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ABSTRACT

We propose a resilience analysis framework to assess the resilience of an elective healthcare net-
work subject to low-impact-high-frequency (LIHF) disruptions, thereby identifying the most critical
facility, considering both the impact of disturbances and the probability of their occurrence. The pro-
posed framework combines agent-based simulation with design of experiment (DOE) and patient
behaviour modelling. The framework has been tested with data from a real case, demonstrating
its usefulness for conducting resilience analyses and prioritising resilience-enhancing actions to
improve network performance. Two resilience-enhancing actions with different characteristics have
been tested. The distinctive feature of the framework is the consideration of patient preferences in
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the simulation, allowing patients to be considered as active actors who can influence the behaviour

of the system during a disturbance.

1. Introduction

The dependability of healthcare resource networks -
including facilities, workforce, and equipment - has
always been essential for delivering timely, continuous
care to the population, and it has become even more crit-
ical today: ageing population, rise of chronic diseases,
natural disasters, and even pandemics, increase the pres-
sure on healthcare systems, which must guarantee service
continuity and maintain acceptable standards of per-
formance amid contingent challenges that may lead to
service disturbances. These disturbances can arise from
different types of events, generally categorised as high-
impact-low-frequency (HILF) - typically linked to man-
made or natural disasters — or low-impact-high-frequency
(LIHF) - usually resulting from inadequate or failed pro-
cesses, people, and systems (Bhattacharyya, Datta, and
Offodile 2010; Chen, Sohal, and Prajogo 2013; Lock-
amy III and McCormack 2010). Although the former
are considerably more evident, the latter may also sub-
stantially affect the performance of a healthcare system.
For example, failures of medical devices (i.e. the health
technologies and equipment needed for prevention, diag-
nosis, treatment, monitoring, and palliation) due to a
lack of maintenance culture, competency, or a tendency
to focus on corrective rather than preventative mainte-
nance (Kwaku Kutor, Agede, and Haruna Ali 2017) can
cause service degradation for patients seeking treatment.

This, in turn, may impact patients” health if it leads to the
abandonment of therapy, medication errors, delays, can-
cellations, or changes in required treatment. Although
HILF events usually attract more attention due to their
scale and visibility, the recurrence and cumulative con-
sequences of LTHF events can erode system performance
in ways that are less dramatic but equally important. For
this reason, this paper concentrates on LIHF events.

A resilience analysis framework is required to system-
atically assess a system’s capability to maintain the desired
functionality level in the event of disturbances (Geng and
Liu 2025) and to support decision-making in resource
allocation. Such an assessment can be conducted through
stress tests (Alikhani et al. 2023), which allow understand-
ing the behaviour and performance of systems under
disturbances, allowing for targeted implementation of
resilience-enhancing actions (Ivanov 2025).

To the best of our knowledge, only a few studies
have been conducted on measuring healthcare network
resilience, and a gap appears to exist in applying resilience
analysis to real-world case studies to inform actions that
strengthen resilience (Bruckler et al. 2024).

The limited focus on healthcare resilience may stem
from its peculiarity: indeed, unlike other sectors, it can-
not be fully understood without considering patient
behaviour. Patients often choose healthcare providers
based on factors such as proximity, accessibility, wait
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times, and the quality of service. These choices - shaped
by socio-demographic factors such as age, income, health
status, and past experiences (Piffari, Lagorio, and Pinto
2024) - can interact with the disturbances to influ-
ence the overall performance. For example, during a
medical device failure that can last several days, unpre-
dictable patient choices (such as delaying visits or clus-
tering demand at specific facilities) may compound the
direct effects of that initial disturbance. Thus, resilience
frameworks for the healthcare sector should integrate
behavioural components, superimposing patient choices
onto classic resilience metrics — such as service availabil-
ity, waiting time, and recovery time - to better capture
system performance.

This paper proposes a resilience analysis framework
for elective healthcare networks, based on a real case
that accounts for patients’ behaviour, that can be used
to assess the system’s resilience and prioritise resilience-
enhancing actions, thus ensuring operational continuity
of the network.

The structure of the paper is as follows: Section 2
provides a comprehensive overview of the theoretical
background concerning healthcare network resilience
analysis and resilience indicators. Section 3 outlines the
methodology. Section 4 presents the case test, and Section
5 presents the results. Finally, Section 6 reports the dis-
cussion and implications, and Section 7 concludes.

2, Background

This section provides an overview of the theoretical back-
ground required to frame our analysis, establishing the
groundwork for the methodological and empirical con-
tributions that follow.

2.1. Healthcare network resilience analysis

Designing a resilient healthcare network is a challenging
issue that has gained attention in the literature (Sabouhi,
Pishvaee, and Jabalameli 2018). Healthcare networks
must contend with disturbances of varying frequency and
impact (Ho et al. 2015; Ivanov 2020; Ivanov et al. 2017;
Tang 2006). HILF events, such as natural disasters, pan-
demics, or terrorism, are rare but can cause widespread
disruption (Moosavi and Hosseini 2021). In contrast,
LIHF disturbances, such as everyday medical device mal-
functions, minor outages, or process inefficiencies, occur
regularly and can cumulatively affect network perfor-
mance (Bhattacharyya, Datta, and Offodile 2010; Chen,
Sohal, and Prajogo 2013; Roh et al. 2022). Regardless of
their type, the effect of disturbances mainly depends on
two factors: the duration of the disturbance (i.e. the time
between the initial disturbance and the resumption at

a steady level of performance) and its severity (i.e. the
magnitude of adverse performance impact) (Burkhart
and Bode 2024). In this context, resilience refers to a
system’s ability to prepare for, and respond to, distur-
bances of varying severity and duration (Foroughi et al.
2022), thereby maintaining the continuity of operations
at the desired level (Mandal 2017). In the healthcare con-
text, resilience is essential, as failure to provide timely
treatment and services to patients can have fatal effects
(Aldrighetti et al. 2019).

An effective way to measure and analyse how health-
care networks respond to disturbances is through
resilience analysis. In the literature, a few examples
of resilience analysis applied to the healthcare sector
exist. For instance, Moosavi and Hosseini (2021) pro-
posed a method to deduce quantitative resilience assess-
ment from simulation during the COVID-19 pandemic.
Nayeri, Sazvar, and Heydari (2022) proposed a multi-
objective mathematical model to maximise, among other
things, the resilience and responsiveness of the global
medical devices supply chain following an increased
demand caused by the COVID-19 pandemic. Never-
theless, in such cases, the emphasis was placed on
a single hospital, or the resilience analysis was not
utilised to guide resilience improvements directly, apply-
ing resilience-enhancing action to all facilities in the
network. This approach may not always be sustainable
(James et al. 2024).

Extant literature on healthcare resilience has largely
focused on disturbances that increase demand (partic-
ularly for emergency services), especially during crises
such as pandemics or earthquakes (Moosavi and Hos-
seini 2021). In contrast, less attention has been given
to resilience under internal capacity reductions arising
from, for example, everyday malfunctions or shortages.
Medical device failures, for example, can significantly
undermine the ability to provide timely and high-quality
care to patients, sometimes forcing facilities to ration
scarce resources based on patient characteristics and clin-
ical evidence, potentially leading to difficult ethical deci-
sions (National Academies of Sciences, Engineering, and
Medicine 2022).

