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The second law of thermodynamics dictates that local decreases in
entropy must be offset by increases elsewhere. While this principle is
well established in mechanical systems, its role in biological motor control
remains underexplored. This study analysed 576 bimanual coordination
trials on 16 participants collected across circadian cycles under normal
conditions and thermal perturbations to test whether human motor systems
strategically regulate functional movement stability. Movement entropy
peaked during circadian temperature minima at dawn and declined to its
lowest level during temperature maxima in the late afternoon, showing
a significant inverse correlation with core body temperature. Thermal
perturbations using heat and ice vests amplified these circadian patterns,
with cold challenges exerting stronger effects than heat challenges.
Despite substantial variations in movement entropy across conditions, task
performance in maintaining target phase coordination remained stable.
These findings provide preliminary evidence that biological systems can
achieve local order through strategic entropy redistribution, increasing
movement variability under challenging physiological conditions. The
results offer initial empirical support suggesting that human motor control
can function as an entropy-management system, revealing how biological
systems satisfy thermodynamic laws while preserving functional stability.

1. Introduction
Living organisms perpetually struggle against disorder. Every biological
system, from the simplest bacterium to the most complex mammal, must
continuously preserve its organized structure against the inexorable drive
towards equilibrium dictated by physical laws [1,2]. The fundamental
question of how life maintains order in a universe governed by the second
law of thermodynamics has captivated scientists since the early twentieth
century. Whereas mechanical systems such as air conditioners and heat
pumps achieve local order by redistributing entropy according to well-
defined engineering principles, biological systems employ more sophisticated
strategies that remain only partly understood [3,4].

The second law of thermodynamics imposes fundamental constraints
on all energy transformations, whether in engineered systems or biologi-
cal organisms. In mechanical cycles, formalized by Carnot in 1824 and
subsequently adapted for practical applications, heat must be transferred
against the natural gradient. The efficiency of such systems, expressed as the
coefficient of performance (COP), follows strict thermodynamic limitations:

(1.1)COP = QcW = TcTℎ − Tc ,
© 2026 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution
License http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original
author and source are credited.

Research

Cite this article: Park C. 2026 Thermodynamic
entropy management in human motor control
across circadian and thermal challenges. J. R. Soc.
Interface 23: 20251023.
https://doi.org/10.1098/rsif.2025.1023

Received: 5 October 2025
Accepted: 2 April 2026

Subject Category:
Life Sciences–Physics interface

Subject Areas:
systems biology, bioinformatics

Keywords:
thermodynamic entropy, motor variability,
circadian rhythm, bimanual coordination,
biological adaptation

Author for correspondence:
Chulwook Park
e-mail: pcw8531@snu.ac.kr

Electronic supplementary material is available
online at https://doi.org/10.6084/
m9.figshare.c.8463251.

Downloaded from http://royalsocietypublishing.org/rsif/article-pdf/doi/10.1098/rsif.2025.1023/6140247/rsif.2025.1023.pdf
by guest
on 20 May 2026

http://orcid.org/
https://orcid.org/0000-0001-8714-5760
http://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog/?doi=10.1098/rsif.2025.1023&domain=pdf&date_stamp=2026-05-19
https://doi.org/10.1098/rsif.2025.1023
https://doi.org/10.6084/m9.figshare.c.8463251
https://doi.org/10.6084/m9.figshare.c.8463251


where Qc represents the heat removed from the cold reservoir, W  is the work input and Tc and Tℎ are the absolute temperatures
of the cold and hot reservoirs, respectively [5]. This process necessarily increases the total entropy, with the work input W
driving the heat transfer Qc from the cold side while rejecting Qℎ = Qc + W  from the hot side, ensuring

(1.2)ΔS = ΔScold + ΔSℎot > 0.

The fundamental thermodynamic principle of entropy exchange can be formalized more generally as

(1.3)ΔStotal = ΔSlocal + ΔSenvironment ≥ 0,

where any local decrease in entropy (ΔSlocal < 0) must be compensated by a larger increase in environmental entropy
(ΔSenvironment > 0). Mechanical systems, such as refrigerators and heat pumps, manifest heat generation, friction and energy
dissipation throughout the system.

1.1. Biological systems as open thermodynamic entities
The apparent incompatibility between life and thermodynamics remained paradoxical until Ervin Bauer’s pioneering work in
1920, when he proposed that ‘life is a set of processes that take place in an open nonequilibrium system’ [6,7]. This concept was
recently re-examined in [8]; it suggests that biological systems necessarily function as open thermodynamic entities to preserve
their organized complexity against continuous degradation arising from thermal agitation, which is identified in [9] as the
molecular basis for the manifestation of the second law of thermodynamics in living matter.

In the present study, we define the biological system as the motor coordination apparatus (neuromuscular structures
controlling bimanual oscillation and their associated neural circuits), which exchanges entropy with the thermal environment
comprising the ambient surroundings and (during perturbation conditions) applied thermal vests. Core body temperature
(Tcore) represents the internal thermal state of the system, following the natural circadian rhythm (approximately 36.5–37.1°C
across a 24 h cycle).

Living organisms sustain their highly organized states through continuous entropy exchange with their environment,
thereby functioning as open thermodynamic systems. Near thermodynamic equilibrium, the entropy production rate can be
expressed as

(1.4)dS
dt = ∑i JiXi,

where Ji represents the metabolic flux and Xi represents the conjugate thermodynamic force [10,11]. The minimum entropy
production theorem, which states that systems near equilibrium evolve towards states of minimal entropy production, is
applicable only under specific conditions such as linear flux–force relationships and standard boundary conditions [3]. The
experimental temperature variations (circadian fluctuations of approx. 0.4°C and perturbation-induced changes of approx.
1.2°C) represent a less than 0.5% variation relative to the absolute body temperature (approx. 310 K), which would nominally
fall within the near-linear regime. However, biological motor systems typically operate far from equilibrium due to active
neural control and metabolic processes, where this theorem does not apply. System behaviour is governed by fundamentally
different principles.

For systems which are far from the equilibrium state, Prigogine and co-workers demonstrated that organized ‘dissipative
structures’ can emerge spontaneously through continuous production and export of entropy [12,13]. Such structures maintain
their organized structure not by minimizing entropy production, but by efficiently dissipating energy gradients; this princi-
ple was later formalized by England [14,15] as ‘dissipative adaptation’. The nonlinear-dynamics characteristic of biological
coordination reflects this far-from-equilibrium regime. The Haken–Kelso–Bunz (HKB) equation (detailed in §1.3) provides the
mathematical formulation

(1.5)φ̇ = − ∂V φ /∂φ + ρξt,
where the potential function V φ = − acos φ − bcos 2φ  generates nonlinear restoring forces creating stable coordination
attractors, and the stochastic term ρξt represents thermal fluctuations driving the system away from these attractors. Critically,
this formulation connects to far-from-equilibrium thermodynamics through the fluctuation–dissipation relationship: the noise
amplitude ρ is not merely a random perturbation but reflects the system’s coupling to the thermal degrees of freedom [16,17].
The entropy production rate in such driven systems scales with the dissipation required to maintain coordination against
fluctuations:

(1.6)Ṡ ∝ ρ ⋅ |∂V /∂φ|2 .

Thus, regions of the coordination landscape requiring stronger restoring forces (steeper potential gradients) necessarily involve
greater entropy production. This nonlinear coupling between potential landscape and dissipation, which is absent in linear
near-equilibrium theory, enables the emergence of stable coordination patterns as dissipative structures. The temperature-
dependent modulation of ρ T  proposed in §1.4 provides the mechanism by which circadian and thermal challenges influence
entropy management through this dissipative process.

Building on these thermodynamic foundations, we propose that biological motor systems follow an analogous principle of
entropy management, which is the process by which motor systems redistribute variability across different degrees of freedom
to maintain functional stability under physiological challenges. This relationship can be expressed as
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(1.7)ΔSbiological = ΔStask + ΔSmovement ≥ 0,

where ∆ Stask represents the entropy associated with maintaining the target coordination pattern (low values indicating stable,
consistent performance with minimal deviation from the intended phase relationship) and ∆ Smovement represents the distribu-
tional variability of movement patterns quantified through phase distribution uncertainty. According to this model, maintaining
low task entropy under challenging conditions requires compensatory increases in movement entropy. We emphasize that this
approach employs thermodynamic concepts as a guiding analogy: Shannon entropy of phase distributions H φ , which is
used as the empirical measure, quantifies informational uncertainty in movement patterns. This serves as a functional proxy
paralleling thermodynamic entropy, conceptually [18]. The value of this analogy lies in reframing motor variability not as noise
or degradation, but as a potentially adaptive mechanism for maintaining functional stability under physiological challenges in
a manner which is analogous to how refrigerators achieve local cooling through global heat dissipation. This principle is tested
empirically through the experiments described herein.

1.2. Homeostasis as cybernetic management of thermodynamic constraints
As emphasized in [8], the compatibility of living organisms with thermodynamic constraints is possible because life is subject to
cybernetic requirements arising from evolution. Building on Claude Bernard’s concept of le milieu intérieur and Walter Cannon’s
formalization of homeostasis [19], Ross Ashby developed a mathematical formulation demonstrating that biological systems
maintain ‘essential variables’ within narrow ranges through adaptive control mechanisms [20]. Ashby’s suggestion, which was
later synthesized in dynamics [21], establishes that survival requires mapping:

(1.8)Γ:P*S → S,

where S represents all the system states and P represents the contextual parameters. This cybernetic control operates through
the term ‘information catalysts’ (iCat)

(1.9)iCat = Iinput*Ioutput ,

where Iinput filters relevant patterns from environmental and proprioceptive signals and Ioutput channels the responses towards
goal-directed actions [8]. These information catalysts represent biological implementations of ‘Maxwell’s demons’, which are
entities that use information to create local order. This was first proposed for biological systems [22] and later developed in
hierarchical organization [23].

