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 A B S T R A C T

Climate change and geopolitical tensions demand increased adaptability from crisis-response 
supply chains. Advanced information technologies, such as Artificial Intelligence and Blockchain, 
have been proposed as tools for increased adaptability. However, recent evidence shows that 
such technologies can also lead to new vulnerabilities and risks, a phenomenon we refer to as
technology-induced maladaptation. This paper analyzes the effects of information technologies on 
resource allocation in crisis-response supply chains and identifies the conditions under which 
technology-induced maladaptation emerges. We develop an agent-based discrete-event simula-
tion model in which managers adapt their resource allocations and coordination structures in 
response to climate shocks and geopolitical emergencies, using different information technolo-
gies. Using exploratory modeling and rule induction, we examine a sequential and a convergent 
supply chain configuration. Both configurations use different information technologies and are 
exposed to disruption patterns representing climate shocks and geopolitical emergencies. Rule 
induction reveals technology-disruption combinations under which technology-enabled efforts 
to reduce information delays and accelerate recovery may inadvertently decrease performance. 
The findings reveal two technology-induced maladaptation profiles: conditional and broad 
maladaptation. Conditional maladaptation refers to underperformance restricted to specific 
disruption duration windows, whereas broad maladaptation is distributed across the full range 
of disruption durations. The disruption pattern and supply chain configuration jointly moderate 
which profile a technology exhibits. Identifying these profiles advances understanding of 
maladaptation in crisis-response supply chains as a condition-specific phenomenon.

1. Introduction

Advanced information technologies are being rapidly deployed in crisis-response supply chains [1–3]. Artificial Intelligence 
tools are proposed as means to accelerate situational awareness, anticipate demand, and support allocation decisions across 
heterogeneous, degraded information environments [3,4]. Blockchain-based tools are presented as solutions to the trust and 
traceability problems in multi-agency response [5]. Real-time common operational pictures and remote sensing are argued to reduce 
the information delays and gaps that slow response [6]. Taken together, these information technologies are framed as enablers of 
adaptation in the face of intensifying climate shocks and geopolitical emergencies.
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Information technologies do not merely speed up existing supply chain processes, they also shift how organizations perceive 
and act on crisis situations [7]. In crisis response, this reshaping role acts on two levels simultaneously: information technologies 
alter the volume and speed of information available to decision-makers, and they change the coordination structures through 
which organizations share and act on information [8,9]. Yet this role is not neutral, and its effects are not guaranteed to improve 
performance. For example, research on the productivity paradox of Artificial Intelligence establishes that information technology 
implementations do not automatically translate into performance gains; their effects depend on complementary organizational 
conditions that are slow to develop and difficult to sustain [10]. In crisis-response supply chains, where organizational and 
coordination structures are temporary and established ad-hoc, these complementary conditions are particularly hard to implement. 
Beyond implementation, information technologies act as lenses that shape which aspects of an evolving crisis become visible 
and actionable to decision-makers [11,12]. By filtering and prioritizing certain information over others, information technologies 
determine what the lens renders visible and what it leaves out. When the resulting picture is misaligned with the actual situation, 
adaptive actions can systematically lead to outcomes worse than those achieved without the technology, a phenomenon we refer 
to as maladaptation [13,14]. Such maladaptation can take different forms, for example, automation and decision-support tools can 
introduce automation biases, that is, where decision makers overrely on algorithmic recommendations [15,16]. Furthermore, shared 
platforms may create new bottlenecks when multiple organizations converge on the same information channel [17], and accelerated 
information flows can propagate local distortions across echelons before decision-makers can verify them [18].

The crisis-response supply chain literature has not systematically investigated the conditions under which technology-enabled, 
well-intended adaptive actions reduce rather than enhance supply chain performance. Empirical studies document cases where 
well-intended adaptive actions led to unintended performance degradation. For instance, material convergence overwhelming 
logistics capacity [19], information complexity weakening the positive effects of agility and resilience on humanitarian supply 
chain performance [3], or that well-intended coordination adjustments can lead to unintended performance degradation (e.g., [20]). 
These cases of unintended performance degradation are often described as operational failures rather than theorized as structurally 
emerging maladaptation, leaving the conditions that trigger them unexamined.

The aim of this paper is to determine the conditions and information technologies under which maladaptation in crisis-response 
supply chains may emerge. Our central research question is: For which combinations of information technologies and disruption patterns 
do adaptive actions in crisis-response supply chains lead to maladaptive outcomes?

To address this question, we build on a previous simulation model of information sharing in crisis response [21]. The model 
focuses on information-driven adaptation in crisis-response supply chains: how supply chain actors perceive evolving crisis situations 
and adapt their actions accordingly. We conceptualize maladaptation as a pattern of individual adaptive actions and decisions aimed 
at enhancing performance, but with an adverse effect. To examine maladaptation, we apply exploratory modeling to systematically 
vary information technology parameters and disruption patterns across many plausible scenarios. From these scenarios, we identify 
the conditions under which maladaptive outcomes emerge.

This study is situated at the intersection of information technologies and crisis-response supply chain management, where 
supply chains act and adapt to crises. The study contributes to this intersection by examining how technology-enabled supply chain 
coordination shapes maladaptation in crisis response. First, we advance understanding of crisis-response maladaptation by explaining 
under what conditions  information technologies can turn out maladaptive. Second, we demonstrate the use of exploratory modeling 
to uncover such maladaptive dynamics over time.

The remainder of this paper is structured as follows.  Section 2 introduces maladaptation as the central concept and reviews the 
role of information technologies in crisis-response supply chains. Section 3 introduces the research approach. Section 4 describes 
the model development and the agent-based simulation model. Section 5 details the experimental design. Section 6 presents the 
approach used to analyze the results. Section 7 reports the findings, highlighting conditions under which maladaptive outcomes 
emerge. Section 8 positions the findings against the literature and reflects on methodological contributions and limitations. Section 9 
concludes the paper with implications for research and practice.

2. Background

2.1. Adaptation in crisis-response supply chains driven by information technologies

Adaptation in crisis-response supply chains is an information- and decision-driven process. In these supply chains, multiple 
organizations are linked through flows of supply needs and resources. Adaptation can be understood as the adjustment of an 
existing supply chain in response to actual or expected disruptions [22]. For crisis-response organizations, this adaptation aims 
to preserve the ability to deliver critical supplies where and when they are needed [23,24]. Adaptive actions can be performed at 
multiple, interacting levels: At the operational level, thus internally, actors reallocate resources in response to evolving needs [23]. 
At the structural level, organizations adapt their coordination structures in response to sustained overload [8]. In addition, adapting 
by implementing new policies like information technologies, adapts the information-processing environment within which these 
endogenous adaptations unfold. Together, the levels and technologies shape how adaptation dynamics evolve over time and 
ultimately determine system performance. Recent studies view adaptation in crisis-response contexts as an ongoing process [9,25]. 
This process,which unfolds in response to evolving disruptions, can be understood as an information–decision–action loop [9]. In 
this loop, actors collect, process, analyze, and share information. Information activities shape what decision makers can perceive 
and interpret. Decisions then trigger operational and coordination actions that adapt the operational situation and the subsequent 
information environment. Hence, information and coordination co-evolve during crises.
2 



Y. Lont et al. International Journal of Disaster Risk Reduction 145 (2026) 106342 
Information technologies can shift the dimensions of the information-sharing and decision-making loop through which coordina-
tion takes place [9]. Across crisis-response settings, technologies can be understood as shifting five recurring coordination-relevant 
dimensions: (i) delays in peer coordination (after how much time cross-manager reallocations can be executed), (ii) information 
staleness across hierarchical levels (how current decision makers’ situational views are), (iii) sharing frictions (how likely actors are to 
post and accept information across organizational boundaries) [26], (iv) decision-right allocation [27] and (v) observational coverage 
— the fraction of the operational situation directly visible to decision makers [28,29]. These dimensions matter because crises 
compress decision time, while information is highly uncertain and information is volatile [30]. The dimensions govern how quickly 
and accurately organizations reallocate resources to where supply needs arise; coordination failures therefore translate directly 
into delayed or unmet supply deliveries. Information flows are a prerequisite for coordination and adaptation within and across 
organizations [26,31,32]. Both the quality and timeliness of information influence whether decisions translate into effective adaptive 
actions [30,33]. At the same time, decision-making in crises is constrained by cognitive biases that are typical under uncertainty 
and time pressure [30,34]. Other constraints that influence how and by whom information activities are performed include the 
bureaucratic, hierarchical structures that characterize many humanitarian and military organizations. These constraints can slow 
or channel adaptation in particular directions [9]. While information technologies have the potential to improve crisis-response 
supply chain performance, they can also have negative effects. For example, when many actors respond to the same indicators, 
overreaction or herding can occur, especially under noisy signals [35]. These effects occur across technologies. Therefore, the 
following paragraphs describe each technology and its expected effects on the coordination dimensions defined above.

Artificial intelligence. Artificial Intelligence comprises heterogeneous tools [4]. Each tool affects different information management 
activities. For example, Artificial Intelligence functions in crisis response are associated with faster collecting, sensing, processing, 
and analyzing of heterogeneous information flows [4,7,36,37].

Artificial intelligence-drone. In disaster logistics, drones (Artificial Intelligence-enabled flying sensors) primarily serve as mobile 
sensing platforms that expand the capacity for collecting crisis information. They are deployed to rapidly capture and transmit 
field observations on damage and evolving needs. This capture improves the coverage of the operational picture [28,38,39]. 
The distinctive information-management contribution of drones is therefore faster and broader information collection. In some 
deployments, drones collect information in areas that would otherwise remain unobserved or be observed only with substantial delay 
[28,40]. Drone literature also discusses surveillance ethical concerns, privacy concerns, and information overload from excessive 
unfiltered imagery [40,41].

Artificial intelligence-intake standardization. Artificial Intelligence-intake standardization automatically converts incoming supply and 
demand updates into a structured signal. Without such standardization, each state change requires a clarification loop. Crisis 
information research demonstrates the feasibility of extracting structured, actionable information from heterogeneous streams. By 
reducing semantic ambiguity and formatting heterogeneity, standardization lowers interpretation effort [42,43] and reduces errors 
and noise. Standardization, therefore, functions as a coordination mechanism [44].

Prediction-enhanced common operational picture. A Common Operational Picture (COP) is a shared representation of the operational 
situation for participating actors [6,45–47].A COP can support collective sense-making and reduce misunderstanding and fragmenta-
tion, while still allowing interpretive differences to persist [45,46,48]. A COP is framed as mechanisms across hierarchical echelons 
and horizontal levels [6,47]. In a crisis-response logistics setting, the COP covers operational states of warehouse stock levels, 
queue backlogs at locations, transport capacity, and projected shortfalls. Prediction-enhanced decision support extends the COP with 
Artificial Intelligence-generated forecasts of those shortfalls, improving early risk detection in crisis management settings. However, 
this type of Artificial Intelligence can also lead to automation biases [15,16].

Blockchain-traceability and -compliance. Blockchain establishes a shared ledger of transaction events (e.g., dispatch, receipt, inventory 
update). In a crisis-response supply chain context, such a ledger records, for example, transfers between agencies or units and 
confirms delivery, increasing trust in the accuracy of recorded transactions [49]. Systematic reviews emphasize these potential 
benefits, transparency, traceability, and accountability, but also highlight adoption barriers and a lack of evidence in the field 
[5,49–52]. These barriers include engagement issues, a lack of technical skills and resources, privacy concerns, and governance 
challenges [49]. The governance and access-control requirements can increase organizational rigidity, slowing adaptation when 
rapid reconfiguration is required [5,49]. Importantly, blockchain strengthens validation and accountability rather than perceptual 
alignment: it does not alter how allocations are decided, but increases the verifiability of executed allocations [49]. By contrast, 
a Common Operational Picture constructs a shared representation of system state to support perceptual alignment. Empirical 
work reports that crisis-response blockchain solutions are often used indirectly via intermediaries. Furthermore, permissioned 
implementations can restrict visibility [49].

Satellite internet. Satellite internet provides resilient long-range connectivity [29]. In disaster response operations, satellite internet 
enables sustained cross-level reporting and coordination even when terrestrial communication infrastructure is damaged or 
congested [53,54].

In sum, technologies can both improve and degrade coordination and system performance. Evaluating whether a given adaptation 
improved or worsened system performance requires metrics and a method to investigate adaptation and maladaptation over time.
3 
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2.2. Maladaptation in crisis-response supply chains

Maladaptation was first described in ecology and climate change adaptation research [14,55,56]. In ecology and evolutionary 
biology, maladaptation arises when adaptive responses become misaligned with a changing environment, for example, because the 
environment shifted faster than the adaptation evolved, or because adaptive actions that were once appropriate are no longer suited 
to the actual situation [57]. In climate change research, the same logic extends to social-ecological systems: well-intended adaptive 
actions can inadvertently increase vulnerability, shift vulnerability, or lead to externalities [58]. In supply chains, maladaptation 
refers to purposeful adaptive actions aimed at improvement, yet lead to unintended adverse consequences [13]. In crisis-response 
supply chains, maladaptation is driven by time pressure to adapt to highly dynamic changing situations [13].

Information technologies can trigger maladaptation through several mechanisms. Increasingly, crises are not observed directly, 
but are mediated via technologies, ranging from satellite imagery to social media feeds [59]. As such, information technologies 
determine what aspects of an evolving crisis become visible and actionable [12]. When the resulting mental model is misaligned with 
the actual situation, adaptive actions, even if well-intended, can systematically lead to adverse outcomes. While human decisions 
in crises are subject to a range of biases [60], information technology introduces new biases, ranging from algorithmic or data 
bias [30] to automation bias, where decision makers over-rely on algorithmic recommendations [15].

