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Abstract: Supply chain networks (SCNs) are increasingly required to balance high service performance
with low carbon emissions, while also remaining resilient to disruptions. Although both sustainability
and disruption management have been widely studied, limited attention has been given to how disruptions
affect the tradeoff between service and environmental performance. This paper examines how link
failures reshape the service-carbon tradeoft in multi-echelon SCNs. We model the network as a
capacitated flow system, where disruptions eliminate the capacity of failed links, and the service
performance is measured by the total lost demand (TLD). Transportation-related carbon emissions are
modeled as flow-dependent quantities, and a lexicographic e-constraint approach is used to generate
efficient service—carbon frontiers between the TLD and the total transportation-related carbon emissions
(TCE). To capture severe operational conditions, the principal analysis selects a fixed adverse disruption
scenario that maximizes the minimum TLD across all failure scenarios involving a given number of link
failures, while additional experiments examine alternative fixed-scenario selection rules. Computational
experiments on synthetically generated networks reveal changes in the marginal service recovery
along the service—carbon tradeoff under disruption. Under the principal max—min adverse-scenario
analysis, larger failure budgets are associated with worse service outcomes and generally earlier declines
toward lower marginal-improvement levels. Additional experiments using critical-link, random, and
representative-average random fixed disruption scenarios show that the magnitude of service degradation
depends on the failed-link configuration, while the underlying service—carbon tradeoft and changing
marginal effectiveness of additional emissions persist across the alternative scenario-selection rules.
From a managerial perspective, these findings highlight the importance of both the network structure
and the link criticality when planning sustainability-constrained recovery.
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1. Introduction

Supply chain networks (SCNs) are increasingly required to achieve high levels of service performance
while simultaneously reducing their environmental impact. Growing regulatory pressures, corporate
sustainability commitments, and stakeholder expectations have made carbon efficient operations a central
priority in supply chain management. At the same time, recent global events—including pandemics,
geopolitical disruptions, and infrastructure failures—have highlighted the vulnerability of supply chains
and the challenges of maintaining service continuity under adverse conditions. These dual pressures
create a fundamental operational tension. Achieving higher service levels may require additional
transportation activity and the use of alternative routing options, potentially increasing transportation-
related carbon emissions. Conversely, restricting emissions limits the routing flexibility and can degrade
the service performance. This tradeoff becomes even more pronounced under disruptions, where the
network capacity is reduced and feasible routing options are constrained.

Although both sustainability and disruption management have received significant attention in
the literature, these two dimensions are often studied separately. Sustainability focused research
primarily examines emission reduction strategies under nominal operating conditions, while disruption
focused studies analyze system performance degradation and recovery without explicitly accounting for
environmental impact. As a result, there is limited understanding of how disruptions affect the tradeoff
between service performance and transportation-related carbon emissions. In particular, an important
and largely unexplored question is how disruption severity reshapes the service improvements attainable
as the carbon emission limit is relaxed. When capacity is reduced due to disruptions, relaxing the carbon
emission limit may allow greater use of available routing alternatives and thereby help restore service
levels. However, it is unclear whether such additional transportation activity remains effective as the
disruptions intensify, or whether structural constraints within the network limit its impact.

This paper addresses this gap by studying the service carbon tradeoftf in multi-echelon SCNs
under link failures. We model the supply chain as a capacitated network, where disruptions are
represented as failures of transportation links that eliminate the available capacity. Service performance
is measured using the total lost demand (TLD), which directly captures unmet customer demand, while
transportation-related carbon emissions are measured using the transportation-related carbon emissions
(TCE) generated by the network flows. For a given disruption scenario, we formulate an optimization
problem that minimizes the TLD subject to an upper limit on the TCE. By systematically varying this
emission limit using an e-constraint approach, we generate service—carbon frontiers that characterize
the best achievable tradeoffs between the service performance and the environmental impact. For the
principal analysis, we select a fixed adverse disruption that maximizes the minimum TLD across all
failure scenarios involving a prescribed number of failed links. Additionally, we examine alternative
fixed scenario selection rules to assess the sensitivity of the service—carbon findings to the choice of
disruption benchmark.

Our analysis distinguishes between structural properties implied by the optimization model and
disruption dependent characteristics of the service—carbon frontier. Relaxing the emission limit
necessarily expands the feasible routing set and therefore cannot worsen the optimal service
performance; similarly, nested link removals cannot improve the optimal service level. Consequently,
the central question of this study is not whether relaxing the emission limit can worsen service, but how
much service improvement is obtained as the limit is relaxed and how the marginal effectiveness of
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additional permitted emissions changes under disruption. Our computational analysis examines changes
in the marginal service improvement along the tradeoff and how these patterns vary with the disruption
severity, network density, and network topology.

The contributions of this paper are threefold: first, we develop a network based lexicographic
e-constraint framework that integrates disruption induced capacity loss, service degradation, and flow-
dependent transportation-related carbon emissions while ensuring that the reported service—carbon points
are efficient; second, we characterize structural properties of the service—carbon value function and
explicitly separate relationships implied by feasible set inclusion from the nontrivial shape characteristics
of the frontier; and third, we use a marginal improvement analysis to quantify the service improvement
per the additional unit of the TCE between consecutive efficient frontier points and examine how the
disruption severity and the network structure affect the resulting marginal improvement profiles. This
shifts the emphasis from the expected direction of the service—carbon relationship to the rate, persistence,
and structural sensitivity of recovery along the frontier.

The remainder of the paper is organized as follows: Section 2 reviews the related literature; Section 3
presents the SCN model and problem formulation, and also describes the tradeoff framework and
the proposed solution approach; Section 4 presents the experimental design and computational setup;
Section 5 reports the results and managerial insights; and finally, Section 6 concludes the paper and
outlines directions for future research.

2. Literature Review

This section positions the paper within the literature on sustainable supply chains, SCN disruption
management, and multi objective optimization. While each of these streams has developed extensively,
their intersection at the operational level remains comparatively limited. This motivates the present
study, which examines how disruptions alter the tradeoft between service performance and carbon
emissions. To identify literature most closely related to this study, we conducted a targeted review
of peer reviewed research on four intersecting themes: (i) carbon aware and sustainable supply chain
optimization, (ii) supply chain disruption and resilience, (iii) integrated sustainable resilient supply
chain models, and (iv) network interdiction and multi-objective tradeoff analysis. Therefore, Table 1
provides a focused comparison of representative studies rather than an exhaustive bibliometric review.
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Table 1. Focused comparison of representative literature related to the present study.

network interdiction

transportation related emissions

Study (Year) Primary focus Disruption sustainability scope Distinction from the present study
[1](2013) Carbon aware supply chain Carbon policies; no explicit Examines carbon effects on operational decisions
operations disruptions but not disruption induced service degradation.
[2] (2012) Sustainable SCN design Emission trading and environmental Strategic design focus; does not analyze operational
network design service—carbon frontiers under link failures.
[3] (2022) Bi-objective green SCN design Green network design under Integrates  environmental &  disruption
disruption risk considerations primarily at the network
design level rather than analyzing post disruption
service—carbon recovery.
[4] (2022) Green resilient network design Resilience, environmental Focuses on robust strategic network design rather
under uncertainty performance, and route risk than the operational TLD-TCE frontier of a fixed
disrupted network.
[5]1(2023) Two-stage stochastic supply Facility/transport disruptions and Models disruption & recovery decisions but does
chain optimization operational uncertainty not characterize the marginal service—carbon
tradeoff.
[6] (2024) Uncertain sustainable network Greenhouse gas emissions and Emphasizes cost and sustainable network design
design uncertain network decisions rather than service degradation under adversarial
link failures.
[7] (2025) Scoping and bibliometric Sustainable and resilient SCN Synthesizes the design literature; does not develop
review design an operational service—carbon frontier under
disruptions.
[8] (2026) Risk averse multi objective Cost emission tradeoffs under Addresses uncertainty aware green design rather
green network design uncertainty than disruption induced capacity loss and TLD—
TCE recovery.
[9] (2026) Complex network and machine Cascading failures and critical state Identifies and mitigates critical disruption states
learning analysis mitigation but does not analyze carbon constrained service
recovery.
This study (2026) Lexicographic e-constraint & Link disruptions, TLD, and Examines how fixed adverse link disruptions

reshape the operational service—carbon frontier
and its marginal improvement profile.

