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ABSTRACT 

Artificial intelligence is increasingly becoming a regulatory factor. While 

efficiency has long been regarded as the guiding principle of economic systems, 

crises show the vulnerability of highly optimised structures. This paper examines 

the conditions under which AI contributes to the resilience of market organisations, 

understood as the ability to deal productively with uncertainty. Theoretical 

perspectives by Hayek and Taleb emphasise decentralised knowledge processing 

and antifragile learning processes. Empirical case studies from platform markets 

and critical infrastructure illustrate that AI either increases efficiency or enables 

stability, depending on how it is institutionally embedded. In platform markets, 

short-term optimisation dominates, while infrastructure systems rely on 

redundancy, scenario diversity and human correction capability. The results show 

that resilience does not come from technology but from system architecture. AI can 

become an adaptive module in dynamic markets if uncertainty is understood as a 

structural condition rather than an error. 
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INTRODUCTION 

Initial Situation: Efficiency Paradigm in 

Economic Theory  

For decades, economic progress has predominantly 

been measured in terms of efficiency. The smoother 

markets function, the faster processes run, the better 

- this has been the unspoken credo of many theories, 

models and reforms (Varian 2014; Krugman & 

Wells, 2018). At first glance, the idea behind this 

seems convincing: if all available information is 

processed immediately and resources are optimally 

distributed, stability seems almost guaranteed 

(Fama, 1970). However, reality has repeatedly 

shown how vulnerable such systems are when 

disruptions occur that are beyond their calculated 

range (Taleb, 2010; Haldane & May, 2011). The 

2008 financial crisis, supply chain breakdowns 

during the pandemic or algorithmic trading errors 

on digital markets are not just outliers. They point 

to a structural fragility in a system that prioritises 

efficiency over adaptability (Ivanov, 2020; 

Schröder et al., 2020). Especially where markets are 

highly automated and networked, there is often a 

lack of buffers, redundancies and adaptive 

mechanisms to deal with the unexpected (Gai et al., 

2011; Brynjolfsson & McAfee, 2017). What 

promotes efficiency can also undermine resilience. 

At the same time, artificial intelligence is becoming 

a key player in economic processes. Its use ranges 

from logistics and finance to real-time resource 

allocation (Chen et al., 2023; Kuiper et al., 2021). 

However, whether AI serves as a mere productivity 

booster or whether it can help to make markets more 

robust, remains largely open. The central question 

is no longer how quickly a decision is made, but 

how intelligently it functions under uncertainty and 

how resilient the structure in which it is embedded 

is. 

This work ties in with this area of tension. It 

examines whether and how AI can enable not only 

more efficient but also more resilient market 

organisations. It proposes a change of perspective: 

away from the ideal of smooth operations and 

towards an economy that not only endures 

disruptions but also integrates them productively. 

Problem Definition 

The idea of efficient markets has characterised 

many economic debates, often accompanied by the 

idea that technological innovations are natural 

progress towards this goal. It is precisely in highly 

optimised systems that a paradoxical weakness 

becomes apparent: their efficiency is often linked to 

instability. Markets that react to short-term signals 

quickly lose their orientation as soon as the 

environmental conditions can no longer be 

modelled in existing calculation models. The global 

financial markets, fragmented supply chains and 

algorithmically controlled trading platforms 

illustrate this vulnerability in various ways (Taleb, 

2010; Gai et al., 2011). Artificial intelligence is at 

the centre of a structural change. It not only changes 

work processes but also shifts the nature of 

economic decisions. Algorithms recognise patterns, 

model complexity and simulate options. However, 

it remains unclear whether this will result in more 

resilient market organisations or merely more 

efficient, but not more stable ones. The critical gap 

lies in the question of whether AI can be understood 

as an active subsystem that is capable of learning 

and adapting to changing conditions (Rahwan et al., 

2019). 

Research Question and Objective 

The problems described above give rise to a key 

question: To what extent can artificial intelligence 

contribute to the stabilisation of volatile markets? 

And under what conditions does this effect become 

a structural component of economic resilience 

rather than a coincidence? 