Resilience analysis can be applied to healthcare net-
works affected by medical device unavailability, such as
that resulting from technological malfunctions (Kwaku
Kutor, Agede, and Haruna Ali 2017). Analysing resilience
in this context can inform performance-based resource
allocations, reducing the discrepancy between targeted
and actual performance, thereby minimising vulnerabil-
ity not only at the affected facility but across the entire
network. Insights from such analyses can also inform
businesses and policymakers (Ivanov 2025).



2.2. Resilience indicators

While resilience indicators are commonly studied in
industrial contexts, the healthcare sector is relatively new
to this research area. Resilience indicators in this sec-
tor should consider population health outcomes and the
quality of healthcare network performance. They should
also serve as a benchmark for resilience across differ-
ent resilience-enhancing actions, providing information
for decision-makers to enhance medical responses (Tip-
pong, Petrovic, and Akbari 2021). Among the metrics
used to assess healthcare network resilience, patient wait-
ing time is the most common and reflects the system’s
capacity to deliver care (McIntyre and Chow 2020). Wait-
ing times in the healthcare sector can reflect multiple
dimensions. For example, waiting times arise in the emer-
gency department, in access to specialist appointments,
or in waiting rooms before the initiation of the healthcare
service. Other quality measures, such as service level, can
be used for resilience analysis (Poulin and Kane 2021).
The service level metric can be based on technical metrics
such as availability and throughput, as well as domain-
specific process performance metrics. In healthcare, one
measure used to assess the service level is the percent-
age of patients waiting longer or shorter than a rele-
vant threshold (OECD 2020). The selected metrics must
represent the performance of interest. Analysts, design-
ers, and stakeholders should carefully select performance
measures, as different measures can yield significantly
different recommendations. For a detailed review of how
to select the appropriate performance measure to eval-
uate the resilience of a system of interest, we refer the
reader to Poulin and Kane (2021). In the healthcare sec-
tor, in particular for elective procedures, waiting time
and service level are crucial as they indicate a healthcare
network’s ability to deliver timely treatment to patients’
needs; therefore, these two metrics have been selected to
be used in our research.

The performance of interest is monitored and used for
resilience analysis through resilience curves. A resilience
curve illustrates changes over time for a selected measure
within a specific scenario (Poulin and Kane 2021) and
was first introduced by Bruneau et al. (2003). A curve typ-
ically begins at a nominal level, changes level due to a dis-
turbance and then recovers to its original level (naturally
or, more generally, as the consequence of implemented
recovery actions). Resilience indicators are derived from
the resilience curve; they formally describe the curve and
thereby serve as an indicator of a system’s resilience in
the face of disturbance. These include time-based indi-
cators, integral-based indicators, and rate-based indicators
(Bruckler et al. 2024). A well-known time-based mea-
sure is Time-To-Recovery (TTR), defined as the time it
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takes for a system (e.g. a network of hospitals) to fully
recover after being disrupted (Behzadi, O’Sullivan, and
Olsen 2020). Time-based indicators are preferable when
performance data is only available for specific points in
time or when assessing single characteristics of the curve
(Bruckler et al. 2024). Integral-based indicators assess the
metric of interest following an organisations time path
after a disturbance. For example, the resilience triangle,
introduced by Bruneau et al. (2003), measures the loss
of system performance following a disturbance. Other
authors have expanded on this using the resilience trian-
gle as a quantitative resilience indicator (Reed, Kapur, and
Christie 2009; Spiegler, Naim, and Wikner 2012; Zobel
2014). Another relevant example is the time-dependent
Annual Resilience (AR) metric, as the mean ratio of the
area between the real performance curve P(t) and the
time axis to the area between the target performance
curve TP(t) and the time axis during a year (Tang et al.
2023; Yang et al. 2023), reported in Equation 1.

T
AR = o PO 100 (1)

[ TP(p)dt

P(t) is the performance of interest being monitored over
time, for example, waiting time, service level or others
(Caputo, Donati, and Salini 2023). TP(#) is the target
or desired performance. The use of a yearly time inter-
val as the time scale ensures the measure is comparable.
Furthermore, using an annual time period eliminates
the issue of precisely determining when the disturbance
started and ended, which can be challenging (Ivanov
2022). The annual resilience optimal value is 100%,
meaning the actual performance equals the target per-
formance. Finally, rate-based indicators assess resilience
through the slope of the performance curve. For exam-
ple, the failure rate F is defined as the slope of the per-
formance curve immediately following the disturbance
(Equation 2), whereas the recovery rate R is defined as
the slope of the performance curve during the recovery
(Equation 3) (Bruckler et al. 2024; Nan and Sansavini
2017).

_ PUBD) P

(END _/START (2)
DEG DEG
END START
R— P(tgpc) — Pliggc ™) 3)
= T END _ [START
REC — 'REC

where tg{,\gg is the end of performance degradation, tls)gART

is the beginning of performance degradation, faecr! is
the beginning of system recovery, and tﬁgg is the com-
pletion of system recovery.

The use of all three types of indicators (time-based,
integral-based, and rate-based) allows for a comprehen-

sive analysis of system resilience.
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3. Problem statement and methodology

This chapter presents the methodological framework
developed to assess the resilience of a healthcare service
network in the event of resource disturbances. Building
upon the conceptual foundations introduced in Section
2, the proposed approach integrates patient-behavioural
modelling with stress testing to evaluate how distur-
bances impact overall network performance.

3.1. Problem description

Let us consider a set M of facilities and care centres
(referred to as facilities in the remainder) located in a geo-
graphical region. Each facility provides a healthcare ser-
vice S (or set of services) that requires a specific medical
device (e.g. computed tomography, magnetic resonance,
ultrasound, angiograph). Let H,,, denote the set of medi-
cal devices in the facility m € M. This set determines the
number of appointment slots available in m for the con-
sidered set of services, which we define as the facility’s
capacity ¢y = ym - |Hm| where y,, is the average number
of daily slots provided by each unit in H,,, and |Hy,| is the
cardinality of the set.

In this study, we consider a homogeneous set of medi-
cal devices (i.e. all the devices in Hy, are of the same type),
although the extension to a heterogeneous set is possible.

A heterogeneous population of patients seeks avail-
able slots for service S across the network of facilities,
with each patient requiring exactly one slot at a time. In
this process, patients exhibit different preferences: some
prioritise shorter travel distances, regardless of waiting
times (i.e. the time to the first available slot for receiving
the required service), while others prefer earlier appoint-
ments, even if this requires travelling longer distances. In
this study, distance is utilised as a surrogate for acces-
sibility, with the premise that increased distance results
in decreased accessibility. While it is acknowledged that
other factors may also affect accessibility (Piffari, Lagorio,
and Pinto 2024), distance is the sole factor considered for
the purposes of this study.

Patients’ choices are influenced primarily by their age
and health status, parameters that dictate their willing-
ness to travel and wait. For example, younger patients
might be less sensitive to distance, prioritising other fac-
tors, while patients with severe health conditions are
more willing to travel for timely, essential medical care
(Burge et al. 2004; Exworthy and Peckham 2006; Miller
and May 2006; Welch, Larson, and Welch 1993). While
additional factors may influence these preferences, we
limit our concern to these two, as they are clearly defined,
relatively easy to collect, and have already been addressed
in the literature.

