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When prediction fails: a 
computational complexity view 
of stress

Sergey Budaev *, Floriana Lai , Rachael Morgan  and 
Ivar Rønnestad 

Department of Biological Sciences, University of Bergen, Bergen, Norway

Living organisms are increasingly understood as predictive systems that antici-
pate near-future, fitness-relevant demands and proactively adjust physiology and 
behavior. Then, stress arises when environmental challenges exceed the range 
normally anticipated by the organism, eliciting stress responses that push regula-
tory systems toward or beyond their functional limits. These conditions are often 
associated with uncertainty, unpredictability and uncontrollability. We focus on 
the functioning of control systems when they fail to predict the environment 
and successfully control behavior. We hypothesize that under such conditions 
feedback controllers become increasingly obsolete and can be dynamically dis-
counted, providing a fitness benefit. Computational complexity of adaptive con-
trol is expected to reduce the size of the controller program, the complexity of its 
output and therefore the complexity of adaptive behavior. We briefly review the 
literature suggesting that reduced complexity of behavior may serve as an indi-
cator of developing stress. Finally, we outline several approaches and R software 
packages for the measurement of complexity.
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1 Introduction

Life occurs in changing, uncertain, risky, dangerous and often harsh environments. All 
organisms, from simplest bacteria to our own species, constantly face different challenges that 
elicit stress, which is a fundamental evolved mechanism to cope with a broad range of threats 
and risks. Stress is closely linked with the important issues of health, welfare and wellbeing 
(1–3). Even though some degree of stress is an integral part of life, repeated, acute or prolonged 
stress can be detrimental (2–4). The organism usually responds to a demanding challenge with 
a cascade of adaptive regulatory processes: physiological, cognitive and behavioral reactions 
directed at coping with the challenge, including threat appraisal, maintenance of the homeo-
stasis and recovery from possible damage (5, 6). In addition to the stress response, one can also 
distinguish the state of stress: an internal condition of the organism characterized by reduced 
capacity for adaptive control. For example, the organism can display an adaptive response to a 
stressful challenge (stress response) without being in the state of stress or, if the stress response 
was sufficient to cope with the challenge, without subsequently transiting to the state of stress. 
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This view is similar but not identical to the concept of distress1, 
defined as “being stressed” (2) or as a biological state in which the 
stress response exerts a harmful effect on welfare and health (7, 8) or 
when the challenge is subjectively perceived as unpleasant (1, 3).

While originally viewed as a non-specific physiological response 
to noxious stimuli, stress is now typically framed in terms of uncer-
tainty, unpredictability and uncontrollability (9, 10). Uncertainty 
about the future, including the consequences of the animal’s own 
choices, is recognized as a fundamental challenge faced by most 
organisms. To survive and reproduce, animals benefit from efficient 
strategies that reduce uncertainties about their environment and the 
likely results of their actions (10, 11). The organism therefore predicts 
its near-future fitness-related needs and adjusts its functioning to pre-
pare for the anticipated challenges (12–14). This emphasizes the first-
person Umwelt view of the organism in its world (15–18).

In this paper, we outline a broad theoretical approach for under-
standing integral system-based stress in animals based on prediction 
and complexity of behavioral action control. Specifically, we focus on 
the behavioral activity that arises when an organism comes to the state 
of stress, i.e., fails to accurately predict and control its environment, 
resulting in excessive prediction error. For example, large literature 
evidenced that unpredictable and unavoidable stress is significantly 
more detrimental than predictable in various species [e.g., (19–21)]. 
We argue that the state of stress is strongly reflected in the overall 
complexity of behavior: the pattern of actions and interactions with 
the environment. We briefly review the literature showing that 
reduced overall complexity of behavior can provide an indicator for 
developing stress and point to possible metrics. We also review the 
existing R software libraries for quantifying complexity. Box 1 presents 
the definitions for basic terms.

2 Prediction, control and stress

At the level of the individual cell, stress refers to harmful environ-
mental effects that disrupt the cellular homeostasis, accumulating 
imbalance, damage and ultimately shaping the organism’s response to 
the challenge (22, 23). Because cellular decisions are primarily modu-
lated by the energy status (24, 25), cellular stress response involves 
maintenance of ATP (the primary energy carrier) at the level required 
by the most essential processes (26).

Evolutionarily more advanced organisms, especially animals 
with a developed nervous system, respond to challenges through 
anticipation and prediction in addition to direct response to an 
immediate challenge (12, 13, 27). For example, when a visual cue 
predicted a stressor one minute beforehand in European sea bass 
(Dicentrarchus labrax), the fish showed reduced behavioral reac-
tivity, lower cortisol release, and altered gene expression indicative 
of neuronal activity in the telencephalon, suggesting that the 
response was modulated by anticipation-based appraisal (28). 
Also, omission of expected reward excited frustrative aggression 
without cortisol response in the Atlantic salmon (Salmo salar) 

1  Unlike the concept of “distress,” our view of “stress state” is not articulated 

as the consequence of a response, nor implicates subjective feeling or explicit 

detrimental consequences. The state of stress in this framework concerns 

specifically reduced capacity to perform adaptive control, making it also less 

vague than distress defined as “a state of the animal when it is stressed” (2).

(29). A similar pattern was documented in the rainbow trout 
(Oncorhynchus mykiss) with smaller fish characterized by a stron-
ger frustrative response to failed expectation (30).

Several related theoretical frameworks have been proposed to 
understand stress at the level of the whole organism, emphasizing 
anticipation, preparation, and control in challenging situations. One 
of the most prominent anticipation-based and integrative frameworks 
for analyzing stress is allostasis (31–35). Allostasis is an extension of 
the concept of homeostasis, which describes mechanisms that main-
tain the stability of the internal environment. In contrast, allostasis 
emphasizes predictive regulation of physiological functions and energy 
budgets, enabling organisms to maintain functional stability 
through change.

The nervous system, brain, and cognitive processes constitute 
core elements of the organism’s predictive architecture (35), operat-
ing in close coordination with endocrine systems to support anticipa-
tory regulation and stress responses (36, 37). In allostasis the 
organism does not maintain a single, fixed optimal steady state, but 
engages in flexible, adaptive regulation, so that the homeostatic set-
points are changing depending on the anticipated challenge and the 
predicted need. Allostasis involves a coordinated regulation includ-
ing brain and body, cognition and endocrine systems, rather than 
purely isolated feedback mechanisms. As a consequence, different 
stressors that occur in different contexts and act on the organism in 
different states can result in different patterns of activation of the 
sympathetic nervous and adrenomedullary hormonal systems 
(32, 36).