Carbon aware supply chain optimization: A significant body of research incorporates carbon

emissions into supply chain decision making. Early studies demonstrated that operational decisions
such as production, transportation, and inventory control can substantially influence the carbon footprint
of supply chains. For instance, prior research showed that carbon considerations can alter the optimal
operational policies in managing supply chains [1], while other research integrated environmental
objectives into inventory models [10]. At the network level, prior research examined the supply chain
design under emission trading schemes and highlighted the impact of environmental regulations on the
facility location and flow decisions [2]. Recently, an analytics framework for carbon aware supply chain
routing was provided in [11]. In a related direction, inventory decisions under carbon constraints were
studied by jointly optimizing cost and emissions [12]. However, this stream primarily examines carbon
aware operations without explicitly modeling disruption induced service degradation. These studies
establish the importance of carbon aware operations, but they are primarily developed under nominal
conditions. The service performance is typically embedded within feasibility constraints or indirectly
captured through cost based objectives. As a result, they do not explicitly analyze how the service levels
deteriorate when environmental constraints interact with capacity disruptions.

Supply chain disruptions and resilience: Another stream of research focused on supply chain
disruptions, reliability, and resilience. Early work emphasized strategies to mitigate supply chain
disruptions [13], while subsequent studies examined network robustness and performance loss under
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facility or transportation failures [14—16]. Recent reviews synthesized the rapidly expanding literature
on supply chain disruption and resilience [17-19]. Additionally, more recent work examined cascading
failures and critical states in SCNs [9,20]. This literature provides important insights into how disruptions
reduce feasible flows and degrade the service performance. However, in the disruption focused studies
considered in this stream, the environmental performance is generally not the primary modeling
dimension. Even when service metrics such as unmet demand or disruption costs are modeled, the
carbon implications of recovery strategies are not incorporated. Consequently, these studies provide
important insight into performance degradation and recovery under disruption but generally do not
characterize the operational service—carbon frontier examined here.

Network interdiction and adverse disruption selection: Network interdiction provides a closely
related optimization perspective to identify disruptions that most severely impair the network
performance. In a typical interdiction model, an outer decision selects the network components to
disable the subject to an interdiction constraint, while an inner problem represents the optimal response
of the affected network. A comprehensive survey of network interdiction models and mathematical
programming solution approaches was provided in [21], including formulations based on
dualization [22,23]. This structure is directly relevant to a supply chain disruption analysis when link
failures are selected adversarially and the disrupted network subsequently reroutes flow optimally. The
role of interdiction in the present study is narrower than designing a general purpose interdiction policy.
It is used to construct a fixed adverse disruption benchmark by selecting f failed links that maximize
the minimum achievable TLD under optimal recovery. Then, the selected failed network is held fixed
while the service—carbon frontier is evaluated. Thus, the interdiction component determines the
disrupted operating environment, whereas the primary analysis concerns how the service—carbon
tradeoff evolves within that environment.

Integrated sustainable and resilient supply chain models: A growing body of work seeks to integrate
sustainability and resilience within unified optimization frameworks. A recent scoping and bibliometric
review documented the growing intersection between sustainable and resilient SCN design [7]. At the
modeling level, prior research developed a bi-objective green SCN design model under disruption risk [3],
while other research integrated environmental and resilience considerations in a green resilient network
design under uncertainty [4]. Robust sustainable closed loop supply chains under alternative carbon emission
schemes were examined in prior research [24], and a stochastic four-echelon supply chain model incorporating
both disruptions and operational uncertainty was also developed [5]. More recent studies continue to extend
uncertainty aware sustainable network optimization. Greenhouse gas emissions were considered in uncertain
sustainable SCN design [6], while a risk averse multi-objective framework for green supply chain design
under uncertainty was developed in related research [8]. Collectively, these studies demonstrate substantial
progress toward integrating environmental and resilience considerations. However, their primary emphasis
remains on strategic network design, uncertainty management, cost emission objectives, and the selection of
resilience strategies. Instead, the present study fixes the network design and examines how disruption induced
capacity loss changes the operational frontier between unmet demand and transportation related emissions.
These models represent an important step toward unified sustainable and resilient supply chain analyses, but
their emphasis is predominantly on strategic design, uncertainty management, cost emission, and resilience
objectives rather than on characterizing the operational service—carbon frontier following capacity disruption.
Moreover, disruptions are often modeled through scenario based or probabilistic approaches rather than
through adversarial selection of operationally damaging link failure configurations.
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Multi-objective optimization and tradeoff analysis: Multi-objective optimization methods are
widely used to analyze tradeoffs across many engineering disciplines (for instance, see [25,26]). In
the supply chain context, the use of multi-objective optimization in sustainable SCN design has been
reviewed in the literature [27]. More generally, constraint based approaches for generating Pareto
solutions, including e-constraint variants, have been developed and applied across different optimization
settings [28,29]. These approaches provide valuable tools to understand tradeoffs and support decision
making. Related decision theoretic work, such as the tri-level framework of [30], further highlights the
value of distinguishing among different decision regions when evaluating complex tradeoffs. However,
most applications focus on either design stage decisions or nominal operations. The resulting tradeoffs
typically involve cost, emissions, or responsiveness, rather than explicit measures of service degradation
under disruptions. As a result, how disruption induced capacity loss affects operational service—carbon
frontiers remains insufficiently explored.

Research gap and contribution: The literature reviewed above reveals three closely related gaps.
First, carbon aware supply chain models generally do not characterize how disruption induced capacity
loss changes the attainable relationship between service and transportation related emissions. Second,
disruption and resilience models analyze performance loss and recovery but typically do not examine
how environmental restrictions affect the attainable service response. Third, studies that integrated
sustainability and resilience predominantly focused on strategic network design, uncertainty
management, or cost—emission objectives rather than the operational shape of the service—carbon
frontier after capacity loss. Network interdiction provides a natural mechanism to identify adverse
network disruptions, but its role in the present study is complementary: interdiction is used to construct
the disrupted operating environment whose subsequent service—carbon tradeofl is analyzed.

This paper addresses these gaps by studying the operational service—carbon tradeoff in a fixed multi-
echelon SCN under link failures. Therefore, the analysis connects adverse disruption selection, service
degradation, environmental performance, and marginal recovery behavior within a unified operational
framework.

3. Methodology

This section presents the SCN model, the disruption framework, and the tradeoff formulation used to
analyze the relationship between service performance and transportation-related carbon emissions.

Supply chain network structure: We consider a four-echelon SCN consisting of suppliers (),
plants (P), warehouses (W), and retailers (R). The network is represented as a directed graph G(V, E),
where V=S UPUWURand E = Esp U Epy U Eyg denotes the set of links connecting consecutive
echelons. This configuration is widely recognized in the SCN literature as a four-echelon SCN (for
instance, see [5,31-34]). A fundamental assumption in our SCN configuration is that demand exclusively
occurs at the retail level, with no fixed operational costs considered at any facility. These assumptions are
consistent with standard formulations in multi-echelon supply chain configurations as stated in [14, 35].
Each link (i, j) € E has a finite capacity c;; > 0, and demand only occurs at the retail level. We let D,
denote the demand at retailer r € R. Flow variables y;; represent the quantity transported along each
link, and unmet demand at retailer r is denoted by d,. See Table 2 for the notational summary.
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Table 2. Notational summary for the SCN models.