1.3. Circadian rhythms and elementary (motor) coordination dynamics
The circadian rhythm exemplifies thermodynamic principles at the organism level. Core body temperature (Tcore), which
is the internal thermal state of an organism measured via infrared tympanic thermometry, oscillates predictably between
approximately 36.6°C at 05.00 (the circadian minimum) and 37.0°C at 17.00 (the circadian maximum). This oscillation is
driven by suprachiasmatic nuclei regulation of metabolic rate and thermoregulatory set points [24,25] and constitutes a natural
perturbation that challenges motor control systems, creating conditions analogous to those of a heat pump operating under
varying temperature differentials during the day. This regulation is evolutionarily conserved across kingdoms; plants such as
Arabidopsis thaliana exhibit temperature compensation mechanisms that maintain constant circadian periodicity despite changes
in the environmental temperature [26], suggesting that these principles may reflect fundamental thermodynamic constraints on
biological timing systems.

Circadian temperature variation reflects the organism’s management of what were identified in [8] as three key constraints
that living beings must satisfy to cope with thermodynamic demands: homeostasis, teleonomy (a purpose-oriented structure
without a designer as distinguished from teleology) and goal-directed information processing. The mathematical basis for
understanding biological motor control in this thermodynamic context is derived from the HKB model of coordination
dynamics. The original HKB equation describes the evolution of the relative phase ϕ between coupled oscillators as

(1.10)ϕ̇ = Δω − αsin ϕ − 2bsin 2ϕ + ϱξt,
where Δω represents frequency difference, α and b are coupling parameters determining the stability of in-phase (ϕ = 0) and
anti-phase (ϕ = π) coordination modes and ϱξt represents Gaussian white noise [27,28]. The potential function defining the
attractor landscape is

(1.11)V ϕ = − αcos ϕ − bcos 2ϕ ,

with local minima at stable coordination patterns.

1.4. Thermodynamic extension: symmetry breaking through temperature coupling
To incorporate thermodynamic influences, the model was extended by introducing thermal coupling terms that represent the
symmetry-breaking effects of circadian temperature variations [29]. Following the experimental design, the modified dynamics
are expressed as

3

royalsocietypublishing.org/rsif 
J. R. Soc. Interface 23: 20251023

Downloaded from http://royalsocietypublishing.org/rsif/article-pdf/doi/10.1098/rsif.2025.1023/6140247/rsif.2025.1023.pdf
by guest
on 20 May 2026



(1.12)ϕ̇ = Δω − αsin ϕ + 2bsin 2ϕ − csin ϕT + 2dsin 2ϕT + ϱξt .
Here, the thermal coupling terms [csin ϕT + 2dsin 2ϕT ] represent the system’s entropy-management response to circadian
temperature (ϕT = temperature-modulated phase, not phase to the power of T) variations, whereas the noise term ϱξt captures
the increase in adaptive variability necessary to maintain the entropy balance ∆ Sbiological ≥ 0. These terms mathematically
implement the biological entropy-management model; c quantifies coupling to the circadian temperature cycle, d represents
coupling to core body temperature dynamics and ϱ denotes the temperature-dependent noise amplitude reflecting the system’s
adaptive entropy redistribution. This symmetry-breaking mechanism emerges when the coupling conditions satisfy

(1.13)|c | > 0 and |d | > 0

rather than the symmetric case where |c | ≈ 0 and |d | ≈ 0, which would preserve perfect environmental synchronization [30].
To clarify the theoretical architecture of this study, we integrate three complementary approaches that serve distinct roles:

(i) non-equilibrium thermodynamics provides the conceptual motivation: biological systems must manage entropy exchange
with their environment to maintain organized function; (ii) the nonlinear HKB model provides the dynamic basis, capturing
the attractor dynamics of coordination and generating the stable patterns observed through dissipative structures; and (iii)
Shannon information entropy provides the measurement approach that quantifies distributional uncertainty in phase patterns
as an empirically accessible variable. We do not claim that these constitute a unified thermodynamic theory of motor control;
such unification remains an important challenge for future theoretical work. Rather, we propose that the principle of entropy
management, where local order is achieved through distributed variability, operates in biological coordination, with Shannon
entropy serving as a tractable empirical proxy for this organizational principle. The experiments that follow test whether the
behaviour of this proxy measure is consistent with thermodynamic predictions.

1.5. Information-theoretic quantification of movement entropy
From information theory, we quantify movement entropy H ϕ —the Shannon information entropy of the relative phase
distribution between oscillating limbs—using the standard formulation:

(1.14)H ϕ = −∑ipilogpi,
where pi represents the probability of observing phase states within discretized bins sampled over time windows [31]. This
measure, expressed in bits, quantifies the distributional uncertainty of coordination patterns: higher values indicate greater
movement variability (more uniformly distributed phases), while lower values indicate more concentrated, predictable phase
relationships clustered near the target coordination state. The entropy H ϕ , then, corresponds to the ∆ Smovement term in
the biological entropy-management model, quantifying the variability component that compensates for reduced task entropy
∆ Stask, connecting to the Woodward–Kharkevich information value, which is emphasized as crucial for biological systems:

(1.15)J d,T = log P d,T /P θ,T ,

where positive J indicates information that brings the system closer to the target T, whereas negative values represent ‘disinfor-
mation’ that increases entropy without improving task performance [32,33].

At circadian temperature minima (05.00), the thermoregulatory system operates under conditions of reduced metabolic
heat production and diminished neural efficiency associated with the circadian trough [24]. The biological challenge at this
time arises from reduced physiological capacity rather than thermal gradients per se; the system operates closer to its lower
regulatory boundary with diminished homeostatic reserve. This is reflected in increased movement entropy, representing an
adaptive response to maintain essential motor variables within viable ranges despite compromised operating conditions.

1.6. Research gap: entropy management in motor control
Although extensive research has examined the effects of circadian rhythms on motor performance [34–36] and coordination
dynamics under various conditions [27,28,37], previous studies have not explicitly linked these phenomena to thermodynamic
entropy-management principles. Three critical gaps remain in the literature.

First, although circadian effects on reaction time, strength and coordination accuracy are well documented [38–40], these
studies treat performance variations as simple degradation rather than potential adaptive strategies. No study has examined
whether increased movement variability at circadian temperature minima represents strategic entropy redistribution rather
than a mere decline in performance. Second, although the HKB model and its extensions have successfully described coordina-
tion dynamics under various perturbations [41–43], these models do not incorporate thermodynamic constraints or entropy
management as organizing principles. The potential role of temperature-dependent coupling in coordination stability remains
unexplored. Third, despite growing interest in variability as a functional aspect of motor control [44–46], no studies have
quantified movement variability as entropy in an information-theoretic sense or linked it to the thermodynamic requirements of
homeostasis. The relationship between the Shannon entropy of movement patterns and biological entropy management has not
been empirically established.
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1.7. Empirical predictions: entropy management through variability
The proposed thermodynamic model generates three testable predictions addressing the following gaps. (i) Movement entropyH ϕ  should be highest under the most challenging physiological conditions, specifically at circadian temperature minima
(05.00). This prediction derives from established findings that motor performance parameters vary systematically with circadian
phase [34,39] and directly tests whether biological systems increase movement variability as a compensatory mechanism
when physiological efficiency is lowest [24]. (ii) External thermal perturbations (heat or ice vests) amplify entropy-manage-
ment strategies, producing significant interaction between circadian phase and thermal manipulation. This prediction extends
previous work demonstrating that coordination dynamics are sensitive to physiological perturbations [41,43] and tests whether
the motor system actively adjusts its entropy distribution in response to thermodynamic challenges. (iii) Despite increased
movement entropy at temperature extremes, task-level performance (maintaining target phase relationships) should remain
stable through strategic variability distribution. This prediction aligns with the uncontrolled manifold hypothesis [47] and
optimal variability frameworks [44], distinguishing adaptive entropy management from simple performance degradation.

Our hypothesis is that biological motor systems achieve stable task performance through strategic entropy redistribution,
following the principle

(1.16)H ϕ ∝ 1/Tcore .

This inverse relationship between movement entropy and core temperature arises from the thermodynamic requirement that
entropy production must increase when the system operates outside its optimal temperature range. This relationship follows
directly from our entropy-management model, ΔSbiological = ΔStask + ΔSmovement ≥ 0, in which decreased physiological efficiency
at temperature extremes necessitates increased movement entropy to maintain the inequality while preserving task stability.
The motor system functions as a catalyst for biological information, processing sensory input to guide thermodynamically
favourable coordination while managing entropy distribution to sustain functional stability [48].

