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ABSTRACT 

This chapter analyzes and discusses one of the most important uses of information in the 

biological world: decision-making. I will first present a fundamental principle introduced by 

Darwin, the idea of an Òeconomy of nature,Ó by which decision-making can be understood. 

Following this principle, I then argue that biological decision-making should be construed as 

goal-oriented, value-based information processing. I propose a value-based account of neural 

information, where information is primarily economic and relative to goal achievement. If living 

beings (I focus here on animals) are biological decision-makers, we may expect that their 

behavior would be coherent with the pursuit of certain goals (either ultimate or instrumental) and 

that their behavioral control mechanisms would be endowed with goal-directed and valuation 

mechanisms. These expectations, I argue, are supported by behavioral ecology and decision 

neuroscience. Together, they provide a rich, biological account of decision-making that should be 

integrated in a wider concept of Ônatural rationalityÕ.  

 

KEYWORDS: decision-making, rationality, optimization, utility, behavioral ecology, 
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DECISION-MAKING IN THE ECONOMY OF NATURE: VALUE AS INFORMATION 

 

All organic beings are striving to seize on each place in the economy of nature 

- Darwin, 1859, p. 90 

1. INTRODUCTION 

Cognition, to use Reuven DukasÕs formula, is the set of Òneuronal processes concerned 

with the acquisition, retention, and use of informationÓ. Decision-making is one of the principal 

use of that information (Dukas, 2004, p. 347). Classically, decision-making is not a topic of 

discussion in biology and philosophy of biology. The analysis and study of decision-making is 

usually left to philosophy of mind, economics and psychology (see Hardy-VallŽe, 2007 and 

forthcoming). Philosophers are mostly concerned with the normative features of decisions, that is, 

what makes a decision rational or not. In philosophy of mind, the standard conception of 

decision-making equates deciding and forming an intention before an action (Audi, 2001; 

Davidson, 1980; Searle, 2001). According to a different analysis, this intention can be equivalent 

to, inferred from, or accompanied by, desires and beliefs. If desires are represented as utilities, 

and beliefs as probabilities, then decisions can be represented by rational-choice theory (RCT) 

models. The two branches of RCT, decision theory and game theory, formalize the logical 

relationships between reasons. RCT specifies the formal constraints on optimal decision-making 

in individual and interactive contexts. Rational agents select actions that have the higher 

subjective expected utility (obtained by multiplying probabilities and utilities) and select 

equilibrium strategies, i.e., n-tuples of states where no player has an advantage to deviate from 

(see Baron, 2000, for an introduction). RCT is also a framework for building predictive models of 

choice behavior: which lottery an agent would select, whether an agent would cooperate or not in 
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a prisonerÕs dilemma, etc. Experimental economics, behavioral economics, cognitive science and 

psychology (I will refer to these disciplines broadly as ÔpsychologyÕ) use this model to study how 

subjects make decisions and which mechanisms they rely on for choosing. These patterns of 

inference can then be compared with rational-choice theory (Camerer, 2000; Kahneman & 

Tversky, 1979, 1991, 2000; Thaler, 1980).  

Standard philosophical, economic, and psychological analyses of decision-making 

implicitly or explicitly adopt what could be called a ÔcogitativeÕ conception. On this account, 

decision-making is a high-level, explicit, and deliberative process analogous to reasoning. 

Philosophers explain decisions as inferential transitions between propositional attitudes. These 

transitions canÑ at least in theoryÑ be made explicit. As Davidson explains: ÒIf someone acts 

with an intention then he must have attitudes and beliefs from which, had he been aware of them 

and had he the time, he could have reasoned that his act was desirableÓ (Davidson, 1980, p. 85).  

Economists and rational-choice theorists represent agents as Homo Economicus: all their 

preferences are transitive and they select actions by computing probabilities and utilities. In a 

game-theoretic context, thanks to common knowledge of rationality and backward induction, 

they infer the equilibrium strategy and act upon it. Psychological research also clearly assumes 

that deciding is an explicit, Òhigh-level processÓ (Johnson-Laird & Shafir, 1993, p. 1); decisions 

are Òreached by focusing on reasons that justify the selection of one option over anotherÓ (Shafir 

et al., 1993, p. 34). The fact that it is studied mostly by multiple-choice tests using paper and pen 

illustrates well how decisions are conceived in psychology: subjectsÕ decision-making 

competence is supposedly revealed by questionnaires on probabilistic reasoning. Consequently, it 

is not surprising that decision-making does not stimulate many debates or research in biology and 

philosophy of biology: it is not construed as a biologically significant capacity. It compares to 
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chess-playing: an occasional activity made possible by uniquely human, high-level cognitive 

capacities.  

I would like to suggest here that, contrary to common wisdom, decision-making is not 

specifically human, but rather a behavioral control scheme typically found in animals endowed 

with sensory, motor and control apparatuses, and more specifically brainy animals (craniates, 

arthropods and cephalopods). There are of course some decisions that will fall outside the scope 

of this analysis: some, because they involve multi-agent coordination (e.g jury decision-making, 

institutional processes), and others, for instance in ethical or scientific context, because they 

appeal to our theoretical rationality. Humans have, for instance, to ponder the justification of a 

moral claim or the soundness of an inference in interpreting an experiment; in doing so, they 

donÕtÑ or not onlyÑ make use of their practical rationality (what to do) but their theoretical 

rationality (what to believe). I am not therefore making the bold claim that all types of decision 

are present in humans and animals, but that humans and animals share many decision-making 

mechanisms. Consequently, some mechanisms are not shared: for instance, language, and all the 

cognitive enhancements it affords (recursivity, communication, abstraction, etc) is a properly 

human mechanism. Language recruits sensorimotor faculties common in primates, but the 

complex organization of these faculties is uniquely human (Hauser, Chomsky & Fitch 2002). I 

will be thus be interested in natural rationality, i.e., the practical competences shared by human 

and animals, and not theoretical rationality, afforded by language and human complex sociality.  

Neurobiologists interested in the neural basis of decision-making recently begin to use a 

continuist concept of decision-making by . They labeled Ôbiological decision-makingÕ their object 

of study (Glimcher, 2003; Montague et al., 2006; Montague & Quartz, 1999; see also Gintis, 

2007 for a similar construal of decision-making). Without explicitly defining the term, their 
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research and methodology clearly show that they attempt to identify the structures and 

mechanisms that animals employ in the valuation, selection, and attainment of certain goals. 

Glimcher, for instance, argues that Òfundamental features of decision making are common to 

many speciesÓ (Glimcher & Rustichini, 2004). Risk-aversion, for instance, can be found in 

human and birds; given that birds and humans share a common reptilian ancestor, a risk-averse 

utility function might be Òan efficient and evolved feature of vertebrate choiceÓ. Thus the epithet 

ÔbiologicalÕ indicates that they inquire into a natural phenomenonÑ as opposed to the ideal-agent 

models of rational-choice theoristsÑ and that they analyze primarily its biological substrate, not 

its logico-linguistic structure. Belief-desire-intention reasoning would not then be core of 

decision-making, but a uniquely human implementation of it.  