The challenges that an animal meets can elicit preparatory allo-
static responses, but they always come at metabolic cost. Such cost, 
allostatic load, may become detrimental when challenges are inaccu-
rately predicted, exceed organismal capacity, or persist chronically (34, 
37). Mild to moderate stress can already change energy allocation. For 
example, in many organisms moderate stress results in reduced 
growth, reflecting adaptive prioritisation of maintenance over ana-
bolic processes (38, 39). Persistent or extreme allostatic demand 
exceeding regulatory capacity may trigger an emergency life-history 
stage characterized by a re-prioritization of energy toward immediate 
survival (40, 41). Beyond this extreme point, failure of regulatory con-
trol can ultimately result in death. There is thus a paradox, allostasis 
and stress have evolved to adapt organism to challenges in dynamic 
environments but can also lead to apparently maladaptive outcomes 
(5, 14, 42, 43).

The central role of uncertainty and prediction-based cognition has 
been emphasized in the Bayesian brain framework (44–49) applied to 
stress (10, 50, 51). Here, the organism living in a variable environment 
is primarily confronted with the fundamental task of minimizing 
uncertainty, which is quantified as the information-theoretic “free 
energy,” a common function for both perception and action (47, 52, 
53). This can occur either (a) by updating the brain’s internal model—
probabilistic belief—of the environment to fit with the sensory data or 
through active inference, including actions that can give better sensory 
information to update the internal model or (b) behavioral action that 
moves the organism into an environment that better agrees with its 
pre-existing internal model, so a model update is not needed (46, 47, 
52). For example, avoidance learning in zebrafish depends on two 
neural ensembles in the dorsal telencephalon: one encoding the pri-
mary cue-based rule (“the punished color is dangerous,” “the unpun-
ished color is safe”) and the second ensemble that represents the 
prediction error: the discrepancy between the predicted visual 
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sensation of scene flow (as the fish swims) and the actual input from 
the visual system. The second ensemble allows the fish to act efficiently 
through minimizing prediction error (54).

While initially developed in view of rather advanced cognitive 
systems that are able to calculate, represent and use probabilities as 
well as accumulate information about the different choice options, the 
active inference paradigm is being extended to non-neural and non-
cognitive processes such as morphogenesis (55), elementary chemical 
oscillators (56) and the origin of life (57). Minimizing the free energy 
is computationally and energetically costly (58, 59). An organism 
unable to reduce the informational free energy finds itself persistently 
in a high uncertainty state irrespective of its actions. This imposes 
sustained energetic costs, burdening the allostatic overload and bring-
ing about a range of adverse effects and resulting in systemic pathol-
ogy (10, 51). To prevent detrimental consequences, the organism is 
predicted to alter the goal state of its cognitive system, transitioning 
toward habituation in response to sustained environmental adversity 
(10). Stress is regulated by neuromodulatory, neuroendocrine and 
immune systems that act on different time scales. Sustained 

unpredictability and uncontrollability, pointing to failed habituation, 
bring about a heightened neuroendocrine response and generally shift 
the organism’s control of behavior from goal-directed to habitual, 
routine-based (50, 51, 60). For example, glucocorticoid receptor 
blockade, preventing recovery after stress, resulted in more frequent 
failures in the detour task test than in control in a cichlid fish 
Neolamprologus pulcher caused by inflexible, routinized response (61). 
Similarly, acute exposure to the alarm substance induced repetitive 
responding of zebrafish in a Y-maze with a tendency to increase over 
time independent of the action outcome (62).

The control systems perspective (11, 63–65) views stress as a con-
sequence of failed control of external or internal fitness-critical vari-
ables. This perspective is based on the classical theory of regulatory 
control (66–68) that has many applications in industrial automation 
(66, 68), functioning of biochemical networks (69, 70), behavioral 
control (71) and general design of biological systems (72–74). This 
perspective implicates interconnected and hierarchically nested feed-
back (reactive, error-correcting) and feed-forward (anticipatory, pre-
dictive) mechanisms. Closed-loop feedback regulation is based on 

BOX 1  Glossary

Stress: an adaptive regulatory mechanism evolved to cope with threats, risks and challenges, environmental or internal. Stress can refer to a demanding or challenging condi-
tion, an aroused state of the organism, as well as a cascade of adaptive physiological, cognitive and behavioral responses directed to threat appraisal, maintenance of the homeo-
stasis and recovery from the possible damage. For example, physiological responses to stress usually include activation of the sympathetic nervous system, HPA axis, release 
of adrenaline and cortisol. These responses may bring about beneficial or harmful consequences depending on their magnitude, duration, context, the state (condition) of the 
organism and other factors. Stress can involve a short-term challenge (acute stress), or long-lasting or repeated challenge (chronic stress). Stress is characterized by three crucial 
elements: it is aversive, involves general activation of the organism, and is associated with unpredictability and uncontrollability.

Stress response versus stress state. We distinguish stress response, i.e., an adaptive response to an internal or external challenge and stress state, i.e., an internal condition of 
the organism characterized by a reduced capacity for adaptive control. An organism could display an adaptive response to a stressor without being in the state of stress. Such 
a response could diminish and eliminate the challenge; otherwise, the challenge could exceed the adaptive capacities of the organism, putting it to the state of stress and further 
to distress: unpleasant subjective feeling, deleterious welfare and health consequences.

Stressor: An internal or environmental factor that poses an adaptive challenge or demand on the organism. Stressor requires an adaptive regulatory response from the 
organism, otherwise it disrupts homeostatic balance leading to the stress state.

Regulation: a coordinated set of physiological, cognitive and behavioral mechanisms and processes that control, adjust, accommodate and constrain the adaptive functioning 
of the organism, promoting successful survival and reproduction in a dynamic, changing environment.

Computational and adaptive capacity: The upper limit on the ability of a system to perform (or keep) a specific function. Computational (information processing) capacity 
refers to the maximum performance (e.g., operations per unit time) of a computational system. Regulatory (adaptive) capacity is the system’s ability to adjust to the operating 
conditions via its regulatory (e.g., feedback) mechanisms to keep a specific level of performance. Regulatory and computational capacity can scale up and down depending on 
available energy and other resources. For example, when the resources are insufficient, the maximum possible level of performance is reduced; if a higher level is required, it 
cannot be reached within a time constraint. For an organism, reduced adaptive capacity under acute, repeated or persistent challenge (i.e., reduced resilience), results in exhaus-
tion, fatigue and physiological breakdown. Adaptive capacity is distinct from adaptive capability, meaning whether an adaptive task is achievable as the organism approaches 
the limit of its adaptive capacity to maintain the homeostasis, without respect to the specific capacity level.

Homeostasis: a set of regulatory process that function to maintain the stability of the internal environment to ensure its optimal performance even in presence of significant 
external disturbances.