The experimental paradigm of bimanual coordination provides an ideal testbed for the theoretical predictions. At core
body temperature minima (05.00), the system experiences maximal thermodynamic stress, requiring what Ashby [49] termed
‘ultrastability’, the capacity to maintain essential variables despite perturbations. By applying thermal challenges via heat
and ice vests, it is possible to determine whether increased movement variability functions as a compensatory mechanism,
implementing the cybernetic control necessary for homeostasis under thermodynamic constraints. This study provides the first
empirical observation of thermodynamic entropy management in human motor control. The findings have implications beyond
motor neuroscience, potentially enhancing our understanding of biological adaptation [50], movement disorders [51,52] and the
fundamental principles underlying resistance of human life to thermodynamic decay. If biological systems are able to manage
entropy, as our model suggests, it would constitute a unifying principle linking physics, cybernetics and biology, revealing how
the same thermodynamic laws that govern heat engines also shape the elegant variability of human movement [53,54].

2. Methods
2.1. Participants and ethical considerations
The dataset comprised 576 observations from 6 bimanual coordination trials each on 16 healthy adults who participated
in this study, which investigated the thermodynamic principles of biological motor control. Participants were divided into
two groups of eight. The first group (six males, two females; mean age 25 ± 3 years) completed all the experiments under
normal temperature conditions (Experiment I). The second group (six males, two females; mean age 25 ± 3 years) underwent
thermal perturbation protocols, experiencing both heat and cold vest conditions in Experiments II and III, respectively. This
design allowed between-group comparisons of thermal effects while maintaining within-subject comparisons for circadian
variations and for different thermal challenges in the perturbation group. All participants were right-handed, had normal or
corrected-to-normal vision and reported no history of neurological or musculoskeletal disorders affecting bimanual coordina-
tion. Written informed consent was obtained from all the participants in accordance with protocols approved by the Seoul
National University Institutional Review Board (SNUIRB no. 1509/002-002), conforming to the ethical standards of the 1964
Declaration of Helsinki (Report ID: 20481572).

The within-subject repeated-measures design substantially reduces between-subject variability, with the total dataset
comprising 576 observations (16 participants × 6 trials × 4 conditions). This sample size aligns with that of other coordina-
tion dynamics studies employing similar paradigms [28,55]. Post hoc power analysis (G*Power 3.1) [56] confirmed statistical
adequacy: the achieved power ranged from 0.82 to 0.89 across experiments, with all effect sizes exceeding the threshold for large
effects (η2p = 0.32 − 0.38) [57]. Complete power analysis details, bootstrap confidence intervals (CIs) and sensitivity analyses are
provided in the electronic supplementary material, S8. Core body temperature was measured at each experimental time point
rather than relying on assumed circadian peaks, allowing verification of circadian phase alignment (see §3.1).

2.2. Experimental design and theoretical rationale
The experimental design was developed to test the biological entropy-management model proposed in our theoretical rationale,
specifically assessing whether the relationship ΔSbiological = ΔStask + ΔSmovement ≥ 0 is maintained across varying thermodynamic
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challenges. In the three experiments, the circadian phase and thermal conditions were systematically manipulated to investigate
the motor system’s strategies for entropy redistribution.

Experiment I established baseline circadian effects on movement entropy by sampling coordination dynamics across the full
circadian cycle in all eight participants of Group 1 (see table 1). This experiment examined whether ecological temperature
cycles influence biological motor systems, testing the hypothesis that movement entropy inversely correlates with core body
temperature and follows the H ϕ ∝ 1/Tcore law.

Experiments II and III employed a mixed design combining between-group comparisons (normal versus perturbation
groups) with within-subject comparisons across circadian times (05.00 versus 17.00). Thermal perturbations were applied at
circadian extremes [58], testing whether external thermal challenges amplify entropy-management strategies. Using the same
perturbation group for both heat and cold conditions allowed direct within-subject comparisons of bidirectional thermal effects.

2.3. Apparatus and instrumentation
The experimental apparatus comprised two identical pendulum systems designed to probe coordination dynamics (table 2).
The configuration yielded a natural oscillation period of approximately 1.21 s, chosen to facilitate resonant oscillations when
coupled with metronome pacing [55]. Temperature measurements were recorded continuously throughout the experimental
sessions to verify perturbation effectiveness and monitor recovery dynamics. All the experiments were conducted under
standard laboratory conditions in a university department building within a fixed experimental period during late spring
to ensure consistent environmental circadian conditions across all participants. This seasonal constraint maintained reliable
photoperiod and ambient thermal patterns while preserving the natural diurnal variation essential to the research question.
Complete experimental datasets, including all individual participant entropy values and core body temperature measurements
reported in the electronic supplementary material, tables S1–S3, are publicly available in the GitHub online repository (https://
github.com/pcw8531/thermodynamic-motor-control) to facilitate independent verification and replication efforts.

2.4. Experimental procedures
The participants were seated comfortably, with their forearms voluntarily stabilized to constrain pendulum motion to the
sagittal plane, ensuring oscillations occurred at the single joints, whereas the other joints remained immobile. Vision was
not occluded to maintain ecological validity and natural coordination. Before data collection, the participants received standar-
dized instructions: swing both pendulums together in synchrony at a pace indicated by the metronome. Maintain smooth,
continuous oscillations without letting the pendulums slip and without rotating the wrists. Participants were naive to the
specific study hypotheses throughout the data collection process. The informed consent and verbal instructions described the
study as an investigation of ‘bimanual coordination under different time-of-day and temperature conditions’ without reference
to entropy, thermodynamics or predicted directional effects. This blinding procedure minimized potential demand character-
istics. Importantly, the primary dependent measure, namely Shannon entropy of relative phase distributions, is computed
from objective kinematic recordings of the angular displacement of the pendulum. These distributional properties emerge
from biomechanical constraints and coordination dynamics rather than volitional control; participants could not consciously
manipulate phase distribution entropy even if motivated to do so. Upon completion of all the experimental sessions, the
participants were debriefed regarding the study objectives in accordance with ethical guidelines.

Each experimental session began with a baseline core temperature recording, followed by three practice trials to ensure
task comprehension. During data collection, an auditory metronome provided pacing at 1.21 s intervals to establish in-phase
(ϕ = 0∘) coordination with 1 : 1 frequency locking. Each trial lasted 60 s, generating approximately 50 oscillation cycles, with 5
min rest intervals between trials. This work–rest ratio was selected based on previous research demonstrating the maintenance
of the thermal state under these conditions [59]. For the thermal perturbation experiments (II and III), the perturbation group
underwent a 30 min application of heat (Experiment II) or ice (Experiment III) vests, whereas the normal group remained
in ambient temperature conditions. The core body temperature was measured at three time points: (i) baseline, before vest
application; (ii) immediately after the 30 min vest application period, to verify target perturbation magnitudes; and (iii)
following data collection, to assess temperature maintenance. Temperature verification after vest application confirmed that
the target perturbations were achieved: heat condition +1.3 ± 0.1°C above baseline (range: +1.2 to +1.5°C across participants),
cold condition −1.2 ± 0.1°C below baseline (range: −1.0 to −1.4°C across participants). Data collection commenced within 5 min
of temperature verification to capture maximum perturbation effects, and all the trials were completed within 30 min of vest
removal to prevent temperature normalization towards the baseline [60]. Temperature monitoring continued throughout the
rest periods to track the recovery dynamics and to ensure participant safety. The complete temperature time courses, including
adaptation curves during vest application and recovery profiles after removal, are documented in figure 1 and electronic
supplementary material, S3.

2.5. Data processing and phase dynamics quantification
Angular displacement data from the direct current (DC) angular position sensor potentiometers were sampled at 100  Hz and
processed using a fourth-order Butterworth low-pass filter with a 10  Hz cut-off frequency to remove high-frequency noise
while preserving movement dynamics. The continuous relative phase between the left and right pendulums was computed
using an established coordination dynamics methodology [61]:
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(2.1)ϕ = θL − θR,

where θL and θR represent the instantaneous angular positions of the left and right pendulums, respectively. The degree of the
relative phases (0°–180°) depends on the difference between the two oscillators. If each θ was defined as a sine function, as
follows:

(2.2)θ1 = ω1 −
α
2 sin θ1 − θ2 ,

(2.3)θ2 = ω2 −
α
2 sin θ2 − θ1 ,

the logic can simply be rewritten to ϕ as the same dynamic function:

(2.4)θ1 − θ2 = ϕ .

Then, each θ can be specified using the following equations:

(2.5)
ṙ = 0θ̇ = ω ⇒ θ(t) = ωt + θ(0),

θ1 = ω1 = θ1(t) = ω1(t) + θ1(0)θ2 = ω2 = θ2(t) = ω2()t) + θ2(0)

(2.6)ϕ = θ2 − θ1 = ω2 − ω1 = Δω(t) + ϕ(0) = ϕ(t) .

To derive the relative phase time series of both hands, it was necessary to identify the maximum extensions from the three-
dimensional data collected via the DC potentiometers. Although the data were relatively regular, as participants were instructed
to maintain in-phase 1 : 1 frequency locking at the 1.21  s metronome beat, principal component analysis was applied to reduce
the three-dimensional data to a one-dimensional representation.

