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CHOOSING AGENT-BASED MODELLING AS A METHOD OF SOCIAL 

RESEARCH: PRACTICAL RECOMMENDATIONS 
 

Agent-based modelling (ABM) has gained widespread adoption as a computational method in the 

social sciences. However, methodological criteria for determining the appropriateness of applying 

ABM remain insufficiently formulated. This study addresses the problem of (in)appropriate ABM 

selection, which leads to methodological errors and inefficient resource allocation. The article 

analyses ABM's historical development across four phases, from its origins in complex systems theory 

to its contemporary achievements. We examine the trajectory of ABM development in Ukraine, 

demonstrating how researchers have applied established methodologies to language dynamics, 

electoral processes, and epidemic modelling since the early 2010s, focusing on empirical applications 

to local phenomena. We found that different modelling paradigms reflect distinct epistemological 

approaches: statistical models serve forecasting, while ABM explains generative mechanisms and 

explores hypothetical scenarios. The author has developed an eight-criterion assessment framework to 

evaluate agent autonomy, heterogeneity, local interactions, feedback mechanisms, path dependence, 

emergent properties, research objectives, and the availability of analytical solutions. Each criterion 

receives a score of 0 to 2, giving total scores ranging from –8 to 14. The fitness of ABM is defined as 

high (11–14 points), moderate (7–10 points), or low (less than 7 points). Validation demonstrates 

distributive capacity: Schelling's segregation model achieves 14 points while traffic optimisation 

receives 0 points. Application to 17 Ukrainian ABM studies published in 2010–2024 revealed the 

following distribution: eight cases (44%) demonstrated high fitness addressing complex systems, six 

cases (33%) received moderate fitness with certain limitations, four cases (22%) showed low fitness 

due to terminological misunderstanding. Correlation analysis identifies emergence and path 

dependence as the strongest predictors of ABM appropriateness. Ukrainian research demonstrates 

stronger methodological foundations than global patterns, where approximately 80% of applications 

follow minimal ad hoc approaches. 
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ВИБІР АГЕНТНОГО МОДЕЛЮВАННЯ ЯК МЕТОДУ СОЦІАЛЬНОГО 

ДОСЛІДЖЕННЯ: ПРАКТИЧНІ РЕКОМЕНДАЦІЇ 
 

Агентне моделювання (Agent-based modeling, ABM) набуло широкого поширення як обчислю-

вальний метод у соціальних науках. Однак методологічні критерії для визначення доречності 

застосування ABM залишаються недостатньо сформульованими. Це дослідження присвячене 
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проблемам (не)відповідного вибору ABM, що призводить до методологічних помилок і 

неефективного використання ресурсів. У статті проаналізовано історичний розвиток ABM у 

чотирьох фазах: від витоків теорії складних систем до сучасних досягнень. Досліджено 

траєкторію розвитку ABM в Україні та продемонстровано, як дослідники з початку другого 

десятиліття ХХІ ст. застосовували усталені методології до мовної динаміки, виборчих 

процесів і моделювання епідемій, зосереджуючись на емпіричному застосуванні до місцевих 

феноменів. Зазначено, що різні парадигми моделювання відображають різні епістемологічні 

підходи: статистичні моделі підходять для прогнозування, тоді як ABM пояснює генеративні 

механізми та досліджує гіпотетичні сценарії. Автором розроблена система оцінки з вісьмома 

критеріями для оцінки автономії агентів, гетерогенності, локальних взаємодій, механізмів 

зворотного зв’язку, залежності від шляху, емерджентних властивостей, дослідницьких цілей і 

наявності аналітичних рішень. Кожен критерій оцінюється від 0 до 2, що дає загальну оцінку 

від –8 до 14. Придатність до застосування ABM визначається як висока (11–14 балів), помірна 

(7–10 балів) або низька (менше ніж 7 балів). Проведена валідація засвідчила розподільчу 

здатність системи: модель сегрегації Шеллінга отримала 14 балів, тоді як оптимізація 

дорожнього руху отримала 0 балів. Застосування підходу до 17 українських досліджень з 

використанням агентного моделювання, опублікованих у 2010–2024 рр., виявило такий 

розподіл: вісім випадків (44%) продемонстрували високу оцінку, шість випадків (33%) – 

помірну оцінку з певними обмеженнями, чотири випадки (22%) показали низьку придатність 

через термінологічні непорозуміння. Кореляційний аналіз визначив емерджентність і 

залежність від шляху як найсильніші предиктори релевантності застосування ABM. 

