation and resilience modeling
framework for consumer distribution networks operating under demand shock conditions, with the
objective of formally linking stochastic uncertainty representations to operational decision variables
and system-level performance measures. The first objective was to define demand shocks as
quantifiable deviations in consumption patterns and to encode these deviations into a scenario
structure that reflected heterogeneous magnitudes and spatial distributions across network nodes,
thereby enabling consistent stress testing of distribution performance under extreme variability. The
second objective was to construct a stochastic optimization model that represented key distribution
decisions, including inventory positioning, capacity allocation, replenishment timing, and routing-
related flexibility, in a way that allowed pre-shock planning decisions and post-shock recourse actions
to be evaluated within a unified analytical structure. The third objective was to measure resilience
through operationally interpretable indicators such as service continuity, unmet demand volume,
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backorder incidence, and cost escalation under shock realizations, ensuring that resilience was treated
as an observable outcome derived from model outputs rather than a descriptive label. The fourth
objective was to quantify the trade-offs between efficiency-oriented policies and robustness-oriented
policies by comparing expected performance against tail-risk outcomes across a common evaluation
framework, thereby revealing how alternative mitigation strategies altered both average costs and
extreme loss exposure. The fifth objective was to evaluate solution stability across out-of-sample
scenario sets by testing whether mitigation policies maintained consistent performance when shock
profiles varied within the same distributional family, supporting claims of robustness under
uncertainty. The sixth objective was to support decision traceability by documenting how specific
mitigation levers, such as buffer levels, capacity reserves, or sourcing flexibility, contributed to changes
in resilience metrics at both node and system levels. The final objective was to produce a structured
empirical reporting format suitable for international distribution contexts, enabling comparative
interpretation across regions, products, and infrastructure constraints, while maintaining
reproducibility through standardized data preparation, scenario generation rules, and model-
validation procedures.
LITERATURE REVIEW
This literature review examined quantitative research on risk mitigation and resilience modeling for
consumer distribution networks exposed to demand shocks, with emphasis on stochastic optimization
and scenario analysis as core analytical approaches. The review organized prior studies according to
how demand uncertainty was defined and measured, how network decisions were modeled under
probabilistic conditions, and how resilience outcomes were operationalized using performance metrics
such as service continuity, unmet demand, and cost stability. Emphasis was placed on research that
treated demand shocks as structured stochastic phenomena rather than as isolated disturbances, since
this framing enabled formal evaluation of mitigation strategies through scenario-based stress testing
and recourse-based optimization. The review also synthesized evidence on multi-echelon distribution
architectures, highlighting how inventory positioning, capacity flexibility, and transportation policies
were modeled to manage variability across nodes and time periods. In addition, the review
incorporated methodological studies on validation and robustness testing, including out-of-sample
scenario evaluation, sensitivity analysis, and distribution shift assessment, because quantitative
resilience claims required empirical credibility under alternative demand realizations. Governance-
oriented modeling contributions were included where studies documented decision traceability,
reproducibility, and comparable evaluation designs, reflecting the role of transparent analytical
frameworks in high-stakes consumer distribution planning. Overall, the literature review established
the theoretical and empirical basis for the study’s quantitative modeling structure by connecting
stochastic demand representations to optimization-based decision levers and measurable resilience
outcomes in consumer distribution systems.
Demand Shocks in Consumer Distribution Systems
The quantitative literature consistently conceptualized demand shocks in consumer distribution
systems as probabilistic deviations from an established baseline demand pattern rather than as isolated
anomalies. Baseline demand was typically defined using historical consumption data, seasonal
adjustments, and trend components that reflected expected purchasing behavior under normal
operating conditions. Demand shocks were then identified as statistically significant departures from
this baseline, measured in terms of magnitude and frequency (Dehghani et al., 2020; Rauf, 2018). This
probabilistic framing allowed researchers to represent demand variability using formal uncertainty
structures that could be embedded into analytical models. By treating shocks as realizations from an
underlying demand distribution, studies emphasized that demand volatility was not purely random
but exhibited structural properties such as skewness, clustering, and persistence (Haque & Arifur, 2020;
Ashraful et al., 2020). This perspective supported comparative analysis across time periods and regions,
as deviations could be evaluated relative to a common reference distribution (Haque & Arifur, 2021;
Jinnat & Kamrul, 2021). The literature further highlighted that probabilistic definitions enabled
objective benchmarking of shock intensity, allowing researchers to distinguish moderate fluctuations
from extreme stress events. Within consumer distribution contexts, this approach supported scalable
modeling because demand uncertainty could be parameterized at different aggregation levels,
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including product categories, geographic zones, and time horizons (Fokhrul et al., 2021; Oboudi et al.,
2020; Zaman et al., 2021). Overall, the probabilistic conceptualization of demand shocks provided a
consistent analytical foundation for modeling uncertainty in distribution systems without relying on
deterministic or purely descriptive interpretations of demand disruption (Hammad, 2022; Hasan &
Waladur, 2022; Taheri et al., 2019).

Figure 3: Probabilistic Demand Shock Modeling Framework
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Empirical studies emphasized that demand shocks were multidimensional phenomena requiring
explicit representation of severity, duration, and spatial heterogeneity. Shock severity was commonly
operationalized as the relative deviation from baseline demand, capturing both surge and collapse
scenarios in consumer consumption (Khomami & Sepasian, 2018; Arifur & Haque, 2022; Towhidul et
al., 2022). Duration was treated as a temporal attribute, distinguishing short-lived spikes from
prolonged demand disruptions that affected replenishment cycles and inventory policies. The literature
documented that prolonged shocks exerted fundamentally different pressures on distribution
networks than transient fluctuations, particularly in multi-echelon systems where lead times and
replenishment delays interacted with sustained demand imbalance (Rifat & Jinnat, 2022; Rifat & Alam,
2022). Spatial heterogeneity was another central dimension, as shocks rarely affected all regions
uniformly. Researchers modeled spatial variation by allowing demand deviations to differ across
nodes, reflecting localized behavioral responses, infrastructure constraints, or policy interventions
(Abdulla & Majumder, 2023; Faysal & Bhuya, 2023; Macdonald et al., 2018). This approach enabled
evaluation of how regional imbalances propagated through shared distribution resources. Quantitative
representations of heterogeneity supported network-level resilience analysis by revealing how
localized shocks could generate systemic effects when capacity or inventory pools were shared
(Habibullah & Aditya, 2023; Hammad & Mohiul, 2023). The literature consistently demonstrated that
models ignoring shock duration or spatial variation underestimated system stress and overstated
resilience. As a result, comprehensive demand shock modeling frameworks incorporated all three
dimensions to capture the true operational impact of demand volatility in consumer distribution
systems (Chi et al., 2018; Haque & Arifur, 2023; Akbar & Farzana, 2023).

The literature on demand shock modeling devoted significant attention to the choice of distributional
assumptions used to represent demand uncertainty. Rather than assuming symmetric or narrowly
bounded variability, empirical studies documented that consumer demand often exhibited skewed and
heavy-tailed behavior, particularly during periods of economic or social disruption. These
distributional characteristics were derived from observed consumption data showing infrequent but
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extreme deviations from typical demand levels (Atashi et al., 2020). Researchers emphasized that
accurate estimation of demand variance was critical for capturing tail behavior that drove stockouts,
service failures, and cost escalation (Mostafa, 2023; Rifat & Rebeka, 2023). Variance estimation methods
typically relied on historical time-series analysis, cross-sectional aggregation, or rolling-window
techniques to account for nonstationarity. The literature highlighted that underestimating variance led
to fragile planning outcomes, while overestimation resulted in excessive buffering and inefficiency.
Empirical calibration of demand distributions enabled more realistic representation of uncertainty in
optimization and simulation models. Studies also noted that variance patterns differed across products
and consumer segments, requiring differentiated modeling approaches (Macfadyen et al., 2015). By
grounding distributional assumptions in observed data rather than theoretical convenience, the
literature supported analytically credible representations of demand shocks suitable for quantitative
evaluation of distribution system performance.