My aim in this chapter is to analyze the concept of biological decision-making along these 

lines, to show its theoretical ramifications with neuro- and evolutionary biology and how it 

should affect our understanding of a variety of biological information, i.e., neural information. I 

define biological decision-making as goal-oriented, value-based information-processing1. This 

concept, I suggest, should be understood in a wider theoretical framework initiated by Darwin, 

that of the Òeconomy-of-natureÓ. This framework (section 2) applies the concepts and tools of 

economics to the living world. It states that living beings try to make optimal choices and that 

evolution endowed them with a certain proficiency in selecting, valuing and achieving goals. I 

suggest that these considerations make the case for a value- value-based account of neural 

information (section 3). While most conceptions of intentional (ÒcognitiveÓ) information are 

usually value-neutral, I suggest that neural information-processing is primarily evaluative, i.e. 

neural information-processing is, at its basis, concerned with cost-benefits computations. The 

economy-of-nature is, among others, a methodological principle for building models of animals 
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as maximizers of scarce resources and models of their brains as economic decision-making 

organs. Biological decision-making requires goals (section 4) and values (section 5). I describe 

how behavioral ecology and neuroeconomics support the idea that biological agents are goal-

oriented, value-based information processors. I conclude with remarks on rationality and 

biological decision-making (section 6). 

2. THE ECONOMY OF NATURE  

2.1 A Darwinian Economy 

Needless to say, DarwinÕs theory of descent with modification was a true conceptual 

revolution (Darwin, 1859). It provided a general mechanism to explain the diversity and 

adaptivity of living beingsÑ natural selectionÑ and a guiding principle for organizing the mass of 

facts about them, the tree of life (see Dennett, 1995; Gayon, 2003; Thagard, 1992, chapter 6). In 

recalling how this idea had come to his mind, Darwin wrote that he was trying to solve one 

problem: why plants and animals sharing a common ancestry end up to be so different? Because 

Òthe modified offspring of all dominant and increasing forms tend to become adapted to many 

and highly diversified places in the economy of natureÓ (Darwin, 1887, p. 84).  

Darwin repeatedly uses the expression Òeconomy of natureÓ in The Origin of Species and 

other writings. He was not the first to conceive nature as an economy, although he was among the 

first to suggest an explicit similarity between natural and political economy. Before Darwin, the 

idea of nature as an economy had no particular application to human economic practices. In The 

Sacred Theory of The Earth, theologian Thomas Burnet referred to the ÒOeconomy of natureÓ as 

the Òwell ordering of the great Family of living CreaturesÓ an order of divine origin (Burnet, [ca. 

1692]1965, II, x). Swedish naturalist Carl Linnaeus, in his Specimen Academicum de Oeconomia 



Decision-Making 8  

Naturae, construed this divine order as being self-organized, exhibiting a balance of births and 

deaths, a complementarity between the function and purpose of life forms (Hestmark, 2000; 

Linnaeus, 1751). Adam Smith recognized the unity of this economy, where all living forms strive 

for Òself-preservation, and the propagation of the speciesÓ (Smith, [1759] 2002, p. 90). Lyell, in 

his Principle of Geology, describes how the involuntary agency of human and other animals 

Òcontribute to extend or limit the geographical range and numbers of certain species, in obedience 

to general rules in the economy of natureÓ (Lyell, [1830-33]1853, p. 664). Where Linnaeus saw a 

clockwork organization, Lyell saw a dynamic equilibrium. Thus, from natural theology to 

geology, the economy of nature referred to the complex organization of the universe  (Bowler, 

1976; Ghiselin, 1978, 1995, 1999; Hammerstein & Hagen, 2005; Hodgson, 2001; Schabas, 2005. 

With Darwin, natural economy began to be understood using the conceptual tools of political 

economy. The division of labor, competition (ÒstruggleÓ in DarwinÕs words), trading, cost, the 

accumulation of innovations, the emergence of complex order from unintentional individual 

actions, the scarcity of resources and the geometric growth of populations are ideas borrowed 

from Adam Smith, Thomas Malthus, David Hume and other founders of modern economics. 

Thus, the economy of nature ceased to be an abstract representation of the universe and became a 

depiction of the complex web of interactions between biological individuals, species and their 

environmentÑ in short, the subject matter of ecology. Consequently, DarwinÕs main contributions 

are his transforming biology into a historical scienceÑ like geologyÑ and into an economic 

science (Ghiselin, 1999, p. 7; see also Hirshleifer, 1978). I will here be interested in the second 

contribution, and how it should shape our conception of information-processing.  

In this perspective, the representation of nature as an economy is not a new theory of 

nature, for it is not a body of structured knowledge about phenomena and their cause. Neither is it 
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an a priori truth, an unfalsifiable proposition, a law of nature or a mechanism. More precisely, I 

suggest, it is a principleÑ in the sense employed by model-based science theoreticiansÑ for 

building models  (Cartwright, 1989; Giere, 2004; Morgan & Morrison, 1999). Principles are 

background assumptions, or ÒtemplatesÓ for building models. Scientific models, as the idea is 

employed here, are simplified representations of complex phenomena used as mediators between 

principles on one side and data on the other. The principle of the economy-of-nature is, in 

biology, analogous to the principles of thermodynamic in physics: these general statements cum 

specific conditions allow scientists to work out a representation of a physical process such as heat 

dissipation in a gasoline engine. Similarly, the general principle of an economy of nature cum 

specific details about an animal (ecology, needs, physical constitution) allows biologists to build 

simplified models of animal behavior.  

2.2 Biological Decision-Making 

I take the economy-of-nature principle to be a refinement of the natural selection 

principle: while it describes general features of the biosphere, it puts emphasis on the intersection 

between individual biographies and natural selection, especially in regard to decision-making. On 

the one hand, the decisions biological individuals make increase or decrease their fitness; 

therefore, good decision-makers are more likely to propagate their genes. On the other hand, 

natural selection is likely to favor good decision-makers and to get rid of bad decision-makers. 

Thus biological decision-making is a central concept for models based on the economy-of-nature 

principle. It is not, however, equivalent to fitness maximization. It is rather one of the means by 

which biological agents attemptÑ but may failÑ to maximize their fitness. They maximize their 

fitness when they generate copies of their own genes or through their life-history strategies, not 

when they catch a fish or climb a tree.  
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 Biological agents do not choose to become sexually mature at a particular age or to invest 

a large part of their caloric intake in reproduction. Most of these traits are chosen by natural 

selection and unfold in an entire lifetime. What agents do choose, however, is to mate with this 

particular partner, run from this predator, eat this particular prey, etc. Even when partner 

preferences are fixed by natural selection, the explanation of the fact that they choose this 

particular one refers the individualÕs own internal mechanisms. Natural selection may be able 

choose which type of food or partner a biological agent will seek, but not which token. As 

Richard Dawkins puts it,Ò[g]enes are the primary policy-makers; brains are the executivesÓ 

(Dawkins, 1976, p. 59). It is therefore more appropriate to see organisms as Òadaptation 

executorsÓ, not fitness-maximizers (Tooby & Cosmides, 2005, p. 14)Ñ although it is likely that 

executing adaptations, in the appropriate environment, usually leads to fitness-maximization.  

In this framework, a biological decision-maker is any agent who can control its behavior. 

More precisely, in order to have genuine control over its behavior, an agent must possess control 

mechanisms, that is, internal structures that process sensory information and motor commands. It 

is meaningful to talk of individual decision-making when information-processing mechanisms 

are among the proximal causes of choice behavior, for otherwise it cannot be considered as a 

decision. A flame or a water drop does not decide to go up or down, because their ÒbehaviorÓ is 

not driven by some information it might have about its internal or external environment.  