Symbol Description

S,P,W,R Known sets of supplier, plant, warehouse, and retailer nodes
\% Set of all nodes inthe SCN, V=S UPUWUR
seS,peP Indices for supplier s (s € §) and plant p (p € P)
weW,reR Indices for warehouse w (w € W) and retailer r (r € R)

Esp, Epw, Ewgr Known set of edges: (S — P), (P — W), and (W — R)

E Set of all edges in the SCN, E = Egp U Epy U Eypg

cij€R Known maximum capacity of edge (i, j) € E

D, eR Known demand requirement at retailer » € R

mi; Transportation mode assigned to link (i, j) € E

o Freight emission factor for transportation mode m

tij eR, Transportation distance of link (i, j) (miles)

ni; € Ry Link specific emission coeflicient, n;; = p"¢;;

€ Upper limit on TCE

Emax(X) Minimum TCE required to attain the minimum achievable TLD under x

Decision Variable

Description

vij € Ry Flow routed through edge (i, j) € E

d.- eR, Unmet demand at retailer node r € R

x;;€{0,1} Failure indicator for link ¢z, j) (1 if failed, O otherwise) under failure scenario x
a;; € Ry Dual variable associated with the capacity constraint for link (i, j) € E

vp €R Free dual variable associated with flow conservation at plant p € P

6, R Free dual variable associated with flow conservation at warechouse w € W

A, €R Free dual variable associated with retailer demand balance at r € R

Units: d, D, y, ¢ (short tons); ¢ (miles); p (kg CO, per short-ton-mile); and TCE (kg CO,).

Disruption modeling: Disruptions are modeled as link failures. Given a SCN failure scenario x, we
let x = (x;)q.jee € 10, 1}l denote the vector of link states. For each link (i, j) € E, the binary variable
x;; indicates its operational status, where x;; = 1 indicates that the link is unavailable (failed), while
x;; = 0 indicates that it is operational. We consider disruption scenarios with exactly f € N failed links.
The corresponding combinatorial disruption set is as follows:

Xo={re(on": Y x;=f} 3.1)
(i.))EE

As stated earlier, we let y denote the routing variable determined by the SCN when adapting to a failure
scenario x. Then, if a link fails (x;; = 1), its capacity is effectively reduced to zero; otherwise, the full
capacity is available. Thus, this effective capacity requirement is modeled as follows:

vij £ (I = xi5)cij, Vi, j) €E, (3.2)

where y;; for every link (i, j) € E denotes the total flow routed on link (i, j).
Flow feasibility: For a given disruption scenario x, feasible flows y must satisfy the capacity
constraints (3.2) and flow balance constraints. The retailer demand balance constraint is given by the
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following:

D Yw=D,—d, Vrer, (3.3)

weW:
{(w,r)eE

where d, > 0 is the variable unmet demand for retailer r € R. Flow conservation at intermediate nodes
is enforced as follows:

Ysp = Z Ypws Vp € P, (34)
seS:(s,p)eE weW:((p,w)eE
Y= D Yur YweW. (3.5)
pEP{p.w)EE reR:{w,r)eE

Constraints in (3.4) and (3.5) model the fact that the total flow arriving into a node i is equal to the
total flow leaving i, where i € P U W. Given a disruption scenario x, we hereafter refer to the set of
constraints in {(3.2), (3.3), (3.4), (3.5), d > 0, and y > 0} as the flow constraints.

Performance measures: The service performance is measured using the TLD across all retailers,
and we model it as TLD = )} .z d,. TLD provides a direct measure of service degradation and is widely
used in disrupted supply chain settings (for instance, see [36,37]). From a managerial perspective, it
captures unmet customer demand and directly relates to lost sales and customer dissatisfaction. For each
link (i, j) € E, let m;; denote its transportation mode, ¢;; denote its transportation distance in miles, and
o™i denote the mode specific freight emission factor. We define the link specific emission coefficient as
follows:

77ij = pmijfij' (36)

Accordingly, if flow is measured in short tons and p” is measured in kg CO, per short-ton-mile, then
1:;yi; represents the kg CO, generated by transporting flow y;; on link (i, j). Accordingly, the TCE
represents the total transportation-related carbon emissions associated with a routing y and is given by
the following:

TCE = Z Py = Z 10ijYij- (3.7)

(i,))eE (i, )EE

3.1. Service—carbon tradeoff formulation

For a given disruption scenario x with f failed links satisfying (3.1), we analyze the tradeoff between
the TLD and the TCE using an e-constraint approach. We impose an upper limit € on the TCE and
determine the minimum achievable TLD under this limit. For a fixed value of ¢, the first stage problem
is as follows:

7'(x,€) = min{TLD | flow constraints, Z niyij < e}, 3.8)

»d (i, j)EE

where TLD = ),z d,. Thus, z*(x, €) represents the minimum TLD achievable under the disruption
scenario x when the TCE is restricted to be no greater than €. Problem (3.8) minimizes the TLD but does
not distinguish among alternative routing solutions that attain the same optimal TLD. Consequently,
if multiple TLD optimal solutions exist, then they may have different levels of transportation-related
carbon emissions. To ensure that the reported service—carbon point does not contain unnecessary
emissions, we employ a lexicographic optimization procedure. After obtaining z*(x, €) from (3.8), we
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solve the following second stage problem:

TCE*(x,€) = nyl,idn{ Z NijYij | flow constraints, Z nijyij < €, Z d, =7"(x, E)}. 3.9

(i,))eE (i,))eE reR

Hence, the first stage minimizes the TLD under the prescribed emission limit, while the second
stage minimizes the TCE among all routing solutions that attain the optimal TLD from the first
stage. Therefore, the resulting service—carbon point associated with € is defined as (TCE., TLD,) =
(TCE*(x, €), z*(x, €)). By varying e, the lexicographic procedure generates the service—carbon tradeoff,
where € is an upper limit on the TCE. Increasing € expands the feasible routing set, while the second
stage optimization selects the minimum TCE solution among all solutions attaining the optimal TLD for
that €. Thus, the procedure eliminates unnecessary emissions without altering the optimal service level.

Modeling scope: The model focuses on the operational tradeoff between service and
transportation-related carbon emissions. The TCE only includes emissions generated by transportation
flows on the modeled network links; emissions associated with production, facilities, inventory holding,
or other supply chain activities are not included. The parameter € is an emission limit, not a monetary
budget. The transportation cost, lead time, and other operational constraints are outside the present
scope; therefore, the model feasibility does not imply financial or temporal feasibility in a specific real
world setting.

Structural properties of the service—carbon value function: For a fixed disruption scenario x, define
the service—carbon value function V,(€) := 7*(x, €), where z*(x, €) is given by (3.8). Some qualitative
properties of V. (€) directly follows from the optimization structure.

Proposition 1. For a fixed scenario x and any two emission limits 0 < € < &, we have V(&) < V().

Proof. Let ¥ (x, €) denote the feasible set of (3.8). Since € < e, every solution satisfying the emission
constraint at €; also satisfies it at ;. Hence, ¥ (x, €;) € ¥ (x, ). Because the same TLD objective is
minimized over these two sets, minimization over the larger feasible set cannot produce a larger optimal
value. Therefore, V(&) < V.(€). O
Proposition 2. Consider two disruption scenarios xV,x? € {0, 1}/E! such that xgjl.) < xgjz.) for every
(i, j)y € E. Then, for every emission limit € > 0, V.2 (€) > V,m(€). Thus, when a disruption scenario is
obtained from another solely by failing additional links, the minimum achievable TLD cannot improve.