This work pursues this question without expecting 

simple answers. The focus is on combining 

theoretical concepts of resilience, system behaviour 

and algorithmic decision logic. It examines the 

conditions under which AI not only acts as an 

efficiency booster but also assumes regulatory 

functions, for example, through the early detection 
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of disruptions, adaptive reactions or the stabilisation 

of economic processes under uncertainty (Linkov et 

al., 2014; Ilcic, Fuentes & Lawler, 2025). The 

guiding idea is that resilience does not arise in the 

algorithm itself, but in the system architecture that 

structures its use. 

Hypothesis 

Whether artificial intelligence contributes to the 

stabilisation of volatile markets depends on how it 

is embedded. The decisive factor is whether it 

becomes part of a system that favours 

responsiveness rather than control. Resilience does 

not require complete information, but rather the 

productive handling of uncertainty. Many 

applications show that AI becomes effective when 

it is integrated into adaptive and decentralised 

structures, for example, in financial monitoring, 

real-time logistics or in coping with sudden market 

dynamics (Brynjolfsson & McAfee, 2017). 

Structure of the Work 

The following chapter is dedicated to the theoretical 

background and discusses terms such as resilience, 

system adaptivity and algorithmic decision-making. 

Different streams of economic systems theory and 

AI research are categorised here. The following 

chapter describes the methodological approach of 

the work. The focus is on qualitative system 

analysis, the targeted selection of contrasting case 

studies and the development of analytical criteria 

for the evaluation of resilience characteristics. 

Chapter 4 is dedicated to the empirical investigation 

of specific fields of application in which AI-based 

systems contribute to the stabilisation of economic 

processes, for example, in highly volatile trading 

environments or in the management of critical 

infrastructures. Chapter 5 discusses the findings and 

categorises them theoretically. Chapter 6 reflects on 

the limitations of the study. Chapter 7 concludes 

with a summarising conclusion and an outlook on 

further research perspectives. 

THEORETICAL BACKGROUND 

Efficiency vs. Resilience in Economic System 

Design 

Efficiency is not a new ideal. Since the classical 

theories of pricing, it has been assumed that markets 

function better the faster they process information, 

allocate resources and minimise disruptions. In this 

logic, the superfluous is considered a flaw. 

Redundancies are eliminated and frictional losses 

are removed. What remains should be optimised to 

be elegant, lean and productive. But this is where 

the problem begins: what appears to be optimal is 

often vulnerable (Haldane & May, 2011). 

Because if everything is sewn to the edge, there is 

no opportunity to react. Efficiency does not tolerate 

reserves. It is precisely these reserves that a system 

needs when it is confronted with uncertainty. It is 

not the predictable deviation that is dangerous, but 

what lies beyond any modelling. Shocks that were 

not foreseen. Interactions that cannot be linearised. 

Such moments reveal that stability does not come 

from perfection, but from adaptability (Taleb, 

2010). 

Resilience refers to this ability. It does not describe 

a return to the initial state, but rather the process of 

dealing with disruption, absorbing it and 

reorganising itself. This can mean that a market 

functions in a fragmented rather than centralised 

way. Or that decisions are made more cautiously 

rather than more quickly. Resilience is often less 

visible than efficiency, but no less effective (Linkov 

et al., 2014). 

There is no easy choice between the two concepts. 

It is not a question of replacing one with the other. 

Rather, the question is how to think about markets 

that can do both: act efficiently without losing their 

adaptability. In other words, an architecture that 

does not rely on equilibrium, but on responsiveness. 

Overview of Resilience-oriented Market Models 

Not all economic theories follow the ideal of 

plannable order. Friedrich August von Hayek, for 

example, argued early on that markets are not 
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machines but living orders that have grown, and not 

been designed. What mattered to him was not 

optimisation, but the ability of a system to deal with 

local knowledge. Decisions, according to Hayek, 

are not made centrally, but in scattered minds, in 

concrete situations, under uncertainty (Hayek, 

1945). It is precisely this decentralisation that makes 

a system robust because nobody needs to know 

everything for the whole to work. From this 

perspective, resilience is not a property that can be 

planned. It is emergent. It results from diversity, 

from not knowing, and from the ability to allow 

errors without the overall system collapsing. For 

Hayek, the strength of the market lay in its 

incompleteness - precisely because no one has full 

control, the system remains flexible. Interventions 

that interrupt this decentralisation, therefore, always 

harbour the risk of replacing resilience with 

deceptive control. 