Allostasis: a set of regulatory processes by which an organism achieves adaptive functioning dynamically through change. It is based on predictive regulation of physiological 
responses, energy balance, emotion, cognition and behavior. Essentially, the organism anticipates an incoming challenge and executes preparatory responses, resulting in 
effective pre-emptive adaptation. However, such responses carry significant metabolic costs which can accumulate as allostatic load.

Turing machine: an abstract model of computation based on symbol manipulation following specific rules. It includes an infinite tape with discrete cells containing symbols, 
a head that can read one symbol and then, depending on it and the machine state, write one symbol. Then, the head moves forward or backward along the tape, or halts. A 
function is computable if there is a set of instructions that result in completion of the function computation. In the general case, the computation is performed regardless of 
the number of time steps required to compute.

Tractability: in a broad usage means “practical feasibility.” In theoretical computer science, tractability is framed in terms of the time and other resources (e.g., memory, 
program size) required to complete a computation task. A problem that cannot be solved within a sufficiently limited resources is called intractable. Tractability usually indicates 
how “scalable” the algorithm is for inputs of increasing size. Tractable then denotes a problem solvable in a polynomial time of its input size.

Complexity classes: basic sets of decision problems grouped according to the computational resources required to solve them. It is common to distinguish the following 
complexity classes: P: problems are decidable and solvable within a polynomial resource; NP: problems are intractable but can be verified in polynomial time; NP-hard: the 
class of problems at least as hard as the hardest problems in NP, can be undecidable; NP-complete: the hardest problems in NP; widely considered effectively intractable.

Kolmogorov (algorithmic) complexity: is a quantity defined for a finite data (symbols) string and refers to the shortest algorithm running on a Turing machine that outputs 
the data and halts. A simple regular string like “100,100,100,100…100” (even if its length is very large) requires a small program to generate and is said to have low complexity. 
By contrast, a stochastic, algorithmically random, string requires an algorithm that cannot be smaller than the string itself, it has no shorter description and is said to be 
incompressible.
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maintaining a set-point, which is usually computationally simple, 
allowing effective self-correction even in cases of pronounced unan-
ticipated disturbances. In contrast, open-loop feed-forward regulation 
requires an accurate internal model. Biological feedback controllers 
usually work in concert with feed-forward, reporting prediction error 
to model-based control. While the distinction between feedback and 
feed-forward control is a simple way of thinking about adaptive con-
trol, live organisms are characterized by an intricate, multilayered 
combination of both types, they are “deeply overwired” to facilitate 
robust adaptation in dynamic environments (73, 74), similar to com-
plex engineering systems (75).

All regulatory systems are constrained by fundamental trade-
offs, such as robustness versus flexibility (11, 67, 72), explaining 
why more robust controllers have lower plasticity (11, 73, 74). For 
example, an adaptive feedback-based control system should 
respond rapidly to a perturbation with a high signal gain towards 
the set point. However, such strong and rapid response to error 
could cause an overshot over the set point and, if further overshot-
correcting actions are also strong, maladaptive fluctuations (67). 
Increasing flexibility, gain and complexity might therefore improve 
performance on more regular tasks but reduce stability under dis-
turbance uncertainty, delays or non-foreseen dynamics. On the 
other hand, limiting control signal gain, responsiveness and flexibil-
ity would improve the system stability margins, i.e., robustness 
(67, 73).

One of the most common feedback control paradigms is propor-
tional-integral-derivative (PID) often used in industrial automation 
(66–68). PID control involves robust corrections of the disturbance 
through three components that work on the instantaneous deviation, 
past control errors as well as immediately predicted error: (a) the cor-
rection proportional to the magnitude of the deviation from the set 
point: P (i.e., a small correction for a small error and large for a large 
error), (b) the cumulative sum of past errors correcting the residual 
error over time: I, (c) a component anticipating the next error that is 
proportional to the rate of change for the error, its derivative: D (miti-
gating overshoot and providing additional stability under varying and 
rapid disturbances). PID provides a viable model for genetic and 
molecular regulation (76–78). It has been used to model human per-
ceptual and sensorimotor control (71) and is expected to work in com-
putational psychiatry for arousal and affective control (79).

Generally, a challenge shifting some controlled process results in 
a discrepancy detection and the feedback acting to nullify it. Then, 
various control errors are possible. The system can overrespond to the 
challenge if the P, I or D component parameters are not precisely 
adjusted. For example, if the P gain is too high, the system responds 
too sharply to the disturbance. If I gain is too high, the response elimi-
nates past errors too rapidly. This will bring about a deviation between 
the set point and the process persisting after the challenge has gone 
(66, 68). Human-designed systems are often tuned to keep the process 
variable precise. Unlike this, for living organisms, misalignment of 
control parameters to overrespond and exaggerate defensive action 
would avert the more life threatening errors and therefore result in 
higher fitness in a stochastic environment (80–83). This may explain 
hormesis, a biphasic response pattern when a weaker challenge exerts 
a stimulatory effect while high challenge, an adverse effect (84–86). 
Hormesis therefore involves an overcorrection (11, 87) or overcom-
pensation (84) to a homeostatic challenge which, if the initial inter-
vention proves unsuccessful, can further escalate to uncontrollable 
stress condition.

Stress responses are triggered by perceptions of unpredictability 
and uncontrollability, based on measuring a discrepancy between the 
anticipated value of the fitness-critical variable and its actual state. 
Large or persistent discrepancies indicate failure to control. 
Furthermore, the strongest level of stress response is especially likely 
to emerge following unexpected loss of control, when formerly pre-
dictable conditions abruptly change. Uncontrollability can be inferred 
from delayed or incomplete physiological recovery following an envi-
ronmental challenge, while unpredictability results in a lack of antici-
patory responses. Thus, uncontrollability corresponds to the inability 
of feedback mechanisms to maintain physiological variables within 
adaptive target ranges, while unpredictability arises from failures of 
feed-forward processes to anticipate upcoming challenges. 
Predictability and control depend on both the environment and the 
organism, so control failures and stress can be caused by external envi-
ronmental effects as well as internal causal factors (11, 64). When a 
failure to control a fitness-critical variable is detected from a large and 
growing prediction error, the resulting stress responses may elicit 
modification of the model used by the feed-forward controller or 
other adaptive mitigating behavior change. This links the control 
system perspective with the active inference paradigm (11). The clas-
sical mechanistic control theory (proportional-integral-derivative, 
PID) can be considered as a linear approximation for the Bayesian free 
energy minimization (88).