In crisis-response supply chains, maladaptation can manifest by shifting vulnerabilities, costs, or delays over time or across 
organizations. Temporally, short-term recovery actions intended to fix immediate shortcomings may increase vulnerability to long-
term [35] or subsequent disruptions. Across organizations, improvements in one organization can shift delays or costs onto partners 
[13]. Both manifestations are difficult to detect because the adverse consequences only become visible over time or when a 
downstream actor’s performance degrades. Information technologies can amplify both manifestations. By filtering or prioritizing 
information, information technologies determine how actors understand the situation and, therefore, what they respond to [12]. If 
the information is incomplete or delayed, individual responses can systematically lead to maladaptive outcomes at the system level. 
This is the mechanism this paper investigates.

Evaluating whether crisis-response supply chain adaptation improves or degrades system performance requires metrics. Reviews 
of supply chain adaptation metrics indicate that most indicators fall into one of three categories: performance-, time-, or cost-based 
[61–63]. These metrics usually evaluate performance during and immediately after a single disruptive event, or they characterize 
static capabilities and capacities (e.g., redundancy, flexibility, collaboration) presumed to support future performance. Recently, 
Sardesai and Klingebiel [64] proposed a process capability index to rapidly detect whether supply chain adaptations keep the system 
within an acceptable performance range. Detecting maladaptation similarly requires a process view: adverse outcomes accumulate 
over time and across disruptions. 

2.3. Agent-based modeling studies in information technology-driven adaptation in crisis-response supply chains

Agent-based models are suited to studying adaptation and maladaptation in crisis-response supply chains because they capture 
how local coordination and allocation decisions interact over time, leading to emergent system-level outcomes [65]. The combination 
of agent-based and discrete-event techniques enables modeling both coordination behavior and physical supply flows within the 
same framework [66]. The modeling literature established two findings. First, information quality and timeliness are critical 
determinants of response effectiveness. Models of post-disaster information diffusion establish that information quality shapes 
whether coordination improves or degrades performance [26].  Willingness to share information interacts with meeting structures 
so that regular meetings can partly substitute for individual sharing willingness [67]. Delayed or incorrect information during 
evolving events can undermine planning even when physical resources are available [68]. Second, coordination structure shapes 
response speed and allocation. Common operational pictures that mediate coordination between autonomous agents can reduce 
response times compared to purely decentralized coordination [69]. Allowing multiple information-sharing channels outside a 
central coordination system reduces inter-organizational response times [70]. Agent-based simulation has been used to optimize 
resource allocation across concurrent incident sites under capacity constraints [71]. 

The studies described above establish that information flows and coordination structures matter, but existing models share 
important limitations. Most of these studies evaluate a single information technology as a binary intervention and expose the system 
to a single disruption event [68–71]. None examines whether faster or more complete information sharing can lead to adverse 
system-level effects. Outside the supply chain domain, an agent-based study demonstrated that individual crisis-response adaptive 
actions can lead to maladaptive outcomes at the population level [72]. This study confirms the value of agent-based approaches for 
studying maladaptation, but does not address supply chain coordination or information technologies.

2.4. Summary and gap

Information technologies shift coordination in crisis-response supply chains by shifting delays, staleness, sharing frictions, 
decision-right allocation, and coverage. These shifts improve or degrade supply chain performance. When adaptive responses become 
misaligned with an evolving crisis, this degradation constitutes maladaptation.  Existing agent-based models confirm that information 
quality and timeliness shape coordination effectiveness, but no model compares multiple information technologies or identifies the 
conditions under which technology-enabled adaptation becomes maladaptive (Section 2.3). 

Three knowledge gaps limit our understanding of when crisis response becomes maladaptive. First, it is unknown whether 
different information technologies lead to distinct maladaptation vulnerabilities. Current studies evaluate technologies in isolation 
4 
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Fig. 1. Research approach.

and therefore cannot compare their failure modes. Second, it is unclear whether technology-enabled adaptations to an initial 
disruption increase or decrease vulnerability to subsequent ones. Current models allocate resources within a single event or across 
concurrent sites [71], but do not examine whether these adaptations become liabilities when the next disruption arrives. Third, the 
specific disruption conditions under which adverse technology effects emerge have not been identified. Without such identification, 
maladaptation remains a theoretical concern rather than guidance for technology implementation. This study addresses all three gaps 
by comparing multiple technology configurations across evolving crises and identify the conditions under which each technology 
becomes maladaptive.

3. Research approach

We conducted the research in three steps (see Fig.  1): Model development, computational experiments, and analysis.

3.1. Model development

We developed the model in two complementary ways. We grounded its agent architecture in theory on complex adaptive 
systems and existing agent-based models. We grounded the model behavior and the operationalization of information technologies 
empirically through reflection sessions and the literature.

3.1.1. Grounded in theory
We developed a model building on the theoretical foundations of complex adaptive systems and existing agent-based models 

established in Section 2. We conceptualized crisis-response supply chains as complex adaptive systems [73–76]. In such systems, 
system-level outcomes emerge from the interaction of multiple locally adaptive decisions under delays and feedback. Capturing 
these interactions requires a model that represents individual decision rules and their propagation over time [65]. Therefore, we 
employed an agent-based model [77].

We followed a pattern-oriented modeling approach [77,78]: A pattern-oriented model derives its validity not from calibration 
against a single case, but from its ability to generate the types of dynamics that are recognized as structurally realistic [77]. The 
model should accordingly be read as a representation of information-sharing and adaptation dynamics, not as an empirical prediction 
of crisis-response performance.

The present agent-based discrete-event model builds on a previously published crisis-response model [21]. This model introduced 
the core entities (responsibility areas, supply needs, managers/logistics officers, workers), the team-meeting coordination mecha-
nism, and the rules for upward and downward authority transfer. We extend the model in two ways: (i) we  represent information 
technologies as portfolios of parameters; (ii) we move from a single organization to three organizations arranged in a sequential 
or convergent configuration. The second extension is the supply chain configuration. In crisis-response supply chains, supply needs 
typically traverse multiple organizational boundaries (e.g., from warehousing to last-mile distribution, from the processing of supply 
information to a regional organization, and identifying that it has to be solved by the national organization). Each organization 
processes supply needs before passing them to the next, introducing inter-organizational dependencies. Through these dependencies 
delays in one organization propagate downstream.
5 
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3.1.2. Empirical grounding
We held reflection sessions with a national defense organization involved in crisis-response training and operational preparedness. 

These sessions informed the model’s disruption patterns. The behavioral mechanisms for information use and sharing, and the 
escalation and de-escalation rules, were subsequently assessed for plausibility by practitioners from the same organization.  The 
parameter shifts used to operationalize the information technologies were informed by the literature of technology effects on 
information management activities. The operationalization is described in Section 4.5.

3.2. Computational experiments

We conducted computational experiments by varying the disruption patterns and technologies. Crisis-response supply chains 
face uncertain disruption patterns and technology effects, and the relationships and their interdependencies in the model cannot be 
predicted with confidence. We therefore adopted an exploratory modeling approach [79,80]. Exploratory modeling treats the model 
as a computational experiment across a large number of systematically varied conditions. The exploratory modeling and analysis 
(EMA) workbench provides software for running and analyzing the experiments [81].

3.3. Analysis

The outcomes of  the experiments were then analyzed using time-series analysis and scenario discovery [80,82]. Scenario 
discovery is a way to sift through many simulation runs and describe, in plain thresholds, the kinds of situations in which a specific 
outcome occurs more often (e.g., ‘failure tends to occur when X is high and Y is low’) [82,83]. In this paper, we use scenario 
discovery to pinpoint the operating conditions under which a technology improves performance and those under which it may 
lead to maladaptation. The Patient Rule Induction Method (PRIM) focuses on finding a small set of conditions, defined by a few 
straightforward cut-offs, where the class of outcomes that we are interested in is concentrated [83,84]. Therefore, PRIM is useful to 
isolate ‘worst-case’ sets of conditions.

4. Model development

4.1. Model overview

The model’s purpose is to understand and analyze the role of information technology in maladaptation. To conduct this analysis, 
we connect the virtual layer (information collection, analysis, decisions) with the physical reality of crisis-response supply chains. 
The model abstracts from physical transportation, inventory positioning, and routing decisions. Instead, the model represents a 
pooled operational capacity problem: supply needs queue at responsibility areas, and workers are reallocated across responsibility 
areas to process them. This representation enables isolation of the information–decision–adaptation mechanisms.

Our model combines agent-based and discrete event processes. The agent-based processes represent how managers coordinate 
and allocate resources using fixed decision rules. Furthermore, these processes enable endogenous adaptation of the decision-making 
structure. The discrete event processes govern the flow of supply needs across responsibility areas and efficiently handle timing and 
delays.

The model includes decision-making Managers, and operational Workers, supported by four main entities: Supply needs, 
Responsibility areas (each with a queue), Team meetings, and Organizations (see Fig.  2). Each organization contains a set of 
responsibility areas and a hierarchy of managers (up to five echelons), and schedules team meetings for same-echelon coordination. 
Supply needs flow in the model in these responsibility areas. We model exogenous disruptions as either abrupt peaks or structural 
shifts in supply needs. Demand peaks in the model reflect two compounding effects: a volume surge in supply needs and simultaneous 
activation of previously idle responsibility areas. These compounding effects capture the characteristic pattern of disaster-driven 
demand, where crises expand the breadth of operational domains under pressure. Supply needs are generated exogenously in batches 
and routed to responsibility areas. The responsibility areas queue the supply needs until a worker is pushed to process a supply need. 
Each responsibility area represents, for example, a geographic zone or a functional domain assigned to a processing unit within the 
organization. Workers process supply needs at their assigned responsibility areas; they do not choose which responsibility area to 
serve. Supply needs that exceed an acceptable queue time are marked as unmet and removed from the queue.

Managers’ decision authority is defined by their span of control: the number of responsibility areas a manager oversees doubles 
at each higher echelon. At any time, each responsibility area is under the authority of exactly one active manager (with inactive 
managers serving as potential decision makers if authority is transferred upward or downward).

4.2. Model input

Disruptions and crises differ in onset speed and duration [86,87]. Some disruptions lead to temporary demand peaks with a 
short duration that strain existing capacity, while others trigger structural shifts. For example, structural shifts alter the location, 
or priority of supply needs in ways not immediately legible to decision makers [19]. These differences imply distinct adaptation 
challenges, for example, structural shifts require recognizing that existing orientations may no longer fit the evolving pattern of 
supply needs. Therefore, we model it using batches of supply needs. At each time step, the model generates a new batch of supply 
needs. This batch enters a subset of the responsibility areas of the first organization. The batch size follows an exogenous disruption 
pattern (e.g., stable, peak, regime shift), see Fig.  3. Within each time step, the batch size varies stochastically. Supply needs enter 
the responsibility area queues. When a disruption occurs, the newly created supply needs are more urgent than those created earlier.
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Fig. 2. A schematic overview of the Organizations in the crisis-response model, the Workers and Managers within the Organization and the 
Supply Needs flowing through the Organizations.
Source: Adapted from [85]

Fig. 3. Input Supply need patterns at Organization 1. At each time step, an exogenous batch of Supply Needs (a vertical column of blue dots) 
is assigned to the queues of the responsibility areas. Subsequent Organizations receive the SupplyNeeds only after they are processed at the 
preceding one, so their Responsibility Areas are not shown. This figure is conceptual: the model is non-spatial and queues are not visualized. 
Blue dots (Supply Needs) persist across time solely to reveal temporal patterns.
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Fig. 4. DES and ABM key processes within 1 organization. The gray areas mark the processes discussed in the subsection ‘Model behavior’. 
The DES area (top) shows how supply needs queue at responsibility areas and are processed or timed out. The ABM area (bottom) shows the 
manager’s decision processes. Arrows between the two areas indicate where decisions are made on the responsibility area states (performance 
check), and allocations are made. The white blocks show the model input and output processes. In the multi-organization configurations, supply 
need generation occurs only at the first organization, and the statistics are recorded for the final organization. For intermediate organizations, 
the white input and output blocks represent the supply needs received from and passed to the adjacent organization.

4.3. Model behavior

The model evolves through repeated processes of supply need generating and inflow (see Fig.  4), local reallocation, information 
sharing, and supply need processing. Each process is governed by one or more parameters that technologies can shift (Table  2). 
The behavioral rules themselves remain constant across technologies; only the parameter values change. Besides the supply need 
generating and inflow, the most important processes are:
Within-span reallocation. Each active manager periodically evaluates the states of responsibility areas and workers within their 
span of control and reallocates available workers to responsibility areas with queued supply needs. This reallocation decision is 
executed immediately. However, the input for the reallocation is the manager’s information, which can be vertically delayed (that 
is, higher-echelon managers can act on outdated state information). Higher-echelon managers act on state information that is echelon 
× vertical delay steps old. Technologies that reduce vertical delay (e.g., prediction-enhanced COP, blockchain-traceability) make this 
evaluation more current. Technologies that increase span (e.g., drones, satellite internet) expand the set of responsibility areas a 
manager can observe directly.
Performance check. Each manager monitors performance by calculating a shortfall rate 𝑆𝑅𝑡 over a memory window. At each time 
step, the manager counts the supply needs that were removed from the queue unprocessed within their span of control and averages 
these missed counts over the memory window. Higher-echelon managers compute 𝑆𝑅𝑡 from state information that is echelon ×
vertical delay steps old, introducing staleness into the trigger.
Post info about requests or offer resources. Each manager compares its shortfall rate against the echelon-specific thresholds (𝑇𝑚𝑖𝑛
and 𝑇𝑚𝑎𝑥). Above 𝑇𝑚𝑎𝑥, the manager posts a request for workers; below 𝑇𝑚𝑖𝑛, posts an offer of surplus workers to the queue of the 
next team meeting, and in between, nothing happens. Posting is subject to each manager’s barrier to sharing information (modeled 
probabilistically).