Nassim Nicholas Taleb, on the other hand, takes a 

different approach but with a similar thrust. In his 

view, the resilient market is not just stable, but 

antifragile. In other words, it needs disruption to 

learn. Systems that are built on fragility break when 

they are shocked. Antifragile systems grow with it. 

This only works if not all units react in the same 

way. In this context, Taleb speaks of modular, 

fragmented orders in which the failure of individual 

elements is permitted in order to preserve the whole 

(Taleb, 2012). 

Both perspectives, Hayek's decentralised 

knowledge model and Taleb's idea of antifragility, 

oppose central optimisation. They rely on learning 

processes, on irritation, and on structured 

incompleteness. This is precisely where a 

connection point for artificial intelligence arises: not 

as a planning tool, but as a dynamic element within 

adaptive systems. 

AI in the Economy: Autonomous Systems, 

Learning Agents, Market Interventions 

Artificial intelligence has long since left the phase 

of experimental fringe applications. It is present in 

almost all economic sectors, sometimes visible, 

sometimes structurally embedded. What begins as a 

software solution quickly becomes an organising 

factor. Recommendation algorithms are changing 

demand behaviour. Pricing mechanisms on 

platforms no longer react to markets, they help 

create them. Logistics systems decide on routes 

before people recognise a problem. Autonomous 

agents act in milliseconds, which used to take days 

(Brynjolfsson & McAfee, 2017). It is not only the 

speed of decisions that is changing but also their 

quality. Learning systems observe, compare and 

extrapolate. They develop decision-making patterns 

that cannot be fully explained but are functional. 

These systems are not just tools. They intervene in 

dynamics, in feedback, and in expectations. In the 

financial sector, for example, algorithmic reactions 

to volatility arise, which can be amplified by the 

same systems. What begins as analysis ends in 

intervention (Brennen et al., 2020). In this mixed 

situation, resilience becomes the key issue. Not 

every AI application contributes to making a system 

more robust. On the contrary, some applications 

increase vulnerability due to a lack of transparency, 

black box structures and cascades of automatic 

reactions. There are also counterexamples. Early 

warning systems in energy and supply chains, 

adaptive capacity control in air traffic, and risk-

sensitive lending with ethically coded models all 

show that learning systems can help not to avoid 

uncertainty, but to deal with it (Chen et al., 2023). 

Artificial intelligence is therefore at a threshold. 

Depending on how it is embedded, centralised or 

decentralised, open or closed, it can contribute to 

stabilisation or create new instabilities. The design 

of this embedding determines whether AI remains 

an instrument or becomes an actor. 

Definitions of Terms: Resilience, System 

Stability, AI Agents 

When we talk about resilience in an economic 

context, we are talking about more than just 

resilience. It is not about resistance alone but about 

a form of mobility- the ability to reorganise under 
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uncertainty without tipping over into chaos. In 

systems research, resilience means the ability to 

remain within functional parameters despite 

external disruptions, while not excluding structural 

changes, but rather integrating them (Linkov et al., 

2014). Resilient markets are not rigid; they 

sometimes deform in irritating and sometimes 

creative ways. 

System stability, on the other hand, is a narrower 

term. It is aimed at states, at repeatability, at 

equilibrium. Stability means that a system returns to 

its original state after a disturbance, either by itself 

or through intervention. In classical economics, 

stability is often equated with market equilibrium. 

But this is precisely where the confusion arises: a 

stable market can be fragile. A resilient system can 

move far away from equilibrium without collapsing 

(Holling, 2001; Gai et al., 2011). The concept of AI 

agents brings a third level into play. This is no 

longer just about systems, but about agents that are 

artificially generated, technically programmed, but 

autonomous in certain respects. AI agents do not 

make decisions purely deterministically, but 

probabilistically, often based on past data, but 

increasingly in real-time contexts. They learn, they 

adjust, they anticipate and they do not just act 

reactively, but with their logic of action within 

defined degrees of freedom (Rahwan et al., 2019). 

The conceptual framework of this work lies in the 

combination of these three terms: resilience, 

stability and agents. It is about systems that are not 

perfect, but capable of learning. It is about order that 

is not imposed from the outside, but created from 

within and about technologies that not only 

calculate but also act. 