The medical devices are subject to random failures (i.e.
disturbances), the severity of which determines a tem-
porary reduction in the capacity c,, of a facility. During
this period, the reduction in capacity may be reflected
in longer waiting times, which persist until the capac-
ity is eventually restored to its original value (i.e. the
machine is repaired or replaced), and the patient queues
are cleared. Increased waiting times may affect patients’
choices of facility, causing shifts in demand among avail-
able facilities and potentially leading to congestion else-
where in the network. Stress testing of the healthcare net-
work is performed by simulating disturbances to a single
facility at a time. This design choice is essential for identi-
tying which facility is most critical, i.e. whose disruption
most significantly affects overall network resilience. This
approach is in line with previous literature, in which risk
analysis is performed by removing one supply chain node
at a time (Simchi-Levi et al. 2015, 2014).

3.2. Problem modelling and methodology
framework

The resilience analysis framework proposed to address
the problem, described in Section 3.1, is depicted in
Figure 1 and discussed in the remainder of this section.

3.2.1. Patients’ behaviour modelling
The first step in the framework involves modelling
patients’ preferences regarding choice factors such as dis-
tance and wait time, enabling the simulation of their
decision-making process.

Each individual in the simulation is represented by
a perfectly rational (or nearly so) agent that contacts
the healthcare facilities to obtain data about the closest
appointment (assuming that the cost of the service is uni-
form across all contacted facilities). Once the information
has been obtained, the selection of the facility in which
booking a slot works as follows (see the formulation
developed in Piffari, Lagorio, and Pinto 2024): a utility
Vim is computed for the i-th individual with respect to the
m-th facility by considering the distance d;,, of the agent
i from the facility m, and the waiting time wjy,, plus a
random term ¢ capturing random (unobservable) factors
that affect the utility. The utility is then used to compute
the probabilities p;,, that agent i € I would select facil-
ity m € M. Under some general assumption regarding
the random term &, we can express these probabilities as
(McFadden 1973; Train 2009):

e(Vim +e)

pim:WVMEM,iEI (4)
n
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Figure 1. Resilience analysis and actions prioritisation framework.

3.2.2. Healthcare network stress testing
The process of patients booking a slot is simulated using
an Agent-Based Modelling (ABM) approach over a time
horizon of T days (i.e. one year) to account for the
behaviour of patients while interacting with resources in
the environment (Cabrera et al. 2011). Each day, a subset
I of individuals of the overall population seek an appoint-
ment slot at the facilities and select the preferred option
using the probabilities described in Section 3.2.1.
Indeed, ABM allows for accounting for the dynamic
complexity of the system (Marshall et al. 2015), and cap-
tures the emergence of system resilience from individual
interactions and feedback across different levels of a net-
work (Egli et al. 2019). Using AMB to capture healthcare
network resilience supports evidence-based practices in
redesigning healthcare delivery systems and improving

likelihoods ¢

Criticality index
¥ ranking

ABM simulation
model

Performance after
action implementation

Critical index
ranking updated

patient outcomes (Marshall et al. 2015). The ABM has
been implemented using the Anylogic software.

To perform a resilience analysis based on stress testing,
a disturbance is simulated. This disturbance replicates a
medical device failure, modelled as a random event caus-
ing resource unavailability and a reduction of the capacity
of the facility. We iterate over each facility m € M, dis-
rupting it for different disturbance scenarios of duration
7 and severity ¢ (Figure 1). In this way, we defer the
need to estimate the probability associated with the dis-
turbance (Simchi-Levi et al. 2015). The severity o allows
evaluation of multiple simultaneous medical device fail-
ures within the same facility. For instance, a severity
of 100% results in the concurrent unavailability of all
devices present in the considered facility.

In response to the simulated disturbance, the average
waiting time WT; and the average service level SL; are
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monitored for t = 1,..., T. The waiting time represents
the average number of days patients must wait between
the onset of a need and their appointment. The service
level is computed as the ratio of the number of patients
who require a service and find an appointment within
a time threshold [ to the total number of patients who
require a service. The time threshold / is defined based
on the waiting time recorded in the scenario without dis-
turbance and on the actual waiting time data for service
S considered. Although both indicators are time-related,
they capture different aspects of performance: waiting
time is a continuous measure of delay intensity, whereas
service level is a threshold-based indicator that reflects
compliance with a maximum acceptable waiting time.
These performances are used to compute the Resilience
Indicators (RI) discussed in Section 2.2. Thus, we define
the annual resilience ARP, the time-to-recover TTRP, the
failure rate FP and the recovery rate RP, where p repre-
sents the performance considered (either WT for wait-
ing time or SL for service level). Although disturbances
originate at a single facility, all resilience indicators are
computed at the network level in order to capture the
propagation of effects across the healthcare system.

The resilience indicators enable the identification of
facilities that consistently contribute to the most signif-
icant decrease in network resilience when affected by a
medical device failure. To this end, a design of experi-
ment (DOE) approach, in accordance with the guidelines
set out by Lorscheid, Heine, and Meyer (2012), has been
adopted, allowing for valid and objective conclusions
to be drawn effectively and efficiently (Antony 2012),
thereby fostering transparency and rigour in the simu-
lation process (Lorscheid, Heine, and Meyer 2012). The
first step involves identifying the response variables used
to measure the experimental outcomes (also referred
to as dependent variables) and the factors that are sys-
tematically varied during the simulation (independent
variables). For each factor, appropriate quantitative or
qualitative levels must be defined within some ranges.
Table 1 presents the classification of response variables
and factors, along with their corresponding level ranges.

To structure the experiment and simplify the analy-
sis, a cascaded Design-Of-Experiments (DOE) is applied
(Lorscheid, Heine, and Meyer 2012). A cascaded DOE
comprises one top-level DOE and several sub-DOEs (see
Figure 2). The top-level-DOE aims to achieve the over-
all objective, namely, to conduct a resilience analysis of
a healthcare network. Then, |M|sub-DOE, one for each
network facility m € M, are performed (Figure 2). In
these sub-DOEs, each facility in the network undergoes
a medical device failure of varying duration and sever-
ity, and, as an output, resilience indicators are collected.
The resilience indicators obtained from each sub-DOE

are compared in the top-level DOE to identify the most
vulnerable facility m.

For each sub-DOE, a full factorial design is adopted
with three levels (defined within the factors’ level ranges)
for each factor, in accordance with the guidelines on
DOE (Montgomery 2017). They are structured in a
design matrix illustrated in detail in Appendix Table Al.
To ensure statistical robustness, we ran 20 replications
for each design point. The number has been deter-
mined from preliminary simulations, which estimated
the experimental error variance (Table A2) to stabilise
the coeflicient of variation. Results were tested using one-
way ANOVA to assess significant differences in network
resilience when different facilities are impacted. When
ANOVA was significant, a Tukey HSD (Honestly Signif-
icant Difference) test was conducted to identify which
facilities differ significantly in resilience performance
(Abdi and Williams 2010).