Inter-manager reallocation via team meetings. The requests and offers are pooled and matched at the next team meeting at that 
echelon, producing reallocations across spans of control. The interval between team meetings introduces a horizontal delay 
between recognizing a supply need (a request) and executing cross-manager reallocations. Technologies that reduce horizontal 
delay (e.g., Artificial Intelligence-intake) shorten the coordination cycle. Technologies that lower barriers (e.g., Blockchain-based 
traceability) increase the likelihood that managers share information across organizational boundaries.
Upward escalation and downward de-escalation. A sustained overload measured by a shortfall rate above an upper threshold (for 
a specified inertia period) triggers escalation: decision authority is transferred to the superior. This superior has an expanded 
span of control and coordination. Therefore, coordination occurs at a changed echelon. A shortfall rate below a lower threshold 
for a specified inertia period (i.e., sustained underload) triggers de-escalation, with authority returning to subordinates. Thus, 
escalation and de-escalation lead to endogenous changes in hierarchy over time. Technologies that shorten the memory length 
(e.g., prediction-enhanced COP) cause the escalation trigger to respond more quickly to recent disruptions.
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Supply needs processing and time-out. Workers process the first supply need in the queue of their assigned responsibility area. Supply 
needs exceeding the maximum acceptable waiting time are marked as unmet, contributing to the shortfall rate that managers use 
to calculate their performance. This process is not directly affected by any technology parameter.

4.4. Model output

The key processes yield two time-series metrics: reliability 𝑅(𝑡) and hierarchical structure cost 𝐻𝑚(𝑡). These metrics capture 
how the system adapts to a changing environment along two dimensions: reliability and cost of the hierarchy. Both metrics are 
recorded per time step, enabling comparison between the first and second disruption response. Maladaptation can be inferred from 
these time-series metrics and is therefore explained in the analysis phase (see Section 6). The metrics are calculated as follows: 
Note that we use the metric and term reliability here in the operational sense of a fill rate rather than in the engineering sense of 
a time-dependent probability of component non-failure [88].

(a) Reliability (𝑅) — the fraction of performed over created supply needs (Eq. (1)): 

𝑅(𝑡) =
processed supply needs at time 𝑡

processed and unmet supply needs at time 𝑡 × 100% (1)

(b) Hierarchy metric (𝐻𝑚) — a cost-based metric that increases with the number and echelon of active managers (and thus 
makes escalation visible) (Eq. (2)): 

Hm(𝑡) =
∑

𝑜∈

∑

𝑚∈𝑜(𝑡)

(

𝟏{𝑚 active at 𝑡} 𝐶Active
echelon(𝑚) + 𝟏{𝑚 inactive at 𝑡} 𝐶 Inactive

echelon(𝑚)

)

(2)

where  is the set of Organizations, 𝑜(𝑡) the set of Managers in Organization 𝑜 at time 𝑡, and echelon(𝑚) ∈ {0, 1, 2,…} the echelon 
of Manager 𝑚. The costs of an active Manager at echelon 𝑚+1 are exponentially higher than those at echelon 𝑚, and active Managers 
have higher costs than inactive ones within the same echelon. The hierarchy metric is reported in euros.

4.5. Operationalization of the information technologies

The model entails five parameters that are used in the operationalization of the technologies: (i) horizontal delay (time between 
cross-manager reallocation opportunities). Horizontal delay is implemented through the team-meeting interval: managers may 
submit requests and offers at each step, but matching and reallocation occur only at the next meeting (i.e., meeting interval-
1). Horizontal delay is expressed in whole time steps; (ii) vertical delay (information staleness across echelons). Vertical delay 
is implemented by basing selected managerial assessments on delayed state information, with effective staleness increasing by 
echelon. The vertical delay also takes integer values: the effective staleness is used as the memory length across echelons, which 
must be an integer; (iii) barrier to share information (friction in posting and accepting requests and offers). This barrier reflects 
the extent to which information is shared and influenced by (i) heterogeneity (e.g., formats and semantics), (ii) overload, and 
(iii) trust concerns across intra- and inter-organizational boundaries. The barrier is implemented as a probabilistic gate (on [0,1]) 
that determines whether managers post requests or offers outside their span of control; (iv) coverage (span_level1), represents 
the effective operational reach of a manager, defined as the proportion of responsibility areas for which state information can be 
obtained. For span, only powers of two are feasible, since each echelon-𝑘 manager oversees 𝑠𝑝𝑎𝑛_𝑙𝑒𝑣𝑒𝑙1 × 2𝑘−1 responsibility areas. 
Technologies may expand coverage either by generating new field observations (e.g., drones) or by restoring direct connectivity 
under infrastructure disruption (e.g., satellite internet) and (v) length of memory (the rolling window of recent state observations 
used in assessment), expressed in whole time steps. These parameters map onto distinct activities. Collecting and processing 
information draws on coverage: the span over responsibility areas from which a manager gathers state information. Performance 
checks rely on vertically delayed state information and a rolling memory. Peer-level exchange (sharing information) is governed by 
the barrier to sharing information. Peer-supported reallocations occur during periodic team meetings, so the lag between recognizing 
a supply need and executing a cross-manager reallocation is governed by horizontal delay.

For each information technology, we identified its primary effect on information management activities from the literature and 
translated this effect into a directional shift in one or more model parameters relative to a baseline configuration (see Table  1). 
This baseline represents a crisis response operating without any of the described information technologies. The baseline is therefore 
not frictionless, but a configuration in which delays and the information-sharing barrier are present at their unimproved levels. 
The baseline does have technology parameter values, which are motivated below. All other parameters remain fixed, isolating the 
technology’s effect. To translate a technology into a parameter portfolio, we follow three steps. We identify, based on the literature, 
the technology’s effects on the information or decision-making activities affected. Next, we assess whether each effect or activity has 
a direct counterpart in the model. Finally, when no one-to-one match exists, we translate the technology’s effects into the closest 
model activities and behavioral rules, selecting the corresponding parameter shifts. The Table  1 details the translation.

The magnitude of each parameter shift of a technology is determined by the difference between technologies rather than by 
an absolute calibration. The shifts are thus specified relative to one another, measured from a baseline configuration. The baseline 
parameter values of the horizontal and vertical delay are set to  2, because these parameters are integer-valued and a baseline of 2 
is the smallest value that distinguishes a single step reduction (to 1) from full elimination (to 0). The baseline barrier to sharing 
information is centered at 0.5, the midpoint of its [0,1] range. A shift of equal magnitude in either direction (to 0.25 or 0.75) 
remains symmetric and avoids the extremes of complete openness or obstruction. The baseline values for the memory length and 
span parameters follow Epstein [89]. 
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Table 1
Technology implementations mapped to parameter portfolios.
 Technology 
implementation

Affected IM 
step(s)

Technology type What it improves Model mechanism it 
impacts

Parameter direction Refs  

 AI-enabled flying 
sensors (drones)

Collect UAV sensing and 
imagery

Faster and broader field 
observation; reduces 
unobserved areas

Coverage of 
responsibility areas with 
direct state visibility

Span ↑ [28,38]  

 Artificial 
Intelligence-
intake 
standardization

Collect and 
Process

From unstructured 
to structured 
request fields

Reduces manual 
interpretation

State evaluation Horizontal delay ↓
Vertical delay ↓

[42,43]  

 Prediction-
enhanced COP

Analyze and 
Share

Real-time dashboard 
with predictive 
highlighting

Highlights areas 
approaching thresholds 
before formal crossing

Escalation and 
de-escalation trigger 
based on rolling memory 
and thresholds

Vertical delay ↓; 
Length of memory ↓

[3,90]  

 Blockchain-
traceability 
(broad 
permissioned 
trusted ledger)

Store/Verify/ 
Share

Permissioned shared 
ledger for 
transaction 
traceability

More traceability; 
increased trust in 
posted requests/offers

Cross-manager 
information posting

Barrier ↓; 
Vertical delay ↓

[5,50]  

 Blockchain-
compliance 
(segmented 
access)

Store/Verify/ 
Share

Permissioned ledger 
used indirectly via 
intermediaries; 
added procedural 
verification

Reduced practical 
visibility across levels; 
capability constraints; 
extra steps before 
information usable

Cross-manager 
information posting; 
Horizontal coordination 
cadence

Barrier ↑; 
Vertical delay ↑; 
Horizontal delay ↑

[5,49,50]  

 Satellite internet Share Resilient long-range 
connectivity

Improves reliability of 
cross-level transmission; 
extends reachable areas

Direct operational reach; 
Delayed situational 
assessment

Vertical delay ↓; 
Span ↑

[29,91]  

Table 2
Information technologies operationalized as information-sharing and decision-making parameters.
 Information technologies Horizontal delay Vertical delay Barrier to share info Span_level1 Memory length 
 Baseline 2 2 0.50 2 10  
 Artificial Intelligence - drones 2 2 0.50 4 10  
 Artificial Intelligence - intake 1 1 0.50 2 10  
 Prediction-enhanced COP 2 0 0.50 2 5  
 Blockchain – traceability 2 1 0.25 2 10  
 Blockchain – compliance 3 3 0.75 2 10  
 Satellite internet 2 1 0.50 4 10  

From the baseline, each technology shifts one or more parameters. The size of each shift follows from the nature of the parameter: 
the discrete parameters shift in integer or power-of-two steps, while the continuous barrier to share information shifts in symmetric 
increments. For the delay parameters, a shift of 1 reduces the delay; a shift to 0 removes it entirely. The span parameter admits 
only powers of two, so the smallest upward shift from the baseline of 2 is to 4. The barrier to sharing information shifts by 0.25, 
dividing its [0,1] range symmetrically around the baseline of 0.5. We assume this shift is large enough to alter sharing behavior yet 
short of complete openness or obstruction. The resulting parameter values per technology are shown in Table  2. The design choices 
and parameter details are described per technology in Appendix  A.

4.6. Model details

A complete specification of the model is provided in the Supplementary Material, using the ODD (Overview, Design concepts, 
Details) protocol [92]. The ODD includes all parameter definitions and decision rules of the behavioral mechanisms and the discrete-
event logic. At t=0, the model is initialized with 8 workers and 32 responsibility areas. We start with 8 or 16 managers at the lowest 
echelon, depending on the current technology that defines the coverage per manager at echelon-1. Workers are initially allocated 
to responsibility areas in the subset with the lower responsibility area numbers; the initial supply-need pattern directs supply to 
the same specified subset of responsibility areas, with stochasticity controlled by a creation probability of 0.70. Each organization 
employs eight workers who each process one supply need per time step, yielding a system-wide capacity of 24 needs per step. With 
a baseline creation probability of 0.7 and a batch size of 12, the expected demand for capacity per step is 25.2, which structurally 
exceeds the available capacity of 24 under stable conditions. The model is implemented in Python using the pydsol-model and 
pydsol-core packages [93].
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Table 3
Experimental parameters: uncertainties and technologies.
 Uncertainty Description Values  
 supply_need_pattern Disruption pattern governing how supply needs evolve over time. [Peaks, Regime shift]  
 peak_duration Length (time steps) of a peak episode during which supply need 

arrivals exceed the baseline.
[10, 50]  

 shift_duration Length (time steps) of the transition from one stable supply need 
distribution to another; controls how gradual the regime shift is.

[0, 30]  

 hold_duration Length of the stable inter-disruption period between the end of the 
first disruption episode and the onset of the second. Under the 
peaks pattern, this length is a return to the baseline supply needs; 
under the regime shift pattern, this is a period of a stable supply 
needs pattern within the newly established set of responsibility 
areas.

[10, 50]  

 Technologies — Policy lever
 technology Information technology applied to the organization (see Table  1 for 

parameter portfolios).
[Baseline, 
Artificial Intelligence-drone, 
Artificial Intelligence-intake, 
Blockchain-compliance, 
Blockchain-traceability, 
Prediction-enhanced COP, 
Satellite internet]

 

4.7. Model verification and validation

We evaluated the model in two ways: verification of individual components against theoretical expectations with peer review 
from academic colleagues and face validation with practitioners. For verification, we tested model components incrementally, 
starting with a single-organization setup. We compared the model’s logic and outputs with the frameworks of Epstein [89] and Lont 
et al. [21]. The model led to expected outcomes: reliability declined after disruptions, and the hierarchy expanded when performance 
fell short. A full replication of Epstein [89] was not possible because the original paper does not fully specify its initialization and 
because our hierarchical escalation works differently. However, the core mechanisms, reallocation behavior, de-escalation, and 
escalation, matched between the two implementations. For face validation, employees from our collaborating organization assessed 
whether the model’s stylized organizational structure and behavioral mechanisms matched their practice. They confirmed that the 
model captures the main mechanisms of how information-sharing for decision-making is structured.

The purpose of the model is to explore under what conditions of different disruption patterns and information technologies, mal-
adaptation in crisis-response supply chains may emerge. The model is fit for this purpose: its core elements, technologies, disruption 
patterns, and managers, workers, team meetings represent the adaptive actions and decisions through which maladaptation may 
occur. The model does not reproduce all empirical aspects of real crisis-response supply chains, but it leads to the two outcomes we 
investigate: reliability and hierarchical expansion [77].