Distribution Network Structures

The quantitative resilience literature consistently modeled consumer distribution networks as multi-
echelon systems composed of suppliers, production or sourcing nodes, distribution centers, fulfillment
facilities, and retail or last-mile delivery points. This structural representation reflected the layered
nature of consumer goods flows and allowed researchers to capture interdependencies across upstream
and downstream stages (Li et al., 2019).

Figure 4: Multi-Echelon Network Resilience Model
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Multi-echelon formulations enabled explicit modeling of how disruptions or demand shocks at one
level propagated through the network, affecting inventory availability, replenishment timing, and
service performance at other levels. Studies emphasized that resilience outcomes were strongly
influenced by the number of echelons, the degree of coupling between them, and the allocation of
decision authority across stages. Networks with tightly coupled echelons were shown to exhibit
amplified shock effects, whereas loosely coupled structures allowed localized disturbances to be
absorbed without cascading system-wide failures. Quantitative models incorporated these structures
to evaluate trade-offs between centralized and decentralized distribution strategies, particularly in
consumer markets characterized by high demand volatility and short delivery windows (Wang et al.,
2019). The literature also highlighted that multi-echelon modeling supported analysis of redundancy
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placement, enabling researchers to assess whether buffering capacity or inventory was more effective
upstream, midstream, or downstream. By explicitly representing each echelon, quantitative studies
established a detailed analytical foundation for examining how structural design choices shaped
resilience under stress conditions (O'Neil et al., 2016).
Network topology emerged as a central determinant of resilience outcomes in quantitative distribution
studies. The literature examined alternative topological configurations, including hub-and-spoke,
mesh, hybrid, and regionally clustered network designs, each exhibiting distinct resilience
characteristics. Hub-dominated structures were often associated with efficiency gains under normal
conditions but demonstrated heightened vulnerability when central nodes experienced congestion or
failure. In contrast, mesh-like or regionally distributed networks offered greater flexibility by enabling
rerouting and load redistribution during demand shocks (Cavallo et al., 2014). Quantitative models
represented topology through connectivity constraints, flow paths, and node-level capacities, allowing
systematic comparison of structural robustness across designs. Service regions were frequently
incorporated to reflect geographic segmentation of demand, which influenced how shocks in one area
affected overall network performance. Studies demonstrated that overlapping service regions
enhanced resilience by allowing fulfillment substitution, while rigid territorial assignments increased
sensitivity to localized demand spikes (Basu & Bundick, 2017). Topological analysis also revealed that
resilience was not solely determined by the number of nodes or links but by how flows were structured
and prioritized across the network. This body of research underscored that topology design functioned
as a strategic resilience lever embedded within quantitative modeling frameworks rather than as a
purely logistical consideration.
Stochastic Optimization Models for Risk Mitigation Decisions
The quantitative resilience literature consistently treated stochastic optimization as a formal basis for
risk mitigation in consumer distribution networks because it represented uncertain demand within a
structured decision framework. In this body of work, demand was modeled as an uncertain input that
influenced inventory, allocation, sourcing, and transportation decisions, and mitigation strategies were
derived by optimizing performance across uncertain realizations rather than a single forecast (Ermoliev
et al., 2019). Stochastic programming approaches were widely used because they enabled planners to
incorporate probability-weighted outcomes into objective functions and to enforce operational
feasibility through constraints reflecting capacity, lead time, and service requirements. Studies
emphasized that this modeling family provided a disciplined approach for evaluating the trade-off
between efficiency and robustness by quantifying expected cost while accounting for service-based
penalties associated with shortages and delays. The literature also highlighted that stochastic models
supported risk mitigation by producing policies that remained feasible across diverse demand
conditions, reducing the likelihood that a network would experience extreme service failure under
demand shocks (Alvarez-Miranda et al., 2019). This approach was particularly relevant for consumer
distribution settings with high variability and short delivery expectations, where deterministic
planning often underestimated tail outcomes. Overall, stochastic programming was positioned as a
core quantitative tool for resilience modeling because it translated uncertain demand into decision-
ready optimization structures that supported consistent evaluation of mitigation strategies across
scenarios (Pflug & Pichler, 2014).
Two-stage stochastic optimization was frequently described in the literature as a practical
representation of distribution planning under uncertainty because it separated pre-shock decisions
from post-shock adjustments. In this structure, first-stage decisions captured commitments made
before demand uncertainty was resolved, such as inventory positioning, capacity reservation, or
baseline allocation plans. Second-stage decisions represented recourse actions taken after demand
realizations were observed, including emergency replenishment, expedited transportation, cross-node
reallocation, or substitution across fulfillment locations. The literature emphasized that recourse
modeling was essential for capturing resilience because it reflected the adaptive capabilities of
distribution systems under shock conditions. Studies demonstrated that without recourse, models
tended to overinvest in static buffers to preserve feasibility, whereas recourse-enabled structures
supported more flexible and cost-effective mitigation strategies. Recourse decisions were also used to
quantify the value of flexibility, enabling comparisons between systems with different levels of
7
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operational agility. Empirical research highlighted that the effectiveness of recourse depended on
realistic constraints, such as lead-time limits and capacity ceilings, because overly permissive recourse
structures could generate unrealistic solutions. Two-stage frameworks therefore served as a bridge
between strategic planning and operational response, allowing quantitative evaluation of how advance
commitments and reactive adjustments jointly shaped resilience outcomes in consumer distribution
networks.

Figure 5: Stochastic Risk Mitigation in Distribution
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Multi-stage stochastic optimization extended the two-stage structure by modeling sequential decisions
across time, allowing distribution policies to adapt as new information became available. The literature
presented multi-stage frameworks as particularly appropriate for demand shocks that evolved over
multiple periods, where uncertainty unfolded gradually rather than being resolved at a single point. In
consumer distribution networks, this structure allowed models to represent rolling replenishment
cycles, phased capacity adjustments, and dynamic allocation policies across successive decision epochs
(Cano et al., 2016). Multi-stage approaches were used to capture temporal dependencies and to
represent how early decisions constrained later options, which was critical for evaluating resilience
under persistent shocks. Studies also highlighted that multi-stage frameworks provided a richer
depiction of system behavior by allowing repeated recourse actions rather than a single corrective step.
This design supported modeling of real operational responses such as progressive rerouting,
incremental inventory rebalancing, and adaptive procurement actions. The literature noted that multi-
stage modeling increased computational complexity and required careful scenario structuring, yet it
enabled more realistic analysis of resilience trajectories under sustained uncertainty (Khalilabadi et al.,
2020). By representing sequential decisions, multi-stage stochastic optimization provided a quantitative
mechanism for evaluating how distribution systems responded over time to uncertain demand
conditions and how mitigation strategies influenced both short-term service stability and broader cost
exposure (Kozmik & Morton, 2015).

The objective functions used in stochastic optimization models were treated in the literature as central
mechanisms for encoding risk mitigation priorities. Studies commonly combined expected cost
components with service-based penalties reflecting unmet demand, backorders, late deliveries, and
customer service failures. This combination allowed optimization to reflect not only operational
efficiency but also resilience-oriented service stability under demand shocks (Pantuso & Boomsma,
2020). Expected cost terms captured routine expenses such as holding, transportation, and
procurement, while penalty terms represented the economic and service consequences of disruption.
The literature emphasized that penalty calibration influenced policy behavior, as higher penalty
weights pushed solutions toward more conservative buffering and flexibility investments, while lower
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penalties favored leaner designs with greater vulnerability to shock. Some studies incorporated risk-
sensitive objective variants that emphasized tail outcomes or dispersion rather than averages, reflecting
the disproportionate impact of extreme demand events on consumer service continuity (Carpentier et
al.,, 2015). In consumer distribution networks, objective structures were also used to reflect
differentiated service priorities across product categories, such as essential versus non-essential goods,
which altered penalty configurations. Overall, the literature showed that objective design functioned
as an analytical representation of institutional risk appetite and service requirements, and it shaped the
balance between cost efficiency and shock resilience in stochastic optimization solutions (Yin & Han,
2020).

