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Introduction
Attempts at modelling human behaviour mathematically rest on the premise that there are
regularities in human behaviour that can be precisely specified (Grindrod, 2018).
Mathematical models are often inaccurate when modelling human behaviour. Consciousness
is not computable, the dynamics of social and economic systems are fundamentally chaotic
and human interpretation is irreducible to measurement and computation. Mathematical
models can be used only as representations of patterns that became evident, but they cannot
explain and anticipate human behaviour.

The Allure of Mathematical Precision
Mathematical models of human behaviour have proven effective in many cases.
Psychometric models facilitate optimal interventions for specific objectives (NTT
Corporation, 2024). Game theory with Nash equilibria provides results in auctions and
oligopolies. The Black-Scholes model abstracts risk-taking behaviour and future discounting,
creating the first automated financial options market (Black & Scholes, 1973). However, such
models are insufficient. Nash equilibrium forecasts behaviour only when people already
know it. Mathematical models have limited usefulness with set parameters, while human
behaviour develops dynamically. The Black-Scholes model’s predictions deviated by over
30% during the 1987 crash, precisely when human panic behaviour dominated mathematical
assumptions, revealing models work only when human behaviour conforms to their
constraints. The Lucas Critique points out that policy changes alter behavioural relationships,
making past data unreliable for prediction (Lucas, 1976). This shows that mathematical
models assuming static behaviour cannot fully anticipate human responses, highlighting the
contextual sensitivity and adaptability of human decision-making.
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Formal precision through utility maximization excludes preference changes, social
considerations and contextual meaning, achieving coherent models at the expense of
explanatory force regarding actual human action.

Why Human Behaviour Resists Mathematical Modelling
Mathematical models cannot capture the qualitative dimensions of human behaviour,
including meaning, intentionality, and ethical action (Husserl, 1913). Chaos theory, while
itself a branch of mathematics, shows that deterministic systems can behave unpredictably
due to sensitivity to initial conditions (Fractal Foundation, 2025). Ariely (2008) demonstrated
that irrelevant anchoring numbers changed purchasing decisions by up to 400%, illustrating
extreme sensitivity to initial conditions. Human behaviour exhibits similar sensitivity,
compounded by consciousness and meaning-making, which makes mathematical modelling
fundamentally limited. Tiny mood variations from irrelevant environmental cues cascade into
large decision outcome differences (Loewenstein & Lerner, 2003). Whether to invest, marry
or change careers may depend on small neurochemical differences, magnified through
nonlinear cascades within consciousness. The behavioural field increasingly accepts that
chaos theory better explains behaviours than linear mathematical models (PMC, 2024).

Fig 1: The Lorenz attractor: a deterministic
system exhibiting chaotic behaviour. Even
with perfectly defined rules, its trajectory
never repeats, illustrating the limits of
mathematical models in fully capturing

complex, unpredictable systems like human
behaviour.

Fig 2: Bifurcation diagram of the
logistic map illustrating how small
changes in initial conditions can lead
to vastly different outcomes, akin to
the unpredictable nature of human
behaviour.
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Adding random factors to equations doesn't encapsulate chaos, it expresses uncertainty.
Human consciousness and its creative agency, transcends both determinism and randomness.

Limits of Mathematical Modelling
Mathematical models do not encompass meaning, purpose, intent, and qualitative experiences
(Husserl, 1913). Numbers quantify, while human action involves qualitative value, worth,
and meaning, which resists quantification. Reinforcement Learning “provides a framework
for sequential decision-making" and "mathematically describes how decisions are paired with
outcomes over time" (Oxford Academic, 2021). However, human behaviour includes the
ability to do everything contrary to what is prescribed. The ability to act ethically,
aesthetically, or for an existential cause is the most critical detail omitted.