Moreover, we do not consider that a flame or a water drop decides because it lacks two 

important features: goal-orientation and valuation. In the two following sections, I argue that 

these two concepts are fundamental to the understanding of biological decision-making and that 

taking brainy animals as implementing goal-oriented, value-based  information-processing 

wasÑ and still isÑ successful for revealing their decision-making mechanisms. This suggests that 
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one of the most basic ways to be informed about X is to know the value of X for the attainment of 

a goal. I shall therefore precise first my account of value-based information (section 3), and then 

show that goal-orientation (section 4) and valuation (section 5) mechanisms shared by humans 

and animals shed light on the nature of biological decision-making and natural rationality (section 

6).  

3. THE NATURAL ECONOMICS OF INFORMATION 

Biological agents have two fundamental imperatives: survival and reproduction. They 

need not be aware of these necessities, but if their decisions never achieve some degree of 

success in these two matters, natural selection will easily discard them. Biological decision-

making is therefore oriented toward certain goals. The goals can be survival and reproduction per 

se, instrumental goals that allow individuals to survive and reproduce, instrumental goals that 

once served survival and reproduction, or goals that are achieved thanks to mechanisms that once 

served survival and reproduction. (Of course, many goals can be irrelevant for survival, but I will 

focus here on adaptive ones). There are at least three ways of being goal-oriented: decision 

policies can be goal-achieving, goal-seeking, or goal-directed (McFarland & Bšsser, 1993, 

although I follow loosely their definitions. A system implements goal-achieving control when it 

can either recognize the goal or change its behavior when the goal is achieved (whether the goal 

is represented or not, and sought or not), goal-seeking control when it is able to reach a goal 

(without necessarily having a representation of the goal), and goal-directed control when it 

entertains an explicit representation of the goal. These three control schemes can be thought of as 

a nested hierarchy of functions. An extremely simple system may have a goal built in, without 

any representation of it and without actively seeking it: when variable V reaches a certain limit, 

do A. Thus the system does not represent anything, does not seek anything, but is able to 
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recognize a goal. Another, more complex system, may have control and monitoring mechanisms 

by which it actively performs and assesses its actions so that it can see to it that variable V 

reaches a certain limit. Thus the system seeks, but yet need not to have a representation of what it 

seeks: servo-mechanisms may be enough. Finally, an even more complex system may entertain a 

representation (either a linguistic representation or a sensorimotor simulation) of V reaching a 

certain limit. Note that some functions might be dissociable: it is always theoretically possible 

that a non-representational system seeks a goal without modifying its behavior once the goal is 

reached (pure goal-seeking) or that representational system do not seek anything and do not 

modify its behavior once the goal is reached (pure goal-direction). I do not take any stance on 

these matters, but will simply say that these functions tend to co-occur in brainy animals, and that 

their performances is non-exclusive. These three functions correspond, however, to significant 

aspect of goal-orientation. In every case, information-processing mechanisms are sensitive to the 

attainment of goals. Without goals, there is no need to make decisions since there are no 

priorities.  

Since biological agents have goals, they cannot be systematically indifferent between 

different courses of actions. Moreover, certain goals are universal and non-negotiable, such as 

finding nutrients. Certain actions facilitate the acquisition of resources, predator avoidance, 

reproduction, etc., while others impede it. In order to choose the proper courses of action, and 

given that energy and information are not free and unlimited, biological agents need to be able to 

ÒcareÓ. In less anthropomorphic terms, it is fair to say that biological agents that strive to survive, 

reproduce or achieve other instrumental goals must ground the selection of actions on devices 

that rank preferences, i.e., on valuation mechanisms. Value, as I will use the term, is the currency 

by which decisions, their performance, outcomes or expected payoffs are compared. It is not 
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synonymous with reward: while the latter refers to an immediate advantage of the outcome of a 

decision, the former is an Òestimate about how much reward (or punishment) will result from a 

decision, both now and into the futureÓ (Montague et al., 2006, p. 419). Valuation mechanisms 

are usually designed to assign a value or a rank to internal states and behaviors with respect to 

their effectiveness in goal achieving or seeking. They assess Òhow goodÓ is the acquisition of a 

resource relatively to a goal, or how good is an action relatively to the attainment of a goal. 

Neural and behavioral model of decision-making should therefore specify the goals sought by 

animals (human or not) and the valuation mechanisms by which internal states and behaviors are 

assessed. This suggests that the primary means of information processing are cost-benefits 

computations and that information in its basic form is inherently value-basedÑ at a certain level 

of organization. I will clarify this immediately.  

LetÕs distinguish first different theories and conceptions of information. Although 

information is a complex notion, a recent effortÑ known as the philosophy of informationÑ to 

clarify its nature recently began to identify the different understandings and their relationships 

(Floridi, 2004a, b). First, information can be said of external (i.e. non-cognitive) structures that 

embody organization. In this sense, information is that which can ÒfightÓ, temporally and locally, 

entropy. This is physical information, either classical (as a pure state) or quantum (as a 

wavefunction. Second, information can be a message that reduces uncertainty: information is the 

vehicle of syntactic communication (Shannon & Weaver 1963). This is syntactic information. 

Since a Turing Machine is a Shannon-style channel of information (Bohan Broderick, 2004), any 

computational device is also a syntactic information-processing device. Individual neurons, for 

instance, implement information-processing capacities (Koch & Segev 2000; Eliasmith & 

Anderson, 2003). Thus one can talk of neural information as a ÒwetÓ form of syntactic 
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information. A related concept, specific to living beings, is genetic information  (Maynard Smith, 

2000; Mameli, 2005). Our DNA stores syntactic information that, once interpreted and 

modulated by developmental processes, environmental pressures and epistatic interactions 

(between genes) actively participate in the construction and maintenance of our bodies (this 

information was once referred to as a ÒblueprintÓ, but since the advent of developmental biology, 

it is more adequate to speak of genes as an important contributor (together with the environment) 

in gene expression rather than the Òmaster codeÓ). Information can also be intentional, in the 

philosophical sense of being about something: assertions, thoughts, and other mental and non-

mental representations (pictures, maps, etc.) provides non-syntactic information (description or 

indication) about their referent (Dretske, 1981; Millikan, 1984). This information can be true or 

false, and that which makes it true is what it is about: this is semantic information (As we will 

see, I use the word intentional and semantics as non-synonymous because I want to make room 

for another kind of intentional information, and thus making it clear that there might be 

intentional information whose meaning is not primarily descriptive or indexical). Thus, in living 

beings, there is genetic information at the replicator level (the genes), syntactic information at the 

neuronal level, and intentional information at the vehicle level (the whole, situated, agent). 