5. Computational experiments

5.1. Experimental design

We use the exploratory modeling and analysis workbench [81] to run the model across a range of disruptive patterns and 
across the information technologies. The scenarios vary the values of the experimental parameters, see Table  3. We performed 40 
replications per scenario, each with a different seed. Each replication spans 220 time steps. We used Latin Hypercube Sampling 
to ensure even coverage of parameter values across the parameter range with a limited number of scenarios. The total number of 
scenarios was 7007 (500 regime shift patterns, 500 peak patterns, and 1 stable pattern). We have two supply chain configurations, 
a sequential structure of the organizations and a convergent one. The experiments described above are carried out for both 
configurations.

The ranges of the disruption parameters reflect the variety of temporal profiles observed in real-world crises. Peak duration spans 
short-lived surges (10 steps), comparable to a sudden infrastructure failure or flash flood, to prolonged demand peaks (50 steps) 
characteristic of a protracted conflict. Shift duration ranges from an instantaneous regime change (0 steps), such as an earthquake 
that immediately alters the operational landscape, to a gradual transition (30 steps) in which access restrictions and coordination 
structures evolve over weeks. The broad ranges are chosen deliberately: we let the scenario discovery analysis (see Section 6.2) 
identify the critical thresholds from the simulation output. Hold duration governs the interval between two successive disruptions. 
Short intervals (10 steps) represent cascading crises in which the supply chain has barely stabilized before the next disruption arrives. 
Longer intervals (up to 50 steps) allow the organizations to complete their adaptive response.

We also kept certain parameters fixed in the model. Fixed parameters follow the values established by Epstein [89] unless stated 
otherwise (see the complete overview in the Appendix). Fixed parameters include the number of organizations (3), the number of 
workers (8), the maximum number of echelons (5), and the number of responsibility areas per organization (32). The input side 
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generates batches of 12 possible supply needs per time step with a creation probability of 0.7; during peaks, a surge of up to 70% 
additional needs is generated, split equally between medium- and high-priority needs. Manager thresholds for escalation ( 𝑇max) and 
de-escalation (𝑇min) follow Epstein’s echelon-dependent schedule [0.7, 1.4, 2, 4, 10] [89]. Each echelon’s 𝑇min equals the 𝑇max of the 
echelon above it. In the responsibility area, each area requires one time step per supply need and removes unprocessed needs after 
a delay of 1.05 steps. The small offset above 1.0 prevents race conditions in the discrete-event scheduler.

6. Analysis

6.1. Time-series analysis

Before applying scenario discovery, we visually inspect the reliability and hierarchy cost time series for two selected scenarios, 
one for the peak pattern and one for the regime shift pattern. The visualization is meant for illustrative purposes and is presented 
in Section 7.

6.2. Scenario discovery with PRIM

To apply scenario discovery, the model’s outputs must be translated into a binary classification of maladaptive or non-
maladaptive. The model already contains internal endogenous forms of adaptation (reallocation and structural change), and the 
technology levers represent an exogenous one. As maladaptation is inferred from adaptation, we evaluate for maladaptation both 
externally and internally. Following the recommendation of Steinmann et al. [63] to use multiple conceptually distinct resilience 
metrics, we define an indicator for internal and external evaluation. Each indicator serves as a binary target for a separate PRIM 
analysis [84], applied per technology to identify the smallest set of duration combinations (peak duration/shift duration, and hold 
duration) that contains a disproportionately high share of maladaptive experiments. For each experiment, the reliability time series 
is smoothed with a moving average (window of 5 time steps) to reduce per-step stochastic noise; metrics are averaged across the 
40 replications per scenario.

Resilience loss. The resilience loss indicator captures external maladaptation: it compares a technology’s cumulative performance 
loss against the Baseline under the same scenario conditions (Eq: (3)). This indicator measures the cumulative shortfall from perfect 
reliability over the evaluation window [61]. The resilience loss integral captures both the depth and  duration of performance decline, 
which means that slower recovery directly increases the metric even when the eventual reliability level is the same. An experiment 
is classified as maladaptive when the technology’s resilience loss exceeds the Baseline’s at identical disruption parameters. The 
Baseline thus serves as the reference for comparing each technology against operating without any of these technologies. 

𝑅loss =
100

𝑡end − 𝑡1

𝑡end
∑

𝑡=𝑡1

max(0, 1 − 𝑅(𝑡)) (3)

where 𝑅(𝑡) ∈ [0, 1] is the reliability at time step 𝑡, 𝑡1 is the onset of the first disruption, and 𝑡end = 𝑡endearly2
+ 𝜏 is the end of the 

evaluation window, defined as 𝜏 = 𝑚𝑎𝑥ℎ𝑜𝑙𝑑𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 time steps after the end of the second disruption’s unstable phase (𝑡endearly2
). 

Hence, the evaluation window is different for peak and regime shifts. An experiment is classified as maladaptive when 𝛥𝑙𝑜𝑠𝑠 > 0: 
The resilience loss exceeds Baseline’s resilience loss. A larger difference in losses indicates greater loss of functionality during and 
after the disruption.

Cross-disruption. The cross-disruption indicator captures internal maladaptation: it compares mean reliability during the first and 
second disruption episodes. A positive 𝛥𝑅 indicates that the system performed worse on the second disruption despite having 
experienced the first, capturing situations in which adaptive actions triggered by the first disruption (e.g., an expanded hierarchy or 
reallocated workers) leave the system more vulnerable when the next disruption arrives. The indicator extends single-disruption 
resilience metrics to a cross-disruption comparison, which Steinmann et al. [63]  identify as absent from the multi-disruption 
resilience literature. Both episodes are evaluated over a window hold_duration time steps following the unstable phase of each 
disruption (𝑑𝑘 = peak_duration for the peaks pattern; 𝑑𝑘 = shift_duration for the regime-shift pattern), ensuring that the two windows 
are directly comparable (Eq. (4)). An experiment is classified as maladaptive when 𝛥𝑅 falls in the top 20% of its pattern-technology 
group. The quantile threshold was chosen following Bryant and Lempert [83], who applied the same value to define cases of interest 
in a policy analysis context. This threshold aims to balance a stringent worst-case criterion with sufficient cases for stable box-finding. 

𝛥𝑅 = 𝑅̄1 − 𝑅̄2, 𝑅̄𝑘 = 1
hold_duration

𝑡𝑘+𝑑𝑘+hold_duration−1
∑

𝑅(𝑡) (4)

𝑡= 𝑡𝑘+𝑑𝑘
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Fig. 5. Reliability time series per technology for representative scenarios, sequential configuration: regime shift pattern (left figure), with peaks 
pattern (right figure).

7. Findings

7.1. Sequential configuration

7.1.1. Time-series analysis — technology effects over time for the sequential configuration
We first illustrate how the model output evolves over time under a scenario of the disruption pattern with peaks and a scenario 

with the disruption patterns with the regime shift. Figs.  5 and 6 show, respectively, the reliability and cost of the hierarchy for 
each technology over time. These time-series plots serve two purposes. First, they make visible the adaptive dynamics that the 
indicators used in scenario discovery summarize: the initial reliability decline after the first disruption, the recovery trajectory, the 
second decline, and the degree to which recovery is slower or incomplete. Second, they illustrate the structural cost dimension: 
the hierarchy expands as managers escalate decision authority, and the speed and extent of subsequent contraction differ across 
technologies. The information technologies do not alter system capacity; they modify the speed of supply need detection and intra-
organizational allocation. The performance differences between technologies, therefore, reflect differences in how effectively the 
fixed worker capacity is utilized. One of these technology configurations is the baseline, which represents operation without any of 
the described information technologies and serves as the reference against which each technology is compared.

In the regime shift pattern (left figure), a single prolonged trough appears. The trough follows from the nature of regime shifts, 
see Fig.  3: a regime shift changes which responsibility areas receive supply needs. The first shift, starting t=36, gradually redirects 
the supply needs to different responsibility areas over 15 time steps. By the time the system begins to adapt to the new situation, the 
second shift back begins. The system is therefore continuously in transition, with no stable intermediate period in which recovery 
can occur. This transition explains the extended period of low performance. A further observation is that, during a regime shift, 
all technologies experience an initial reliability decline at virtually the same rate. The decline is driven by the structural mismatch 
between where workers are allocated and where supply needs arrive. This mismatch is purely positional: no technology can prevent 
workers from being stationed at responsibility areas that no longer receive supply needs when supply needs shift. Differences between 
technologies thus become mainly visible during recovery.

In the peaks pattern (right figure), two distinct reliability declines are visible. After the first decline, technologies recover 
at different speeds. For example, Artificial Intelligence-drone and Satellite internet seem to recover fastest, whereas Artificial 
Intelligence-intake recovers the slowest. After the second decline, the Artificial Intelligence-drone is again the fastest in recovery. 
However, for several technologies, the recovery is slower or less complete than after the first disruption. This difference between first 
and second recoveries is a candidate signal of maladaptation: the adaptive actions triggered by the first disruption (e.g., hierarchy 
expansion) may not have been fully performed before the second disruption arrives. These ‘unfinished’ adaptive actions leave the 
system more vulnerable. During peak durations, the expected demanded capacity rises to approximately 43 supply needs per step, 
exceeding the available worker capacity by a factor of 1.7. This difference between demanded and available capacity creates an 
upper bound on reliability of approximately 56%, independent of the technology. Appendix Fig.  7 provides the reliability range 
across all scenarios per technology for both disruption patterns.

In both the regime shift pattern and the peaks pattern, the two information technologies with the highest coverage, Artificial 
Intelligence-drone and Satellite internet, have a lower hierarchy cost over the whole period. In the regime shift pattern (left 
figure), the technologies exhibit different profiles. Prediction-enhanced COP leads to the highest hierarchy cost, whereas Artificial 
Intelligence-drone seems not to respond by escalating at all. In the peaks pattern (right figure), two hierarchy cost increases are 
visible. Here, Prediction-enhanced COP leads again to the highest hierarchy cost.

The illustrative time series shows that information technologies differ in how quickly reliability recovers and how quickly 
hierarchy costs increase. Furthermore, the figures indicate that information technologies may differ depending on whether the first 
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Fig. 6. An example of active hierarchy cost over time per technology for the same scenario, sequential configuration. Higher values indicate 
that more management echelons are active: regime shift pattern (left figure), with peaks pattern (right figure).

Table 4
PRIM analysis for the sequential configuration: input conditions under which a technology accumu-
lates greater resilience loss than the Baseline (7007 experiments, each 40 replications). 𝑛mal: number 
of target experiments; — : no maladaptive cases; no discriminating conditions: criterion triggered but 
PRIM found no restricting parameter region.

Regime-shift pattern
 Technology 𝑛mal Shift duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 26 no discriminating conditions
 Artificial intelligence – intake 30 no discriminating conditions
 Blockchain-compliance 66 [18, 30] [46, 50]  
 Blockchain-traceability 47 [1, 12] [10, 18]  
 Prediction-enhanced COP 0 – –  
 Satellite internet 0 – –  

Peak pattern
 Technology 𝑛mal Peak duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 0 – –  
 Artificial intelligence – intake 81 no discriminating conditions
 Blockchain-compliance 0 – –  
 Blockchain-traceability 121 [10, 22] [18, 50]  
 Prediction-enhanced COP 0 – –  
 Satellite internet 0 – –  

recovery is complete before the next disruption arrives. When recovery from the first disruption is still ongoing, the system enters the 
second disruption with a partially expanded hierarchy or misallocated workers, which may impact second-disruption performance.

7.1.2. The PRIM analyses for the sequential configuration
Resilience loss compared to the baseline. Table  4 summarizes the duration conditions under which each technology accumulates 
greater resilience loss than the baseline. Two technologies, Prediction-enhanced COP and Satellite internet, show no maladaptive 
cases under either pattern, indicating that neither technology leads to worse outcomes than the baseline across any tested duration 
condition. The remaining technologies exhibit distinct maladaptation profiles. Under the regime shift pattern, Artificial Intelligence-
drone and Artificial Intelligence-intake each lead to maladaptive cases, but PRIM finds no discriminating conditions for either. The 
absence of discriminating conditions means that maladaptive outcomes are distributed uniformly across the full range of shift and 
hold durations: these technologies underperform the baseline under regime shifts, regardless of how gradual the shift is or how long 
the inter-disruption interval hold_duration lasts. Blockchain shows conditional maladaptation, concentrated within specific shift and 
hold duration windows. Under the peak pattern, the picture is different. Artificial Intelligence-intake leads to 81 maladaptive cases 
with no discriminating conditions, confirming broad maladaptation independent of peak and hold duration. Blockchain-traceability 
is conditionally maladaptive, with underperformance concentrated in a peak-duration window of [10,22] steps: maladaptation is 
restricted to relatively short peaks and does not emerge under longer ones.
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Table 5
PRIM analysis for the sequential configuration: disruption conditions under which the second disrup-
tion episode leads to lower mean reliability than the first (7007 scenarios, each 40 replications). 𝑛mal
is the number of target experiments; — : no maladaptive cases; no discriminating conditions: criterion 
triggered but PRIM found no restricting parameter region.