Frameworks for Stress Testing Demand Shock

The quantitative resilience literature consistently positioned scenario analysis as a central instrument
for stress testing consumer distribution networks under extreme demand conditions. Scenario analysis
was treated as a structured method for evaluating system behavior across multiple plausible
realizations of demand rather than relying on average or expected-case assumptions (Mahmutogullari
etal., 2019). In this body of work, scenarios represented coherent combinations of demand magnitude,
timing, and spatial distribution that reflected realistic stress environments observed in consumer
markets. Researchers emphasized that scenario-based evaluation enabled identification of nonlinear
system responses, threshold effects, and cascading failures that remained hidden under single-scenario
or deterministic analyses. In consumer distribution contexts, scenario analysis was used to examine
how inventory depletion, capacity saturation, and service degradation evolved under high-pressure
demand conditions (Zeballos et al., 2015). The literature also highlighted that scenario frameworks
supported comparability across studies because scenarios could be standardized and reused across
alternative network designs or mitigation strategies. By framing demand shocks as structured scenario
sets, quantitative studies established a repeatable evaluation environment in which resilience could be
assessed systematically. This approach strengthened analytical rigor by shifting focus from isolated
disruption narratives to distributional performance patterns across stress conditions, enabling more
comprehensive evaluation of risk mitigation effectiveness (Pisciella et al., 2016).

Figure 6: Scenario-Based Stress Testing Framework
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Historical replay emerged in the literature as a widely adopted approach for constructing demand
shock scenarios grounded in observed consumption behavior. This method involved selecting periods
of extreme demand variation from historical data and using them as direct inputs for evaluation.
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Researchers valued historical replay because it preserved realistic correlations between demand levels,
timing, and spatial patterns without requiring strong parametric assumptions (Mittnik et al., 2020). In
consumer distribution networks, historical replay allowed analysts to examine how systems would
have performed if existing policies had been applied during past stress events. Studies emphasized that
replay scenarios captured behavioral and contextual complexity, such as panic buying, regional
demand surges, or prolonged consumption downturns, which were difficult to replicate synthetically.
However, the literature also acknowledged limitations related to sample dependence and the inability
of historical replay to represent unprecedented demand conditions (Roohnavazfar et al., 2019). As a
result, historical replay was often combined with other scenario-generation methods to expand the
stress-testing envelope. Despite these limitations, historical replay was consistently treated as a
benchmark approach because it anchored resilience evaluation in empirically observable demand
patterns, enhancing the credibility of quantitative stress-testing outcomes (Wang et al., 2016).
Mitigation Levers in Consumer Distribution Networks

The quantitative resilience literature consistently treated inventory buffers and safety-stock
optimization as foundational mitigation levers in consumer distribution networks because inventory
positioning directly influenced service continuity under demand shocks. Studies modeled buffering as
a decision mechanism that absorbed demand volatility by increasing available stock at selected
echelons, often emphasizing the role of decoupling points that separated upstream replenishment
uncertainty from downstream consumption variability (Timonina, 2015). Safety-stock optimization
was commonly represented as an allocation problem in which buffer levels were tuned to match
demand variability, lead-time uncertainty, and target service performance. The literature highlighted
that buffering decisions were rarely uniform across products or nodes because consumer distribution
networks exhibited heterogeneous demand patterns and different replenishment constraints.
Quantitative models therefore incorporated differentiated inventory policies that assigned higher
safety stock to items with high volatility or high service criticality (Golmohamadi & Asadi, 2020).
Empirical comparisons across scenarios showed that buffering reduced unmet demand and backorder
incidence during shock conditions, while also increasing holding costs and risk of obsolescence. The
literature also documented that buffer effectiveness depended on where inventory was positioned, as
upstream buffers improved replenishment reliability while downstream buffers improved immediate
responsiveness. This body of work demonstrated that inventory buffering functioned as a measurable
resilience lever because its impact could be quantified through changes in stockout rates, fill-rate
stability, and cost escalation across stress scenarios (Golmohamadi & Asadi, 2020).

Figure 7: Supply Chain Resilience Mechanisms
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Capacity reservation was extensively modeled as a risk mitigation lever because consumer distribution
networks often experienced shock-driven congestion that exceeded normal operating limits. Studies
treated capacity as a scarce resource spanning warehousing throughput, transportation availability,
and fulfillment processing, and quantitative frameworks represented reservation as a pre-commitment
that preserved operational ability under stress (Qiu et al., 2016). Capacity reservation was commonly
modeled alongside allocation rules that prioritized products, service regions, or customer segments
based on service objectives and risk criteria.

Performance Indicators in Supply Research

The quantitative supply chain literature consistently operationalized resilience through service-level
stability indicators, with fill rate behavior serving as one of the most widely used performance
measures. Fill rate stability captured the ability of a distribution system to maintain consistent order
fulfillment under demand shocks, reflecting both immediate responsiveness and sustained service
continuity (Singh et al., 2019). Rather than focusing solely on average fill rates, studies emphasized
variability and degradation patterns across stress scenarios, as fluctuations in service performance were
treated as indicators of structural fragility. Quantitative models tracked fill rate distributions over time
and across network nodes to identify where demand shocks produced localized or systemic service
deterioration. The literature highlighted that stable fill rates under stress conditions signaled effective
mitigation and buffering strategies, while sharp declines revealed capacity, inventory, or routing
constraints. Researchers also distinguished between aggregate fill rates and segment-level service
performance, noting that resilience assessment required disaggregated analysis to avoid masking
critical service failures (Karmaker & Ahmed, 2020). In consumer distribution contexts, fill rate stability
was frequently linked to customer satisfaction, contractual compliance, and reputational risk,
reinforcing its importance as a resilience metric. This body of work established fill rate-based indicators
as analytically observable measures that translated abstract resilience concepts into operationally
meaningful performance outcomes (Tran et al., 2017).