First, the data from both hands were separated into left and right components. Each set was then reduced to its peak points
(left_peaks and right_peaks) to form a one-dimensional dataset, with each peak associated with its corresponding time vector.
These peak sets were subsequently analysed using a discrete relative phase formula as follows:

(2.7)ϕi = 2π tmaxLi − tmaxRitmaxLi + 1 − tmaxLi ,

Table 1. Experimental design summary.

experi‐
ment

condition participants (N) circadian points trials per point independent variables dependent variables

I normal group 1
(8)

05.00, 12.00,
17.00, 00.00

6 circadian time (4 levels) H ϕ , SDϕ,
ϕave − ϕ0

II normal group 2
(8)

05.00, 17.00 6 circadian time (2 levels) ×
temperature (normal versus heat)

H ϕ , SDϕ,
ϕave − ϕ0heat-perturbed 05.00, 17.00 6

III normal 05.00, 17.00 6 circadian time (2 levels) ×
temperature (normal versus cold)

H ϕ , SDϕ,
ϕave − ϕ0cold-perturbed 05.00, 17.00 6

Note: H ϕ  = movement entropy; SDϕ = phase variability; ϕave − ϕ0 = fixed-point shift from intended coordination pattern. The perturbation group participated
in both hot and cold conditions, allowing within-subject comparisons of different thermal challenges.

Table 2. Specifications of experimental apparatus.

equipment specification purpose

pendulum rods wooden, 100 cm length, 1.2 cm diameter, 85 g mass oscillation apparatus

pendulum weights 200 g, positioned 30 cm from base eigenfrequency calibration
(T = 1.21 s)

grip position standardized at 60 cm from base consistent mechanical properties

DC potentiometers resolution 0.25°, sampling rate 100 Hz continuous angular displacement measurement

digital metronome 1.21 s period (0.83 Hz) auditory pacing signal

infrared thermometer HuBDIC HFS-100, non-contact, medical-grade core body temperature measurement

heat vest ThermaCare, 42–45°C surface temperature, 30 min application heat perturbation protocol

cold vest CoolVest with gel packs, 5–10°C surface temperature, 30 min application cold perturbation protocol
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where tmaxLi is the time of the i maximum extension of the left pendulum. This discrete formulation captures the cycle-by-cycle
variations in coordination, which are essential for entropy quantification (see electronic supplementary material, S1, for detailed
calculation procedures and exclusion criteria, with computational implementations and sample raw data available in our open
repository: https://github.com/pcw8531/thermodynamic-motor-control, files: phase_analysis.py, cwa17w1.txt).

2.6. Entropy quantification and thermodynamic modelling
Movement entropy was quantified using Shannon’s information entropy applied to the probability distribution of the observed
phase states:

(2.8)H ϕ = −∑i pi logpi,
where pi represents the probability of observing the phase states within discretized bins of width π/20 rad. This measure
quantifies the distributional complexity of coordination patterns, with higher values indicating greater movement variability
corresponding to increased ∆ Smovement in the theoretical model. The entropy calculation directly operationalizes the biological
entropy-management principle, enabling empirical testing of whether increased movement entropy compensates for thermal
challenges to maintain task stability (see electronic supplementary material, S1.2, for complete entropy quantification method-
ology, with full computational implementation available in our open repository: https://github.com/pcw8531/thermodynamic-
motor-control, file:Analysis.py).

Shannon entropy was selected as the primary variability measure for four reasons: (i) it captures the full distributional
complexity of phase patterns (quantifying how uniformly or narrowly distributed the phases are across the coordination space)
rather than merely measuring dispersion around a central tendency as standard deviation does; (ii) it is scale-independent
and directly comparable across experimental conditions without requiring normalization; (iii) it has established precedent
in coordination dynamics and motor control research [46,55,62]; and (iv) it provides conceptual linkage to thermodynamic
entropy through information theory, enabling the theoretical linkage connecting motor variability to physical principles
[18,31]. Alternative nonlinear measures, such as sample entropy and multiscale entropy, could provide complementary insights
regarding the temporal structure and are identified as directions for future investigation.

A modified HKB equation incorporating thermal coupling was then implemented to model the observed dynamics, as
follows:

(2.9)ϕ̇ = Δω − αsin ϕ + 2bsin 2ϕ − csin ϕT + 2dsin 2ϕT + ϱξt .
The terms [csin ϕT + 2dsin 2ϕT ], here, denote the system’s entropy-management response to circadian temperature variations,
where c quantifies coupling strength to the environmental circadian cycle and d represents coupling to core body temperature
dynamics. The temperature-dependent noise amplitude ϱ captures adaptive variability increases necessary to maintain the
thermodynamic inequality ΔSbiological > 0. This formulation extends the standard HKB model by incorporating temperature as
a symmetry-breaking parameter (see electronic supplementary material, S1.3), with |c | > 0 and |d | > 0 indicating a deviation
from perfect environmental synchronization (model validation and parameter fitting are detailed in electronic supplementary
material, S7).

Figure 1. Schematic drawing of the experimental setting and conditions. Left: general experimental setting. Upper right: experimental design 1. Bottom right:
experimental design 2 (normal versus abnormal conditions). For each experiment (E1, E2 and E3), every participant was required to be present four times with six trials
each time (one participant, 1 min, 24 trials = 6 [trials] × 4 [different time points = T1–T4]). Middle plots show an illustration of the temperature according to the
experimental design. The horizontal axis denotes the temperature check time (TO = take off the ice/heat vest under the perturbation condition). The vertical axis is the
level of the temperature change as calculated in Fahrenheit (°F) and Celsius (°C). Note that in the abnormal session, the data were collected after 30 min (from 30 to
60 min) of taking the heat = E2 (or ice = E3) vest off, whereas in the normal session, the data were collected after 30 min without taking the ice (or heat) vest off to
ensure that the conditions were identical.
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2.7. Normal and abnormal day–night circadian temperature perturbations
There is a state of unit x at time t denoted by x t , which represents the ensemble average of the system. Collective behaviour
emerges from a homogeneous state when a parameter undergoes transition from x = 0 to x ≠ 0. To reflect this transition in terms
of an external parameter, the temperature perturbation is formalized as

(2.10)ε χ, t = T χ, t − T0 t ,

where ε represents the control parameter quantifying the deviation from baseline conditions, Τ0 t  is the baseline core
body temperature at time t and Τ χ, t  is the perturbed temperature state. The effective control parameter Τ0 serves as a
reference to measure the distance of ε with respect to the unperturbed thermal state. This formulation distinguishes between
baseline and perturbed thermal states: when |ε| ≈ 0, the system operates under normal circadian conditions; when ε > 0 (core
temperature elevated above baseline), the system experiences heat perturbation; when ε < 0 (core temperature depressed below
baseline), the system experiences cold perturbation. The term ‘unstable’ here refers to the deviation from the expected circadian
thermal trajectory rather than dynamical instability in the mathematical sense. This temperature-perturbation formulation
operationalizes the thermodynamic variable beyond conventional measures such as mean internal energy and entropy, enabling
quantification of how biological systems redistribute entropy in response to thermal challenges. The distance |T χ, t − T0 t |
directly relates to the magnitude of entropy reorganization required to maintain task stability, as predicted by the biological
entropy-management model (ΔStask + ΔSmovement ≥ 0).

This temperature perturbation is interpreted as a thermodynamic variable; it is not limited to conventional thermodynamic
measures such as mean internal energy or entropy. As shown in figure 1, the emergence of collective behaviour, reflected by the
increasing distance between T χ, t − T0 t  under perturbation, corresponds to an increase (or decrease) in entropy. Comparing
states with T0 < ϵ and T0 > ϵ (see electronic supplementary material, S3, figures S2.1 and 2.2), as the distance to the ordered
state decreases, the peak in entropy production rate increases. It is important to note that the biological non-equilibrium bias
towards a particular temperature component suggests a potential link between physical stability and entropy production.
Considering the entropy production embedded within the order–disorder biophysical dynamics, differences between the two
circadian rhythm points (AM and PM, representing a nearly 24 h oscillatory variation) and the two temperature conditions
were compared against psychomotor vigilance (i.e. ϕ̇ biological motor stability) to determine whether variations in biological
disorder correspond to differences in environmental perturbations.

2.8. Statistical analysis
Statistical analyses were conducted to determine whether movement entropy patterns supported the predictions of the
thermodynamic basis. In Experiment I, eight participants (Group 1) were assessed using a one-way repeated-measures analysis
of variance (ANOVA) to test circadian effects (four levels: 05.00, 12.00, 17.00 and 00.00) on entropy production, phase variability
and fixed-point shift. Post hoc comparisons were performed using paired t-tests with Bonferroni correction (adjusted α = 0.0125)
to control the family-wise error rate.

Experiments II and III employed two-way repeated-measures ANOVAs with eight participants (Group 2) completing both
normal baseline and thermal perturbation conditions. In Experiment II, the within-subject factors were temperature condi-
tion (normal versus heat-perturbed) and circadian time (05.00 versus 17.00). Similarly, Experiment III examined temperature
condition (normal versus cold-perturbed) and circadian time as within-subject factors. This design allowed each participant
to serve as their own control, thereby eliminating between-subject variability in assessing thermal responses. F-statistics were
computed as the ratio of mean squares:

(2.11)Ftemperature = MStemperatureMSerror , Fcircadian = MScircadianMSerror , Finteraction = MStemperature ∗ circadianMSerror .

These analyses directly tested whether thermal perturbations amplified circadian entropy-management strategies, as predicted
by the symmetry-breaking mechanism in the modified coordination dynamics. Statistical significance was set at α = 0.05, with
partial η² reported as the effect size. Normality assumptions were verified using Shapiro–Wilk tests, and sphericity was assessed
with Mauchly’s test, applying Greenhouse–Geisser corrections when violations occurred. All statistical analyses were conducted
using SPSS (IBM Corp., Armonk, NY, USA; see electronic supplementary material, S6, for complete outputs and post hoc
comparisons). All raw data underlying the statistical analyses are provided in the online repository to ensure full transparency
and reproducibility of the reported findings.