Regime shift pattern
 Technology 𝑛mal Shift duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 100 no discriminating conditions
 Artificial intelligence – intake 100 no discriminating conditions
 Blockchain-compliance 100 no discriminating conditions
 Blockchain-traceability 100 no discriminating conditions
 Prediction-enhanced COP 100 [7, 26] [48, 50]  
 Satellite internet 100 [23, 28] [10, 50]  

Peak pattern
 Technology 𝑛mal Peak duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 100 no discriminating conditions
 Artificial intelligence – intake 100 no discriminating conditions
 Blockchain-compliance 100 no discriminating conditions
 Blockchain-traceability 101 no discriminating conditions
 Prediction-enhanced COP 100 no discriminating conditions
 Satellite internet 100 no discriminating conditions

Cross-disruption. Beyond comparing technologies against the baseline, we examine the disruption dynamics that drive maladaptation 
from within: specifically, whether the adaptive response to the first disruption leaves the system more vulnerable when the second 
begins. Table  5 summarizes the conditions under which the second disruption episode leads to lower mean reliability than the first. 
By construction, the top 20% of experiments per pattern-technology group constitutes the target class, so 𝑛mal is about 100 for every 
technology. The informative result is therefore not the count but whether the worst deterioration between disruptions concentrates 
in a specific region of the parameter space or is spread uniformly across it.

Under the regime shift pattern, PRIM identifies discriminating conditions for only two technologies. For Prediction-enhanced 
COP, the smallest improvements concentrate at shorter shift durations combined with the longest hold durations (shift [7, 26], hold 
[48, 50]). For Satellite internet, these improvements concentrate on upper-middle to long shift durations across the full hold range 
(shift [23, 28], hold [10, 50]), so only shift duration discriminates. For the remaining technologies, PRIM finds no discriminating 
conditions: the smallest improvements between disruptions are spread across the full range of shift and hold durations. Under the 
peaks pattern, no technology shows discriminating conditions. The classification in Table  17 (in the Appendix) confirms that all 
top-20% target cases under peaks are genuine cross-disruption deterioration (𝛥𝑅 > 0 for 100% of cases across every technology). 
The second peak leaves the system in a worse settled state than the first, regardless of peak and hold durations, a structural property 
shared across the information technologies under peak disruptions.

The interpretation of the within-group criterion differs between the two disruption patterns. For the peaks pattern, the target 
cases represent scenarios in which disruption 2 left the system in a worse steady state than disruption 1. For the regime-shift pattern, 
the system consistently improves between the two disruptions regardless of disruption conditions (see Table  17). The discriminating 
conditions reported for regime shifts in Table  5 should therefore be read as the conditions under which this inter-disruption learning 
effect is smallest, not as conditions under which the system deteriorates. Table  17 confirms that this directional pattern already holds 
for the Baseline: each technology therefore amplifies or dampens an effect that is present independent of the technology.

7.2. Convergent configuration

7.2.1. PRIM analysis for the convergent structure
Resilience loss compared to the baseline. Table  6 summarizes the duration conditions under which each technology performs worse 
than the baseline in the convergent configuration. Prediction-enhanced COP again shows no maladaptive cases under either pattern. 
Satellite internet similarly shows no maladaptive cases under the peak pattern, though it does exhibit maladaptive cases under the 
regime shift pattern.

Under the regime shift pattern, Artificial Intelligence-drone, Artificial Intelligence-intake, Blockchain-compliance, and Blockchain-
traceability each show several hundred maladaptive cases.  Artificial Intelligence-drones and Blockchain-compliance show condi-
tional vulnerability, with maladaptive cases concentrated in shift durations of [8, 28] and [6, 30] combined with hold durations 
of [14, 50] and [22, 50], respectively. Blockchain-traceability shows no discriminating conditions despite 491 maladaptive cases, 
indicating that its underperformance under regime shifts is distributed broadly across all duration combinations.  Satellite internet 
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Table 6
PRIM analysis for the convergent configuration: input conditions under which a technology accumu-
lates greater resilience loss than the Baseline (7007 experiments, each 40 replications). 𝑛mal: number 
of target experiments; — : no maladaptive cases; no discriminating conditions: criterion triggered but 
PRIM found no restricting parameter region.

Regime-shift pattern
 Technology 𝑛mal Shift duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 350 [8, 28] [14, 50]  
 Artificial intelligence – intake 496 no discriminating conditions
 Blockchain-compliance 427 [6, 30] [22, 50]  
 Blockchain-traceability 491 no discriminating conditions
 Prediction-enhanced COP 0 – –  
 Satellite internet 274 [16, 30] [26, 50]  

Peak pattern
 Technology 𝑛mal Peak duration Hold duration 
 Baseline N/A  
 Artificial intelligence – drones 104 no discriminating conditions
 Artificial intelligence – intake 491 no discriminating conditions
 Blockchain-compliance 135 [44, 48] [10, 50]  
 Blockchain-traceability 499 no discriminating conditions
 Prediction-enhanced COP 0 – –  
 Satellite internet 0 – –  

is more conditionally vulnerable: its maladaptation is restricted to  shift durations of [16, 30] combined with longer hold durations 
([26, 50]), suggesting sensitivity to sustained regime shifts paired with prolonged inter-disruption intervals.

Under the peak pattern, the picture is more differentiated. Artificial Intelligence-intake and Blockchain-traceability both show 
broad vulnerability across the full range of peak and hold durations, with case counts close to the maximum (491 and 499, respec-
tively). Artificial Intelligence-drone is more moderately affected (104 cases,  no discriminating conditions). Blockchain-compliance 
is the exception: maladaptation concentrates in a narrow window of long peaks ([44, 48]) combined with hold durations of 
[10, 50], indicating a conditional vulnerability restricted to near-maximum peak duration. This contrasts with Blockchain-compliance 
in the sequential configuration, where no maladaptive cases were found under peaks, confirming that the convergent structure 
introduces peak-pattern vulnerability for this technology. Blockchain-traceability similarly shifts from conditional maladaptation 
in the sequential configuration (restricted to peaks of [10, 22] steps) to no discriminating conditions here. This contrast with the 
sequential configuration confirms that the convergent one amplifies and generalizes vulnerability.
Cross-disruption. Table  7 summarizes the conditions under which the second disruption episode leads to lower mean reliability 
than the first in the convergent configuration. Under the regime shift pattern, the convergent configuration yields a discriminating 
condition for only one technology. Where the sequential configuration identifies discriminating conditions for two technologies 
(Prediction-enhanced COP and Satellite internet), the convergent configuration retains a box only for Prediction-enhanced COP, 
whose cross-disruption indicator values concentrate at short shift durations ([1, 16]) and longer hold durations ([42, 50]) — 
consistent in direction with its sequential counterpart. Under the peak pattern, no technology yields  discriminating conditions. The 
absence of discriminating conditions mirrors the sequential finding for peaks and confirms the structural property that is independent 
of disruption patterns.

7.3. Sensitivity analysis

A sensitivity analysis on the demand–capacity ratio varied the number of workers below (6) and above (10) the main value. 
We examined how sensitive maladaptation is to capacity and whether technologies still diverge when capacity is fixed. In the 
sequential configuration, maladaptation is low and only weakly sensitive to capacity, yet technologies differ at a fixed worker level: 
under peaks, Blockchain-traceability is maladaptive in most configurations, while Prediction-enhanced COP is never maladaptive. 
In the convergent configuration under regime shifts, the span- and delay-shifting technologies (e.g., Artificial Intelligence-drone, 
Satellite internet) become less maladaptive as workers rise from 6 to 10. Here, the needs are more rapidly visible, so additional 
capacity directly serves the mismatched areas. For Artificial Intelligence-intake and Blockchain-traceability, the opposite holds: under 
convergent peaks, maladaptation intensifies toward near-universal as capacity grows. A capacity interpretation, under which extra 
workers relieve maladaptation uniformly, cannot account for this. The mechanism is that capacity governs whether the coordination 
and escalation response is ever triggered. Escalation activates only when the shortfall rate exceeds its threshold, but ample capacity 
keeps local performance below that threshold. Hence, managers escalate and reallocate less, while the technology continues to act 
on a partially stale picture. This aligns with the productivity paradox [10]: a technology yields gains only when the conditions 
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Table 7
PRIM analysis for the convergent configuration: disruption conditions under which the second 
disruption episode leads to lower mean reliability than the first (7007 scenarios, each 40 replications). 
𝑛mal is the number of target experiments; no discriminating conditions: criterion triggered but PRIM 
found no restricting parameter region. — : no maladaptive cases.

Regime shift pattern
 Technology 𝑛mal Shift duration Hold duration 
 Baseline N/A  
 Artificial Intelligence – drones 100 no discriminating conditions
 Artificial Intelligence – intake 100 no discriminating conditions
 Blockchain-compliance 100 no discriminating conditions
 Blockchain-traceability 100 no discriminating conditions
 Prediction-enhanced COP 100 [1, 16] [42, 50]  
 Satellite internet 100 no discriminating conditions

Peak pattern
 Technology 𝑛mal Peak duration Hold duration 
 Baseline N/A  
 Artificial Intelligence – drones 100 no discriminating conditions
 Artificial Intelligence – intake 100 no discriminating conditions
 Blockchain-compliance 100 no discriminating conditions
 Blockchain-traceability 101 no discriminating conditions
 Prediction-enhanced COP 100 no discriminating conditions
 Satellite internet 100 no discriminating conditions

that activate it are present, and capacity can remove them. Because the response to added capacity differs across technologies with 
identical worker counts, the outcome reflects each technology’s information-processing behavior. Mean resilience-loss differences 
from the baseline for every technology and capacity level are reported in Appendix  E.1.

A sensitivity analysis was also conducted on the technology parameters. First, to identify which technology parameters drive the 
magnitude of maladaptation, we applied random forest feature scoring (500 trees) to the resilience-loss difference relative to the 
baseline. Vertical_delay emerged as the most influential parameter, followed by length_memory and span_level1. Detailed parameter 
importances are reported in Appendix  E.2. Second, we assessed robustness of the maladaptation profiles by varying each technology’s 
defining parameters one at a time. We assessed whether the type of maladaptation profile was preserved across parameter variations. 
For the sequential configuration, the majority of information technology–pattern combinations, the profile type remained stable. 
For the convergent configuration, stability was lower, consistent with the greater sensitivity of convergent chains to information 
technology parameters. Detailed results per technology and variation are reported in the same subsection of the Appendix.

A sensitivity analysis was also conducted on an alternative baseline. Because every technology’s maladaptation is defined relative 
to the baseline, raising the baseline’s barrier to share information tests whether the profiles depend on the specific reference rather 
than on the technology itself. We changed the baseline barrier_share_info from 0.50 to 0.75 and re-derived each profile. Across both 
configurations, 12 of the 24 technology–pattern combinations retain their profile. Prediction-enhanced COP, Blockchain-traceability, 
and Satellite internet are most robust (3 of 4 combinations each), shifting only under regime shift. Artificial Intelligence-intake and 
Blockchain-compliance are most sensitive, moving toward none under most patterns. Artificial Intelligence-drone alternates between 
broad and no maladaptation under peaks. The sequential configuration is more stable (8 of 12) than the convergent one (4 of 12). 
The main findings are therefore partially sensitive to the baseline sharing barrier, with sensitivity concentrated in the convergent 
configuration. Detailed results are reported in Appendix  E.3.

8. Discussion

8.1. Synthesis: maladaptation profiles and conditions

This study explores conditions when information technologies lead to maladaptive outcomes in crisis-response supply chains. 
To explore, we developed an agent-based model to perform computational experiments under different disruption conditions 
and information technologies. The study operationalized maladaptation as a condition-specific phenomenon. By applying scenario 
discovery with PRIM, we concluded that maladaptive outcomes are not uniformly distributed across all disruption durations and 
information technologies.  We identify two distinct maladaptation profiles: broad and conditional maladaptation. The broad profile 
refers to information technologies that exhibit maladaptive cases spread across disruption durations rather than confined to a 
window. The conditional profile refers to information technologies whose maladaptation is triggered only within specific duration 
windows. A further finding is that the disruption pattern moderates which profile an information technology exhibits: technologies 
that avoid maladaptation under the peaks pattern can lead to broadly maladaptive outcomes under regime shifts, as shown for 
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Artificial Intelligence-drone in the sequential configuration. The configuration of the organizations, sequential or convergent, further 
moderates maladaptation: the convergent configuration amplifies the number of maladaptive cases and reduces the discriminating 
conditions observed in the sequential configuration. The absence of discriminating conditions makes maladaptation more pervasive 
and less diagnosable when organizations process supply needs simultaneously. The sensitivity analyses show that the maladaptation 
findings are partially sensitive to the technology-parameter specification and to the assumed baseline information-sharing barrier. 
This sensitivity is itself a finding: it shows that the value of an information technology in crisis-response supply chains cannot be 
assessed as a property of the technology, but only as a property of the technology under specific conditions.

Prior studies in other knowledge domains have defined maladaptation as adaptive actions that degrade system performance 
[14,55,72], but have not investigated the concept as a structurally emergent outcome in crisis-response supply chains.  Because the 
disruption pattern is not known in advance, a technology whose maladaptation is confined to a narrow window is the more robust 
choice.

The two profiles can be understood through theoretical arguments established in the literature on information technologies in 
crisis response. Artificial Intelligence-intake exhibits broad maladaptation under supply need peaks across the full range of disruption 
durations. This finding is consistent with the productivity paradox of Artificial Intelligence [10]: introducing Artificial Intelligence 
does not automatically translate into performance gains. Under peak disruptions, Artificial Intelligence-intake carries a systematic 
but unpredictable maladaptation risk: in a minority of scenarios, it underperforms the no-technology baseline, and no disruption 
duration conditions have been identified that predict when this occurs. Organizations cannot, therefore, rely on timing to avoid this 
risk. Artificial Intelligence-drone as technology avoids maladaptation under supply need peaks, but leads to broadly maladaptive 
outcomes under regime shifts. This finding is consistent with the lens argument: information technologies shape which aspects of 
an evolving crisis become visible and actionable [12].