Figure 8: Operational Resilience Performance Indicators
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Unmet demand volume and backorder duration were widely treated as direct indicators of resilience
failure in quantitative supply research. These measures captured the extent to which a distribution
network was unable to satisfy consumer demand under shock conditions, providing insight into both
severity and persistence of disruption. The literature emphasized that unmet demand reflected
immediate capacity or inventory shortfalls, while backorder duration captured temporal recovery
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behavior (Li et al, 2017). Quantitative studies modeled backorder accumulation and clearance
dynamics to assess how quickly systems returned to stable operating states after demand surges or
collapses. Longer backorder durations were associated with deeper structural constraints and limited
adaptive capacity, whereas rapid clearance indicated effective recourse mechanisms. Researchers also
examined the spatial distribution of unmet demand to identify regions or customer segments
disproportionately affected by shocks. In consumer distribution networks, these indicators were
particularly important for essential goods, where prolonged unmet demand carried social and
economic consequences beyond direct cost impacts (Cubillo & Martinez-Codina, 2019). The literature
consistently treated unmet demand and backorder metrics as complementary to fill rate measures,
providing a fuller depiction of resilience by capturing both immediate service failure and recovery
trajectory under stress.
Robustness in Stochastic and Scenario-Based Models
The quantitative resilience literature treated robustness validation as a central requirement for
establishing credible claims about risk mitigation performance under demand shocks. Robustness was
commonly framed as the capacity of a policy or network design to maintain acceptable performance
when evaluated under demand realizations that differed from those used for model calibration or
policy selection (Gkanatsas & Krikke, 2020). Studies emphasized that resilience models could appear
effective when assessed only on the scenarios used during optimization, while performance degraded
materially when exposed to alternative realizations. As a result, robustness evaluation was integrated
into research designs through structured validation protocols that separated development scenarios
from evaluation scenarios. This approach supported evidence-based assessment of whether mitigation
strategies generalized beyond the specific stress profiles that guided their construction (Najarian &
Lim, 2019). The literature also highlighted that robustness in consumer distribution contexts required
attention to both cost outcomes and service outcomes because some policies preserved service at the
expense of unstable cost escalation, while others minimized cost but produced volatile service
performance. Quantitative validation frameworks therefore assessed distributions of outcomes rather
than single-point averages, enabling researchers to identify whether policies exhibited consistent
behavior under variability. This body of work reinforced the idea that robustness was not a descriptive
label but an empirically testable property of mitigation decisions derived from repeated evaluation
under scenario variation (Kwasinski, 2016).
Out-of-time validation extended this logic by using temporally separated demand data to assess
whether mitigation strategies retained effectiveness when consumption dynamics shifted across time
windows (Santarelli et al., 2015). The literature emphasized that distribution networks were subject to
time-dependent changes in purchasing behavior, seasonality disruptions, and macroeconomic
instability, making temporal validation critical for credible resilience assessment. Studies also noted
that out-of-time tests were particularly relevant for consumer distribution systems because demand
shocks often altered demand structure in ways that were not represented in earlier periods.
Quantitative analyses commonly compared performance across baseline and stress periods to identify
whether policies exhibited stability in service continuity, unmet demand, and cost escalation under
temporal separation (Amirioun et al., 2019). This research treated temporal validation as a mechanism
for detecting fragility masked by in-sample optimization success. By incorporating out-of-sample and
out-of-time evaluation designs, the literature established rigorous standards for testing whether
resilience strategies remained reliable across new shock conditions and evolving demand
environments.
Sensitivity testing was consistently highlighted as a core analytical procedure for evaluating how
resilience outcomes depended on demand distribution assumptions and scenario design parameters
(Khaghani & Jazizadeh, 2020). In stochastic models, demand uncertainty was represented through
estimated variance structures, correlation patterns, and tail behavior assumptions, and studies
demonstrated that small changes in these parameters could produce large differences in optimal
mitigation policies. Sensitivity analysis therefore examined how policy recommendations shifted when
demand volatility, shock duration, or spatial concentration assumptions were adjusted. The literature
emphasized that sensitivity testing provided diagnostic insight into which uncertainty dimensions
most strongly influenced network performance. For example, policies that performed well under
12
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moderate variance conditions often exhibited instability when tail severity increased or when
correlation across regions intensified (Hohenstein et al., 2015). Scenario-based models used sensitivity
analysis to vary the composition and weighting of stress events, enabling assessment of whether policy
performance was stable across alternative stress-testing envelopes. This approach supported
transparency in quantitative resilience research by revealing whether results were robust to reasonable
changes in modeling assumptions. Sensitivity testing also helped identify policy levers that were overly
tuned to specific scenario configurations, which was treated as a signal of limited generalizability.
Overall, the literature positioned sensitivity analysis as essential for validating resilience claims because
it clarified how dependent observed performance improvements were on the assumed structure of
demand uncertainty (Murino et al., 2019).

Figure 9: Robustness Validation for Resilience Models
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Tail-Outcome Modeling for Extreme Demand Conditions

The quantitative resilience literature consistently treated risk-sensitive modeling as an extension
beyond average-case evaluation because consumer distribution networks often experienced outcomes
dominated by rare but severe demand realizations. Traditional expected-value optimization
approaches were described as insufficient for resilience assessment when extreme demand shocks
produced disproportionate service failures and cost escalation (Tuni et al., 2018). Risk-sensitive
objective structures were therefore incorporated to reflect the institutional preference for limiting
catastrophic outcomes even when average performance appeared acceptable. Studies framed these
objectives as mechanisms for embedding risk appetite into formal decision models, allowing solutions
to balance efficiency with protection against high-severity loss exposure. In consumer distribution
contexts, risk-sensitive modeling was linked to the need to preserve service continuity for essential
products and to manage reputational and contractual consequences associated with widespread
fulfillment breakdown (Chen et al., 2020). The literature also highlighted that risk-sensitive objectives
improved interpretive clarity for resilience evaluation by making explicit whether a model prioritized
average cost reduction or protection against extreme shortage conditions. This body of work
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established that resilience was better evaluated through performance distributions, where tail events
carried analytical weight, rather than through single mean values that masked catastrophic scenario
behavior. By shifting attention toward extreme outcomes, risk-sensitive modeling supported more
rigorous evaluation of mitigation strategies under demand shocks (Khazai et al., 2018).

Tail-risk measurement was widely discussed in the literature as a quantitative approach for assessing
extreme loss exposure in consumer distribution networks. Tail outcomes were described as the subset
of scenarios in which demand shocks caused unusually high unmet demand, prolonged backorders,
severe service instability, or large cost escalations. Studies emphasized that these outcomes were
operationally critical because they often corresponded to system states where capacity limits were
exceeded, inventory buffers were depleted, and recourse actions became constrained (Khaghani &
Jazizadeh, 2020). Quantitative research incorporated tail-risk measurement to represent the severity of
worst-performing outcomes rather than focusing only on central tendency. The literature highlighted
that tail analysis was particularly relevant when demand shocks exhibited heavy-tailed behavior,
because the probability of extreme events was non-negligible and could materially influence system
design decisions. Researchers compared mitigation strategies by examining their performance in high-
severity scenario subsets, demonstrating that policies with similar average costs could differ
substantially in tail exposure (Murino et al., 2019). Tail-risk measurement was also used to evaluate
whether a system maintained acceptable service performance under the most challenging demand
conditions. This approach established a stronger analytical basis for resilience claims by linking
mitigation policies to evidence on extreme outcomes rather than relying solely on average-case
comparisons (Tuni et al., 2018).

Figure 10: Risk-Sensitive Resilience Performance Evaluation
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Loss concentration indicators emerged in the literature as diagnostic tools for identifying whether
disruption impacts were dispersed broadly or clustered in specific regions, products, or operational
bottlenecks. In consumer distribution networks, concentrated losses were viewed as particularly
problematic because they signaled localized fragility that could escalate into systemic disruption
through resource sharing and network coupling (Sokolov et al., 2016). Quantitative studies measured
concentration by examining where unmet demand, backorders, and cost escalation accumulated across
network nodes and customer segments under demand shocks. This analysis supported vulnerability
diagnostics by identifying high-risk service regions, critical facilities, and product categories prone to
severe service degradation. The literature emphasized that loss concentration measures provided
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decision-relevant insight because they clarified whether mitigation strategies reduced the severity of
worst-case losses or simply redistributed them across the network. Studies documented that some
buffering strategies reduced average unmet demand while leaving extreme concentration patterns
intact, indicating that average-case improvements did not necessarily translate into resilience under
stress (Khazai et al., 2018). Concentration analysis was also linked to operational governance, as
identifying concentrated vulnerabilities supported targeted interventions such as capacity
reinforcement or service region redesign. This body of research demonstrated that loss concentration
indicators complemented tail-risk measurement by revealing the structure of extreme losses rather than
only their magnitude (Balugani et al., 2020).

Benchmarking Across Model Classes

The quantitative resilience literature frequently relied on comparative benchmarking to evaluate how
different model classes and policy families performed under identical distribution network constraints.
Comparative studies treated benchmarking as necessary because resilience conclusions varied
depending on whether uncertainty was represented through point forecasts, bounded uncertainty sets,
probability-weighted scenarios, or simulation-driven stress environments (Zou et al., 2020).
Deterministic planning was commonly used as a baseline because it reflected standard operational
practice built around single expected demand estimates and fixed capacity assumptions. Robust
optimization was compared against deterministic approaches by evaluating how bounded uncertainty
protection altered inventory, capacity, and routing policies. Stochastic programming approaches were
benchmarked through scenario-based evaluation to test whether probabilistic representations
improved service continuity and reduced extreme losses under demand shocks (Ahi & Searcy, 2015).
Simulation-based frameworks were frequently used to evaluate policy behavior under complex
dynamics such as queueing effects, nonlinear congestion, and event-driven disruptions that were
difficult to represent in closed-form optimization structures. The literature emphasized that
benchmarking under shared network assumptions strengthened interpretability because policy
differences could be attributed to methodological structure rather than differences in data or
constraints. This comparative logic created a consistent evaluation platform that clarified how each
modeling class handled uncertainty, adaptation, and resilience trade-offs within consumer distribution
systems (Sun et al., 2020).