2.9. Data quality and availability
Rigorous exclusion criteria ensured data quality. Trials exhibiting phase wandering exceeding 2π radians, amplitude asymmetry
greater than 30% between limbs and frequency deviations exceeding 15% from metronome pace were excluded. These criteria
(illustrated in electronic supplementary material, S2, figure S1) led to the exclusion of five participants during pilot testing,
resulting in a final sample of 16 participants with complete datasets.

To ensure full reproducibility, all experimental data and analysis code are openly available at https://github.com/pcw8531/
thermodynamic-motor-control under MIT licence (https://doi.org/10.5281/zenodo.19201270). The repository contains self-con-
tained Jupyter notebooks with embedded data enabling complete reproduction of all analyses and figures, along with raw
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time-series data and Python package requirements. Statistical analyses were conducted using SPSS v. 27 with verification
performed using Python. Repository structure and variable descriptions are detailed in electronic supplementary material, S9.

3. Results
3.1. Circadian entropy exchange in normal conditions
Analysis of movement entropy across the circadian cycle revealed significant temporal variations in bimanual coordination
tasks. Individual entropy patterns showed substantial circadian modulation (see electronic supplementary material, S4.1, table
S1, for complete raw data), with distinct profiles across participants (see electronic supplementary material, S2, for further
details). Movement entropy varied markedly during the 24 h cycle, ranging from 2.882 (P1 at 12.00) to 5.888 (P4 at 12.00).
Importantly, verification of individual temperature patterns confirmed consistent circadian phase alignment across all the
participants. Participants (8/8, 100%) exhibited their temperature maximum at 17.00 and minimum at 05.00, with no individual
showing reversed or phase-shifted patterns. The mean circadian amplitude was 0.45 ± 0.09°C (range: 0.4–0.6°C), consistent
with established norms for healthy adults [24]. A paired t-test comparing temperatures at circadian extremes confirmed that
this pattern was highly significant (t(7) = 13.75, p < 0.001, Cohen’s d = 4.35). This uniformity in circadian phase, despite the
absence of chronotype screening, strengthens confidence that the observed entropy–temperature relationships reflect genuine
thermodynamic coupling rather than artefacts of individual circadian variation.

At the group level, movement entropy exhibited clear circadian modulation, peaking at 05.00 (mean H ϕ  = 5.246) when
core body temperature was lowest (36.575°C), and decreasing at 17.00 (mean H ϕ  = 4.544) when the temperature reached
its maximum (37.023°C; figure 2, left). This inverse relationship was consistent across multiple analytical approaches. The
distribution of entropy values showed greater variability during low-temperature periods (figure 2, middle), with the 05.00 time
point displaying both the highest median entropy and the widest interquartile range. Conversely, the 17.00 time point exhibited
the most constrained entropy distribution, indicating tighter motor control under optimal physiological conditions. Correlation
analysis between core temperature and movement entropy across all measurements confirmed a negative relationship (figure
2, right), supporting the theoretical prediction . This thermodynamic coupling was evident despite individual differences
in absolute entropy values. The observed patterns support the proposed biological entropy-management model (complete
ANOVA tables in electronic supplementary material, S6.1) where ΔSbiological = ΔStask + ΔSmovement ≥ 0. During the circadian
temperature minimum (05.00), the motor system increased the movement entropy by 15.4% compared to the temperature
maximum (17.00). This entropy increase represents an informational cost rather than a direct metabolic expenditure: the motor
system tolerates greater unpredictability in movement patterns (wider phase distributions around the target coordination
state) to maintain stable task performance under physiologically challenging conditions. This increased variability reflects a
compensatory neural strategy analogous to a control system increasing the gain (and thus noise sensitivity) when operating
near regulatory boundaries.

Individual participants demonstrated distinct but consistent entropy-management strategies (see electronic supplementary
material, §S5, figures S3.1 and S3.2, and S3 for individual profiles). Participants P2, P4, P5 and P7 exhibited pronounced
morning peaks with entropy values at 05.00 (5.830, 5.880, 5.779 and 5.757, respectively), substantially exceeding their 17.00
values (4.041, 4.520, 4.431 and 4.059, respectively). Conversely, P1 and P8 displayed alternative patterns with maximum
entropy at 00.00 (5.819 and 5.839, respectively), whereas P6 maintained a relatively stable entropy at all time points (range:
4.912–5.853). Despite increased movement entropy during physiologically challenging periods, task performance (maintaining
in-phase bimanual coordination) remained functionally stable. The strategic increase in movement variability at temperature
minima reflects adaptive entropy redistribution rather than performance degradation, demonstrating that biological motor
systems manage thermodynamic constraints through controlled variability. Experiment I provides preliminary empirical
support suggesting that human motor control may adhere to fundamental thermodynamic principles. The observed inverse
relationship between core body temperature and movement entropy, with systematic increases in entropy during physiological
temperature minima, is consistent with active biological entropy management analogous to mechanical heat-exchange systems.
These baseline patterns establish the foundation for examining the effects of thermal perturbations in subsequent experiments.

3.2. Thermal perturbation effects on entropy management

3.2.1. Heat perturbation effects on entropy management

The application of heat vests (maintaining surface temperatures of 42–45°C for 30  min) significantly modulated the circadian
entropy pattern observed under baseline conditions. Analysis of normalized entropy values (Z-scores; electronic supplementary
material, S4.2, table S2) revealed differential responses to thermal perturbations depending on the circadian phase (figure 3,
left). At 05.00, when the core body temperature was at its minimum, heat perturbation increased entropy relative to the baseline
(mean Z-score: normal = 0.410 ± 0.230 s.e.m. versus heat = 0.564 ± 0.222 s.e.m.), representing a 37.6% increase. Conversely, at
17.00 during peak core temperature, heat perturbation substantially amplified the negative entropy deviation (normal = −0.165
± 0.235 s.e.m. versus heat = −0.809 ± 0.264 s.e.m.), a 390% amplification. The circadian × temperature interaction approached
statistical significance (F1,7 = 3.453, p = 0.068), with a mean interaction effect of 0.633  ±  0.344  s.e.m. This positive interaction
indicates that heat perturbation exaggerated the natural circadian entropy pattern, increasing the morning–evening difference
from 0.575 units under normal conditions to 1.373 units under heat perturbation, a 139% amplification of the circadian effect.
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Individual responses to heat perturbations exhibited substantial heterogeneity (figure 3). Six of the eight participants (75
%) displayed the expected pattern of increased morning entropy under heat stress, whereas two participants (P3 and P5)
showed a paradoxical decrease. The most extreme response occurred in P4, who exhibited a dramatic reduction in evening
entropy under heat perturbation (Z = −2.334), suggesting heightened sensitivity to thermal challenges at peak physiological
temperatures. Participant P6 demonstrated the largest positive interaction effect (1.953), indicating a robust amplification of
circadian patterns under heat stress. In contrast, P8 showed minimal interaction (−0.075), indicating resistance to thermal
perturbation. These individual differences highlight substantial heterogeneity in entropy-management responses to thermal
challenge. Sensitivity analyses confirmed that group-level findings were not driven by individual outliers. Excluding extreme
responders (P4) or paradoxical responders (P3, P5) changed mean interaction effects by less than 2%, and the qualitative pattern
of amplified circadian entropy was preserved across all exclusion scenarios (electronic supplementary material, S8.3). Bootstrap
CIs (electronic supplementary material, S8.1) further demonstrated robustness, with 95% CIs for both heat [0.089, 0.471] and
cold [0.123, 0.505] interactions excluding zero. The interaction pattern is illustrated by the diverging trajectories across circadian
phases: under normal conditions, the morning-to-evening entropy decrease was 0.575 units (from 0.410 to −0.165), whereas
under heat perturbation, this decrease expanded to 1.373 units (from 0.564 to −0.809). Simple effects analysis confirmed that
heat perturbation significantly increased entropy at 05.00 (mean difference = 0.154, t(7) = 2.31, p = 0.054) while significantly
decreasing entropy at 17.00 (mean difference = −0.644, t(7) = 3.12, p = 0.017), producing the crossover pattern characteristic of
disordinal interactions.

3.2.2. Cold perturbation effects on entropy management

The application of ice vests (maintaining surface temperatures of 5–10°C for 30  min) produced thermal perturbation effects that
paralleled, but exceeded, those observed with heat (figure 4, left). At 05.00, cold perturbation increased entropy (normal = 0.405
± 0.158 s.e.m. versus cold = 0.608 ± 0.184 s.e.m.; electronic supplementary material, S4.3, table S3), a 50.1% enhancement. At
17.00, cold dramatically amplified the negative entropy deviation (normal = −0.172 ± 0.365 s.e.m. versus cold = −0.840 ± 0.351
s.e.m.), a 388% amplification. The circadian × temperature interaction for cold perturbation reached statistical significance (F1,7
= 4.264, p = 0.043), with a mean interaction effect of 0.758 ± 0.352  s.e.m. This effect exceeded that observed for heat perturbation
by 19.8%, suggesting that cold stress imposes a greater challenge to thermoregulatory homeostasis and necessitates substantial
entropy redistribution. A comparison of heat and cold perturbations revealed asymmetric effects on entropy management.
While both thermal challenges amplified circadian patterns, cold perturbations produced more extreme responses at both time
points. Individual response variance was greater under cold stress (σ2cold = 0.995) than under heat stress (σ2ℎeat = 0.746),
suggesting that cold represents a more severe thermodynamic challenge requiring more variable compensatory strategies.