The two Blockchain implementations lead to complementary maladaptation conditions in the sequential configuration. This 
complementarity is consistent with the blockchain literature, which recognizes both the benefits and barriers to coordination 
resulting from blockchain implementations [5,49]. Each of the two implementations operationalizes a different balance between 
these benefits and barriers. The complementary maladaptation conditions confirm that both sides matter: the implementation that 
realizes more benefits is maladaptive under different disruption conditions than the implementation that suffers more from the 
barriers.

Prediction-enhanced COP has the fewest maladaptive cases among the technologies, indicating that it is the most robust 
technology. This finding aligns with the literature on Common Operational Pictures and predictive capabilities that overall claim 
that prediction supports crisis-response operations [3,4]. The robustness of Prediction-enhanced COP follows from the interaction 
between zero vertical delay and escalation. Escalation transfers authority to a manager with a broader span who, operating on 
current information, can reallocate more accurately. Satellite internet is robust in the sequential configuration and under peaks. In 
the convergent configuration under a regime shift, Satellite internet shows conditional maladaptation. Following the lens argument 
[12], Satellite internet broadens the scope of the available information, which may explain its relative robustness. This finding 
contrasts with the prevailing assumption in the literature,  that a broader scope improves the response to a crisis.

For crisis-response supply chain theory, our findings extend coordination research. Coordination research has documented the 
structural difficulty of aligning actors through coordination in crisis-response supply chains [94–96]. Coordination operates as an 
information–decision–action loop: actors gather information, decide, and act, and their actions reshape the situation the next cycle 
observes [9]. We contribute to coordination research by showing that introducing information technologies into this loop does not 
guarantee improvement. Whether an information technology leads to maladaptive outcomes depends on how its effects interact 
with the disruption pattern, not on the technology alone.

Information-processing theory holds that coordination performance depends on the fit between an organization’s information-
processing needs and its information-processing capacity [8,97]. Introducing information technology is a common adaptation 
response in crisis-response supply chains, premised on the assumption that added capacity improves coordination. Our findings 
qualify this assumption by showing that added capacity becomes maladaptive when a disruption pattern shifts processing needs 
out of alignment with the technology’s capabilities. That information technologies can become maladaptive has been identified 
as a concern in crisis-response supply chain contexts [12,98]. Our findings give this concern a structural form: maladaptation 
is sometimes broad, and sometimes conditional. For information technology design and evaluation, these findings imply that 
technologies should be assessed on their maladaptation risk profile. A technology that performs well on average but exhibits 
broad maladaptation under a specific disruption pattern may be less suitable than an information technology with a narrower 
but predictable vulnerability window. For some of the technologies examined, the Baseline outperforms adoption under specific 
disruption conditions; thus, sometimes, no such technology is better than introducing one.

The findings on maladaptation can be positioned against existing agent-based models of crisis-response supply chain coordination. 
These agent-based models have established that information quality and timeliness shape coordination effectiveness [26,68,69]. The 
present findings extend thismodeling literature by showing that exploratory modeling with PRIM detects maladaptive outcomes that 
single-case evaluations or average-performance metrics would miss. This approach is, in addition, a first step toward stress-testing 
information technologies for crisis-response supply chains before deployment. Supply chain stress-testing evaluates whether a system 
withstands extreme yet plausible disruptions [99,100]. The supply chain stress-testing literature is largely commercial and imposes 
predefined crises and disruptions. We extend this literature to crisis-response supply chains.
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8.2. Face validation of findings

Practitioner input supports our findings. Six practitioners and domain experts with backgrounds in crisis response and crisis 
information systems assessed the findings for recognizability and plausibility. The findings that deploying a technology can actively 
degrade performance and that its effect is conditional on the type of crisis were recognized and considered plausible. One respondent 
illustrated the conditional profile, noting that tools performing well in data-rich, slower-moving crises are less effective in sudden-
onset events where data quality and time are scarce. Another respondent found the claim that some technologies never perform 
worse implausible. This claim is where our model’s findings and practitioner intuition diverge most clearly. In the model, Prediction-
enhanced COP never performs worse under any tested crisis conditions. The role of the supply chain configuration was considered 
plausible by some and hard to judge by others.

8.3. Limitations and future research

This study has some limitations, which also provide directions for future research. First, the model does not include an explicit 
attribute for information accuracy, nor does it model noise or distortion in information flows. Technologies are assumed to function 
without intrinsic failure or performance variability. For example, drones do not malfunction, and satellite internet connections 
do not experience outages or bandwidth constraints. Incorporating technology failure modes and information distortion would 
allow future research to examine whether maladaptation intensifies under the conditions that already strain coordination. Second, 
information availability during disruptions and the availability of technologies are not modeled. Satellite internet, for example, is 
conceptually valuable because it provides connectivity when other technologies fail. However, our model does not capture temporary 
breakdowns in information sharing. Future research could examine whether technology-specific information availability alter which 
maladaptation profile emerges. Third, operational routing and flow reconfiguration are exogenous. The routing of supply needs is 
predefined in the model structure. Thus, information technologies cannot dynamically reconfigure information routes other than 
the fixed escalation rules. This fixity constrains the model’s ability to represent adaptive information-routing mechanisms such as 
automated filtering or role-based information sharing. Extending the model to incorporate adaptive information routing could bring 
the study closer to what we observe in practice.

Overall, these limitations imply that the model emphasizes structural coordination dynamics and capacity and resource 
reallocation. Consequently, the results should be interpreted as reflecting coordination and allocation mechanisms under idealized 
functioning of information technologies, not as a comprehensive representation of information technologies.

9. Conclusions

This paper addresses the question For which combinations of information technologies and disruption patterns do adaptive actions 
in crisis-response supply chains lead to maladaptive outcomes? The findings show that whether and when a technology leads to 
maladaptation depends on the specific technology and that maladaptation concentrates in two distinct profiles: broad maladap-
tation, refers to a technology whose underperformance is distributed across disruption durations, and conditional maladaptation, 
where underperformance is restricted to specific duration windows. Furthermore, the findings show that the disruption pattern 
moderates which profile that technology exhibits. The configuration of organizations, sequential or convergent, further moderates 
maladaptation.

The technology-specific findings show that each technology exhibits a distinct maladaptation profile. Artificial Intelligence-intake 
is broadly maladaptive under peaks. Artificial Intelligence-drone avoids maladaptation under peaks but is broadly maladaptive 
under regime shifts. The two Blockchain implementations result in complementary maladaptation conditions in the sequential 
configuration, confirming that the implementation design, not the technology itself, determines where maladaptation concentrates. 
Prediction-enhanced COP never accumulates more resilience loss than the Baseline under any tested condition. Satellite internet 
is robust in the sequential configuration but conditionally maladaptive in the convergent configuration under regime shifts. The 
convergent configuration amplifies the number of maladaptive cases and eliminates discriminating conditions, making maladaptation 
more pervasive and less diagnosable.

This study makes two contributions. Conceptually, we advance understanding of how information technologies can lead to 
maladaptation in crisis-response supply chains. The study operationalizes maladaptation as a condition-specific phenomenon with 
identifiable boundaries. The findings pertain to the information and coordination processes of crisis-response supply chains, 
specifically the reallocation decisions that govern what gets allocated, where, and when. Methodologically, this study demonstrates 
that the combination of exploratory modeling with rule induction can detect maladaptive outcomes across repeated disruptions and 
information technologies. The contributions are based on a model with idealized assumptions about technology functioning. The 
model abstracts from technology failures, information quality and availability, and dynamic information routing. Future research 
could relax these assumptions.

For practitioners, this study can provide guidance for selecting information technologies for crisis-response supply chains. Because 
the stylized disruption patterns map onto real-world crisis profiles (peaks correspond to sudden-onset events such as flash floods, 
regime shifts to structural changes such as prolonged conflict or earthquake aftermath), the maladaptation profiles can inform 
technology selection for the type of crisis an organization is most likely to face. An information technology that exhibits broad 
maladaptation under a given disruption pattern should be avoided under that pattern, regardless of how disruptions are timed. A 
technology with conditional maladaptation can be deployed with greater confidence outside its identified maladaptation duration 
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windows. However, specific implementations, such as a particular drone system or blockchain platform, may differ from the stylized 
portfolios modeled here and would benefit from dedicated analysis.

Understanding how information technologies help, but also when and why they hurt, is a necessary condition for implementing 
them effectively in crisis-response supply chains. This study provides a first step toward that understanding.
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Appendix A. - Operationalization of the information technologies — details

This subsection describes the details of the operationalization per technology

Artificial intelligence-drones. In our model, we operationalize the contribution of Artificial Intelligence-drones as a coverage effect. The 
coverage,  is operationalized by the fraction of responsibility areas for which operational managers have direct state visibility (proxy: 
higher span), increasing the availability of timely local observations. Span increases from 2 to 4, the smallest valid step-change given 
the model’s hierarchical structure and algorithm. Vertical and horizontal delays, as well as information-sharing barriers, are held 
constant because drone (sensing) technologies do not inherently alter reporting structures [28]. Drones do not change decision rules.

Artificial intelligence-intake standardization. In our model, we define Artificial Intelligence-intake as an enrichment function at the point 
of observation (collect/process) that automatically converts incoming updates into a structured signal. In the model, this conversion 
is represented as a reduction in horizontal and vertical delay: when signals arrive already structured, the coordination cycle at team 
meetings is shorter. The standardization reduces vertical delay by faster interpretation of the responsibility area states . A single-step 
reduction reflects partial improvement. This reduction is relative to the real-time Common Operational Picture in which we assume 
a full elimination of the vertical delay.

Prediction-enhanced common operational picture. In our model, we define Prediction-enhanced COP as a shared real-time dashboard 
enhanced with automated predictive highlighting. In the model, a COP affects two parameters. First, it reduces vertical delay: 
managers have current situational assessments. Vertical delay reduces to zero, reflecting real-time situational awareness. Second, 
a Prediction-enhanced COP earlier detects threats. We model this by reducing the memory length managers use as a performance 
window to evaluate shortfall rates. Length_memory shortens from 10 to 5, representing a halving of the baseline, which is a natural 
midpoint choice. As a result, the escalation trigger responds more quickly to recent disruptions. The team meeting cadence and 
information-sharing barriers remain unchanged.
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Blockchain-traceability. In our model, we define blockchain not as a ledger technology itself. Instead, we translate the benefits and 
barriers to the model parameters. We define Blockchain-traceability as an implementation in which a permissioned shared ledger is 
broadly accessible to relevant operational actors and used as a trusted reference, such that store and verify improve cross-echelon 
visibility and confidence in shared information. These improvements imply that observations of states become less stale because 
higher echelons can consult the same operational updates (we assume here a reporting layer as part of the blockchain system). 
Thus, vertical delay decreases by a single step. Beyond vertical delays,  peer-to-peer information sharing is more likely, as traceability 
increases trust in requests and offers. Thus, the barrier to sharing decreases by 0.25, reflecting increased trust without removing 
the barrier entirely. Because this implementation does not assume smart-contract automation of reallocations, it does not alter the 
team-meeting cadence of cross-manager reallocations and thus leaves horizontal delay unchanged.

Blockchain-compliance. We define Blockchain-compliance as an implementation in which participation and access are restrictive, 
intermediated, or segmented, and in which additional procedural steps are required before updates become broadly usable. The 
restricted access conditions reverse the practical benefits of store and verify in three ways. First, information becomes less broadly 
usable across levels (increasing the staleness of the inputs for higher echelons). Vertical delay increases by one step, from 2 to 3. 
Second, sharing becomes less likely because posting and accepting information is conditional on governance, privacy, and capability 
constraints. In addition, ledger-based verification can introduce additional verification steps before updates are usable [5,49]. 
Because our model does not represent such verification effort as an explicit time-consuming activity, we proxy these additional steps 
as a longer peer-coordination cycle.Thus, horizontal delay increases by one step, from 2 to 3.  We emphasize that these settings are 
proxies consistent with the current evidence base rather than claims of deterministic effects in practice [5,50].

Satellite internet. In our model, we proxy the effect of Satellite internet by assuming that it expands coverage by extending the reach 
of direct communication [29]. In the model, this is represented as an increase in span. Span increases from 2 to 4, the smallest 
valid step-change given the model’s hierarchical structure and algorithm. In addition, satellite internet connectivity reduces vertical 
delay by improving the reliability and speed of cross-echelon reporting. Horizontal coordination cadence and information-sharing 
barriers remain unchanged.

Appendix B. - Additional figures

B.1. Sequential configuration — the reliability range per technology

Fig.  7 shows how various technologies affect the system’s reliability vis-à-vis the baseline under two different disruption patterns. 
For both disruption patterns, the baseline is shown in gray in the topmost row, with dashed vertical lines extending downwards 
to aid comparison. For each considered technology, the reliability (expressed as the 20–80 quantile range) is shown for both 
disruption patterns. It is evident that, for some technologies such as Prediction-enhanced Common Operational Picture (COP) or Artificial 
Intelligence (AI)-enabled drones, a wide gap emerges between the reliabilities under the two different disruption patterns, indicating 
the usefulness of these technologies (at least in terms of reliability) is conditional on the experienced disruption. Furthermore, certain 
technologies (e.g., Blockchain-traceability experiencing a Peaks-type disruption) do not or only barely improve reliability compared 
to the baseline, raising questions about their suitability and effectiveness.

Fig. 7. Sequential configuration — The reliability range (20–80 quantile) per technology.
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Fig. 8. Reliability time series per information technology for representative scenarios in the convergent configuration: (a) regime-shift pattern, 
(b) peaks pattern.

Fig. 9. Hierarchical cost time series per information technology for representative scenarios in the convergent configuration: (a) regime-shift 
pattern, (b) peaks pattern.