These forms of information are not completely independent. External patterns (physical 

information) excite sensors that convert energy fluctuations in electric influx (syntactic 

information). These signals are then normalized, amplified, filtered, etc, by neurons (neural 

information/computation), that is, cells whose structure is in large part determined by DNA 

(genetic information). Given certain conditions (left to the theory of representation one 

advocates), a neural structure, i.e., a set of neurons, their connections and spike behaviors can 

conjointly track external structures and thus be about them (Thagard 2007). Hence neural 
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computation, although it is a syntactic process at the neural level, can, at the system level, be 

semantic (the Òsystem levelÓ being the whole brain, inserted in a body, situated in an 

environment). For instance, a research team identified hippocampal cells in the mouse brain that 

selectively fires when the mouse perceives a nest. However the shape, color, odor, location or any 

other physical property of the nest is, these cells are only activated by external structures that may 

fill the role of a nest. Moreover, these nest-responsive cells do not respond to similar stimuli, 

suggesting that the mouse brain can store invariant representations of functional categories (Lin 

et al, 2007). Of course, the complete representation will probably involve other cells; but the 

point is that once all the elements are identified, it is possible to think of a semantic 

representation as distributed pattern or neural information-processing that tracks environmental 

features (functional or not). This intentional information is thought to be primarily semantic, i.e.,  

representational (it provides a proxy of an external feature) and truth-functional (its object is 

what makes it true; if something activates the complex of nest-responsive cells without being a 

nest, then it misrepresents).  I would like to suggest, however, another mode of intentional 

information crucial for biological decision-makers, where the informational content is not 

primarily representational and truth-functional, but evaluative.  Evaluative information is not 

primarily about providing the decision-maker with an indication of, or a better description of, an 

external structure but a better assessment of (1) the worth (cost-benefits) of that structure or (2) 

the worth of an action targeted at a structure.  Evaluative information is intentional because it is 

ultimately about something else, but it is not semantics stricto sensu because it is not primarily 

descriptive or representational. It is more about the ÒfitÓ of a structure or an action in the 

attainment of a goal than about the structure itself. Information construed as such corresponds to 

utility in its most basic sense: the agent-relative appraising of an action or a structure.  
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The gist of a value-based account of intentional information is that neural systems filter 

the flux of stimuli (extero- or proprio-ceptive) primarily in reference with their own interests. 

Efficiency requirements strongly constrain syntactic information-processing: no Buridan's ass 

would live for a long time in nature. Certain behavioral options ought to be preferred. A sine qua 

non of survival and reproduction is a preference for behaviors that lead to energetic resources 

acquisitionÑ life runs on batteries, to use MontagueÕs expression (2006). Energy, however, is 

costly and scarce: one needs to spend some in order to get some. Hence no efficiency, no 

survival, no reproduction. Consequently, evaluative information-processing is the adaptation of 

computational means to survival ends through valuation mechanisms: semantic information thus 

complements, refine or improve evaluative information. This suggests also a reversal in the order 

of explanation.  

Usually, philosophers assume that semantic information is first, and evaluative second. 

Agents allegedly represent their environment (e.g. through perception), then add a particular 

value to some representation: the perceived object is perceived as desirable or likable. As 

Millikan says, Òrepresentations that tell what to do have no utility unless they can combine with 

representations of factsÓ (Millikan 1996, p. 152). What I suggest here is that, evolutionarily and 

conceptually, evaluative information is anterior to semantic information. Brainy animals may be 

able synchronize their neural processing so as to assess the utility of a resource (e.g. food) before 

being able to have any other semantic information about the nature of this food. A sugary taste in 

the mouth does not count as a representation or description of sugary object, but the firing of 

reward centers in the brain elicited by sugar constitute intentional, non-representational, non-

semantics information about the sugared objects: the whole agent is informed that something may 

be helpful in survival. It is possible that the taste is elicited by another product that mimics sugar, 

but since this information is not semantic and truth-functional, there this no alethic criteria (e.g. 
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truth) constitutive of the intentional nature of evaluative information. Evaluative information can 

be wrong, but only in complex animals able to mispredict their future valuation, or to deceive 

themselves.  

Hence I am not saying that and undifferentiated evaluative and semantic information may 

be prior, but that evaluative information, in the world of biological decision-makers, is primary. 

We should explain evaluative information first, then show how semantic information (when there 

is some) figure in this account. For instance, we should not explain first the content of the mouse 

representations of nest (semantic information) and then look for its use in decision-making, but 

rather start with explaining nest-related decision-making (goals-orientation and valuation 

mechanisms) and then see how semantic information about nests figures in this explanation. 

Starting with the representational to explain the intentional is what Brandom (2000) called the 

Platonist order of explanation: explaining the use of representations in terms of their content.  

What I put forth here is a pragmatic order of explanation, a naturalistic version of BrandomÕs: 

starting with the use (construed as primary intentionality) to explain the content, with the 

evaluative to explain the semantics.  

To sum up: genetic information, together with other factors in development, contributes to 

building and maintaining living beings. Those endowed with brains also process syntactic 

information, in the form of signal transformation. Properly organized, distributed patterns of 

neurobiological computation can process intentional information, i.e., providing information 

about something else. Intentional information can be either semantics (descriptive or indexical) or 

evaluative (about the utility of a structure or of an action). Evaluative information-processing 

(goal-oriented and value-based) is a basic requirement for survival and reproduction because it is 

the basis of biological decision-making, a fundamental features of agents in the economy of 

nature.  
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4. GOAL-ORIENTATION: BEHAVIOR AND MECHANISMS 

4.1 Economic Goals 

Behavioral ecology  (Krebs & Davies, 1997; Pianka, 2000) models animals as economic 

agents that achieve ultimate goals (survival and reproduction) through instrumental ones (partner 

selection, food acquisition and consumption, etc.). Even though behavioral ecologists claim to 

study fitness-maximizing behaviors, as pointed out as by White and Crawford, they Òalmost 

always ignore the number of offspring produced and study, instead, how a particular adaptation 

contributes to some fitness proxy, for example, net energy intake rateÓ (White et al., 2007, p. 

276). Optimal foraging theory thus represents foraging as a maximization of net caloric intake. 

With general principles derived from microeconomics, optimization theory and control theory, 

coupled with information about the physical constitution and ecological niche of the predator, it 

is possible to predict what kind of prey and patch an animal will favor, given certain costs such as 

search, identification, procurement, and handling costs. Optimal foraging theory (OFT), as their 

founders suggested, tries to determine Òwhich patches a species would feed on and which items 

would form its diet if the species acted in the most economical fashionÓ (MacArthur & Pianka, 

1966, p. 603). OFT primarily models animals as efficient goal-seekers and goal-achievers: they 

engage and succeed in searching nutrients. 

OFT modeling thus incorporates agents, their choices, the currency to be maximized 

(most of the time a caloric gain) and a set of constraints. Most researches study where to forage 

(patch choice), what to forage (prey choice) and for how long (optimal time allocation). It is 

supposed that the individual animal makes a series of decisions in order to solve a problem of 

sequential optimization. An animal looking for nutrients must maximize its caloric intake while 

taking into account those spent in seeking and capturing its prey. To this problem one must also 
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add, among others, the frequency of prey encounter, the time devoted to research and the calories 

each prey type affords. All these parameters can be represented by a set of equations from which 

numerical methods such as dynamic programming allow biologists to derive algorithms that an 

optimal forager would implement in order to maximize the caloric intake. These algorithms are 

then used to predict an animalÕs behavior. Mathematically speaking, OFT is the translation of 

decision theory axiomsÑ together with many auxiliary hypothesesÑ into tractable calories-

maximization algorithms. 

Economic models of animal behavior have succeeded in explanation and prediction. For 

example, such models can predict how birds split their time between defending a territory and 

foraging  (Kacelnik et al., 1981), or between singing and foraging  (Thomas, 1999). In their meta-

analysis, Sih and Christensen (2001) re-examined 134 foraging studies in laboratory and natural 

contextÑ experimental and observationalÑ and concluded that, although predictive success is not 

perfect, the predictivity of the theory is relatively high when prey are motionless (the prey can be 

a plant, seeds, honey, etc). 