The adaptive calibration model of stress (89) postulates that the 
autonomic nervous system and neuroendocrine stress response sys-
tems have evolved to control conditional adaptations that regulate 
individual life history strategies and developmental trajectories. 
Activation of autonomic and neuroendocrine responses early in life 
provides information about the general characteristics of the environ-
ment, including its predictability, typical challenges, risks, and affor-
dances. Over development, this information becomes embedded in 
the parameters—set points and reactivity patterns—of these physio-
logical systems. Consequently, repeated stress-related activation 
during development supplies signals that tune both physiological and 
cognitive systems. These signals convey probabilistic information 
about the environment, calibrating the internal predictive model that 
is involved in feed-forward model-based adaptive actions (11, 89). An 
illustration of the crucial fine-tuning role played by early stressors is 
the recent study on the (anadromous) Atlantic salmon: development 
under stable conditions during the early freshwater phase leads to 
poorer robustness, health and slower growth in sea cages (90). Early 
inescapable stress in salmon mitigates the serotonergic responses to 
acute stress later in life (91). Similarly, fruit bats that have experienced 
frequent environmental changes during early development are subse-
quently bolder, more flexible and efficient in response to novel chal-
lenges in the wild (92). This fits with a more general body of evidence 
showing that environmental enrichment promotes behavioral flexibil-
ity and neural plasticity (93), improving welfare (94, 95).

3 Complexity

From the previous section it is clear that stress can result as a 
consequence of prediction and control complexity, which in more 
extreme cases is a failure to predict and control. But what is complexity 
in the first place? Complexity is a general concept that partly lies “in 
the eye of the beholder” (96–98). For example, there is no universal 

https://doi.org/10.3389/fvets.2026.1878636
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org


Budaev et al.� 10.3389/fvets.2026.1878636

Frontiers in Veterinary Science 05 frontiersin.org

definition of a complex system (97). A widely held view is that a 
system is considered “complex” when it is difficult to describe, under-
stand and model: “a system is not complex by some abstract criterion 
but because it is intrinsically hard to model, no matter which math-
ematical means are used” [(99), p. 6]. Some essential characteristics 
of complexity include high dimensionality, interactions between mul-
tiple networked elements, and nonlinearity leading to reduced pre-
dictability and uncertainty about causal relationships (99, 100). A 
prominent characteristic of complexity is linked with the susceptibil-
ity of the system to end up in uncertainty (98). Lloyd (101) distin-
guished three aspects of system complexity that may be fundamentally 
distinct: (a) how hard is it to describe? (b) how hard is it to put 
together, create? (3) what is the degree of organization? For example, 
a system could be simple to create (by the first person) yet hard to 
describe and predict from a third person perspective. From this 
standpoint, organisms, not developed by us with complete knowledge 
of the design, are complex systems, characterized by intricate evolved 
multi-layer organization hard to describe and model at all levels 
(102–104). From the organism’s own perspective (16, 18), the envi-
ronment is complex whenever there is no easy and straightforward 
way to describe, understand and learn from it, put together a predic-
tive model, select an adaptive policy and plan goal-directed actions 
(16, 105). There is a close link between complexity and intelligence: a 
complex, dynamically changing environment putting the organism 
into novel, challenging and risky situations requires an ability to learn 
from previous experiences, predict future threats, choose better 
options and flexibly exploit opening affordances (106–108). Solving 
local and immediate problems as well as planning remote future 
actions require intelligence (105). The importance of environmental 
complexity, eliciting neural and further behavioral complexity, in 
turn, determining animal welfare has been acknowledged decades ago 
(109). The modern welfare frameworks emphasize the opportunities 
for engaging in varied, complex experiences that contribute to the 
acquisition of competences leading to flourishing (110).

At an abstract level, the notion of complexity can be reduced to 
difficulty to compute. Theoretical computer science has developed 
fundamental mathematical formalization for complexity of algorith-
mic calculations performed with deterministic Turing machines (111, 
112). First, there are problems that cannot be solved for all cases by 
any possible algorithm whatsoever: undecidable problems (113, 114). 
For decidable problems, there exists an algorithm that can decide any 
case of the problem. Yet, the amount of resources needed to solve 
such a problem can vary enormously, making many decidable prob-
lems unfeasible in practice. Computational complexity measures the 
algorithm performance in terms of resources, such as execution time, 
the number of the algorithm steps or the memory required, depend-
ing on the size of the input data. The upper and lower bounds of the 
algorithm resources are described in terms of the Landau’s “big O” 
(i.e., worst case) and “big Ω” (i.e., best case) notations. These indicate 
how “scalable” the algorithm is for inputs of increasing size. It is 
common to distinguish the following categories of growing complex-
ity: O(1) constant time, O(log n) logarithmic time, O(n) linear time, 
O(np) polynomial time, O(kn) exponential time and O(n!) factorial 
time. Most of the algorithms that are used in practical computations 
(searching, sorting, finding the shortest path in an undirected graph 
etc.) are upper bounded by a polynomial of the input size. Such com-
putational problems are considered tractable. The complexity class of 
all decision problems that are solvable by a Turing machine in poly-
nomial time of the input size is denoted by P. These include problems 

that can be efficiently solved within a reasonable amount of compu-
tational resources. To define a further class of complexity, one need 
to implicate the concept of a certifier, that does not produce a com-
putational solution but verifies that the solution is correct. Then the 
NP (nondeterministic polynomial) class consists of decision prob-
lems for which a solution can be verified in polynomial time even 
though no efficient algorithm is known that solves the problem. In 
other words, NP problems are intractable, i.e., unlikely solved within 
a reasonable amount of resources. Further, NP-hard problems are at 
least as hard as the hardest problems in NP, even though not all NP-
hard problems are in NP. NP-hard problems can be undecidable. 
Finally, the class of the hardest problems in NP makes the so-called 
NP-complete class of problems. There exist an algorithm to solve an 
NP-complete problem, but it is far too prohibitive. An interesting 
property of NP-complete problems is that all such problems are 
equivalently hard and can be reduced to one another in polyno-
mial time.

Even though no efficient polynomial-time algorithms are known 
for NP-hard or NP-complete problems, it may in many cases be pos-
sible to cope with the complexity by approximation algorithms (pro-
viding solutions approximating the optimal ones with a guaranteed 
performance ratio), heuristic algorithms (with no guarantee of opti-
mal solutions, but sufficiently close to it for some practical uses, e.g., 
the genetic algorithm or simulated annealing), as well as special cases 
when NP-complete problems turn to polynomial for certain 
restricted classes of inputs or for specific parameters (i.e., even if 
input is large, the problem remains tractable for a specific restricted 
parameter set).