Українські дослідження продемонстрували кращі методологічні засади, ніж глобальні моделі, 

де приблизно 80% досліджень використовують мінімальні ad-hoc підходи. 

 

Ключові слова: агентне моделювання, обчислювальні соціальні науки, генеративна соціологія, 

вибір методології, українське суспільство. 

 

Agent-based modelling (ABM) has become an increasingly popular computational 

method in the social sciences, offering unique insights into systems characterised by 

heterogeneity, local interactions, and emergent behaviours. Since its development in the 

early 1990s, this approach has been applied across economics, sociology, political science, 

and public policy analysis, with applications ranging from financial market dynamics and 

urban planning to epidemic modelling and social network analysis. 

In ABM, autonomous, heterogeneous agents (individuals, households, organisations, or 

other entities) follow simple rules and interact within explicit environments such as physical 

space, social networks, or institutional settings. The method‟s appeal lies in its ability to 

capture complex social phenomena through bottom-up simulation, where macro-level 

patterns such as segregation, price bubbles, or norm compliance emerge from micro-level 

interactions among agents rather than being imposed from above [1–3].  

However, ABM‟s growing popularity has led to a concerning trend: researchers 

increasingly select this approach based on technical appeal rather than analytical 

appropriateness. R. Conte and M. Paolucci‟s systematic analysis found that approximately 

80% of published ABM papers use minimal approaches with ad hoc behavioural rules rather 

than theory-driven mechanisms [4]. The most problematic applications occur when ABM is 

applied to fundamentally deterministic systems, such as manufacturing optimisation [5] or 

traffic systems with centralised control [6], for which established analytical solutions exist. 
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Agent-based models rely heavily on regression-based parameters in their development 

and calibration, potentially incorporating reductionist biases. Their stochastic nature limits 

suitability for precise forecasting, confining their utility to qualitative scenario comparisons. 

This misuse wastes resources, delays timelines, and reduces the credibility of computational 

social science. The problem appears particularly severe in interdisciplinary research, where 

investigators may be unfamiliar with classical methods better suited to their questions. 

This article has two objectives: 1) to develop a practical framework for the systematic 

ABM selection; 2) to evaluate Ukrainian ABM research patterns. To achieve this, we 

examine ABM‟s historical development worldwide and in Ukraine, establish criteria for 

identifying systems suitable for ABM, compare ABM‟s epistemological foundations with 

those of alternative paradigms, and validate the framework using Ukrainian studies. 

The Agent-Based Modeling method emerged from early work on cellular automata and 

artificial life at the Santa Fe Institute in the late 1980s. This approach employed a generative 

research strategy, explaining social patterns by programming plausible micro-mechanisms 

and demonstrating, through simulation, that these mechanisms reproduced the observed 

patterns [7]. At the same time, platforms such as Swarm, Repast, and NetLogo made 

modelling accessible to non-programmers [8; 9]. 

Development can be traced through four distinct phases, each bringing new 

methodological advances and applications. The foundation phase (1970s to mid-1990s) 

established theoretical principles. Th. Schelling‟s „checkerboard‟ model illustrated how 

subtle individual preferences could result in substantial racial segregation. When computing 

became affordable, researchers implemented Th. Schelling‟s ideas in software and developed 

more complex models, such as „Sugarscape‟, in which simple foraging rules generated trade, 

wealth inequality, and epidemics [2]. These early models established three cornerstones: 

explicit agents, space, and time. 

European researchers made crucial early contributions. N. Gilbert and J. Doran created 

some of the first social simulations in the early 1990s, modelling the emergence of organised 

society. N. Gilbert organised the 1992 Simulating Societies workshop and co-edited 

foundational books [1; 10]. R. Conte developed theories of social influence, reputation 

dynamics, and normative behaviours [11]. N. Gilbert emphasised methodological rigour in 

validating agent-based models, extending Herbert Simon‟s focus on procedural validity and 

bounded rationality. 

The consolidation phase (mid-1990s to mid-2000s) shifted from proving concepts to 

validating models. Researchers focused on connecting simulations to real data. The 

„Anasazi‟ project coupled archaeological evidence with demographic rules to simulate 700 

years of settlement history, explaining sudden depopulation through ecological constraints 

and household decisions [12]. In economics, researchers replaced perfectly rational agents 

with boundedly rational traders, creating more realistic market models [13]. 
European institutions were formalised during this period. In 1998, Gilbert founded the 

Journal of Artificial Societies and Social Simulation (JASSS), the first open-access platform 
dedicated to ABM research, and published the field‟s first practical textbook [14]. The 
European Social Simulation Association (ESSA) was launched in 2003 and has since 
organised conferences and training programmes. European researchers developed large-scale 
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applied models, including the EU-funded IMAGES project (1997-2000), which 
demonstrated ABM‟s policy potential. 