Proof. Under x?, the available capacity of every link is no greater than under x'V. Consequently, for
any fixed €, every routing solution feasible under x® is also feasible under x'"). Therefore, F (x®, €) C
F(x'V, €). Minimizing TLD over the smaller feasible set cannot yield a lower optimal value, which
establishes the result. O

Therefore, the nontrivial question examined in the remainder of the paper is how much service
improvement is obtained as the emission limit is relaxed, how marginal recovery efficiency changes
along the frontier, and how disruption severity and network structure affect the resulting marginal
improvement profiles. These effects are captured by the shape of the lexicographically efficient frontier
and by the marginal improvement measure in Sections 4 and 5.
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3.2. Carbon-emission limit range

As stated earlier, for a given disruption scenario x, the service—carbon frontier is evaluated over a
range of emission limits €. The lower endpoint is set to zero. The upper endpoint, denoted by €yax(x), 18
defined as the minimum level of TCE required to attain the best achievable service performance under
scenario x. To determine this value, we first solve the TLD minimization problem without imposing a
transportation-related carbon emission constraint:

Zmin(X) = midn {TLD | flow constraints} . (3.10)
s

The value z;,(x) represents the minimum TLD attainable under disruption scenario x when no restriction
is imposed on the TCE. Therefore, we interpret zy,,(x) as a carbon unconstrained service recovery
benchmark: it represents a service prioritizing recovery policy that minimizes unmet demand without
imposing an environmental restriction on the routing response. This provides a natural carbon agnostic
benchmark against which the service outcomes obtained under finite emission limits can be compared.
Because multiple routing solutions may attain z,,;,(x) while producing different emission levels, using
the TCE of an arbitrary TLD optimal routing would make the upper endpoint dependent on the particular
optimal solution returned by the solver. Therefore, we apply a second lexicographic optimization and
define the following:

EMax(X) = Tbn{ Z niVij | flow constraints, Z d, = Zmin(x)}. 3.11)

(i,))eE rer

Thus, €évax(x) is the minimum TCE required to attain the carbon unconstrained benchmark z,;,(x).
Consequently, z*(x, €vax (X)) = Zmin(X), and increasing the emission limit beyond €y, (x) cannot further
reduce the TLD. Therefore, the endpoint € = ey (x) represents the service prioritizing carbon
unconstrained recovery benchmark on the service—carbon frontier. Accordingly, the service—carbon
frontier is evaluated over € € [0, ey.x(x)]. For the computational experiments, the interval [0, ey, (X)] is
discretized using a normalized uniform grid of 101 emission limit levels. Specifically, we define the
following:

k
€(x) = meMax(x), k=0,1,...,100. (3.12)

Thus, consecutive emission limits differ by 0.01 ey.x(x), and the grid spans the relevant emission
limit interval from zero to the minimum emission level required to attain the best achievable service
performance. Normalizing the grid by ey.x(x) provides a consistent relative resolution across disruption
scenarios and network instances whose absolute emission ranges may differ.

3.3. Disruption scenario selection

Our objective is to characterize how the service—carbon tradeoff evolves as the emission limit €
varies for a fixed disrupted network. This isolates the effect of changing the allowable emissions
from the effect of changing the underlying failed link configuration. For the principal computational
experiments, we select a fixed adverse benchmark scenario using a network interdiction criterion based
on an unconstrained service performance. For a prescribed number f € N of failed links, we use X
defined in (3.1). For any x € X, the network optimally responds by rerouting the flow so as to minimize

Journal of Industrial and Management Optimization Volume 22, Issue 10, 5351-5381.



5361

the TLD. Therefore, the adverse disruption scenario x* is defined by solving the following:

}, (3.13)

@, = max mm
xeX yd

reR

where x* denotes an optimal disruption scenario attaining (3.13). The inner minimization problem is a
linear program (LP) for every fixed x; we replace it by its LP dual. Let @, v, 6, and 4 be as defined in
Table 2; then, by strong duality, (3.13) is equivalently written as the following single level problem:

;= max, ZR;DA (Z cijerii(1 = xi)) (3.14)
re i,jYeE

s.t. Yp — a5, <0, Y{(s, p) € Esp, (3.15)

ew —pw —Vp < 0’ v(p, W> € EPW’ (316)

/lr - Qyr — gw < 0’ V<W, I"> € EWR’ (317)

x>0, 1< 1, (3.18)

€0, 1", > xy=f (3.19)
(i.))€E

This disruption criterion identifies x* as the most damaging scenario in X in terms of the optimally
recovered service when no transportation-related carbon emission restriction is imposed. Once selected,
x* is held fixed while € is varied. Therefore, the selected scenario is not asserted to be the pointwise
worst disruption for every individual value of €. As the framework itself is applicable to any fixed
disruption scenario, we additionally examine the sensitivity of the computational findings to different
scenario selection rules in Sections 4 and 5.

Computational implementation: The problem in (3.14)—(3.19) is solved as a nonconvex mixed-
integer bilinear model using Gurobi’s global optimization procedure for nonconvex quadratic/bilinear
formulations. All such disruption selection instances used in the reported experiments were solved to
proven optimality. To assess the computational behavior of the disruption selection formulation as the
network size increases, we additionally solve five four-echelon instances of increasing size while fixing
the link generation probability at p = 0.5 and the failure budget at f = 3. Table 3 reports the resulting
runtime and final optimality gap.

Table 3. Solving (3.14) — (3.19) for increasing SCN sizes (p = 0.5, f = 3).

(S1,1P,IW\,IR]) |Vl |E| Runtime (s) MIP gap
4,4,4,8) 20 31 0.220 0
(6,5,5,8) 24 47 0.399 0

(8,7,6,14) 35 95 2.639 0
(8,9,6,12) 35 125 3.216 0
(10,10,12,16) 48 209 113.652 0

Table 3 shows the increasing computational effort as network size grows. Instances with 95 and
125 links are solved in approximately 2.64 and 3.22 seconds, respectively, whereas the largest tested
instance, with 209 links, requires approximately 113.65 seconds. All five instances terminate with a
zero final optimality gap.
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3.4. Pareto frontier computation

The service—carbon frontier is constructed by applying the lexicographic procedure in (3.8)—(3.9)
for a sequence of transportation-related carbon emission limits as in (3.12). For each e, the first
stage problem determines the minimum achievable TLD, and the second stage problem identifies
the minimum TCE routing among all solutions attaining that TLD. Therefore, the resulting pair
(TCE,, TLD,) represents the lexicographically efficient operating point associated with €. The procedure
used to construct the frontier is summarized in Algorithm 1.

Algorithm 1 Obtaining the service—carbon frontier = {(TCE,, TLDy)}
Input: SCN (V, E); Fixed disruption scenario x.

Output: Service—carbon frontier $ between TCE and TLD.

Solve (3.10) for x to obtain Zy;,(x)

Solve (3.11) with Y,z d, = Zmin(x) to obtain €y (x)

B A

: Generate the normalized emission limit grid €(x) = —euax(x), k=0,...,100 as in (3.12)

: 100
6: fork=0,...,100 do

7: Solve (3.8) with € = €,(x) to obtain TLD; = 7*(x, &)

8 Solve (3.9) with },.r d, = TLDy to obtain TCE; = TCE"(x, &)

9: Record the lexicographically efficient solution pair (TCE,, TLDy)
10: end for

11: Construct the service—carbon frontier = {(TCE,, TLDy)}

4. Experimental Design

To evaluate the proposed framework, we generate synthetic multi echelon SCN instances that capture
the key operational characteristics of real world logistics systems. The generation procedure is designed
to reflect the structural, operational, and environmental aspects of supply chains, including multi stage
flows, heterogeneous transportation modes, and capacity driven routing decisions. A summary of the
primary experimental setup is provided in Table 4.