3.2.3. Reliability model

A reliability model is implemented to identify the facility
with the highest likelihood of disturbance. Let 8, be the
probability of failure of the k-th medical device in facility
m € M (with, k € H,,) over the period T. We can thus
write the probability ¢ of at least one failure in facility m
as:

¢m=1— ] (1 = Ou)yme M (5)
keH,,

We can now compute a criticality index y for each facility
m and for each performance p:

b =¢m- ARENm e M (6)

where ARIY, is the impact of the disturbance on m on the
resilience indicator related to performance p. The selec-
tion of the R, for instance, between AR, TTR, failure rate
or recovery rate, is contingent on the decision maker and
the information they wish to utilise. For example, TTR
may be selected when focusing on recovery time, whereas
AR is preferred when considering both recovery time and
impact intensity.

The aggregate resilience indicator AR, across dif-
ferent disturbance scenarios can also be tailored to the
decision maker’s preferences. Depending on risk attitude
and strategic priorities, it may be calculated as the aver-
age across scenarios, the worst-case value, or another
representative statistic. This ensures that the criticality
assessment captures both the observed system dynam-
ics and the specific perspective from which resilience is
evaluated. Importantly, the choice of resilience indicators
and aggregation method does not influence the overall
effectiveness of the proposed framework.



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 7

Table 1. Response variables, factors and factors level.

Factors’ level ranges

Motivation

Factors Disturbance duration 7

[0, T Covers both short-, medium-
and long-term disturbances
within the simulation
horizon

Disturbance severity o [0, 100] % The range from 0 to 100%
allows for the simulation of
all possible severity levels,
from normal operation (0%)
to complete facility
shutdown (100%).
Affected facility m 1...1M Each facility in the network is
assessed in terms of its
vulnerability to medical
device shortages
Response variable Integral-based resilience indicator ARWT
ARSL
Time-based resilience indicator TTRWT
TR
Rate-based resilience indicator FwT
RWT
FSL
RSL
Top-level DOE: Resilience analysis of a healthcare network
Factors Factor level ranges Simulation Final Outcome
m 1..|M| Performance of the network under disruption
Sub-DOE 1 l Sub-DOE |M|
Factor Factor
Factors level Response variables Factors level Response variables
ranges ranges
Integral-based resilience indicator Integral-based resilience indicator
wT SL wr SL
F [0' r] Time-bﬁstqdRresi'l‘i"lﬁc;indicmor 2 [U' T] Tirne-bas{et”resilliﬁc;indicator
TTRYT, TTR: TTRYY . TTR
2 [0,100] Hatc-baicd resi ,nccufldicmor Z [0.100] Rarc—haged resilience ifitiicator

(FWT. R'a\-'TI F.‘f.'.‘ R.‘s’l’.]

Figure 2. Cascaded DOE.

The criticality index y allows identifying the most
critical facility 7 in the set with respect to performance
p» considering the impact of the disturbance and the
likelihood of occurrence.

P = arg max y5Vp € {WT, SL} (7)
meM

3.2.4. Actions assessment and prioritisation

Once the most critical facility has been identified,
resilience-enhancing actions can be tested to reduce the
vulnerability of the facility under consideration, thereby
improving the resilience of the network. To counter
the effect of disturbances, different types of resilience-
enhancing actions can be implemented: some can be
oriented to improve the absorptive capability of the sys-
tem (improving the system’s ability to resist or absorb
disturbances), while others may be more suitable for

(Fl-‘,"T‘ RH"TI F.‘;l’,l R.\'!.J

enhancing the system’s adaptation (improving its abil-
ity to reorganise itself to offset disturbances) (Bruckler
et al. 2024). In line with this distinction, for the pur-
poses of this study, we tested two resilience-enhancing
actions: capacity backup, such as reserving devices for
emergencies, as an absorptive-oriented measure, and col-
laboration between facilities as an adaptivity-oriented
measure.

For the absorptive-oriented action (capacity backup),
we assume that a capacity reserve can be activated at
the critical facility /1 this reserve can be in the form of
a standby device not employed under regular operating
conditions, or various organisational measures (e.g. over-
time or task compression) that temporarily increase the
throughput using existing resources upon device failure.
During a disturbance, the capacity reserve temporarily
increases the effective capacity cj;, thereby mitigating the
impact of the disruption without activating inter-facility
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reallocation. For the adaptivity-oriented action (collab-
oration between facilities), when a disturbance reduces
the effective capacity c; of the disrupted facility m, a
portion of the demand that cannot be accommodated
is reallocated across the remaining open facilities: for
each candidate facility n € M \{m}, the earliest available
appointment day is identified by searching the first time
period in which residual capacity is available, given the
current booking schedule and daily capacity ¢,. Among
the facilities with available capacity, the receiving facility
is selected by prioritising the earliest available appoint-
ment and, in case of comparable availability, the shortest
distance from the requesting individual. In case of ties,
one facility is selected randomly among those available.
Once the destination facility n* is selected, the individual
is assigned to the earliest available appointment slot, and
the corresponding capacity is updated.

The identified actions are then reassessed via ABM
simulation to update resilience indicators (as indicated in
Figure 1). The updated indicators are finally utilised for
prioritising actions, ensuring systematic improvement in
the system’s resilience and reliability.

4. Test case

We tested the framework for resilience analysis using a
real case in Italy, specifically the ultrasound services pro-
vided by the eastern district of Bergamo province, for
which we had access to both population and healthcare
network information from the territorial health author-
ity’s websites. The data required for the simulation and
analysis include demographic information and details
of the public healthcare networks (such as the num-
ber of ultrasound scans, capacity, and location of facili-
ties). The distribution of the agents in the area accounts
for the heterogeneity of the territory and, consequently,
the presence of densely and sparsely populated areas
(National Institute of Statistics n.d., www.istat.it). The rel-
ative importance assigned to distance and waiting times
(parameter a; in Piffari, Lagorio, and Pinto 2024) is deter-
mined using a simplified look-up table based on age
(ranging from 18 to 99 + years) and health status. The
age and health status data were obtained from the Ital-
ian National Institute of Statistics. As empirical estimates
of individual preference weights are not available, val-
ues are specified to reflect plausible behavioural patterns
reported in the literature: older patients tend to place
greater importance on distance, while poorer health con-
ditions are associated with a lower willingness to wait
for an appointment. The resulting behavioural specifica-
tion provides a realistic baseline configuration for testing
the framework rather than a fully calibrated prediction

Table 2. Facilities’ ultrasound scans and daily capacity.

Facility Number of ultrasound scans Daily capacity c,, [slots/day]
1 1 1

2 3 33

3 1 5

4 1 9

5 2 17

6 2 13

7 1 6

TOTAL 11 84

model. For brevity, the detailed formulation of the look-
up table and utility function vj,is not reproduced here;
the present work employs the formulation developed in
Piffari, Lagorio, and Pinto (2024).

The estimate of demand for ultrasound scans was
based on data on access to specialist outpatient services in
the Italian national health system (AGENAS 2025). This
showed that access to ultrasound scans in the general
population occurs on average once every five years. Seven
public facilities are operating in the Eastern District of
the Bergamo province (ASST BG EST 2025). The charac-
teristics of these facilities, in terms of geographical loca-
tion, number of ultrasound scans and capacity, have been
obtained from the provincial and regional health author-
ities. For simplicity, they were not separated by medical
specialty but were kept aggregated (Regione Lombardia
2025). The data indicate a total daily capacity of 84 ultra-
sound scans within the healthcare network, distributed
among the facilities as shown in Table 2. Some facilities
show a low number of daily slots because, being smaller
facilities, ultrasound sessions are not offered every day
but are concentrated on specific days of the week. More-
over, the number of slots can vary even with the same
number of machines, depending on operating hours, staft
availability, and the complexity of the exams performed.
In the simulated horizon, no intra-week, holiday, or sea-
sonal variations were considered: the baseline demand
was assumed to be uniform over time. Although this
assumption simplifies reality, it was adopted for the sake
of model tractability.