Dynamical processes can be hard to predict. There is an intrinsic 
limitation to prediction either because of chaotic dynamics or large 
number of effective degrees of freedom (115). Biological feedback 
control loops include molecular signaling cascades involving multiple 
chemical events where it is extremely hard to diminish noise and 
error (116). Therefore, many if not most biological and especially 
cognitive problems (essentially predicting the future and the best 
action or policy) occurring in complex changing environments can 
be demonstrated to be computationally intractable (117–120). 
Further, systems (biochemical, neural, and cognitive) implementing 
self-reference can be undecidable (121). The classical examples of 
problems characterized by computational intractability are protein 
folding (122, 123), gene regulatory networks (124, 125), evolutionary 
fitness landscape optimization (126, 127), visual perception (128–
130) and behavioral decision-making (118, 131, 132). In spite of the 
extraordinary computational challenges, biological systems appar-
ently have found good enough satisficing solutions through evolved 
approximate, heuristic algorithms and architectural constraints (16, 
119). For example, the multiple layers of computations executed by 
biochemical, genetic and neural systems allows to take advantage of 
affordances provided at the different levels and scales—from micro-
scopic to macroscopic—effectively splitting the larger problem into a 
series of smaller approximate problems and generalizing the con-
cept of “hacking” (133).

This aligns with a general metaphor of the biological organism 
as a computer—or a collection of computers at the different 
levels—from genes, regulatory networks to neural systems and cog-
nition: all biological systems can be understood as computing 
machines (134–136). As such, all living systems and biological pro-
cesses are subject to computational complexity constraints (102, 
137–140).
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4 Living organism as Turing computer

The idea that the organism can be thought of as a computer, or 
an assembly of computers working at different levels (genetic, bio-
chemical, hormonal, neural, cognitive) that adapt to its environ-
ments through computation, prediction and adaptive action must 
not be understood too literally. Most human-made electronic 
computation machines are designed and built according to the 
standard von Neumann architecture (141) that includes (a) the 
central processing unit (CPU) with the arithmetic unit and con-
troller for program execution, as well as (b) read-write memory, 
(c) input and (d) output devices. Biological living systems are very 
different from this simple design. An abstract Turing machine is a 
deterministic symbol manipulation automata with a finite set 
[usually two, (142)] of possible states (143, 144). As in the Turing 
computation abstraction, biological systems have definite internal 
states, these states can change in response to signals from the 
external and the internal environment, executing state transitions. 
Further, biological systems can emulate reading and writing sym-
bols, the most iconic example is DNA/RNA. The foundation of all 
life processes subsists in autocatalytic chemical reactions (104, 
145). Most known kinds of abstract computing automata can be 
implemented in out-of-equilibrium oscillating chemical reactions 
(146–148).

Computation is typically viewed as a human activity that involves 
specially designed electronic, chemical or quantum tools. In contrast 
to this, a wide range of physical systems can be legitimately viewed as 
intrinsically computational provided they include (“implement”) a 
mechanism that functions to manipulate some physical (but medium-
independent, i.e., defined solely in terms of degrees of freedom) 
vehicle based on differences between specific components or units of 
such vehicle according to rules (149). Computation can therefore be 
objective, concrete, physical and ubiquitous: computation can be 
found everywhere (144, 149). More generally, abstract computation 
can be defined in the physical domain as representational activity that 
allows a physical system to predict an abstract evolution through a 
computing cycle (150, 151). Therefore, biological systems are genu-
inely and intrinsically computing (152). The necessary condition for 
computation is sufficiently high degrees of freedom in the physical 
system, producing arbitrary representation: physical to abstract map-
ping, and instantiation: abstract to physical mapping (152). Thus, the 
thesis that information-processing mechanisms in all living organ-
isms can be viewed as biological computers in an abstract sense 
would not be surprising or counterintuitive (134, 136).

5 Prediction, algorithmic complexity 
and stress

We can proceed by modelling an organism as a universal 
Turing machine T. The organism interacts with its environment 
via regulatory actions and behavior. We further assume that the 
behavior is produced by a controller program P that is run by the 
organism. It is reasonable to surmise that this program gets the 
input from the environment via the sensory system, calculates the 
adaptive responses to these inputs (in the simplest case it can work 
as a lookup table based on “if-then” logical branching) and outputs 
them into the outside world as behavior. Thus, T processes 

sensory and internal state inputs, produces action outputs and 
updates control variables. The behavior of the organism can be 
framed as a data string b that is produced as the output of the 
program P that runs on T. The complexity of the b is determined 
by the length of the shortest program P that produces b and then 
halts (153):

	 ( )( )= =min :K P T P b

This defines the concept of algorithmic complexity for b (154–156). 
The invariance theorem (153, 157) determines that a range of different 
Turing machines will produce asymptotically equivalent results that will 
differ only in an additive constant unrelated to b. The effects of the dif-
ferent machines T on sufficiently long b outputs are therefore bounded. 
Then, a short P will produce a b with low complexity while a long P will 
generate a b of high complexity. In a general case, the upper limit for the 
complexity of b is set by a pattern indistinguishable from random pro-
duced by a very long P. Here is the principal point: a data pattern that 
is hard or impossible to describe in a way shorter than itself—that 
cannot be compressed—is deemed prohibitively complex. So a random 
pattern that cannot be meaningfully compressed, described, modelled, 
predicted and controlled is deemed intractably complex. Unfortunately, 
the value of the algorithmic complexity K is in general case uncomput-
able: there exist no algorithm that computes its exact value (153). 
However, approximations are available for short data strings and their 
combinations using the block decomposition method for an upper 
bound of K (156–158) (illustrated in Box 2).

There is an intrinsic link between complexity, computability, “com-
pressibility,” predictability and controllability. An exceedingly complex 
environment requires a big optimal controller program involving a large 
amount of computational resources that will yield a complex adaptive 
behavioral output (b string). This results in a high K. Living organisms 
always have limited computational resources, basically restricted by the 
energetic costs and the net rate of energy input. This means that there is 
always a hard limit on the complexity of the algorithm—the “O limit,” 
e.g. O(1), O(n) or simpler O(np)—and therefore the size of the program 
P. As with human-designed physical computers, there are strong limita-
tions on the materials needed to build the computer (e.g., accretion of 
neural tissue), engineering effort needed to design and build it 

BOX 2  Illustration of data pattern complexity

To illustrate the concept of complexity we can take two short data sets.

•	 Regular (simple pattern): 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0

•	 Irregular (complex pattern): 1 0 0 0 1 0 1 1 0 0 1 1 1 1 0 0.

Both have the same variability expressed in standard deviation: sd = 0.52.

•	 Kolmogorov (algorithmic) complexity: Regular data is characterized by 
lower K:

Regular: K = 10.26

Irregular: K = 33.12.

(note that its absolute scale of K is arbitrary and depends on the details of the 
approximation algorithm)

•	 Permutation entropy: Regular data is characterized by lower permutation 
entropy:

Regular: H = 0.11

Irregular: H = 0.36.
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(evolutionary time, learning time) and the energy required to operate 
the system (e.g., energy assimilated from food).