Interactive contexts are aptly modeled by game theory, mainly social foraging, fighting 

and predatory-preys relations  (Dugatkin & Reeve, 1998; Hansen, 1986; Lima, 2002). For 

example, a model of Vickery et al (1991) predicted that the co-occurrence of three social 

foraging strategies, PRODUCER (gathering nutrients) SCROUNGER (stealing nutrients) and 

OPPORTUNIST (switching between PRODUCER and SCROUNGER) occurs only in the very improbable 

case where the losses opportunists would incur while foraging would be exactly equivalent to the 

profit of stealing. The model, however, predicts certain distributions of pairs of strategies that 

constitute evolutionary stable strategies (ESS), that is, a strategy that cannot be invaded by any 

alternative competing strategy. The proportion of food patch shared by SCROUNGERS, the size of 
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the group and the degree of compatibility between the SCROUNGER and PRODUCER strategy (i.e., if 

it is easy for the animal to perform both activities) determine the distribution of the strategies in a 

populationÑ a conclusion that was also confirmed, inter alia, in birds (Lonchura punctulata, cf. 

Mottley & Giraldeau, 2000). As predicted by the model, the PRODUCER strategy becomes less 

common when the cost of individual foraging increases.  

Recently, behavioral ecologists found that animals could also be modeled as traders in 

biological markets. Obviously, biological markets do not have symbolic and conventional 

currency systems, but many interactions between animals are repeated exchanges that institute 

currencies and market prices. As soon as agents are able to provide commodities for mutual 

profit, the competition for obtaining commodities creates a higher bid. Animals seek and select 

partners according to the principle of supply and demand in interspecific mutualism, mate 

selection, and intraspecific co-operation. An example of the last type is the cleaning market 

instituated by Hipposcarus harid fishes and cleaners-fishes Labroides dimidiatus. The 

ÒcustomersÓ (Hipposcarus) use the services of the cleaner to have its parasites removed, whereas 

the cleaners occasionally cheat and eat the healthy tissues of its customers. Since the cleaners 

offer a service that cannot be found elsewhere, they benefit from a certain economic advantage. A 

customer cannot choose to be exploited or not, whereas the cleaner chooses to cooperate or not 

(thus the payoffs are asymmetric). The customerÑ a predator fish that could eat the cleanerÑ

abstains from consuming the cleaner in the majority of the cases, given the reciprocal advantage. 

Bshary and Schaffer (2002) observed that cleaners spend more time with occasional customers 

than with regular ones and fight for them, since occasional customers are easier to exploit. All 

this makes perfect economic sense. 
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Does this bioeconomic logic applies to human being as well? In part, yes. Human behavioral 

ecology models agents as optimal foragers subject to a multitude of constraints. Given available 

resources in the environment of a community, one can generate a model that predicts the optimal 

allocation of resources. These models are of course more complex than animal ones since they 

integrate social parameters like local habits, technology or economic structures. For instance, 

models of human foraging were able to explain differences in foraging style between tribes in the 

Amazonia, given the distance to be traversed and the technology used (Hames & Vickers, 1982. 

Food sharing, labor division between men and women, agricultural cultures and even Internet 

browsing (where the commodity is information) can be modeled by human behavioral ecology  

(Jochim, 1988; Kaplan et al., 1984; Pirolli & Card, 1999). However,  as mentioned above, 

humans often base their decision on theoretical rationality, i.e., capacities afforded by linguistic 

competence and hyper-sociality, and thus there is a sense in which certain important decisions 

fall outside the scope of the current analysis, since they rely on mechanisms unavailable to other 

animals. My focus, therefore, is on the shared mechanisms.  

4.2 Goals, Behavior and Dopaminergic Information-Processing 

While behavioral ecology supports the idea that animals pursue ultimate goals (survival 

and reproduction) and instrumental ones (e.g., prey and patch choice), it remains silent on the 

actual implementation of goal-orientation. Research in neuroeconomicsÑ the study of the neural 

mechanisms of decision-making  (Glimcher, 2003; McCabe, 2005; Zak, 2004)Ñ suggests that 

much of goal-oriented neural computation is realized by midbrain dopaminergic systems activity 

(Egelman et al., 1998; Frank & Claus, 2006; McCoy & Platt, 2005; Montague & Berns, 2002; 

Montague et al., 2004; Niv et al., 2006). Dopaminergic neurons are subcortical neural structures 

that modulate cortical activity by both neurotransmission and neuromodulation (through 
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modulation of neurotransmission). Through four different pathways (see fig. 1), dopaminergic 

neurons interact with emotive and cognitive brain areas. Synthesized in the ventral tegmental area 

(VTA, see fig. 1, right), dopamine is sent to other areas through VTA axons. 

Neuroscience has revealed their role in working memory, motivation, learning, decision-

making planning and motor control and how their dysfunctions cause many decision-making 

pathologies  (Morris et al., 2006 ; Redish, 2004; Schultz, 2001; Williams & Dayan, 2005). For 

instance, hyperdopaminergia is involved in pathologies where the focus of attention is 

exaggerated: schizophrenia, attention deficit hyperactivity disorder, addiction and obsessive-

compulsive behavior. Hypodopaminergia is involved in pathologies of motor control such as 

Parkinson and dystonias: the patient is impaired in her ability to execute intentional movements. 

Thus the right amount of dopaminergic activity is required for focusing adequately on goals. 

  

Figure 1 Left: Dopaminergic pathways. Right: VTA projections (from: brain.mcgill.ca) 

 

Following the distinctions I outlined above between goal-seeking, goal-achieving and 

goal-orientation, I will suggest how dopaminergic mechanisms are involved in all three 

activities.  
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Motivation and goal-seeking 

Motivation mechanisms are goal-seeking mechanisms par excellence: it is not necessary 

to picture what oneÕs dinner will look like in order to find something to eat. A readiness to invest 

in effort that could lead to nutrients is sufficient. A clear dissociation has been shown between 

motivation and hedonic impact, often referred to as ÔwantingÕ vs. ÔlikingÕ (Berridge & Robinson, 

1998; Pecina et al., 2003; apostrophes indicate that these concepts are not equivalent to folk-

psychological constructs). Hyperdoparminergic animals become highly motivated in acquiring 

certain resources such as food (ÔwantingÕ), but they do not display orofacial signs of a higher 

ÔlikingÕ. Like drug addicts, their dopaminergic neurons over-motivate them to acquire certain 

rewards, and hence these animals are highly motivated even if their ÔlikingÕ does not increase 

(Berridge, 2003a). Conversely, the behaviors of hypodopaminergic animals show that they still 

enjoy sucroseÕs taste (they will pass their tongue over their lips, for instance), but they are not 

motivated in acquiring some. Dopaminergic mechanisms attribute Ôincentive salienceÕ to certain 

cues that, in return, trigger approach behaviors. Beside food or sex, dopaminergic mechanisms 

also drive individuals to acquire more abstract stimuli like art, money, trust or revenge  (King-

Casas et al., 2005; Lohrenz et al., 2007; Montague et al., 2006, p. 420; Singer et al., 2006). All 

sources of reward rely on dopaminergic mechanisms.  