The results from the baseline simulation scenario (i.e.
in the absence of disturbances) demonstrated an average
waiting time of 53 days. Therefore, a 60-day threshold [
was established to evaluate service level, as highlighted in
Section 3.2.2. This value represents an empirically based
threshold that is also of normative significance. This
threshold aligns with the Italian national healthcare clas-
sification of deferrable services, which requires delivery
within 60 days for instrumental diagnostic procedures.
The 60-day threshold, therefore, acts as a compromise
that balances acceptable access times with sensitivity to
service disturbances.


http://www.istat.it

5. Results

This section presents the simulation results in three parts:
the AS-IS baseline scenario (Section 5.1), the absorp-
tive improvement scenario (Section 5.2), and the adap-
tive improvement scenario (Section 5.3). As explained in
Section 3.2.2 and shown in Table 1, each of the seven
facilities in the network is subjected to a disturbance (i.e.
medical device failure) with three different levels of sever-
ity o and duration 7, as indicated in Table Al. This is
repeated for the base case, absorptive improvement, and
adaptive improvement.

5.1. AS-IS

The analysis of the AS-IS configuration enabled the
assessment of the resilience metrics for each facility fol-
lowing a disruption. The results of all sub-DOEs were
merged into a single chart (Figure 3), illustrating time-
based (TTR) and integral-based (AR) metrics computed
on waiting time and service level resilience curves across
disturbance scenarios of varying severity and duration.

In scenarios where the network is affected by distur-
bances of short duration and low to medium severity
(scenarios 1-1 and 2-1), resilience remains high across
all facilities, with negligible TTR, and AR values close to
100%. These results suggest that the network can absorb
minor disturbances regardless of which facility is dis-
rupted. The same conclusions can be drawn for scenarios
with low severity and medium or high duration (sce-
narios 1-2, 1-3), when the performance used to measure
the indicator is the service level. On the other hand, the
indicators based on waiting time reveal opportunities for
resilience improvement, even in scenarios with low sever-
ity and medium to high duration, particularly when the
affected facility is Facility 2.

As the severity or duration of the disturbance
increases, differences in resilience performance emerge
when different facilities are affected. In Scenario 3-3,
which represents high severity and high duration, Facil-
ity 2 exhibits a TTR computed based on waiting time
of nearly 30 days and based on service level exceeding
275 days, significantly higher than those measured when
other facilities are affected. Similarly, in the correspond-
ing AR plot for Scenario 3-3, Facility 2 also exhibits the
lowest annual resilience, dropping below 85% for waiting
time and below 80% for service level, while the same indi-
cator for other facilities stays above 90%. Similar trends
are visible in Scenario 3-1 and 3-2 (high severity and low,
medium duration), though the contrasts are less extreme.

Some intermediate scenarios, such as 2-2 and 2-3,
exhibit partial divergence. Facility 2 begins to emerge as
more vulnerable, but the difference with other facilities
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is less pronounced. In particular, AR based on both wait-
ing time and service level consistently shows lower values
for Facility 2, indicating a reduced ability to maintain
performance throughout the disturbance. Additionally,
the TTR based on service level exhibits higher values
for this facility, indicating that it is less resilient to dis-
turbances, even of moderate intensity. Despite this, in
the intermediate scenarios, the TTR based on waiting
time exhibits high variability and lacks a consistent pat-
tern. This discrepancy can be attributed to the greater
volatility of waiting time as a metric. Since it is a con-
tinuous variable, it captures even minor fluctuations in
performance, making it harder to define a clear recov-
ery point. Minor changes in waiting time, even if they
do not significantly affect access, may result in extended
recovery times or no recovery being detected at all. By
contrast, service level is a threshold-based metric that
changes when the proportion of patients waiting less than
60 days varies. As a result, the service level tends to be
more stable, and its TTR is less sensitive to fluctuations
that remain entirely above or below the threshold. This
behaviour in the annual resilience is overcome by the fact
that it is not necessary to identify the point of return to
the pre-disturbance state. These results suggest that in
intermediate scenarios of severity and duration, integral-
based indicators and threshold-based metrics may pro-
vide a clearer picture of resilience. In contrast, time-based
indicators computed from continuous metrics, such as
waiting time, may be too noisy and difficult to evalu-
ate. This unreliability is not present in extreme scenarios
(high severity and duration or low severity and duration),
in which the TTR computed on the WT is also more
stable.

Furthermore, it is possible to observe consistency
between TTR and AR computed using the same per-
formance metric. Facilities with high TTR also tend to
show lower AR values. For example, in Facility 2, TTR
and AR calculated on the service level are both signif-
icantly worse in almost all scenarios with high severity
or duration, highlighting an apparent vulnerability. How-
ever, in intermediate scenarios (e.g. 2-2 and 2-3), partial
discrepancies may emerge. Some facilities exhibit high
TTR, but AR is still close to 100%, or vice versa. These
differences arise from the distinct nature of the indica-
tors. Even minor fluctuations influence TTR, whereas AR
captures the overall effect of disturbance across the entire
simulated period. This observation reinforces the value
of an approach combining multiple indicator types.

In conclusion, the findings indicate that the healthcare
network demonstrates resilience to short-term distur-
bances but exhibits vulnerability to prolonged and severe
disturbances. Further analysis of the graphs suggests that
Facility 2 is the most vulnerable, meaning it is the one that
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Figure 3. Integral-based and time-based resilience indicators for the AS-IS configuration. Scenarios are identified as o-7, with o
representing disturbance severity (low, medium, high) and 7 representing disturbance duration (low, medium, high).

causes the higher decrease in performance when affected
by a disturbance.

To validate these findings, a study of variance and
a post-hoc analysis were conducted. For each scenario
and resilience indicator, we perform a one-way ANOVA,
which yields two key insights. First, the R? value quanti-
fies the share of variance in network resilience explained
by the affected facility, as opposed to unexplained vari-
ance from other simulation factors (Callahan, Hub-
bard, and Bacoski 2006; Lorscheid, Heine, and Meyer

2012). Second, the ANOVA assesses whether differences
between facilities are statistically significant, allowing us
to determine if some facilities are more vulnerable than
others. The complete results of ANOVA and post-hoc
are available upon request, and an extract is available in
the appendix Table A3. The experimental procedure con-
firmed that Facility 2 is the most vulnerable if affected by
a disturbance. It is important to note that the indicators —
and the resulting effects — measured in this section refer
to the overall network. The local effects on individual



facilities or on the population surrounding the affected
facility are not analysed in this paper. This is because the
current approach is based on a systemic perspective that
considers the entire network (and its resilience), since,
in this context, the mobility between facilities means the
entire system is impacted.