What happens when the computational challenge given by the 
environmental complexity exceeds the computational capacity of the 
organism? Unlike a human-designed software that just fails or 
crashes, living organisms have evolved through the natural selection. 
Therefore, we can expect that a smaller program P′, analogous to 
“lossy compression” (i.e., with some information lost in the process) 
making use of evolved approximations or unique heuristics arising 
from serendipity of mutation and selection could happen to be “good 
enough” to win the competition with conspecifics, i.e., successful sur-
vival and reproduction. Yet, there is no guarantee that such approxi-
mate “lossy compression” solution is sufficiently good in different 
contexts, nor indeed that such a solution will ever evolve. Organisms 
can die as a result of computational failures with the genes that con-
tribute to such failures being lost.

When no efficient adaptive controller program that meets the 
computational demand of the environment exists, the organism finds 
itself in a situation of unpredictability and uncontrollability. If no 
program P or P′ could cope with the environment complexity, the 
only adaptive options are to escape away from the unfortunate envi-
ronment or to wait until the conditions become more favorable. Both 
these options should not depend on accurate adjustment to the envi-
ronment, since collecting precise inputs from the environment has 
already been established unfeasible. This means that many or most 
environmental inputs should be ignored. In other words, the only 
option for the organism in such a situation is to switch to a rigid 
active or passive policy with limited feedback from the environmen-
tal signals. Limited input translates to a smaller number of feedback 
control mechanisms, limited size of the controller program P and 
further to a lower complexity of its output b (Figure 1). The overall 
result is the reduction of K. One can further expect frugal and eco-
nomic programs to provide better chances to survive and reproduce. 
Whenever the organism chooses an active or passive strategy, it must 
save its resources for an uncertain yet possibly (or hopefully) better 
future. Information processing in biological systems ultimately trans-
lates to the available energy resources (24, 25). Running a small pro-
gram that requires less computational resources would incur lower 
cost and improve fitness.

In a general case, the computational capacity of the organism can 
reach a hard cap in two ways. First, an unanticipated surge of envi-
ronmental complexity, such as sudden events, can exceed the “O 
limit” of the information processing system. Second, given a particu-
lar environment, the information processing capacity of the organism 
can be impaired if its energetic resources are exhausted, or if the envi-
ronmental challenge exerts a direct detrimental effect on the infor-
mation processing system, such as endocrine disruption, hypoxia or 
toxic exposure. Both ways would result in loss of predictability and 
control, that is, the stress condition.

Essentially, stress can be thought to occur when the “standard” 
controller program containing numerous complex input–output 
mappings performs badly. Many of the inputs and feedback controls 
become obsolete and can be dynamically trimmed off along with the 
related program modules without detrimental consequences or even 
with significant energy salvage. In the evolutionary perspective, 
higher computational complexity could be tolerated or even main-
tained when it improves fitness, supporting more precise and efficient 
adaptive control for flexible behavior (105, 108, 159–161). But when-
ever prediction and control fail, trimming an obsolete, costly and 

non-functional computational machinery will likely improve fitness. 
Thus, stress brought about by excessive computational complexity 
and intractability of adaptive control is expected to reduce the size of 
the controller program and the complexity of its output: adaptive 
behavior.

6 What do empirical studies say?

It has long been known that the development of stereotypic 
behavior is a reliable indicator of stress and poor wellbeing in animals 
(162). Apart from such severe phenomenon as stereotypes, an array 
of studies demonstrated that milder stress can indeed result in 
reduced overall behavioral complexity in a variety of animal species 
(see also 109). For example, locomotor complexity was reduced in a 
dose-dependent manner in zebrafish injected with acetic acid (163). 
In the sea bass, invasive tagging and water contamination with meth-
ylmercury increasingly reduced the complexity of locomotion deter-
mined via optical flow analysis of video (164). The complexity of 
locomotor behavioral sequences in chicks decreased with stress 
caused by food limitation (165). Female Spanish ibex displayed 
reduced complexity of exploratory behavior as a result of stress 
caused by pregnancy and parasitism (166). Similarly, parasite-
infected sheep show lower complexity of activity sequences (167). 
Bottlenose dolphins exhibit reduced behavioral complexity in pres-
ence of fishing and power motor-boats but not kayaks, presumably as 
a result of pronounced disturbance stress (168). Dolphins living in 
environments characterized by higher level of anthropogenic pres-
sure show a lower behavioral complexity (169). The same pattern was 
found in killer whales, southern right whales and grey seals: anthro-
pogenic stress is linked with reduced behavioral complexity (170). 
Yellow-breasted capuchins living in a low stress zoobotanical garden 
were characterized by higher complexity of behavioral sequences 
than animals from wildlife rescue center with poor conditions (171). 
Japanese macaques infected with a nodular worm, impaired health, 
low dominance and ageing also displayed lower levels of locomotory 
and foraging complexity (172). A similar pattern with thermal stress 
reducing complexity, is also observed in the C. elegans nematode 
(173). In humans, stress brings about emotional fragility, where tran-
sition towards depression is accompanied by increasing autocorrela-
tions and cross-correlations between mood states, i.e., higher 
predictability and lower complexity (174). Similarly, heart rate vari-
ability tends to be lower in patients with depression and other psy-
chiatric disorders (175). Finally, decreased complexity as a 
consequence of arousal and stress has also been suggested in compu-
tational models (17).

Thus, there seem to be a consistent pattern in a variety of species: 
stress is linked with reduced behavioral complexity. These results are 
often observed at the high level, the behavior of the whole organism, 
which allows to use complexity as a highly sensitive and non-invasive 
indicator of welfare and wellbeing (109, 176). This aligns with a 
common assumption that a restricted behavioral repertoire arises 
from limited environmental affordances and therefore points to 
reduced welfare status (177). To the extent uncertainty and unpre-
dictability is implicated, pruning of ineffective control systems is 
expected to bring about a reduced behavioral complexity even in 
behaviors that are not directly compromised by curtailed affordances. 
The crucial point from this perspective is that the unit of analysis 
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should be possible to model as an integral computational system. We 
would not necessarily expect a similar link between stress and com-
plexity of any given isolated variable or index.

The relationship between stress and integral behavioral complex-
ity suggests an interesting applied perspectives. Obviously, such a 
measure would be well suited for continuos automated monitoring, 
when unexpected deviation from an established pattern could serve 
as an early signal (a “red flag”) of developing stress, perhaps not yet 

easily detectable at the physiological level. This would be further 
enhanced through the use of computational models—simulation or 
machine-learning—that could provide predictions on the likely 
future stress development and the resulting wellbeing and health 
effects. For example, digital twins could run in parallel with the live 
animals and provide predictions of various scenarios, from further 
effects on health and welfare under different conditions and treat-
ments, to optimizing mitigation scenarios (17, 178, 179).