 

RESEARCH DESIGN AND METHODOLOGY 

Methodological Approach: Qualitative System 

Analysis, Scenario Comparison 

This study is situated at the intersection of 

theoretical modelling and empirical system 

analysis. A purely quantitative approach is 

deliberately avoided, as the phenomena under 

investigation resilience, AI integration and system 

behaviour are relational and context-dependent. A 

qualitative-analytical design was chosen to permit 

interpretive depth, based on structured case 

comparisons and conceptual triangulation 

(Mayring, 2014). 

Empirical grounding was ensured through ten semi-

structured expert interviews with actors from digital 

logistics, critical infrastructure and applied AI 

development. Participants were selected via 

theoretical sampling, based on sectoral relevance, 

demonstrable experience with AI-driven systems 

(minimum five years), and institutional diversity. 

Interviews were conducted via encrypted video 

calls, transcribed in full and analysed by thematic 

coding in line with Mayring’s qualitative content 

analysis. The findings were not statistically 

evaluated but used for plausibility testing and 

refinement of the conceptual framework. 

This design rests on the assumption that economic 

resilience emerges from structural configurations 

rather than isolated variables. It prioritises pattern 

recognition over hypothesis testing and seeks to 

reconstruct systemic responses to uncertainty. The 

focus lies not on deterministic causality but on 

dynamic interdependencies (Holling, 2001). 

Case Selection: Markets with Strong AI 

Adoption vs. Classic Market Architecture 

A comparative case analysis is used. Two types of 

economic systems with a high use of AI are 

analysed: firstly, platform markets with algorithmic 

pricing (e.g. real-time goods distribution in online 

retail) and secondly, AI-supported infrastructures in 

the areas of logistics and energy supply. Both 

contexts are characterised by high complexity and 

time-critical control, making them ideal test 

environments for resilient or non-resilient effects of 

machine decision logic (Brennen et al., 2020; Chen 

et al., 2023). 
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The data basis includes publicly available company 

reports, technical documentation, regulatory 

statements and selected interviews with industry 

representatives (where available). In addition, 

scientific case studies are used that already contain 

empirical findings on AI system behaviour under 

stress conditions. The selection is theory-driven 

according to relevance, not representativeness. 

Operationalisation of Resilience: Indicators, 

Criteria, Measurement Methods 

As resilience is not a measurable parameter, it is 

approximated using four structuring criteria: 

Fault detection: Does the system react early to 

unexpected changes? 

Adaptability: Can processes or decisions be 

reconfigured flexibly? 

Robust redundancy: Are there functional reserves 

or alternative courses of action? 

Learning ability: Does the system develop new 

patterns over time based on past experience? 

These criteria are heuristic. They are not used to 

assess success or failure, but to describe resilience 

profiles. A key question will be whether there are 

systematic differences in the role of AI between 

platform markets and critical infrastructure and 

whether these differences can be attributed to design 

decisions, institutional embedding or technological 

limitations (Linkov et al., 2014). 

EMPIRICAL FINDINGS / ANALYSIS 

Platform Markets and Algorithmic Pricing 

Digital platforms such as Amazon, Uber and 

delivery services operate in real time. Their market 

logic is based on algorithmic pricing, automated 

offer management and learning recommendation 

structures. These systems are impressively efficient. 

However, the analysis also shows that resilience is 

not an inherent characteristic. In situations of 

sudden peaks in demand, such as supply bottlenecks 

during the pandemic, massive distortions occurred 

in several cases because algorithms overestimated 

short-term trends and no buffer mechanisms were 

provided (Schröder et al., 2020). 

The Amazon Prime Now express service provided a 

particularly striking example. During the first 

lockdown phase, demand for certain goods rose 

sharply. The algorithmic control systems reacted to 

this development by automatically redirecting 

deliverable quantities to products with higher 

margins. At the same time, there were considerable 

price movements because the price model did not 

differentiate between normal shortages and supply 

gaps caused by the crisis. In some cases, essential 

goods were no longer delivered at all, while non-

system-relevant items remained available. The AI 

systems' ability to learn remained limited as they 

relied on historically trained demand clusters and 

did not recognise short-term context signals as 

structural breaks. 