Table 4. Summary of the primary SCN instance parameters.

Parameter Value

(IS 1, 1PI, IWI, |RI) (8,7,06, 14)

Number of failed links in SCN f€{0,1,2,3,5}

Connectivity screening Retailers reachable; intermediate nodes active
Demand range U160, 100] short-ton

Rail, Road, Air capacity U35, 50], U[20, 35], U8, 18] short-ton

Transportation-mode probabilities (0.50, 0.35,0.15) for rail, road, and air
Transportation distance ¢;; (miles) Z/[100, 1000]
Emission factors (o™, p%, pir)  (0.021,0.210, 1.461) kg CO,/short-ton-mile [38]

Network generation: We consider a four-echelon SCN, where connectivity between consecutive
echelons is generated using random bipartite graphs for link probability p. To prevent a nominal network
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performance from being driven by structural disconnection, the constructed SCN is screened before it is
accepted for experiments. An instance is retained only if:

(A1) Connectivity screening: Every r € R is reachable from at least one s € S through a path § to P to
W to R; every p € P has at least one incoming supplier link and at least one outgoing warehouse
link; and every w € W has at least one incoming plant link and at least one outgoing retailer link.

In Table 4, we refer to these three conditions as connectivity screening. Each link is assigned a
transportation mode from {rail, road, air} with probabilities (0.50,0.35,0.15), respectively. The
transportation mode is treated as a fixed link attribute rather than as an endogenous mode switching
decision. To provide an interpretable physical basis for the carbon emission measure, each link is also
assigned a transportation distance of ¢;; ~ U[100, 1000] miles. The mode specific freight emission
factors are set to (p™!, p™, pr) = (0.021,0.210,1.461) kg CO, per short-ton-mile, based on the
illustrative U.S. modal average freight emission factors reported by the U.S. Environmental Protection
Agency’s SmartWay program [38]. The resulting link specific emission coefficient is n;; = p"{;;, as
defined in (3.6). Hence, the TCE jointly accounts for the transportation mode, distance, and routed flow.

Capacity and demand generation: The link capacities are generated as mode dependent random
variables. Specifically, each link (i, j) € E is assigned a capacity ¢;; drawn from a uniform distribution
based on its transportation mode: rail links from [35, 50], road links from [20, 35], and air links from
[8, 18]. Demand is generated at the retail level. Each retailer demand is independently sampled from a
uniform distribution D, ~ U[60, 100] for every r € R. The demand and capacity ranges are deliberately
calibrated to create capacity-stressed SCNs in which the transportation capacity is under substantial
pressure relative to the demand. This setting is intended to represent operating conditions that can arise
during periods of elevated demand, constrained transportation capacity, congestion, or other operational
strain. Such conditions are particularly relevant to study disruption and recovery because subsequent
link failures occur when the residual capacity is already limited, making the effects of routing flexibility,
capacity loss, and emission restrictions on the service recovery operationally consequential.

Computation of Pareto front: We compute the service—carbon frontier using Algorithm 1. While
the Pareto frontier captures the set of efficient operating points, additional metrics are required to interpret
its structure and the effectiveness of recovery strategies. To this end, we compute two complementary
measures. First, we evaluate the service level %, which is defined as follows:

I - Total Demand — TLDy
k- Total Demand

x 100, 4.1)

which provides a normalized measure of system performance. This facilitates a comparison across
network realizations and network sizes with different total demand. Second, we compute the marginal
improvement in service with respect to the TCE between consecutive lexicographically efficient frontier
points. For consecutive points k — 1 and k, this measure is defined as follows:

TLD; — TLD,_,

M, = — ,
*~ "TCE, - TCE,_,

4.2)
whenever TCE; > TCE,._,. Therefore, the measure represents the reduction in lost demand obtained per
additional unit of the TCE between consecutive distinct frontier points. Larger values indicate greater

service improvements per unit of additional emissions, whereas smaller values indicate diminishing
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marginal improvements. Before computing M;, consecutive frontier points with identical TCE values,
up to the numerical tolerance used in the computations, are removed so that the denominator in (4.2) is
strictly positive. The marginal improvement measure is directly evaluated between consecutive distinct
efficient points. Changes in the level of M, are descriptively used to characterize regions of relatively
higher or lower marginal improvement. We do not impose a formal breakpoint detection rule; therefore,
references to such regions and transitions describe features of the marginal improvement profiles rather
than uniquely identified structural breakpoints. Together, these three representations:

(A2) TLD versus TCE; Service level % versus TCE; Marginal improvement versus TCE,

provide a comprehensive view of the tradeoff. The first characterizes the attainable performance
boundary, the second normalizes performance for comparability, and the third reveals the marginal
service improvement associated with an additional TCE across different portions of the tradeoff.

Computational implementation: All optimization models are implemented in Python and solved
using the Gurobi Optimizer 13.0.1 [39]. All computations are performed on a machine running Ubuntu
24.04.4 LTS equipped with a 12th Gen Intel(R) Core(TM) 17-1265U processor with 10 physical cores
and 12 logical processors.

The computational experiments are organized to examine the robustness of the service—carbon
tradeoff along several dimensions of the experimental setting. First, we vary the underlying SCN
structure through the network density, topology, and network size. Then, we examine the sensitivity to
the freight emission factors, retailer demand, and transportation mode composition. Finally, we assess
whether the observed service—carbon patterns depend on the rule used to select the fixed disruption
scenario. Unless otherwise stated, the principal max—min disruption selection criterion in (3.13) and the
experimental parameters in Table 4 are used.

4.1. Varying the underlying structural network

First, we examine the sensitivity of the service—carbon tradeoff to three structural characteristics of the
SCN: link density, connectivity topology, and network size. For the replicated experiments, the results
are aligned by the normalized emission-limit level €/ey,x. At each common normalized level, the TCE,
TLD, and service level are separately averaged across the independent network realizations, yielding
mean tradeoff points (TCE, TLD) and the corresponding mean service levels. Although each realization-
specific (TCE, TLD) pair is a feasible lexicographically efficient operating point for that realization,
a pair (TCE, TLD) obtained by separately averaging the two coordinates across realizations need not
itself correspond to a feasible operating point of any individual network. Accordingly, the resulting
mean curves are interpreted as descriptive cross-realization service—carbon tradeoff profiles rather than
Pareto frontiers. The 95% confidence interval for a reported mean is computed as Z + #9751 ‘/iﬁ, where
Z and s denote the sample mean and sample standard deviation, respectively, and n is the number
of independent realizations. For marginal improvement summaries, » at a given interval denotes the
number of realizations with a strictly positive TCE increment for that interval.

4.1.1. Varying SCN link density by changing link probability p

We evaluate the service carbon frontier using the representations stated in Item (A2) for different
link probability values:
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(A3) p = 0.4 (sparse network); p = 0.5 (moderate network); p = 0.6 (dense network).

These values allow us to study how network connectivity influences the routing flexibility and resilience
under disruption. To isolate the effect of the network density from incidental differences in random
topology, the three density levels are generated using a nested common random number construction.
Specifically, each potential link (i, j) is assigned a single independent draw u;; ~ U0, 1], and the link
is included in the network at density p whenever u;; < p. Consequently, E(0.4) C E(0.5) € E(0.6),
where E represents the edge set. For the nested density experiment, the mode, capacity, distance, and
the resulting emission coefficient are generated once for each potential link and retained whenever that
link appears at multiple density levels. Consequently, increasing the network density adds links without
changing the physical attributes of links already present. This construction allows the density comparison
to reflect an increased connectivity rather than uncontrolled differences between independently generated
networks. To prevent a nominal network performance from being driven by structural disconnection,
the sparsest network, E(0.4), is screened as per (A1) before the nested family is accepted. This works
as the density levels are nested, and satisfaction of these conditions by E(0.4) implies that they also
hold for £(0.5) and E(0.6). If these conditions are not satisfied, then a new common random number
realization is generated. Thus, positive nominal TLD in the accepted instances is attributable to capacity
and routing limitations rather than structurally disconnected retailers or inactive intermediate nodes.
Additionally, to characterize the nominal networks independent of the carbon constraint and disruption
scenarios, we evaluate each accepted instance with no failed links and without an emission constraint.
Table 5 reports the resulting structural and capacity diagnostics. The maximum deliverable flow is
obtained by minimizing the TLD in the nominal network, so that Flow,x = >.,cx D — TLDpom.