FIGURE 1

An illustration of dynamic pruning of feedback controller program under conditions of unpredictability and uncontrollability that result in simple regular 
behavior output. Note that we use “regular” in the mathematical sense, to describe a pattern, meaning “simple,” “ordered,” “repeatable,” “compressible.” 
Regular or irregular in this sense has no link with a biological regulation, (dys)function, disorder or pathology.
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7 Measuring complexity of empirical 
data

Measuring complexity is challenging since there is a variety of views 
on what complexity is that do not always coincide (97). The first (180) 
formulation is based on the information theory and Shannon entropy 
(181). Here complexity is based on patterns of statistical distribution, 
pointing to the degree of disorder, uncertainty and randomness. There 
are also several generalizations of Shannon entropy that can be espe-
cially useful for analyzing empirical time series data. For example, per-
mutation entropy provides a measure of irregularity for time series 
(illustrated in Box 2) based on quantifying the relative ordering of 
neighboring values (164, 182, 183). Rényi entropy includes a parametric 
family of indices rather than a single value, thereby providing a more 
comprehensive description (183, 184). Randomness and unpredictabil-
ity are also closely linked to the Brownian random walk, which can be 
described by the power law, in turn, allowing to propose further quan-
titative indices, such as the Hurst exponent (185). For example, a value 
of the Hurst exponent H = 0.5 indicates that the time series follows a 
classical random walk, H > 0.5 indicates that the time series is positively 
autocorrelated and potentially predictable, while H < 0.5 reveals a 
reversing, anti-persistent pattern.

Another approach is based on fractals: here the measure of com-
plexity is given by the fractal dimension (186). This has been fre-
quently used in physiology and neuroscience (187–190). Fractal 
dimension assesses geometric scale-dependency and persistent struc-
tural self-similarity. For instance, the multi-scale pattern of a struc-
ture space-filling could be simple and sparse (low fractal dimension) 
or dense and complex (high fractal dimension). Incidentally, Rényi 
entropy is directly connected to generalized fractal dimension (191). 
Most of the empirical studies discussed in the previous section used 
the fractal dimension for estimating complexity.

A different, although not unrelated (192), approach is based on 
algorithmic (Kolmogorov) complexity and algorithmic probability, 
which are uncomputable, although approximations exist (153, 156, 
193). As discussed above, this view of complexity is framed in terms 
of the shortest program needed to generate a particular size of the 
output: a low Kolmogorov complexity K means that a particular data 
string requires a relatively short (simple) Turing machine to produce. 
Incidentally, an advantage of the Kolmogorov complexity over 
entropy is that the latter does not account for the specific patterns 
within the data and depends only on the statistical frequency distri-
bution of the variable (signal). Yet, there is a link between Kolmogorov 
complexity and Shannon entropy (153) and small string approxima-
tions of Kolmogorov complexity behave like entropy in the worst case 
(158). Interestingly, algorithmic complexity of small Turing machines 
is strongly linked with their fractal dimension defined in terms of 
their output space–time diagram (192).

Another approach to assess complexity makes use of the largely 
empirically established Zipf ’s law: the size distribution of entities is 
an inverse power law with a specific exponent (i.e., the number of 
entities with a size greater than x is inversely proportional to x). This 
relationship was initially discovered in linguistic as a link between 
word frequency vs. word rank and was explained by the principle of 
least effort (194), implicating an inverse link between the frequency 
and complexity. A lot of energy can be saved if frequently used lin-
guistic units are shorter than those used more rarely (194–196). Zipf ’s 
law describes a variety of phenomena: gene expression (197, 198), 
linguistics, cities, companies, human populations and economics 

(199–201). The power parameter of the relationship—Zipf expo-
nent—therefore provides an indication of an overall scaling of 
entropy and its potential link with effort or energy required by the 
system. A larger Zipf exponent value (steeper relationship) implies 
higher predictability while a smaller value (a flat tail of the distribu-
tion) points to higher diversity. Incidentally, Shannon used the Zipf 
law to infer entropy of the English language (195). A theoretical 
explanation for Zipf law links objects ranking with diminishing prob-
ability to growing Kolmogorov complexity of the system (202–204).

Ladyman et al. (97) argue for statistical complexity that is based on 
quantifying the degree of organization rather than degree of uncertainty 
(randomness): the order presumably produced by a complex system 
(205, 206). A distinction of this approach is that an unpredictable 
random pattern is considered less rather than a more complex pattern. 
The unique assumption of the statistical complexity approach is that 
complex systems are not random, yet are also not ordered. Statistical 
complexity involves causal state reconstruction of a dynamic system. In 
simple words, this approach focuses on the degree of pattern rather than 
the degree of uncertainty. Further, the statistical complexity vs. nonpara-
metric entropy curve has been found helpful to characterize the multi-
faceted nature of complex time series, such as distinguishing long- or 
short- range, oscillating, chaotic and stochastic processes (183, 207).

Finally, a very simple and practical measure of complexity, the 
roughness for a time series—von Neumann’s ratio of the mean square 
successive difference to variance (208)—requires sampling of only 
successive differences between the past and the present values. This 
suggests that simple organisms or even molecular automata could use 
it as an internal proxy for assessment of environmental complexity. 
Indeed, there is an indication that fish can respond to the environ-
mental complexity measured this way (90).

This discussion is not exhaustive as determining the complexity 
and predictability of data, especially time series, raises a profound 
interest in many areas, such as economics, finances, neuroscience, cli-
mate research and so on. It is an active area of study with a several 
user-oriented reviews available (189, 190, 209–214). While previous 
studies of stress have used rather few approaches to measuring com-
plexity—usually fractal dimension, but in some cases entropy (215) 
and Zipf exponent (171)—others exist. We suggest that empirical 
researchers will find it useful to distinguish different facets of com-
plexity, such as uncertainty, algorithmic complexity and causal-orga-
nizational complexity. As such, statistical complexity and 
complexity-entropy analysis, we hope, will find a wider use.

Several R packages have been developed with focus on analyzing 
various complexity measures. For example, the ‘fractaldim’ packages 
contains various procedures to calculate fractal dimension (216). The 
‘acss’ package (217) calculates algorithmic complexity using the block 
decomposition method for short strings (211). Furthermore, ‘statcomp’ 
package calculates various measures of statistical complexity and gen-
eralized entropy (218). Hurst exponent is available in the ‘pracma’ (219) 
and Zipf distribution, in ‘zipfR’ (220). The current availability of the 
major approaches for assessing the complexity of discrete and continu-
ous data enables their wider use for stress detection and assessment.