Only with a time delay and external intervention 

was it possible to initiate a correction to the 

prioritisation logic. This episode is an example of 

how AI-based systems in platform markets are 

highly efficient, but at the same time vulnerable if 

deviations are not integrated into their functional 

logic. The result is not fault tolerance, but an 

increase in imbalance. 

Logistics and Infrastructure Systems 

In the area of critical infrastructure, such as power 

grids or global logistics, the picture is different. 

Here, redundancy and crisis scenarios are part of the 

system architecture. AI is not primarily used to 

increase efficiency but to avoid risks. Early warning 

systems in supply networks combine real-time data 

with historical patterns to prevent overloads. In 

global shipping, adaptive agents help to mitigate 

bottlenecks by adjusting routes long before a human 

would intervene (Kuiper et al., 2021). 

The European grid operator TenneT offers an 

imposing example. It uses an AI-based load 

management system that continuously analyses load 

flows, simulates grid loads and anticipates response 
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options. In extreme weather conditions or feed-in 

peaks from renewable sources, the system can 

suggest adaptive interventions, for example by 

redistributing loads, temporarily activating storage 

or activating decentralised reserves. The winter 

storm Sabine in 2020, in particular, showed how 

early simulations helped to keep the grid stable even 

though several conventional load paths had failed. 

The decision-making processes remained reversible 

and open to human intervention without any loss of 

control. 

This type of system integration shows that AI does 

not function here as an acceleration tool but as a 

sensory and adaptive element in a deliberately 

fragmented infrastructure. The technology 

supplements human decision-making with machine 

anticipation without being tied to a one-dimensional 

efficiency criterion. Resilience results from system 

design, not from technical autonomy. 

Comparative Observations 

A comparative analysis reveals a structural pattern 

that goes beyond technical differences. Platform 

markets tend to be monofunctional. Their systems 

are designed to achieve short-term efficiency gains, 

anticipate user behaviour and optimise supply logic. 

The algorithmic controls within such markets show 

high reaction speed but low context sensitivity. 

Deviations are not interpreted as signals of 

productive uncertainty, but as errors that need to be 

corrected. 

In the case of Amazon Prime Now, this logic 

became particularly apparent. The AI-supported 

control system reacted to sudden increases in 

demand with market logic but without any structural 

learning ability. Neither supply bottlenecks were 

anticipated nor were social urgencies taken into 

account. The algorithms reinforced a market 

distortion that appeared rational from the system's 

point of view but contributed to destabilisation from 

a systemic perspective. 

In contrast, critical infrastructures have historically 

been configured differently. Systems such as 

TenneT rely on early warning, redundancy and 

decision-making diversity. AI is not seen here as a 

replacement for human control, but as a supplement 

within a modular, decentralised decision-making 

framework. The technology not only observes, but 

also interprets probabilities, tests scenarios and 

allows interventions that are neither deterministic 

nor final. The decisive factor is that errors are not 

ruled out, but factored in. Not every forecast has to 

be correct. The decisive factor is that new patterns 

can emerge from deviations. 

These differences can be concretised using the four 

heuristic resilience indicators: 

• Fault detection: Platform systems only 

recognise deviations at an early stage if they 

correspond to a known pattern. Infrastructure 

systems, on the other hand, combine real-time 

data with historical and simulated patterns to 

recognise significant changes at an early stage. 

• Adaptability: While platforms activate 

automated reaction paths that are rarely 

scrutinised, infrastructure systems integrate 

human decision-making scope and alternative 

options for action. 

• Robust redundancy: Platform markets 

optimise for scarcity and lean structures. 

Infrastructures, on the other hand, allow 

deliberate overcapacity in order to be able to 

react in the event of a disruption. 

• Learning ability: Platforms learn along 

predictable demand profiles, but hardly react to 

structural breaks. Infrastructures use 

simulations and feedback to further develop 

behaviour patterns iteratively. 

This comparison confirms the central hypothesis of 

this work: resilience is not a characteristic of 

technology, but an expression of institutional 

frameworks. The functioning of artificial 

intelligence is not neutral. It reflects the target 

architecture of the respective system, its norms and 

its openness to uncertainty. Platform markets that 
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are geared towards short-term profitability bind 

their algorithms to a narrow understanding of 

optimisation. Infrastructure systems, on the other 

hand, which are designed for stability and security 

of supply, open up the scope for adaptive reactions. 