The maturity and standardisation phase (mid-2000s to early 2020s) emphasised 
methodological rigour over proof-of-concept models. Researchers adopted detailed reporting 
standards, conducted replication studies, and validated models against real-world data [15]. 
Applications expanded into opinion dynamics [16; 17], pandemic response [18], land-use 
change [19], and energy transitions [20]. High-resolution data and laboratory experiments 
became increasingly integrated into simulations. 

European contributions have shaped methodological standards. Researchers led by Volker 
Grimm developed the ODD protocol for documenting models [21], which became widely 
adopted. N. Gilbert‟s team at Centre for Research in Social Simulation, the University of Surrey, 
founded JASSS [22], created the SKIN platform [23], and partnered in five early EU consortium 
projects: IMAGES (farmers‟ adoption of agri-environmental measures) [24]; FIRMA 
(freshwater-basin management) [25]; SIMWEB (participatory e-business simulations) [26]; 
SKIN (innovation-network knowledge diffusion) [23]; and EMIL (social-norm evolution) [27]. 
ESSA expanded by launching summer schools, creating special interest groups, and establishing 
the R. Conte Outstanding Contribution Award in 2016. The CoMSES computational model 
library has emerged as essential infrastructure for model sharing. 

The emerging frontier phase (early 2020s to present) introduces two major innovations. 
Inverse generative social science (IGSS) reverses traditional ABM by starting with  
real-world patterns and working backwards to infer the rules that generate them [28].  
Large-language-model-augmented ABM enables natural-language-driven agent behaviour 
rather than hand-coded rules, as demonstrated by J. Park‟s „Generative Agents‟, which 
exhibit spontaneous routines and social interactions [29]. 

European researchers have advanced ABM by integrating machine learning and large 
language models. During the COVID-19 pandemic their work gained high visibility. A 
JASSS editorial urged modellers to share code, disclose uncertainty, and align simulations 
with policy needs [30]. F. Lorig, E. Johansson, and P. Davidsson‟s systematic review 
documented COVID-19 ABMs, showing they represented heterogeneous behaviour, 
mobility, and intervention scenarios with transparent assumptions [31]. ESSA supported 
these practices through workshops, summer schools, and validation guidelines. 

While European researchers advanced ABM methodology, Ukrainian ABM development 
followed a different trajectory. ABM arrived in Ukrainian social science in the early 2010s, 
considerably later than in Western institutions. Ukrainian researchers have focused on applying 
established ABM concepts to local phenomena rather than advancing theory. 

V. Paniotto and A. Hrushetskyi [32] reviewed methods for modelling language 
dynamics, arguing that ABM‟s value lies in understanding processes and exploring scenarios 
rather than forecasting. A. Hrushetskyi [33] elaborated on ABM‟s capacity for hypothesis 
testing in controlled environments. R. Moskotina demonstrated how verbal theories translate 
into executable code [34] and tested M. Granovetter‟s strength-of-weak-ties hypothesis using 
agent-based experiments on synthetic networks [35]. 

Empirical applications tend to focus on studies of language dynamics studies, with 
I. Vengrina modelling language stability and shift to demonstrate how individual choices 
aggregate into emergent structures and identify conditions under which minority languages 
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survive [36; 37]. A. Hrushetskyi, in his turn, simulated Ukraine‟s linguistic landscape under 
alternative scenarios, linking household decisions to nationwide outcomes [38]. These topics are 
well-suited to ABM because language choice is both path-dependent and network-sensitive. 

O. Pugachova applied ABM to diverse phenomena. Her income-redistribution 
model [39] examined how tax regimes and rent-seeking influence class structure. Her 
electoral model with K. Solov‟ienko [40] examined how propaganda and voter intolerance 
shape outcomes, and was validated against russia‟s 2000 and 2008 elections. Her  
epidemic-economy model [41] coupled disease spread with socio-economic feedback and 
was validated against data from Germany, Italy, Korea, and Singapore. 

This historical trajectory reveals how user-friendly platforms have inadvertently enabled 
the misuse of ABM. As technical barriers decreased, researchers could build models without 
understanding when such complexity was justified. The central issue in ABM selection is 
distinguishing between complex systems that require agent-based analysis and simpler 
systems that can be adequately addressed by traditional methods. 