 

Prediction errors and goal achieving 

Goal-achieving control is realized through mechanisms that detect whether or not a goal is 

reached, i.e. if things are better, worse, or just as planned. This is exactly what dopaminergic 

neurons do: they broadcast, in different brain areas, a reward-prediction error signal whenever an 
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unexpected reward or the absence of an expected reward is detected. Moreover, they learn from 

their mistake: from a series of prediction errors they learn to predict future rewards.  

Computational neuroscience identified a class of reinforcement-learning algorithms that 

mirrors the activity of dopaminergic neurons: temporal-difference (TD) learning algorithms  (Niv 

et al., 2005; Suri & Schultz, 2001; Sutton & Barto, 1987, 1998). In its simplest form, a TD model 

uses sensory inputs to predict a discounted sum of all future rewards. The difference between 

successive reward predictions is computed and constitutes an error signal. A learning rule then 

updates a value functionÑ a function that maps state-action pairs to numerical valuesÑ according 

to the prediction error signals. In Actor-Critic architectures (a variety of TD method), the error 

signal also updates a behavioral policy. While the value function assesses actions, the policy 

recommends actions based on actual states. Thus if an action produces a high reward, it will be 

highly valuated: the TD-model will predict that the action will lead to such-and-such reward, and 

the policy will favor the selection of this action when the appropriate situation will present itself. 

Whenever an unpredicted reward or absence of predicted reward is detected, the TD algorithm 

will revise its policy and value function  (see Suri, 2002 for details about the neural substrates of 

the Actor and Critic). 

TD-learning algorithms are thus neural mechanisms of decision-making implemented in 

dopaminergic systems. They are not the only ones (many competing processes may interact in 

decision-making), but numerous studies confirm their importance for decision-making 

(Montague, 2006). They are specifically solicited in situations where simple cues wonÕt be 

sufficient, and when values are needed.  
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Cognitive control and goal-orientation 

In certain situations, learned routines or rule-governed representations wonÕt be enough. 

When situations are too different, dangerous, and uncertain or when they require the overcoming 

of a habitual response, decisions must be explicitly guided by representations. The behavior is 

then controlled Ôtop-downÕ, not Ôbottom-upÕ. Acting upon an internal representationÑ instead of 

routinesÑ is referred to, in cognitive science, as cognitive control or executive function (Norman 

& Shallice, 1980; Shallice, 1988). The agent is led by a representation of a goal and will robustly 

readjust its behavior in order to maintain the pursuit of a goal. In the Stroop task, for instance, 

subjects must identify the color of written words such as ÔredÕ, Ôblue' or ÔyellowÕ printed in 

different colors (the word and the ink color do not match). The written word, however, primes the 

subject to focus on the meaning of the word instead of focusing on the inkÕs color. If, for 

instance, the word ÒredÓ is written in yellow ink, subjects will utter ÒredÓ more readily than they 

say ÒyellowÓ. There is a cognitive conflict between the semantic priming induced by the word 

and the imperative to focus on the inkÕs color. In this task, cognitive control mechanisms ought to 

give priority to goals in working memory (naming ink color) over external affordances (semantic 

priming). An extreme lack of cognitive control is exemplified in subjects who suffer from 

Òenvironmental dependency syndromeÓ (Lhermitte, 1986): they will spontaneously do what their 

environment indicates of affords them. For instance, they will sit on a chair whenever they see 

one, or undress and get into a bed whenever they are in presence of a bed (even if itÕs not in a 

bedroom).  

Cognitive control is thought to happen mostly in the prefrontal cortex (PFC), an area 

strongly innervated by midbrain dopaminergic fibers  (Duncan, 1986; Koechlin et al., 2003; 



Decision-Making 26  

Miller & Cohen, 2001; OÕReilly, 2006). Prefrontal areas activity is associated with maintenance 

and updating of cognitive representations of goals. Moreover, impairment of these areas results in 

executive control deficits (such as the environmental dependency syndrome). Since working 

memory is limited, however, agents cannot hold everything in their prefrontal areas. Thus the 

brain faces a tradeoff between attending to environmental stimuli (that may reveal rewards or 

danger, for instance) and maintaining representation of goals, viz. the tradeoff between rapid 

updating and active maintenance (OÕReilly, 2006). Efficiency requires brains to focus on 

relevant information and again, dopaminergic systems are involved in this process. A good deal 

of research suggests that dopaminergic activity implements a ÔgatingÕ mechanism, by which the 

PFC alternates between rapid updating and active maintenance  (Montague et al., 2004; 

O'Donnell, 2003; OÕReilly, 2006). A higher level of dopamine in prefrontal area signals the need 

to rapidly update goals in working memory (Ôopening the gateÕ), while a lower level induces 

resistance to afferent signals and thus a focus on represented goals (Ôshutting the gateÕ). Hence 

dopaminergic neurons select which information (goal representation or external environment) is 

worth paying attention to. 

Dopaminergic systems are one of the most common mechanisms of biological decision-

making in the economy of nature. For instance, TD models closely mimic human, ape, and 

honeybees choice behavior under uncertainty  (Egelman et al., 1998; Glimcher et al., 2005; 

Montague et al., 1995); even fruit flies rely on dopaminergic systems to make decisions (Zhang et 

al., 2007). These systems achieve goal-seeking (motivation, incentive salience), goal-achieving 

(the reward-prediction error signal), and goal-orientation (gating).  
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5. VALUE AND VALUATION MECHANISMS 

Valuation is the process by which a system maps an object, property or event X on to a 

value space, and a valuation mechanism as the device implementing the matching between X and 

the value space. I do not mean that values need to be explicitly represented as a space: by 

valuation space, I mean an artifact that accounts for the similarity between values by plotting 

each of them as a point in a multidimensional coordinate system. Color spaces, for instance, are 

not conscious representation of colors, but spatial depiction of color similarity along several 

dimensions such as hue, saturation brightness  (Gegenfurtner & Kiper, 2003). And I do not mean 

that valuation first represents objects, then add a value: as section 3 argued, evaluative 

information is prior to semantic information. Valuation and evaluative information are basic 

mode of mind-world interaction that representations may augment and refine.  

The simplest and most common value space has two dimensions: valence (positive or 

negative) and magnitude. Valence distinguishes between things that are liked and things that are 

not. As the precedent section reported, ÔwantingÕ and ÔlikingÕ are dissociated: they tend to 

coincide, but need not. Thus if X has a negative valence, it does not imply that X will be avoided, 

but only that it is disliked. Magnitude encodes the level of liking vs. disliking. Other dimensions 

might be addedÑ temporality (whether X is located in the present, past of future), other- vs. self-

regarding, seeking vs. avoiding, basic vs. complex, for instanceÑ but the core of any value 

system is valence and magnitude, because these two parameters are required to establish 

rankings. To prefer Heaven to Hell, Democrats to Republicans, salad to meat, or sweet to bitter 

involves valence and magnitude.  

Nature endowed many animals (mostly vertebrates) with rapid and intuitive valuation 

mechanisms: emotions  (Bechara & Damasio, 2005; Bechara et al., 1997; Damasio, 1994, 2003; 
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LeDoux, 1996; Naqvi et al., 2006; Panksepp, 1998). Although it is a truism in psychology and 

philosophy of mind and that there is no crisp definition of what emotions are (Faucher & 

Tappolet, 2002; Griffiths, 2004; Russell, 2003), I will consider here that an emotion is any kind 

of neural process whose function is to attribute a valence and a magnitude to something else and 

whose operative mode are somatic markers. Somatic markers are bodily states that ÔmarkÕ 

options as advantageous/disadvantageous, such as skin-conductance, cardiac rhythm, etc  

(Bechara & Damasio, 2005; Damasio, 1994; Damasio et al., 1996). Through learning, bodily 

states become linked to neural representations of the stimuli that brought about these states. 