The resilience indicators thus computed must be com-
plemented with medical device reliability models (see
Figure 1) to identify the facility on which to concentrate
resilience-enhancing actions. In fact, from the impact
perspective, Facility 2 appears most critical, as its disrup-
tion causes the greatest network performance degrada-
tion. However, this assessment ignores the likelihood of
disturbances. Facility 2 could, for example, be the facil-
ity with the lowest likelihood of medical device failure.
Integrating the reliability model enables the identification
of the facility on which to focus improvement actions,
considering both impact and probability. However, the
failure probabilities of the medical devices in the network
considered are not available for computing the criticality
index )(;71. As a consequence, a quantitative integration
of disturbance impact and disturbance probability is not
available for this test case. To demonstrate the proposed
framework, we proceed under the assumption that Facil-
ity 2 also has a higher fajlure probability, thus maintain-
ing it as the most critical facility (i.e. ¥ = 2 in Equation
7). Although this assumption is hypothetical, it helps
to demonstrate the application of the framework and
does not impact the generalisability of the methodology.
Specifically, the assumption that Facility 2 has a higher
failure probability is a conservative scenario designed to
examine the implications of a disturbance at the node
causing the most significant performance degradation if
it were to be impacted by a disturbance.

Following the identification of the most critical facil-
ity, the absolute values of the failure rate and recovery rate
indicators were measured on the resilience curves of wait-
ing time and service level obtained when Facility 2 was
affected, as well as for all scenarios presented (Table 3).
Unlike the time-based and integral-based indicators pre-
sented earlier, rate-based indicators capture the speed of
performance loss and recovery. Rate-based indicators are
measured only for the most critical facility (Facility 2),
identified as the most vulnerable in the previous analysis.
This choice is motivated by the fact that rate-based indi-
cators are particularly informative in characterising the
dynamics of performance degradation and recovery, and
Facility 2 provides the most representative case.

Also rate-based indicators suggest that the disturbance
has a limited impact on network resilience in the sce-
nario with lower severity and duration. Furthermore, it is
evident that as the severity of the disturbance increases,
so does the failure rate. This indicates that the rate of
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Table 3. Failure rate and recovery rate for waiting time and ser-
vice level resilience curves when Facility 2 is affected.

FWT RWT
[waiting [waiting
SCENARIOo-z  days/dayl  days/dayl  F°' [%/day]l R [%/day]
1-1 0.00 0.00 0.00 0.00
1-2 0.35 0.47 0.10 0.04
13 0.31 0.49 0.04 0.08
2-1 274 3.40 7.14 545
22 1.29 3.83 5.05 9.18
23 0.90 4.06 4.56 842
3-1 445 591 28.83 7.85
3-2 2.22 6.33 28.86 7.79
33 177 7.03 29.00 7.98

performance degradation increases with higher sever-
ity. Conversely, as the duration increases, the failure rate
decreases. This observation does not necessarily imply a
more desirable situation. For instance, in scenarios char-
acterised by high disturbance duration, the failure rate
is reduced; however, performance values are worse than
in shorter-duration scenarios. In scenario 3-3, the maxi-
mum waiting time is 98 days, whereas in scenario 3-2 it
is 72 days. The aforementioned considerations also apply
to the values measured in terms of service level.

The AS-IS failure rate and recovery rate will be used
as a baseline to evaluate the system’s performance fol-
lowing the implementation of the improvement actions.
As anticipated, one absorptive action (capacity backup)
and one adaptive action (collaboration between facilities)
were tested to align with two complementary dimensions
of resilience.

5.2. Absorptive improvement

The absorptive action is implemented by maintaining
reserve capacity that can be activated in case of machine
failure. This is consistent with general recommendations
on supply chain resilience, such as those outlined by
the OECD (2024), which underline the importance of
maintaining adequate strategic reserves to address unex-
pected disturbances and ensure continuity of health-
care services. Such a reserve can be implemented in
different ways, such as holding older, albeit functional
equipment for emergency use, extending working hours
for operating the equipment, or shortening the dura-
tion of each appointment slot. Manufacturers, distribu-
tors, and healthcare systems all maintain inventories of
drugs and devices as a precaution against normal fluc-
tuations in supply and demand (National Academies of
Sciences, Engineering, and Medicine 2022). In this case,
for illustrative purposes, we assume a capacity reserve
equivalent to one ultrasound machine in Facility 2. This
value is arbitrary and does not affect the general valid-
ity of the proposed approach, as other choices would be
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Figure 4. Integral-based and time-based resilience indicator after the introduction of the absorptive improvement. Scenarios are identi-
fied as o -7, with o representing disturbance severity (low, medium, high) and z representing disturbance duration (low, medium, high).

equally suitable. Figure 4 illustrates the resilience indi-
cators (time-based and integral-based) for waiting time
and service level resulting from the applied absorptive
improvement, compared to the AS-IS.

As shown in Figure 4, Facility 2’s vulnerability
decreased compared to the AS-IS, with lower TTR and
higher AR indicators. Focusing on scenarios where crit-
icalities emerged in the AS-IS, resilience improved for

service-level indicators under severe disturbances (3-1,
3-2, 3-3), although Facility 2 remains the most vulnera-
ble. Similar improvements appear in waiting time-based
indicators under high and medium severity and duration
(2-2,2-3, 3-2, 3-3). In contrast, in low-severity scenarios
(1-2,1-3) and in the low-duration, high-severity scenario
(3-1), waiting time indicators show Facility 2 perform-
ing comparably to the other facilities. In intermediate



Table 4. Failure rate for waiting time and service level resilience
curves after absorptive improvement when Facility 2 is affected.

FWT AFWT
[waiting [waiting

SCENARIOo-z  days/day]l ~ days/dayl  F°L [%/day]l AF° [%/day]
1-1 0.00 / 0.00 /
1-2 0.09 —0.27 0.03 —0.07
13 0.03 —0.28 0.04 /
2-1 1.76 —0.98 152 —5.62
22 0.75 —0.54 0.27 —4.78
23 0.56 —0.34 0.19 —437
3-1 2.87 —1.58 16.31 —12.52
3-2 1.50 —0.72 27.60 —1.26
33 113 —0.65 27.20 —1.80

scenarios (2-2, 2-3), service-level results and subsequent
ANOVA and post-hoc tests confirm that Facility 2 is no
longer more vulnerable than the others. As in the AS-IS,
TTR based on waiting time is unstable in intermedi-
ate scenarios, where its variability (standard deviation) is
highest.

In almost all scenarios, resilience indicators improved,
confirmed by the failure rate analysis from service level
and waiting time curves when Facility 2 faces disturbance
(Table 4). Only the failure rate is reported, as absorptive
actions improve the system’s ability to resist or absorb
disturbance. Higher absorptive capacity due to resilience
actions could lead to a shallower slope and, therefore, a
lower failure rate (Bruckler et al. 2024). The difference
between the AS-IS failure rate and the absorptive failure
rate was also computed, which quantifies the improve-
ment achieved.

The failure rate is useful to quantify the effect of
resilience actions. The introduction of a backup device
to compensate for failures improves the failure rate in all
scenarios, contributing to a more controlled decrease in
performance in the event of a disturbance.