Table 5. Nominal SCN capacity and bottleneck diagnostics across ten independent network
realizations (|S|, |P|, |W|, IR|) = (8,7, 6, 14).

p |E| ZESP Cij ZEPW Cij ZEWR Cij Flowmax TLDnom Service (%)
04 71.40(5.04) 772.53(134.81) 488.68 (70.83) 1057.81 (129.28) 392.10 (57.32) 646.15 (57.32) 37.77 (5.52)
0.5 89.30(7.73) 949.61 (184.67) 630.43 (47.42) 1336.27 (128.02) 535.32 (61.84) 502.92 (61.84) 51.56 (5.96)
0.6 107.50(8.03) 1113.19 (154.29) 760.05 (90.63) 1613.93 (109.31) 695.45 (82.67) 342.79 (82.67) 66.98 (7.96)

Node-level capacity diagnostics (average minimum / mean / maximum)

p Plant bottleneck Warehouse bottleneck Retailer incoming capacity
0.4 19.82/58.17 / 106.80 35.39/77.73 / 124.01 22.98/75.56 / 149.89
0.5 32.70/78.16 / 130.60 46.91/100.50/150.76 27.57/95.45/167.04
0.6 55.23/99.99 / 153.65 70.62/125.92/182.53 48.27/115.28 / 186.30

Values are mean (standard deviation) across 10 nested network realizations; node level entries report average minimum / mean /
maximum. For P and W, node capacity is the minimum of total incoming and outgoing capacity; for R, it is total incoming capacity.
All realizations satisfy (A1). Capacities and flows are in short tons.

The diagnostics in Table 5 confirm that the accepted nested instances are structurally viable before
disruptions are introduced. At all three density levels, the aggregate P — W capacity is the smallest
of the three echelon capacities, indicating that the plant to warehouse stage has the tightest aggregate
capacity among the three echelons. The node level diagnostics further show substantial heterogeneity in
the available capacity across plants, warehouses, and retailers even though all nodes satisfy the structural
screening conditions. The resulting nominal service levels of 37.77%—-66.98% should be interpreted in
the context of this capacity-stressed calibration. Here, “nominal” denotes the absence of modeled link
failures (f = 0), rather than an unconstrained SCN with an abundant spare capacity. Thus, the positive
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nominal TLD reflects an SCN already operating under capacity pressure before additional link failures
are introduced. Therefore, the reported service levels are outcomes of the stressed synthetic experimental
setting and are not intended as universal service-level benchmarks for real-world SCNs. As network
density increases, the nominal TLD decreases and nominal service increases. Using the SCN structure
in Table 4, we evaluate p € {0.4,0.5,0.6} and f € {0, 1,2, 3, 5}, with disruption scenarios selected by
(3.13). The experiment is repeated over ten independent network realizations, and each service—carbon
frontier is evaluated using the 101 emission limit levels in (3.12). The resulting service—carbon tradeoffs
are shown in Figure 1.
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Figure 1. Mean service—carbon tradeoffs across network densities p € {0.4,0.5,0.6} and
disruption levels f € {0, 1,2, 3, 5}, with 95% confidence intervals.

4.1.2. Varying SCN structural topology

To examine the robustness of the service—carbon findings to network structure, we conduct a
controlled topology experiment using three four-echelon structures:

Journal of Industrial and Management Optimization Volume 22, Issue 10, 5351-5381.



5367

(A4) random layered, hub-dominated layered, and degree-balanced redundant topologies.

All structures preserve the directed S — P — W — R architecture and satisfy (Al). For each
p € {0.4,0.5,0.6} and within each controlled realization, the three topology classes have identical
node sets and echelon-specific link counts and use the same within echelon multisets of transportation
modes, capacities, distances, and emission coefficients, which are generated as described in Table 4.
Thus, the topology primarily differ in how the connectivity is distributed across intermediate nodes.
The hub-dominated topology concentrates links around selected plants and warehouses, the degree-
balanced topology distributes links more evenly, and the random topology provides the benchmark.
Operationally, the hub-dominated topology is generated by assigning higher selection scores to links
incident to designated plant and warehouse hubs, whereas the degree-balanced topology is greedily
generated by favoring links whose endpoints currently have the lowest combined degree. In all cases,
the prescribed echelon-specific link counts are preserved. We characterize these structural differences
using the coefficient of variation (CV) of intermediate node total degree, defined as the sum of incoming
and outgoing link counts, and the share of total intermediate node degree associated with the two highest
degree nodes. Table 6 reports these diagnostics for the representative p = 0.5 case. For each topology
and p, we evaluate f € {0, 1,2, 3, 5} using the max—min disruption scenario from (3.13). The experiment
is repeated over ten controlled network realizations, and each service—carbon frontier is evaluated using
the 101 emission limit levels in (3.12). The results are reported in Section 5.2.

Table 6. Structural diagnostics for topology classes at p = 0.5 across ten controlled network
realizations; (S|, |Pl, [W|,|R|) = (8,7,6, 14).

Topology Degree CV. Min deg. Max deg.  Top-2 share |E|
Random 0.308 (0.023) 4.40(1.52) 13.00(0.71) 0.223 (0.009) 91
Hub-dominated 0.752 (0.004) 3.20 (0.45) 21.00 (0.00) 0.371 (0.005) 91
Degree-balanced 0.215 (0.000) 7.00 (0.00) 11.00 (0.00) 0.196 (0.000) 91

Values are mean (standard deviation). Within each realization, topology classes share identical echelon-specific link counts,
(IEspl, |IEpwl, IEwg]) = (28,21, 42), and within-echelon multisets of modes, capacities, distances, and emission coefficients.

4.1.3. Varying the sizes for |S|, |P|, |W/|, and |R|

In addition to the primary SCN size reported in Table 4, we examine three network sizes:
(s, 1P, IWI,IR) = (6,5,5,8), (8,9,6,12), and (10,10,12,16). For each size, we consider
p € {0.4,0.5,0.6} using the nested network construction described in Section 4.1.1, while the remaining
parameters are generated as specified in Table 4. For each network, disruption scenarios are constructed
for f € {0,1,2,3,5} by solving (3.13). The experiment is repeated over ten independent network
realizations, and each service—carbon frontier is evaluated using the 101 emission limit levels in (3.12).
The results are reported in Section 5.3.

4.2. Varying emission factors, retailer demands, and transportation mode composition

Using the primary SCN parameters in Table 4, we conduct a sensitivity analysis on the
representative random layered network with p = 0.5 by varying the freight emission factors, retailer
demand, and transportation mode composition. Unless otherwise stated, the remaining network
parameters are held at their baseline values. For the emission factors, the EPA-based baseline
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(0.021,0.210, 1.461) kg CO, per short-ton-mile is compared with lower contrast (0.021, 0.150, 0.900)
and higher contrast (0.021, 0.300, 2.000) specifications. These are controlled sensitivity cases rather
than alternative empirical estimates; topology, modes, distances, capacities, and demands remain fixed.
For demand, all retailer demands are uniformly scaled to 0.8D, D, and 1.2D, with the network and link
attributes unchanged. For the mode composition, the realized baseline rail/road/air shares
(0.516,0.379,0.105) in the representative network are compared with rail heavy (0.747,0.211,0.042)
and road/air heavy (0.232,0.600, 0.168) cases, while the topology and distances remain fixed. Links
retaining their mode keep their baseline capacities; reassigned links are mapped to the corresponding
mode specific capacity range using the same underlying random quantile. For each sensitivity case,
disruption scenarios are selected using (3.13) for f € {0, 1,2, 3, 5}, and the service—carbon tradeoft is
evaluated at €/ ey, € {0,0.25,0.50,0.75, 1.00}. The results are reported in Table 7.