B.2. Time-series analysis — technology effects over time for the convergent configuration

Figs.  8 and 9 show the reliability and hierarchy cost per technology for the convergent configuration. The overall impression 
is consistent with the sequential configuration presented in Section 7. We observe that the ordering of technologies is preserved 
across both disruption patterns and the initial reliability also declines. Two quantitative differences are worth noting. First, absolute 
reliability levels are lower throughout in the convergent configuration: pre-disruption reliability starts around 20%–35% compared 
to around 60% in the sequential condition, and post-disruption recovery reaches at most 30%–35% for the information technologies. 
Second, hierarchical escalation is more pronounced in the convergent configuration: the Prediction-enhanced COP hierarchy cost 
peaks around 700–800, compared to approximately 530–570 euros in the sequential condition. These differences suggest that a 
convergent configuration triggers stronger hierarchical escalation while simultaneously leads to lower reliability. Therefore, these 
differences point to a less efficient system response under this condition. Despite these quantitative differences, the technology-level 
conclusions are unchanged. Prediction-enhanced COP consistently leads to the highest hierarchy cost and highest reliability; Artificial 
Intelligence-drone has the lowest hierarchy cost and does not escalate.

Appendix C. - Overview of parameter tables

See Tables  8–11.
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Table 8
Event priorities used by the simulation scheduler (higher value is earlier execution of the event).
 Event type Method name Priority Notes  
 Manager events manager_step 3 Reallocation, posting, (de)-escalation  
 Team Meeting meeting 1 Executes finally, after all other activities that 

are scheduled at the same time
 

 Worker state check worker_step 4 Runs after any high-priority events (helper 
function)

 

 Supply need generation exit_source, 
enter_output_node

10 Generator forwards Supply needs promptly  

 Pattern engine enter_output_node, 
exit_output_node

10 Routes batches promptly  

 Queue timeout exit_from_queue 1 Timeouts executed after other scheduled events 
at the same time

 

 Start Worker processing start_at_area 10 Runs immediately after a Team Meeting or 
when no Team Meeting occurs after Manager 
events

 

 All other events (unset) 5 Simulation engine default  

Table 9
Team Meeting parameters of the model.
 Parameter Description Value Reference 
 meeting_interval the interval between team meetings varies this study 
 horizontal_delay meeting_interval - 1, delay between inter-manager 

coordination moments
varies this study 

Table 10
Manager parameters of the model.
 Parameter Description Value Reference  
 T_max when the shortfall rate exceeds the T_max 

threshold, the Manager will demand for worker(s)
see ‘threshold’ Epstein [89]  

 T_min when the shortfall rate is lower than T_min, the 
Manager will supply worker(s)

see ‘threshold’ Epstein [89]  

 threshold threshold[Manager_echelon] [0.7, 1.4, 2, 4, 10] Epstein [89]  
 length_memory the number of time steps a Manager uses to 

calculate their shortfall rate
10 Epstein [89]  

 upward_inertia Determines the number of time steps the 
maximum Threshold (T_max) must be met or 
exceeded before the Manager reverts their decision 
rights to a higher management echelon

3 Wu et al. [101] 

 downward_inertia Determines how many time steps the minimum 
Threshold (T_min) has not been met before the 
Manager reverts their decision rights to their 
subordinates

3 Wu et al. [101] 

 barrier_ask_labor probability barrier to announcing a demand for 
labor (sharing probability = 1 − barrier)

varies Epstein [89]  

 barrier_give_labor probability barrier to announcing a surplus of 
labor (sharing probability = 1 − barrier)

varies Epstein [89]  

 vertical_delay the delay time of the information between 
Manager echelons

varies  

Table 11
Responsibility area parameters of the model.
 Parameter Description Value Reference 
 processing time The Responsibility area takes this duration to process 

a supply need, Set to 1 so that observed performance 
differences reflect coordination dynamics instead of 
processing delays.

1 this study 

 maximum 
accepted delay

the maximum time a Supply Need is in the queue of 
the Responsibility area before it is removed. This time 
is slightly higher than the Manager step, to avoid race 
conditions

1.05 this study 
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Table 12
PRIM algorithm settings.
 Parameter Value Description  
 peel_alpha 0.05 Fraction of cases removed per peeling step  
 paste_alpha 0.05 Fraction of cases restored per pasting step  
 mass_min 0.05 Minimum fraction of all cases the box must contain 
 threshold 0.80 Minimum density required for box selection  

Table 13
PRIM diagnostics for the resilience loss metric: selected box per information technology, sequential configuration. 
Coverage, density, mass, and res_dim are reported for the selected box on the peeling trajectory. Boxes classified as 
non-discriminating in the main results are included here for completeness; their diagnostics (e.g., res_dim = 0, mass 
= 1.00) confirm the absence of any restricting sub-region. See Table  4.

Regime-shift pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 26 1.00 0.05 1.00 0  
 Artificial intelligence – intake 30 1.00 0.06 1.00 0  
 Blockchain-compliance 66 0.38 0.96 0.05 2  
 Blockchain-traceability 47 0.77 0.82 0.09 2  
 Prediction-enhanced COP 0 —

 Satellite internet 0 —

Peak pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 0 —

 Artificial intelligence – intake 81 1.00 0.16 1.00 0  
 Blockchain-compliance 0 —

 Blockchain-traceability 121 0.75 0.83 0.22 2  
 Prediction-enhanced COP 0 —

 Satellite internet 0 —

Appendix D. - PRIM configuration and diagnostics

Table  12 reports the algorithm settings used in all scenario discovery analyses, following the approach of Kwakkel et al. [80]. 
The selected box corresponds to the last non-empty entry in the peeling trajectory returned by find_box(). When no box on 
the trajectory reaches the density threshold, the last non-empty box spans the full sampled range and is therefore classified as 
non-discriminating. Coverage, density, mass, and res_dim are reported following ter Horst et al. [102]. A box is classified as non-
discriminating when all dimensions span at least 99.9% of their sampled range. Thus, non-discrimination indicates that PRIM found 
no meaningful concentration of maladaptive cases. Such boxes have res_dim=0 and mass=1.00. The 20% quantile threshold for 
the internal maladaptation indicator is motivated in Section 6.

D.1. Resilience loss metric

Tables  13 and 14 report the values of the algorithm settings for the resilience loss metric for the selected box per technology 
and disruption pattern.

D.2. Cross-disruption indicator

Tables  15 and 16 report the values of the algorithm settings for the cross-disruption indicator for the selected box per technology 
and disruption pattern. Tables  17 and 18 report the 80th-percentile deterioration value and the fraction of target cases with 𝛥𝑅 > 0
for each pattern–technology group in the sequential configuration. The same pattern holds for the convergent configuration. A 
sensitivity analysis across thresholds of 10%, 15%, 20%, and 25% confirms that the results are stable across almost all tested values. 
The underlying analysis is provided in the Supplementary material.
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Table 14
PRIM diagnostics for the resilience loss metric: selected box per information technology, convergent configuration. 
Coverage, density, mass, and res_dim are reported for the selected box on the peeling trajectory. Boxes classified as 
non-discriminating in the main results are included here for completeness; their diagnostics (e.g., res_dim = 0, mass 
= 1.00) confirm the absence of any restricting sub-region. See Table  6.

Regime-shift pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 350 0.72 0.84 0.60 2  
 Artificial intelligence – intake 496 1.00 0.99 1.00 0  
 Blockchain-compliance 427 0.64 1.00 0.55 2  
 Blockchain-traceability 491 1.00 0.98 1.00 0  
 Prediction-enhanced COP 0 —

 Satellite internet 274 0.49 1.00 0.27 2  
Peak pattern

 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 104 1.00 0.21 1.00 0  
 Artificial intelligence – intake 491 1.00 0.98 1.00 0  
 Blockchain-compliance 135 0.44 0.97 0.12 1  
 Blockchain-traceability 499 1.00 1.00 1.00 0  
 Prediction-enhanced COP 0 —

 Satellite internet 0 —

Table 15
PRIM diagnostics for the cross-disruption indicator: selected box per information technology - sequential configura-
tion.

Regime-shift pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 100 1.00 0.20 1.00 0  
 Artificial intelligence – intake 100 1.00 0.20 1.00 0  
 Blockchain-compliance 100 1.00 0.20 1.00 0  
 Blockchain-traceability 100 1.00 0.20 1.00 0  
 Prediction-enhanced COP 100 0.29 0.97 0.06 2  
 Satellite internet 100 0.82 0.82 0.20 1  

Peak pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 100 1.00 0.20 1.00 0  
 Artificial intelligence – intake 100 1.00 0.20 1.00 0  
 Blockchain-compliance 100 1.00 0.20 1.00 0  
 Blockchain-traceability 101 1.00 0.20 1.00 0  
 Prediction-enhanced COP 100 1.00 0.20 1.00 0  
 Satellite internet 100 1.00 0.20 1.00 0  

Appendix E. - Sensitivity analysis

E.1. Sensitivity to capacity (nr of workers)

This subsection provides the per-configuration results underlying the capacity sensitivity reported in the main text. Each cell 
in Tables  19 and 20 reports two numbers for a given combination of a technology, disruption pattern, and number of workers. 
The first is the mean resilience-loss difference relative to the baseline organization facing the identical scenario, expressed in 
reliability percentage-points. A positive value means the technology performs worse than the baseline (maladaptive), and a negative 
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Table 16
PRIM diagnostics for the cross-disruption indicator, selected box per information technology - convergent configu-
ration.

Regime-shift pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 100 1.00 0.20 1.00 0  
 Artificial intelligence – intake 100 1.00 0.20 1.00 0  
 Blockchain-compliance 100 1.00 0.20 1.00 0  
 Blockchain-traceability 100 1.00 0.20 1.00 0  
 Prediction-enhanced COP 100 0.47 0.90 0.10 2  
 Satellite internet 100 1.00 0.20 1.00 0  

Peak pattern
 Technology 𝑛mal Coverage Density Mass res_dim 
 Baseline – —

 Artificial intelligence – drones 100 1.00 0.20 1.00 0  
 Artificial intelligence – intake 100 1.00 0.20 1.00 0  
 Blockchain-compliance 100 1.00 0.20 1.00 0  
 Blockchain-traceability 101 1.00 0.20 1.00 0  
 Prediction-enhanced COP 100 1.00 0.20 1.00 0  
 Satellite internet 100 1.00 0.20 1.00 0  

Table 17
Cross-disruption indicator: target classification per pattern and technology group. 𝑛: number of experiments per 
group. Deterioration (𝑝80): the 80th-percentile 𝛥𝑅 value that defines the top-20% target class; a positive value 
indicates that the within-group criterion selects cases of cross-disruption deterioration. 𝛥𝑅 > 0 (%): percentage 
of the top-20% target cases with strictly positive 𝛥𝑅.Sequential configuration.

Regime-shift pattern
 Technology 𝑛 Deterioration (𝑝80) 𝛥𝑅 > 0 (%) 
 Baseline 500 −0.088 0  
 Artificial intelligence – drones 500 −0.093 0  
 Artificial intelligence – intake 500 −0.229 0  
 Blockchain-compliance 500 −0.215 0  
 Blockchain-traceability 500 −0.171 0  
 Prediction-enhanced COP 500 −0.142 0  
 Satellite internet 500 −0.313 0  

Peak pattern
 Technology 𝑛 Deterioration (𝑝80) 𝛥𝑅 > 0 (%) 
 Baseline 500 +0.022 100  
 Artificial intelligence – drones 500 +0.015 100  
 Artificial intelligence – intake 500 +0.087 100  
 Blockchain-compliance 500 +0.085 100  
 Blockchain-traceability 500 +0.084 100  
 Prediction-enhanced COP 500 +0.029 100  
 Satellite internet 500 +0.061 100  

value means it performs better. The second value in parentheses is the share of sampled configurations in that cell that are 
flagged maladaptive. Columns vary the number of workers around the value of 8 used in the main experiments, thus varying the 
demand-capacity ratio.

From Tables  19 and 20, two patterns emerge. First, maladaptation is only weakly sensitive to capacity: within each row the 
maladaptive share shifts modestly as workers move from 6 to 10. In addition, for several technologies, maladaptation changes little. 
Capacity is therefore not the primary driver of the resilience loss. Second, at any fixed number of workers the technologies diverge. 
For example, in the convergent configuration, the maladaptive share spans the full 0%–100% range at every capacity level. Since 
this divergence occurs while capacity is held constant, it cannot be a capacity effect.
26 



Y. Lont et al. International Journal of Disaster Risk Reduction 145 (2026) 106342 
Table 18
Cross-disruption indicator: target classification per pattern and technology group. 𝑛: number of experiments per 
group. Deterioration (𝑝80): the 80th-percentile 𝛥𝑅 value that defines the top-20% target class; a positive value 
indicates that the within-group criterion selects cases of cross-disruption deterioration. 𝛥𝑅 > 0 (%): percentage 
of the top-20% target cases with strictly positive 𝛥𝑅. Convergent configuration.