5.3. Adaptive improvement

The adaptive improvement introduces a collaborative
approach in the simulation as follows: when a facility
experiences equipment failure, the capacity of other facil-
ities is used to offset the lost slots. In practice, this means
redistributing patients from the affected facility to others.
Indeed, collaborating with nearby partners can ensure
the successful delivery of critical products or services on
time (Nze-Ekpebie and Udealor 2023). The implemen-
tation of a collaborative approach has yielded improve-
ments not only for the most critical Facility 2, as in
the absorptive improvement, but for all facilities in the
network. In particular, performance improvements are
observed for all scenarios and all facilities, as can be seen
in Figure 5. More specifically, time-based indicators show
an improvement in all scenarios. For low severity (i.e.
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Table 5. Recovery rate for waiting time and service level
resilience curves after adaptive improvement when Facility 2 is
affected.

RWT

[waiting ARWT [waiting AR
SCENARIO 6-7  days/day] days/day] RS [%/day] [%/day]
1-1 0.00 / 0.00 /
1-2 0.41 0.47 0.00 /
13 0.51 147 0.00 /
2-1 3.87 —0.05 1091 5.49
2-2 4.47 0.65 11.11 1.93
2-3 5.12 1.87 14.29 5.87
3-1 7.38 0.03 11.11 3.26
3-2 8.20 1.05 10.00 2.21
33 8.87 1.85 12.50 452

1-1, 1-2, 1-3) and short duration (i.e. 2-1, 3-1) scenar-
ios, the network appeared to be perfectly resilient, with
TTR based on service level and waiting time equal to
zero, demonstrating its ability to cope with the distur-
bance and maintain operational continuity. For scenarios
of intermediate and high severity and duration (i.e. 2-2, 2-
3, 3-2, 3-3), there is still a clear improvement for many of
the network facilities. As regards integral-based resilience
indicators, the same considerations can be made for low-
severity and/or duration scenarios, in which all facilities
prove to be perfectly resilient. In medium/high sever-
ity and duration scenarios, the improvements detected
are more modest than for time-based indicators. It can
be concluded that, in general, resilience enhancement
through adaptive improvement has been demonstrated to
reduce the vulnerability of the most critical facility (Facil-
ity 2) while positively impacting all other facilities within
the network.

In Table 5, the recovery rate is reported, computed
from the service level and waiting time resilience curves
for Facility 2. Only the recovery rate is reported as adap-
tive resilience actions lead to a steeper slope, thereby
resulting in a higher recovery rate (Bruckler et al. 2024).
On the other hand, the impact of this action on the fail-
ure rate is negligible. Table 5 also shows the difference in
recovery rates between AS-IS and adaptive improvement.
Anincrease in the recovery rate is observed in several sce-
narios, demonstrating an improvement of the Facility 2
to adapt during a disturbance and promptly recover an
acceptable level of performance. This is particularly true
for the recovery rate calculated on the service level.

6. Discussion and implications

The results presented herein highlight several key consid-
erations along several dimensions.

With respect to performance indicators, it is of
paramount importance to select the most appropriate
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Figure 5. Integral-based and time-based resilience indicator after the introduction of the adaptive improvement. Scenarios are identified
as o -7, with o representing disturbance severity (low, medium, high) and 7 representing disturbance duration (low, medium, high).

ones, as different measures can yield divergent conclu-
sions about network resilience. Service level proved more
stable, particularly under mild disturbances, while wait-
ing time was more variable. This difference arises from
their definition: how the service level is defined and
calculated. It is determined by dividing the number of
patients seen within 60 days by the total number of
patients. On the other hand, waiting time is a contin-
uous metric that is very sensitive to minor disruptions,

particularly if these disruptions persist over time. This
sensitivity renders the TTR derived from waiting time
unreliable when assessing resilience in intermediate sce-
narios, where minor changes can lead to long recovery
times. This behaviour in the annual resilience is over-
come by the fact that it is not necessary to identify
the point of return to the pre-disturbance state. Stake-
holders performing resilience analyses should take into
account the heterogeneous behaviours and sensitivities of



performance indicators under disturbances (Poulin and
Kane 2021).

With respect to resilience metrics, they assess resilience
in different ways. Annual resilience is especially useful
because it is clearly defined within a 0-100 range, mak-
ing it intuitive and straightforward to interpret. In con-
trast, TTR lacks specific bounds: although lower TTR
values signify a faster recovery and better resilience, its
unbounded nature makes it harder to establish a direct,
absolute evaluation. The findings also suggest that fail-
ure and recovery rates provide useful insights into system
behaviour but may sometimes misrepresent resilience;
for instance, long disturbances may show low failure
rates despite worse overall outcomes. These metrics are
useful for evaluating the success of specific interven-
tions and help policymakers assess whether changes
made to the system result in meaningful, measurable
improvements in network resilience. Each metric cap-
tures only part of the picture: TTR focuses on recov-
ery duration, failure and recovery rates on the extent of
change, while annual resilience integrates both impact
magnitude and recovery time. However, the underly-
ing causes of low resilience remain ambiguous, as it is
not possible to determine whether the cause is high
impact, prolonged duration, or a combination of both.
Therefore, selecting the appropriate indicator is cru-
cial, as each conveys distinct information. In addition,
the resilience indicators adopted in this study primar-
ily capture system performance from a patient-centred
perspective, focusing on service accessibility and conti-
nuity of care. However, resilience is inherently multidi-
mensional (e.g. organisational resilience (Duchek 2020),
economic resilience (Khan et al. 2024)). These dimen-
sions are not explicitly modelled in the present frame-
work due to the study’s specific focus, but they repre-
sent important complementary perspectives for future
research.

The resilience analysis demonstrated that it is essential
for policymakers to define the desired level of resilience.
The scenario analysis revealed that the AS-IS network
was already fairly resilient to the short-lived distur-
bances (scenarios 1-1 and 2-1). Adaptive and absorptive
improvements enhanced the network’s resilience for sce-
narios of low and intermediate severity (scenarios 1-2, 1-
3,2-2,2-3) and improved performance in the most severe
scenario. These findings suggest that, rather than always
designing for the worst-case scenario, policymakers must
define the acceptable resilience level of the healthcare net-
work by balancing efficiency with resilience and consid-
ering the potential impact on population health (Almeida
2024).

Another essential point to note is related to the
two different actions tested. As mentioned above, these
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actions align with two complementary dimensions of
resilience: absorption and adaptivity. Absorptive actions,
implemented through backup capacity, reduced the vul-
nerability of Facility 2 and improved its ability to absorb
shocks, as shown by lower failure rates. However, its ben-
efits were limited to that facility. Adaptivity, implemented
through inter-facility collaboration, improved recovery
rates and enhanced resilience across the entire network
without requiring additional capacity. Yet, this approach
may reduce patient satisfaction if patients are redirected
to less preferred or more distant facilities. While both
actions have a positive effect on resilience, it is important
to consider these other implications when policymakers
decide which to implement.

Finally, the distinctive feature of this resilience analysis
framework is the integration of patient behaviour. Since
patients actively shape demand through their choices,
simulating their responses to disruption effects, such as
changes in waiting time, is essential to capture amplify-
ing or mitigating effects. Incorporating patient behaviour
provides a more realistic view of system performance,
particularly in elective care, where preferences strongly
influence demand patterns. While this study only con-
siders a few elements influencing preferences, it demon-
strates the value of including patient behaviour dynamics
in resilience analysis and marks a key contribution of this
work. In the long term, this could translate into health-
care systems that are more responsive to patients’ needs
and more resilient to everyday disturbances, thereby
impacting public health.