The same technology has opposite effects under 

different conditions. 

Resilience is therefore not reflected in the technical 

excellence of an algorithm but in the ability of a 

system to read context, allow for diversity and 

enable learning processes. It is institutional 

intelligence, not computing power, that determines 

stability or fragility. 

DISCUSSION AND CLASSIFICATION 

Interpretation of the Results 

The analysis shows that resilience does not 

automatically go hand in hand with the use of 

artificial intelligence. The decisive factor is not the 

technical potency of a system, but its institutional 

orientation. In platform markets, it became clear 

how closely the behaviour of artificial agents is 

linked to the system's objectives. Algorithms that 

have been trained for efficiency and predictability 

do not react adaptively under uncertainty. This is 

not due to faulty calculations but to their goal-

orientation. They interpret deviation as an anomaly, 

not as a learning impulse. The result is reaction 

patterns that reinforce rather than dampen 

instability. 

In the example of Amazon Prime Now, it was not 

possible to strike a balance between short-term 

demand behaviour and long-term security of supply. 

The control logic was not able to prioritise social 

relevance, critical goods or distribution issues. The 

algorithm acted rationally in terms of its 

parameterisation, but irrationally concerning 

systemic resilience. Resilience was left out because 

it was neither a goal nor a criterion. 

In contrast, TenneT's infrastructure management 

shows a contrasting approach to uncertainty. Here, 

AI was not used to speed up processes but to create 

room for manoeuvre. The systems simulate, observe 

and make suggestions without authoritarian 

decision-making logic. Human intervention remains 

possible, technological processes can be reversed 

and incorrect assumptions can be corrected. This 

architecture proved its worth in stressful situations 

such as the winter storm Sabine because it allows 

for decentralisation, redundancy and a variety of 

scenarios. Stability was not created by excluding the 

unexpected but by the ability to deal productively 

with deviations. 

This confirms the central thesis of this work: 

artificial intelligence does not act as a guarantor of 

stability, but rather as an amplifier of institutional 

logic. If a system eliminates uncertainty, AI is also 

oriented towards control and error avoidance. If a 

system allows learning processes, the technology 

becomes part of a dynamic order. The direction is 

not determined by the code but by the context. 

This realisation follows on from the theoretical 

foundations. Taleb's concept of antifragile systems 

emphasises the necessity of irritation and modular 

structure. Hayek's theory of decentralised 

knowledge processing emphasises the ability to 

make decisions under uncertainty. Neither 

approaches do not place planning at the centre, but 

rather the ability to react. This is precisely where the 

potential of intelligent systems lies: not in perfect 

judgement, but in supporting evolutionary 

adaptation. AI does not become an actor through 

complexity but through embedding. 

Theoretical and Practical Implications 

The available results suggest that artificial 

intelligence only contributes to stabilisation where 

the system is prepared for change. An efficiency-

oriented design minimises uncertainty, but at the 

same time neutralises the ability to adapt. A 

resilience-oriented design, on the other hand, 

accepts ignorance as a constitutive element and 

organises decision-making processes around 

openness rather than security. This distinction not 

only relates to technical issues but also refers to the 
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normative dimension of digital market design. 

Systems that exclude learning processes cannot 

develop resilience, even if they are formally 

considered technologically mature. By contrast, 

systems that allow irritation gain stability, even if 

their forecasts remain inaccurate. Quality does not 

result from precision but from structure. 

In practical terms, this means that it is not enough to 

develop new algorithms. What is needed is an 

institutional environment that enables learning. 

Regulations should promote flexibility and not just 

aim to minimise risk. Market incentives should 

favour diversity and not create homogeneity. 

Technical standards should not conceal complexity, 

but make it accessible. Social expectations also play 

a role. If artificial intelligence is understood as the 

promise of perfect control, this idea suppresses its 

actual strength, namely, productive imperfection. 

Particularly in the area of algorithmically controlled 

financial systems, such as stablecoins, it is clear 

how much the impact of digital market architectures 

depends on the existence of clear regulatory guard 

rails. Without guidelines on transparency, risk 

allocation and feedback, technological fragility 

rather than resilient structures will emerge (Arner, 

Auer & Frost, 2020). Resilient systems do not 

operate against uncertainty but with it. The role of 

artificial intelligence in such systems is not to 

dominate decisions, but to prepare them. Its strength 

lies not in asserting itself, but in proposing. Not in 

closing things down, but in keeping them open. 