4.3. Varying selection rule for failure scenario x € X

SCN disruptions are modeled by (3.1), with f € {0, 1,2, 3,5}. In the principal analysis, the fixed
disruption scenario for each f is selected using (3.13). To assess the sensitivity to this selection rule, we
repeat the frontier analysis using the primary SCN structure in Table 4 and three alternative scenario
constructions: (i) under the critical-link construction, each link is evaluated according to the minimum
TLD obtained when that link alone is failed, and the f links associated with the largest individual
TLD values are selected; (i1) under the random construction, f links are sampled uniformly without
replacement from the set of network links using a fixed random seed; (iii) and finally, under the
representative average random construction, 30 random f-link disruption scenarios are generated and
their minimum unconstrained TLD values are computed, where the actual sampled scenario whose TLD
is closest to the mean TLD across the 30 scenarios is selected as the fixed representative scenario. For
each scenario selection rule, the experiment is repeated over ten independent network realizations, and
each service—carbon frontier is evaluated using the 101 emission limit levels in (3.12). The results are
reported in Section 5.5.

5. Results and Discussion

This section presents the computational results following the experimental design in Section 4.
First, we examine the principal service—carbon tradeoff across network densities and disruption levels,
including the corresponding service level and marginal improvement behavior. Then, we assess the
robustness of these findings to changes in the network topology and size, followed by sensitivity analyses
for the emission factors, retailer demand, and transportation mode composition. Finally, we examine
alternative disruption scenario selection rules and discuss the managerial implications of the results.

5.1. Results for varying link probability p (Experiment from Section 4.1.1)

The principal analysis examines how the network density and disruption severity affect the service—
carbon tradeoft under the max—min disruption selection criterion. Figure 1 reports the mean service—
carbon tradeoff across 10 independent nested network realizations for p € {0.4,0.5,0.6} and f €
{0,1,2,3,5}. The first row plots the mean TLD against the mean TCE, the second row plots the
mean service level against the mean TCE, and the third row plots the mean marginal improvement,
—A(TLD)/A(TCE), against the mean TCE. Shaded regions represent 95% confidence intervals across
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realizations. Taken together, these nine panels provide a detailed view of how disruptions alter not only
the achievable performance, but also the marginal service improvement associated with an additional
TCE.

Overall structure of the tradeoff: Consistent with Proposition 1, the mean TLD is nonincreasing as
the emission limit is relaxed, with Panels (d)—(f) showing the corresponding increase in the mean service
level. More importantly, the mean tradeoff profiles exhibit changes in the slope and marginal recovery
efficiency across disruption levels and network densities. Panels (g)—(i) exhibit plateaus separated
by downward transitions in marginal improvement. To test whether this pattern results from the €
discretization in (3.12), we perform a separate grid-refinement check for the representative p = 0.5,
f =3 case using 51, 101, 201, and 501 emission limit levels. As Figure 2 shows, the frontier and major
patterns in the marginal improvement profile remain stable across the grid resolutions, indicating that
the observed stepwise pattern is not solely a consequence of the chosen discretization.
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Figure 2. Grid-refinement analysis for p = 0.5 and f = 3 using 51, 101, 201, and 501
emission limit levels. The TLD-TCE frontier (a) and marginal improvement (b) remain stable
across grid resolutions.

TLD-TCE tradeoff across disruption levels: Panels (a)-(c) show the mean tradeoff under the
max—min disruption scenarios from (3.13). Across the replicated instances, higher failure budgets
shift the mean tradeoff profiles upward, thus yielding higher mean TLD at corresponding normalized
emission-limit levels. Because the independently selected scenarios for different f need not be nested,
this ordering is specific to the adverse scenario analysis; Section 5.5 examines its robustness under
alternative scenario selection criteria. The carbon unconstrained endpoint provides a benchmark to
measure the service effect of the emission limit. For p = 0.5 and f = 3, the mean TLD across
the 10 realizations is 641.03 at € = ey.x, compared with 685.40 at 0.5 ey.x, corresponding to 44.36
additional units of mean lost demand. Thus, the mean tradeoff profile quantifies the average service loss
associated with tighter emission limits relative to carbon-unconstrained recovery across the replicated
instances. Panels (a)—(c) also flatten as the TCE increases, thus indicating diminishing service gains
from progressively relaxing the emission limit.
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Effect of network density on attainable performance: Panels (a)—(c) show that increasing the
network density from p = 0.4 to p = 0.6 shifts the mean TLD-TCE tradeoff profile downward across
disruption levels, thus indicating lower mean TLD across corresponding normalized emission limit levels.
Greater connectivity provides additional routing flexibility, thus improving the nominal performance
and recovery under link failures. Denser networks also sustain service improvements over a broader
TCE range before the mean tradeoff profile approaches a plateau.

Service level representation: Panels (d)—(f) express the same tradeoff using the mean service
level, facilitating comparison across density and disruption levels. The curves approach density- and
disruption-dependent service ceilings, showing that relaxing the emission limit cannot fully compensate
for disruption induced capacity loss.

Marginal improvement and diminishing returns: Panels (g)-(i) report mean marginal
improvements, —A(TLD)/A(TCE), computed within each realization and then averaged across the
realizations for which the corresponding TCE increment is strictly positive. The profiles exhibit regions
of relatively higher and lower marginal improvements, with smaller service gains generally observed as
TCE increases. Larger failure budgets are generally associated with earlier declines toward lower
marginal improvement levels, whereas denser networks sustain higher marginal improvements over a
broader TCE range. As stated in Section 4, these regions and transitions are interpreted descriptively
rather than as formally estimated breakpoints. Attributing individual transitions to specific links, modes,
or binding capacities would require a separate active set analysis.

5.2. Robustness across alternative network topologies (Experiment from Section 4.1.2)

Figure 3 shows that the principal service—carbon relationships persist across topology classes and
network densities and are therefore not confined to the random layered topology used in the principal
experiments. Nevertheless, the topology structure affects the location and extent of the mean tradeoff
profiles. For a fixed p, the three topology classes have identical node sets, echelon specific link counts,
and link attribute multisets; hence, the observed differences reflect how the controlled link attributes are
distributed over different connectivity structures. In the tested instances, the degree balanced topology
generally attains a lower TLD than the hub-dominated topology at a comparable TCE, with the random
topology often lying between them. These differences show that the distribution of the connectivity
can affect the recovery performance even when the network size, density, and aggregate capacity are
controlled. Additionally, the absolute TCE range varies with the network density. In particular, the
p = 0.4 mean tradeoff profiles terminate at lower TCE values and higher TLD levels than the denser
cases, indicating earlier exhaustion of carbon enabled recovery opportunities under limited connectivity.
Overall, the results support the robustness of the principal service—carbon findings while showing that
the network structure materially affects attainable recovery performance.
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Figure 3. Mean TLD-TCE tradeoff profiles across network densities p € {0.4,0.5,0.6} and
random, hub-dominated, and degree-balanced topologies, with 95% confidence intervals.