Complex systems are networks of interacting components that exhibit non-linear 
dynamics, self-organisation, and emergent behaviour at macroscopic scales [42]. Warren 
Weaver‟s framework distinguishes system types warranting different approaches [43]. 
„Problems of simplicity‟ have few tightly coupled variables describable by deterministic 
equations. „Problems of disorganised complexity‟ have independent components suitable for 
statistical analysis. „Problems of organised complexity‟ have interdependent components 
inadequately described by traditional methods. ABM addresses this third category. 

The challenge lies in distinguishing genuine organised complexity from systems that 
merely seem complex. True complex systems exhibit characteristics justifying ABM‟s 
computational overhead. Firstly, they demonstrate emergence: macroscopic properties 
unpredictable from microscopic rules. H. Sayama defines emergence as a non-trivial 
relationship between scales, in which macroscopic properties differ fundamentally from what 
microscopic rules would predict [42]. 

Complex systems also demonstrate self-organisation: spontaneous formation of 
macroscopic structures over time. Unlike emergence (about scale), self-organisation 
concerns temporal dynamics. Finally, complex systems exhibit sensitivity to initial 
conditions, as measured by Lyapunov exponents. This „butterfly effect‟ occurs when tiny 
differences in initial conditions grow exponentially over time, leading to dramatically 
different outcomes. A positive Lyapunov exponent signals complexity. 

Many systems inappropriately analysed using ABM lack these characteristics. 
Manufacturing optimisation and centralised traffic control are „problems of simplicity‟ that 
are better addressed through mathematical programming or queuing theory. Economic 
forecasting with deterministic agent rules is better represented by differential equations. 

Different modelling approaches embody distinct epistemological commitments 
regarding social reality, causation, and explanation, with practical implications for method 
selection. ABM is rooted in generative social science [7; 44], demonstrating how simple 
local rules generate complex macro phenomena from the bottom up. The key 
epistemological question becomes „Can you grow it?‟ rather than „Can you explain it 
statistically?‟. This generative approach emphasises temporal dynamics, path dependence, 
and emergent mechanisms over static equilibrium states. 
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While models traditionally make predictions, J. Epstein argues that ABMs serve other 
purposes [44], such as explaining mechanisms (e.g., plate tectonics explains earthquakes), 
testing the robustness of theories, and exploring counterfactual scenarios. 

Alternative approaches have different foundations: 
– Statistical modelling: empiricist epistemology prioritising causal inference [45]. 
– Mathematical modelling: mechanistic realism assuming natural laws. 
– Network analysis: relational ontology, where structure determines behaviour [46]. 
– Game theory: rationalist deduction from rational choice axioms [47]. 
– System dynamics: holistic feedback loops and aggregate structures [48]. 
– Machine learning: predictive instrumentalism, agnostic about mechanisms [49]. 
Table 1 summarises when ABM‟s generative epistemology is suited to specific 

phenomena. 

Table 1 

Conditions for Choosing Agent-Based Modelling Over Alternative Approaches 

Conditions 
Favouring ABM 

ABM‟s 
Epistemological 

Advantage 
Best Alternative Model Families and Their Limitations 

Heterogeneous 
complex agents 
with local 

interactions 

Requires an 
explicit 
representation of 

agent diversity, 
action logics, and 
interaction 
patterns 

Network Modelling: excels at capturing interaction structures and 
influence patterns but typically treats nodes as homogeneous 
entities following uniform rules rather than diverse agents with 

individual decision-making processes. 
Statistical Modelling: handles individual heterogeneity through 
multilevel approaches but represents interactions as correlations 
rather than explicit behavioural mechanisms 

Emergent 
macro-patterns 

from micro-
behaviours 

Shows exactly 
how large-scale 

patterns arise 
from small-scale 
behaviours 

System Dynamics: models emerge through feedback loops and 
aggregate relationships but operate at the macro-level using flows 

and stocks rather than individual behavioural rules. 
Mathematical Modelling: can describe emergent patterns 
mathematically but typically assumes rather than derives the 
mechanisms producing emergence 

Path dependence 
and sensitivity to 

initial conditions 

Traces how 
historical 

sequences and 
starting points 
shape outcomes 

Statistical Modelling: can include lagged variables and 
interactions but treats history as data rather than a generative 

process. 
Game Theory: focuses on equilibrium outcomes rather than  
path-dependent processes leading to those outcomes 