The following illustration summarises this key 

message. Resilience in AI-supported market 

organisations arises from the interplay of 

institutional openness, technical feedback and 

systemic learning ability. Technology does not 

provide a solution but opens up room to manoeuvre 

that can only be effective within a suitable 

framework. 

Figure 1: Resilience model of AI-supported market organisations (own illustration). 

 

LIMITATIONS OF THE STUDY 

Methodological Limits 

This work chooses a qualitative-analytical approach 

that deliberately avoids formal generalisability. The 

investigated phenomena of resilience, AI 
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embedding and system reactions are context-bound, 

relational and can only be operationalised to a 

limited extent. Their analysis requires hermeneutic 

openness, not standardised measurement. The 

chosen method makes it possible to visualise 

dynamics but does not rely on quantitative evidence. 

This limits the possibility of asserting causal 

relationships in the narrower sense. The selection of 

cases also does not follow the principle of 

representativeness but is orientated towards 

heuristic relevance. Amazon and TenneT are 

examples of contrasting system logic, but they only 

cover some of the possible constellations. Other 

sectors, such as the financial sector, healthcare 

logistics or automated mobility networks, are not 

taken into account, even though resilience-relevant 

AI applications also exist there. The significance of 

the analysis is therefore not fully transferable, but 

must be read in the light of its selection conditions. 

In addition, the empirical accessibility of many AI 

systems remains limited. Algorithmic control 

systems in platform markets, in particular, operate 

in closed data ecosystems. Important decision-

making logic remains opaque, and technical 

documentation is incomplete or proprietary. The 

possibility of directly observing machine learning 

behaviour is also limited. Where there is a lack of 

empirical depth, secondary analyses and theoretical 

feedback have to be used. 

These methodological limitations are not a flaw of 

the work, but an expression of its epistemological 

setting. The aim was not to measure the behaviour 

of artificial systems in detail but to reconstruct their 

structural function in different market systems. This 

reconstruction inevitably remains incomplete, but it 

is precisely in this gap that its epistemological value 

lies. 

Content and Ethical Restrictions 

The work operates with a specific understanding of 

resilience that is based on systems theory and 

economic perspectives. Psychological, ecological 

or political-normative interpretations were 

excluded, as were resilience theory approaches from 

disaster research or urban design. A broader 

embedding within economics would also be 

conceivable, for example via behavioural 

economics, organisational theory, or institutional 

economics approaches. The chosen focus allows for 

analytical depth but excludes other narrative 

approaches. Ethically, the question remains open as 

to whether AI-based systems are even capable of 

fulfilling normative expectations of market 

behaviour. Who defines what is considered capable 

of learning? Who decides on the reasonableness of 

errors in the name of structural robustness? What 

power relations arise when AI decides on allocation, 

prioritisation or access without these decisions 

being tied back to democratic control? 

These questions have only been hinted at in this 

work. They go beyond the scope of the analysis 

chosen here, but mark a field in which future 

research is necessary. Resilience is not just a 

technical or functional property. It is also a political 

setting with implicit winners and losers. This 

perspective remains open, but should not remain 

unnamed. 

CONCLUSION AND OUTLOOK 

Summary of the Findings 

This analysis shows that artificial intelligence is no 

guarantee for resilient markets. Its effectiveness 

depends not only on its technical design but also to 

a large extent on the structure of the system in which 

it is embedded. Platform markets that primarily use 

AI to increase efficiency show fragile reaction 

behaviour under uncertainty. In contrast, 

infrastructures that are geared towards fault 

tolerance and adaptive control use AI as a means of 

supporting stabilisation. The decisive factor is not 

how much a system "knows", but how it deals with 

ignorance. Resilience arises where learning ability, 

redundancy and decision-making diversity are not 

excluded but actively enabled. In this context, AI 

can be an amplifier of stabilising dynamics, but only 

if the system is designed for adaptation rather than 

optimisation. 
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Evaluation of the Research Question 