Summarising, as far as managerial implications are
concerned, the resilience analysis framework presented
in this paper can be used by policymakers and health-
care network managers to make strategic decisions on
improving network resilience. The proposed approach
facilitates the consideration of patient preferences,
thereby ensuring that patient needs are prioritised in
strategic decision-making. This dual perspective enables
policymakers to analyse and plan improvement actions
that address the disturbances affecting today’s healthcare
networks, all the while maintaining a focus on patients
and their needs. In addition, the analyses presented and
the use of various key performance indicators have pro-
vided a useful overview of potential approaches to opera-
tionalising resilience. This allows policymakers to choose
the indicator that best suits their needs, whether that
be absolute monitoring of resilience or comparing the
effect of improvement actions. Furthermore, the frame-
work enables the comparison of different improvement
options, supporting a systematic evaluation of their rel-
ative contributions to resilience and guiding the priori-
tisation of interventions that deliver the greatest opera-
tional and patient-centred benefits. The framework not
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only enables strategic decision-making and priority set-
ting in the implementation of improvement actions, but
also supports scalable implementation of these actions,
taking into account both the impact of a possible distur-
bance and the probability of its occurrence. In this way, it
is possible to assess which improvement is most suitable,
considering the desired and achievable level of resilience,
also taking into account the available resources.

From a theoretical perspective, this research con-
tributes to the discourse on operationalising resilience.
Although the concept of resilience has been the subject
of study for a considerable length of time, the notion
itself is often theoretical and challenging to translate
into objective indicators. This study utilised established
resilience indicators derived from extant literature to
conduct a resilience assessment of a real-world healthcare
network. Moreover, this research contributes to the anal-
ysis of resilience-enhancing actions within the healthcare
context by identifying and conceptualising the mecha-
nisms through which organisations can strengthen their
absorptive and adaptive capacities in the face of distur-
bances. This contribution enriches existing frameworks
on organisational resilience, offering new insights that
can inform both future empirical studies and the devel-
opment of strategic interventions in healthcare settings.
The empirical implementation of these two actions in
simulated scenarios has facilitated the evaluation of their
effectiveness under different disturbance scenarios. This
approach makes a significant theoretical contribution,
as it enables a transition from theoretical resilience dis-
cussion to a more operational and practical perspective,
which is useful for guiding both future research and
policy decisions. The theoretical framework improves
understanding of the concept of resilience, bridging the
gap between resilience theory and practice and recon-
necting it to patient-centred care, offering a new oper-
ational approach that integrates strategic metrics and
individual preferences.

7. Conclusion

This paper introduces a framework for analysing health-
care network resilience that integrates patient prefer-
ences to identify vulnerabilities and prioritise resilience-
enhancing actions. The framework was applied to a med-
ical device failures case, a typical example of a low-
impact-high-frequency event, using data from a real
healthcare network. By pinpointing vulnerable facilities
and supporting the prioritisation of actions based on
their impact on resilience indicators, it helps bridge the
gap between targeted and actual performance, thereby
reducing the network’s overall vulnerability.

This study has some limitations. First, it is limited
to medical device failures within a single facility dur-
ing the simulated period. Another limitation of this
study is the exclusion of economic factors in evaluating
absorptive and adaptive improvements. While this choice
allowed us to focus on the methodological development
of the framework, it did not allow to capture the trade-
offs between efliciency and resilience or support more
informed decision-making.

Future research may delve deeper into the analysis of
the two actions tested. The actions have been analysed
under limited operational constraints to ensure a com-
parison with the as-is situation, e.g. no overtime and fixed
capacity. Future research could relax these constraints by
analysing the effects of the actions in conjunction with
different management policies to assist in responding to
disturbances. Another promising avenue of research is to
extend the framework to account for sequential failures of
devices within the same facility. Such an extension would
allow investigation of the impact of sequential failures
on network resilience, including interactions between
failures during recovery phases. This would provide a
more comprehensive assessment of systemic vulnera-
bilities in healthcare networks, particularly under com-
plex disturbance scenarios. Future work should examine
other LIHF disturbances, including demand surges and
recurrent high-frequency events, as well as simultane-
ous failures across multiple facilities and heterogeneous
devices. Finally, future research should extend the pro-
posed framework through empirical application in real
healthcare decision-making contexts. This includes col-
lecting operational data on disturbances, performance,
and organisational responses, as well as implementing
and evaluating resilience-enhancing actions in practice.
The expansion of the modelling scope to incorporate
integrated care pathways and interdependent service tra-
jectories, thereby capturing coordination effects across
departments and clinical processes, represents a final
direction for improvement.
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Appendix

Table A1. Full factorial design for each sub-DOE.

Factors

Design points o T

1 Low (1) Low (1)

2 Low (1) Medium (2)
3 Low (1) High (3)
4 Medium (2) Low (1)

5 Medium (2) Medium (2)
6 Medium (2) High (3)
7 High (3) Low (1)

8 High (3) Medium (2)
9 High (3) High (3)
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Table A2. Error variance matrix. Table A3. Tukey post-hoc for ARY"and ARLin the worst-case sce-
Number of runs nario (3-3).
Response variables 5 10 15 20 25 Facilities’ pairwise comparison ARG’ — ARDYT*H Hsp
Low factor levels ARWT 2-1 16.89 1.80
ARyt Mean 9847 9889 9929 99.15 98.80 23 9.92
Coefficient of Variance 0.02 0.01 0.01 0.01 0.01 2-4 12.26
ARy Mean 100.00 99.99 99.99 99.99 100.00 2-5 6.71
Coefficient of Variance 0.00 0.00 0.00 0.00 0.00 2-6 8.79
TTRue Mean 4340 3550 2513 2545 3880 2.7 959
Coefficient of Variance 072 054 061 050 045 AR SL 2-1 18.99 1.08
TTRS/ Mean 0.00 6.40 433 4.00 2.24 2-3 18.34
Coefficient of Variance 0.00 0.73 1.13 0.00 0.00 2-4 15.61
Mean factor levels 2-5 18.44
ARt Mean 8737 8763 8819 8844 8834 26 16.04
Coefficient of Variance 002 002 002 002 002 27 1625
ARy Mean 9652 9575 9569 9596 9576 The following Table A3 shows an example of the results of the Tukey post-hoc
Coefficient of Variance 002 001 001 001 001 test for ARWT and AR in the high duration and severity scenario (scenario
TTRut Mean 14240 13440 12807 13130 131.04 3-3), comparing Facility 2 with the other.
Coefficient of Variance ~ 0.17  0.13 012 014 0.4
TTRg Mean 5450 64.70 63.27 63.60 68.12

Coefficient of Variance 0.48 0.16 0.18 0.18 0.18

High factor levels

ARyt Mean 5427 53.03 5351 5345 53.74
Coefficient of Variance 0.04 0.02 0.02 0.03 0.04
ARy Mean 68.82 6735 6890 6853 68.72
Coefficient of Variance 0.03 0.03 0.03 0.04 0.04
TTRw: Mean 309.60 316.40 31893 31490 31236
Coefficient of Variance 0.04 0.02 0.01 0.04 0.04
TTRy Mean 206.60 205.20 19593 202.45 200.36

Coefficient of Variance 0.09 0.10 0.08 0.10 0.10
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