These neural structures may later reactivate the bodily states or a simulation of these states and 

thereby indicate the valence and magnitude of stimuli. These states may or may not account for 

many legitimate uses of the word ÒemotionsÓ, but they constitute meaningful categories that 

could identify natural kinds (Griffiths, 1997). 

More than irrational passions, affectives states are phylogenetically ancient and adaptively 

significant valuation mechanisms. Since Darwin (1896), many biologists, philosophers and 

psychologists have argued that they have adaptive functions such as focusing attention and 

facilitating communication  (Cosmides & Tooby, 2000; Paul Ekman, 1972; Griffiths, 1997). As 

Antonio Damasio (1994) and his colleagues discovered, subjects impaired in affective processing 

are unable to cope with everyday tasks, such as planning meetings. They lose money, family and 

social status. However, they were completely functional in reasoning or problem-solving tasks. 

Moreover, they did not feel sad for their situation, even if they perfectly understood what ÒsadÓ 

means, and seemed unable to learn from bad experiences. They were unable to use affect to aid in 

decision-making, a hypothesis that entails that in normal subjects, affect does aid in decision-

making. These findings suggest that decision-making needs affect, not as a set of convenient 
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heuristics, but as central information-processing mechanisms. Without affect, it is possible to 

think efficiently, but not to decide efficiently; affective areas, however, are solicited in subjects 

who learn to recognize logical errors  (Houde & Tzourio-Mazoyer, 2003).  

Affects, and especially the so-called ÔbasicÕ or ÔcoreÕ ones such as anger, disgust, liking 

and fear  (Berridge, 2003b; P. Ekman, 1999; Griffiths, 1997; Russell, 2003; Zajonc, 1980) are 

prominent explanatory concepts in neuroeconomics. The study of valuation mechanisms reveals 

how the brain values certain objects (e.g. money), situations (e.g. investment, bargaining) or 

parameters (risk, ambiguity) of an economic nature. Three kinds of mechanisms are typically 

involved in neuroeconomic explanations: 

1. Core affect mechanisms, such as fear (amygdala), disgust (anterior insula) and pleasure 

(nucleus accumbens), encode the magnitude and valence of stimuli.  

2. Monitoring and integration mechanisms (ventromedial/mesial prefrontal, orbitofrontal cortex, 

anterior cingulate cortex) combine different values and memories of values together  

3. Modulation and control mechanisms (prefrontal areas, especially the dorsolateral prefrontal 

cortex), modulate or even override other affect mechanisms.  

Of course, there is no simple mapping between psychological functions and neural 

structures, but cognitive neuroscience assumes a dominance and a certain regularity in functions. 

Disgust does not reduce to insular activation, but anterior insula is significantly involved in the 

physiological, cognitive and behavioral expressions of disgust. There is a bit of simplification 

hereÑ due to the actual state of scienceÑ but enough to do justice to our best theories of brain 

functioning. To put is succinctly, I assume an Òevolutionary mechanistic functionalismÓ, 

according to which there is a many-to-many mapping between cognitive functions (e.g. 
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perception, valuation, emotions, etc.) and neural structures, that these functions are hierarchy of 

mechanisms, and that basic function have been preserved by evolution and re-employed in novel 

domain. Thus a cognitive function may recruit many brain areas, and a brain area (more 

precisely, the set of syntactic computations it implements) may be involved in many cognitive 

(intentional) functions. For instance, social cognition recruits the anterior cingulate cortex, the 

amydala, the prefrontal cortex, the medial temporal lobe, etc. (Lieberman 2007) while the 

dorsolateral prefrontal cortex is involved in motor planning, organization, working memory, 

attention and many executive functions. As Michael Anderson showed (2007a, b), if this 

perspective is not strictly localizationist (one-to-one mapping between function and structure), it 

is not strictly holistic (functional equipotentiality in brain structures). If we adopt an evolutionary 

conception of the brain (as a set of homologies shaped by selection pressures whose function can 

be re-ascribed), then ÒolderÓ brain areas, i.e., shared by common ancestors to all brainy animals 

will likely be redeployed in many cognitive function, and ÒrecentÓ cognitive functions will likely 

be more distributed. As Anderson forcefully argued, both predictions are largely supported by 

neurocience. Language (in humans) recruits many areas (compared to smell), while the amygdala 

is involved in a wide range of cognitive functions (compared to dorsolateral prefrontal cortex).  

I will here review two cases of individual and strategic decision-making and will show 

how affective mechanisms are involved in valuation (the material for this part is partly drawn 

from Hardy-VallŽe, 2007). 

In a study by Knutson et al. 2007, subjects had to choose whether or not they would 

purchase a product (visually presented), and then whether or not they would buy it at a certain 

price. While desirable products caused activation in the nucleus accumbens, activity is detected in 

the insula when the price is seen as exaggerated. If the price is perceived as acceptable, a lower 
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insular activation is detected, but mesial prefrontal structures are more strongly elicited. The 

activation in these areas was a reliable predictor of whether or not subjects would buy the 

product: prefrontal activation predicted purchasing, while insular activation predicted the 

decision of not purchasing. Thus purchasing decision involves a tradeoff, mediated by prefrontal 

areas, between the pleasure of acquiring (elicited in the nucleus accumbens) and the pain of 

purchasing (elicited in the insula). A box of chocolatesÑ a stimulus presented to the subjectsÑ is 

located in the high-magnitude, positive-valence regions of the value space, while the same 

chocolate box priced at $80 is located in the high-magnitude, negative-valence regions of the 

space.  

In the ultimatum game, a ÔproposerÕ makes an offer to a ÔresponderÕ who can either accept 

or refuse the offer. The offer is a split of an amount of money. If the responder accepts, she keeps 

the offered amount while the proposer keeps the difference. If she rejects it, however, both 

players get nothing. Orthodox game theory recommends that proposers offer the smallest possible 

amount, while responders should accept every proposition, but all studies confirm that subjects 

make fair offers (about 40% of the amount) and reject unfair ones (less than 20%; Oosterbeek et 

al., 2004). Brain scans of people playing the ultimatum game indicate that unfair offers trigger, in 

the respondersÕ brains, a Ômoral disgustÕ: the anterior insula is more active when unfair offers are 

proposed, and insular activation is proportional to the degree of unfairness and correlated with the 

decision to reject unfair offers (Sanfey et al., 2003). Moreover, unfair offers are associated with 

greater skin conductance (van 't Wout et al., 2006). Visceral and insular responses occur only 

when the proposer is a human: a computer does not elicit such reactions. Beside the anterior 

insula the dorsolateral prefrontal cortex (DLPFC) is also recruited in the ultimatum). When there 
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is more activity in the anterior insula than in the DLPFC, unfair offers tend to be rejected, while 

they tend to be accepted when DLPFC activation is greater than that of the anterior insula.  