Bounded 
rationality and 
adaptive 

behaviour 

Models realistic 
decision-making 
under constraints 

Game Theory: assumes perfect rationality and complete 
information. 
Mathematical Optimisation: assumes agents can solve complex 

optimisation problems instantaneously 

Non-equilibrium 
dynamics with 
multiple 
outcomes 

Captures systems 
that do not settle 
into stable states 

Statistical Modelling: typically assumes stable relationships and 
equilibrium conditions. 
System Dynamics: often focuses on equilibrium and steady state 
behaviours 

Counterfactual 
„impossible‟ 
scenarios testing 

Tests extreme or 
unrealistic 
conditions safely 

Statistical Modelling: limited to observed data ranges and 
relationships. 
Network Analysis: describes existing structures rather than testing 
alternative configurations 

Source: developed by the author. 
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The conditions are heuristics rather than strict rules. Researchers must evaluate the 

methodological appropriateness before allocating resources. This ex-ante assessment is 

challenging as emergence and self-organisation cannot be inferred from components 

alone [50]. This creates a paradox: researchers need criteria to decide whether to pursue 

ABM, yet emergent properties can only be assessed through modelling itself. Despite this 

difficulty, systematic assessment remains essential for efficient resource allocation. 

To address this issue, we propose an eight-criterion framework. Each criterion receives a 

score of 0 to 2, with a total score ranging from –8 to 14. The framework explicitly 

acknowledges assessment difficulty, categorising criteria as easy, moderate, or difficult to 

evaluate ex-ante (see Table 2). 

Table 2 

Assessment Framework for ABM Selection 
Criterion Ex-ante Difficulty 0 Points 1 Point 2 Points 

C1: Discrete 

Autonomous 

Entities 

Easy 

Observable from problem 

description 

No identifiable 

decision-making 

units 

Some discrete 

units but 

constrained 

Clear 

autonomous 

agents 

C2: Meaningful 

Heterogeneity 

Moderate 

Requires theoretical analysis 

of whether differences matter 

All entities 

identical 

Minor variations Qualitatively 

distinct 

subgroups 

C3: 

Local/Network 

Interactions 

Moderate 

Domain knowledge often 

specifies whether proximity 

matters 

Global  

well-mixed 

Mixed 

local / global 

Clearly defined 

networks 

C4: Feedback 

Mechanisms 

Difficult 

Requires understanding 

whether actions change the 

environment which changes 

behaviour 

Unidirectional 

causality 

Weak feedback 

loops 

Strong 

bidirectional 

feedback 

C5: Path 

Dependence 

Difficult 

Multiple equilibria are hard 

to identify without modelling 

Unique 

equilibrium 

Multiple 

equilibria are 

predictable 

Strong 

sensitivity to 

initial conditions 

C6: Emergent 

Properties 

Difficult 

Judging whether patterns are 

genuinely surprising requires 

experience 

Macro equals 

sum of micro 

Some non-

obvious 

aggregation 

Surprising 

unpredictable 

patterns 

C7: Research 

Question Type 

Easy 

Researcher defines their own 

goals 

Parametric / 

Optimisation. In 

this case C7 = –6 

Mixed goals Mechanistic / 

Exploratory 

C8: Analytical 

Solution Exists 

Moderate 

Requires literature review in 

operations research 

No established 

solution 

Partial analytical 

solution 

Complete 

closed-form 

solution 

Source: developed by the author. 

 

The ABM applicability score is calculated as 

Total = C1 + C2 + C3 + C4 + C5 + C6 + C7 – C8 and ranges from –8 to 14. Based on total 

scores, we classify ABM fitness as: High (11–14 points), Moderate (7–10 points), and Low 
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(less than 7 points). The assessment proceeds through stages, beginning with easily 

evaluated blocking criteria and progressing to those requiring deeper judgement. 

The developed framework can serve two purposes: it helps researchers decide whether 

to use ABM before starting their work (ex-ante decision-making), and it allows them to 

evaluate whether ABM was the right choice after a study is completed (ex-post evaluation). 

Figure 1 demonstrates how to use the framework as a decision-making tool before model 

development begins. The flowchart guides researchers through eight questions (C7,  

C1–C6, C8) in order of difficulty, suggesting alternative methods when ABM is less 

appropriate. 

 
Figure 1. Ex-Ante Decision Protocol for ABM Selection 

Source: developed by the author. 

 

We validated the framework‟s discriminating power using two extreme cases: 

Th. Schelling‟s segregation model [51] as a high-fitness ABM use, and traffic light 

optimization [6] as a low-fitness application. 