Figure 11: Comparative Benchmarking of Resilience Models
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METHOD

This study adopted a quantitative, analytical modeling research design grounded in stochastic
optimization and scenario-based evaluation to examine risk mitigation and resilience in consumer
distribution networks under demand shock conditions. The design was observational and model-
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driven, emphasizing comparative assessment of alternative mitigation policies rather than
experimental intervention in real-world systems. Demand uncertainty was represented through
probabilistic and scenario-based structures calibrated from historical consumption patterns and
augmented with synthetic stress events to reflect varying shock severities, durations, and spatial
distributions. The empirical context was defined as a multi-echelon consumer distribution network
operating within an internationally representative retail supply environment, consisting of upstream
sourcing nodes, intermediate distribution centers, and downstream fulfillment locations serving
geographically segmented demand regions. The modeled system reflected routine operational
decisions related to inventory positioning, capacity allocation, sourcing flexibility, routing adaptability,
and order fulfillment under volatile demand conditions. The unit of analysis was the scenario-level
network outcome generated under a specific combination of demand realization and mitigation policy
configuration, capturing system-wide performance indicators such as service continuity, unmet
demand, recovery behavior, and cost escalation. A structured scenario-based sampling strategy was
employed to generate demand realizations from empirically calibrated distributions, with separate
scenario sets used for calibration and out-of-sample evaluation to support robustness and temporal
validation. This design enabled systematic comparison of resilience outcomes across alternative
mitigation strategies under consistent network constraints and evaluation criteria.

Figure 12: Methodology of this study
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Data collection involved assembling standardized demand, cost, capacity, lead-time, and network
structure parameters from secondary sources representative of consumer distribution operations, with
all inputs documented and stored in structured datasets to ensure traceability and reproducibility.
Measurement instruments were operationalized through a unified modeling and evaluation
framework in which mitigation levers were defined as decision variables, including inventory buffers,
capacity reservation, sourcing flexibility, and alternative fulfillment policies, while performance
instruments captured service-level stability, unmet demand, backorder duration, recovery speed, and
total cost outcomes across scenarios. Composite resilience indices were constructed by aggregating
standardized performance measures to facilitate comparative analysis across policy families. Pilot
testing was conducted using a reduced network and limited scenario set to verify data integrity,
scenario construction logic, model solvability, and numerical stability prior to full-scale analysis.
Construct validity was ensured through alignment with established quantitative supply chain
resilience literature, while internal validity was strengthened through controlled scenario design, fixed
network constraints, and separation of calibration and evaluation scenarios. Reliability was supported
through deterministic model execution, fixed random seeds, repeated evaluations, and out-of-time
testing to confirm stability of performance rankings. Model development, optimization, and evaluation
were implemented within a reproducible computational environment using stochastic optimization
solvers, statistical programming tools, and version-controlled code and data repositories, ensuring
transparency, auditability, and replicability of all analytical results.

FINDINGS

This chapter presented the empirical results generated from the quantitative analysis and reported how
the study variables, constructs, and modeled outcomes behaved under the implemented statistical
procedures. The chapter summarized the sample structure, described the distributional properties of
all major measures, and reported reliability and regression findings in a sequence aligned with the
study objectives. The reporting established a clear progression from descriptive evidence to
measurement verification and inferential testing, ensuring that conclusions were grounded in
observable statistics and validated construct behavior. Results were presented using standardized
tables and narrative interpretation to support clarity, replicability, and quantitative rigor.

Respondent Demographics

This section reported the demographic and operational profile characteristics of the dataset used for
statistical modeling and inference. The final analytical sample consisted of 1,520 distribution-network
observations derived from scenario-level demand realizations and policy evaluations. Regional
representation was balanced across four major service areas, with no single region accounting for more
than one-third of the observations, indicating adequate geographic dispersion for comparative analysis.
Product segmentation showed a deliberate inclusion of both essential and non-essential goods, with
essential categories forming a slight majority of the sample, reflecting their prominence in resilience
evaluation. Observations were distributed across multiple operational time windows, including
baseline and stress periods, enabling temporal comparison in later analyses. Operational condition
variables indicated that most observations were generated under moderate-to-high utilization regimes,
ensuring that resilience outcomes were assessed under realistic capacity pressure rather than
unconstrained conditions. Control variables related to network scale, service-region coverage, and
demand volatility exhibited sufficient variation, supporting their inclusion in multivariate regression
models. Overall, the demographic and operational composition of the dataset provided a stable
foundation for inferential testing by ensuring representation balance across regions, product types, and
operating environments.
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Table 1: Regional and Product Segment Distribution of Observations

Category Frequency Percentage (%)
Region A 412 271

Region B 386 254

Region C 355 23.4

Region D 367 241

Total Regions 1,520 100.0

Essential Goods Segment 832 54.7
Non-Essential Goods Segment 688 453

Total Product Segments 1,520 100.0

Table 1 summarized the regional and product segment composition of the analytical sample. The
distribution across four service regions demonstrated relatively even representation, reducing the risk
of region-driven bias in subsequent regression estimates. Product segmentation showed a moderate
dominance of essential goods, which was consistent with the study’s focus on resilience under demand
shocks affecting critical supply categories. The balanced presence of non-essential goods enabled
comparative evaluation across segments with different service sensitivity and demand volatility
profiles. This distribution supported meaningful interpretation of segment-level effects and interaction
terms in later statistical models.

Table 2: Operational and Temporal Profile of the Sample

Variable Mean Std. Dev. Minimum Maximum
Network Utilization Rate (%) 71.6 12.4 38.2 94.7
Demand Volatility Index 0.43 0.17 0.12 0.91
Baseline Period Observations 742 — — —

Stress Period Observations 778 — — —

Service Region Coverage (Nodes) 6.8 21 3 12

Table 2 reported descriptive statistics for key operational and temporal control variables used in the
statistical analysis. The mean utilization rate indicated that most observations reflected moderately
constrained operating conditions, which was appropriate for evaluating resilience behavior. Demand
volatility values demonstrated wide dispersion, confirming the presence of both stable and highly
variable demand environments in the sample. The near-equal split between baseline and stress-period
observations supported temporal robustness testing. Variation in service-region coverage indicated
heterogeneity in network scale, justifying its inclusion as a control variable in regression models.
Descriptive Results by Construct

This section presented descriptive statistics for the key constructs operationalized in the quantitative
analysis, focusing on resilience performance, cost behavior under stress, service stability, and
robustness-related indicators. Overall, the results showed meaningful dispersion across constructs,
indicating that the modeled outcomes captured heterogeneous system behavior under varying demand
shock conditions. Resilience performance measures demonstrated moderate central tendency with
observable right-skewness, suggesting that while most scenarios maintained acceptable performance,
a subset experienced pronounced degradation under severe stress. Cost behavior indicators exhibited
higher variability than service indicators, reflecting the tendency for economic impacts to escalate
sharply when mitigation levers were activated under extreme demand realizations. Service stability
measures showed relatively tighter distributions, indicating that mitigation strategies were generally
effective at dampening volatility in fulfillment outcomes, particularly for essential goods. Robustness-
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related metrics displayed greater dispersion across regions and demand segments, highlighting
differences in how policies performed when exposed to alternative shock structures. Segment-level
comparisons revealed that essential goods exhibited lower variability in service continuity but higher
average cost escalation, whereas non-essential goods showed greater service volatility but lower tail
cost exposure. Across constructs, the presence of skewness and concentration effects underscored the
importance of distribution-based evaluation rather than reliance on mean values alone when
interpreting resilience outcomes.

Table 3: Descriptive Statistics for Core Resilience and Cost Constructs

Construct Mean  Std. Dev. Minimum Maximum
Service Continuity Index 0.81 0.14 0.42 0.97
Unmet Demand Ratio 0.18 0.11 0.02 0.61
Recovery Time (Periods) 3.6 1.9 1.0 9.0

Cost Escalation Rate (%) 224 15.7 3.1 78.6
Composite Resilience Score 0.74 0.12 0.39 0.92

Table 3 summarized central tendency and dispersion for the primary resilience and cost-related
constructs. The service continuity index indicated generally stable fulfillment performance, although
the lower bound revealed instances of significant service degradation. Unmet demand ratios showed
moderate average levels with notable dispersion, confirming the presence of high-severity stress
scenarios. Recovery time displayed substantial variability, reflecting differences in adaptive capacity
across network configurations. Cost escalation exhibited the largest spread, highlighting sensitivity of
economic outcomes to demand shocks. The composite resilience score demonstrated moderate
dispersion, supporting its use as an integrative performance indicator while preserving sensitivity to
extreme outcomes.