The central research question of whether AI can 

contribute to the stabilisation of volatile markets can 

be answered with a conditional yes. AI develops 

resilience-promoting potential when it is integrated 

into open, adaptive and decentrally structured 

systems. However, this effect is not inherent, but 

rather institutionally mediated. Systems that hide 

uncertainty and aim for homogenisation also 

integrate AI into this structure. Conversely, 

resilience-oriented designs enable a productive 

functional extension of algorithmic agents. The 

hypothesis that AI can contribute to stabilisation, 

provided it is embedded in adaptive decision-

making structures, was supported by the contrasting 

case analysis. At the same time, it shows that 

technological innovation alone is not enough. The 

decisive variable lies in the economic framing, not 

in the code. 

Further Research Approaches 

The considerations developed in this paper do not 

mark an end point, but rather a starting point for in-

depth research at the interface between technology, 

market structure and uncertainty. Artificial 

intelligence is changing the way economic systems 

function, but its impact remains dependent on the 

institutional environment. If resilience is 

understood not as a technical by-product but as a 

systemic quality, then new questions come to the 

fore. A key research requirement is to 

systematically record the effect of AI-supported 

systems under stress conditions. This requires 

research designs that not only analyse past 

performance data but are also able to make latent 

reaction patterns visible. Simulations, adaptive 

system analyses and explorative modelling could 

help to empirically reconstruct the dynamics of 

machine learning processes under uncertainty. 

Furthermore, it seems necessary to validate the 

observed distinction between platform architectures 

and infrastructure systems more broadly. Can 

similar differences also be observed in the financial 

sector, in agricultural logistics or in medical care? 

What role do cultural, regulatory or sectoral 

differences play in the embedding of algorithmic 

systems? And which institutional configurations 

favour resilient behaviour? In addition to these 

empirical approaches, a stronger conceptual 

examination of the question of how machine 

decision-making can be integrated into fragmented, 

dynamic and non-linear contexts is also required. 

Traditional control models are not sufficient for this. 

What is needed is a theoretical understanding of 

order that treats instability not as an exception, but 

as part of systemic normality. The further 

development of such approaches can help to realign 

the debate on AI governance away from the fiction 

of total control and towards forms of 

institutionalised responsiveness. 

In the long term, it remains to be seen whether new 

forms of economic rationality can be developed. A 

rationality that does not seek to neutralise 

uncertainty, but rather integrates it productively. 

This is precisely where the challenge of a resilient 

economy in the age of AI begins. 

GOVERNANCE OF RESILIENT AI 

MARKETS 

If AI systems are to contribute to the stabilisation of 

economic processes, their functional logic must be 

linked to a form of institutional intelligence. 

Resilience is not created in code but in the interplay 

of technical possibilities, social expectations and 

normative guard rails. In this sense, governance is 

not merely regulatory work, but a constitutive 

component of adaptive market systems. 

Resilience-oriented AI governance requires a 

reversal of familiar management principles. The 

starting point must be different, not standardised. 

Adaptability, not efficiency, becomes the target 

criterion. Markets that are optimised for smoothness 

tend to be fragile because they do not allow for 

structural reserves. Governance that wants to enable 

resilience must create space for uncertainty, for 

detours, for divergent logic. This also means that 
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technological systems cannot be designed 

independently. Their impact depends on how 

responsibility is distributed, how feedback channels 

are organised and how intervention rights are 

defined. AI must remain connectable not only in a 

technical sense but also in social, legal and ethical 

terms. This requires open interfaces, participatory 

decision-making processes and transparent 

prioritisation rules. Only then can machine-based 

decision-making logic be part of a system that is 

designed for sustainable stability. At the same time, 

the question arises as to how power is organised 

within such systems. Who decides what counts as a 

deviation? Who decides when an intervention is 

appropriate? And who has access to the data based 

on which AI systems learn? These questions cannot 

be solved technocratically. They affect the 

relationship between the market, the state and 

society. Resilient AI governance, therefore, requires 

not only regulatory expertise but also political 

awareness. 

A sustainable order will not consist of eliminating 

uncertainty. Rather, it will consist of 

institutionalising it not as a threat, but as a condition 

for adaptive systems. AI can play a central role in 

this order, but only if it does not function in 

isolation, but is embedded in contexts that can 

withstand contradiction, allow deviation and enable 

change. 
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