Th. Schelling‟s segregation model [51] demonstrates high fitness across all criteria. The 

research question examines how segregation emerges from individual preferences, not 

parameter estimation (C7 = 2). Households are discrete autonomous agents making location 

decisions (C1 = 2) with meaningfully different preferences (C2 = 2). Interactions occur 

within spatial neighbourhoods rather than across the city as a whole (C3 = 2). Individual 

moves change neighbourhood composition, influencing future decisions (C4 = 2). Initial 

configurations produce different stable patterns (C5 = 2). Mild preferences generate extreme 

segregation, which is a surprising result (C6 = 2). No analytical solution exists (C8 = 0). 

Total score is 14 (high fitness). 

Traffic optimisation [6] demonstrates low fitness. The research goal is parametric 

optimisation (C7 = 0). Vehicles lack autonomy under centralised control (C1 = 1) and differ 
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only in size and speed (C2 = 1). Traffic signals provide global coordination, not local 

interaction (C3 = 0). Vehicles respond to signals without changing the control environment 

(C4 = 0). The system converges to predictable steady states (C5 = 0) with outcomes directly 

reflecting signal timing (C6 = 0). Queueing theory provides established solutions (C8 = 2). 

Total score is 0 (low fitness). 

This means that our framework successfully distinguishes appropriate from 

inappropriate cases. We now apply it to Ukrainian studies. 

To identify Ukrainian ABM studies we searched in Google Scholar and ResearchGate 

using three Ukrainian search terms: “агентне моделювання” (agent-based modelling), 

“агентно-орієнтоване моделювання” (agent-oriented modelling), and “агентно-базоване 

моделювання” (agent-based modelling, alternative wording). The search covered 

publications from 2010 to 2024. We excluded dissertations, theses, monographs, and short 

conference papers, as well as studies that used only other simulation methods, such as 

system dynamics or discrete-event simulation. 

The search returned 42 studies across three categories: overview articles (17 cases), 

theoretical works (6 cases), and practical applications (17 cases). Overview articles discuss 

ABM approaches and tools without empirical validation. Theoretical works examine ABM 

principles and epistemology. Practical applications develop and test models using Ukrainian 

data. As our criteria require empirical grounding, we analysed only the 17 practical 

implementations. Although we were primarily interested in the social sciences, we included 

all fields, given the limited sample. 

We evaluated 17 selected Ukrainian ABM applications using the framework we 

developed. Scores ranged from 0 to 14 points (mean = 8.94, median = 10, SD = 4.76). Eight 

cases (44%) showed high fitness (11–14 points), six (33%) – moderate fitness (7–10 points), 

and four (22%) – low fitness (less than 7 points). Table 3 demonstrates the evaluation results. 

Table 3 

Assessment of 17 Ukrainian ABM Studies 

Title 
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Comments Suggestions 

Electoral 

Process [40] 

2 2 2 2 2 2 2 0 14 High Opinion 

dynamics with 

cascade effects 

 

Income 

Redistribution 

Policy [39] 

2 2 2 2 2 2 2 0 14 High Income 

distribution with 

emergent 

inequality 

 

COVID-19 

Behavioural 

[41] 

2 2 2 2 2 2 2 1 13 High Behavioural 

epidemiology 

with 

heterogeneity 
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Table 3 continued 

Team 
Collaboration 
[52] 2 2 2 2 2 2 2 1 13 High 

Team consensus 
emergence from 
heterogeneous 

social behaviours 

Add agents 
learning of the 

optimal 
strategies 

Q-Learning 
Personalised 
Education [53] 

2 2 2 2 2 2 2 1 13 High Reinforcement 
learning agents 

adapting to 
learning styles 
with emergent 

patterns 

Add peer 
learning effects 
among students, 

calibrate and 
validate with 
real-life data 

Neural Network 
Crowd 
Evacuation [54] 

2 1 2 2 2 2 2 1 12 High Learning agents 
with emergent 

behaviour 

Validate against 
real evacuation 

observations 

Agent-Oriented 
Economy [55] 

2 2 1 2 2 2 2 1 12 High Macro-ABM 
with firm 
learning 

algorithms and 
market 

interactions 

Calibrate and 
validate with 

actual economic 
data 

Language Shift 

Ukraine [32] 

2 1 2 2 2 1 2 1 11 High Path-dependent 
language shift 

Add 
institutional 

agents 

Protest Weak 
Ties [35] 