Empirical evidence demonstrates these boundaries. Viktor Frankl (1946) noted that, in the
Nazi concentration camps, people systematically violated models based on reward
maximization and punishment minimization. Models assume certain universals in
behavioural description, but human behaviour is necessarily cultural and temporally specific.
The mathematical notion of time preference presupposes stability in discounting future
rewards, but cultural beliefs about time differ radically (Hall, 1983). Linear and cyclical
views of time cause different behavioural dispositions which can only be described in
mathematical models by use of culturally-defined parameters thus negating claims of
universality.

Fig 3: Q-learning update equation. Mathematical models can precisely quantify reward-based
learning but fail to capture the qualitative, intentional, and ethical dimensions of human

behaviour.

Neural Complexity and Behaviour
Computational methods in social neuroscience enable scientists to answer such questions as
where in the brain specific computations, as inferred by behavioural models, are being done.
Neural activity correlates with behaviour, but correlation does not imply causation. For
example, identical neural firing patterns can produce different subjective experiences
depending on context and attention (O'Regan & Noë, 2001).



4

The "hard problem of consciousness" (explaining how subjective experience arises) remains
unsolved. Mathematical models may describe neuron activity, but they cannot account for
why this activity produces intentional, conscious behaviour (Grindrod, 2018). Brain plasticity
further undermines models, as neuronal connections continuously change in response to
experience, invalidating fixed assumptions (Doidge, 2007).

The Social Emergence Problem
Mathematical models attempt to capture "social dynamics and cultural evolution" through
agent-based approaches. But social reality has emergent properties that cannot be
reconstituted into individual behavioural rules no matter how complex. Mathematical models
can represent linguistic patterns statistically but not how meaning transpires through social
interaction (Wittgenstein, 1953). Social institutions illustrate how reductionist mathematical
modelling has failed. Akerlof’s theory of the market for lemons shows how hidden
information can collapse markets (Akerlof, 1970). In modelling human behaviour, this
highlights that models fail if they ignore trust, perception, and information structures. Social
and institutional context is essential for predicting realistic outcomes. Property rights,
democratic governance and scientific communities are products of complex historical
processes of contingent events, cultural meanings, and creative institutional design.

Fig 4: Schematic of an agent-based model illustrating how individual behaviours and
interactions can lead to emergent social patterns, highlighting the challenges in modelling

complex human systems.
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Constrained Success
Machine learning algorithms trained on massive behavioural datasets can predict consumer
purchases, political preferences, and relationship outcomes with surprising accuracy: political
preferences of Facebook users were predicted with up to 95% accuracy using only number of
likes (Kosinski et al., 2013). However, these successes are statistical rather than
understanding of choice or action. Effective applications of mathematics in modelling occur
when behavioural complexity is limited. Ostrom demonstrated that communities manage
shared resources through context-dependent norms and rules (Ostrom, 1990). This shows that
human behaviour is shaped by culture and institutions, which cannot be universally
quantified. Mathematical models must consider these local and social factors to meaningfully
represent behaviour. Financial derivatives pricing works where all traders are equally adept at
math and institutions operate under same constraints.
While traditional mathematical models have limitations, approaches like phenomenology,
auction theory and complexity theory emphasize context, culture, and emergent properties,
offering complementary insight into human behaviour.

Conclusion
Mathematical modelling identifies predictable patterns but fails to reflect human
complexities. Mathematical methods succeed in modelling aggregate patterns under
controlled conditions but are systematically inadequate for addressing consciousness,
meaning-making, social emergence and creative agency.
Human action includes qualitative dimensions beyond mathematical capture, reinforcing the
limits of models. Mathematics remains useful for describing mass patterns, testing
hypotheses under controlled conditions, and providing policy frameworks assuming
behavioural stability. Still, the capacity of mathematical modelling to replicate human
behavioural patterns remains inherently limited by the categorical distinction between
quantitative mathematical representation and qualitative human experience. This underscores
the need of developing methods appropriate to human reality. While pure mathematics cannot
capture the full richness of human experience, integrating computational, phenomenological,
and complexity-based approaches may offer the closest approximation to understanding the
patterns underlying human behaviour.
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