These two experiments illustrate how neuroeconomics might begin to decipher the value 

spaces and how affective mechanisms contribute to valuation. (It should be noted that non-

affective mechanisms also contribute to valuation and that assessing whether these values are 

appropriate and justified may requires a theoretical form or rationality) Although human 

valuation, shaped in large part by the Ògame of giving and asking for reasonsÓ is more complex 

than the simple valence-magnitude space, this Ôneuro-utilitarianÕ framework is useful for 

interpreting imaging and behavioral data: more specifically, we need an explanation for insular 

activation in purchasing and ultimatum decisions, and the most simple and informative, as of 

today, is that it triggers a aversive feeling. More generally, it also reveals that the human value 

space is profoundly social: humans value fairness and reciprocity. Cooperation and altruistic 

punishment (punishing cheaters at a personal cost when the probability of future interactions is 

null), for instance, activate the nucleus accumbens and other pleasure-related areas  (Rilling et al., 

2002; de Quervain et al., 2004). People like to cooperate and make fair offers. Neuroeconomic 

experiments also indicate how value spaces can be similar across species. It is known for instance 

that in humans, losses elicit activity in fear-related areas such as the amygdala  (Naqvi et al., 

2006). Since capuchin monkeyÕs behavior also exhibits loss-aversion (i.e., a greater sensitivity to 

losses than to equivalent gains), behavioral evidence and neural data suggests that the neural 

implementation of loss-aversion in primates shares common valuation mechanisms and 

processing (Chen et al., 2006). The primateÑ and maybe the mammal or even the vertebrateÑ

value space locates resource losses in a particular region.  
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6. CONCLUSION: ON NATURAL RATIONALITY 

In this chapter, I tried to capture the unity of biological decision-making and of evaluative 

information-processing. I argued that it must be understood as entrenched in a richer theoretical 

framework, that of DarwinÕs economy-of-nature. According to this perspective, animals can be 

modeled as economic agents and their control systems can be modeled as economic devices. All 

living beings are thus deciders, strategists, or traders in the economy of reproduction and 

survival. 

When he suggested that nature is an economy, Darwin paved the way for a stronger 

interaction between biology and economics. One of the consequences of a bio-economic 

approach is that decision-making becomes an increasingly important topic. The usual, 

commonsense construal of decision-making suggests that it is inherently tied to human 

characteristics, language in particular. If that is the case, then talk of animal decisions is merely 

metaphorical. However, behavioral ecology showed that animal and human behavior is 

constrained by economic parameters and coherent with the economy-of-nature principle. 

Neuroeconomics suggests that neural processing follows the same logic. Dopaminergic systems 

drive animals to achieve certain goals while affective mechanisms place goals and actions in 

value spaces. Although these systems have been extensively studied in humans, they are not 

peculiar to them. Humans display a unique complexity of goals and values, but this complexity 

relies partly on neural systems shared with many other animals: for instance, the nucleus 

accumbens and the amygdale are common to mammals. Brainy animals evolved an economic 

decision-making organ that allows them to cope with complex situations. As Gintis remarks, the 

complexity and the metabolic cost of central nervous systems co-evolved in vertebrates, which 
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suggests that despite their cost, brains are designed to make adaptive decisions (Gintis, 2007, p. 

3).  

Theoretically, this chapter suggests that the concept of decision-making should be 

analyzed in a manner similar to the analysis given of the concept of cooperation. Nowadays, the 

evolutionary foundations, neural substrates, psychological mechanisms, formal modeling and 

philosophical analyses of cooperation constitute a coherentÑ although not unifiedÑ field of 

inquiry2. The nature of prosocial behavior, from kin selection to animal cooperation to human 

morality, is best understood by adopting a naturalistic stance that highlights both the continuity of 

the phenomenon and the human specificity. Biological decision-making deserves the same 

eclecticism.  

Talking about biological decision-making comes at a certain conceptual price. As many 

philosophers pointed out, whenever one is describing actions and decisions, one is also 

presupposing the rationality of the agent (Davidson, 1980; Dennett, 1987; Popper, 1994). When 

we say that agent A chose X, we suppose that A had reasons, preferences, and so on. The default 

assumption is that preferences and actions are coherent: the first caused the second, and the 

second is justified by the first. The rationality philosophers are referring to, however, is a 

complex cognitive faculty that requires language and propositional attitudes such as beliefs and 

desires. When animals forage their environment, select preys, patches, or mates, no one 

presupposes that they entertain beliefs or desires. There is nonetheless a presupposition that 

Òmuch of the structure of the internal mental operations that inform decisions can be viewed as 

the product of evolution and natural selectionÓ (Real, 1994, p. 4). Thus, to a certain degree, the 

neuronal processes concerned with evaluative information are effective and efficient; otherwise 

natural selection would have discarded them. I shall label these presuppositions, and the 
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mechanisms they might reveal, Ònatural rationalityÓ. Natural rationality is a possibility condition 

for the concept of biological decision-making and the economy-of-nature principle. One needs to 

presuppose that there is a natural excellence in the biosphere before studying decisions and 

constraints, and that evaluative information-processing percolates in all the tree of life. 

More than a logical prerequisite, natural rationality concerns the descriptive and 

normative properties of the mechanisms by which humans and other animals make decisions. 

Most concepts of rationality examine only the descriptive or the normative side, and hence tend 

to describe cognitive/neuronal processes without concern for their optimality, or state ideal 

conditions for rational behavior. For instance, while classical economics considers rational-

choice theory either as a normative theory or a useful fiction, proponents of bounded rationality 

or ecological rationality refuse to characterize decision-making as optimization  (Chase et al., 

1998; Gigerenzer, 2004; Selten, 2001). Others advocate a strong division of labor between 

normative and descriptive projects. For example, Tversky and Kahneman concluded from their 

studies of human bounded rationality that the normative and descriptive accounts of decision-

making are two separate projects that Òcannot be reconciledÓ (Tversky & Kahneman, 1986, p. 

s272). The perspective I suggest here is that we should expect an overlap between normative and 

descriptive theories and that the existence of this overlap is warranted by natural selection. On the 

normative side, we should ask what procedures and mechanisms biological agents should follow 

in order to make effective and efficient decisions given the constraints of the economy of nature. 

On the descriptive side, we must assess whether a procedure succeeds in achieving goals or, 

conversely, what goals could a procedure aim at achieving. If there is no overlap between norms 

and facts, then either norms should be reconceptualized or facts should be scrutinized: it might be 

the case that the norms are unrealistic or that we did not identify the right goal or value.  
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This accounts contrasts with those of philosophers who, like Dennett (1987) or Davidson 

(1984), construe rationality as an idealization and also researchers, like Cosmides and Tooby, 

who preach the elimination of this concept because of its idealized status  (Cosmides & Tooby, 

1994). According to this account, rationality should be conceived not as an a priori postulate in 

economy and philosophy, but as an empirical and multidisciplinary research program. Quine 

once said that Òcreatures inveterately wrong in their inductions have a pathetic but praiseworthy 

tendency to die out before reproducing their kindÓ (Quine, 1969, p. 126). Whether it is true for 

inductions is still open to debate, but I suggest that it clearly applies to decisions. 
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ENDNOTES 

 

1: I am grateful to the editors for the idea of a value-based account of information. 

2: See for instance how neuroscience, game theory, economic, philosophy, psychology and 

evolutionary theory interact in (Fehr & Fischbacher, 2002; Fehr & Fischbacher, 2003; Hauser, 

2006; Penner et al., 2005). 