Individual patterns (figure 4, right) showed that all participants except P1 exhibited increased morning entropy under cold
stress. Notably, P3, P6 and P7 displayed particularly strong positive responses at 05.00 (Z > 0.95), while showing substantial
suppression at 17.00, indicating highly responsive entropy-management systems. P4 again demonstrated an atypical pattern,
maintaining relatively stable entropy across all conditions (interaction effect = −0.05), suggesting either exceptional homeostatic
regulation or reduced sensitivity to thermal perturbations. Simple effects analysis revealed a parallel pattern for cold perturba-
tion: entropy increased at 05.00 (mean difference = 0.203, t(7) = 1.89, p = 0.101) and decreased substantially at 17.00 (mean
difference = −0.668, t(7) = 3.45, p = 0.011). The stronger evening suppression under cold stress (−0.668) compared to heat (−0.644)
accounts for the 19.8% greater interaction magnitude observed with cold perturbation.

Figure 2. Group-level circadian entropy exchange demonstrating thermodynamic principles in motor control. (Left) Mean movement entropy H ϕ  ± s.e.m. (blue
line with shading) inversely correlates with core body temperature (red dashed line with shading) across circadian time points (n = 192 observations: 8 participants
× 6 trials × 4 times). Peak entropy at 05.00 (5.246) coincides with minimum temperature (36.575°C); minimum entropy at 17.00 (4.544) aligns with the maximum
temperature (37.023°C). The horizontal gradient bar indicates the circadian phase (dark: night, light: day). Annotations mark the Tmin/Hmax and Tmax/Hmin
couplings. (Middle) Three-dimensional entropy landscape showing the responses of individual participants (P1–P8) across circadian time. Surface interpolation reveals
participant-specific patterns while preserving group-level circadian modulation. Contour projections at the base indicate entropy distributions; colourmap ranges from
4.0 to 6.0 H ϕ . (Right) Temperature–entropy coupling across all measurements (r = −0.31, p < 0.001). Scatter points differentiated by circadian phase (●: 05.00,
■: 12.00, ▲: 17.00, ◆: 00.00) with vertical bars indicating data range (thin) and s.e.m. (thick) at each time point. A dashed regression line with a 95% confidence
band confirms an inverse relationship. Extended data in electronic supplementary material, S4.
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3.3. Synthesis: thermodynamic principles in biological motor control
Convergent evidence from normal circadian conditions and thermal perturbations suggests that biological motor systems can
operate as entropy managers and maintain functional stability through strategic variability redistribution. Robustness analyses
confirmed that these findings were not artefacts of individual outliers; sensitivity tests excluding extreme responders preserved
all the main effects within 2% of full-sample estimates (electronic supplementary material, S8.3), and bootstrap resampling (1000
iterations) yielded CIs excluding zero for all key parameters (electronic supplementary material, S8.1). The potential landscape
analysis (figure 5, upper left) reveals the fundamental attractor–repellor structure of coordination dynamics, demonstrating
how thermal perturbations modify potential well depths while crucially preserving the primary attractor at ϕ = 0°. This
preservation ensures stable in-phase coordination despite the increased movement entropy under challenging conditions.

The documented inverse temperature–entropy relationship (bottom right of figure 5) was maintained across all conditions,
with correlation strengthening under perturbation (r = −0.68). This thermodynamic coupling is consistent with the hypothe-
sis that biological systems follow entropy exchange principles analogous to mechanical heat pumps and that local order
(stable task performance) is achieved through increased global disorder (movement variability). Critically, despite entropy

Figure 3. Heat perturbation effects on circadian entropy management. (Left) Distribution analysis of normalized entropy (Z-scores) across thermal conditions and
circadian phases (n = 192: 8 participants × 6 trials × 2 times × 2 conditions). Violin plots with gradient fill and overlaid box plots show probability density
distributions; gold indicates normal conditions, and crimson represents heat vest perturbation (42–45°C). Individual data points are shown as circles (normal) and
triangles (heat) with connecting lines tracking within-participant responses. Horizontal day–night gradient bar at y = 0 indicates circadian phase (dark: night,
light: day). The temperature rhythm curve displayed with blue–white–red gradient shading reflects core temperature variation. Black dashed vertical lines mark
measurement times at 05.00 (Tmin) and 17.00 (Tmax). Inset: interaction plot showing group means ± s.e.m.; non-parallel trajectories indicate circadian × heat
interaction (F1,7 = 3.45, p = 0.068, η2p = 0.33). (Right) Response patterns of individual participants (P1–P8) visualized as a heatmap with cubic interpolation
contours. Colour scale: blue (Z = −3) through yellow (zero) to red (Z = 2); bold text indicates |Z| > 1.5. The vertical black line separates the morning and evening
measurements. Heat amplifies the circadian modulation: normal Δ = 0.58 units versus heat Δ = 1.37 units (individual patterns in electronic supplementary material,
S5).

Figure 4. Cold perturbation effects on circadian entropy management. (Left) Distribution analysis following ice vest application (5–10°C for 30 min). Visualization
conventions parallel those in figure 3 with gold representing normal conditions and dodger blue indicating cold perturbation. Individual data are shown as circles
(normal) and inverted triangles (cold) with connecting lines. Day–night gradient bar and blue–white–red temperature curve as in figure 3. Dark blue median lines
within box plots. Inset: interaction plot revealing significant circadian × cold interaction (F1,7 = 4.26, p = 0.043*, η2p = 0.38); steeper cold trajectory demonstrates
amplified circadian modulation under thermal stress. (Right) Individual response heatmap showing participant-specific cold-induced entropy modulation (P1–P8).
Note enhanced suppression of evening entropy under cold stress, with values reaching Z = −2.00 (P3). Cold produces stronger interaction than heat: normal Δ = 0.58
units versus cold Δ = 1.45 units, reflecting 19.8% greater effect due to enhanced thermodynamic challenge of cold stress on entropy management (statistical details
in electronic supplementary material, S6).
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increases of up to 291% under cold perturbations, task performance remained functionally stable (figure 5, right). Time-series
analysis showed that while movement variability increased substantially under thermal stress, the fundamental coordination
pattern (maintaining target phase relationships) persisted. This stability-through-variability principle represents the biological
implementation of ∆ Sbiological, where increased ∆ Smovement compensates for challenges to maintain low ∆ Stask.

The conceptual model in figure 5 illustrates how different thermal conditions converge to the same stable performance
outcome through variable entropy-management strategies, suggesting that biological systems may achieve local order via
strategic entropy redistribution. The synthesis indicates that human motor control implements thermodynamic principles
through active entropy management, with the motor system functioning as a biological Maxwell’s demon, using information
about the system state to redistribute entropy while preserving functional order. This principle unifies our understanding of
motor variability, circadian influences and thermal adaptation under a single thermodynamic principle.

3.4. Summary of statistical evidence
The statistical analyses across all three experiments revealed consistent patterns supporting the thermodynamic entropy-man-
agement hypothesis. Tables 3 and 4 summarize the key findings, reporting significance levels, effect sizes and bootstrap CIs, and
table 5 summarizes the experimental design and data collection across all three experiments.

The statistical evidence consistently supports the entropy-management hypothesis. The inverse relationship between
core body temperature and movement entropy was highly significant (r = −0.678, p < 0.001), confirming the predicted ther-
modynamic coupling H ϕ ∝ 1/Tcore. Circadian main effects were robust across thermal conditions (η2p = 0.54–0.57), and
the interactions demonstrate that thermal perturbations amplify circadian entropy patterns. Although the heat × circadian
interaction approached but did not reach conventional significance (p = 0.068), its effect (η2p = 0.33) was comparable to
the significant cold interaction (η2p = 0.38), suggesting similar underlying mechanisms. Bootstrap CIs excluding zero for all
key parameters (electronic supplementary material, S8.1) provide additional support for reliability. Figure 6 summarizes the
experimental design, data processing pipeline, and key findings across all 576 observations.

Figure 5. Synthesis of thermodynamic entropy management across experimental conditions. (Upper left) Three-dimensional temperature–entropy exchange surface.
Individual participant distributions are shown as bars for each condition (N5AM–C5PM), with mean ± s.e.m. indicated by black markers. Surface interpolation reveals
inverse temperature–entropy coupling (H ϕ ∝ 1/Tcore). Cross-overlapping contours highlight temperature gradients (red dashed) and entropy isolines (blue
dotted), with their intersections revealing thermodynamic coupling patterns. Colourmap ranges from −1.0 to 0.7 Z-scores. (Bottom left) Time series demonstrating
stability preservation through variable entropy management. Despite increasing movement variability from normal (Low H ϕ ) through heat (Med H ϕ ) to cold
conditions (High H ϕ ), phase coordination maintains stability at φ ≈ 0° (green markers at peaks). Envelope widths reflect entropy redistribution while preserving
functional task performance. (Right) HKB thermodynamic potential landscape V ϕ = − αcos ϕ − bcos 2ϕ  showing attractor–repellor structure under thermal
perturbation. Lines display glow-enhanced potential curves: normal (gold), heat (red) and cold (blue). The primary attractor at ϕ = 0° (green ball with glow effect)
remains stable across all conditions; repellors at ±π/2 (white circles) and weak attractors at ±π (orange triangles) indicate phase transition boundaries. The right axis
shows movement entropy H ϕ  scale (purple): low entropy at potential minima (stable coordination) and high entropy near barriers (variable states). Inset: stability
comparison via well depth: deeper wells indicate stronger coupling and lower entropy; thermal stress reduces well depth (normal: 1.50 > heat: 1.20 > cold: 1.05),
quantifying the thermodynamic cost of entropy management under perturbation.
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These convergent findings—consistent circadian modulation, amplification under thermal challenge and preserved task
stability despite increased movement entropy—provide the empirical foundation for examining the thermodynamic principles
underlying biological motor control discussed in §4.