Regime-shift pattern
 Technology 𝑛 Deterioration (𝑝80) 𝛥𝑅 > 0 (%) 
 Baseline 500 +0.002 100  
 Artificial intelligence – drones 500 +0.007 100  
 Artificial intelligence – intake 500 −0.049 100  
 Blockchain-compliance 500 −0.035 0  
 Blockchain-traceability 500 −0.025 0  
 Prediction-enhanced COP 500 −0.014 21  
 Satellite internet 500 −0.103 0  

Peak pattern
 Technology 𝑛 Deterioration (𝑝80) 𝛥𝑅 > 0 (%) 
 Baseline 500 +0.007 100  
 Artificial intelligence – drones 500 +0.007 100  
 Artificial intelligence – intake 500 +0.031 100  
 Blockchain-compliance 500 +0.038 100  
 Blockchain-traceability 500 +0.023 100  
 Prediction-enhanced COP 500 +0.013 100  
 Satellite internet 500 +0.034 100  

Table 19
Capacity sensitivity of maladaptation (sequential configuration, 𝑛 = 500 per cell). Each cell reports the mean 
resilience-loss difference versus the same-scenario baseline (reliability percentage-points; positive = maladaptive), 
with the share of sampled configurations flagged maladaptive in parentheses. Columns vary the number of workers, 
i.e. the demand–capacity ratio, around the value of 8 used in the main experiments.
 Workers (demand–capacity ratio)
 Pattern Technology 6 8 10  
 

Regime

Artificial intelligence – drones −1.4 (3%) −1.7 (5%) −2.1 (6%)  
 Artificial intelligence – intake −1.9 (7%) −3.7 (6%) −4.9 (9%)  
 Blockchain-compliance −2.6 (20%) −4.0 (13%) −6.0 (5%)  
 Blockchain-traceability −1.8 (8%) −2.6 (9%) −3.5 (12%) 
 Prediction-enhanced COP −6.8 (0%) −8.2 (0%) −8.0 (0%)  
 Satellite internet −6.5 (0%) −10.1 (0%) −10.8 (2%) 
 

Peaks

Artificial intelligence – drones −7.0 (0%) −5.2 (0%) −2.3 (12%) 
 Artificial intelligence – intake −1.9 (7%) −2.7 (16%) +0.2 (41%) 
 Blockchain-compliance −7.0 (0%) −8.8 (0%) −11.4 (0%) 
 Blockchain-traceability +1.1 (86%) −1.2 (24%) +1.8 (63%) 
 Prediction-enhanced COP −7.1 (0%) −15.1 (0%) −14.8 (0%) 
 Satellite internet −11.9 (0%) −11.5 (0%) −5.2 (1%)  

E.2. Sensitivity to technology parameters

This subsection provides the per-configuration results underlying the sensitivity to technology parameters reported in the main 
text. To assess the relative influence of the technology parameters, we computed feature importances. These importance values 
were calculated by random-forest regression (500 trees), using the EMA Workbench [81]. The regression scores each parameter 
against the resilience-loss difference from the same-scenario baseline. This baseline serves as the continuous target, so that higher 
scores identify the parameters governing the magnitude of departure from it. Random forest scores parameter importance directly 
on the existing Latin hypercube sample. Our analysis reuses the existing primary sample because the technology parameters were 
already varied across their ranges (e.g., vertical_delay from 0 to 3). Fig.  10 reports the resulting values. Higher values indicate that 
the parameters governing the magnitude of the deviation from the baseline are more influential.

To assess the robustness of the maladaptation profiles, each technology’s defining parameters were varied one at a time. For 
each variant, the maladaptation profile type (e.g., conditional) was determined using the same procedure as the main analysis. The 
robustness fraction reported in Tables  22 and 23 indicates how many variants, including the original specification, resulted in the 
same profile type as the original. The parameter settings are presented in Table  21.

For the sequential configuration, the profile type was preserved in the majority of technology–pattern combinations. Counting 
each technology–pattern cell as stable when the original profile type recurred in at least half of its parameter variants, 9 of the 
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Table 20
Capacity sensitivity of maladaptation (convergent configuration, 𝑛 = 300 per cell). Each cell reports the mean 
resilience-loss difference versus the same-scenario baseline (reliability percentage-points; positive = maladaptive), 
with the share of sampled configurations flagged maladaptive in parentheses. Columns vary the number of workers, 
i.e. the demand–capacity ratio, around the value of 8 used in the main experiments.
 Workers (demand–capacity ratio)
 Pattern Technology 6 8 10  
 

Regime

Artificial intelligence – drones +0.2 (71%) +0.2 (70%) −0.2 (40%)  
 Artificial intelligence – intake +1.4 (100%) +2.1 (100%) +2.6 (98%)  
 Blockchain-compliance +1.7 (86%) +2.6 (85%) +2.5 (72%)  
 Blockchain-traceability +0.8 (98%) +1.6 (99%) +2.3 (98%)  
 Prediction-enhanced COP −10.6 (0%) −12.3 (0%) −14.4 (0%)  
 Satellite internet +0.7 (77%) −0.1 (51%) −0.0 (49%)  
 

Peaks

Artificial intelligence – drones −0.8 (0%) −0.4 (25%) −1.4 (10%)  
 Artificial intelligence – intake +0.5 (82%) +1.3 (98%) +3.6 (100%) 
 Blockchain-compliance −1.5 (7%) −1.5 (29%) −3.6 (9%)  
 Blockchain-traceability +0.8 (95%) +1.7 (100%) +4.2 (100%) 
 Prediction-enhanced COP −12.9 (0%) −16.1 (0%) −15.3 (0%)  
 Satellite internet −4.0 (0%) −4.2 (0%) −2.4 (7%)  

Fig. 10. Technology-parameter importance for maladaptation, from random-forest regression (500 trees) on the resilience-loss difference from 
the baseline.

12 cells were stable. Stability was strongest for Satellite internet, the only technology robust under both patterns (2/2 peaks, 2/2 
regime), and for Prediction-enhanced COP (3/3 peaks) and Blockchain-compliance (4/4 peaks, 3/4 regime). The least stable were AI-
intake under peaks (1/4) and Blockchain-traceability under both patterns (1/2 peaks, 1/2 regime), where small parameter changes 
flipped the profile between conditional, broad, and none. For the convergent configuration, stability was lower, consistent with the 
greater sensitivity of convergent chains to the information-technology parameters reported in the main findings. Where profiles 
were unstable, parameter variations shifted maladaptation between conditional maladaptation, broad maladaptation (without 
discriminating conditions), and no maladaptation.

E.3. Sensitivity to alternative baseline organizations

We conducted a sensitivity analysis on alternative baseline organizations. We assessed whether the maladaptation profiles depend 
on the specific baseline organization we assumed. We therefore reran the experiments with the baseline barrier_share_info raised 
from 0.50 to 0.75. The higher barrier value represents a baseline organization with substantially more friction in sharing information. 
We then re-derived each technology’s barrier value under this higher baseline. For technologies whose defining parameters did not 
include the barrier, the new baseline value also became 0.75. For technologies whose defining parameters included the barrier, the 
original shift relative to the baseline was preserved. This shift places Blockchain-traceability at 0.50. For Blockchain-compliance, 
preserving the original +0.25 shift would have placed the barrier at 1.0, the extreme value at which information sharing at the same 
horizontal level is entirely blocked. Therefore, the shift was reduced to +0.20, placing the barrier at 0.95 and avoiding the boundary 
case. We re-applied the same PRIM analysis, using the identical maladaptation resilience loss criterion (𝐷𝑒𝑙𝑡𝑎𝐿𝑜𝑠𝑠_𝑣𝑠_𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 > 0) 
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Table 21
Technology parameter portfolios used in the one-at-a-time (OAT) robustness analysis, sequential configuration. Each group lists the original 
specification first, followed by its single-parameter perturbations. The perturbed parameter is highlighted in bold. Values are read directly from
run_config.yaml.barrier=barrier_ask_labor, barrier_give_labor; hdelay=horizontal_delay, vdelay=vertical_delay; mem=length_memory; span= 
span_level1.
 Technology (variant) barrier hdelay mem span vdelay 
 Baseline
 Baseline 0.50 2 10 2 2  
 AI-intake  (vary hdelay, vdelay)
 AI-intake (original) 0.50 1 10 2 1  
  perturbed hdelay=0 0.50 0 10 2 1  
  perturbed hdelay=2 0.50 2 10 2 1  
  perturbed vdelay=2 0.50 1 10 2 2  
 AI-drones  (vary span)
 AI-drones (original) 0.50 2 10 4 2  
  perturbed span=8 0.50 2 10 8 2  
  perturbed span=16 0.50 2 10 16 2  
 Satellite internet  (vary span)
 Satellite internet (original) 0.50 2 10 4 1  
  perturbed span=8 0.50 2 10 8 1  
  perturbed span=16 0.50 2 10 16 1  
 Blockchain-traceability  (vary barrier)
 Blockchain-traceability (original) 0.25 2 10 2 1  
  perturbed barrier=0.40 0.40 2 10 2 1  
 Blockchain-compliance  (vary hdelay, vdelay, barrier)
 Blockchain-compliance (original) 0.75 3 10 2 3  
  perturbed hdelay=4 0.75 4 10 2 3  
  perturbed vdelay=4 0.75 3 10 2 4  
  perturbed barrier=0.95 0.95 3 10 2 3  
 Prediction-enhanced COP  (vary vdelay, mem)
 Prediction-enhanced COP (original) 0.50 2 5 2 0  
  perturbed vdelay=1 0.50 2 5 2 1  
  perturbed length_memory=7 0.50 2 7 2 0  

Table 22
Robustness fractions for the sequential configuration. Fractions indicate the number of parameter variants (including 
the original specification) for which the maladaptation profile type matched the original, out of the total number 
of variants tested. Profile labels: none = no maladaptation detected; broad = maladaptation with no discriminating 
conditions; conditional = maladaptation specific for restricted durations.
 Technology Peaks Regime shift
 Fraction Profiles Fraction Profiles  
 AI-intake 1/4 broad, conditional, none 3/4 broad, conditional 
 Blockchain-traceability 1/2 conditional, none 1/2 broad, conditional 
 Prediction-enhanced COP 3/3 none 2/3 broad, none  
 Blockchain-compliance 4/4 none 3/4 conditional, none  
 Satellite internet 2/2 none 2/2 none  
 AI-drones 3/3 none 2/3 broad, none  

Table 23
Robustness fractions for the convergent configuration. Fractions indicate the number of parameter variants (including 
the original specification) for which the maladaptation profile type matched the original, out of the total number 
of variants tested. Profile labels: none = no maladaptation detected; broad = maladaptation with no discriminating 
conditions; conditional = maladaptation specific for restricted durations.
 Technology Peaks Regime shift
 Fraction Profiles Fraction Profiles  
 AI-intake 4/4 broad 2/4 broad, conditional 
 Blockchain-traceability 1/2 broad, conditional 1/2 broad, conditional 
 Prediction-enhanced COP 2/3 broad, none 2/3 conditional, none  
 Blockchain-compliance 1/4 broad, conditional, none 3/4 conditional, none  
 Satellite internet 3/3 none 2/3 conditional, none  
 AI-drones 1/3 broad, none 2/3 conditional, none  

and the same classification into broad, conditional, and no maladaptation profiles. We then compared the resulting profiles against 

those from the original baseline (see Tables  24 and 25). 
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Table 24
Sensitivity of maladaptation findings to the baseline information-sharing barrier (sequential configuration). Fractions 
indicate the number of barrier variants (including the main body specification at barrier = 0.5) for which the 
maladaptation profile type matched the main body profile, out of 2 variants tested. Profile labels: robust = no 
maladaptation detected; broad = maladaptation with no discriminating conditions; conditional = maladaptation 
within a specific disruption-parameter region.
 Technology Peaks Regime shift
 Fraction Profiles Fraction Profiles  
 AI-drones 1/2 broad, robust 2/2 broad  
 AI-intake 1/2 broad, robust 2/2 broad  
 Blockchain-compliance 2/2 robust 1/2 conditional, robust 
 Blockchain-traceability 2/2 conditional 2/2 conditional  
 Prediction-enhanced COP 2/2 robust 1/2 conditional, robust 
 Satellite internet 2/2 robust 2/2 robust  

Table 25
Sensitivity of maladaptation findings to the baseline information-sharing barrier (convergent configuration). Frac-
tions indicate the number of barrier variants (including the main body specification at barrier = 0.5) for which 
the maladaptation profile type matched the main body profile, out of 2 variants tested. Profile labels: robust = 
no maladaptation detected; broad = maladaptation with no discriminating conditions; conditional = maladaptation 
within a specific disruption-parameter region.
 Technology Peaks Regime shift
 Fraction Profiles Fraction Profiles  
 AI-drones 1/2 broad, robust 1/2 broad, conditional  
 AI-intake 1/2 broad, robust 1/2 broad, robust  
 Blockchain-compliance 1/2 conditional, robust 1/2 conditional, robust 
 Blockchain-traceability 2/2 broad 1/2 broad, conditional  
 Prediction-enhanced COP 2/2 robust 2/2 robust  
 Satellite internet 2/2 robust 1/2 conditional, robust 

Across both configurations, 12 of 24 technology–pattern combinations retain the same maladaptation profile when the baseline 
barrier is raised from 0.50 to 0.75. Stability differs between configurations. The sequential configuration preserves 8 of 12 
technology-disruption pattern combinations, whereas the convergent configuration preserves only 4 of 12 combinations. Peaks and 
regime-shift patterns have 7 and 5 of 12 combinations unchanged. Prediction-enhanced COP, Blockchain-traceability, and Satellite 
internet are the most robust technologies (3 of 4 combinations show the same maladaptation profile). These results indicate that 
the main body findings are partially sensitive to the baseline information-sharing barrier.

E.4. Summary

The results from these three sensitivity analyses show that the results are partially condition-dependent. This condition-
dependence is itself a finding that information technology has no fixed value in crisis-response supply chains. That value depends on 
the crisis’s disruption pattern. An earthquake, a wildfire, and a flood each impose a different pattern. The value of the technology 
is therefore tied to the pattern of crisis it meets.

Appendix F. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.ijdrr.2026.106342.

Data availability

The model code and analysis notebooks are available at: https://doi.org/10.4121/5676067d-e852-4bf8-a346-0dac8379a9bd.
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