Table 4: Segment-Level Descriptive Comparison by Product Category

Construct Essential Goods (Mean) Non-Essential Goods (Mean)
Service Continuity Index 0.86 0.75

Unmet Demand Ratio 0.13 0.24

Recovery Time (Periods) 3.1 42

Cost Escalation Rate (%) 26.9 17.1

Robustness Stability Index 0.78 0.69

Table 4 compared descriptive outcomes across essential and non-essential product segments. Essential
goods exhibited higher service continuity and lower unmet demand, indicating prioritization and
stronger buffering under stress conditions. However, these gains were associated with higher cost
escalation, reflecting increased use of mitigation levers to preserve service levels. Non-essential goods
showed greater service volatility and longer recovery times, but lower average cost increases. The
robustness stability index further indicated that policies supporting essential goods produced more
consistent performance across scenarios. This comparison illustrated clear segment-level trade-offs
between service protection and economic efficiency.
Reliability
This section reported the internal consistency results for composite constructs operationalized as multi-
item indices within the quantitative analytical framework. Reliability analysis was conducted to
confirm that grouped indicators measured coherent underlying constructs before inclusion in
regression and hypothesis testing procedures. Overall, the results demonstrated acceptable to excellent
internal consistency across all composite indices, indicating strong measurement dependability.
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Cronbach’s alpha values exceeded commonly accepted thresholds, supporting the aggregation of
individual indicators into composite scores. Corrected item-total correlations showed that most items
contributed meaningfully to their respective constructs, with values indicating moderate to strong
alignment with overall scale behavior. Where marginal items were identified, alpha-if-item-deleted
diagnostics were examined to assess whether scale reliability would improve through exclusion. In all
cases, item retention decisions balanced empirical contribution with conceptual relevance, and no
construct required substantial revision. Objective system metrics, such as cost escalation rates, unmet
demand ratios, and recovery time measures, were treated as direct performance outcomes rather than
latent constructs and were therefore excluded from reliability testing. The reliability evidence
confirmed that the multi-item indices used to represent resilience stability, robustness, and service
continuity were statistically sound and suitable for inferential modeling, providing confidence that
subsequent regression estimates reflected consistent and dependable measurement structures.

Table 5: Cronbach’s Alpha Results for Composite Constructs

Construct Number of Items Cronbach’s Alpha
Service Stability Index 5 0.88
Robustness and Stability Index 6 091
Resilience Capability Index 7 0.93
Governance and Control Index 4 0.85

Table 5 summarized the internal consistency estimates for the composite constructs included in the
statistical analysis. All Cronbach’s alpha values exceeded the recommended threshold for acceptable
reliability, indicating strong coherence among items within each construct. The resilience capability
index demonstrated the highest reliability, reflecting a well-aligned set of indicators capturing system
adaptability and recovery behavior. The governance and control index showed slightly lower but still
robust reliability, consistent with its smaller number of items. These results supported the use of
composite indices in regression analysis without concerns regarding measurement inconsistency.

Table 6: Item-Total Correlation and Alpha-if-Item-Deleted Diagnostics

Construct Item Code Item-Total Correlation Alpha if Deleted
Service Stability Index SS1 0.64 0.86

SS2 0.71 0.85

SS3 0.68 0.86
Robustness and Stability Index RS1 0.73 0.89

RS2 0.77 0.88

RS3 0.69 0.90

Table 6 reported corrected item-total correlations and alpha-if-item-deleted values for representative
items within key constructs. All item-total correlations exceeded acceptable minimum levels,
indicating that each item contributed positively to its construct. Alpha-if-item-deleted values did not
exceed the reported overall alpha values, demonstrating that removing any individual item would not
materially improve scale reliability. These diagnostics supported the retention of all items included in
the composite indices. The results confirmed that the constructs were empirically stable and
conceptually coherent, justifying their use in subsequent regression and hypothesis testing analyses.
Regression

This section reported the regression analysis results estimating the statistical relationships between risk
mitigation and resilience-related predictors and the study’s dependent performance outcomes. The
baseline model included only control variables capturing network scale, demand volatility, utilization
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intensity, and regional fixed effects to establish a reference specification. The extended model then
incorporated composite resilience indices and mitigation-related constructs to evaluate their
incremental explanatory contribution. Comparison between model specifications indicated clear
improvement in explanatory power after inclusion of resilience-related predictors, while coefficient
signs and magnitudes remained stable across specifications, supporting model robustness. In the
baseline model, demand volatility and utilization intensity showed statistically significant associations
with performance outcomes, confirming their role as structural drivers of system behavior under stress.
In the extended model, resilience capability and robustness stability indices emerged as strong
predictors, reducing unexplained variance and attenuating the effects of some control variables.
Diagnostic checks confirmed acceptable variance inflation levels, stable residual behavior, and
consistent coefficient estimates across alternative specifications.

Table 7: Baseline Regression Results

Predictor Variable Coefficient  Std. Error 95% CI Lower 95% CI Upper p-value
Intercept 0.412 0.063 0.288 0.536 <0.001
Demand Volatility Index -0.287 0.041 -0.368 -0.206 <0.001
Network Utilization Rate -0.164 0.037 -0.237 -0.091 <0.001
Service Region Coverage 0.058 0.021 0.017 0.099 0.006
Regional Controls Included — — — —
Adjusted R? 0.241

F-statistic (p-value) 32.6 (<0.001)

Table 7 presented the baseline regression model including only control variables. Demand volatility
and network utilization showed strong negative associations with performance outcomes, indicating
that higher uncertainty and congestion reduced system effectiveness. Service region coverage exhibited
a positive effect, suggesting that broader network reach supported performance stability. The model
demonstrated moderate explanatory power, providing a suitable reference point for assessing the
incremental contribution of resilience and mitigation constructs. The statistical significance of key
controls confirmed that structural operational conditions meaningfully influenced outcome variability
under demand shock conditions.

Table 8: Extended Regression Results Including Resilience and Mitigation Indices

Predictor Variable Coefficient Std. Error 95% CI Lower 95% CI Upper p-value
Intercept 0.198 0.054 0.092 0.304 <0.001
Resilience Capability Index 0.421 0.049 0.325 0.517 <0.001
Robustness and Stability Index  0.276 0.044 0.190 0.362 <0.001
Demand Volatility Index -0.119 0.036 -0.189 -0.049 0.001
Network Utilization Rate -0.072 0.031 -0.133 -0.011 0.021
Regional Controls Included - — — —
Adjusted R? 0.318

A Adjusted R? +0.077

F-statistic (p-value) 41.9 (<0.001)

Table 8 reported the extended regression model incorporating resilience and robustness indices. Both
indices showed strong positive and statistically significant relationships with the dependent variable,
indicating that higher resilience capability and policy stability were associated with improved
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performance outcomes. The inclusion of these constructs increased explanatory power substantially, as
reflected in the adjusted R? improvement. Control variable effects were attenuated but remained
significant, suggesting partial mediation through resilience mechanisms. These results confirmed the
incremental explanatory value of resilience-oriented constructs beyond baseline operational controls
and supported their relevance in quantitative performance modeling.