8 Discussion

The association between stress and reduced behavioral complexity 
has long been documented, and its value as a highly sensitive, 
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non-invasive indicator of animal welfare is well recognized. Measures 
of behavioral complexity can unveil effects of disturbances and stress 
that are not yet detectable using more conventional (e.g., level, degree, 
frequency) behavioral and physiological measures (167, 176, 221). The 
transition from behavioral control based on complex cognitive mecha-
nisms to automated habitual (51, 60) is also consistent with the compu-
tational complexity view. However, a parsimonious and logically 
coherent theory explaining this relationship remained elusive. Here we 
propose a general control system level explanation that implicates the 
animal first-person computational and algorithmic complexity perspec-
tive. Stress is thought to occur when the controller program containing 
multiple input–output mappings fails to predict the environment and 
control behavior. Under such conditions, many inputs and feedback 
controls become increasingly obsolete and should be dynamically 
trimmed off along with the related modules, providing fitness benefit. 
Thus, computational complexity and intractability of adaptive control 
coupled with energy limitation are expected to reduce the size of the 
controller program and the complexity of its output, finally translating 
to the complexity of adaptive behavior.

This view is consistent with the existing theoretical frameworks for 
stress, involving functional reorganization, adaptive regulatory repri-
oritization and adaptive allocation of limited resources. Explicitly con-
sidering computational (in)tractability adds a new facet of 
understanding and explanation. All control processes are essentially 
computational. Therefore, uncertainty-induced regulatory intractability 
under stress is addressed by the organism through reallocation of its 
limited resources to processes that remain controllable and tractable. 
This requires functional reorganization and adaptive change of priori-
ties to keep regulatory control as much as possible to maximize fitness, 
essentially making the best of a bad job. The computational complexity 
view of stress is therefore complementary to the traditional theoretical 
frameworks, however, it opens novel interesting questions for further 
formal studies. The computational perspective is also consistent with 
the Bayesian predictive paradigm. Computations required by the pre-
dictive probabilistic processing are extensive and energetically costly 

(58, 59, 222). Inability to predict and control environmental challenge 
and consequences of action could not be solved in a fitness-efficient 
way by unlimited scaling of the computational resources. On the other 
hand, many challenges result in depletion of the energetic resources and 
impair the computational capacity of the organism. Under these condi-
tions, algorithmic complexity becomes the critical determinant of 
behavioral control. Transition to the emergency life-history stage can 
then be thought as an uttermost reduction of algorithmic complexity.

Based on the active inference paradigm and assuming any predic-
tion error means stress, Goekoop and De Kleijn (50) argue that stress 
is expected to increase behavioral variability and complexity. This is 
thought to occur as a consequence of top-down collapse of the hier-
archical goal system reducing the integrative control. We believe that 
this explanation is incoherent because it implicates both downregula-
tion of computational resources, reducing contextual cues with 
simultaneous disinhibition and activation of strong, energetically 
(and computationally) expensive behavioral outputs required for 
increasing complexity. The evidence used by the authors [(50)] actu-
ally includes studies showing reduction of behavioral complexity (e.g., 
entropy (164), fractal-like properties (165)) under stress. We empha-
size the distinction between challenge that results in a transient sur-
prise and stress as the condition of gross unpredictability and 
uncontrollability. Transient surprise can result in defensive hormetic 
overcorrection and even increase behavioral complexity. This could 
solve the adaptive problem, facilitate learning, behavioral flexibility 
and calibrate further response control to analogous challenges. But 
the challenge could also escalate to uncontrollable stress state. 
According to the computational complexity view, it is the latter case 
that would result in reduction of behavioral complexity.

To examine the theoretical status of complexity view of stress one 
can use the Marr (223) framework (see Table 1) that has been remark-
ably fruitful in cognitive and computational neuroscience (224, 225). 
Marr argued that understanding any information processing system 
requires three levels of analysis: (1) computational theory, (2) repre-
sentation and algorithm, (3) physical implementation. Then, the 

TABLE 1  Marr’s levels of mechanistic understanding: computation, algorithm, wet(hard)ware.

N Level Questions Role in explanation of stress Application to animal 
welfare

(1) Computational 

theory

What is the goal, biological 

function, constraints and general 

strategy of the computation, 

mathematical formulation

Mathematical representation of complexity and challenge, 

resource limitation; computational complexity view of 

stress; approximate Bayesian inference minimizing 

variational free energy (mismatch between internal model 

and sensory data); principles of optimal control under 

resource constraint and resource reallocation

Theoretical principles; system-

level detection

(2) Representation 

and algorithm

How can the computational theory 

be implemented in terms of input, 

output and specific mechanistic 

processes, algorithms, how to 

represent the algorithm in a 

simulation model

Representation of regulatory feedback and feed-forward 

control systems, process-based algorithms accounting for 

mechanisms of stress appraisal, stress response, adjustment 

to uncertainty, resource reallocation

Mechanistic understanding, 

principles of prevention, 

mitigation and intervention, 

simulation models, digital twin 

systems

(3) Biological 

realization

How the computational theory and 

the algorithm are realized in the 

biological system: biological 

processes, metabolism, hormonal 

and neural control, etc.

Specific physiological mechanisms of stress that realize the 

algorithms and mechanistic processes at the algorithm level. 

HPA axis, autonomic arousal, neurochemical and hormonal 

signaling, metabolic shifts, immune modulation etc.

Physiological detection and 

assessment of stress, 

developmental, environmental 

and medical interventions
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computational complexity view of stress outlined in this paper 
involves the abstract level 1 of understanding. It concerns the follow-
ing questions: what is the end result of computation, its design goal 
(for biological systems, evolutionary design function), conceptual 
strategy and constraints. These questions concern the system mani-
festation of stress, the end result of mechanistic regulatory processes 
and the general phenomenological “design pattern” that is empirically 
observed. An important question concerns constraints and limita-
tions: to what extent and under what conditions can the function—
adaptive coping with challenge—be achieved, translating to 
computability and complexity. Further, the control systems perspec-
tive on stress implicating regulatory feedback and feed-forward 
mechanisms, putative proportional, integral and derivative control-
lers, solutions to regulatory trade-offs and similar mechanistic system 
architecture questions concern the algorithm-level explanation at the 
level 2. Finally, physiological mechanisms of stress including HPA 
axis, autonomic arousal, neurochemical and hormonal signaling, 
metabolic shifts and immune modulation represent the physical 
implementation (physiological realization) at the level 3. Following 
Marr, we posit that any exhaustive mechanistic understanding of a 
complex physiological phenomenon or system requires all three 
levels of analysis. For biological systems, the Marr’s levels of analysis 
correspond to the account for mechanism according to the Tinbergen’s 
four questions framework (226). Then, it should be complemented 
by answering the remaining Tinbergen’s questions: biological adap-
tive function (linked also with Marr’s level 1), ontogeny and phylogeny.
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