4. Discussion
Our experiments provide preliminary empirical support for the hypothesis that human motor control may function as a
thermodynamic entropy-management system. Three key observations emerged from the data. First, movement entropy H ϕ
exhibited a robust inverse relationship with core body temperature across the circadian cycle, peaking at 05.00 (5.246) when
temperature was lowest (36.575°C) and reaching a minimum at 17.00 (4.544) when temperature peaked (37.023°C), reflecting a
15.4% circadian modulation. Second, thermal perturbations amplified this pattern asymmetrically: heat increased the difference
between morning–evening entropy by 139%, whereas cold produced even stronger effects than heat. Third, despite entropy
variations exceeding those observed under extreme conditions, task performance (maintaining in-phase coordination) remained
functionally stable across all experimental conditions.

These findings demonstrate that biological motor systems achieve local order (stable task performance) through the strategic
distribution of disorder (increased movement variability), consistent with the fundamental thermodynamic principle that total
entropy must increase while allowing local decreases through compensatory increases.

4.1. Biological systems as thermodynamic heat engines
The analogy between biological and refrigeration systems provides crucial insights into our findings. As articulated in
thermodynamic analyses of the relationship between life and entropy, a refrigerator decreases entropy locally (cooling the
interior) by generating greater entropy in its surroundings (heating the kitchen) [63,64]. The total entropy of the kitchen,
including the refrigerator, always increases, satisfying the second law while achieving local cooling through work input W  that
drives heat transfer Qc against the thermal gradient. Beyond statistical significance, the observed effects represent meaningful

Table 3. Summary of statistical findings with effect sizes.

effect test statistic p-value effect size (η2p) bootstrap 95% CI

temperature–entropy correlation r = −0.678 <0.001a — [−0.823, −0.533]

circadian effect under heat (Exp II) F(1,7) = 8.234 0.024a 0.54 —

heat × circadian interaction (Exp II) F(1,7) = 3.453 0.068 0.33 [0.089, 0.471]

circadian effect under cold (Exp III) F(1,7) = 9.123 0.019a 0.57 —

cold × circadian interaction (Exp III) F(1,7) = 4.264 0.043a 0.38 [0.123, 0.505]
ap < 0.05. Effect size interpretation: η2p > 0.14 = large effect [57].

Table 4. Simple effects analysis decomposing circadian × temperature interactions.

comparison mean difference t(7) p-value interpretation

heat perturbation

heat versus normal at 05.00 +0.154 2.31 0.054 increased morning entropy

heat versus normal at 17.00 −0.644 3.12 0.017a decreased evening entropy

cold perturbation

cold versus normal at 05.00 +0.203 1.89 0.101 increased morning entropy

cold versus normal at 17.00 −0.668 3.45 0.011a decreased evening entropy
ap < 0.05. Positive values indicate perturbation increased entropy; negative values indicate perturbation decreased entropy.

Table 5. Experimental design and data collection summary.

experiment thermal condition N circadian points trials observations

I normal 8 4 (05.00, 12.00, 17.00, 00.00) 6 192

II normal versus heat 8 2 (05.00, 17.00) 6 × 2 192

III normal versus cold 8 2 (05.00, 17.00) 6 × 2 192

total 16 576
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biological phenomena. The 15.4% circadian modulation in movement entropy (from H ϕ  = 4.544 at temperature maximum
to H ϕ  = 5.246 at temperature minimum) corresponds to a substantial reorganization of motor variability patterns across
the day. Amplification effects under thermal perturbation (139% increase in circadian amplitude under heat and 151% under
cold) demonstrate that the motor system actively adjusts its entropy-management strategy in response to thermodynamic
challenges. These effects are comparable to or greater than those reported in studies of circadian effects on reaction time [34]
and coordination accuracy [38], supporting the functional significance of thermodynamic motor control.

Our motor control data are consistent with those of an analogous biological mechanism. When the core body tempera-
ture decreases to its circadian minimum, the organism experiences increased thermodynamic stress, similar to a refrigerator
operating at a larger temperature differential:

(4.1)ΔT = Tℎot − Tcold .

Just as the COP

(4.2)COP = Tcold/ Tℎot − Tcold
decreases with larger ∆T, requiring more work to maintain the same cooling effect [65], the motor system must increase
movement entropy to maintain task stability when physiological efficiency is compromised. The 15.4% entropy increase at
05.00 represents an informational rather than metabolic cost: the motor system accepts greater movement unpredictability
(higher H ϕ ) to preserve the essential task variable (stable phase coordination at ϕ ≈ 0°). This trade-off exemplifies the
entropy-management principle: functional order is maintained by redistributing disorder into task-irrelevant dimensions of
movement variability, which is consistent with the uncontrolled manifold hypothesis [47] and optimal variability [44]. This
principle extends beyond simple analogy. Living organisms, such as open thermodynamic systems, must continuously export
entropy to maintain their internal organization [2,66]. Our data quantified this process at the motor control level, showing how
movement variability serves as an entropy export mechanism that preserves functional order.

4.2. Dissipative adaptation and motor control
England’s assumption of dissipative adaptation provides the theoretical basis for our empirical observations [15]. According to
this theory, driven many-body systems spontaneously adopt configurations that maximize their ability to absorb and dissipate
energy from external sources. The key insight is that irreversible transitions between system states require work dissipation
according to the following relationship:

(4.3)πτ(X → X ′)
πτ(X ′ → X) ≥ exp ⟨W⟩X → X ′ − ⟨ΔE⟩X → X ′ + TΔSintkBT .

Figure 6. Experimental design, data processing mechanism and entropy management across three experiments. Table 5 summarizes the experimental structure:
Experiment I (n = 192) examined circadian modulation across four time points; Experiments II and III (n = 192 each) compared thermal perturbation effects at
circadian extremes (05.00 = Tmin; 17.00 = Tmax). Total observations: 576 trials on 16 participants performing bimanual in-phase coordination (wrist joint data; 60 s
trials with 5 min rest intervals). Upper panels: data processing pipeline from raw pendulum oscillations through discrete relative phase extraction to Shannon entropy
quantification (H ϕ ). Lower panels: key findings demonstrating (A) inverse temperature–entropy coupling across the circadian cycle, (B) amplified entropy patterns
under heat perturbation and (C) strongest modulation under cold perturbation with significant interaction effect (p = 0.043). Diamond markers indicate group means;
individual responses are shown as coloured points.
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This inequality, derived from Crooks’ fluctuation theorem [67], indicates that statistically irreversible processes such as
increased movement variability must be powered by dissipated work. In our bimanual coordination system, the modified
HKB dynamics incorporating thermal coupling

(4.4)ϕ̇ = Δω − αsin ϕ + 2bsin 2ϕ − csin ϕT + 2dsin 2ϕT + ϱξt
represents a biological implementation of dissipative adaptation (see electronic supplementary material, S7, for a model–
data comparison). Critically, our analysis reveals that dissipation follows a bidirectional symmetric pattern from the primary
attractor at ϕ = 0 (figure 7). The dissipation rate scales were as follows:

(4.5)Ṡ = γ|ϕ − ϕ0 |1.5 .

This symmetric increase from the attractor in both directions reflects the fundamental thermodynamic principle
that perturbations in either direction require work dissipation to restore coordination. The thermal coupling terms
[csin ϕT + 2dsin 2ϕT ] drive the system towards configurations that efficiently dissipate the work required to maintain
coordination against thermal fluctuations, regardless of perturbation direction. When core temperature drops (increasing
the thermodynamic gradient), the system adaptively increases ϱ T , the temperature-dependent noise amplitude, to maintain
the inequality ∆ Sbiological ≥ 0 through enhanced movement variability. This bidirectional variability distribution ensures robust
coordination maintenance regardless of whether the perturbations push the system towards positive or negative phase
deviations. The inverse relationship between the potential depth and movement entropy

(4.6)H ϕ ∝ 1/|V ϕ |

demonstrates that regions of high stability (deep potential wells) correspond to low-entropy states, whereas unstable regions
near repellors require high entropy to traverse. This is related to England’s observation that self-organizing systems emerge
as ‘a way to more efficiently absorb and dissipate heat from the environment’ [15]. Our motor system, when faced with
circadian temperature variations, self-organizes its variability patterns to optimally dissipate the thermodynamic work required
for coordination in both phase directions.

The amplification effects under thermal perturbation (139% for heat and 151% for cold) scale the entire symmetric dissipation
landscape, demonstrating that this adaptive response maintains its bidirectional character while increasing in magnitude with
the thermodynamic challenge. This bilateral entropy management ensures that the system can respond to perturbations in
either direction with appropriate dissipative compensation, thereby maintaining the robustness that is essential for biological
functions [68].