1 1 2 2 2 1 2 1 10 Mode
rate 

Social network 
analysis with 

threshold 
dynamics 

Add 
heterogeneous 

decision-
making 

Investment 
Herding [56] 

1 1 1 2 2 2 1 1 9 Mode
rate 

ABM / System 
Dynamics hybrid 

Calibrate and 
validate with 

actual economic 
data 

IoT Distributed 
Printing [57] 

2 2 2 1 1 1 2 2 9 Mode
rate 

Digital twin 
exploring IoT 

system 
behaviour 

Develop into 
full digital twin 
with predictive 
maintenance 
and real-time 
optimisation 

Distance 
Learning 
Effectiveness 
[58] 

2 1 2 1 1 1 2 1 9 Mode
rate 

ABM scenario 
analysis of 

learning 
dynamics 

Add teachers‟ 
adapting 
strategies 

Logistics 

Metallurgical 
Enterprise [59] 

2 1 2 1 1 1 1 1 8 Mode

rate 

Network-based 
logistics with 

agent 
representation 

Add adaptive 
decision-
making or 
stochastic 
disruptions 

Taxpayer 
Labour Market 
[60] 

2 1 0 0 0 0 1 1 3 Low Individual 
utility-based tax 

decisions 
without social 
interactions or 

feedback 

Add peer 
influence 

networks and 
endogenous 
enforcement 

dynamics 
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Table 3 continued 

Source: developed by the author. 

 

The distribution of cases is presented in Figure 2. 

 

Figure 2. Distribution of ABM Appropriateness Scores Across Ukrainian studies with 

Three-Level Classification 

Source: developed by the author. 

Traffic Fuzzy 

Logic [61] 

2 1 2 2 1 1 –6 2 1 Low Fuzzy control 

optimisation, not 

autonomous 

agents 

Use queueing 

theory; or study 

traffic patterns 

emergence 

instead of 

throughput 

optimisation 

Agricultural 

Mechanisation 

[62] 

0 0 1 0 0 0 1 2 0 Low Parametric 

optimisation 

without 

autonomous 

agents 

Use discrete 

event simulation 

or operations 

research 

Financial Flow 

Car 

Dealership [63] 

1 0 0 0 0 0 1 2 0 Low Monte Carlo 

without agent 

interactions 

Use discrete 

event simulation 



 

54 

Serdyuk A.I. 

ISSN 1681-116X. Ukr. socìum, 2026, № 1 (96)  

Figure 2 shows a clear bimodal pattern. This split suggests that ABM fitness is 

categorical rather than continuous: researchers either understand when ABM is appropriate, 

or they fundamentally misapply it. The gap between these two clusters indicates that partial 

understanding is rare; method selection reflects either a solid grasp of ABM‟s foundations or 

conceptual confusion about its purpose. 

To understand what drives this pattern, we tested which criteria best predict overall 

fitness by correlating each criterion with the high-fitness examples. Two criteria showed the 

strongest correlations: C5 Path Dependence (r = 0.719) and C6 Emergence (r = 0.731). 

This finding highlights the earlier-identified paradox: although emergence is the most 

challenging criterion to evaluate before building a model, it is also the most effective 

predictor of whether ABM is the right methodological choice. C5 and C6 remain the most 

difficult criteria, with the lowest overall means (1.41 and 1.29, respectively). Our framework 

addresses this by strategically sequencing criteria, using easily evaluated aspects such as 

research goals and agent autonomy as initial filters before researchers confront the more 

challenging assessments of emergence and path dependence. 

Figure 3 separates each case's score into two components, agent properties (autonomy, 

heterogeneity, local interactions) and system complexity (feedback, path dependence, 

emergence), to show whether fitness is driven by the definition of the agents, the complexity 

of the system dynamics, or by both.  

High-fit cases (47%) address truly complex systems: opinion dynamics with cascade 

effects in elections [40], income distribution with emergent inequality [39], behavioural 

responses during the COVID-19 epidemic [41], team consensus emergence from 

heterogeneous social behaviours [52], AI tutors discovering teaching strategies through 

reinforcement learning [53], agents learning evacuation through neural networks [54], firm 

learning algorithms and market interactions in macroeconomy [55], and path-dependent 

language shift [32]. These models capture emergence, path dependence, and feedback that 

cannot be solved with equations. 