Hypothesis Testing Decisions

This section reported the outcomes of formal hypothesis testing based on regression estimates,
confidence interval assessment, and robustness diagnostics. Hypotheses were evaluated using
predefined statistical significance thresholds and consistency criteria across baseline and extended
model specifications. The results indicated that hypotheses related to the direct influence of resilience
capability and robustness stability on performance outcomes were supported, as corresponding
coefficients were positive, statistically significant, and stable across specifications. Control-related
hypotheses demonstrated partial support, with effects remaining significant but reduced in magnitude
after inclusion of resilience constructs, indicating indirect influence pathways. Hypotheses addressing
robustness and generalization were evaluated using out-of-sample and segmented analyses, which
showed that core relationships persisted under alternative scenario partitions and stress intensities. No
hypothesis exhibited sign reversal or loss of significance across model variants, supporting inferential
stability. Overall, the hypothesis testing outcomes confirmed that resilience-oriented constructs
functioned as statistically meaningful and robust predictors of system performance under demand
shock conditions.

Table 9: Hypothesis Testing Summary Based on Regression Results

ggg:thesm Hypothesized Relationship gi(:gerfflaent s;lue Decision

H1 Resilience Capability — Performance Outcome Positive <0.001 Supported
H2 Robustness Stability — Performance Outcome Positive <0.001 Supported
H3 Demand Volatility — Performance Outcome Negative 0.001  Supported
H4 Network Utilization — Performance Outcome Negative 0.021  Supported
H5 Service Region Coverage — Performance Positive 0.006 Supported

Outcome

Table 9 summarized the primary hypothesis testing outcomes derived from the extended regression
specification. All hypothesized relationships exhibited coefficient signs consistent with theoretical
expectations and met predefined significance criteria. Resilience capability and robustness stability
demonstrated the strongest statistical support, confirming their central role in explaining performance
variation. Control hypotheses related to demand volatility, utilization intensity, and service coverage
were also supported, indicating that structural operating conditions influenced outcomes alongside
resilience mechanisms. The uniform support across hypotheses reinforced internal consistency
between the analytical framework and empirical evidence.

Table 10 reported robustness validation results for each tested hypothesis across alternative evaluation
conditions. Statistical significance and coefficient direction were preserved in both baseline and
extended models, demonstrating inferential stability. Out-of-sample testing confirmed that
relationships remained consistent when evaluated on independent scenario sets, while segmented
analysis showed stability across demand intensity and product-category partitions. These findings
indicated that hypothesis support was not driven by model overfitting or sample-specific effects.
Collectively, the robustness evidence strengthened confidence in the generalizability of the hypothesis
testing outcomes under varied demand shock environments.
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Table 10: Stability and Robustness Validation of Hypothesis Outcomes

Hypothesis = Baseline Extended Out-of-Sample Segmented Final
Code Model Sig.  Model Sig. Consistency Stability Assessment
H1 Yes Yes Stable Stable Robustly
Supported
H2 Yes Yes Stable Stable Robustly
Supported
H3 Yes Yes Stable Stable Robustly
Supported
H4 Yes Yes Stable Stable Robustly
Supported
H5 Yes Yes Stable Stable Robustly
Supported
DISCUSSION

This study demonstrated that demand shocks exerted statistically significant and structurally
heterogeneous effects on consumer distribution network performance, reinforcing patterns
documented in earlier quantitative supply chain research (Hoogsteen et al., 2015). The descriptive and
regression results showed that increased demand volatility was consistently associated with reduced
service continuity, increased unmet demand, and prolonged recovery periods, aligning with prior
findings that highlighted the destabilizing role of consumption variability in networked distribution
systems. However, the present analysis extended earlier work by quantifying these effects under a
unified scenario-based modeling framework that captured both moderate and extreme demand
realizations. Unlike studies that relied primarily on deterministic or single-scenario evaluation, the
results here revealed that performance degradation was not linear across volatility levels, with
disproportionate deterioration occurring under high-severity scenarios (Degryse et al., 2019).

Figure 13: Scenario-Based Demand Shock Analysis Framework
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This observation mirrored earlier stress-testing research that emphasized the nonlinearity of disruption
impacts but provided additional empirical structure by linking volatility directly to measurable
resilience indicators. The findings also demonstrated that demand shocks affected cost and service
outcomes differently, with cost escalation exhibiting greater dispersion and tail sensitivity than service-
level metrics. This pattern was consistent with earlier research noting that mitigation responses often
preserved service at the expense of increased operational cost (Ivanov & Dolgui, 2020). By embedding
these dynamics within regression-based inference, this study contributed to a more granular
understanding of how demand shocks translated into observable performance variation across
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network conditions.

The regression results indicated that resilience capability emerged as one of the strongest predictors of
distribution network performance under demand shock conditions, even after controlling for structural
and operational variables. This finding aligned with earlier resilience literature that conceptualized
resilience as a multidimensional capability encompassing buffering, flexibility, and adaptive response
(Kim et al., 2015). However, the present study advanced prior work by operationalizing resilience
capability as a composite quantitative construct and testing its explanatory power within a comparative
regression framework. Earlier studies often treated resilience as an outcome inferred from simulation
results or descriptive comparisons, whereas this study treated resilience as a statistically testable
predictor linked to observable performance metrics. The strong positive association between resilience
capability and performance outcomes supported earlier arguments that networks designed with
adaptive capacity exhibited superior shock absorption and recovery behavior (Basole & Bellamy, 2014).
At the same time, the attenuation of demand volatility effects in the extended regression models
suggested that resilience mechanisms partially mediated the impact of uncertainty on performance, a
relationship that had been implied but not empirically tested in much of the earlier literature. By
quantifying this mediation effect, the findings provided empirical clarity on how resilience translated
into measurable performance advantages under stress (Leduc & Liu, 2016).

The results also highlighted robustness and stability as analytically distinct but complementary
dimensions of resilience, consistent with earlier theoretical distinctions in supply chain risk research.
Robustness stability indices showed significant explanatory power and remained stable across baseline
and extended model specifications, indicating that policies designed to perform consistently across
scenarios reduced vulnerability to extreme demand realizations. Earlier studies frequently discussed
robustness in conceptual terms or evaluated it through worst-case scenario performance, but this study
provided statistical evidence linking robustness stability directly to performance outcomes (Golan et
al., 2020). The out-of-sample and segmented validation results further reinforced this interpretation by
demonstrating that robustness-related effects persisted across alternative scenario sets and stress
intensities. This finding aligned with prior research emphasizing the importance of generalization in
resilience evaluation but extended it by embedding robustness testing within a formal hypothesis-
testing framework. The distinction between resilience capability and robustness stability observed in
the regression results also clarified earlier debates regarding whether resilience should be defined as
flexibility or consistency (Zhao et al., 2016). The empirical evidence suggested that both dimensions
contributed independently to performance, supporting a multi-dimensional interpretation of resilience
consistent with advanced quantitative supply chain models.

The descriptive and regression findings revealed a clear trade-off between service protection and cost
escalation under demand shock conditions, echoing patterns widely reported in earlier resilience
studies. Essential goods segments exhibited higher service continuity but also experienced greater cost
escalation, reflecting prioritization strategies embedded in mitigation policies. Earlier studies often
documented this trade-off qualitatively or through scenario comparisons, but this study quantified the
relationship using regression-based inference and segment-level descriptive analysis (Sharma et al.,
2020). The results indicated that cost escalation was more sensitive to shock severity than service
outcomes, suggesting that mitigation strategies absorbed demand variability primarily through
economic adjustments rather than service degradation. This finding aligned with prior research
emphasizing the role of expedited logistics, capacity reservation, and inventory buffering in
maintaining service levels during crises. By reporting dispersion and tail behavior in cost outcomes,
the study also confirmed earlier observations that average cost metrics understated the financial
exposure associated with extreme demand conditions (Nazemi et al., 2019). The explicit comparison
between essential and non-essential segments further extended prior work by demonstrating how
service prioritization altered the cost-resilience balance across product categories.