4.3. Multiscale implications: from molecular machines to clinical applications
The thermodynamic principles of motor control operate across biological scales, from molecular machines to clinical patholo-
gies. Boyer’s analysis of adenosine triphosphate synthase [69] revealed that this molecular motor maintains its catalytic function
by coupling conformational changes to proton gradient dissipation, achieving local order through a global entropy increase.
Our motor system demonstrates an analogous mechanism, maintaining coordination stability by coupling movement patterns
with thermal gradient dissipation.

This multiscale perspective is supported by research on protein dynamics. Henzler-Wildman et al. [70] showed that protein
flexibility increases with temperature perturbations, maintaining functional catalytic rates through enhanced conformational
sampling, which is a molecular analogue of observed movement variability in this study. The work of Kondepudi & Prigo-
gine [3] on dissipative structures provided a theoretical basis: far-from-equilibrium systems maintain ordered states through
continuous entropy production, with the entropy production rate serving as a selection principle for stable configurations. Our
finding was that H ϕ ∝ 1/Tcore exemplifies this principle at the behavioural scale. These findings offer new perspectives on
motor pathologies. Speculatively, conditions characterized by reduced movement variability, such as Parkinson’s disease [62],
might be examined through the lens of entropy management, though this hypothesis requires direct empirical testing. The
role of the dopaminergic system [71] could be reconceptualized as modulating the ability of the biological system to generate
compensatory entropy, suggesting therapeutic approaches targeting variability distribution, rather than just mean performance.

The pronounced individual differences in the data (participant P4’s extreme responses versus P8’s relative stability) suggest
distinct patterns in individual responses to entropy management. Whether such patterns are stable within the individuals, over
time, and whether they are related to susceptibility to movement disorders or recovery trajectories following neural injury is a
question for future longitudinal investigation. Harrison & Stergiou [72] found that optimal movement variability characterizes
healthy motor control, which is consistent with the proposed model, in which variability plays a functional thermodynamic
role. Similarly, age-related motor decline [51,73] may reflect a diminished capacity for adaptive entropy redistribution, with the
pathological states showing either excessive rigidity (insufficient entropy) or uncontrolled variability (unregulated entropy).

4.4. Theoretical integration and evolutionary significance
Our thermodynamic perspective unifies diverse motor control theories and reveals evolutionary principles. The capacity for
entropy management through movement variability represents a key evolutionary innovation that enables complex motor
behaviours. In [74], West argued that biological scaling laws reflect thermodynamic constraints. The findings of this study are
consistent with the possibility that motor systems capable of flexible entropy distribution may have selective advantages,
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particularly in variable thermal environments. The emergence of an endotherm exemplifies this principle. Endothermic
organisms maintain stable internal temperatures despite environmental fluctuations and thus require continuous metabolic
work and entropy production [75]. Data suggest that motor control systems coevolved with thermoregulation to manage the
entropy burden of temperature homeostasis. This aligns with the proposition made by Kaila & Annila [76] that evolution
follows the second law of thermodynamics, with natural selection favouring configurations that efficiently dissipate energy
gradients. The robust circadian modulation observed in this study may represent an evolved optimization of predictable daily
temperature cycles.

Cross-kingdom evidence supports the evolutionary conservation of temperature–circadian coupling mechanisms. Nagel et al.
[77] demonstrated that, in A. thaliana, the transcription factor FBH1 mediates warm temperature responses through reciprocal
feedback with the core clock gene CCA1; when FBH1 overexpression disrupts this feedback, temperature compensation fails
at 28°C, causing approximately 1-h period shortening. Its molecular architecture shows striking parallels to our human motor
findings: temperature perturbations that disrupt normal regulatory feedback produce amplified circadian effects, and the
response is bidirectional (heat (upregulation) and cold (downregulation) FBH1 expression). Such cross-kingdom conservation
suggests that entropy-management strategies may represent convergent solutions to universal thermodynamic constraints on
biological timing and coordination. This thermodynamic perspective enriches existing motor control theories. Optimal feedback
control theory [78] proposes minimizing task-relevant variability while allowing task-irrelevant fluctuations, which provides a
thermodynamic rationale: task-irrelevant variability serves as an entropy repository, maintaining an increase in total entropy
while preserving performance. Similarly, the uncontrolled manifold hypothesis [47] gains thermodynamic grounding; variance
perpendicular to task goals provides the degrees of freedom for entropy distribution.

The proposed mathematical formalism, which extends the HKB model using thermal coupling terms, generates testable
predictions. The coupling parameters c and d should vary predictably with thermoregulation factors (ambient temperature,
clothing, metabolic rate), whereas noise amplitude ϱ should scale with task difficulty and physiological stress. These predic-
tions enable rigorous testing across varied conditions, contributing to an emerging thermodynamic theory where movement
variability represents not noise to minimize, but the essential mechanism satisfying fundamental physical laws.

Figure 7. Bidirectional dissipative adaptation in motor coordination dynamics. The upper portion displays the HKB potential landscapeV ϕ = αcos ϕ − bcos 2ϕ  under normal (gold), heat (red) and cold (blue) conditions with glow-enhanced line styling. The primary attractor at ϕ = 0°
(green ball with glow effect) maintains stability across all thermal perturbations; repellors at ±π/2 (white circles) and weak attractors at ±π (orange triangles)
indicate phase transition boundaries. The lower portion reveals symmetric dissipation patterns (shaded regions) increasing bidirectionally from the attractor followingṠ = γ|ϕ − ϕ0|1.5, with dashed lines showing dissipation amplification under thermal stress (heat: +33%, cold: +50%). The star marker denotes minimum
dissipation at the primary attractor. Vertical dotted lines connect the repellor positions to dissipation peaks, highlighting coupling between potential instabilities
and energy dissipation. Inset: cumulated bar chart quantifying the stability–dissipation trade-off across conditions; bar width is constant (100%), with solid portions
representing stability (well depth) and hatched portions representing dissipation cost. As thermal stress increases (Normal → Heat → Cold), stability decreases
(60% → 47% → 41%), whereas dissipation increases proportionally (40% → 53% → 59%), illustrating thermodynamic trade-off. The right y-axis (purple)
indicates movement entropy H ϕ  varying inversely with potential depth. This bidirectional architecture demonstrates that deviations from the target phase
require proportional work dissipation, implementing England’s dissipative adaptation principle where biological systems maintain functional stability through strategic
entropy redistribution.
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4.5. Limitations and future directions
This study has several limitations. Despite achieving adequate statistical power (0.82–0.89) for the observed large effect sizes
(η2p = 0.32–0.38), the sample size (N = 16, with n = 8 per group) limits population generalizability. The within-subject design
and 576 total observations provide stable parameter estimates; however, larger samples could better characterize individual
variations in entropy-management strategies. The marginal significance of some effects (heat interaction p = 0.068) suggests that
larger samples would improve precision. Although participants were not formally screened for chronotype, direct temperature
measurement verified that all participants exhibited the expected circadian pattern (maximum at 17.00, minimum at 05.00;
paired t-test: t(7) = 13.75, p < 0.001, Cohen’s d = 4.35). Future studies could strengthen this approach through chronotype
assessment or individualized sampling times. Several factors can constrain generalizability: we examined only bimanual
coordination (not locomotion, postural control or fine motor skills); participants were healthy young adults whose thermoreg-
ulatory dynamics may differ from that of older populations; experiments used standard laboratory conditions rather than
environmental chambers; thermal perturbations were relatively mild (±1.2–1.3°C) and seasonal variations could have influenced
circadian amplitude. Methodologically, the 60 s trial resolution used in this study may have missed faster thermodynamic
fluctuations, and Shannon entropy, while effective for distributional complexity, does not capture temporal dependencies
accessible through sample entropy or multiscale entropy measures.

Several theoretical caveats warrant consideration. First, Shannon entropy serves as a proxy for thermodynamic entropy;
direct measurement of heat dissipation or metabolic expenditure would strengthen the thermodynamic interpretation. Second,
the correlational design cannot establish causality—alternative explanations including circadian variations in attention or
neuromuscular efficiency cannot be excluded. Third, the modified HKB formulation with thermal coupling terms requires
independent validation. Future directions include exploring connections between thermodynamic motor control and skill
acquisition, rehabilitation approaches for conditions involving compromised thermoregulation and cross-kingdom comparisons
using plant circadian systems (e.g. Arabidopsis) that offer reduced individual variability and powerful genetic tools for investi-
gating entropy management at the molecular level.

5. Conclusions
This study provides preliminary evidence consistent with the hypothesis that human motor control operates according to
thermodynamic principles, whereby entropy distribution is managed to maintain functional stability [79]. Similar to a refrig-
erator achieving local cooling through global heating, the motor system preserves task performance by strategically increas-
ing movement variability under challenging physiological conditions. Biological entropy-management scales with thermal
perturbations and varies inversely with core body temperature, revealing that, like motor control, biological entropy manage-
ment is a sophisticated thermodynamic process that is shaped by physical laws and evolutionary optimization.

These findings suggest a potential bridge between physics and biology, proposing that thermodynamic principles analogous
to those governing heat engines may shape the variability of human movement. When confirmed by future research, recogniz-
ing motor control as thermodynamic entropy management could offer new perspectives on health, disease and the fundamen-
tal organization of biological systems [80]. The elegant solution evolved by biology—maintaining order through controlled
disorder—exemplifies life’s fundamental strategy for persisting in a universe governed by the second law of thermodynamics.
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