Moderate-fit cases (29%) demonstrate effective implementation with specific 

limitations: some use threshold-based rather than heterogeneous decisions [35], 

ABM/System Dynamics hybrids that require calibration [56], digital twins that could add 

predictive capabilities [57], and several could add more adaptive strategies or stochastic 

elements [58; 59]. These are partial rather than failed implementations; the models produce 

useful results. 

We also examined four low-scoring cases: 

– two cases incorrectly labelled non-ABM methods as ABM: Monte Carlo 

simulation [63] and parametric optimisation [62], which are terminological errors rather than 

methodological problems; 

– one case [60] modelled individual decisions without social interactions or feedback, 

where standard analytical models would work better; 

– one case [61] had sufficient complexity and agency but used fuzzy logic optimisation 

rather than studying emergent agent behaviour; with adjustment of research purpose from 

throughput optimisation to traffic pattern emergence, it could become a legitimate ABM 

despite queueing theory providing established solutions for optimisation problems. 



 

55 

Choosing agent-based modelling as a method of social research…  

ISSN 1681-116X. Ukrainian Society, 2026, № 1 (96) 

 
Figure 3. Two-Dimensional Positioning of Ukrainian ABM Studies by Agency  

and Complexity Dimensions 
Source: developed by the author. 

 

The bimodal distribution and these case patterns confirm that the framework 

successfully identifies appropriate ABM applications. 

Conclusion and discussion. This study developed and validated a practical framework 

for selecting ABM as a research method it by evaluating Ukrainian ABM applications. Our 

framework addresses the widespread problem of researchers choosing ABM based on 

technical sophistication rather than methodological appropriateness. 

We have developed an eight-criteria framework to help researchers decide when ABM 

is appropriate. The framework evaluates autonomy, heterogeneity, local interactions, 

feedback, path dependence, emergence, research goals, and the existence of analytical 

solutions. Scores range from –8 to 14 points. We tested the framework on extreme cases: 

Th. Schelling's model scored 14 points (high fitness) while traffic optimisation scored 

0 points (low fitness). The framework could provide researchers with systematic guidance 

before they begin their work, directly addressing the problem created by ABM's popularity 

without clear selection criteria. It could also be used to evaluate the appropriateness of the 

existing ABM applications. 

Using our framework, we evaluated 17 Ukrainian studies using our framework and 

found encouraging results. Despite this late start, Ukrainian researchers have demonstrated a 
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strong capacity for applying ABM to locally relevant problems. Almost half of the cases 

(47%) demonstrate high fitness for ABM, successfully modelling complex systems such as 

collective action, market behaviour, epidemic spread, and language change, where patterns 

emerge unpredictably from individual interactions. Another third (29%) show moderate 

fitness, producing valuable results with specific areas for improvement, such as 

incorporating adaptive decision rules or balancing exploration with optimisation. Only 24% 

show low fitness, primarily due to terminological confusion (mislabelling other simulation 

methods as ABM) or to applying ABM to problems such as traffic optimisation that already 

have established mathematical solutions. Compared to the global pattern, in which 80% of 

ABM applications follow minimal ad hoc approaches, Ukrainian research demonstrates 

stronger methodological foundations and generally avoids the severe misapplications 

common in the international literature. 

The framework has several limitations. Firstly, some criteria, such as emergence and 

path dependence, are still difficult to assess prior to building a model, yet they best predict 

whether an ABM will work well. We organised the criteria from easy to hard to reduce this 

problem, but we could not eliminate it completely. Secondly, we tested the framework only 

on Ukrainian research, so generalisability to other countries or disciplines remains unknown. 

Thirdly, the framework treats each criterion separately, but some system features may 

combine in ways that matter beyond their individual scores. Fourthly, practical issues 

beyond scientific fitness also affect the method choice; computational resources, 

programming skills, data availability, and disciplinary traditions all influence feasibility even 

when fitness scores indicate that the ABM is appropriate.  

Current research is increasingly combining ABM with other methods. Two Ukrainian 

studies with high fitness scores successfully integrated machine learning, demonstrating that 

hybrid approaches can strengthen ABM when implemented appropriately. Large language 

models as cognitive agents offer new implementation possibilities while maintaining ABM's 

generative foundations. 

Future research should address several directions. The framework needs prospective 

validation whereby researchers use it before starting projects and compare predictions with 

actual results. Testing across different countries and disciplines would reveal whether it 

generalises or exhibits context-specific patterns. Developing clearer quantitative guidelines 

for criteria requiring subjective judgment would improve consistency. Finally, exploring 

how system features combine beyond individual scores, and how fitness assessments change 

as research questions evolve would enhance the framework's practical utility. 
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