Mean TCE (103 kg CO5)

5.3. Robustness across SCN sizes (Experiment from Section 4.1.3)

Figure 4 reports service level rather than absolute TLD because total demand varies with network
size; the percentage measure therefore provides a normalized basis for cross size comparison. The
principal service—carbon patterns persist across all three sizes: service improves with TCE and generally

with network density, while the selected max—min disruptions reduce attainable service.

The f-curves are more separated in the smaller and sparser networks, whereas this separation
generally narrows as size and density increase. For the largest network at p = 0.6, the curves cluster
near full service, indicating that greater routing flexibility mitigates the effect of the selected adverse
disruptions. Thus, the qualitative findings persist across the tested SCN sizes, while the magnitude of
disruption induced service loss depends on network size and connectivity.
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Figure 4. Mean service—carbon tradeoffs across SCN sizes and p € {0.4,0.5, 0.6}, with 95%
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(10,10, 12, 16); columns correspond to p € {0.4,0.5,0.6}.

5.4. Sensitivity to emission factors, demand, and mode composition (Experiment from Section 4.2)

Table 7 reports TLD at €/ ey, = 0.50 for f € {0, 1, 2, 3, 5}; the complete experiments additionally
evaluate €/evax € {0,0.25,0.50,0.75, 1.00}. Because ey« is computed separately for each parameter
specification, these normalized levels represent corresponding relative positions along each case’s
emission limit range rather than common absolute TCE limits. Changing the emission factors alters
the carbon scale and recovery along the frontier but not the carbon unconstrained service endpoint,
because these factors affect emission accounting rather than physical capacity. At €/eva.x = 0.50 and
f =5, for example, TLD is 680.14, 666.77, and 665.26 under the lower contrast, baseline, and higher
contrast specifications, respectively. Demand produces substantial quantitative shifts while preserving
the disruption ordering. At f = 5 and €/ev.x = 0.50, TLD increases from 458.90 under 0.8D to
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666.77 under D and 874.57 under 1.2D. Thus, greater demand pressure shifts the frontier toward higher
lost demand without changing the qualitative effect of increasing disruption. Mode composition also
materially affects performance because mode determines both capacity and distance adjusted emission
intensity. At f = 5 and €/ey.x = 0.50, TLD is 511.05, 666.77, and 775.30 for the rail-heavy, baseline,
and road/air-heavy cases, respectively; the corresponding carbon unconstrained endpoints are 472.45,
606.00, and 733.04. These differences reflect the joint capacity and emission characteristics of the
alternative mode compositions. Overall, the sensitivity experiments show that the principal service—
carbon and disruption patterns persist across the tested parameter specifications, while the magnitude
and distribution of recovery vary with emission factors, demand, and mode composition.

Table 7. Parameter sensitivity of TLD for the representative p = 0.5 network at €/ ey.x = 0.50.

Dimension Case f=0 f=1 f=2 f=3 f=5
Emission factor Lower contrast 466.18 512.32 550.69 592.89 680.14
Baseline 451.44 498.66 53779 581.65 666.77

Higher contrast 447.43 49545 53578 580.15 665.26

Demand 0.8D 24494 29223 331.99 37548 458.90
D 451.44 498.66 537.79 581.65 666.77
1.2D 658.92 706.10 745.63 789.45 874.57
Mode composition  Rail-heavy 298.22 344.03 383.770 427.14 511.05
Baseline 451.44 498.66 53779 581.65 666.77

Road/air-heavy 631.53 679.56 705.52 726.96 775.30

5.5. Robustness to disruption-scenario selection (Experiment from Section 4.3)

The principal analysis uses the max—min service worst disruption scenario as the adverse benchmark.
Figures 5, 6, and 7 repeat the analysis using critical-link, random, and representative average random
scenarios, respectively. The alternative scenario selection rules produce quantitatively different frontiers.
This distinction is most evident under random disruption selection, where additional randomly located
failures can have relatively limited impact when the affected links are not operationally consequential.
Thus, the number of failed links alone does not determine the realized severity of a disruption; the
location and operational significance of the failed links also influence the resulting service degradation.
Despite these differences, the qualitative service—carbon behavior persists across the alternative scenario
constructions: increasing permitted emissions reduces TLD toward the attainable service level, and
the marginal improvement profiles continue to exhibit changes in marginal recovery along the tradeoff.
Hence, the service—carbon tradeoff and changing marginal effectiveness of additional TCE are robust
to the scenario selection rule, while the magnitude of service degradation depends on which links are
disrupted. Therefore, the robustness analysis supports the qualitative tradeoff conclusions while also
demonstrating that disruption location, rather than failure count alone, is important to determine the
quantitative severity of service degradation.
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5.6. Managerial interpretation

The results provide several implications for sustainability constrained disruption management in
capacity-constrained operating environments. Because the experiments use synthetic SCNs calibrated
to represent networks already operating under capacity pressure, the managerial implications below
concern the comparative effects of the disruption severity, network structure, and emission restrictions
rather than the specific numerical service levels as universal benchmarks for real-world SCNs. First,
emission flexibility should be used as a targeted recovery lever rather than viewed as uniformly
beneficial. Marginal improvement profiles illustrate portions of the tradeoff where relaxing the emission
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limit produces relatively larger service gains and where those gains diminish. Because declines
toward lower marginal improvement generally occur earlier under larger max—min failure budgets in
the tested instances, managers can use these profiles to assess when additional permitted emissions
remain operationally valuable. Second, resilience investments should consider how connectivity is
distributed, not simply how many links are available. Degree-balanced networks generally outperform
hub-dominated networks even when node sets, link counts, and link-attribute multisets are controlled.
Thus, distributing alternative routes across intermediate nodes can preserve the recovery capability
without necessarily adding links or aggregate capacity, whereas excessive dependence on highly
connected hubs can increase the vulnerability. Third, disruption preparedness should account for the
structural context of the network. The effects of the selected failures generally diminish as routing
alternatives increase in larger and denser networks. Hence, the same failure budget can have substantially
different service consequences across networks, and investments in the routing redundancy can reduce
the operational impact of link failures. Fourth, managers should distinguish environmental accounting
changes from changes in the physical recovery capability. Changing the emission factors alters the
carbon scale and the distribution of recovery along the frontier but, with the capacities fixed, does not
change the carbon unconstrained service endpoint. Contrastingly, the demand and mode composition
can also change the capacity pressure and attainable service. Therefore, the environmental policy
parameters should not be interpreted as direct measures of the network’s physical recovery capability.
Finally, the disruption risk should not be assessed by failure count alone. The alternative scenario
selection experiments show that the service impact of a given failure budget depends materially on
which links fail. Therefore, resilience planning should combine failure count measures with link
criticality assessments to identify and protect transportation connections with the greatest operational
consequences. Overall, effective sustainability constrained recovery requires coordinating emission
flexibility, routing redundancy, capacity planning, and protection of critical links.

6. Conclusion

This paper developed a prescriptive analytics framework to characterize the service—carbon tradeoff
in disrupted multi-echelon SCNs. The computational analysis shows that disruption affects both the
attainable service and the marginal effectiveness of recovery. Under the principal max—min analysis,
larger failure budgets are generally associated with worse service outcomes and earlier declines toward
lower marginal improvement levels. The expanded experiments further establish that these tradeoffs are
sensitive to the network density, topology, size, and operating parameters, while remaining qualitatively
robust across alternative fixed disruption scenario selection rules. Importantly, the results also show
that the quantitative effect of disruption depends on the failed link configuration rather than on failure
count alone. The study is limited to synthetic networks, link failure disruptions, and transportation
related emissions, without explicitly modeling the cost, lead time, or other operational criteria. Future
work can extend the framework to empirically calibrated networks, additional operational objectives
and disruption mechanisms, and endogenous network design decisions. An additional direction is
emission limit dependent adversarial analysis in which the disruption scenario is reoptimized along the
service—carbon frontier.
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