The robustness and sensitivity testing results supported the methodological emphasis on scenario-
based evaluation observed in earlier stochastic and simulation-based studies. Out-of-sample and out-
of-time validation demonstrated that the identified relationships between resilience constructs and
performance outcomes were not artifacts of scenario calibration or model overfitting. This finding
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reinforced prior methodological arguments that resilience claims required validation beyond in-sample
optimization results (Hosseini et al., 2020). The stability of coefficient signs and significance across
alternative partitions aligned with earlier studies advocating repeated evaluation under independent
stress environments. However, the present study advanced this methodological perspective by
integrating robustness testing directly into hypothesis evaluation rather than treating it as a
supplementary diagnostic exercise. This integration strengthened inferential credibility and addressed
critiques in earlier literature regarding the generalizability of resilience findings derived from limited
scenario sets. The sensitivity results also confirmed earlier warnings that policy performance could shift
materially under changes in demand distribution assumptions, underscoring the importance of testing
beyond nominal conditions (Stone & Rahimifard, 2018).
The regression analysis demonstrated that traditional structural variables such as network utilization
and demand volatility remained statistically significant predictors of performance, consistent with
foundational operations research studies. However, the reduced magnitude of these effects in extended
models highlighted the explanatory contribution of resilience-oriented constructs beyond structural
conditions alone (Schmitt et al., 2017). Earlier studies often treated structural constraints and resilience
mechanisms separately, whereas this study modeled them jointly, revealing their interdependent
influence on outcomes. The findings suggested that resilience mechanisms moderated the effects of
structural stressors rather than replacing them, a relationship that had been theorized but not
consistently quantified in prior research. This integrated modeling approach aligned with emerging
quantitative frameworks that emphasized the need to evaluate structure and policy jointly (Miiller et
al., 2018). By demonstrating that resilience constructs improved model fit while preserving the
relevance of structural controls, the study reconciled earlier debates regarding whether resilience was
primarily a design issue or a policy issue.
Overall, the discussion of findings positioned this study within the broader trajectory of quantitative
resilience research by demonstrating how resilience could be measured, tested, and compared using
structured statistical methods. Earlier studies often relied on simulation outputs or case-specific
narratives to infer resilience, whereas this study employed composite indices, regression modeling, and
hypothesis testing to formalize resilience evaluation (Wen et al., 2019). The alignment between
descriptive patterns, regression results, and robustness diagnostics strengthened confidence in the
analytical framework and supported consistency with earlier empirical evidence. At the same time, the
study extended existing literature by providing a unified evaluation structure that integrated scenario-
based modeling, resilience measurement, and inferential testing. This contribution addressed long-
standing methodological gaps identified in prior research concerning comparability, generalization,
and empirical rigor in resilience assessment (Hohenstein et al., 2015).
CONCLUSION
This study examined risk mitigation and resilience modeling for consumer distribution networks
operating under demand shock conditions using a quantitative stochastic optimization and scenario-
based evaluation framework. The analysis demonstrated that demand volatility and operating pressure
were statistically associated with deteriorations in service continuity, increases in unmet demand, and
longer recovery periods, confirming that shock intensity functioned as a structural driver of
performance dispersion across network conditions. The results also showed that resilience capability
and robustness stability operated as statistically significant predictors of performance outcomes after
controlling for network scale, service coverage, utilization levels, and regional segmentation, indicating
that resilience was empirically observable through measurable constructs rather than treated as a
conceptual label. Model comparisons between baseline and extended specifications demonstrated
improved explanatory power when resilience and mitigation indices were included, while coefficient
direction and significance remained stable, supporting inferential consistency. Descriptive evidence
further indicated that cost escalation exhibited greater variability and tail sensitivity than service
stability, reflecting that operational protection under severe shocks frequently corresponded with
higher economic exposure. Segment-level findings showed that essential goods achieved higher service
continuity and lower unmet demand than non-essential goods, while incurring higher cost escalation,
illustrating systematic differentiation in resilience behavior across product priority categories.
Reliability testing confirmed acceptable to excellent internal consistency of composite indices,
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supporting the measurement quality of multi-item constructs used in regression estimation and
hypothesis testing. Robustness checks using out-of-sample and segmented evaluations showed that the
principal relationships remained stable across alternative scenario partitions, indicating that results
were not driven by narrow scenario calibration. Collectively, the empirical findings provided
structured evidence on how consumer distribution systems responded to uncertainty and how
mitigation-oriented capabilities were associated with improved operational outcomes under stress
conditions.

RECOMMENDATIONS

Recommendations were developed directly from the quantitative patterns observed in this study,
emphasizing actionable decision levers that aligned with statistically supported drivers of resilience
performance under demand shock conditions. First, mitigation policies should be organized around
explicit resilience capability targets, since composite resilience capability measures demonstrated
strong positive relationships with performance outcomes after controlling for structural operating
conditions. In practice, this required formal specification of minimum service continuity standards
under stress scenarios and systematic calibration of mitigation levers to achieve those standards.
Second, robustness stability controls should be embedded into policy selection rules, as stability indices
remained significant and consistent across scenario partitions; therefore, candidate policies should be
screened not only for average performance but for performance dispersion and tail exposure across
independent scenario sets. Third, demand volatility monitoring should be operationalized as a trigger
condition for adaptive policy activation, given the statistically significant negative association between
volatility and performance; this supported implementation of volatility-index thresholds that adjusted
buffer positioning, capacity reservation levels, or routing flexibility parameters when demand
variability exceeded baseline bounds. Fourth, capacity utilization management should be treated as a
resilience control variable rather than an operational byproduct, since higher utilization was associated
with weaker outcomes; mitigation design should therefore include explicit capacity slack rules for
critical nodes, along with region-level reallocation protocols to prevent localized saturation during
shocks. Fifth, segmentation rules should be formalized to differentiate essential and non-essential
categories, as segment-level results indicated systematic trade-offs between service protection and cost
escalation; this supported creation of tiered service policies that prioritized essential goods while
applying cost-containment constraints to non-essential flows under severe stress. Sixth, cost escalation
should be monitored using distribution-based thresholds rather than mean-based limits because cost
outcomes exhibited high variance and tail sensitivity; mitigation governance should therefore include
triggers for intervention when stress-response costs crossed predefined tail-risk boundaries. Finally,
model governance should require routine out-of-sample scenario testing and out-of-time validation
prior to policy updates, as robustness evidence strengthened confidence in generalization; this
supported adoption of standardized validation cycles in which updated policies were evaluated on
independent shock sets before operational use.

LIMITATIONS

Several limitations constrained the interpretation and generalizability of the quantitative results
reported in this study. First, the analysis relied on scenario-based representations of demand shocks,
and scenario construction necessarily reflected modeling choices regarding severity distributions,
duration patterns, and spatial concentration structures. Although stress scenarios were designed to
capture moderate and extreme realizations, the scenario space could not exhaust all plausible shock
configurations, and unrepresented shock shapes could produce different performance distributions.
Second, the study treated the modeled distribution network as a single integrated case context with
consistent policy rules and data definitions, which supported internal comparability but limited
external generalization to networks with different topology, governance constraints, or service-level
contracts. Third, several operational parameters, such as capacity limits, lead-time behavior, and cost
coefficients, were treated as stable inputs during evaluation; in real consumer distribution systems
these parameters could shift dynamically under disruption, altering feasibility and performance
outcomes in ways not fully captured by static parameterization. Fourth, composite indices used to
represent resilience capability and robustness stability improved explanatory power and demonstrated
acceptable reliability, yet index construction involved weighting and aggregation decisions that could
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influence magnitude and sensitivity of results; alternative index structures could yield different
comparative conclusions even when underlying metric behavior remained similar. Fifth, regression-
based inference provided statistical association evidence between constructs and performance
outcomes, yet causal attribution was limited because mitigation policies and outcomes were jointly
generated within an analytical framework rather than observed through randomized intervention;
unmodeled structural factors could therefore contribute to observed relationships. Sixth, segment-level
comparisons between essential and non-essential goods captured systematic performance differences,
but the classification scheme depended on product grouping rules that could vary by market context
and operational policy; alternative segmentation approaches could shift observed trade-off patterns.
Finally, computational constraints limited the exploration of very large network instances and
extremely deep scenario trees, which restricted the breadth of dynamic interactions examined under
multi-period uncertainty. Collectively, these limitations indicated that the findings were best
interpreted as quantitatively grounded evidence within the defined scenario framework, network
structure, and measurement design rather than as universal results applicable to all consumer
distribution environments.
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